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ABSTRACT 

 

Advertising on the internet is growing at the fastest rate of any medium today (Internet 

Advertising Bureau & PwC Advisory Services LLC, 2018, 2019).  However, advertisers are 

struggling with understanding consumers’ preferences and how to effectively reach and relate to 

them.  There is conflicting evidence on the effectiveness and preference of consumers when it 

comes to personalized marketing.  Generation Z is the newest adult cohort and is estimated to 

account for 40 percent of all consumers in the United States (Perlstein, 2017).  However, 

marketers have not started to focus efforts on understanding this cohort’s preferences for online 

advertising in general, and specifically personalized marketing efforts.  Social influence and the 

theory of planned behavior provide insight into how a consumer’s attitudes influence behaviors.  
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The research model was tested using a survey of 471 Generation Z students.  This research study 

contributes to the limited knowledge on the preferences of Generation Z consumers for 

personalized marketing, how non-personalized advertising leads to advertising avoidance and 

brand avoidance, and the resulting effects on brand loyalty, while expanding on existing theories 

of social influence and the theory of planned behavior.    

 

 

 

 

 

 

  



ACTIONS SPEAK LOUDER THAN WORDS 

v 

TABLE OF CONTENTS 

ACKNOWLEDGEMENTS..............................................................................................................i 

ABSTRACT...................................................................................................................................iii  

LIST OF TABLES..........................................................................................................................ix 

LIST OF FIGURES .......................................................................................................................xi 

I. INTRODUCTION........................................................................................................................1 

  Scope and Importance of the Study ..............................................................................................9 

  Summary of Contributions to Theory and Practice ......................................................................9 

  Organization of Dissertation .......................................................................................................10 

II. LITERATURE REVIEW AND HYPOTHESES ...................................................................................11 

  Chapter Introduction....................................................................................................................11 

  Theoretical Foundations……………………………………………………………….……..…11 

 Social Influence Theory………………………………………………………………….11 

      Theory of Planned Behavior ……..……………………………………….…………......17 

      Integrating Social Influence Theory  and Theory of Planned Behavior to Explore Gen 

 Z’s Attitudes and Behaviors Related to Personalized Marketing………………………..23                                              

Literature Review...........................................................................................................................23 

      Social Media Marketing……………………………...…………………..………………24 

      Gen Z, Technology, and Social Media……………………………………..…………....25 

     Personalized Marketing……………………………………………..…………………...26 

      Social Influence……………………………………………………..…………………...31 

      Desire for Personalized Ads/Irritation (Attitude)…………………………..…………....32 

      Online Advertising Avoidance……………………………………………..……………35 

      Brand Avoidance……………………………………………………………..………….43 



ACTIONS SPEAK LOUDER THAN WORDS 

vi 

TABLE OF CONTENTS (CONT.) 

            Summary of Literature Review ……………………………………………..…..……….44 

  Model Development and Hypotheses………………………………....…………………..……44 

      Brand Loyalty…………………………………………………………………..………..48 

      Social Influence and Personalized Marketing…………………………………..……......52 

      Social Influence and Avoidance Behaviors……………………………………..……….54 

      Desire and Irritation Attitudes……………………………………………………..…….55 

      Personalized Marketing Attitudes and Avoidance Behaviors……………….……..……59 

      Irritation and Avoidance Behaviors…………………………………………………..….60 

      Ad and Brand Avoidance……………………………………………………………..….62 

      Avoidance and Brand Loyalty…………………………………………………………...63 

III. METHOD................................................................................................................................64 

  Sample.........................................................................................................................................64 

  Data Collection ...........................................................................................................................64 

  Measures......................................................................................................................................65 

  Control Variables ........................................................................................................................70 

  Data Analysis Procedures ...........................................................................................................70 

      Measurement Model and Scale Development ..................................................................73 

      Model 1 Hypothesis Testing………………………………………………………..……76 

      Model 2 Hypothesis Testing……………………………………………………..………74 

      Methodology Concerns…………………..........................................................................75 

       Common Method Bias………………………………………………….………..75 

        Non-Response Bias................................................................................................75 



ACTIONS SPEAK LOUDER THAN WORDS 

vii 

TABLE OF CONTENTS (CONT.) 

IV. RESULTS……………………………………………………………………………………76 

     Sample Results…………………………………………………………………………….….76 

     Scale Assessments for the Measurement Model………………………...……………………79 

      Common Method Bias………………………………………………….……….……….86 

     Model 1: Multivariate Regression Results………………………...………………………….86 

      Model 1: Advertising Avoidance Results…………………….………………….………87 

      Model 1: Brand Avoidance Results………………………………………..…….………89 

      Model 1: Additional Results………………………………………………..………...….96 

      Model 1: Post-hoc Statistical Power Analysis………………………….…..………...….97 

      Summary Discussion of Multivariate Results and Implications……………….….…..…98 

     Model 2: Structural Equation Modeling Path Analysis……………………………………..100 

 Model Fit……………………………………………………………………...…….…..101 

      Model 2: Tests of Direct Effects Effects……………………………….…………….…108 

      Model 2: Tests of Indirect Effects…………………………………………..……….…108 

      Model 2: Post-Hoc Statistical Analysis………………………………………….….….111 

 Model 2: Tests for Moderation…………………………………………………………112 

      Summary Discussion of Model 2 Results and Implications………………….…….…..118 

V.  DISCUSSION, LIMITATIONS, AND FUTURE RESEARCH………………….………..119 

      Discussion………………………………………………………………………..…...…….119 

      Discussion of Model 1 results……………………………………………………….….119      

 Discussion of Model 2 results…….………………....………………………………….122 

 Practical Implications…………………………………………..……………………….125     



ACTIONS SPEAK LOUDER THAN WORDS 

viii 

TABLE OF CONTENTS (CONT.) 

      Limitations and Future Research……………………...……………….……...……………127 

REFERENCES............................................................................................................................128 

APPENDIX…………………..…………………………………………………………………158 

 Survey Instrument............................................................................................................158 

 Summary of Theoretical and Practical Contributions…………………………………..161 

 Suggested Areas for Future Research…………………………………………………..163 

VITA............................................................................................................................................164



ACTIONS SPEAK LOUDER THAN WORDS 

ix 

 

 

 

LIST OF TABLES 

 

Table                                                                                                                                          Page 

1. Overview of Studies Regarding Social Influence………………….….…………..……….......16 

2. Overview of Studies Regarding Theory of Planned Behavior………..………………..……….22 

3. Overview of Studies Regarding Marketing Personalization……………..………....…………30 

4. Overview of Studies Regarding Advertising Avoidance……………………………..……….42 

5. Overview of Studies Regarding Brand Loyalty………………………………………..……...51 

6. Construct Definitions…………………….……………………………………………..……..67 

7. Data Analysis Procedures………………………………………………………………..……72 

8. Sample Respondent Characteristics………………………………………………….…..……77 

9. Exploratory Factor Analysis Rotated Component Matrix for Model 1……………..………...80 

10. Exploratory Factor Analysis Rotated Component Matrix for Model 1 Cont. …………..…..81 

11. Exploratory Factor Analysis Rotated Component Matrix for Model 1 Cont. ………………82 

12. Exploratory Factor Analysis Rotated Component Matrix for Model 1 Cont.………….……83 

13. Descriptive Statistics, Variable Correlations, and Significance Levels for Model 1…...........84 

14. Descriptive Statistics, Variable Correlations, and Significance Levels for Model 1 Cont......85 

15. Tests of the Multivariate Regression Hypotheses for Model 1………..……..….……...……90 

16. Summary of Model 1 Hypothesis Testing…………………………..……..…….…………..91 

  



ACTIONS SPEAK LOUDER THAN WORDS 

x 

LIST OF TABLES (CONT.) 

17. Summary of Model 1 Cognitive Ad Avoidance Hypothesis Testing………..….………...…92 

18. Summary of Model 1 Reactive Ad Avoidance Hypothesis Testing ..…….……..…………..93 

19. Summary of Model 1 Proactive Hypothesis Testing ……………….…………..……….…..94 

20. Summary of Model 1 Brand Avoidance Hypothesis Testing ………..…….…………..……95 

21. Post-Hoc Statistical Power for Model 1…………………….……………..………...……….97 

22. Standardized Loadings of Measurement Model…………………………………….……...104 

23. Scale Reliability and Validity Statistics………………………………….………….……...105 

24. Descriptive Statistics, Variable Correlations, and Significance Levels Model 2……..........106 

25. Comparison of Confirmatory Factor Analysis with and without Common Latent Factor     

   ………………………………………………………………………………………...………107 

 

26. Tests of the Structural Equation Model Path Hypotheses for Model 2.………….……..….109 

27. Post-Hoc Statistical Power for Model 2………………………………………….………....111 

28. Moderator Variables…………………………………………………………………..........113 

 

 

  



ACTIONS SPEAK LOUDER THAN WORDS 

xi 

 

 

 

LIST OF FIGURES 

 

Figure                                                                                                                                        Page 

1: Models: Theory of Reasoned Action and Theory of Planned Behavior…………..…………19 

2: Online Advertising Avoidance Continuum…………….……………………………………36 

3: Antecedents, Consumer Factors, and Consequences of Advertising Avoidance……………38 

4. Personalized Marketing and Consumer Behavior and Loyalty Framework…………….......47 

5.  Model 1: Alternative Proposed Model with Privacy ………………………………...…….78 

6.  Model 2: Alternative Proposed Model with Privacy ……………………………………..102 

7.  Confirmatory Factor Analysis Measurement Model………………….……………….….103 

8. Reduced Model Showing Significant Pathways for Model 2………………..……………110



ACTIONS SPEAK LOUDER THAN WORDS 

1 

Actions Speak Louder than Words: How Social Influence Affects Gen Z’s Attitude Toward 

Personalized Marketing, Brand Loyalty, Ad Avoidance, and Brand Avoidance Behaviors 

 Digital marketing in the United States has changed dramatically over the last 20 years, 

becoming a fixture of marketers’ budgets.  Fueled by growth in mobile, social, and video 

advertising, digital marketing spending grew from $267 million in 1996 to $107.5 billion in 

2018, surpassing $57.9 billion in just the first six months of 2019 (Internet Advertising Bureau & 

PwC Advisory Services LLC, 2018, 2019).  Social media has become an integral platform that 

consumers use to communicate with each other (consumer-to-consumer) and brands (business-

to-consumer; Peltier, Dahl, & Swan, 2020); digital marketing’s continual growth is due to the 

importance of social media in consumers’ lives (Arli & Dietrich, 2017).  With more than 80% of 

Americans using at least one social media platform, brands and marketers continue to seek ways 

to more effectively engage these consumers online (“CMO survey report,” 2018; Shanahan, 

Tran, & Taylor, 2019; Smith & Anderson, 2018). 

 While marketers need to understand how to improve the effectiveness of digital 

marketing efforts across all consumer groups, it is particularly important to understand marketing 

efforts targeting the newest adult cohort within the United States: Generation Z (Gen Z).  The 

Gen Z cohort represents over 40% of all consumers in the United States and has substantial 

buying power (Perlstein, 2017).  Yet most marketers have been “catching some Zs when it 

comes to an understanding of Gen Z shopping behaviors” (Woo, 2018, para. 4).  Since Gen Z has 

grown up with technology as an integral part of their lives, they prefer the use of mobile devices 

and are less influenced by desktop display ads or email marketing efforts compared to prior 

generations (Turner, 2015).  Social media usage by the Gen Z cohort is particularly noteworthy 

for marketers but is also forcing marketers to evolve their strategies.  Gen Z’s social media 
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environment does not revolve around a single platform as it did just a few years ago (M. 

Anderson & Jiang, 2018).  Compared to other generations, Gen Z is more likely to consider 

social media as the go-to source for product research while using multiple social media 

platforms; yet Gen Z is less likely to use Facebook, which for years has been the dominant social 

media platform in the United States for older consumers (Bayindir & Kavanagh, 2019).  More 

than 80% of the Gen Z cohort claim that social media influences their shopping; therefore, 

marketers need to better understand this cohort and develop more effective online marketing 

techniques to better reach and motivate Gen Z (Salpini, 2017).  Research has shown that with the 

increase of consumers searching for products online, the purchase decision timeframe has also 

increased, often leading to delayed purchase decisions (Chiu, Lo, Hsieh, & Hwang, 2019).  To 

counteract this delay, marketers can speed up purchase decisions by providing more personally 

relevant information to reduce consumers’ online search time and enable more immediate 

purchase decisions (Chiu et al., 2019). 

 Personalization has helped fuel digital marketing’s growth and is critical to improving 

marketing efforts across generational cohorts (Ozcelik & Varnali, 2018).  For example, 

personalization of marketing efforts increases the relevance of digital advertising to the 

consumer, thereby increasing consumer engagement with the ad and sales.  Digital marketing 

efforts can be personalized based on a variety of data points, including consumers’ individual 

preferences, previous internet searches (browsing history), and demographics, among other 

factors (C. Li, 2016; Shanahan et al., 2019).  Brands increasingly use personalized marketing 

efforts to gain consumers’ attention, with 44% of total global advertising projected to be spent on 

digital advertising, and primarily on customized (personalized) ads (Eastin, Brinston, Doorey, & 

Wilcox, 2016; Gironda & Korgaonkar, 2018; Tucker, 2014).  With the Gen Z cohort becoming 
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such a large part of the consumer base, marketers need to ensure they are effectively reaching 

this new generation of online consumers and understanding their views on personalized 

marketing efforts.  However, issues exist when it comes to personalization and digital marketing 

from consumers’ perspectives (Gironda & Korgaondar, 2018; J.-M. Lee & Rha, 2017; Ozcelik & 

Varnali, 2018; Tran, 2017).   

 Research has shown that consumers can be more suspicious of personalized ads shown 

on social media and mobile platforms as consumers consider both to be more intimate media 

(Shanahan et al., 2019; Tran, 2017).  When shown on mobile devices, personalized advertising 

may increase advertising avoidance because consumers feel like their privacy has been 

threatened (Tran, 2017; Tsang, Ho, & Liang, 2004).  The increased use of personalized ads by 

less trusted marketers causes consumers to consider the ads less useful, while increasing negative 

reactance and privacy concerns (Bleier & Eisenbeiss, 2015). 

 While marketers have increasingly turned to personalization to improve communication 

and targeting of consumers, conflicting results on personalization’s effectiveness have been 

found (C. Li & Liu, 2017).  Some studies have shown that personalized marketing efforts are 

more effective (Heerwegh, Vanhove, Matthijis, & Loosveldt, 2005; Kalyanaraman & Sundar, 

2006), while others show personalization is not more effective (C. Li, 2016; Porter & Whitcomb, 

2003).  Conflicting evidence also exists regarding how consumers feel about being targeted by 

personalized advertising.  Consumers increasingly feel an internal conflict when it comes to 

personalization and digital marketing; although personalization efforts can benefit consumers by 

saving them time and money while searching for products, personalized ads also increase 

consumers’ privacy concerns (J.-M. Lee & Rha, 2017).  How consumers, particularly those 

among the Gen Z cohort, balance this internet conflict, referred to as the “privacy paradox,” is of 
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increased interest to practitioners and marketing researchers (J.-M. Lee & Rha, 2017).  While 

consumers may express more positive attitudes when ads are more personally relevant, leading to 

higher purchase intentions, consumers are increasingly aware of and suspicious toward the 

tracking methods used to create personalized advertising (Gironda & Korgaondar, 2018; Tran, 

2017).  Consequently, consumers may also experience trust issues and negative attitudes toward 

brands when consumers realize their online behaviors are being tracked by marketers (T. Hsu, 

2018).  Consumers’ privacy concerns have been magnified since the Facebook scandal stemming 

from Cambridge Analytica using data from customized ads to better optimize advertising 

campaigns (Ozcelik & Varnali, 2018).  

 As consumers experience conflicting attitudes toward brands’ personalized marketing 

efforts, it is increasingly likely that they are also seeking methods to avoid digital tracking and 

personalized marketing efforts.  As a result, an important factor for marketers to understand 

related to personalized marketing’s effectiveness is how it may contribute to Gen Z’s advertising 

and brand avoidance behaviors.  Online ad avoidance can occur in many different ways and all 

are important to marketers.  Consumer avoidance of online ads can be avoided cognitively 

(ignoring), affectively (feelings toward), or by using ad blocker tools (Tang, Zhang, & Wu, 

2014; Tudoran, 2018).   

The current study explored the antecedents and consequences of Gen Z’s digital ad and 

brand avoidance because it is an important issue to understand given the potential to limit ad 

tracking and personalization, impacting marketing effectiveness.  Prior studies have found 

conflicting results within younger consumers when it comes to the relationship between 

personalization and ad avoidance.  On the one hand, consumers perceive personalized ads to be 

more relevant to their needs and thus increase the consumers’ positive perceptions of the ad, 
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increasing consumer attention and decreasing ad avoidance (Jung, 2017).  However, Jung (2017) 

also found that increased perceived relevance also enhances consumers’ privacy concerns, which 

in turn increases consumers’ ad avoidance.  The privacy paradox may thus limit consumers’ 

willingness to receive personalized ads and other marketing efforts and increase ad avoidance.  

 Equally important to understanding ad avoidance is research investigating what leads 

consumers to accept brands’ personalized efforts, increasing consumers’ purchase intentions and 

brand loyalty.  Chen, Hsu, and Lin (2010) asserted that purchase intentions originate from a 

consumer’s pre-purchase satisfaction.  The evolving impact that personalized online marketing 

efforts and particularly the changing social media landscape have on Gen Z’s purchase decisions 

is important for marketers to understand so they can better predict behaviors and increase digital 

marketing effectiveness (Shang, Wu, & Sie, 2017; Zolait, 2014).   

 The importance of consumers having a positive brand association leading to brand loyalty 

has been known for many years because having a positive brand association gives companies a 

significant competitive advantage (Keller, 1993).  Marketers who effectively use social media to 

engage consumers via more personally relevant and entertaining content may help consumers 

establish more of an emotional connection with the brand (H.-H. Chi, 2011; Sheth & Kim, 2017).  

Shanahan et al. (2019) found that consumers’ brand engagement and brand attachment are 

positively influenced by perceived personalization of ads on social media networks, which 

thereby increase perceived quality and brand loyalty.  As a result, marketers seeking to engage 

consumers and increase brand loyalty should consider the use of personalized marketing on 

social media platforms and other digital marketing efforts.  However, the danger for marketers is 

pushing the boundaries on tracking and personalization too far so that it ultimately destroys 

brand attitudes and potentially lowers brand loyalty.  
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  Further complicating the understanding of consumers’ opinions of online ads is the 

growing phenomenon of influencer marketing.  As companies are currently using influencers, or 

plan to in the near future, it is important to understand how consumers are influenced online.  As 

the price tag of using celebrity influencers in increasing, companies have started using micro-

influencers who are not as well-known as celebrities, however, are considered more trustworthy 

(Appel, Grewal, Hadi, and Stephen, 2019).  One way of influencing people online is through the 

use of electronic word of mouth (eWOM).  When trying to understand individual consumers, it is 

important to understand the effect online influencers and eWOM have on other people.    

 Consumers increasingly use eWOM to communicate one-on-one with peers to get 

information to inform their purchase intentions (Erkan & Evans, 2018).  When consumers 

receive recommendations from others on social media to follow a brand or make a purchase, they 

are more inclined to do so (Sheth & Kim, 2017).  Consumers’ attitudes, brand perceptions, and 

purchase decisions have also been shown to be impacted by eWOM (Jansen, Zhang, Sobel, & 

Chowdury, 2009).  Therefore, it is important for marketers to understand the influence eWOM 

has on their brands and engage with social media users to enhance brand perceptions and 

increase brand loyalty.  Research is lacking that identifies how eWOM influences Gen Z’s 

opinions toward personalized marketing efforts, ad and brand avoidance, and brand loyalty. 

 The current research study integrates social influence theory (SIT) and the theory of 

planned behavior (TPB) to understand the effects of personalized marketing acceptance on 

consumers’ avoidance behaviors and brand loyalty.  Personalized marketing is an important topic 

to research because of the conflicting results of the effectiveness and consumer preference.  

Digital marketing efforts that address personal health information needs have been shown to 

increase value for both consumers and the organizations (Dahl, Peltier, & Milne, 2018; Swan, 
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Dahl, & Peltier, 2019).  However, research is lacking on personalized advertising addressing 

other product and service contexts, including how personalized marketing delivered via mobile 

devices influences (Gen Z) consumers’ attitudes and the effects on advertising and brand 

avoidance behaviors (Nyheim, Xu, Zhang, & Mattila, 2015).  

 As personalization continues to expand, digital marketing may become more invasive and 

thus increase internal conflict (Gironda & Korgaonkar, 2018).  At the same time, Gen Z’s 

reliance on technology makes it harder for them to escape the growth of digital marketing efforts 

without missing out.  They instead may shift from more passive forms of avoidance to active 

avoidance of both ads and brands (Redondo & Aznar, 2018).  A key question is how social 

influence plays into all of this and particularly how it relates to Gen Z’s internal conflict of 

personalization.  Gen Z increasingly relies on consumer-to-consumer or online influencers for 

brand information (Erkan & Evans, 2018).  How peers and other social media contacts may 

shape attitudes toward personalization of marketing efforts across multiple platforms is 

unexplored in the marketing literature.  Yet it is important because as Gen Z continues to have 

increased purchasing power and ad blocker adoption rates are expected to increase, marketers 

need to better understand how to effectively reach this cohort (Chamberlain, 2018; Perlstein, 

2017; Redondo & Aznar, 2018). 

 With the lack of understanding of the Gen Z cohort, their future purchasing power, along 

with Gen Z’s preference for mobile technology, this is an important topic to explore.  Payne, 

Peltier, and Barger (2017) called for research on the differences among generational cohorts, 

target markets, attitude formation, and varying technology skills of consumers to better 

understand the influences on brand engagement and customer profitability, along with needed 

research on social media engagement by consumers.  The findings of this study help to fill the 
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research gap and address the extant literature’s conflicting results on personalized marketing’s 

effectiveness, along with how attitude and irritation are affected by consumers’ perceived 

benefits and risks associated with personalized marketing.  

 The objective of this research study is to explore how social influence, pertaining to 

personalized marketing, affects consumers’ attitudes and avoidance behaviors by applying the 

theoretical bases of social influence and TPB to explain the resulting impact on ad avoidance, 

brand avoidance, and brand loyalty.  Personalized marketing is significantly growing; therefore, 

our findings will help marketing practitioners have a better understanding of consumer responses 

to personalized marketing and how social influence may influence their responses (Internet 

Advertising Bureau & PwC Advisory Services LLC, 2018, 2019).  The findings from this 

research will increase marketers’ knowledge about the Gen Z cohort, enabling marketers to 

better reach and positively influence Gen Z consumers with more effective marketing campaigns 

that will work to maximize benefits and minimize the perceived risks, such as privacy concerns 

of consumers. 

This study addresses the following research questions (RQ):  

RQ1: What are the antecedents of consumers’ ad avoidance (cognitive, affective, 

behavioral) and brand avoidance behaviors? (Model 1) 

RQ2: How does social influence affect desire for personalized ads and irritation with non-

personalized ads? (Model 2) 

RQ3: How does social influence’s impact on attitudes and behaviors vary based on 

mobile, social media (SM), email, or other digital media that marketers may use to 

personalize marketing efforts? (Model 1 and Model 2) 
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RQ4: What leads to consumers’ loyalty to brands that use personalized marketing efforts 

given the attitudinal conflict between consumers’ desire for and irritation with 

personalized ads (PA)? (Model 2) 

Scope and Importance of the Study 

The proposed overarching personalized marketing and consumer behavior and loyalty 

framework was divided into two empirical models to ensure a parsimonious data analysis.  An 

online student survey was used to collect data concerning consumer use and perception of 

personalized marketing and the resulting impact on behaviors.  Multivariate regression was used 

to analyze Model 1, measuring varying effects of different factors (norms and attitudes) on 

avoidance behaviors.  Subsequently, Model 2 used AMOS to perform structural equation model 

(SEM) path analysis investigating the impact of norms, attitudes, and avoidance behaviors on 

consumer loyalty.  

Summary of Contributions to Theory and Practice 

 Collectively, this study contributes to marketing and consumer behavior literature and 

practice in several ways.  First, this study addresses the lack of research on social media brand 

engagement by examining consumers’ desire for and irritation from personalized advertising 

(Gironda & Korganaonkar, 2018; Payne et al., 2017; Shanahan et al., 2019).  Second, this 

research answers the call to advance Cho and Cheon’s (2004) ad avoidance scale based more on 

social media advertising (Youn & Kim, 2019).  Finally, this study integrates social influence 

theory and the TPB to examine how peers may influence and change a consumer’s desire for and 

irritation from personalized advertising, resulting in behaviors such as ad avoidance (cognitive, 

affective, behavioral), brand avoidance, and brand loyalty.  
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 The practical implications of this study provide insights to marketers on how they can 

improve digital marketing campaigns to address consumers’ increased participation in 

information creation and sharing via digital media, which has triggered a major shift in the 

balance of power from marketers to consumers.  Marketers must adapt communication and 

marketing strategies to address this power shift and support consumer integration of personalized 

marketing efforts and eWOM in the value creation process (Grönroos & Ravald, 2011; Hennig-

Thurau, Hofacker, & Bloching, 2013).  The findings from this research outline ways to improve 

personalized marketing efforts to enhance the social influence effect on other consumers.  

Consequently, this research will enable marketers to better target consumers based on their needs 

and preferences.  Specific to the Gen Z cohort, the empirical results provide valuable insight on 

how marketers need to balance personalized advertising efforts to be of benefit, not annoyance, 

to consumers, leading to acceptance of a brand’s personalized marketing efforts and increased 

brand loyalty.  In addition to the outlined contributions, the proposed personalized marketing and 

consumer behavior and loyalty framework’s theoretical implications may extend to other 

marketing settings where consumers’ increased access to digital information inputs enhances 

decision-making, motivates behavior changes, and ultimately influences value perceptions.  

Organization of Dissertation 

 The remainder of this dissertation uses the following structure.  The following section 

summarizes the literature streams in relevant marketing literature with specific focus on social 

influence pertaining to personalized social media marketing.  It also outlines the overarching 

research framework and hypothesized relationships for the two empirical research models.  The 

next section describes the research methods, including sample, measures, and data collection.  

This is followed by a section that provides data analysis and findings from the empirical models.  
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Finally, this dissertation provides a summary discussion of the implications for theory and 

practice, limitations, and future research directions. 

Literature Review and Hypotheses Development 

 The following section provides a review of literature relating to social media and 

personalized marketing, Gen Z’s acceptance and avoidance behaviors, and how social influence 

may affect those attitudes and behaviors.  First is a review of the theoretical foundations of this 

study, including social influence theory and the TPB.  The next section outlines research 

pertaining to social media marketing, the Gen Z cohort, and their acceptance of personalized 

online marketing. 

Theoretical Foundations 

 Social influence theory.  Social influence theory establishes that people can be 

influenced by others in three ways: compliance, identification, and internalization (Kelman, 

1958).  Social influence theory has been widely used in explaining how individuals’ attitudes, 

beliefs, and behaviors are influenced by their social environments and is known to occur when a 

person’s opinions or behaviors are affected by others (Ifinedo, 2016).  Social influence is 

important to understand because it is the second most influential determinant of behavioral 

intention (Chaouali, Ben Yahia, & Souiden, 2016; Dwivedi, Rana, Chen, & Williams, 2011).  

The digital environment and related information flows also increase the potential impact for 

consumer-to-consumer social influence on behavioral intentions (Peltier et al., 2020).  

 Social influence from peers is highly important to adolescents because they are 

influenced more by social identity than older age groups (Rivis & Sheeran, 2003).  Huang and 

Chen (2006) described online influential beliefs as “herding behavior” that reflects when 

someone takes another person’s online comments and applies them to one’s own decision 
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making (p. 414).  Extensive research exists within the technology adoption literature that 

indicates social influence is a stronger predictor of technology adoption than an individual’s own 

judgment (C. M. K. Cheung & Lee, 2010; Dholakia, Bagozzi & Pearo, 2004; Ifinedo, 2016).  

According to Deutsch and Gerard (1955), people typically adopt beliefs from others regardless of 

whether the beliefs of others are accurate.  Huang and Chen (2006) showed that people not only 

trust recommendations from online consumers more than experts, but consumers’ purchase 

intentions are also more influenced by consumers’ recommendations compared to either expert 

recommendations or no recommendations at all.  Recent research on the effects of herding 

behavior in online product ratings found that as the product raters’ experience increased, crowd 

influence decreased; however, friend influence increased on the rating behavior (Sunder, Kim, 

Yorkston, 2019).  

  Social influence through the compliance process is considered a normative response to 

perform a certain behavior to either gain rewards or avoid punishment or disapproval by 

important others (Chaouali et al., 2016; Ifinedo, 2016; Kelman, 1958, 1961; D. C. Li, 2011; 

Venkatesh & Davis, 2000).  An initial decision to use or adopt new technology is usually 

influenced through the compliance process because the user has no prior usage experience; 

therefore, the user is reliant on others’ opinions and experience (C. M. K. Cheung & Lee, 2010; 

Ifinedo, 2016).  The compliance process influences acceptance and continued usage of social 

networking sites by social norms posited due to the very nature of social networking sites being 

influenced from others more so than motivated by personal hedonic goals (C.-C. Chang, Hung, 

Cheng, & Wu, 2015; Ifinedo, 2016; D. C. Li, 2011).  Therefore, building on the social influence 

theory, this research contributes to understanding how normative responses influence perceptions 

and acceptance of digital marketing.  
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 Social influence’s identification process is how a person thinks of themselves in terms of 

a group to which they relate (Chaouali et al., 2016; C. M. K. Cheung & Lee, 2010; Dholakia et 

al., 2004; Ifinedo, 2016; Kelman, 1958, 1961; D. C. Li, 2011).  An example of identification 

would be a person socially identifying with others in his or her peer group, previously described 

as herding behavior (Sunder et al., 2019, p. 93).  When a person is influenced through the 

identification process, he or she can be led to adopt a technology in order to be more like a group 

to accomplish a goal (C. M. K. Cheung & Lee, 2010; Ifinedo, 2016; D. C. Li, 2011).  For 

example, the identification process has been shown to be influential in a person’s blog usage and 

participation (C.-L. Hsu & Lin, 2008; D. C. Li, 2011).  The identification process influences 

social network usage similarly for both social and status purposes; however, perceived 

enjoyment is influenced more by status than social purposes (D. C. Li, 2011).  Building on these 

findings, the identification process will aide in explaining Gen Z’s acceptance of digital 

marketing due to their status identification.  

 The process of internalization is when a person is influenced with information coming 

from credible sources, such as peer groups having shared goals and values (Chaouali et al., 2016; 

C. M. K. Cheung & Lee, 2010; Ifinedo, 2016; Kelman, 1958, 1961).  Internalization is an 

important process of social influence to apply because the role of advertising and online reviews 

is to provide consumers with information, and social media sites are an effective platform for 

information sharing (Erkan & Evans, 2016).  Y. Wang and Sun (2010) found that information 

seeking and credibility were both positive predictors of consumers’ attitudes toward online 

advertising.  Social influence has been found to affect consumers’ perceptions of information and 

perceived helpfulness of online reviews, and the level of a blog’s influence is affected by the 

users’ objectives of information seeking (Balabanis & Chatzopoulou, 2019; Hughes, 
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Swaminathan, & Brooks, 2019; Risselada, de Vries, & Verstappen, 2018).  As consumers 

continue to use social networking and online platforms to gain information, the internalization 

process will provide insight into the process.  

 Several studies have shown varying findings on how the processes of social influence 

affect social media use and adoption.  Compliance and identification have both been found to 

affect a person’s intention to use social networks; although the internalization process has been 

found to be influential, it is not a strong influencer (C.-C. Chang et al., 2015; C.-L. Hsu & Lin, 

2008; Ifinedo, 2016; D. C. Li, 2011), establishing that users are more influenced by complying 

and identifying with important others than relying on information for adoption decisions (C. M. 

K. Cheung & Lee, 2010; D. C. Li, 2011).  According to D. C. Li (2011), because social network 

sites are used to connect with peers, it is the peers’ use and adoption that is influential on another 

person’s use and adoption.  

 In similar studies, the processes of identification and internalization have been shown to 

positively influence social network adoption and participation (Ifinedo, 2016).  Conversely, 

compliance has not been found to be a contributing factor, posited to be because it is the 

perception of value a consumer receives from the virtual community, which leads to stronger 

social influence and group norms, resulting in continued participation; however, because 

participation is voluntary, compliance is not an influential factor for participation (Dholakia et 

al., 2004; Ifinedo, 2016). 

 Hughes et al. (2019) found that consumers’ involvement levels vary according to 

different platforms, and their level of involvement is indicative of marketing campaign success.  

This current research study tested various channels and contributes to the social influence theory 

by examining how the different processes of compliance, identification, and internalization 
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influence perception and opinions of personalized marketing with social networks and online 

reviews.  

 The preceding section and the following Table 1 provide a review of recent studies 

applying the social influence theory.  While most studies have only utilized one platform in their 

research, the current study measured social influence across a multi-channel scenario such as 

digital advertising, social media, mobile, video, and online reviews.  This is an important gap to 

close because according to Hughes et al. (2019), the motivation to use a particular social media 

platform may influence acceptance of marketing campaigns.  As the referenced studies provide 

insight into how social influence affects and influences consumers’ acceptance and decision-

making within an online environment, research should be continued to advance understanding of 

the impact of social influence via reviews on social media (Risselada et al., 2018).  
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Table 1 

Overview of Studies Regarding Social Influence 

Authors Findings Implications for  

Current Study 

Filieri, 

McLeay, 

Tsui, & Lin, 

2018 

The number of reviews influence 

consumers’ evaluation and decision 

making among product alternatives. 

Examines how social influence may 

affect brand avoidance or loyalty 

decisions in the context of 

personalized marketing (H3), (H12). 

Kostyra, 

Reiner, 

Natter, & 

Klapper, 

2016 

Negative online customer reviews lower 

brand importance and the number of 

reviews is a factor in product choice. 

Social influence affects brand 

avoidance or acceptance (H3). 

Thomas, 

Wirtz, & 

Weyerer, 

2019 

An online review’s credibility 

significantly influences purchase 

intention. 

Social influence affects brand 

avoidance or acceptance (H3). 

Ünal, Ercis, 

& Keser, 

2011 

Attitude toward online ads affects 

intention and acceptance of the 

advertising. Youth are more positive 

toward ads that are personalized or 

offering incentives compared to adults. 

Social influence affects attitude 

toward and desire for personalized 

ads (H1). 

von 

Helversen, 

Abramczuk, 

Kopec, & 

Nielek, 

2018 

Younger adults place more value on 

average customer ratings and affect-rich 

positive reviews compared to older 

adults. 

Gen Z is likely to place more 

emphasis on personalized ads, thus 

potentially increasing the impact of 

social influence on brand avoidance 

and loyalty decisions (H3). 

 



ACTIONS SPEAK LOUDER THAN WORDS 

17 

 Theory of planned behavior.  Ajzen (1985) extended the theory of reasoned action 

(TRA) model to include three belief types (behavioral, normative, and control) and named it the 

theory of planned behavior.  The three belief types are explained through the use of three 

constructs: attitude, subjective norm, and perceived behavioral control (Ajzen, 1985; Fishbein & 

Ajzen, 1975).  The TRA and TPB behavior models were created to further understand what 

motivates a person to perform a behavior, and the theories posit that the best predictor of a 

person’s behavior is behavioral intention, which is influenced by attitude and perceptions of 

social norms (Ajzen, 1985; Fishbein & Ajzen, 1975). 

 The TRA was first proposed by Fishbein (1967) to explain how a person’s attitude and 

intention influences behavior and was advanced by Ajzen and Fishbein (1980) to show that a 

consumer’s intention is a direct outcome of attitude. When trying to predict a person’s behavior, 

the focus of measurement should be measuring attitude toward the behavior, not the object the 

behavior is geared toward (Ajzen, 1985; Madden, Ellen, & Ajzen, 1992; Montaño & Kasprzyk, 

2008).  When trying to predict or understand behaviors, only accounting for attitude is not 

always effective; therefore, aggregating behaviors in different situations was thought to be a 

solution, however, this method did not explain varying behaviors in different situations (Ajzen, 

2002). Furthermore, when a person has limited control over performing a behavior, TRA had 

limited predictive power (Ajzen, 2002).  For this reason, the TPB was established, to aide in 

better predicting and explaining a person’s behavioral choices in different situations or when a 

person may not have complete or consistent control over a behavior; however, when someone 

has total control of their behavior, TRA would be a better choice for a theoretical framework 

(Ajzen, 2002).  
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 As shown in Figure 1, the first of the three constructs Fishbein and Ajzen (1975) 

established as affecting a person’s behavioral intention is attitude, which is how a person feels 

about performing a behavior and is determined by a person’s beliefs (p. 216).  The subjective 

norm construct illustrates a person’s perception of the social environment’s opinion about him or 

her performing the behavior and the influence that perception has on the person performing the 

behavior (Fishbein & Ajzen, 1975, p. 302).  By using social norms in the TPB and social 

influence theory, this study used a broader lens to examine the effects of social influence.  The 

new construct, perceived behavioral control, can be compared to self-efficacy, which explains 

how a person’s ability to do something influences his or her intention and behavior (Ajzen, 

2002).  However, perceived behavioral control differs from locus of control because locus of 

control remains consistent in different situations but perceived behavioral control can fluctuate 

according to a person’s actual abilities (Ajzen, 1991; Bandura, Adams, & Beyer, 1977; Bandura, 

Adams, Hardy, & Howells, 1980).  For instance, a person can believe her behaviors influence 

outcomes in her life (high locus of control) but not believe she has the specific abilities of a 

surgeon (low perceived behavioral control); therefore, a factor of perceived behavioral control is 

that it can be used for measuring actual control, yet, it is dependent on the accuracy of a person’s 

perception of control (Ajzen, 1991). 
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Figure 1. Models: TRA and TPB. The TRA is represented by the white boxes, the TPB is 

represented by the whole figure, and the addition of perceived behavioral control is represented 

by the grey box.   
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 The addition of perceived behavioral control in the TPB model increases explanatory 

power when a person has less control but decreases explanatory power when perceived 

behavioral control increases (Madden et al., 1992).  Use intention with social networking sites is 

positively influenced by attitudes and subjective norms but perceived control is not significant, 

which is explained by users not lacking control (Madden et al., 1992).  

 The behavioral intention construct is the consideration of a person to take action, 

accounting for how much effort he or she will put into performing the behavior (Fishbein & 

Ajzen, 1975).  Typically, the stronger the intention, the more likely the person is to perform the 

behavior, unless the person does not have or believe he or she has control or ability to perform 

the behavior, considering factors such as time, money, skills, and so forth. (Fishbein & Ajzen, 

1975).  Intention is the primary focus of both TRA and the TPB; however, with the addition of 

the new construct perceived behavioral control, the extended model can account for how a 

person's ability to perform the behavior affects intention and behavior, which improves the 

ability to use behavioral intention to predict behaviors (Madden et al., 1992).   

Armitage and Conner (2001) established that a person is more likely to have behavioral 

intentions if he or she possesses a positive attitude toward the behavior, thinks others believe the 

behavior is positive, and feels he or she has control over the behavior.   

 A major component of the current study is online advertising avoidance, both cognitively 

and behaviorally with the adoption of ad blockers.  Not all consumers know how to install and 

use ad-blocking software; therefore, the predicting power of perceived behavioral control is an 

important consideration of this research.  Related research has shown support for the use of the 

TPB with leisure activities, showing that perceived behavioral control provides better prediction 

power than TRA (Ajzen & Driver, 1992).  The TPB framework has been applied to consumer’s 
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privacy and security concerns and the resulting effects on ecommerce usage; Gurung and Raja 

(2016) found that attitude, subjective norms, and perceived behavioral control had a direct and 

positive effect on intention to use ecommerce.  

 The TPB is an appropriate theory to use when considering the effects of social influence 

(Cheng, 2018).  As this section and the following Table 2 highlight, previous research has 

extensively applied the TPB to understand users’ adoption and use of social networking sites.  

However, research is lacking on how the TPB can be applied as a theoretical lens to examine 

users’ acceptance of personalized marketing.  Therefore, this current study advances past 

research findings on this topic.  
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Table 2 

Overview of Studies Regarding Theory of Planned Behavior  

Authors Findings Implications for  

Current Study 

Y. P. Chang & 

Zhu, 2011 

TPB is suitable in predicting individuals’ 

adoption of social networking sites. 

Supports use of TPB for current study 

as a foundational theory. Current study 

extends to examine the acceptance and 

use of personalized marketing across 

different digital media. 

Cheng, 2018 TPB better explains consumer intentions 

and behaviors compared to TAM, 

particularly when social influence is a 

factor in decision making. 

Justifies use of TPB to better understand 

social influence, consumer intention, 

and behavior. 

M. F. Y. 

Cheung & To, 

2017 

Subjective norms and perceived 

behavioral control both predicted 

intentions to watch in-app ads, which 

have an effect on behavioral response. 

Justifies use of TPB to better understand 

social influence, consumer intention, 

and behavior. 

Chu, Chen, & 

Sung, 2015 

Attitude toward brand following, 

subjective norm, perceived behavioral 

control, and brand attachment are all 

positively related to intention to follow 

brands on Twitter with intention to create 

(tweet) and disseminate (re-tweet) brand-

related information, along with purchase 

intentions. 

Extending this to social influence 

affecting brand avoidance and loyalty 

(H3). 

Curras-Perez, 

Ruiz-Mafe, & 

Sanz-Blas, 

2014 

Attitude and subjective norms directly 

and significantly influence social network 

loyalty. 

Extending this to social influence 

affecting brand avoidance and loyalty 

(H3). 

J. Lee, Ham, & 

Kim, 2013 

Attitudes and subjective norms both 

positively affect consumers’ intentions to 

pass along online video advertisements; 

thus, the receiving person is also forming 

an opinion on the person passing along 

the advertisement, making the subjective 

norms more of a factor. 

Shows importance of attitudes and 

norms on intentions. 

Turel, 2016 Subjective norms influence guilt feelings 

and discontinuance intentions of social 

networking sites. 

Social influence affects acceptance of 

social networking sites; extending this 

to personalized advertising on social 

networking sites. 

Note. TPB = theory of planned behavior; TAM = technology acceptance model. 
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 Integrating social influence theory and the theory of planned behavior to explore 

Gen Z’s attitudes and behaviors related to personalized marketing.  This research study 

provides theoretical advancements in understanding consumers’ attitudes and behaviors that are 

associated with personalized marketing by incorporating both social influence theory and the 

TPB.  The findings from this study contribute to the stream of academic work providing valuable 

insight into how social effects influence consumers’ online attitudes and behaviors.  This 

understanding gives academics and practitioners a better understanding into consumers’ attitudes 

toward personalized marketing and their resulting behaviors of advertising avoidance, brand 

avoidance, and brand loyalty.  

Literature Review 

 The following section provides a review of literature pertaining to social media and 

personalized marketing, the Gen Z cohort, and how social influence affects their acceptance of 

personalized online marketing.  Sales from social networks represent 30% of online sales and 

continue to grow; therefore, it is important that marketers understand what influences customers 

to use social media (Tuten & Solomon, 2018).  In particular, marketers need to have an 

understanding of a consumer’s attitude toward advertisements across social media and other 

digital platforms due to the potential effects on consumer behavior.  For example, attitude toward 

a brand, perceived value (PV) of a product, and recommendations from consumer-to-consumer 

sharing on social media have all been shown to influence consumers’ purchase intentions 

(Dehghani, Niaki, Ramezani, & Sali, 2016; Sheth & Kim, 2017).  Gen Z represents an important 

population of interest given they will soon account for the largest generational cohort and already 

have significant buying power (Chamberlain, 2018; Perlstein, 2017) and their attitudes and 

behaviors toward brands in digital environments have been unexplored.  Gen Z is exposed to 
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online brand-related messages on more digital and social media platforms and their shopping is 

influenced by social media more than older generations (Salpini, 2017). 

 Social media marketing.  “Social media marketing is the utilization of social media 

technologies, channels and software to create, communicate, deliver and exchange offerings that 

have value for an organization’s stakeholders” (Tuten & Solomon, 2018, p. 172).  The primary 

factors that influence customers to create, use, and leave digital footprints on social media 

include: personal behavior, technological factors, social influence, and privacy and security risk 

(Muhammad, Dey, & Weerakkody, 2018, p. 561).  Factors that affect users interacting with 

others on social media relate to ease of use, usefulness, benefits of use, user experience, and 

personality, along with user attitude (Ngai, Tao, & Moon, 2015).  However, less explored are the 

factors that relate to how consumers, particularly those in Gen Z, interact with increasingly 

personalized brand-generated marketing efforts.  

 Recent research on Millennials and other non-Gen Z cohorts has shown the effect social 

media communication has on consumer perceptions of brands, and when companies combine 

firm-created content with user-generated content on social media networks, both the consumer 

and the brand win.  Sheth and Kim (2017) studied the effects that information sharing, peer 

pressure, entertainment, and emotional connection have on a user’s attitude toward a brand.  

Their research found that consumers like to interact with brands on social media because they 

receive useful information about brands, are entertained by brands, and develop strong emotional 

connections with brands that they receive entertainment from on social media (Sheth & Kim, 

2017).  Schivinski and Dabrowski, (2016) found that user-generated social media 

communication has a positive influence on consumer perceptions of brand equity and brand 

attitude, but firm-generated content only has a positive effect on brand attitude.  Therefore, firms 
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may benefit from using social media content to influence consumer-to-consumer sharing, 

initiating viral responses.  Although social media users do not follow a brand solely because their 

friends like and follow the brand, consumers are more likely to follow and purchase brands 

recommended by friends and other social media connections (Sheth & Kim, 2017).  Social media 

marketing can also be personalized according to “prior customer activities on the Internet” (Tran, 

2017, p. 231).  Further discussion on personalization of marketing follows in the Personalized 

Marketing section.  

 Gen Z, technology and social media.  The newest adult cohort within the United States 

is called Gen Z.  This cohort was born between 1993 and 2005 (Turner, 2015).  The Gen Z 

cohort represented nearly 40% of United States consumers by 2020, accounting for over $40 

billion in discretionary spending (Chamberlain, 2018; Perlstein, 2017).  There has been and 

continues to be significant research on the Generation Y, or Millennial, cohort before Gen Z; 

however, marketers do not yet understand the Gen Z cohort (Woo, 2018).  Gen Z has a 

conflicting relationship with technology as they claim to want transparent and authentic online 

interactions but also want them to be secure” (Woo, 2018).  Consequently, marketers must 

balance Gen Z’s privacy-personalization paradox to effectively engage Gen Z to enhance brand 

loyalty while minimizing ad and brand avoidance.    

 Unlike any previous cohort, Gen Z has had technology their whole life and they have 

never experienced life before the internet (Prensky, 2001).  Gen Z consumers are accustomed to 

communicating in an always-connected world and prefer mobile and tablet devices (Turner, 

2015).  Gen Z consumers are also exposed to media more than any other activity they perform 

except sleeping (Turner, 2015).  Moreover, the smartphone for Gen Z is an everything hub of 
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entertainment that incorporates television, music, and videogames on one handheld device which 

is no further than their back pocket (Palley, 2012).  

 Research has shown that Gen Z views social media as having a direct impact on their 

self-worth, happiness, self-esteem, popularity, influence, and dating prospects (Dorsey, 2016).  

Although social media usage is changing among this cohort, it remains an important component 

of their everyday lives.  A study by the Pew Research Center showed that Gen Z’s social media 

environment does not revolve around just one platform as it did three years ago; 35% of teens 

use Snapchat, 32% use YouTube, and 15% use Instagram (Smith and Anderson, 2018).  Gen Z is 

exposed to brand and consumer-to-consumer brand-related messages on a wider variety of digital 

and social media platforms compared to older cohorts, potentially increasing the magnitude of 

shifts in attitudes toward personalized marketing (Salpini, 2017). 

 The Gen Z cohort also views social media as more influential on shopping behaviors 

compared to older generational cohorts.  Specifically, over 80% of the Gen Z cohort says social 

media influences their shopping, compared to 74% of Millennials, 58% of Gen X, and 41% of 

Baby Boomers (Salpini, 2017).  Social media also impacts purchasing decisions differently 

between Millennials and Gen Z cohorts, with Instagram being the social media platform of 

choice among Gen Z, followed by YouTube and Snapchat (Salpini, 2017).  The lack of 

understanding of this cohort, their significant purchasing power, and how influential social media 

is on Gen Z’s shopping decisions makes this research critical to better understanding how to 

effectively reach this cohort with personalized brand-generated marketing efforts.  Marketing 

practitioners as well as academics will benefit from further research exploring the Gen Z cohort 

(Nichols & Wright, 2018).  
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 Personalized marketing.  Online consumers can be targeted by marketers through the 

use of retargeting and online behavioral targeting to show more personalized and relevant ads.   

(W. Li & Huang, 2016).  These ads can be retargeted by placing a cookie (small file) on a 

person’s computer; for approximately the next two weeks, when the consumers visit a website, 

part of the advertiser’s network, they will be repeatedly shown the same ad (Shin, D. S., & Kim, 

,2016).  Online behavioral targeting is another form of showing more personalized ads; however, 

complex algorithms are used to analyze the consumers’ likes, preferences, demographics, and so 

forth to determine which brands and ads are more relevant to the consumer (C. Li, 2016; 

Shanahan et al., 2019).  Although a growing stream of academic research on personalized 

marketing exists, results have provided conflicting evidence on personalization’s effects.  

Following this section, Table 3 provides relevant studies.  According to Tran (2017), this, in part, 

is a result of different methods of personalization, with some studies using perceived 

personalization and others using actual personalization of ads. 

 Personalized marketing not only influences consumers’ purchase intentions, it also 

affects marketers’ bottom line as personalization increases costs (Brinson, Eastin & Cicchirillo, 

2018).  Tran (2017) found that personalized marketing affects a consumer’s attitudes and 

purchase intentions either directly or indirectly through credibility, skepticism, and avoidance.  

Gironda and Korgaondar (2018) suggested personalized marketing’s relationship to purchase 

intentions depends on perceived usefulness of the ad.  Marketers may enhance consumers’ 

opinions of the use of personalization by conveying the benefits consumers receive from 

personalized marketing. 

 Cho and Cheon (2004) provided seminal research establishing how personalized 

marketing can lead to advertising avoidance by consumers, such as blocking online ads.  
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However, C. Li (2016) found that when consumers perceive marketing messages to be 

personalized, it has a stronger effect on consumer perceptions, regardless of whether the 

marketing message is actually personalized. 

 Research by Tran (2017) also revealed conflicting effects.  On the one hand, Tran (2017) 

found that some users consider personalized advertising on Facebook to be more reliable, 

creating a positive attitude toward the ad; however, other consumers are more suspicious of the 

ads, thereby increasing ad avoidance.  When exposed to personalized Facebook ads, consumers 

who consider the social media platform an intimate media platform may attempt to avoid brands 

using this advertising method (Shanahan et al., 2019; Tran, 2017). 

 Similarly, studies examining consumers’ responses to personalized marketing on mobile 

devices have exhibited more conflicting evidence.  When consumers receive unwanted 

personalized advertising on mobile devices, they may feel their privacy has been threatened, 

resulting in advertising avoidance (Tran, 2017; Tsang et al., 2004).  Location-based advertising 

on mobile devices also may lead to ad avoidance because consumers’ primary activities have 

been interrupted, which is considered perceived goal impediment (Shin & Lin, 2016).  

Millennials’ irritation is positively related to avoidance, yet perceived personalization is 

associated with less avoidance and privacy concerns are not related to advertising avoidance 

(Nyheim et al., 2015).  Researchers have suggested that younger Millennials have been exposed 

to and using smartphones significantly more than older generations and are thus more accepting 

of personalization (Baek & Morimoto, 2012; Nyheim et al., 2015).  Given Gen Z’s higher 

propensity to use mobile devices than even young Millennials, it is possible that the Gen Z 

cohort may be even more accepting of personalization despite other irritation or privacy 
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concerns.  Research that explores these complex relationships and can shed light on the existing 

conflicting findings on personalization will help marketers improve marketing efforts.   
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Table 3 

Overview of Studies Regarding Marketing Personalization 

Authors Findings Implications for  

Current Study 

Baek & 

Morimoto, 

2012 

Privacy concerns and ad irritation increase ad 

avoidance but increased perceived 

personalization causes decreased ad skepticism 

and avoidance. 

Demonstrates internal conflict 

between desire for personalized 

ads and irritation with non-

personalized ads, leading to ad 

avoidance (H6, H8). 

Bang & 

Wojdynski, 

2016 

Personalized ads attract more attention from 

people and for longer than non-personalized ads. 

Suggests that desire for 

personalized ads is likely to lessen 

ad avoidance (H6). 

Bleier & 

Eisenbeiss, 

2015 

Personalized ads increase consumers’ perceived 

usefulness of ads from trusted retailers; however, 

for less trusted retailers, the personalized ads are 

not considered more useful and reactance and 

privacy concerns are increased. 

Reveals need to examine how this 

affects the relationship between 

desire for personalized ads and 

brand avoidance (H7). 

Gironda & 

Korgaonkar, 

2018 

Invasiveness and privacy concerns both 

negatively impact personalized ads’ intentions; 

however, perceived usefulness positively impacts 

personalized ads’ intentions. 

Demonstrates need to study 

usefulness of personalized ads and 

resulting effects on consumers’ 

intentions. 

J.-M. Lee & 

Rha, 2017 

Perceived security risk is positively associated 

with irritation, which is negatively related to 

attitude toward the ad, negatively affecting 

behavioral ad responses. 

Suggests that social norms could 

decrease perceived security risk. 

C. Li, 2016 The perception of an ad being personalized 

positively affects attitude toward the ad and 

purchase intention, whether the ad was actually 

personalized or was just perceived to be 

personalized. 

Reveals need to study how this 

affects the relationship between 

desire for personalized ads and ad 

and brand avoidance. 

Shanahan, 

Tran, & 

Taylor, 2019 

Social media personalized advertising has a 

positive effect on brand engagement and brand 

attachment, which then increases perceived 

quality and brand loyalty. 

Supports a negative relationship 

between desire for personalized 

ads and brand avoidance, resulting 

in brand loyalty (H7, H12). 

Strycharz, 

van Noort, 

Smit, & 

Helberger, 

2019 

Consumers lacking technical knowledge does not 

affect opt-out motivations and behaviors with 

personalized marketing; however, almost half of 

participants who already had tracking software 

installed turned personalization by Google off, 

supporting that when users realize the ease of 

use, they will act. 

Suggests that ad avoidance may 

lead to brand avoidance (H10). 

Tran, 2017 Perceived personalization of Facebook 

advertising increases credibility and ad attitude 

while decreasing skepticism.  Credibility 

positively affects ad attitude, while negatively 

affecting ad skepticism and ad avoidance. 

Supports desire for personalized 

ads’ negative relationship with ad 

avoidance (H6). 
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 Social influence.  Online social influence, also known as eWOM, can consist of many 

different platforms for users to share information such as blogs, discussion forums, and online 

reviews (C. M. K. Cheung & Thadani, 2012; Erkan & Evans, 2016).  Social media websites are 

an ideal platform for eWOM and information sharing, which is why consumers often contribute 

and seek brand information from these sites (Erkan & Evans, 2016).  In order to encourage 

customers’ sharing, commenting, and reviewing products, e-commerce websites are enabling 

their websites to facilitate eWOM, which influences and increases online purchases (Tuten & 

Solomon, 2018).  

 Online social influence is important to understand because it affects consumers’ decision 

making, along with their relationships with brands more than any other marketing activities 

today (C. M. K. Cheung, Lee, & Rabjohn, 2008).  Consumers trust peer consumers’ opinions 

from user-generated eWOM more so than company-generated eWOM (Jeong & Koo, 2015; 

Kudeshia & Kumar, 2017).  Consumers increasingly use information received from online peer 

groups to evaluate products before making a purchase (K.-T. Lee & Koo, 2012).  For example, 

93% of consumers review product ratings before making a purchase, and 82% of consumers 

make their purchase because of a product review (Kibo Commerce, 2017). 

 There is a lack of relevant literature on how social influence affects consumers’ attitudes 

toward personalized marketing; therefore, this is an area that needs further research.  Gironda 

and Korgaonkar (2018) called for future researchers to focus on having a better understanding of 

consumers’ perceptions of personalized marketing and the resulting impact of these perceptions.  

Contributions to this area will help marketing practitioners alleviate consumers’ privacy 

concerns for better utilization and success of personalized marketing.  
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 Desire for personalized ads versus irritation (attitude).  Online marketing efforts 

including ads can be personalized (targeted) by marketers with the use of technology and data.  

The personalization process is achieved by using consumers’ online information such as 

demographics, preferences, and interests from social media profiles, along with their search 

history (W. Li & Huang, 2016).  Marketers use this data to create more relevant ads to reach 

specific consumers across a variety of digital platforms.  

 Today’s consumers expect advertisements to be more tailored to their personal interests 

(Y. J. Kim & Han, 2014; Robins, 2003).  Within this study, desire for personalized ads was 

considered the value that consumers think they receive from an advertisement; this value would 

be based on how previous research has defined ad value such as thinking of the ad as useful, 

informative, or entertaining (Ducoffe, 1995), more credible (Y. J. Kim & Han, 2014; Tran, 

2017), or more relevant to their own needs (Kalyanaraman & Sundar, 2006; Tam & Ho, 2006).   

 Consumers’ attitudes toward advertising are important to understand because their 

attitudes affect their behaviors.  Y. Kim, Kang, Choi, and Sung (2016) found that when 

consumers consider Facebook advertising to be informative, their attitude toward the ads is more 

positive and their clicking behavior increases; alternatively, a negative attitude decreases clicking 

behavior.  Additionally, consumers that use Facebook more and have more brand page 

memberships are more likely to click on an advertisement (Y. Kim et al., 2016).  

 Consumers have mixed feelings and opinions about personalized marketing, along with 

the perceived risks and benefits coming from using these ads (J.-M. Lee & Rha, 2017).  As 

previously noted, research on the subject is also conflicting.  Ambivalence is a concurrent 

activation of both positive and negative evaluations, which was originally postulated by 

Cacioppo and Berntson (1994), and because opinions are so varied on personalized marketing, 
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J.-M. Lee and Rha (2017) furthered research on ambivalence to find a better understanding of 

consumers’ responses to the personalized-privacy paradox.  

 The well-known Web advertising model incorporates irritation, entertainment, and 

informativeness to give us a better understanding of how these factors influence a person’s 

attitude toward internet advertising (Ducoffe, 1995).  Tsang et al. (2004) used the Web 

advertising model to study the content and form of online ads.  Their research found that how 

informative and entertaining an ad is considered by a consumer has an impact on the overall 

attitude toward the ad, along with affecting irritation levels (Tsang et al., 2004).  

 Consumers expect advertisements to be more relevant today because of the advancements 

in online advertising; therefore, lack of relevance of online ads is considered to be one of the 

leading causes of irritation among consumers (G. Taylor, 2019).  Intrusiveness is another aspect 

of irritation stemming from online ads (Edwards, Li, & Lee, 2002).  According to Redondo and 

Aznar (2018), when an online ad is considered intrusive, negative emotional reactions such as 

irritation and annoyance occur among consumers, and intrusive ads typically lead to irritation 

and subsequent ad avoidance (Edwards et al., 2002; Riedel, Weeks, & Beatson, 2018). 

 Zhu and Chang (2016) found that personalized ads, which are more relevant to users and 

save them time and resources, may lead consumers to consider personalized marketing as a 

benefit, therefore reducing their privacy concerns.  Consumers’ perceived ad relevance increases 

advertising effectiveness by increasing the attention consumers pay to the ads and decreasing ad 

avoidance, while at the same time, with the increased relevance, consumers may also experience 

heightened privacy concerns, which in turn may increase ad avoidance (Jung, 2017).  The level 

of trust a consumer has toward the brand also has an impact on perceived usefulness of the ad 

(Bleier & Eisenbeiss, 2015).  In Bleier and Eisenbeiss’s (2015) study, consumers considered 
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personalized ads from trusted retailers more useful; however, ads from less trusted retailers 

raised privacy concerns.  As a result, increased privacy concerns may further lead consumers to 

purposely avoid all marketing efforts from these less trusted brands (brand avoidance). 

 Most personalized advertising research only evaluates the independent risk of privacy 

concerns and the effects (i.e., consumers not using personalized ads); however, J.-M. Lee and 

Rha (2017) found that while simultaneously considering the pros and cons of personalized 

marketing (ambivalence), consumers often continue to use the technology if they are made aware 

of the benefits of personalized marketing; therefore, the goal of advertisers should be to 

eliminate that conflict.  Given the rise of social influence, understanding how this aspect may 

contribute to or reduce consumers’ internal conflict regarding personalization is of value to 

marketers. 

 Confirming the importance of gaining a better understanding of how personalized 

marketing influences online shopping decisions, Yulihasri, Islam, and Daud (2011) found that 

students’ attitudes toward shopping online are influenced by privacy and security; therefore, to 

lower consumers’ perceived risk, advertisers should give consumers the opportunity to: save 

favorite products, email product summaries, subscribe to RSS feeds, or read other users’ favorite 

product lists (Tuten & Solomon, 2018).  Giving consumers more online shopping control helps 

them feel more confident about the products they choose while also providing the opportunity to 

easily research and find the best price (Tuten & Solomon, 2018).  

 A consumer’s attitude toward personalized marketing is important to study because of the 

impact it has on the behavioral responses (W. Li & Huang, 2016).  There has been conflicting 

research on consumers’ feelings about and opinions on personalized marketing, along with the 

perceived benefits and risks coming from using these ads.  In order to gain a better understanding 
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of consumers’ opinions of personalized marketing, we researched how consumers perceive and 

have a desire to use personalized marketing, along with the effects on consumers’ behavioral 

intentions of ad avoidance, brand avoidance, and brand loyalty.  

 Online ad avoidance.  Online ad avoidance can take many forms such as banner 

blindness, low click through rate, installing ad blockers, avoiding websites, and using paywalls.  

Most recently, in an effort to appear more transparent, online advertisers have started giving 

users the option to opt-out of personalized marketing (Strycharz, van Noort, Smit, & Helberger, 

2019).  

 As shown in Figure 2, online advertising avoidance can range from passive behaviors, 

including cognitive (ignoring, clicking off) or affective (negative feelings), to more active 

avoidance behaviors (ceasing online activity, installing ad-blockers, etc.; Tang et al., 2014; 

Tudoran, 2018).  
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Passive  Active 

 

   (i.e., Ignore ads/don’t click on ads)   (i.e., Install ad blocker, opt-out) 

 

Figure 2. Online advertising avoidance continuum. 
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 Online advertising avoidance can also be accomplished with the use of ad blocker 

software tools, and users typically install ad blockers because they believe that ads have 

irrelevant ad content, lack perceived authenticity, and lack interactivity (Hussain & Lasage, 

2014).  Ad blocker usage in 2018 was 24.9% of internet users in the United States, and in 2019 

usage rose to 25.8% of Internet users with expectations to increase to 27% by 2021 (Perrin, 

2019).  According to Redondo and Aznar (2018), as internet users gain knowledge of ad 

blocking software and how easy they are to install, adoption rates will significantly increase.  

 Understanding online advertising avoidance is becoming a significant issue for 

advertisers; as the increased adoption of ad blocking software rises, marketers’ profitability 

decreases due to a loss of advertising effectiveness (Baek & Morimoto, 2012; Cho & Cheon, 

2004; Shin & Lin, 2016).  Losses for publishers are estimated to be $35 billion in 2020 if ad-

blocker adoption continues at the same pace as recent years (Brinson, Eastin, & Cicchirillo, 

2018; Davies, 2016).  The increased usage of ad blocking software will continue to reduce 

advertising effectiveness and profitability for marketers; therefore, by determining reasons for 

consumers’ advertising avoidance, advertising effectiveness may be improved. 

 Figure 3 illustrates antecedents to advertising avoidance, along with several consumer 

factors and the outcomes of avoiding online ads.  An overview of relevant studies pertaining to 

advertising avoidance can be found in Table 4.   
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Figure 3. Antecedents, consumer factors, and consequences of advertising avoidance.  
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According to Ozcelik & Varnali (2018), attitude is the strongest predictor of clicking on 

an ad.  N. Y. Kim (2018) found that when consumers have a positive attitude toward advertising 

from customized ads, they think the ads are more informative which increases their click 

behavior for the ads.  Ferreira and Barbosa (2017) performed research on consumers’ attitudes 

toward Facebook advertising by comparing their attitudes toward brand posts and Facebook ads.  

They found that attitudes toward advertising were negatively associated with ad avoidance, and 

consumers’ attitudes were more negative toward the advertisements than toward brand posts 

(Ferreira & Barbosa, 2017).  Redondo and Aznar (2018) found that attitude toward online 

advertising was negatively associated with ad avoidance by current use of ad blockers, and as 

consumers continue to gain knowledge of these tools, the use of ad blocking tools will increase.  

 According to Redondo and Aznar (2018), when an online ad is considered intrusive, 

negative emotional reactions such as irritation and annoyance occur among consumers, and 

intrusive ads typically lead to irritation and subsequent ad avoidance by the consumer (Edwards 

et al., 2002; Riedel et al., 2018).  Advertising irritation has been found to be positively related to 

advertising avoidance by Y. Kim et al. (2016) who found that Facebook users were .78 times less 

likely to click on a Facebook ad if they found the ad to be irritating.  Nyheim et al. (2015) found 

that irritation is positively related to advertising avoidance but privacy concerns do not 

contribute to advertising avoidance.  However, Baek and Morimoto (2012) found contrary 

evidence that privacy concerns (perceived risk) and irritation both have a direct and positive 

effect on ad avoidance.  When studying the impact of perceived advertising value on advertising 

avoidance on mobile social networks, Wei, Ko, and An (2019) found that perceived intrusiveness 

and privacy concerns both positively impact irritation, and irritation has a positive relationship 

with advertising avoidance; however, the moderating effect of advertising value is not 
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significant.  Jung (2017) also found that increased perceived relevance also increases the 

consumer’s concerns for privacy, which in turn raise ad avoidance. 

 Seyedghorban, Tahernejad, and Matanda (2016) performed a replication study on 

advertising avoidance originally studied by Cho and Cheon (2004).  Both studies researched how 

three variables—perceived goal impediment, perceived ad clutter, and prior negative 

experience—contribute to people avoiding internet advertising.  In the original study by Cho and 

Cheon (2004), all three variables directly led to advertising avoidance.  In the replication study, 

Seyedghorban et al. (2016) found that ad clutter exclusiveness was no longer a valid measure of 

the construct as indicated in the original study.  They argued today’s internet users do not 

consider the internet as an advertising medium; instead, most users now consider the internet as a 

tool for social networking or other specific tasks (i.e., checking weather forecasts, online 

banking; Seyedghorban et al., 2016). 

 Due to the internet being more task related, ads are considered more of a hindrance online 

compared to other types of media and this effect was shown with YouTube video ads having a 

higher level of avoidance than television advertising (J. K. Kim & Seo, 2017; Redondo & Aznar, 

2018).  Because the internet is task related, it has been shown that some users of online social 

networks do not necessarily dislike ads, but they do not notice them because of additional 

content found on social networks (Hadija, Barnes, & Hair, 2012).  Y. Kim et al. (2016) found 

that Facebook users do not want entertaining ads because they find other content on Facebook 

entertaining enough.  

 The tracking methods used to create personalized advertising increase consumers’ 

suspicions and create trust issues when consumers realize their online behaviors are being 

tracked by advertisers, which can lead to advertising avoidance (Gironda & Korgaondar, 2018; 
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Tran, 2017).  Research by Tran (2017) revealed that some users consider personalized 

advertising on Facebook to be more reliable, creating a positive attitude toward the ads, while 

others are more suspicious of the ads, thereby increasing ad avoidance.  Consumers receiving 

unwanted personalized advertising can develop advertising avoidance because they feel like their 

privacy is being threatened (Tsang et al., 2004; Tran, 2017), and location-based advertising on 

mobile devices also causes avoidance because consumers’ activities are interrupted, which is 

considered perceived goal impediment (Shin & Lin, 2016).  
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Table 4 

Overview of Studies Regarding Advertising Avoidance 

Authors Findings Implications for  

Current Study 

Baek & 

Morimoto, 

2012 

Perceived ad personalization was 

shown to decrease ad avoidance. 

Supports desire for personalized ads 

having negative relationship with ad 

and brand avoidance (H6, H7). 

Ham, 2017 The more consumers recognize covert 

tactics with online behavioral 

advertising, they are more likely to 

experience advertising avoidance, and 

having higher self-efficacy leads to 

increased ad avoidance. 

Suggests that relevant personalized 

ads may lead to less irritation and 

decreased ad avoidance (H5, H6, H8). 

Hussain & 

Lasage, 

2014 

Consumers use ad-blocking software to 

avoid online video advertisements 

because of irrelevant advertisement 

content. 

Current study posits that more 

relevant personalized ads will 

negatively affect ad avoidance. 

Redondo & 

Aznar, 2018 

Utilization of online ad blockers will 

increase considerably due to new users 

finding out how to use the ad blocking 

software. 

Current study posits that more 

relevant personalized ads will 

negatively affect ad avoidance. 

Tucker, 

2014 

Giving users more control over their 

personal information nearly doubles 

click through rates of personalized 

advertising. 

Supports irritation with non-

personalized ads leading to ad 

avoidance. 

Wei, Ko & 

An, 2019 

Social media mobile advertising has 

positive effects on both perceived 

intrusiveness and privacy concerns, 

personalization has negative effects on 

perceived intrusiveness but positively 

affects privacy concerns, and 

customization positively affects 

perceived intrusiveness but negatively 

affects privacy concerns. 

Shows that personalized ads can be 

considered less intrusive, resulting in 

less ad avoidance (H6). 
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 Brand avoidance.  According to M. S. W. Lee, Motion, and Conroy (2009), brand 

avoidance is when a consumer intentionally ignores or rejects a brand.  There are four types of 

brand avoidance: experiential avoidance (a consumer’s unmet expectation of the brand’s 

performance), identity avoidance (the perception of the brand being inauthentic or associated 

with a negative reference group), moral avoidance (when a consumer relates the brand to a 

country or region they do not respect or believe the brand is not aligned with their ethics), and 

deficit-value avoidance (when a consumer does not think that the cost–benefit tradeoff is 

adequate to purchase the brand; M. S. W. Lee et al., 2009).  The original brand avoidance 

framework was extended to include advertising avoidance by Knittel, Beurer, and Berndt (2016), 

who showed that brand avoidance can be the result of advertising avoidance due to the 

advertising’s content, use of a disliked celebrity or music, or their response to the ad itself.  

 E. Kim, Ratneshwar, Roesler, and Chowdhury (2014) found that consumers with higher 

attention to social comparison information have brand avoidance behaviors because of concerns 

related to social evaluation by their peers.  Millennial consumers can be turned off by a brand 

because of either their own or their peers’ negative experiences with the brand, which often times 

results with discontinuing purchases of that brand (Knittel et al., 2016).  

 Ozcelik and Varnali (2018) found that consumers’ perception of an ad being informative 

gives them a better attitude toward the ad, along with increased brand attitude, which positively 

affects behavioral responses such as clicks, while irritation with an ad causes a poor attitude and 

decreased brand attitudes, decreasing behavioral ad responses such as clicking on the ad, thereby 
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decreasing advertising effectiveness.  As previously mentioned, personalized advertising on 

Facebook can cause consumers to avoid brands because social media users consider this media 

platform as more of an intimate platform (Shanahan et al., 2019; Tran, 2017). 

 Given recent developments and increased consumer adoption of ad avoidance in one or 

more fashions, research is necessary to help marketers understand why consumers choose to 

avoid online ads in order to maintain or increase online advertising effectiveness. 

Summary of Literature Review 

 As previously discussed, this study researched Gen Z’s acceptance of online personalized 

advertising under the theoretical lens of both social influence and the TPB.  Because Gen Z will 

have the most significant buying power of any other cohort and their online attitudes and 

behaviors have been significantly unexplored, they are an important population to understand 

(Chamberlain, 2018; Perlstein, 2017).  Social influence is the second most influential 

determinant of behavioral intention, and the TPB aids in explaining motivational factors 

contributing to behaviors (Ajzen, 1985; Chaouali et al., 2016; Dwivedi et al., 2011).  Online 

social influence is currently the most influential factor affecting consumers’ decision making and 

brand acceptance (C. M. K. Cheung et al., 2008). 

 Research on personalized marketing has shown conflicting results, and there is a lack of 

relevant research on how social influence affects consumers’ attitudes toward these personalized 

marketing efforts.  Marketers’ profitability is decreasing due to lowered advertising effectiveness 

as a result of increased online advertising avoidance (Baek & Morimoto, 2012; Cho & Cheon, 

2004; Shin & Lin, 2016).  Therefore, it is crucial for marketers to more effectively engage the 

Gen Z population to minimize ad and brand avoidance while enhancing brand loyalty.  

Model Development and Hypotheses 
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 The personalized marketing and consumer behavior and loyalty framework (as shown in 

Figure 4) illustrates how consumer perceptions of personalized marketing efforts are shaped, 

leading to avoidance behavioral intentions (ad avoidance and brand avoidance) and ultimately 

impacting consumer brand loyalty.  The framework includes two different avoidance behavioral 

intentions that consumers may undertake as a mechanism for gaining behavioral control over 

their online experiences when it comes to personalized marketing.  First, consumers may seek 

ways that enable them to avoid advertising efforts from a brand.  Ad blockers represent a 

technological mechanism through which consumers might avoid ads.  Second, consumers may 

become annoyed to the point that they take more drastic efforts to avoid all marketing efforts 

from a brand, referred to here as brand avoidance.  Finally, consumers may take an even more 

drastic action by avoiding digital technologies altogether in order to avoid advertisements and 

other marketing efforts.  While we acknowledge this third form of avoidance intention may exist, 

most digital native consumers are unlikely to engage in this drastic online avoidance because 

they are more comfortable with digital technologies and also have come to accept them as a key 

extension of their daily lives.  Therefore, we focus our investigation on the two former ways a 

digital native is likely to seek to gain behavioral control over online experiences involving 

personalized marketing.  

 As diagramed in Figure 4, social norms related to personalized marketing efforts heavily 

influence personalized marketing attitudes.  In turn, these attitudes impact intentions to avoid 

personalized marketing ads and avoid brands that use personalized marketing efforts.  Social 

norms also directly impact consumer behaviors related to ad and brand avoidance.  The 

framework also outlines the ultimate consequence these social norms, attitudes, and behaviors 

have for brands in terms of brand loyalty.  
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 The overarching framework and joint influence of consumers’ attitudes and behaviors 

were examined in two separate models.  Model 1 focuses on the differential effects of social 

norms and consumers’ attitudes toward personalized marketing on two consumer behaviors: (a) 

advertising avoidance, and (b) brand avoidance.  These are important behaviors to investigate 

because consumers’ advertising avoidance and brand avoidance results in decreased advertising 

effectiveness, resulting in lost profitability for advertisers and brands.  Model 2 focuses on all 

constructs within the framework, including consumers’ ad and brand avoidance resulting from 

personalized advertising, and the effect these constructs and resulting behaviors have on brand 

loyalty.  
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Figure 4. Personalized marketing and consumer behavior and loyalty framework. (+) = positive hypothesis association, (-) = negative 

hypothesis association. 
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 Brand loyalty.  Brand loyalty is defined as “the degree of a consumer’s emotional 

attachment to a brand” (C.-W. Lin, Wang, Chang & Lin, 2019, p. 449).  It is important to 

understand brand loyalty because it has been shown that consumers making brand 

recommendations to others and making repeat purchases are both based on brand loyalty 

(Gronholdt, Martensen & Kristensen, 2000; C.-W. Lin et al., 2019).  Table 5 provides a list of 

relevant research on brand loyalty.  Baldinger and Rubinson (1996) established that brand loyalty 

consists of both attitudinal and behavioral components.  Together these components have a better 

predictive ability of a consumer’s loyalty toward a brand; high loyal buyers stay with a brand 

because of their attitude toward the brand and non-loyal buyers can be converted into brand loyal 

customers by their attitude toward the brand (Baldinger & Rubinson, 1996). 

 There are many factors that contribute to brand experience and influence brand loyalty 

and resulting purchase intentions.  Studies have shown how brand loyalty affects online purchase 

intentions (Balakrishnan, Dahnil, & Yi, 2014; H. K. Chi, Yeh & Yang, 2009).  Online brand 

experience has been shown to be a factor that affects consumers’ brand attitude, which in turn 

influences purchase intentions and social influence within brand communities and has a positive 

effect on brand loyalty (C.-W. Lin et al., 2019; O’Donnell & Brown, 2012; Torres & Augusto, 

2019).  Research has shown that consumers make purchases based on the image that is 

associated with a brand, and a consumer’s attitude toward a brand, along with the brand’s 

affiliations, come from a positive brand image and brand equity (Dehghani & Turner, 2015; 

Dellarocas, 2003; Rappaport, 2007).  A consumer’s decision to make a purchase stems largely 

from the perceived value of the product, along with recommendations from other consumers on 

social media (Dehghani & Turner, 2015).  
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 The type of advertising is another important factor contributing to online brand 

engagement.  Shanahan et al. (2019) found that just the perception of an ad being personalized 

increases consumers’ brand loyalty and perceived quality of the ad; whether the ad actually was 

personalized was not a factor.  According to Y. J. Kim and Han (2014), the value a consumer 

receives from an ad is an important indicator of purchase decisions from a mobile device.    

 Multiple factors are increasing the importance of marketers considering how these 

attitudinal constructs impact brand loyalty.  First, marketers face increased competitive pressure 

in the online environment and consumers are more empowered to easily switch between multiple 

brands (de Cornière & de Nijs, 2016; Hennig-Thurau et al., 2013; Labrecque, vor dem Esche, 

Mathwick, Novak, & Hofacker, 2013).  Second, digital technologies have enabled increased 

personalization of marketing efforts across digital information channels including social media, 

video, email (Schreiner, Rese, & Baier, 2019).  Third, consumers have had the ability to 

passively ignore ads; however, technologies such as ad blockers have surfaced that allow 

consumers to actively ignore ads, thus restricting the amount of personalized marketing they see 

and potentially limiting the impact of personalized marketing efforts (Redondo & Aznar, 2018).  

Fourth, consumers increasingly rely on consumer-to-consumer information flows instead of 

marketer-generated messages (Goh, Heng & Lin, 2013; Shareef, Mukerji, Dwivedi, Rana, & 

Islam, 2019).  User-generated communications thus have a growing influence over consumers’ 

attitudes and behaviors related to personalized marketing efforts, avoidance behaviors, and brand 

loyalty (Brodie, Hollebeek, Jurić, & Ilić, 2011; Christodoulides, Jevons, & Bonhomme, 2012).  

Marketers need to better understand how digital natives’ attitudes and behaviors are shifting as a 

result of brands’ personalized marketing efforts; however, research is lacking on how 
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consumers’ brand loyalty attitudes are affected by personalized advertisements and how social 

influence can change attitudes toward brand loyalty. 
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Table 5 

Overview of Studies Regarding Brand Loyalty 

Authors Findings Implications for  

Current Study 

Shanahan, 

Tran, & 

Taylor, 

2019 

Consumers’ brand engagement and 

attachment influence brand loyalty, which 

is affected by their perception of an ad 

being personalized. 

Supports desire for a 

personalized ads construct 

leading to brand avoidance when 

an ad is not personalized, in turn 

impacting brand loyalty (H7, 

H12). 

Sheth & 

Kim, 2017 

Information sharing and peer pressure on 

social media affects consumer attitude 

toward a brand, and having an emotional 

connection with a brand influences 

purchase intention. 

Social influence is likely to 

affect both brand avoidance and 

brand loyalty (H3). 

Torres & 

Augusto, 

2019 

Brand personality influences online 

consumer behavior more than online brand 

experience, creating more resilience to 

negative brand information online. 

Extending brand personality to 

more relevant personalized ads 

and effects on brand avoidance 

and loyalty (H7, H12). 

Zheng, 

Cheung, 

Lee, & 

Liang, 2015 

When users are engaged in online brand 

communities, they focus more on the 

benefits than the costs, which then 

influences brand loyalty. 

Extending to positive social 

influence deterring brand 

avoidance leading to brand 

loyalty (H3, H12). 
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 Social influence and personalized marketing.  In this study, social influence is defined 

as in-person or online influence from others, such as eWOM, related to online ads, such as 

digital, social media, mobile, and video ads.  The current study examined how social influence’s 

effects on ad avoidance, brand avoidance, and brand loyalty are mediated through two attitudinal 

constructs: (a) consumers’ desire for personalized marketing and (b) consumers’ irritation with 

non-personalized ads.  

 The level of importance placed on information received from advertising to make a 

decision, combined with perceived advertising effectiveness, has an impact on consumers’ 

attitudes toward advertising and resulting behaviors (Brown & Stayman, 1992; Fishbein & 

Ajzen, 1975).  Drawing on the theory of social influence and the TPB, we expect that positive 

social influence will increase consumers’ level of desire to use personalized ads and increase 

their irritation with non-personalized ads because a person’s attitude has been shown to directly 

affect behavior (Fishbein, 1967). 

 Consumers’ attitudes are often aligned with what others think and share in the online 

environment.  J. Lee and Lee (2011) found that subjective norms have a positive influence on 

consumers’ intention to watch online video ads, Sanne and Wiese (2018) found subjective norms 

to be a significant predictor of a person’s intention to engage with Facebook advertising, and 

social influence was found to negatively affect consumers’ ad avoidance of Facebook newsfeed 

ads while positively affecting ad engagement (Youn & Kim, 2019).  Online rating behaviors 

were shown to be affected by social influence (herding influence) when Sunder et al. (2019) 

found that as a crowd’s product rating increases, the product rater’s rating increases as well, and 

friends’ ratings positively affect individuals.  Risselada et al. (2018) found that helpfulness votes 
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for online reviews affect consumers’ perception of review helpfulness where positive votes 

increase review helpfulness and negative votes decrease perception of helpfulness.  

 Ferreira and Barbosa (2017) established that consumers possessing more of a positive 

attitude toward Facebook advertising are more likely to share eWOM information and less likely 

to avoid ads.  Lim (2015) found eWOM to reduce consumers’ doubts because eWOM provides 

helpful information which influences consumers’ perceptions, intentions, and buying behaviors.  

Tsao, Hsieh, Shin and Lin (2015) found that positive reviews of hotels were more effective in 

influencing consumers to book rooms than negative reviews to not book rooms, establishing that 

positive eWOM is more influential on consumer behavior than negative eWOM.  

 Empirical evidence is lacking on how consumers perceive non-personalized ads.  

However, eWOM has been shown to have a negative bias, meaning that negative eWOM has 

more of an effect on others’ decision making than positive eWOM (Hennig-Thurau, Wiertz, & 

Feldhaus, 2014).  Drawing on the TPB, it has been well established that a person’s social 

environment influences behaviors and intentions (Fishbein & Ajzen, 1975).  Therefore, this 

study posits that positive social influence will increase consumers’ desire for personalized ads, 

resulting in irritation when presented with non-personalized marketing.  Other consumers are 

also likely to complain about non-personalized marketing as an annoyance within the digital 

environment.  When consumers are exposed to complaints and negative attitudes of other 

consumers, it will increase irritation with non-personalized marketing (Hennig-Thurau et al., 

2014).  Therefore, we postulate that: 

H1: The level of social influence is positively associated with an individual’s desire for 

personalized ads.  



ACTIONS SPEAK LOUDER THAN WORDS 

54 

H2: The level of social influence is positively associated with an individual’s irritation 

with non-personalized ads. 

 Social influence and avoidance behaviors.  In recent years, ad blocker usage has been 

increasing and is expected to continue to increase as people learn from their social network how 

easy ad blocking technologies are to implement (Redondo & Aznar, 2018).  However, it is the 

position of this research that personalized ads can help reduce the increasing adoption by 

offering more relevant ads to consumers.  

 S. Kim, Lee, and Yoon (2015) studied how personal norms influence people's online 

behaviors, finding that social influence significantly predicts a person's online behavior.  The 

importance a person places on social conformity has been shown to increase consumers’ Twitter 

use, social influence increases intention to use blogs due to improved information received, and a 

positive attitude toward Facebook ads increases eWOM sharing and decreases ad avoidance  

(Ferreira & Barbosa, 2017; S. Wang & Chuan‐Chuan Lin, 2011; J. Yoo, Choi, Choi, & Rho, 

2014).  

 Many studies have shown the positive effect online social influence has on brands.  Sheth 

and Kim (2017) found that consumers are likely to join a brand-related group or follow a brand 

on social media if their family or friends have recommended they do so.  When social network 

friends endorse advertised brands on Facebook, the effectiveness, recall, and sales increase from 

the friend referrals and positive customer reviews have been shown to influence online product 

choices by consumers (Huang & Chen, 2006; Windels et al., 2018).  A person’s attitude toward a 

brand’s Facebook advertising has also been shown to increase by the strength of relationship 

with a Facebook friend who makes a positive brand post (Xue, 2019; Xue & Zhou, 2018).  
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 Kudeshia and Kumar (2017) found that social influence significantly affects brand 

attitude and purchase intentions.  Positive social influence has been shown to increase brand 

attitude and brand equity, which are both higher when the message receiver considers the source 

of the eWOM message more credible (Schivinski & Dabrowski, 2016; Wu & Wang, 2011).  

According to Lim (2015), social influence reduces consumers’ doubts by providing helpful 

information, which in turn influences consumers’ perceptions, intentions, and buying behaviors, 

and Ye, Law, Gu and Chen (2011) found that social influence affects purchase intentions 

because online reviews lower a consumer’s cognitive load, which increases awareness, resulting 

in increased sales.  Lu, Zhao, and Wang (2010) studied how virtual communities influence 

purchase intentions within e-commerce based social networks, finding that when a member of a 

virtual community trusts other members, purchase intentions are impacted because the 

information search is influenced by other members, helping them decide what to buy.  

 Brand avoidance is when a consumer intentionally ignores or rejects a brand (M. S. W. 

Lee et al., 2009) and can come from advertising avoidance due to the advertising’s content or a 

consumer’s response to the ad itself (Knittel et al., 2016).  Brand avoidance is a purposeful 

decision of a consumer to repudiate or refuse to use a brand, and the consumer decision of brand 

avoidance is within a consumer’s control (M. S. W. Lee et al., 2009).  Studies about the effects 

of personalized marketing on brand avoidance are limited; therefore, this research built on 

theoretical advancements from related studies.  Therefore, we postulate that: 

H3: The level of social influence is negatively associated with ad avoidance.  

H4: The level of social influence is negatively associated with brand avoidance. 

 Desire and irritation attitudes.  A consumer’s perception of advertising value is 

important because prior research has shown that perceived benefits from personalized marketing 
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can act as a strong predictor of attitude toward a particular product or behavior towards use (S. 

Kim et al., 2015).  Personalization of ads has been shown to increase consumers’ perceptions of 

the ads’ informativeness, credibility, and overall value, which in turn increases advertising value 

and purchase intention (Y. J. Kim & Han, 2014; Tran, 2017).  According to Noar, Harrington, 

and Aldrich (2009), consumers consider personalized messages more memorable, likeable, and 

persuasive compared to non-personalized messages due to increased personal relevance 

(Kalyanaraman & Sundar, 2006; Tam & Ho, 2006).   

 The TPB states that intentions and behaviors are influenced by attitude if the behavior is 

within a person’s own control to perform (Ajzen, 1985).  The effect that desire for personalized 

marketing has on irritation, ad avoidance, and brand avoidance will vary according to a person’s 

ability to avoid the behavior(s).  Minimally, a person is expected to have the ability to 

cognitively avoid advertising by not paying attention to or behaviorally clicking off ads; 

however, one may feel he or she does not possess the ability to install ad blocker software.    

 Understanding a consumer’s attitude toward advertising is important because it mediates 

the relationship between advertising informativeness, irritation, and a consumer’s behavioral 

responses, with a consumer’s attitude being the strongest predictor of clicking on an ad (Ozcelik 

& Varnali, 2018).  Y. J. Kim and Han (2014) found that when consumers have a positive attitude 

toward advertising from customized ads, they think the ads are more informative, which 

increases click behavior for the ads.  A person’s attitude has been shown to influence behavioral 

intention to interact with Facebook advertising and personal norms are influenced by social 

factors, which can be used to predict social media behaviors (S. Kim et al., 2015).  Prior research 

has shown that a consumer’s behavioral response to advertising can be determined by perceived 

informativeness and either entertainment or irritation caused by advertising (D. G. Taylor, 
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Lewin, & Strutton, 2011).  As consumers perceive more value in an advertisement, they are more 

likely to understand and engage with the advertisement (D. G. Taylor et al., 2011).  Research has 

found that even just the perception of an ad being personalized positively affects attitude toward 

the ad and purchase intention (C. Li, 2016; Tran, 2017).  

 Several factors have been associated with increasing consumers’ attitudes toward 

personalized marketing.  Perceived relevance and informativeness have both been shown to 

increase with the use of personalized marketing (Jung, 2017), which in turn increases consumers’ 

attitudes toward personalized advertising (C. Li & Liu, 2017; Ozcelik & Varnali, 2018).  Ad-

induced pleasure was found to be the most influential antecedent of attitude toward online 

advertising (Redondo & Aznar, 2018).  As C. Li, (2016) and Tran(2017) found, even consumers’ 

perception of an ad being personalized increases their attitudes.  When studying the differences 

between a personalized ad and a non-personalized ad, C. Li and Liu (2017) found an interaction 

effect between personalization of ads and a consumer's involvement level with the ad; when the 

ad is considered more relevant, a more favorable attitude is created.  

 Factors known to decrease consumers’ attitudes toward personalized advertising  include 

advertisements that are perceived as not being valuable or considered deceptive or annoying 

(Ducoffe, 1995; Y. Kim et al., 2016; H. Li, Edwards, & Lee, 2002).  How marketers collect 

consumers’ data has been shown to affect privacy issues, and consumers having control of their 

personal information and data online has been shown to be a factor in their perception and use of 

digital marketing (Eastin et al., 2016; Gironda and Korgaonkar, 2018). Gironda and Korgaonkar 

(2018) found that the extent to which consumers value their privacy is positively related to 

privacy concerns and invasiveness; however, when they have increased control over their 

privacy online, privacy concerns and feelings of advertising invasiveness decrease.  According to 
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Aguirrea, Mahr, Grewal, Ruyter, and Wetzels (2015), click through rates have been shown to 

increase when companies use overt data collection compared to covert due to consumers feeling 

vulnerable, and privacy concerns did not affect consumers’ mobile commerce activity unless 

they lacked control or there was unauthorized access to their data (Eastin et al., 2016).   

 Attitudes toward personalized marketing are likely to encompass both positive (desire) 

and negative (irritation) aspects.  Personalized marketing is more relevant to users and saves 

them time in searches; therefore, some consumers consider this type of advertising as a benefit 

causing them to prefer or desire to use personalized ads (Zhu & Chang, 2016).  Irritation 

represents a negative emotion that consumers experience when they are exposed to ads that are 

annoying, offensive, or manipulative (Ducoffe, 1995).  Combined, these two attitudes are 

interrelated and form a consumer’s overall attitude toward personalized marketing. 

The main purpose of advertising is to solve a consumer's problem, and according to 

Shimp (1981), this can be accomplished with effective copywriting to match a product’s 

attributes or benefits to a consumer's needs or wants in order to create a positive attitude.  When 

advertising uses annoying techniques or a significant amount of irrelevant information, 

consumers feel irritated; however, when information is related to the consumers’ interests or 

needs, they will not consider the ads as annoying or unwanted (Ducoffe, 1995).  Therefore, it is 

the position of this research that when consumers are exposed to personalized ads, their positive 

attitudes will increase because the content is more specified to their personal needs.  Therefore, 

we postulate that: 

H5: The level of desire for personalized ads is positively associated with an individual’s 

irritation with non-personalized ads.  
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 Personalized marketing attitudes and avoidance behaviors.  Drawing on theoretical 

support from the TRA and the TPB, attitude is expected to be a predictor of a person’s behavior 

(Ajzen, 1985; Fishbein & Ajzen, 1975).  According to Ajzen and Fishbein (1980), consumers’ 

attitudes have been shown to influence their brand attitudes, along with purchase intentions. 

 As Speck and Elliott (1997) found, advertising avoidance can be passive (ignoring or 

clicking off an ad) or active (stopping activity or installing ad-blocking software).  According to 

Redondo and Aznar (2018), ad blocker adoption is expected to increase as users find out how 

easy the blockers are to install.  Ad blocker usage is important to marketers because consumer 

usage of ad blocking software decreases advertising effectiveness and profitability (Brinson, 

Eastin, & Cicchirillo, 2018; Davies, 2016; Perrin, 2019).   

 As previously mentioned, consumers expect ads to be more relevant today; therefore, 

according to Hussain and Lasage (2014), when ads are considered irrelevant and lacking 

authenticity, consumers use ad-blocking software to avoid ads altogether.  Although privacy 

concerns and ad irritation have been shown to positively influence ad avoidance, perceived 

personalization has been found to increase credibility and ad attitude while decreasing skepticism 

and ad avoidance (Baek & Morimoto, 2012; Tran, 2017).  Similarly, H. Kim and Huh (2017) 

found that while consumers are concerned about privacy and collection of their online data, their 

perceived ad relevance was more important in predicting their response to online behavioral 

advertising.  Chen, Feng, Liu, and Tian (2019) found that reactance can be the result of a 

person’s privacy concerns; however, their perceived costs of non-personalization negatively 

impact their reactance to online personalized advertising. 

 Bang and Wojdynski (2016) found that personalized ads attract more attention for longer 

compared to non-personalized ads, and people in high cognitive demand situations pay more 
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attention to personalized ads compared to low cognitive demand situations.  Ferreira and Barbosa 

(2017) found that attitude toward Facebook advertising was negatively associated with ad 

avoidance; similarly, Sanne and Wiese (2018) found that attitude toward Facebook advertising 

predicts engagement with Facebook advertisements, and Redondo and Aznar (2018) found that 

positive attitudes toward online marketing are negatively associated with ad blocker adoption.  

 We anticipate a similar relationship when examining attitudes toward personalized 

marketing and brand avoidance.  For example, research has shown that purchase intentions 

increase when adolescents are exposed to retargeted ads compared to non-retargeted ads 

(Zarouali, Ponnet, Walrave, & Poels, 2017).  Several studies examining personalized marketing 

and social media marketing have established the positive effect that attitude has on purchase 

intentions and brand attitude.  For instance, Ozcelik and Varnali (2018) found that using online 

behaviorally targeted ads strengthens attitudes and positively affects a consumer’s behavioral ad 

response and brand attitude.  C. A. Lin & Kim (2016) found that the more positive a consumer’s 

attitude is toward Facebook advertising, the stronger the purchase intention is for the product 

being advertised.  Similarly, consumers’ attitudes have been shown to increase from just the 

perception of ad personalization (C. Li, 2016; Shanahan et al., 2019).  In turn, this can positively 

impact brand engagement and brand attachment leading to increased perceived quality and brand 

loyalty of advertised brands on Facebook (Shanahan et al., 2019). Therefore, we postulate that: 

H6: The level of desire for personalized ads is negatively associated with ad avoidance.    

H7: The level of desire for personalized ads is negatively associated with brand 

avoidance.    

 Irritation and avoidance behaviors.  As noted previously, irritation is a negative 

emotional experience that can occur when consumers deem ads to be annoying, offensive, or 
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manipulative (Ducoffe, 1995).  It has been well established that irritation negatively affects 

attitude toward advertising (Baek & Morimoto, 2012; Fennis & Bakker, 2001; Morimoto & 

Chang, 2006), and research has shown that as consumers become irritated, advertising 

effectiveness is reduced and their overall attitudes become negative toward the ad (Ducoffe, 

1995). 

 The TRA has established that a person’s intention is directly affected by his or her 

attitude, and the TPB explains how a person’s behavior is often the result of his or her ability to 

perform the behavior (Ajzen, 1985; Fishbein & Ajzen, 1975).  Accordingly, if a person is 

irritated with non-personalized ads, he or she may choose to avoid the advertising cognitively or 

by installing an ad-blocker.  However, this more active form of installing ad blocking software 

may not be within the person’s control because not all consumers know about or how to install 

ad-blocking software.  Furthermore, the compliance process of social influence may affect users’ 

adoption of technology that they do not have previous experience with; therefore, they depend on 

others’ experience and knowledge (Chaouali et al., 2016; Cheung, C. M. K., & Lee, 2010; 

Ifinedo, 2016; Kelman, 1958, 1961; D. C. Li, 2011; Venkatesh & Davis, 2000).  

 Advertising irritation has been shown to decrease clicks on Facebook ads (Y. Kim et al., 

2016), and advertising irritation is positively related to advertising avoidance (Nyheim et al., 

2015).  However, according to Baek and Morimoto (2012), although consumers’ privacy 

concerns and ad irritation increase their avoidance of ads, when their perception of 

personalization increases, their ad skepticism and avoidance of ads decreases.  

 Irritation with advertising has also been shown to impact brand avoidance among 

Millennials in the context of avoidance of brand-related content on the Internet, including 

blocking and removing from social media (Knittel et al., 2016).  Advertising irritation was 
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shown to come from either their own dislike of the content of the ad, such as the celebrity 

endorser, music, or their own personal response (like or dislike) of the ad or can also come from 

another consumer's negative experience (Knittel et al., 2016).  

 Although Knittel et al.’s (2016) research findings support our position on how 

consumers’ attitudes toward advertising and TPB will affect the behavior of brand avoidance, 

conflicting results from Ozcelik and Varnali (2018) showed that irritation has no significant 

direct effect on brand attitude.  Consequently, more research is necessary to fully understand this 

dynamic in the context of personalized marketing.  Despite these mixed findings, we anticipate 

that: 

H8: The level of irritation with non-personalized ads is positively associated with ad 

avoidance. 

H9: The level of irritation with non-personalized ads is positively associated with brand 

avoidance.  

 Ad and brand avoidance.  According to Speck and Elliott (1997), advertising avoidance 

can be any activity a person does to reduce their exposure to ad content, with typical online 

avoidance behaviors consisting of not paying attention to or ignoring the ad (cognitive), negative 

feelings toward the ad (affective), or ceasing online activity such as clicking off the ad or 

installing ad-blocker software (behavioral or mechanical).  This research study focused on all 

three types of ad avoidance activities.  

 There have been few studies looking at a negative brand relationship and fewer that have 

researched this concept with non-purchase intentions; however, Odoom, Kosiba, Djamgbah, and 

Narh, (2019) measured and validated a brand avoidance scale using non-purchase intention, 

showing that ad avoidance is positively related to brand avoidance.  Consumers’ brand avoidance 
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has been shown to be the result of their advertising avoidance because of a dislike of the 

advertising’s content, celebrity spokesperson used, music, or their response to the ad itself 

(Knittel et al., 2016).  In a study looking at the effects of mobile behaviorally targeted 

advertising, it was shown that this type of advertising influences consumers’ perceived brand 

ethical value by negatively affecting brand avoidance and positively affecting brand loyalty 

through brand romance (Mpinganjira & Maduku, 2019).  Therefore, we postulate that: 

H10: The level of ad avoidance is positively associated with brand avoidance. 

 Avoidance and brand loyalty.  Rosengren and Dahlén (2014) researched the longer-

term, cumulative effects of consumers’ acceptance and attention to brand-related advertising, 

finding that consumers’ opinions of a brand’s past advertising make up brand advertising equity), 

which affects their willingness to pay attention to future advertising from that brand, also 

supporting social influence internalization process’s theory of predicting continued usage.  The 

effects of social media marketing (interactivity, credibility, and infotainment) have been shown 

to have a positive effect on brand performance (C.-W. Lin et al., 2019; Majid, Lopez, Megicks, 

& Lim, 2019). 

 Research has shown that when a consumer initiates communication with a brand online, 

engages in social network brand communities, or a brand initiates online communication with the 

consumer, this social media marketing has a significant impact on brand loyalty (Ismail, 2017; 

Zheng, Cheung, Lee, & Liang, 2015).  Being a member of an online brand community has been 

shown to increase brand use, leading to brand trust, which in turn increases brand loyalty 

(Laroche, Habibi, Richard, & Sankaranarayanan, 2012).  When consumers perceive online ads to 

be personalized, they have increased brand engagement and brand attachment, both of which 

increase consumer brand loyalty (Shanahan et al., 2019), and Chu, Chen and Sung (2015) found 
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that consumer intention to follow brands on Twitter is positively related to consumers’ desire to 

create and disseminate brand information, considered brand loyalty.  Social network loyalty has 

been shown to be significantly affected by consumer attitude toward use, receiving positive 

feedback from social influence (Curras-Perez, Ruiz-Mafe, & Sanz-Blas, 2014).  Therefore, we 

postulate that: 

H11: The level of ad avoidance is negatively associated with brand loyalty. 

H12: The level of brand avoidance is positively associated with brand loyalty. 

Method 

Sample 

 The sample for this study was undergraduate students from two Midwestern universities.  

The students who were invited to participate were taking business courses with a class standing 

of sophomore, junior, or senior.  The students received extra credit for their participation.  

Demographics for this study were males and females within the Gen Z cohort with ages ranging 

from 18 to 22.  The Gen Z cohort is an important group to study because this age group spends 

most of their time on the internet and shops online more than any other age group (Palley, 2012; 

Salpini, 2017; Turner, 2015).  Since, the Gen Z cohort is the largest generational cohort in the 

United States, it is important to understand their preference for online advertising and 

personalized marketing efforts.  

Data Collection 

 The survey was created in Qualtrics and distributed by email to students at their 

university email accounts, asking them to participate in an online survey for which they would 

receive extra credit.  Participants were asked to complete the survey within 14 days of receipt.  A 
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reminder email was sent seven days after the survey had been initially emailed and after 14 days 

in order to maximize the response rate.   

The following script was read by survey respondents prior to taking survey: 

Personalized advertising is a new way to advertise to online consumers.  The 

personalized ads are created by placing a cookie (file added to computer) and are based 

on individual consumer searches, demographics from social media profiles, postings, 

“likes,” etc.  These ads are then shown on websites, social networking sites, email 

services and search engines.  

 

  Please consider the following scenario when taking this survey: 

 

You are planning to take a trip this year to Miami, Florida.  Although you know where 

you are going, you do not know what hotel you will be staying.  You have searched for 

hotels on booking sites and search engines to compare prices, features and pictures.  

From your search, you have found a hotel you like.  After reviewing prices, features and 

pictures you believe this hotel will meet your needs for your vacation, but you closed 

your browser before making a reservation.  The next time you get on the internet, you see 

a banner ad for the same hotel, location in Miami, on another website or your social 

media page that you visit.  

Measures 

 A multi-stage process informed the questionnaire measure development.  First, extensive 

review of the literature identified important constructs and measures related to personalized 

marketing.  Although original in nature, because of the specific forms of personalization and 

digital media investigated, a review of the marketing literature informed the development of 

survey items measuring social influence, desire for personalized ads, irritation, ad avoidance, 
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brand avoidance, and brand loyalty.  A group of marketing faculty and digital marketing experts 

reviewed all survey items to ensure appropriateness.  

 A pilot study was conducted at UW–Green Bay and UW–Whitewater to narrow down the 

list of scale items and to ensure the readability and quality of the survey questions.  The 

participants were male and female students between the ages of 18 and 22 who are currently 

taking business courses.  The students were offered extra credit for participation in the pilot 

study.  A confirmatory factor analysis (CFA) was used to validate the scales.  Definitions for 

each construct and their relationships to the TPB are identified in Table 6.  A list of proposed 

measurement items is located in the Appendix.   
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Table 6 

Construct Definitions 

Construct TPB Construct Definition Operationalization 

Independent 

Variables 

   

Social 

Influence 

 

Subjective 

norms 

An individual’s perception of 

how people they communicate 

with in-person and online feel 

about the use of digital 

marketing efforts 

The perceived level of positive 

support that personal 

connections have regarding the 

helpfulness, usefulness, 

effectiveness, and value of 

various digital marketing 

efforts, (i.e., social media, 

mobile, video, online reviews, 

personalized web content, etc.) 

Desire for 

Personalized 

Ads 

Attitude H   An individual’s perceived 

value of receiving 

personalized ads or other 

marketing content 

The agreement level that 

personalized ads or other 

content based on 11 different 

personalization methods are 

valuable (i.e., products viewed 

online, products purchased 

online, demographics, etc.) 

Privacy Attitude An individual’s perceived risk 

based on privacy concerns 

To what degree an individual 

believes that a brand is 

infringing on their privacy 

online 

Irritation Attitude An individual’s irritation when 

ads are not personalized 

 

How relevant an individual 

perceives a non-personalized 

ad, based on 10 measures 

Dependent 

Variables 

   

Ad 

Avoidance 

 

Perceived 

behavioral 

control, 

intention, 

behavior 

An individual’s cognitive, 

affective, and behavioral 

avoidance of online ads 

Multi-dimensional construct 

measuring ad avoidance based 

on cognitive (five measures), 

affective (five measures), and 

behavioral (14 measures) 

Brand 

Avoidance 

 

Perceived 

behavioral 

control, 

intention, 

behavior 

An individual’s avoidance of 

non-personalized brand-related 

content on the Internet, such as 

blocking, removing from 

social media 

Ten items measuring an 

individual’s actions taken to 

avoid a brand’s marketing 

efforts that are not personalized. 

 

   (continued) 
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(continued)    

Construct TPB Construct Definition Operationalization 

Brand 

Loyalty 

 

Perceived 

behavioral 

control, 

intention, 

behavior 

An individual’s commitment 

to the brand and continued 

intention to purchase this 

brand 

Seven measures on how 

committed to a brand an 

individual would be based on 

the brand’s personalized 

marketing efforts 

Control 

Variables 

   

Gender 

 

 Participant’s gender (0 = male; 1 = female) 

Age  Participant’s age 18–24; 25–39; 40–54; > 54 

Year in 

school 

 Participant’s class standing in 

college 

Freshman; sophomore; junior; 

senior; does not apply 

Time spent 

online 

 Participant’s estimate of how 

much time they spend online 

each day 

< 1 hour; 1–3 hours; 4–6 hours; 

7–9 hours; 10 + hours 

Number of 

social media 

profiles 

used weekly 

 Participants number of social 

media profiles 

Facebook; Twitter; Instagram; 

Pinterest; YouTube; TikTok; 

Snapchat; LinkedIn; Reddit; 

Other; none of the above 

Frequency 

of social 

media 

posting 

 How often participant posts on 

social media 

Never; few times per year but 

not every month; at least once 

per month; at least once per 

week; at least once per day 

Frequency 

of online 

purchasing 

 How often participant makes 

purchases online 

Never; few times per year but 

not every month; at least once 

per month; at least once per 

week; at least once per day 

Note. TPB = Theory of planned behavior 
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The following are definitions of the constructs used in this research study.   

• Social Influence: The social influence construct (others’ attitudes toward digital 

marketing) is a multidimensional construct measuring the influence on the value of using 

digital, social media, mobile, or video advertising.  This scale was adapted from 

Venkatesh, Morris, Davis, and Davis (2003; four items, 1 = strongly disagree, 5 =  

strongly agree).  

• Desire for Personalized Ads: Desire for personalized ads measures the importance placed 

on an ad on being personalized.  The survey items were adapted from various scales: 

perceived usefulness and value of personalized marketing (Bleier & Eisenbeiss, 2015; 

Davis, 1989; Tam & Ho, 2006; four items, 1 = strongly disagree, 5 = strongly agree).  

• Privacy: The privacy construct measures the level of Gen Z’s privacy concerns online.  

The survey items were adapted from perceived risk (Featherman, 2003; four items, 1 = 

strongly disagree, 5 = strongly agree). 

• Irritation: The irritation construct evaluates opinions on non-personalized marketing 

consisting of  irritation with non-personalized marketing (Bleier & Eisenbeiss, 2015; 

Edwards et al., 2002; eight items, 1 = strongly disagree, 5 = strongly agree) 

• Ad Avoidance: Ad avoidance is a multidimensional construct representing a person’s 

cognitive (five items; 1 = strongly disagree, 5 = strongly agree), affective (five items; 1 = 

strongly disagree, 5 = strongly agree), and behavioral ad avoidance (14 items; 1 = 

strongly disagree, 5 = strongly agree).  Measures were adapted from Cho and Cheon 

(2004). 

• Brand Avoidance: Brand avoidance represents a person’s avoidance of brands that do not 

have personalized ads (10 items; 1 = strongly disagree, 5 = strongly agree). 
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• Brand Loyalty: The brand loyalty construct measures loyalty to brands using 

personalized marketing.  The survey items were adapted from Chaudhuri and Holbrook, 

(2001), Grohmann (2009), Shanahan et al. (2019), and B. Yoo and Donthu (2001; seven 

items, 1 = strongly disagree, 5 = strongly agree). 

Control Variables 

 The control variables used in this study were gender, year in school, time spent online, 

and number of social media profiles.  Prior research has suggested that age, gender, and time 

spent online may influence attitudes toward social network advertising, with younger age groups 

being more affected by social influence compared to older age groups (Rivis & Sheeran, 2003; 

D. G. Taylor et al., 2011; Qin, Kim, Hsu, & Tan, 2011). 

Data Analysis Procedures 

 This section provides an overview of the data analysis methods used in this study.  A 

scenario-based survey was used to test our hypotheses because they are easier to administer, 

provide data from large samples, and reduce possible memory lapses of participants (Gironda & 

Korgaonkar, 2018).  An alternative to scenario-based surveys for personalized marketing 

research is to do an experiment, which would entail accessing participants’ individual data, 

browsing history, and personal information.  Due to the sensitive nature of privacy issues with 

this type of experiment methodology, a scenario-based method is considered a better option 

(Gironda & Korgaonkar, 2018).  Additionally, personalized marketing experiments can result in 

bias due to some respondents thinking generic ads are personalized and personalized ads are 

generic (C. Li, 2016).  A travel scenario was used because travel is a category in which college 

students are interested in and travel is the most popular product category for both males and 

females (Ham, 2017; Zhu & Chang, 2016).  
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 In addition to basic descriptive statistics, hypothesis testing across two models used 

multivariate multiple regression and SEM.  Common method bias was measured post-hoc using 

a common marker variable in the measurement model.  Table 7 summarizes the data analysis 

procedures that were used.  
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Table 7 

Data Analysis Procedures 

Stage Data Analysis Method Key Statistics 

Measurement 

Model & Scale 

Development 

Confirmatory Factor Analysis 

 

GFI, AGFI, CFI, NFI > .90; RMSEA 

< .08; Standardized Regression 

Weights 

Scale Reliability Cronbach 𝑎 > .7 

 

Convergent Validity 

 

AVE > 5 

Discriminant Validity 

 

MSV < AVE AND ASV < AVE for 

each construct 

Descriptive Statistics Standard deviation, means, and 

correlations for constructs 

Model 1 

Hypothesis 

Testing 

Multivariate Multiple Linear 

Regression 

 

F test; p value; correlations; Wilk’s λ; 

beta coefficients; R2 

 

Model 2 

Hypothesis 

Testing 

Structured Equation Model in 

AMOS 

Measurement fit: GFI, AGFI, CFI, 

NFI > .90; RMSEA <.08; standardized 

regression weights 

Note. GFI = goodness of fit index; AGFI = adjusted goodness of fit index; CFI = comparative fit 

index; NFI = normed fit index; RMSEA = root mean square error of approximation; AVE = 

average variance extracted; MSV = maximum shared variance; ASV = average shared variance. 
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 Measurement model and scale development.  The items representing the six theoretical 

constructs were subjected to an exploratory factor analysis (EFA) and CFA.  We used AMOS 23 

to conduct a CFA to measure unidimensionality validation (Churchill, 1979).  Estimation of the 

measurement model was done according to J. Anderson and Gerbing (1988), requiring each of 

the items to load on their priori specified factors, with each factor allowed to correlate with other 

factors.  Goodness of fit index (GFI) was expected to exceed the .90 cutoff, as were adjusted 

goodness of fit index (AGFI), comparative fit index (CFI), and normed fit index (NFI), as 

established by Bentler and Bonnett (1980).  According to Hair, Black, Babin, and Anderson 

(2006), we anticipated the root mean square of approximation (RMSEA) and its confidence 

interval to be less than the suggested cutoff level of .08.  We followed the process established by 

Mathwick and Rigdon (2004) for individual item loading significance tests.  Coefficient alpha 

scores for the interval scaled dimensions were expected to exceed the .7 level for construct 

reliability (Nunnally, 1978).  Each construct was expected to have an average variance extracted 

(AVE) > .50 for convergent validity, maximum shared variance (MSV) < AVE, and average 

shared variance (ASV) < AVE to ensure discriminant validity for each construct (Fornell & 

Larcker, 1981).  

 Model 1 hypothesis testing.  Hypothesis testing was conducted using multivariate 

regression for Model 1.  An initial CFA was conducted in AMOS.  SPSS was used to generate 

varimax rotation factor scores to test Model 1.  Multiple linear regression was used to test H1–

H10.  We tested four independent factors (social influence, desire for personalized ads, irritation, 

and ad avoidance) and the control factors (gender, age, year in school, time spent online, number 

of social media profiles, social media posting, and online purchases) on the effects to the 

dependent variables ad avoidance and brand avoidance.  Equation 1 shows the regression  
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model for ad avoidance and Equation 2 shows the regression model for brand avoidance. 

Ad Avoidance = β0 + β1 * (Social Influence) + β2 * (Desire for Personalized Ads) + β3 * 

(Irritation) + β4 * (Gender) + β5 * (Age) + β6 * (Year in School) + β7 * (Time spent 

online) + β8 * (Number of Social Media Profiles) + β9 * (Social Media Posting) + β10 * 

(Online Purchases)                (1) 

Brand Avoidance = β0 + β1 * (Social Influence) + β2 * (Desire for Personalized Ads) + 

β3 * (Irritation) + β4 * (Ad Avoidance) + β5 * (Gender) + β6 * (Age) + β7 * (Year in 

School) + β8 * (Time spent online) + β9 * (Number of Social Media Profiles) + β10 * 

(Social Media Posting) + β11 * (Online Purchases)           (2) 

 Model 2 hypothesis testing.  The SEM path analysis was conducted in AMOS 23 for 

Model 2, with each survey item loaded on its related construct.  Path analysis with SEM enables 

the measurement and structural models to be simultaneously tested to include complex models 

with multiple exogenous and endogenous variables (Hair, Black, Babin, & Anderson, 2010). The 

SEM analysis enables model testing with complex mediating interrelationships incorporating 

latent constructs while accounting for measurement errors (Ho, 2014).  Theoretical basis is 

required to use SEM path analysis to identify relationships for exogenous and endogenous 

variables, requiring a multi-step implementation process of: priori model specification, 

estimation, model fit evaluation, respecification, and data interpretation (Hoyle, 2012).  The 

primary advantage of using full SEM path analysis is the capability to test structural models that 

have multiple latent factors; therefore, the proposed data analysis procedure included SEM path 

analysis. 
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 Methodology concerns.  There are two possible issues associated with using the data 

collection method of surveys.  First, common method bias can arise from using anonymous 

surveys.  Second, non-response bias can be an issue in survey data collection.  

 To ensure a minimum level of bias, two techniques from Rogelberg and Stanton (2007) 

were used to analyze the survey results.  The first is called a wave analysis where variables from 

surveys returned before the deadline are compared with surveys from late responders to ensure 

that a bias does not exist.  The second technique we employed was looking at the average length 

of time for participants to complete the survey.   

 Common method bias.  According to Podsakoff, MacKenzie, Lee, and Podsakoff (2003), 

research methods utilizing participants’ self-reported data, such as surveys, may cause 

measurement error due to common rater effects and measurement context effects.  Therefore, 

methods were used to minimize common method bias.  To ensure the survey questions were well 

worded, understood, and valid, they did not include leading questions, and a pilot study was 

conducted.  To aide in reducing social desirability bias, participants’ responses were anonymous, 

and constructs of interest were separated within the survey (Rogelberg & Stanton, 2007).  The 

questions were also staggered to ensure that respondents were paying adequate attention and to 

ensure respondents were not just rushing through with all yes answers. 

 Non-response bias.  The survey was emailed so that students in face-to-face classes as 

well as online students all had an equal opportunity to participate.  After the initial invitation was 

emailed to participants, reminder emails were sent to ensure participants had an opportunity to 

take the survey before the deadline.  Lastly, the approximate time needed to take the survey was 

explained in the survey instructions and invitation to ensure participants started at an appropriate 

time with the time needed.  
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Results 

The following section provides a statistical analysis of the cross-sectional survey used for 

this study.  The methods used for analysis included EFA, multivariate regression, CFA, SEM, 

and common method bias checks.  Model 1 was analyzed by performing an EFA in SPSS for 

initial measurement scale item reduction and tested for reliability.  As Figure 5 illustrates, the 

privacy construct was added to the final regression model.  Although privacy was not part of the 

proposed model, it was added as an attitudinal construct to investigate the important impact and 

effect on Gen Z’s avoidance behaviors. 

Sample Results 

 This study’s survey was emailed to undergraduate students from two Midwestern 

universities currently taking business courses.  A pilot study, along with two waves of surveys, 

was sent out to a total of 782 students, with a response rate of 78.2%.  After removing surveys 

due to being incomplete, there was a sample of 436 usable surveys.  The participants’ 

characteristics and demographics follow in Table 8.  

Multivariate regression followed to examine the varying effects of four independent 

factors (social influence, desire for personalized ads, irritation, and privacy) and the control 

factors (gender, time spent online, and number of social media profiles) on the effects to the 

dependent variables ad avoidance and brand avoidance.  The measurement and structural path 

models were then created by utilizing AMOS 23 to ensure good data fit of the latent measures.  

The sections that follow illustrate the sample results, EFA, the measurement model, and 

hypothesis testing.   
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Table 8 

Sample Respondent Characteristics  

 

 

 

 

 

 

 

 

 

  

Characteristics Frequency % 

Gender   

Male 190 43.6% 

Female 246 56.4% 

Time spent online   

< 2 hours 3 0.7% 

2 hours 119 27.3% 

3 hours 221 50.7% 

4 hours 69 15.8% 

5 + hours 24 5.5% 

# of social media profiles   

< 2 15 3.4% 

2 21 4.8% 

3 59 13.5% 

4 83 19.0% 

5 +  258 59.2% 
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Figure 5. Model 1: Alternative proposed regression model with privacy.
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Scale Assessments for the Measurement Model 

An EFA with varimax rotation was conducted in SPSS, which identified six dimensions 

based on eigenvalues > 1.0.  The six factor dimensions (irritation, brand avoidance, ad avoidance 

[multi-dimensional], social influence [multi-dimensional], perceived value (PV), and privacy).  

The multi-dimensional construct ad avoidance had three dimensions (cognitive, reactive, and 

proactive) and social influence had nine dimensions (text, video, mobile, email, web, digital, 

social media, personalized ad, and overall).  Overall, the dimensions explained 52.9% of the 

variance.  Cronbach alpha scores for the six dimensions all exceeded the .70 benchmark to 

confirm construct reliability (Nunnally, 1978).  The results of the rotated component matrix with 

their respective alpha scores are shown in Tables 9-12.  Descriptive statistics, variable 

correlations, and significance levels for the six factors used in Model 1 are shown in Table 13-

14.  
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Table 9 

Exploratory Factor Analysis Rotated Component Matrix for Model 1 

          Factors 

Questions in Survey 

SI Text 

(α = .962) 

SI Video 

(α = .936) 

SI Mobile 

(α = .948) 

Perceived 

Value  

(α = .920) 

SI Email 

(α = .931) 

SI Web  

(α = .926) 

Messages from brands are useful 0.896 
     

Messages from brands are effective 0.893 
     

Messages from brands are helpful 0.878 
     

Messages from brands are valuable 0.864           

Videos from brands are useful 
 

0.862 
    

Videos from brands are effective 
 

0.860 
    

Videos from brands are helpful 
 

0.836 
    

Videos from brands are valuable   0.835         

Mobile ads from brands are useful 
  

0.817 
   

Mobile ads from brands are effective 
  

0.804 
   

Mobile ads from brands are helpful 
  

0.789 
   

Mobile ads from brands are valuable     0.768       

Make my online shopping searches more effective 
   

0.844 
  

Are useful for the products/services I am researching online 
   

0.842 
  

Are useful for my online shopping, so I intend to continue 

to use 

   
0.815 

  

Improve my online shopping experience       0.809     

 Emails from brands are useful 
    

0.870 
 

 Emails from brands are effective 
    

0.845 
 

 Emails from brands are valuable 
    

0.843 
 

 Emails from brands are helpful         0.842   

 Personalized content on a brand’s website is valuable 
     

0.794 

 Personalized content on a brand’s website is useful 
     

0.769 

 Personalized content on a brand’s website is effective 
     

0.762 

 Personalized content on a brand’s website is helpful           0.709 

Note. SI = social influence. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Rotation converged in 9 

iterations. 
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Table 10 

Exploratory Factor Analysis Rotated Component Matrix for Model 1Continued 

 

Questions in Survey 

SI Digital 

(α = .896) 

SI Social 

Media  

(α = .927) 

SI Overall 

(α = .918) 

SI PA  

(α = .909) 

Digital content created by brands is useful 0.796 
   

Digital content created by brands is valuable 0.775 
   

Digital content created by brands is helpful 0.775 
   

Digital content created by brands is effective 0.735       

It bothers me that brands are able to access information about me 
    

I am concerned that brands have too much information about me 
    

It bothers me that brands are able to track information about me 
    

I am concerned that my information could be used in ways I could not foresee         

Social media posts from brands are helpful 
 

0.746 
  

Social media posts from brands are useful 
 

0.743 
  

Social media posts from brands are effective 
 

0.714 
  

Social media posts from brands are valuable   0.697     

OVERALL, digital ads from brands are effective 
  

0.736 
 

OVERALL, digital ads from brands are useful 
  

0.735 
 

OVERALL, digital ads from brands are helpful 
  

0.722 
 

OVERALL, digital ads from brands are valuable     0.694   

Personalized ads from brands are useful 
   

0.672 

Personalized ads from brands are effective 
   

0.654 

Personalized ads from brands are helpful 
   

0.632 

Personalized ads from brands are valuable       0.619 

Note. SI = social influence. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Rotation converged in 9 

iterations. 
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Table 11 

Exploratory Factor Analysis Rotated Component Matrix for Model 1 Continued 

  

Factors 

   

 Questions in Survey 

Irritation   

(α = .930) 

Perceived 

Value  

 (α = .920) 

Privacy 

 (α = .925)  
The ad intrudes upon my online browsing experience 0.849 

  

 
I want to resist the ad 0.846 

  

 
The ad interferes with my online browsing experience 0.835 

  

 
The ad is unwelcome 0.826 

  

 
I want to dismiss the content of the ad 0.816 

  

 
The ad disturbs my online browsing experience 0.805 

  

 
The ad feels forced upon me 0.786 

  

 
I ignore the content of the ad 0.652      
Make my online shopping searches more effective 

 
0.844 

 

 
Are useful for the products/services I am researching online 

 
0.842 

 

 
Are useful for my online shopping, so I intend to continue to use 

 
0.815 

 

 
Improve my online shopping experience   0.809    
It bothers me that brands are able to access information about me 

  
0.901  

I am concerned that brands have too much information about me 
  

0.872  
It bothers me that brands are able to track information about me 

  
0.859  

I am concerned that my information could be used in ways I could not foresee     0.839  
Note. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Rotation converged 

in 9 iterations.   
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Table 12 

Exploratory Factor Analysis Rotated Component Matrix for Model 1 Continued 

 

Factors 

  

 Questions in Survey 

Proactive 

Ad 

Avoidance 

(α = .858) 

Reactive 

Ad 

Avoidance 

(α = .838) 

Cognitive 

Ad 

Avoidance 

(α = .838) 

Brand 

Avoidance 

(α = .910) 

I frequently use a do not track setting on my browser 0.804 
  

 
I frequently reset the advertising identifier on my mobile device 0.746 

  

 
I limit the use of tracking data by advertisers on mobile device 0.746 

  

 
I frequently delete cookies on my browser 0.690 

  

 
I opt out of targeted advertising whenever given the choice 0.668 

  

 
I frequently turn off location service settings (GPS) on my mobile device 0.665 

  

 
I frequently use a private or incognito browser 0.656       

I close pop-up ads whenever they appear 
 

0.759 
 

 
I frequently skip watching the full video ad as soon as it lets me 

 
0.742 

 

 
I mute the sound to avoid listening to ads with audio 

 
0.730 

 

 
I close windows to avoid video ads 

 
0.714 

 

 
I click away from a web page if it displays ads without other content 

 
0.675 

 

 
I scroll down Web pages to avoid banner ads   0.594     

I intentionally ignore social media ads 
  

0.800  
I intentionally ignore all ads on the internet 

  
0.760  

I intentionally ignore mobile ads 
  

0.710  
I intentionally ignore banner ads 

  
0.561  

I intentionally ignore video ads     0.550   

Ignore all marketing efforts from brands that don’t personalize marketing efforts 
 

 

 
0.845 

Attempt to stay away from that brand’s marketing 
 

 

 
0.836 

Avoid purchasing that brand 
 

 

 
0.818 

Unfollow that brand on social media 
 

 

 
0.803 

Attempt to avoid all of that brand’s marketing 
 

 

 
0.782 

Unsubscribe from that brands’ emails 
 

 

 
0.742 

Find it easy to avoid brands that don’t personalize marketing efforts 
 

 

 
0.714 

Avoid brands that my personal and online connections complain about 
 

 

 
0.609 

Encourage others I know to avoid that brand’s marketing       0.609 

Note. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Rotation converged 

in 9 iterations.   
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Table 13 

Descriptive Statistics, Variable Correlations, and Significance Levels for Model 1 

 Construct M SD SI Text SI Video  

SI Social 

Media SI Email SI Web 

SI 

Digital 

SI 

Mobile SI PA 

SI 

Overall 

SI Text 

  

2.59 1.20 1 
        

SI Video  

  

3.68 0.95 .278** 1 
       

SI Social Media 

  

3.85 0.91 .295** .458** 1 

      
SI Email 

  

2.94 1.09 .519** .264** .322** 1 

     
SI Web 

  

3.95 0.82 .211** .353** .412** .218** 1 

    
SI Digital 

  

4.02 0.72 .181** .416** .512** .256** .511** 1 

   
SI Mobile 

  

3.49 1.03 .380** .469** .629** .279** .390** .454** 1 

  
SI PA 

  

3.82 0.82 .204** .388** .534** .232** .628** .571** .503** 1 

 

SI Overall  
3.93 0.79 .353** .467** .611** .349** .474** .567** .586** .554** 1 

 

Irritation 
4.02 0.89 

-.110* 0.027 0.048 

 

-0.073 

 

.143** 

 

0.044 

 

-0.041 

 

.103* 

 

-0.009 

 

Privacy 
4.00 0.95 

-0.059 -0.051 -0.009 

 

-.092* 

 

0.005 

 

-0.036 

 

-0.042 

 

-0.007 

 

-0.056 

 

Perceived Value 
3.77 0.93 

.211** 0.027 .358** 

 

.214** 

 

.476** 

 

.399** 

 

.348** 

 

.483** 

 

.414** 

 

Brand Avoidance 
2.96 0.91 

0.041 0.043 .093* 

 

0.052 

 

.216** 

 

0.038 

 

.108* 

 

.168** 

 

0.057 

 

Ad Avoidance Proactive 
2.95 1.01 

-0.025 -0.049 -0.054 

 

-0.017 

 

-.152** 

 

-.112** 

 

-.086* 

 

-.200** 

 

-.173** 

 

Ad Avoidance Reactive 
4.32 0.66 

-.128** 0.008 0.011 

 

-.119** 

 

.143** 

 

.085* 

 

-.099* 

 

0.02 

 

0.039 

 

Ad Avoidance Cognitive 
3.69 0.85 

-.183** -.196** -.239** 

 

-.180** 

 

-.186** 

 

-.193** 

 

-.273** 

 

-.198** 

 

-.262** 

 

Note. SI = social influence; PA = personalized ad.  

*p < .05 level, one-tailed; **p < .01 level, one-tailed. 
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Table 14 

Descriptive Statistics, Variable Correlations, and Significance Levels for Model 1 Continued 

 Construct 

M SD Irritation Privacy 
Perceived 

Value 

Brand 

Avoidance 

Ad 

Avoidance 

Proactive 

Ad 

Avoidance 

Reactive 

Ad 

Avoidance 

Cognitive 

Irritation  4.02 0.89 1 

      

Privacy  4.00 0.95 .097* 1 
 

    

Perceived Value 3.77 0.93 0.072 -.177** 1 
    

Brand Avoidance 2.96 0.91 .237** 0.036 .090* 1 
   

Ad Avoidance Proactive 2.95 1.01 -0.015 .319** -.255** .167** 1 
  

Ad Avoidance Reactive 4.32 0.66 .267** .313** -0.035 0.038 .180** 1 
 

Ad Avoidance Cognitive 3.69 0.85 .243** .279** -.233** .159** .303** .444** 1 

Note.*p < .05 level, one-tailed; **p < .01 level, one-tailed. 
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 Common method bias.  To minimize the potential for common method bias, a number 

of steps were taken.  The survey was anonymous to reduce social desirability bias, and the 

constructs of interest were separated in the survey.  Items were measured using a 5-point Likert 

scale consistently throughout the survey.  As Podsakoff et al. (2003) suggested, two post-hoc 

statistical techniques were used to check for common method bias.  First, Harman’s single-factor 

test was conducted to determine if the single factor accounted for the majority of the variance.  A 

non-rotated EFA was performed, with the single factor explaining only 20.4%.  Second, a 

common latent factor (CLF) was created in CFA, and each item was allowed to load on its latent 

construct and the CLF per Gaskin’s (2012) recommendation.  Next, the standardized regression 

weights’ deltas were calculated by subtracting the betas from the CFA model without the CLF 

from the betas obtained from the CFA model with the CLF as shown in Table 25.  The deltas 

ranged from .001 to .02.  Common method bias was not controlled for in the final measurement 

model because according to the two statistical methods analyzed, common method bias did not 

appear to be a concern.  

Model 1: Multivariate Regression Results 

Hypothesis testing for Model 1 was conducted using multivariate regression.  Four 

independent factors (irritation, privacy, desire for personalized advertising (PA), social 

influence) and the control factors (gender, time spent online, and number of social media 

profiles) were tested on their impact on the dependent variables ad avoidance (cognitive, 

reactive, and proactive) and brand avoidance.  Individual regressions were also performed to 

analyze relationships hypothesized to influence advertising avoidance (cognitive, reactive, and 

proactive) and brand avoidance.  Of the 12 hypothesized relationships, seven were supported.  
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The multivariate results for advertising avoidance (cognitive, reactive, and proactive) and 

brand avoidance are shown in Table 15.  In order to test the main effect hypothesized 

relationships (H1a–d–H12a–d), individual regressions were performed.  The univariate and 

multivariate results are discussed in the following sections with a summary of the hypothesis 

testing for Model 1 shown in Table 16.  

 Model 1: Advertising avoidance results.  Table 15 shows the multiple regression results 

for advertising avoidance (cognitive, reactive, and proactive) using a two-tailed significance test 

for the directional hypotheses.   

Cognitive advertising avoidance.  The model for cognitive advertising avoidance was 

significant (F =10.034; p < .001) and the model explained 22.2% of the variation in cognitive 

advertising avoidance.  Of the 12 hypothesized relationships related to cognitive advertising 

avoidance, only two were supported.  First, irritation (β1a = 0.232; p < .001) had a positive and 

significant relationship with cognitive advertising avoidance, supporting H1a.  Second, privacy 

(β2a = 0.231; p < .001) had a positive and significant relationship with cognitive advertising 

avoidance, supporting H2a.  Non-significant relationships were: desire for personalized 

advertising (H3a), social influence text (H4a), social influence video (H5a), social influence mobile 

(H6a), social influence email (H7a), social influence web (H8a), social influence digital (H9a), 

social influence social media (H10a), social influence personalized advertising (H11a), and social 

influence overall (H12a).  The control variable, number of social media profiles, had a positive 

and significant relationship with cognitive advertising avoidance (β = 0.095; p < .05). 

Reactive advertising avoidance.  The model for reactive advertising avoidance was 

significant (F = 9.628; p < .001) and the model explained 21.5% of the variation in reactive 

advertising avoidance.  Four of the 12 hypotheses pertaining to reactive advertising avoidance 
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were supported and in the hypothesized direction.  Additionally, there were three unexpected 

findings with significant but reverse findings than hypothesized.  First, irritation (β1b = 0.205; p < 

.001) had a positive and significant relationship with reactive advertising avoidance, supporting 

H1b.  Second, privacy (β2b = 0.278; p < .001) had a positive and significant relationship with 

reactive advertising avoidance, supporting H2b.  Third, social influence mobile (β6b = -0.170; p < 

.01) had a negative and significant relationship with reactive advertising avoidance, thus H6b was 

supported.  Lastly, social influence personalized advertising (β11b = -0.121; p < .01) had a 

negative and significant relationship with reactive advertising avoidance, supporting H11b.  Non-

significant hypotheses are shown in Table 16.  The results also included three surprising findings 

with significant paths but opposite of the hypothesized direction.  Three social influence factors 

each had an unexpected positive significant effect on reactive advertising avoidance including: 

social influence web (β8a = 0.177; p < .05), social influence digital (β9b = 0.098; p < .05), and 

social influence overall (β12b = 0.126; p < .01).  

Proactive advertising avoidance.  The model for proactive advertising avoidance was 

significant (F = 7.446; p < .001) and the model explained 17.4% of the variation in proactive 

advertising avoidance.  Four of the 12 hypotheses for proactive advertising avoidance were 

supported and in the hypothesized direction: privacy (β2c = 0.297; p < .001; H2c supported), 

desire for personalized advertising (β3c = -0.136; p < .01; H3c supported), social influence 

personalized advertising (β11c = -0.158; p < .01; H11c supported), social influence overall (β12c = -

0.151; p < .05; H12c supported).  Non-significant hypotheses are shown in Table 16.  The control 

variable gender had a positive and significant relationship with proactive advertising avoidance 

(β = 0.107; p < .01). 
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 Model 1: Brand avoidance results.  The model for brand avoidance was significant (F = 

4.325; p < .001) and the model explained 10.9% of the variation in brand avoidance.  Two of the 

12 hypotheses were supported and in the hypothesized directions, with a third unexpected 

significant result.  First, irritation (β1d = 0.213; p < .001) had a positive and significant 

relationship with brand avoidance, therefore, H1d was supported.  Second, social influence digital 

(β9d = -0.119; p < .05) had a negative and significant relationship with brand avoidance, 

supporting H9d.  Non-significant hypotheses are shown in Table 16.  Social influence web (β8d = 

0.190; p < .01) was a surprising finding, being positive and significant, which is the opposite of 

the hypothesized direction.  
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Table 15 

Tests of the Multivariate Regression Hypotheses for Model 1 

Parameter 

Multivariate 

Test Wilks 

Ad 

Avoidance: 

Cognitive 

Standard β 

Ad 

Avoidance

: Reactive 

Standard β 

Ad 

Avoidance:Proactiv

e Standard β 

Brand 

Avoidanc

e Standard 

β 

Constant .595*** 2.381 1.051 2.910 2.152 

Irritation .881*** .232*** .205*** -.018 .213*** 

Privacy .846*** .231*** .278*** .297*** .011 

PV .984 -.066 -.037 -.136** -.011 

SI_Text .996 -.014 -.060 .019 .005 

SI_Video .994 -.034 .018 .045 -.041 

SI_Mobile .976* -.094 -.170** .022 .096 

SI_Email .989 -.026 -.084 .064 .042 

SI_Web .933*** -.076 .177* -.022 .190** 

SI_Digital .983 .010 .098* .041 -.119* 

SI_SM .987 -.073 .024 .100 .005 

SI_PA .972* -.008 -.121** -.158** .091 

SI_Overall .972* -.056 .126** -.151* -.066 

  F-value (sig.) 10.034 9.628 7.446 4.325 

  R2 .222 .215 .174 .109 

Note. PV = perceived value (desire for personalized advertising), SI = social influence.  

*p < .05. **p < .01. ***p < .001. 
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Table 16 

Summary of Model 1 Hypothesis Testing 

Hypothesis Hypothesized Relationship Supported 

H1a 

H1b 

H1c 

H1d 

Irritation (β1a) → Cognitive Ad Avoidance 

Irritation (β1b) → Reactive Ad Avoidance 

Irritation (β1c) → Proactive Ad Avoidance 

Irritation (β1d) → Brand Avoidance 

Yes 

Yes 

No 

Yes 

H2a 

H2b 

H2c 

H2d 

Privacy (β2a) → Cognitive Ad Avoidance 

Privacy (β2b) → Reactive Ad Avoidance 

Privacy (β2c) → Proactive Ad Avoidance 

Privacy (β2d) → Brand Avoidance 

Yes 

Yes 

Yes 

No 

H3a 

H3b 

H3c 

H3d 

Desire for PA (β3a) → Cognitive Ad Avoidance 

Desire for PA (β3b) → Reactive Ad Avoidance 

Desire for PA (β3c) → Proactive Ad Avoidance 

Desire for PA (β3d) → Brand Avoidance 

No 

No 

Yes 

No 

H4a 

H4b 

H4c 

H4d 

Social Influence Text (β4a) → Cognitive Ad Avoidance 

Social Influence Text (β4b) → Reactive Ad Avoidance 

Social Influence Text (β4c) → Proactive Ad Avoidance 

Social Influence Text (β4d) → Brand Avoidance 

No 

No 

No 

No 

H5a 

H5b 

H5c 

H5d 

Social Influence Video (β5a) → Cognitive Ad Avoidance 

Social Influence Video (β5b) → Reactive Ad Avoidance 

Social Influence Video (β5c) → Proactive Ad Avoidance 

Social Influence Video (β5d) → Brand Avoidance 

No 

No 

No 

No 

H6a 

H6b 

H6c 

H6d 

Social Influence Mobile (β6a) → Cognitive Ad Avoidance 

Social Influence Mobile (β6b) → Reactive Ad Avoidance 

Social Influence Mobile (β6c) → Proactive Ad Avoidance 

Social Influence Mobile (β6d) → Brand Avoidance 

No 

Yes 

No 

No 

H7a 

H7b 

H7c 

H7d 

Social Influence Email (β7a) → Cognitive Ad Avoidance 

Social Influence Email (β7b) → Reactive Ad Avoidance 

Social Influence Email (β7c) → Proactive Ad Avoidance 

Social Influence Email (β7d) → Brand Avoidance 

No 

No 

No 

No 

H8a 

H8b 

H8c 

H8d 

Social Influence Web (β8a) → Cognitive Ad Avoidance 

Social Influence Web (β8b) → Reactive Ad Avoidance 

Social Influence Web (β8c) → Proactive Ad Avoidance 

Social Influence Web (β8d) → Brand Avoidance 

No 

Reversed 

No 

Reversed 

H9a 

H9b 

H9c 

H9d 

Social Influence Digital (β9a) → Cognitive Ad Avoidance 

Social Influence Digital (β9b) → Reactive Ad Avoidance 

Social Influence Digital (β9c) → Proactive Ad Avoidance 

Social Influence Digital (β9d) → Brand Avoidance 

No 

Reversed 

No 

Yes 

H10a 

H10b 

H10c 

H10d 

Social Influence Social Media (β10a) → Cognitive Ad Avoidance 

Social Influence Social Media (β10b) → Reactive Ad Avoidance 

Social Influence Social Media (β10c) → Proactive Ad Avoidance 

Social Influence Social Media (β10d) → Brand Avoidance 

No 

No 

No 

No 

H11a 

H11b 

H11c 

H11d 

Social Influence PA (β11a) → Cognitive Ad Avoidance 

Social Influence PA (β11b) → Reactive Ad Avoidance 

Social Influence PA (β11c) → Proactive Ad Avoidance 

Social Influence PA (β11d) → Brand Avoidance 

No 

Yes 

Yes 

No 

H12a 

H12b 

H12c 

H12d 

Social Influence Overall (β12a) → Cognitive Ad Avoidance 

Social Influence Overall (β12b) → Reactive Ad Avoidance 

Social Influence Overall (β12c) → Proactive Ad Avoidance 

Social Influence Overall (β12d) → Brand Avoidance 

No 

Reversed 

Yes 

No 

Note. PA = personalized advertising 
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Table 17 

Summary of Model 1 Cognitive Ad Avoidance Hypothesis Testing 

Hypothesis Hypothesized Relationship Supported 

H1a 

 

Irritation (β1a) → Cognitive Ad Avoidance 

 

Yes 

 

H2a 

 

Privacy (β2a) → Cognitive Ad Avoidance 

 

Yes 

 

H3a 

 

Desire for PA (β3a) → Cognitive Ad Avoidance 

 

No 

 

H4a 

 

Social Influence Text (β4a) → Cognitive Ad Avoidance 

 

No 

 

H5a 

 

Social Influence Video (β5a) → Cognitive Ad Avoidance 

 

No 

 

H6a 

 

Social Influence Mobile (β6a) → Cognitive Ad Avoidance 

 

No 

 

H7a 

 

Social Influence Email (β7a) → Cognitive Ad Avoidance 

 

No 

 

H8a 

 

Social Influence Web (β8a) → Cognitive Ad Avoidance 

 

No 

 

H9a 

 

Social Influence Digital (β9a) → Cognitive Ad Avoidance 

 

No 

 

H10a 

 

Social Influence Social Media (β10a) → Cognitive Ad Avoidance 

 

No 

 

H11a 

 

Social Influence PA (β11a) → Cognitive Ad Avoidance 

 

No 

 

H12a 

 

Social Influence Overall (β12a) → Cognitive Ad Avoidance 

 

No 

 

Note. PA = personalized advertising 
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Table 18 

Summary of Model 1 Reactive Ad Avoidance Hypothesis Testing 

Hypothesis Hypothesized Relationship Supported 

H1b Irritation (β1b) → Reactive Ad Avoidance 

 

Yes 

H2b Privacy (β2b) → Reactive Ad Avoidance 

 

Yes 

 

H3b 

 

Desire for PA (β3b) → Reactive Ad Avoidance 

 

No 

H4b 

 

Social Influence Text (β4b) → Reactive Ad Avoidance No 

H5b 

 

Social Influence Video (β5b) → Reactive Ad Avoidance 

 

No 

 

H6b 

 

Social Influence Mobile (β6b) → Reactive Ad Avoidance 

 

Yes 

 

H7b 

 

Social Influence Email (β7b) → Reactive Ad Avoidance 

 

No 

 

H8b 

 

Social Influence Web (β8b) → Reactive Ad Avoidance 

 

Reversed 

H9b 

 

Social Influence Digital (β9b) → Reactive Ad Avoidance 

 

Reversed 

 

H10b 

 

Social Influence Social Media (β10b) → Reactive Ad Avoidance 

 

No 

 

H11b 

 

Social Influence PA (β11b) → Reactive Ad Avoidance Yes 

 

H12b 

 

Social Influence Overall (β12b) → Reactive Ad Avoidance 

 

Reversed 

 

Note. PA = personalized advertising 
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Table 19 

Summary of Model 1 Proactive Ad Avoidance Hypothesis Testing 

Hypothesis Hypothesized Relationship Supported 

H1c 

 

Irritation (β1c) → Proactive Ad Avoidance 

 

No 

H2c 

 

Privacy (β2c) → Proactive Ad Avoidance 

 

Yes 

 

H3c 

 

Desire for PA (β3c) → Proactive Ad Avoidance 

 

Yes 

 

H4c 

 

Social Influence Text (β4c) → Proactive Ad Avoidance 

 

No 

 

H5c Social Influence Video (β5c) → Proactive Ad Avoidance 

 

No 

 

H6c 

 

Social Influence Mobile (β6c) → Proactive Ad Avoidance 

 

No 

 

H7c 

 

Social Influence Email (β7c) → Proactive Ad Avoidance 

 

No 

 

H8c 

 

Social Influence Web (β8c) → Proactive Ad Avoidance 

 

No 

 

H9c 

 

Social Influence Digital (β9c) → Proactive Ad Avoidance 

 

No 

 

H10c 

 

Social Influence Social Media (β10c) → Proactive Ad Avoidance 

 

No 

 

H11c 

 

Social Influence PA (β11c) → Proactive Ad Avoidance 

 

Yes 

 

H12c 

 

Social Influence Overall (β12c) → Proactive Ad Avoidance 

 

Yes 

Note. PA = personalized advertising 
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Table 20 

Summary of Model 1 Brand Avoidance Hypothesis Testing 

Hypothesis Hypothesized Relationship Supported 

H1d Irritation (β1d) → Brand Avoidance Yes 

 

H2d Privacy (β2d) → Brand Avoidance No 

 

H3d Desire for PA (β3d) → Brand Avoidance No 

 

H4d Social Influence Text (β4d) → Brand Avoidance No 

 

H5d Social Influence Video (β5d) → Brand Avoidance No 

 

H6d Social Influence Mobile (β6d) → Brand Avoidance No 

 

H7d Social Influence Email (β7d) → Brand Avoidance No 

 

H8d Social Influence Web (β8d) → Brand Avoidance Reversed 

 

H9d Social Influence Digital (β9d) → Brand Avoidance Yes 

 

H10d Social Influence Social Media (β10d) → Brand Avoidance No 

 

H11d Social Influence PA (β11d) → Brand Avoidance No 

 

H12d Social Influence Overall (β12d) → Brand Avoidance No 

 

Note. PA = personalized advertising 

 

 

 

 

 

 

 

 



ACTIONS SPEAK LOUDER THAN WORDS 

96 

 

 Model 1: Additional results.  Additional robustness checks were performed on Model 1.  

First, analysis controlled for individual characteristics (gender, time spent online) that may have 

impacted each model.  Gender was significant and positive for proactive ad avoidance (β = .107; 

p < .05), but otherwise had no significant effect on the other avoidance behaviors.  The second 

control variable that was significant with one of the advertising avoidance models was time spent 

online, having a positive relationship with cognitive ad avoidance (β = .095; p < .05).  No other 

control variables were significant across the other models.  Second, an interaction effect was also 

tested between irritation and desire for personalized advertising in each model.  However, the 

interaction effect was not significant in any of the models.  Finally, Soper’s (2020) post-hoc 

statistical calculator was used to perform a post-hoc statistical power analysis with the results 

shown in Table 21.  As shown, all models had satisfactory statistical power. 

 

  



ACTIONS SPEAK LOUDER THAN WORDS 

97 

Table 21 

Post-Hoc Statistical Power for Model 1 

Construct 

Number of 

Predictors 

Observed 

R2 

Observed 

Statistical 

Power 

Ad Avoidance: Cognitive 11 0.222 1 

Ad Avoidance: Reactive 11 0.215 1 

Ad Avoidance: Proactive 11 0.174 .999 

Brand Avoidance 11 .109 .999 
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 Summary discussion of multivariate results and implications.  Social influence had 

several interesting findings.  First, social influence mobile and personalized ads were both 

negative when it came to reactive ad avoidance, but social influence web, digital, and overall 

were unexpectedly positive, the opposite of what was hypothesized.  This finding implies that 

when Gen Z believes important others’ overall perceptions of digital advertising (personalized 

ads) are positive, they will still reactively avoid digital ads on the web, digital, and overall.  

However, when important others’ opinions of mobile and personalized ads are positive, Gen Z’s 

reactive avoidance decreases.  These unexpected findings may be due to how the measures were 

framed.  The measures for social influence web and digital were both framed as content, while 

social influence overall was framed as ads.  For instance, if a friend sends them personalized 

digital content to view, Gen Z will more reactively avoid ads in order to see what the 

personalized content is that is being sent to them.  This finding illustrates the social influence 

theory because it shows that Gen Z believes what is being sent to them from important others is 

highly valuable. 

As previously mentioned, the higher Gen Z perceives that their connections view a 

brand’s content on a website, the more likely they are to reactively avoid ads and increase brand 

avoidance, which is the opposite of the hypotheses H8b and H8d, respectively.  This finding may 

be due to the content being personalized to the important others preference; however, if Gen Z 

does not have the same opinion of the website content, they will reactively avoid that 

personalized content on a website and possibly avoid that brand as well.   

The social influence overall findings give some interesting perspectives into advertising 

avoidance.  Social influence overall had a positive relationship with reactive advertising 

avoidance, however, the relationship with proactive advertising avoidance was negative.  This is 
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an important finding and needs further investigation.  This indicates that the more Gen Z believes 

that their friends value digital ads, the less they will do to proactively avoid them.  However, as 

previously mentioned, this finding is the opposite for reactive advertising avoidance with social 

influence overall.  This may be due to the fear of missing out (FOMO).  As previous research 

from Huang and Chen (2006) suggested, FOMO plays an important role in how Gen Z reacts to 

and accepts digital advertising.  This suggests that when Gen Z thinks their friends have a 

positive opinion of digital ads overall, they will still do more to reactively avoid them (H12b), 

however, when it comes to proactive advertising avoidance, such as installing an ad blocker, they 

may think that although these ads still annoy them, they do not want to proactively avoid them 

because then they will not see the ads at all and will be totally missing out on trending ads (such 

as Super Bowl ads) so they will just continue to reactively click off the ad.   

An interesting comparison between privacy and perceived value is that privacy was 

significant across all ad avoidance models, however, perceived value was only significant for 

proactive ad avoidance, confirming the importance to better understand what consumers are 

doing to proactively avoid ads.   

The findings showed interesting differences between Gen Z’s reactive and proactive 

avoidance of content and ads online.  First, the significant relationships with reactive advertising 

avoidance but not proactive advertising avoidance were irritation, social influence mobile, and 

digital.  Second, the only significant relationship with just proactive advertising avoidance was 

perceived value.  Third, significant relationships with both reactive and proactive advertising 

avoidance included privacy, proactive advertising avoidance, social influence personalized 

advertising (PA), and social influence overall. 
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Overall, the significant relationships of Gen Z’s avoidance behaviors (cognitive, reactive, 

proactive, and brand avoidance) found two significant relationships with cognitive advertising 

avoidance (irritation and privacy) and seven significant relationships with reactive advertising 

avoidance (irritation, privacy, social influence mobile, social influence web, social influence 

digital, social influence PA, and social influence overall).  Significant relationships with 

proactive advertising avoidance included four factors (privacy, perceived value, social influence 

PA, and social influence overall).  Lastly, the overall number of significant relationships with 

brand avoidance included three factors (irritation, web, and digital). 

It is important for marketers to not only understand why consumers reactively avoid 

digital content and ads but, more importantly, why they proactively avoid content and ads 

(Boudet, Gregg, Rathie, Stein & Vollhardt, 2019; Doty, 2019).  As consumers continue to 

proactively avoid digital ads by adopting ad blocker programs, marketers are estimated to lose 

$35 billion per year (Brinson, Eastin, & Cicchirillo, 2018; Davies, 2016; Perrin, 2019).  The 

findings from Model 1 have contributed to a better understanding of Gen Z’s preferences, which 

influence their reactive and proactive avoidance behaviors.  The findings contribute to further 

investigation of understanding Gen Z’s proactive avoidance in Model 2.  

Model 2: Structural Equation Modeling Path Analysis 

Model 2 used SEM analysis to examine the joint effects on brand loyalty.  Social 

influence overall, privacy, desire for personalized advertising, proactive ad avoidance, and brand 

avoidance were used as antecedents.  Although privacy was not part of the proposed model, tests 

of the original and alternative models indicated a better model fit with privacy instead of 

irritation. Thus, the results for Model 2 presented in this section utilize privacy in the model as it 

had the best model fit and still aligns with overall theory.  Privacy concerns represent an 
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attitudinal construct that is likely to lower the perceived value of personalized advertising while 

increasing consumers’ avoidance behaviors.  Figure 6 shows the revised Model 2. 

 Model fit.  Model 2 tested the hypotheses related to the direct and indirect effects on 

brand loyalty using AMOS 26, shown in Figure 7.  Three direct and six indirect hypothesized 

relationships were examined.  The chi-square minimum discrepancy (CMIN) divided by its 

degrees of freedom was 1.416.  Although that is lower than the 3.0 recommended value, the 

model’s overall chi-square was significant (χ² = 334.190, df = 236, CMIN / df = 1.416, p < .000).  

The measurement model had fit statistics above the .90 threshold for GFI (.940), AGFI (.923), 

CFI (.986), NFI (.954), and the RMSEA (.031), suggesting a good model fit (Hair et al., 2006; 

Hu & Bentler, 1999).  Using Mathwick and Rigdon’s (2004) process, the individual item 

loadings were found to be significant (p < .001), and the standardized loadings ranged from .612 

to .940, as shown below in Table 22.  The AVE was .680 and each construct was above the 

suggested cutoff of .05 to ensure construct validity (Fornell & Larcker, 1981).  The MSV was 

less than the AVE, and the ASV was less than AVE for the constructs, as shown in Table 23, 

supporting discriminant validity.  Overall, nine of the 10 hypothesized relationships were 

significant.  A robustness check was completed by checking the standardized total effects, direct 

effects, and indirect effects.  No significant differences existed compared to the SEM path model 

results reported.  

 

 

.  
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Figure 6.  Model 2: Alternative proposed model with privacy
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Figure 7.  Confirmatory factor analysis measurement model 
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Table 22 

Standardized Loadings of Measurement Model 

Construct and Measurement Item Standardized 

Loadings 

p-value 

Privacy 
  

It bothers me that brands are able to track information about me .874 .001 

I am concerned that brands have too much information about me .868 .001 

It bothers me that brands are able to access information about me .940 .001 

I am concerned that my information could be used in ways I could 

not foresee 

.794 .001 

Perceived Value 
  

Improve my online shopping experience .877 .001 

Make my online shopping searches more effective .861 .001 

Are useful for the products/services I am researching online .790 .001 

Are useful for my online shopping, so I intend to continue to use .845 .001 

Social Influence Overall 
  

OVERALL, digital ads from brands are helpful .900 .001 

OVERALL, digital ads from brands are useful .908 .001 

OVERALL, digital ads from brands are effective .787 .001 

OVERALL, digital ads from brands are valuable .798 .001 

Advertising Avoidance Proactive 
  

I frequently reset the advertising identifier on my mobile device .781 .001 

I limit the use of tracking data by advertisers on mobile device .811 .001 

I frequently turn off location service settings (GPS) on my mobile 

device 

.612 .001 

I frequently use a do not track setting on my browser .622 .001 

Brand Avoidance 
  

Attempt to stay away from that brand’s marketing .792 .001 

Unfollow that brand on social media .727 .001 

Ignore all marketing efforts from brands that don’t personalize 

marketing efforts 

.885 .001 

Avoid purchasing that brand .820 .001 

Brand Loyalty   

I would prefer to buy a brand using personalized marketing the 

next time I make a purchase 

.824 .001 

 I would keep purchasing a brand that uses personalized 

marketing 

.898 .001 

I would be more loyal to a brand that uses personalized marketing .838 .001 

My first choice would be a brand that uses personalized 

marketing 

.848 .001 
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Table 23 

Scale Reliability and Validity Statistics 

 Construct α AVE MSV ASV 

Privacy .925 .758 .100 .034 

Perceived Value .920 .712 .223 .107 

Social Influence Overall .918 .723 .223 .088 

Advertising Avoidance Proactive .797 .507 .100 .052 

Brand Avoidance .879 .653 .084 .029 

Brand Loyalty .905 .727 .200 .100 

Note. χ² = 334.190; DF = 236; GFI = .940; AGFI = .923; CFI = .986; NFI = .954; RMSEA = 

.031. AVE = average variance extracted; MSV = maximum shared variance; ASV = average 

shared variance. 
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Table 24 

Descriptive Statistics, Variable Correlations, and Significance Levels Model 2 

 Construct M SD 

Social 

Influence 

Overall Privacy 

Perceived 

Value 

Ad 

Avoidance 

Proactive 

Brand 

Avoidance 

Brand 

Loyalty 

Social Influence Overall 3.92 0.78 1 
     

Privacy 3.99 0.95 -0.056 1 
    

Perceived Value 3.76 0.93 .414** -.177** 1 
   

Ad Avoidance Proactive 3.17 1.09 -.151** .265** -.231** 1 
  

Brand Avoidance 3.07 .99 - 0.007 - 0.037 - 0.057 .170** 1 
 

Brand Loyalty 3.37 0.89 .391** -.156** .403** -0.040 - .279** 1 

*p < .05, one-tailed. **p <  .01, one-tailed.           
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Table 25 

Comparison of Confirmatory Factor Analysis with and without Common Latent Factor 

Construct and Measurement Item 

Standard 

Estimates 

No CLF 

Standard 

Estimates 

With CLF Δ 

Privacy 
   

It bothers me that brands are able to track information about me .874 .855 .019 

I am concerned that brands have too much information about me .868 .840 .028 

It bothers me that brands are able to access information about me .940 .911 .029 

I am concerned that my information could be used in ways I could not 

foresee .794 .726 
.068 

Perceived Value 
   

Improve my online shopping experience .877 .873 .004 

Make my online shopping searches more effective .861 .855 .006 

Are useful for the products/services I am researching online .790 .791 .001 

Are useful for my online shopping, so I intend to continue to use .845 .852 .007 

Social Influence Overall    

OVERALL, digital ads from brands are helpful .900 .893 .007 

OVERALL, digital ads from brands are useful .908 .886 .022 

OVERALL, digital ads from brands are effective .787 .771 .016 

OVERALL, digital ads from brands are valuable .798 .803 .005 

Advertising Avoidance Proactive 
   

I frequently reset the advertising identifier on my mobile device .781 .687 .094 

I limit the use of tracking data by advertisers on mobile device .811 .784 .027 

I frequently turn off location service settings (GPS) on my mobile device .622 .580 .042 

I frequently use a do not track setting on my browser .612 .589 .023 

Brand Avoidance .792 
  

Attempt to stay away from that brand’s marketing .727 .752 .040 

Unfollow that brand on social media .885 .751 .024 

Ignore all marketing efforts from brands that don’t personalize marketing 

efforts 
.820 .833 

.052 

Avoid purchasing that brand 
 

.772 .048 

Brand Loyalty 
   

I would prefer to buy a brand using personalized marketing the next time I 

make a purchase 
.824 .824 

0 

I would keep purchasing a brand that uses personalized marketing .898 .896 .002 

I would be more loyal to a brand that uses personalized marketing .838 .843 .005 

My first choice would be a brand that uses personalized marketing .848 .844 .004 

Note. CLF = common latent factor. 
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 Model 2: Tests of direct effects.  There were four hypothesized effects on brand loyalty, 

and three of the four were significant and positive as hypothesized, while one was not 

significant.  First, perceived value (H5: β = 0.266; p < .001) had a positive and significant 

relationship with brand loyalty.  Second, social influence overall (H7: β = .298; p < .001) had a 

positive and significant relationship with brand loyalty.  Third, brand avoidance (H10: β = .281; p 

< .001) had a positive and significant relationship with brand loyalty.  Lastly, proactive 

advertising avoidance (H9) did not have a significant relationship with brand loyalty.  The results 

showed an unexpected impact privacy had that was not hypothesized (β = -.110; p < .012), 

verifying a positive and significant relationship with brand loyalty. 

 Model 2: Tests of indirect effects.  There were six hypothesized indirect effects that 

were all supported and significant.  Privacy had a significant and positive path to perceived value 

(H1: β = -.172; p < .001) and had a positive path to proactive ad avoidance (H2: β = .272; p < 

.001).  Perceived value had a negative path to proactive ad avoidance (H3: β = -.216; p < .001) 

and a positive path to brand avoidance (H4: β = .132; p < .017).  Social influence had a positive 

path to perceived value (H6: β = .465; p < .001).  Lastly, proactive ad avoidance had a positive 

path to brand avoidance (H8: β = .270; p < .001). 
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Table 26 

Tests of the Structural Equation Modeling Path Hypotheses for Model 2 

Hypotheses and Paths  

Standardized 

Coefficient t-value p-value 

Direct Paths to Brand Loyalty     
   H5 Perceived Value Brand Loyalty .266 5.032 .001 

   H7 Social Influence Overall Brand Loyalty .298 5.779 .001 

   H9 Proactive Ad Avoidance Brand Loyalty n.s.   

   H10 Brand Avoidance Brand Loyalty .281 6.098 .001 

 Privacy Brand Loyalty -.110 -2.512 .012 

     

Indirect Paths to Brand Loyalty     
   H1 Privacy Perceived Value -.172 -3.671 .001 

   H2 Privacy Proactive Ad Avoidance .272 5.067 .001 

   H3 Perceived Value Proactive Ad Avoidance -.216 -3.999 .001 

   H4 Perceived Value Brand Avoidance .132 2.411 .016 

   H6 Social Influence Overall Perceived Value .465 9.407 .001 

   H8 Proactive Ad Avoidance Brand Avoidance .270 4.591 .001 

Note. n.s. = not significant 
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__________  Solid lines represent significant paths. 

--------------- Dashed lines represent nonsignificant paths. 

Figure 8. Reduced model showing significant pathways for Model 2. *p < .05. **p < .01. ***p < .001. 
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Table 27 

Post-Hoc Statistical Power for Model 2 

Total Effects 

Number of 

Predictors 

Observed 

R2 

Observed 

Statistical 

Power 

Desire for Personalized Advertising 2 .253 1 

Ad Avoidance: Proactive 2 .152 1 

Brand Avoidance 2 .065 .999 

Brand Loyalty 3 .340 1 
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 Model 2: Tests for moderation.  After the initial model was analyzed without 

moderators, selected moderators were added to the full structural path model to test for 

differences in the relationships.  Gender, irritation, brand created annoyance, tracking, behavioral 

intention, and ad blockers (mobile and computer) were each added separately as moderators to 

test for significant differences in the path model.  The definitions for each moderator are listed in 

Table 28.  First, a chi-square difference test was performed, showing that none of the moderators 

revealed significant differences.  Second, the critical ratio values were compared to determine if 

there were significant differences among the group pathways.  The results and implications from 

the moderation tests are discussed in the next section.  
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Table 28 

Moderator Variables 

Moderator Variables Moderator Definitions 

Gender Participant’s gender  

Irritation Gen Z’s irritation when ads are not personalized 

Brand Created 

Annoyance 

Gen Z’s annoyance caused by brands’ marketing and 

irrelevant digital marketing efforts (videos, photos, ads, 

emails, social media posts, blog posts, and overall).   

Tracking The extent to which Gen Z utilizes technology that tracks 

their usage based on Wi-Fi, Bluetooth, GPS, receiving 

notifications, etc. 

Behavioral Intention An individual’s intention to perform various tasks such as 

installing ad blocking software, opt out of tracking on mobile 

and computers, deleting cookies, using incognito browsers, 

etc. 

Ad Blockers (mobile) If an individual had an ad blocker installed on their mobile 

device. 
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 Gender.  The structural path was examined for differences comparing males (43.6% of 

the sample) to females (56.4% of the sample).  The chi-square difference test (df = 18, CMIN 

difference = 23.384, p >.05) indicated there was not a significant model difference based on 

gender.  Two pathways had significant differences; however, for one pathway, the relationship 

was only significant for males. First, the path from social influence overall to perceived value 

was positive and significant for both males and females (z score = 1.834, p < 0.10) but had a 

stronger positive effect for males (β = .621) than for females (β = .416), indicating that social 

influence plays more of an important role in males’ perception of perceived value of digital 

marketing efforts. Second, the path from privacy to perceived value was found to have a 

significant difference (z score = 2.067, p < 0.05), however, only the male group had a significant 

path (β = -0.260; p < .000), which was a negative effect on the perceived value from privacy 

concerns.  This negative effect for males indicates that privacy concerns impact their perceived 

value of digital marketing efforts more than females.  Together, these findings establish that 

males’ perceived value is influenced more than females when it comes to both social influence 

and privacy concerns.   

 Irritation.  The construct irritation (when ads are not personalized) was used to examine 

potential differences in the structural path model.  Confirming the median value of irritation to be 

4.125, the construct was coded into two groups: low (1–4.125; 51.3% of the sample) and high 

(4.126–5; 48.6% of the sample).  The chi-square difference test (df = 18, CMIN difference = 

23.432, p > .05) showed there was not a significant difference with the models based on 

irritation.  Using critical ratio values, a significant difference was found for the pathway from 

social influence overall to perceived value (z score = 2.737, p < 0.01).  The social influence 

overall path to perceived value was positive for both groups; however, it was stronger among 
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individuals with lower irritation with ads that are not personalized (β = .702) than with 

individuals with higher irritation (β = .395).  This difference suggests that as Gen Z’s irritation 

with non-personalized ads increases, their perceived value of the digital marketing decreases.  

This provides an interesting area for future research because according to Wei et al. (2019), 

irritation from personalized ads is positively impacted by perceived intrusiveness and privacy 

concerns, and the moderating effect of advertising value was not found to be significant in their 

study.   

 Brand created annoyance.  The construct brand created annoyance consists of seven 

items measuring Gen Z’s annoyance caused by brands’ irrelevant digital marketing efforts 

(videos, photos, ads, emails, social media posts, and blog posts).  This 5-point Likert scale had a 

median value of 4.0, therefore, two groups were created: low (1–4.0; 53% of the sample) and 

high (4.01–5; 47% of the sample.  The chi-square difference test (df = 18, CMIN difference = 

16.686, p > .05) indicated there is not a significant difference between the models based on brand 

created annoyance.  Upon investigation of the moderator model, there were two pathways that 

showed a significant difference between the low and high group pathways.  The path leading 

from social influence overall to perceived value (z-score = 1.839; p < 0.10) had a stronger effect 

for lower brand annoyance (β = .630) than for higher brand annoyance (β = .426).  The perceived 

value to brand loyalty pathway was also shown to have a significant difference (z-score = 1.67, p 

< 0.10), having a stronger effect for low brand created annoyance (β = 0.351) compared to high 

brand created annoyance (β = 0.176).  Combined, this finding indicates that as Gen Z becomes 

annoyed with brands using irrelevant marketing efforts, their perceived value is increased for 

brands using personalized marketing, thereby also positively influencing brand loyalty to brands 

using personalized marketing efforts.  This finding coincides with research done by Zheng et al. 
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(2015) with findings showing that when users are engaged in online brand communities, they 

focus more on the benefits than the costs. 

 Tracking.  The tracking construct included four items that measured the extent to which 

Gen Z utilizes technology that tracks their usage based on Wi-Fi, Bluetooth, GPS, receiving 

notifications, and so forth.  The measures utilized a 5-point Likert scale with a median value of 

4.25; therefore, two groups were created: low (1–4.25; 59.4% of the sample) and high (4.26–5; 

40.6% of the sample).  The chi-square difference test (df = 18, CMIN difference = 19.065, p > 

.05) confirmed there is not a significant difference between the models based on tracking.  The 

pathway leading from perceived value to brand avoidance showed a significant difference (z-

score = 2.41, p < 0.05), however, only the high tracking group was found to be positive and 

significant (β = 0.290; p < .000).  The addition of tracking as a moderating variable represents 

person’s ability to utilize technology.  The findings suggest that the high tracking group (using 

more tracking technology) would be the very group of consumers using personalized marketing 

efforts from brands for the benefits they entail, such as saved time in searches.  The low tracking 

group, not being significant, would be indicative of that group being indifferent to both the 

technology advances and their benefits.  This finding advances the TPB, illustrating that a 

person’s behavior is often the result of the ability to perform a behavior (Ajzen, 1985). 

 Behavioral intention.  The behavioral intention construct consisted of 12 items to 

measure an individual’s intention to perform various tasks, such as installing ad blocking 

software, opting out of tracking on mobile and computers, deleting cookies, using incognito 

browsers, and so forth.  An initial EFA was conducted with two factors, resulting in the first two 

measures loading on one factor and the other 10 measures loading on the other factor.  Therefore, 

the 10 measures loading together were used for this moderating variable.  This 5-point Likert 
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scale had a median value of 3.1, thus creating two groups: low (1–3.1; 52% of the sample) and 

high (3.2–5; 48% of the sample).  The chi-square difference test (df = 18, CMIN difference = 

18.800, p > .05) indicated there is not a significant difference between the models based on 

behavioral intention.  A significant difference was found in two pathways between the low and 

high groups: the path leading from privacy to perceived value (z-score = 1.939, p < 0.10) and the 

path from perceived value to brand avoidance (z-score = 1.874, p < 0.10).  However, in both 

pathways, only one group was significant.  The privacy to perceived value pathway was only 

significant for the low behavioral intention group (β = -0.177; p < .000), indicating that the 

higher group (more technical ability) is not affected by privacy concerns compared to the lower 

technical ability group because with the addition of the moderating behavioral intention variable, 

GenZ’s perceived value of digital marketing decreased.  The perceived value to brand avoidance 

pathway was only significant for the high behavioral intention group (β = 0.201; p < .006), which 

is significant at the two-tailed significance level for a moderator.  This finding illustrates that the 

higher group, with more technical ability, has more desire for personalized advertising, possibly 

for the benefits such as saved time in searches, leading to brand avoidance of non-personalized 

advertising.  Combined, the pathways offer interesting results and a future research opportunity. 

The findings illustrate that with the addition of behavioral intention, there is an opposite effect on 

both groups, supporting the TPB, which states that a person’s behavioral intention is influenced 

by attitude and social norms (Ajzen, 1985).  The low group’s privacy concerns negatively affect 

their perceived value but not their brand avoidance of non-personalized ads; however, the high 

behavioral intention group does not have privacy concerns affecting their perceived value, but 

their brand avoidance of non-personalized ads is affected by their perceived value of digital 
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marketing efforts.  Perhaps these findings indicate that more technical products and services 

could use personalized ads because their target market has a higher technical ability.   

 Ad blockers: Mobile.  The construct ad blockers (mobile) was a Yes (22% of the sample) 

and No (78% of the sample) item to measure if an individual had an ad blocker installed on their 

mobile device.  The chi-square difference test (df = 18, CMIN difference = 18.620, p > .05) 

indicated there is not a significant model difference based on ad blockers (mobile).  There were 

two pathways showing significant differences: social influence overall to perceived value (z-

score = 2.326, p < 0.05), and social influence overall to brand loyalty (z-score = 1.769, p < 0.10).  

The effect social influence overall had on perceived value was stronger for individuals with 

mobile ad blockers (β = 0.796) compared to individuals not having mobile ad blockers installed 

(β = 0.444), and a similar effect was found for the social influence overall path to brand loyalty, 

with the individuals with mobile ad blockers installed having a stronger effect (β = 0.541) 

compared to the group not having ad blockers installed (β = 0.272).  This is an interesting finding 

because the group using mobile ad blockers is more affected by social influence on perceived 

value (desire for personalized ads) compared to the group not using a mobile ad blocker; 

however, the opposite is true for the significantly different pathway from social influence on 

brand loyalty, affecting the group not using mobile ad blockers more than the group using ad 

blockers.  

 Summary discussion of Model 2 results and implications.  The largest impact on brand 

loyalty came from social influence (β = 0.298; p < .001), which confirms previous research on 

social influence theory and the importance younger adults place on the impact of social influence 

compared to older adults (Von Helversen, Abramczuk, Kopec & Nielek, 2018).  The largest 

indirect path to brand loyalty comes from social influence through desire for personalized 
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advertising (perceived value; β = .465; p < .001), which illustrates how social influence impacts 

Gen Z’s desire for and perceived value of digital marketing efforts.   

Discussion, Limitations, and Future Research 

Discussion 

The theories of planned behavior and social influence helped to advance understanding of 

Gen Z’s attitudes and behaviors toward personalized digital marketing efforts.  The theories 

provided the framework to examine the relationships among the antecedent’s subjective norms 

(social influence), attitudes (desire for personalized advertising, privacy, and irritation), 

perceived behavioral control (advertising avoidance), behavioral intention (brand avoidance), 

and the resulting behavior (brand loyalty).  As digital marketing increases, consumers 

increasingly are exposed to digital ads (Internet Advertising Bureau & PwC Advisory Services 

LLC, 2018, 2019).  Marketers also have increased personalization efforts in attempt to provide 

more relevant ads (Jung, 2017; C. Li & Liu, 2017), but this may also lead to increased privacy 

concerns (Jung, 2017; C. A. Lin & Kim, 2016).  Consumers may therefore be more likely to 

avoid digital ads, as evidenced by the increasing rate of ad blocker adoption (Redondo & Aznar, 

2018; Tran, 2017; Tsang et al., 2004).  The current study contributes to understanding what may 

cause consumers to engage in different avoidance behaviors, including ad and brand avoidance. 

Therefore, gaining an understanding of how consumers are influenced, and the resulting effects 

on attitudinal and behavioral factors on advertising and brand avoidance-related behaviors, offers 

important insights to research and marketing practitioners.   

 Discussion of Model 1 results. 

The findings from Model 1, illustrate how social influence affects attitudes and behaviors 

of GenZ, related to their acceptance and avoidance of personalized marketing efforts. This 
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research answered the call by Hughes, Swaminathan and Brooks (2019) and Risselada, de Vries, 

& Verstappen (2018) to gain a better understanding of the effect social influence has on 

influencing acceptance of online personalization and resulting acceptance of marketing 

campaigns.  The current study finds that social influence impacts advertising avoidance and 

brand avoidance behaviors differently.  Social influence’s effects also unexpectedly differ based 

on specific digital channels. Model 1’s results thus contribute to the consumer avoidance 

behavior literature by demonstrating how consumer-to-consumer interactions may influence 

consumers’ avoidance behaviors on different digital marketing channels.  

Second, Model 1 identifies that there are distinct dimensions to consumers’ advertising 

avoidance including cognitive ad avoidance, behavioral reactive ad avoidance, behavioral 

proactive ad avoidance, and brand avoidance. The study also identifies the differential impacts 

social influence and consumers’ attitudinal constructs (desire for personalized advertising, 

privacy, and irritation) have on these four distinct consumer avoidance behaviors.  The findings 

illustrate that the various factors have different effects on the various types of advertising 

avoidance.  Among the advertising avoidance dimensions, cognitive is only influenced by 

attitudinal constructs (irritation and privacy).  Meanwhile, reactive avoidance is influenced by 

the attitudinal constructs (irritation and privacy) and various social influence factors (mobile, 

web, digital, personalized ads, personalized ads, and overall).  The proactive advertising 

avoidance dimension was influenced from the attitudinal constructs of privacy and desire for 

personalized advertising, along with social influence overall.  This immediate response from 

irritation, albeit negative for the marketer, still enables ads to be seen by the consumer in the 

future, compared to proactive advertising avoidance such as ad blocker adoption.   
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More of an immediate response of cognitive or reactive ad avoidance, albeit negative for 

the marketer, still enables marketing of ads to be seen by the consumer in the future compared to 

proactive ad avoidance such as ad blocker adoption, thus ceasing ads to be viewed by a 

consumer now and in the future. Desire for personalized advertising had only one significant 

effect and helps reduce proactive advertising avoidance. Importantly, this suggests that marketers 

that effectively integrate personalization efforts into their marketing can reduce Gen Z 

consumers’ proactive efforts to avoid ads. Finally, the privacy construct positively influenced all 

three advertising avoidance dimensions (cognitive, reactive, and proactive).  Importantly, this 

further demonstrates the difficult balancing act marketers need to walk in creating relevant and 

personalized ads while avoiding becoming too invasive on consumers’ privacy.  

This study also found unexpected findings related to the different media types and the 

resulting effect on avoidance behaviors (reactive advertising and brand avoidance).  First, 

reactive advertising avoidance had three significant paths that were reversed from what was 

hypothesized. Specifically, social influence related to web content, digital content, and overall 

personalized ads, each had unexpected positive effects, thus increasing consumers’ reactive 

advertising avoidance.  Second, there was also a reversed positive effect from social influence 

web content to brand avoidance.   Third, social influence digital content had opposite effects on 

reactive advertising avoidance (positive association) and brand avoidance (negative association).    

As previous studies have not researched different media types within the same study, these 

findings provide an interesting area of focus for a better understanding of the varied and 

unexpected results. The implication to marketers is by having a better understanding of the 

effects of the different media types on consumers, they can utilize specific media types to 
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influence consumers’ attitudes and behaviors accordingly for better collaboration and 

engagement.    

A particular notable finding was related to the attitudinal construct privacy and its 

relationship to avoidance (advertising and brand).  The findings showed that GenZ’s privacy 

concerns had a significant and positive relationship to all types of advertising avoidance 

(cognitive, reactive, and proactive). However, privacy concerns do not significantly influence 

brand avoidance behaviors, which has implications for future research discussed later. 

Combined, Model 1’s attitudinal antecedents provide some interesting results.  Irritation 

affects more immediate responses cognitive, reactive, and brand avoidance behaviors, but not 

proactive ad avoidance.  As previously mentioned, these more immediate responses may be 

considered negative, they do still enable the consumer to see future advertisements from the 

marketer compared to proactive advertising avoidance such as ad blocker adoption.  Privacy 

affects a person’s cognitive, reactive, and proactive advertising avoidance but not their brand 

avoidance, and desire for personalized advertising reduces their proactive advertising avoidance. 

Model 1’s results demonstrate that there are complex interrelationships that require models that 

investigate the joint effects of these attitudinal constructs, social influence, and the different 

avoidance behaviors.    

 Discussion of Model 2 results. 

Model 2 extends the findings from Model 1, and examines how social influence (overall), 

desire for personalized advertising, privacy, proactive advertising avoidance, brand avoidance 

(non-PA ads) jointly influence brand loyalty related to personalized marketing efforts.  The 

findings answer recent calls to advance research on consumers’ attitudes toward personalized 
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marketing efforts and the resulting impact on brand loyalty (Shanahan et al., 2019; Strycharz et 

al., 2019).   

Model 2’s findings indicate that social influence plays an important role in GenZ’s brand 

loyalty behaviors.  First, there is a direct and positive relationship between social influence and 

its effect on GenZ’s brand loyalty behaviors, supporting that important others’ opinions, impacts 

GenZ’s brand loyalty behaviors.  Second, social influence also has indirect effects on brand 

loyalty through its positive influence on desire for personalized advertising.  This is an important 

finding because desire for personalized advertising was also found to have a positive and direct 

relationship with brand loyalty.  The findings also show that increased desire for personalized 

advertising reduces GenZ’s proactive advertising avoidance, which then leads to brand loyalty 

indirectly through brand avoidance of non-personalized advertising.  

Model 2 also offers important findings related to GenZ’s privacy concerns.  Previous 

research has found that personalized marketing saves consumers time for online product 

searches, however, the ads also increase privacy concerns referred to as the “privacy paradox” 

(J.-M. Lee & Rha, 2017; Tran, 2017; Zhu & Chang, 2016).  These mixed findings are why 

Gironda and Korgaonkar (2018) called for future research to examine consumers’ perceptions of 

personalized advertising and the consequences.  As previously mentioned, the findings from 

Model 2 showed that desire for personalized advertising directly and positively impacts brand 

loyalty.  Therefore, privacy’s negative impact on desire for personalized advertising is an 

important implication of this study and warrants further examination.  Lastly, the positive impact 

privacy has on proactive advertising avoidance confirms and illustrates the importance of gaining 

a better understanding of the privacy paradox.   
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One of the initial goals of this research study was to examine Gen Z’s attitude regarding 

personalized advertising versus non-personalized advertising and the resulting impact on brand 

loyalty, as this is an area not yet examined.  Although our research shows that desire for 

personalized advertising decreases proactive advertising avoidance, consumers’ privacy concerns 

increase proactive advertising avoidance.  In turn, proactive advertising avoidance behaviors 

increase Gen Z’s brand avoidance of non-personalized ads, which subsequently leads to 

increased loyalty to brands that do personalize marketing efforts.  Therefore, as our findings 

illustrate, marketers may overcome the negative effects of privacy concerns by using 

personalized marketing, thereby increasing brand loyalty.   
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Practical Implications 

The implications of this study provide marketing practitioners important understanding 

about the resulting behaviors of ad avoidance, brand avoidance, and brand loyalty.  The 

empirical results provide valuable insight on how marketers need to balance personalized 

advertising efforts to be of benefit, not annoyance to consumers.  As a result, marketers can help 

increase consumers’ acceptance of a brand’s personalized marketing efforts and increase brand 

loyalty.  Applying our findings can give marketers new insights into improved ways to target and 

reach their consumers for more successful marketing campaigns.  If marketers’ goal is for 

consumers to see an advertisement, they should leverage our findings related to ad avoidance and 

various media types.  First, irritation was shown to increase cognitive and reactive ad avoidance, 

and privacy concerns increase cognitive, reactive, and proactive advertising avoidance.  

Therefore, marketers should utilize ways to decrease consumers’ irritation and privacy concerns, 

such as providing ads that are more of a benefit, thus increasing consumers’ desire for 

personalized advertising.  Second, marketers can utilize different media types that our findings 

showed have a reversed effect on reactive advertising avoidance.  When marketers are using 

media types such as web content, digital content, and overall personalized ads, which were all 

found to have a reversed positive effect on reactive advertising avoidance, social influence 

creates more desire to see the content itself, thus raising reactive ad avoidance.  If the goal is to 

build brand awareness, our findings related to brand avoidance of non-personalized ads should 

be leveraged.  For instance, Gen Z’s brand avoidance of non-personalized advertisements was 

increased from irritation and social influence related to web content; therefore, if a brand 

provides more useful web content (i.e., shopping suggestions and offerings) related to the target 

market, that may enable reaching Gen Z to be more effective.  Lastly, when the marketers’ 



ACTIONS SPEAK LOUDER THAN WORDS 

126 

primary goal is to build brand loyalty, they should consider leveraging our findings related to 

brand loyalty.  Social influence, desire for personalized ads, and brand avoidance of non-

personalized advertisements were all found to positively impact brand loyalty to brands using 

personalized marketing efforts.  Therefore, marketers could utilize social media to encourage 

social influence among peer groups through the use of online influencers and by providing more 

relevant ads to save consumers time; consumers will have increased desire for personalized ads, 

leading to brand avoidance of non-personalized ads and brand loyalty to the brand using 

personalized marketing efforts.   

Most importantly, marketers should not underestimate Gen Z’s privacy concerns, because 

privacy concerns were significant and positive across all three dimensions of ad avoidance 

(cognitive, reactive, and proactive).  Also, once a consumer adopts ad blocking software, how 

does a marketer get them back?  Marketers need to ensure ads are relevant to consumers to aide 

in decreasing irritation and to be of benefit to consumers; marketers should use shopping 

suggestions and provide relevant offers in order to increase the desire for personalized 

advertising.  Marketers can also leverage the positive effect of social influence using social 

media, online influencers, and brand ambassadors.  Specific to privacy concerns, brands should 

ensure personalized marketing efforts, digital, and web content are transparent about how 

consumers’ information has been gained and how it is being used and give consumers opt-out 

abilities.  Lastly, marketers should consider creating content and ads to have a ranking ability to 

allow consumers to rank how relevant the ads and content are to them.  This ranking ability will 

not only give consumers the feeling of control but will also enable two-way communication 

between marketers and consumers in order to gain valuable insight.   
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Limitations and Future Research 

 Although Gen Z was the target sample, focusing on a single generational sample does not 

provide generalizable results.  Future research could study additional age groups to see if 

differences exist in the findings.  This research focused on the media types of online personalized 

ads, digital content, and social media, which provided some surprising and varied results.  Some 

of the hypothesized relationships were reversed in the findings, which provides an interesting 

finding to explore in future research.  The current study also contributes to research that 

examines the privacy paradox, however, there are still many questions left unanswered.  For 

instance, where is the tipping point between privacy, proactive ad avoidance (ad blocker 

adoption), and FOMO?  Additionally, as this research shows the importance of desire for 

personalized advertising to decrease proactive advertising avoidance, future research should 

focus on what marketers can do to increase this desire for personalized ads while also decreasing 

privacy concerns.  This study measured Gen Z’s attitude at one time in a cross-sectional survey; 

future research could extend this research over a period of time in a longitudinal study.  Lastly, 

this research model could be extended to include purchase intention after the brand loyalty 

construct.  This would enable marketing practitioners to better quantify the resulting effect brand 

loyalty has on purchasing behaviors.  Several research areas that warrant further investigation are 

located in the Appendix.  
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APPENDIX 

Proposed Measurement Items 

Others’ Attitudes toward Digital Marketing (POSITIVE SOCIAL INFLUENCE OF 

DIGITAL) 

People I communicate with in-person and online believe that…(1 = Strongly Disagree to 5 = 

Strongly Agree) 

Personalized 

Ads 

1. Personalized ads from brands are helpful 

2. Personalized ads from brands are useful 

3. Personalized ads from brands are effective 

4. Personalized ads from brands are valuable 

Social 

Media 

1. Social media posts from brands are helpful 

2. Social media posts from brands are useful 

3. Social media posts from brands are effective 

4. Social media posts from brands are valuable 

Mobile Ads 1. Mobile ads from brands are helpful 

2. Mobile ads from brands are useful 

3. Mobile ads from brands are effective 

4. Mobile ads from brands are valuable 

Videos 1. Videos from brands are helpful 

2. Videos from brands are useful 

3. Videos from brands are effective 

4. Videos from brands are valuable 

Online 

Reviews 

1. Online product reviews are helpful 

2. Online product reviews are useful 

3. Online product reviews are effective 

4. Online product reviews are valuable 

Brand 

Website 

1. Personalized content on a brand’s website is helpful 

2. Personalized content on a brand’s website is useful 

3. Personalized content on a brand’s website is effective 

4. Personalized content on a brand’s website is valuable 

Email 1. Emails from brands are helpful 

2. Emails from brands are useful 

3. Emails from brands are effective 

4. Emails from brands are valuable 

Text 

messages 

1. Text messages from brands are helpful 

2. Text messages from brands are useful 

3. Text messages from brands are effective 

4. Text messages from brands are valuable 

Digital 1. Digital content created by brands is helpful 

2. Digital content created by brands is useful 

3. Digital content created by brands is effective 

4. Digital content created by brands is valuable 
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Digital Ads 5. OVERALL, digital ads from brands are helpful 

6. OVERALL, digital ads from brands are useful 

7. OVERALL, digital ads from brands are effective 

8. OVERALL, digital ads from brands are valuable 

Perceived Usefulness/Value of Personalized Marketing 

I prefer SEEING PERSONALIZED ADS FROM BRANDS because they …(1 = Strongly 

Disagree to 5 = Strongly Agree) 

1. Improve my online shopping experience 

2. Make my online shopping searches more effective 

3. Are useful for the products/services I am researching online 

4. Are useful for my online shopping, so I intend to continue to use 

Privacy 

Please indicate your agreement with each of the following statements regarding any privacy 

concerns you may have about how brands use your personal information.  (1 = Strongly 

Disagree to 5 = Strongly Agree) 

1. It bothers me that brands are able to track information about me 

2. I am concerned that brands have too much information about me 

3. It bothers me that brands are able to access information about me 

4. I am concerned that my information could be used in ways I could not foresee 

Irritation with Non-Personalized Marketing 

When an online ad is NOT PERSONALLY RELEVANT to me…(1 = Strongly Disagree to 5 = 

Strongly Agree) 

5. The ad disturbs my online browsing experience 

6. The ad interferes with my online browsing experience 

7. The ad intrudes upon my online browsing experience 

8. The ad feels forced upon me 

9. The ad is unwelcomed 

10. I want to resist the ad 

11. I want to dismiss the content of this ad 

12. I ignore the content of the ad 

Ad Avoidance 

(1 = Strongly Disagree to 5 = Strongly Agree) 

Cognitive ad avoidance 

1. I intentionally ignore banner ads 

2. I intentionally ignore video ads 

3. I intentionally ignore social media ads 

4. I intentionally ignore mobile ads 

5. I intentionally ignore all ads on the internet 

Affective ad avoidance 

1. It would be better if there were no banner ads on the internet 

2. It would be better if there were no video ads on the internet 

3. It would be better if there were no ads on social media 

4. It would be better if there were no ads on mobile devices 

5. It would be better if there were no ads on the internet 

Behavioral ad avoidance 
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1. I scroll down on web pages to avoid banner ads 

2. I close browser windows to avoid video ads 

3. I close pop-up ads whenever they appear 

4. I mute the sound to avoid listening to ads with audio 

5. I frequently skip watching the full video ad as soon as it lets me 

6. I click away from a web page if it displays ads without other content 

7. I frequently delete cookies on my browser 

8. I frequently reset the advertising identifier on my mobile device  

9. I limit the use of tracking data by advertisers on mobile device 

10. I frequently turn off location service settings (GPS) on my mobile device 

11. I frequently use a private or incognito browser 

12. I frequently use a do not track setting on my browser 

13. I opt out of targeted advertising whenever given the choice 

14. I take any action to avoid ads on the internet 

Brand Avoidance 

If a brand DOES NOT PERSONALIZE MARKETING TO ME, I would…(1 = Strongly 

Disagree to 5 = Strongly Agree) 

1. Attempt to avoid all of that brand’s marketing 

2. Attempt to stay away from that brand’s marketing 

3. Unsubscribe from that brand’s emails 

4. Unfollow that brand on social media 

5. Ignore all marketing efforts from brands that don’t personalize marketing efforts 

6. Find it easy to avoid brands that don’t personalize marketing efforts 

7. Encourage others I know to avoid that brand’s marketing 

8. Avoid purchasing that brand 

9. Encourage others to avoid purchasing that brand 

10. Avoid brands that my personal and online connections complain about 

Brand Loyalty 

When it comes to making purchases from brands that USE personalized marketing efforts…(1 

= Strongly Disagree to 5 = Strongly Agree) 

1. I would be more committed to a brand that uses personalized marketing 

2. I would be willing to pay a higher price for a brand that uses personalized marketing 

3. I would prefer to buy a brand using personalized marketing the next time I make a purchase 

4. I would keep purchasing a brand that uses personalized marketing 

5. I would be more loyal to a brand that uses personalized marketing 

6. My first choice would be a brand that uses personalized marketing 

7. I would not buy other brands if there is a brand available that uses personalized marketing 
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Summary of Theoretical and Practical Contributions 

Theoretical Contribution Practical Implication 

Contributing to social influence theory, this 

study gained an understanding of the effect 

social influence has on Gen Z’s acceptance of 

digital marketing personalization and 

acceptance of marketing campaigns. 

As Gen Z continues to rely more on social 

and online influencers for brand information, 

has increasing purchasing power, and 

increases ad blocker adoption rates, it is 

imperative for marketers to understand how to 

reach and communicate with this cohort of 

consumers.  

Through the lens of the TPB, this research 

found that there are distinct dimensions to 

consumers’ advertising avoidance (cognitive, 

reactive, proactive).    

An understanding of the advertising 

avoidance continuum and the implications on 

digital marketing campaigns is important for 

marketers.  As Gen Z moves from the 

cognitive to the proactive end of the 

continuum, it becomes more difficult, if not 

impossible, to target these consumers due to 

ad blocker adoption.   

The TPB helped to identify how the 

dimensions of advertising avoidance and 

brand avoidance are influenced differently 

according to media types and attitudinal 

constructs (desire for personalized 

advertising, privacy, and irritation).   

It is important for marketers to determine the 

appropriate media types for their target 

market segments, according to consumers’ 

acceptance of personalization, in order to 

reach and effectively influence their target 

audience. 

Social influence has an additive effect on Gen 

Z’s behavior toward brands, including 

influence through desire for personalized 

advertising. 

As marketers understand the effect social 

influence has on Gen Z’s attitude toward 

digital marketing and the resulting effect on 

their brands, brands are better able to engage 

with the Gen Z population via social media to 

enhance brand perceptions and increase brand 

loyalty. 

Adding to social influence theory, this 

research found that with the addition of the 

irritation moderator, males were affected 

more from social influence than females when 

it comes to privacy concerns and perceived 

value of advertising. 

Marketers should consider utilizing social 

influence trends to promote male dominated 

products; however, they need to be conscious 

of adding value to their advertisements while 

not invoking privacy concerns.  

Supporting the TPB, Gen Z’s attitudes toward 

personalized marketing efforts (desire for 

personalized ads and irritation with non-

personalized ads) were found to affect their 

perceived behavioral control (ad avoidance), 

behavioral intention (brand avoidance), and 

behavior (brand loyalty). 

With the importance of and resulting effects 

from Gen Z’s attitude toward digital 

marketing efforts, marketers need to find 

ways to provide value from their personalized 

marketing efforts, such as saved time with 

searches, providing useful information, and 

less intrusive online ads. 

Gen Z’s conflicting privacy attitudes offer 

both support to and conflict with the TPB.  

Marketers should look to become a brand 

leader in reducing consumers’ privacy 
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Privacy concerns were found to affect all ad 

avoidance dimensions (perceived behavioral 

control), supporting the theory; however, their 

brand avoidance (behavioral intention) was 

not affected by their privacy concerns, which 

is contrary to the theory.      

 

concerns.  With the reduction of third-party 

cookies in the near future and the negative 

effects privacy concerns have on consumers, 

marketers should consider using measures to 

reduce concerns, such as transparency as to 

how consumers’ data will be used, opt-in 

instead of opt-out capabilities, and a reduction 

or elimination of third-party cookies usage 

before being mandated to do so.  As 

marketers communicate what they are doing 

to address privacy concerns, they could 

become a brand leader in privacy issues for 

consumers.  

Gen Z’s perceived behavioral control (ad 

avoidance) was found to affect their 

behavioral intention (brand avoidance) but not 

behavior (brand loyalty).  

 

Marketers need to be cognizant of Gen Z’s 

tipping point, because although Gen Z’s ad 

avoidance raises their brand avoidance of 

non-personalized ads, their brand loyalty 

toward brands using personalized ads also 

decreases.   
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Suggested Areas for Future Research 

Topic Future Research 

Effect of 

Demographics 

As this research found, gender has an impact on privacy concerns and resulting 

effects of how social influence effects on Gen Z’s perceived value of digital 

marketing efforts.  Future research should examine the varying effects of 

demographics to enable marketers to reach and better influence their target market.  

Privacy As this research supported, privacy continues to be a key issue with digital 

marketing efforts.  In the coming months, Google and Apple have said that third 

party cookies are going away Bohn, 2020).  This will make targeting more difficult 

and marketers will need to re-adjust.  Therefore, the finding from this study 

showing the importance of desire for personalized advertising to decrease proactive 

advertising avoidance indicates that future research should focus on what marketers 

can do to increase this desire for personalized ads while also decreasing privacy 

concerns. 

Advertising 

Avoidance 

The positive impact privacy has on proactive advertising avoidance confirms and 

illustrates the importance of gaining a better understanding of the privacy paradox.  

As ad blocker adoption is expected to continue to increase and targeting ability will 

be increasingly difficult with third party cookies going away, proactive advertising 

avoidance becomes a key issue for marketers.  

Advertising 

Value or 

Preferred Media 

Types 

As previous studies have not researched different media types within the same 

study, these findings provide an interesting area of focus for a better understanding 

of the varied and unexpected results.  Reversed effects were found for hypotheses 

related to the different media types social influence (web, digital, and overall). 

Does the type of product affect perceived value of personalized advertising efforts 

differently, such as products requiring more technical ability? 

Behavioral 

Intention 

This study found that when the behavioral intention moderator was added, there 

was an opposite effect on both groups, supporting that a person’s behavioral 

intention is influenced by attitude and social norms; future research should focus on 

how the addition of a person’s technical ability (perceived behavioral control) 

could subsequently affect their privacy concerns, perceived value, and resulting 

brand avoidance.    

Effect of Covid-

19 on Attitudinal 

Constructs 

As 2020–2021 has brought about significant changes in how the world interacts 

socially, this provides an excellent future research opportunity on the effects of 

digital marketing efforts on Gen Z’s perceptions and how they may have changed 

since early 2020 and the onset of Covid-19. 

Brand Loyalty Desire for personalized advertising was found to directly and positively impact 

brand loyalty.  Therefore, privacy’s negative impact on desire for personalized 

advertising is an important implication of this study and warrants further 

examination.   

Fear of Missing 

Out (FOMO) 

Our research found differences among males and females regarding the effects of 

social influence attitudes and behaviors toward digital marketing.  An important 

area for further investigation would be the effect FOMO has on attitudes and 

behaviors toward digital marketing efforts.   
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