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Abstract 

 

Digital news is progressively blurring with commercial content at the same time that mobile 

technology is increasingly being used to access news. To understand if these trends affect ability 

to distinguish news from covert advertising, two experiments were conducted among U.S. adults 

examining whether viewing content on a mobile device versus computer interacts with 

motivation levels in affecting recognition of native advertising. Consistent with tenets of the 

Covert Advertising Recognition and Effects model, results show that although people with 

greater motivation to process media content were more likely to recognize native advertising, it 

was not enough to compensate for the greater cognitive effort required when using a mobile 

device. 

 

Keywords: persuasion, digital news, native advertising, mobile devices, information processing 
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Native Advertising in a Mobile Era:  

Effects of Ability and Motivation on Recognition in Digital News Contexts 

The growth of mobile technology is changing how people access online content. In 2019, 

more than four out of five Americans (81%) reported owning a smartphone, up from just 35% in 

2011. Moreover, an increasing number of these people (37%) report that when they do go online, 

it is mostly via their smartphone. While this is true among all ages, it is particularly pronounced 

among younger adults – 18-29 year olds – with over half (58%) reporting going online primarily 

with a cellphone. For some of these adults, they have foregone paying for broadband because 

their mobile phones allow them to access what they need online. Indeed, 17% of U.S. adults are 

“smartphone-only internet users” – those with no traditional high-speed internet access in their 

homes. These users tend to be less educated and from lower income households (Anderson 

2019). As will be addressed in this paper, this trend in online media access has profound 

implications for the consumption of news (Dunaway, Searles, Sui, and Paul 2018; Molyneux 

2018). 

At the same time that mobile technology is changing news consumption habits, it is also 

becoming increasingly difficult to identify what news is. To be sure, defining news has 

historically been fraught with complications and unclear distinctions between “the material being 

reported and the report itself,” making news “difficult if not impossible to define” (Zelizer 2004, 

24-25). Journalists, themselves, find it easier to recognize than define news (Zelizer 2004). 

Moreover, even communication scholars have commissioned a special issue of an academic 

journal to address issues surrounding “What IS news?” (Pompper and Hoffman 2018). Indeed, as 

news increasingly blurs genre boundaries with entertainment, a journalistic hybridization is 

taking place where distinctions give way to “unstable mixtures and uncertain assemblages” 
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(Baym 2017, 12). Consequently, understanding how audiences perceive notions of “news-ness” 

– the extent to which media content is news – is critical in studying the implications of the 

modern media environment (Edgerly and Vraga 2019). 

The ability to distinguish news from other types of media content has become especially 

important with the rise of fabricated news stories and other types of disinformation infiltrating 

the media ecosystem (Amazeen and Bucy 2019; Tandoc, Lim, and Ling 2018). In particular, the 

prevalence of the covert marketing practice called “native advertising” has made identifying 

news all the more difficult. In digital news environments, native advertising mimics the format of 

journalistic articles right down to the identical font (Einstein 2016). A growing corpus of 

academic research indicates that generally fewer than 1 in 4 people are able to discriminate 

between a journalistic news article and a native advertisement that resembles digital journalism 

(Amazeen and Wojdynski 2018, 2019; Wojdynski and Evans 2016). Because what and how the 

news media report affects what the public learns (McCombs and Shaw 1972), the blurring of 

news content with commercial content may affect public knowledge necessary for informed 

citizenship, creating what some scholars call commercial democracy, displacing power from the 

political realm to one prioritizing consumption (Cronin 2018; Kovach and Rosenstiel 2001). 

With changes in both the composition of news and the way online content is consumed, the 

present study aims to investigate whether the device on which news is accessed affects ability to 

discriminate between journalism and commercial content read via a web browser. 

In examining whether and how ability and motivation to process content affects digital 

news perceptions, this research is theoretically grounded within the Covert Advertising 

Recognition and Effects (CARE) Model proposed by Wojdynski and Evans (2020) which 

conceptualizes the types of factors that influence recognition of hidden persuasive attempts. Two 
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studies – one online pilot and the other lab-based – are presented offering one of the first 

empirical tests of CARE model components. Specifically, the studies advance the model by 

detailing how the situational delivery context of device on which the web-based mediated 

content is encountered (mobile phone versus desktop computer) interacts with a person’s 

motivational state when accessing the content in the allocation of information-processing 

resources. Following analysis of the results, a discussion of the theoretical and practical 

implications of the findings are offered. 

News Consumption 

 While half of Americans still get their news most often from television (49%), a growing 

number of people are getting their news from online sources. In 2018, 1 in 3 often got their news 

from websites while another 1 in 5 from social media (Shearer 2018). In terms of weekly news 

consumption, primary access is now from online sources (72%) rather than from television 

(58%) or the print sources (19%) of yesteryear (Newman, Fletcher, Kalogeropoulos, and Nielsen 

2019). Driving this trend has been the global growth of mobile news consumption which doubled 

between 2012 and 2018 (Newman et al. 2018) with two out of three people using a mobile 

device to access news weekly. Among U.S. audiences, weekly news consumption via 

smartphones (57%) has now overtaken the computer (53%) (Fedeli and Matsa 2018; Newman et 

al. 2019). Although mobile consumption of news skews toward younger adults, the increase has 

been driven primarily by older adults and those with lower incomes (Fedeli and Matsa 2018). 

 The growth of access to news via mobile devices prompts questions about whether this 

may lead to differential outcomes, such as in ability to distinguish editorial from commercial 

content, when compared to desktop access and the reasons for any differences. Conditioning 

these effects are specific factors of mobile news such as its proximity, location, and timing of use 
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(Ohme 2020) along with structural features that affect perceptions of its content (Kim and 

Sundar 2016; Ohme 2020). For instance, the physical availability and proximity of mobile 

devices may increase access to and thus likelihood of exposure to news for some populations 

(Ohme 2020; Napoli and Obar 2014), particularly if push-message notifications are enabled on 

news apps (Stroud, Peacock, and Curry 2020). At the same time, the location and timing of 

mobile news consumption are influential. The portability of mobile devices affords users the 

opportunity to consume news in public spaces beyond the privacy of home such as while waiting 

in line at the store or while commuting on the subway. As such, the ability to cognitively process 

news content in public may be curtailed due to greater opportunities for distraction as well as 

differing motivations for engaging with the content (e.g. task-oriented versus passing the time) 

(Ohme 2020). Indeed, people who access news via mobile tend to be “snackers,” spending less 

time with the content than those accessing it on other types of devices (Dunaway et al. 2018; 

Molyneux 2018; Nelson and Lei 2018), part of a larger trend toward news grazing more 

generally, but particularly among younger audiences (Pew 2012).  

 Of central concern to the present study, however, is how perceptions of mobile news may 

affect distinguishing commercial from editorial content. By virtue of the size of mobile devices, 

perceptions of the content may be altered. Although not yet a well-studied phenomenon, initial 

studies suggest smaller screens and font sizes make it more difficult to search for and receive 

information (Dunaway and Soroka 2019; Kim and Sundar 2016; Napoli and Obar 2014; Ohme 

2020). When coupled with the lessened amount of time spent with mobile news content, the 

ability to cognitively elaborate on the information that is encountered on mobile devices should 

decrease (Petty and Cacioppo 1986). As suggested by the limited capacity model of information 

processing (Lang 2000), the allocation of cognitive resources to process a message determines 
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the ease with which it is understood and the degree of information that is ultimately gained. 

Thus, decreased information-processing ability should result in a shallow analysis of stimuli due 

to less cognitive access to stored knowledge structures of how information should be classified 

(Wojdynski and Evans 2020).  

The Covert Advertising Recognition and Effects Model 

 The development of the CARE Model (Wojdynski and Evans 2020) was inspired by 

shortcomings of existing models – such as the dual process Elaboration Likelihood Model 

(ELM; Petty and Cacioppo 1986) and the Heuristic Systematic Model (HSM; Chaiken 1980) – of 

how persuasive messages are processed. Like the Persuasion Knowledge Model (PKM; Friestad 

and Wright 1994), these traditional models do not account for how people schematically classify 

an incoming message, instead assuming an individual understands a message to be persuasive in 

nature. With the aforementioned blurring of commercial content with news content, it can no 

longer be taken for granted that audiences easily discriminate between the two. Beyond the 

specific content in a message, the dual-process models also fail to consider the external context 

that may affect how a message is processed (Wojdynski and Evans 2020). For example, the 

surrounding context such as topic congruency or advertising intrusiveness has been shown to 

affect persuasive messages (Ha and McCann 2008; Rodgers and Thorson 2000). The CARE 

Model also explicitly proposes that the context of message delivery characteristics should be 

taken into consideration. Indeed, the size of the screen on which a mediated message is delivered 

has been shown to affect persuasion (Kim and Sundar 2016). 

 In Wojdynski and Evans’ (2020) CARE Model, discriminating ad content from editorial 

or entertainment content is called “advertising recognition.” The pathway to recognition can 

occur via “top-down” processing of a disclosure that identifies the content as advertising (as 
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federally mandated in many countries) and/or via a “bottom-up” approach wherein message and 

context features are evaluated. Recognition activates an “advertising schema” – a classification 

framework based upon past experiences – allowing an individual to perceive the message as a 

persuasive attempt rather than as some other type of content such as news or entertainment. 

 Similar to the ELM (Petty and Cacioppo 1984), two important constructs in the CARE 

Model are an individual’s ability and motivation, factors that Wojdynski and Evans (2020) refer 

to as “situational individual factors” which are antecedents to recognition (9). Unlike 

dispositional traits, such as knowledge levels – which are relatively stable over time – situational 

individual factors vary across different circumstances. For instance, a person’s ability to 

cognitively process media content may be affected by message delivery context characteristics, 

such as with the growing use of mobile technology when accessing news, thereby influencing 

ability to recognize advertising (see Figure 1). Although conveniences such as accessibility and 

portability do enable certain advantages to mobile devices over laptop computers, the concern of 

this study is with cognitive access affordances – or how easily information processing occurs 

following exposure – rather than physical access (Dunaway and Soroka 2019; Grabe et al. 2000).  

-- Insert Figure 1 about here -- 

A growing body of research indicates impediments to perceiving information on mobile 

devices (Ohme 2020). For instance, search functionality is low with entry of queries being more 

time consuming and resulting in fewer hits (Kamvar and Baluja 2006). Consequently, goal-

directed tasks, such as seeking health or political information, research for school or work, or job 

searches, are more difficult on mobile devices. Indeed, tasks that are cognitively-resource 

intensive are less likely to be conducted via mobile compared to computers (Donner and Walton 

2013). Particularly for news consumption, initial research suggests the increased cognitive effort 
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and time required to seek information on mobile devices is costly to individuals resulting in far 

less attention paid to content that is accessed in this way (Dunaway et al. 2018). However, 

attention is only one mechanism involved in cognitive effort. According to the limited capacity 

model of information processing (Lang 2000), individuals are selective not only in the 

information they attend to, but also to which they encode, store, and retrieve. To be sure, viewing 

news via mobile devices has also been shown to limit cognitive access as demonstrated in terms 

of physiological arousal (Dunaway and Soroka 2019). Thus, because mobile screen sizes are 

smaller than on computers, more cognitive effort to process information is required (Dunaway 

and Soroka 2019; Kim and Sundar 2016). 

Given that native advertisements in digital news contexts are designed to blend in with 

their surroundings to avoid detection (Einstein 2016), greater cognitive resources are required to 

activate recognition by accurately classifying the content as advertising (Wojdynski and Evans 

2020). When exposed to a native advertisement on a mobile device, an individual will have to 

contend with not only the greater difficulty in recognizing a message disguised as news, but also 

the reduced ability to process the information due to the increased time and effort required by the 

mobile environment. Although one qualitative study has found that mobile users are capable of 

recognizing native advertising disclosures (Krouwer, Poels, and Paulussen 2019), the research 

was based upon a mobile news application environment. Mobile news apps have been found to 

elicit significantly greater attention than does mobile news consumption via a web browser. 

Furthermore, only a fraction of news audiences is reached via news apps. Most are reached via 

web browsers (Dunaway et al. 2018; Nelson and Lei 2018). Thus, in a web-browser 

environment, it is expected that the smaller-sized screens associated with mobile devices will 

hinder cognitive processing ability making native advertising more difficult to identify.  
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H1:  Recognition of native advertising is less likely when accessing news articles on 

mobile devices compared to computers. 

In addition to one’s ability to process information, another factor the CARE model 

(Wojdynski and Evans 2020) considers is an individual’s level of motivation to engage with the 

content. Also referred to as “involvement,” it relates to the degree of personal interest or 

relevance a message may have to someone. Greater motivation to process a message increases 

the likelihood that an individual will engage more extensively with the content, closely 

scrutinizing any claims (Chaiken 1980; Petty and Cacioppo 1986; Wojdynski and Evans 2020). 

Beyond evaluating message claims, those who are more motivated to process a message may 

also be more likely to notice the source of the message and consider its reason for creating or 

distributing it (Wojdynski and Evans 2019). This is consistent with media literacy skills wherein 

individuals are motivated to, among other efforts, identify the author and purpose of mediated 

content (Hobbs and Frost 2003). To be sure, people with a greater motivation to engage with 

news for informational purposes are indeed more likely to recognize native advertising 

(Amazeen and Wojdynski 2019). In this way, involvement is categorized as outcome-relevant – 

engaging with news in the present context – where motivation is tied to information contained in 

a message (Johnson and Eagly 1990). Thus, the following prediction is expected: 

H2: Recognition of native advertising is more likely when motivation to process 

information is high rather than low. 

Like the ELM (Petty and Cacioppo 1986), the CARE model (Wojdynski and Evans 2020) 

theorizes that ability to process information interacts with motivation levels. Although adequate 

ability is a necessary precondition for message content to be processed, it is not sufficient. In the 

case of native advertising in digital news contexts, even with a sufficiently sized device screen, 
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many people do not recognize native advertising because they are not motivated to engage with 

news content, finding entertainment content more relevant (Amazeen and Wojdynski 2019). Of 

course, it would be least expected for those who are unmotivated to engage with news content to 

recognize native advertising when using a mobile device with a smaller-sized screen where a 

disclosure may be difficult to process. Conversely, it would be most likely for individuals to 

recognize a native ad when both engaging with news on a computer – because of its larger screen 

size – and being interested in engaging with news to begin with. Nonetheless, despite the 

evidence indicating the attenuated ability to process information presented by mobile devices 

(Dunaway et al. 2018; Dunaway and Soroka 2019; Kim and Sundar 2016), it may be possible 

that a greater motivation to engage with the content will compensate for the negative effects of 

mobile use. After all, while ability to process information on a smaller-sized screen is more 

taxing, it is not impossible. Qualitative research on a mobile news application, an environment 

where users tend to be significantly more engaged (Dunaway et al. 2018), suggests that readers 

are generally able to identify native advertising (Krouwer et al. 2019). Given that the growth of 

mobile usage is driven primarily by older adults (Fedeli and Matsa 2018) and less engaged news 

grazers (Dunaway et al. 2018; Molyneux 2018; Nelson and Lei 2018) – groups more likely to be 

deceived by native advertising (Amazeen and Wojdynski 2018; 2019) – understanding this 

interaction is particularly important. Thus, the following prediction is offered: 

H3: Device type will moderate the effect of motivation to process information on 

recognition of native advertising such that when accessing news sites via mobile, 

high motivation to process will result in a greater likelihood of recognition than 

among those accessing news sites on computers with low motivation to process 

information. 
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Methods 

 To address these predictions, two studies were administered among U.S. participants. 

Both relied upon a similar experimental design. Study 1 was a pilot study to explore whether any 

relationship existed between device type and advertising recognition. It was comprised of a 6-

condition design to which all participants were randomly assigned: a 2 (motivation: low or high) 

by 2 (disclosed article sponsor: Bank of America or Ben & Jerry’s) with 2 offset controls 

containing no native advertising (see Table 1). A question in the study elicited self-reporting the 

type of device used during data collection. However, because the type of device used was not 

randomly assigned, any differences in outcomes may not be due solely to device type. For 

instance, people who are less engaged with news may choose to use a mobile device, which 

makes untangling the effects of device and motivation difficult. To remedy this issue, Study 2 

included the same 6 conditions but also randomly assigned participants to use either a mobile 

phone or a desktop computer to complete the study.  

– Insert Table 1 here – 

In both studies, the first experimental manipulation addressed motivation. Consistent with 

outcome-relevant involvement where motivation is tied to information contained in a message 

(Johnson and Eagly 1990), participants were advised prior to stimulus exposure that they were 

going to see a recently published article from a news website. In the low motivation conditions 

(including both control conditions), participants were instructed to “Please read this as if you 

found it on your own, and only for as long as it keeps your interest.” The high motivation 

conditions stated, “Please read this carefully to the end. You will be asked to answer questions 

about the article format, topic, author, and its source (where it was published).” The intent of this 
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manipulation was to vary the level of interest in attending to the message as opposed to 

manipulating aptitude to efficiently process information (Grabe et al. 2000).  

The second manipulation in both studies involved the treatment stimulus. Half of 

treatment participants were exposed to a native advertisement disclosed as being sponsored by 

Bank of America, while the other half saw a native ad disclosed as sponsored by Ben & Jerry’s. 

Consistent with other studies of native advertising recognition (Amazeen and Muddiman 2018; 

Amazeen and Wojdynski 2018), participants in the two control conditions were exposed to the 

same two articles except a reporter byline replaced the sponsorship disclosure.  

Procedure 

 Respondents from both studies were invited to participate in a survey about their media 

habits. Upon informed consent, all participants were randomly assigned to one of 6 conditions. 

Participants in study 1 were allowed to take the survey on whatever type of device they preferred 

– no instructions were provided. Participants in study 2 were randomly assigned to complete the 

survey on either a mobile phone or a desktop computer. All participants were first asked about 

their media habits and perceptions and then read a brief article about sushi that was unrelated to 

the present study.1 This was followed by the motivation manipulation and exposure to either the 

treatment or control stimulus. Open-ended thought-listing questions were then asked to capture 

what respondents were thinking while looking at the stimulus article. Following a short distractor 

task, advertising recall and recognition questions were asked. The final stage of the study 

measured perceptions of and engagement with the stimulus and publisher followed by 

demographic questions. Participants were fully debriefed, thanked, and compensated for their 

time. 

Stimuli 
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 The treatment stimulus was one of two “branded/native content” ads (IAB 2019)2 

previously used in academic research (see Appendix). By including more than one media 

stimulus, the study builds in an internal replication element. One stimulus was a Bank of 

America sponsored ad about mobile banking that was created by the content marketing provider, 

Brandpoint (see Amazeen and Wojdynski 2018, 2019). The other was a Ben & Jerry’s sponsored 

ad about ice cream manufacturing that appeared in The Guardian (see Amazeen and Muddiman 

2018). Each article was modified in two ways. First, they were edited to have an equal number of 

sponsor references (2 each) and to be roughly equal in length (Bank of America = 476 words; 

Ben & Jerry’s = 449 words). Second, authorship varied by experimental condition. The articles 

in the control conditions had a traditional reporter byline of the fictitious “Pat Warren” followed 

by publication date. Articles in the treatment conditions had the reporter byline replaced with a 

disclosure indicating “Sponsored Content by” either Bank of America or Ben & Jerry’s followed 

by publication date. All other aspects of the articles were identical between the control and 

treatment conditions including use of the masthead from the New York Times. 

Study 1 

 Upon Institutional Review Board (IRB) approval, the pilot study was implemented in 

October 2018 via an online experiment administered through the academic TurkPrime interface 

among 598 Amazon Mechanical Turk (MTurk) workers (adults 18+ residing in the U.S.) who 

were paid $2.00. While it is arguably problematic for salaried researchers to use a corporate 

repository of precarious labor organized around piece work and incentivized by micropayments, 

these participants were paid ethically (Pittman and Sheehan 2016): the equivalent of more than 

the federal minimum hourly wage of US$7.25 given the median survey length of 15 minutes (M 

= 16.65, SD = 7.06).  



NATIVE ADVERTISING IN A MOBILE ERA 

 

 15 

Although MTurk workers are not representative of the U.S. population, there are several 

reasons justifying sampling from this source. First, past research indicates there is a very low 

incidence of recognition of native advertising in the general population. However, people who 

are more likely to recognize native advertising are younger and better educated (Amazeen and 

Wojdynski 2018), characteristics consistent with the profiles of MTurk workers (Sheehan 2018). 

Second, MTurk is increasingly accepted as a reliable source of data when process-related 

inferences rather than population projections are the objectives of the study (Berinsky, Huber, 

and Lenz 2012; Litman, Robinson, and Abberbock 2017; Sheehan 2018), as in the present 

situation. This is especially true in the case of advertising experiments where inattention to 

manipulations in stimuli may lead to Type II errors on theory-driven effects (Kees, Berry, 

Burton, and Sheehan 2017). Finally, while the use of MTurk workers has bearing on the quality 

of findings, empirical studies have found the quality of MTurk workers to be superior to other 

paid panels and comparable to student samples (Kees et al. 2017). Moreover, the TurkPrime 

interface was employed which facilitates online data collection for social science purposes 

leading to higher quality participants (Litman et al. 2017). Thus, the use of MTurk is appropriate 

for the present study. 

 From the 598 participants, standard online data quality-control practices yielded N = 565 

(Menictas, Wang, and Fine 2011). Respondents were excluded if they skipped the demographic 

questions, spent less than five minutes on the survey, or if they wrote suspect answers to open-

ended questions as independently judged by two trained coders (Krippendorff’s α = 1.0) 

suggesting server-farm workers – foreigners with little English proficiency providing low quality 

responses (Moss 2018). Among the final sample, participants were an average of 38 years old, 
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50% female, 76% White, 42% married, 34% held a bachelor’s degree, and 45% identified as a 

Democrat.  

Measures 

 Digital platform device type. A multiple-choice question at the end of the survey asked 

participants “On which type of platform are you completing this survey?” An overwhelming 

majority used a desktop/laptop computer (95%), 4% reported using a smartphone, and 1% a 

tablet-type device. For the purposes of this study, smartphone and tablet users are combined to 

comprise mobile device users.  

 Advertising recognition. As memory of content is a revealing indicator of allocation of 

information processing resources (Lang, Dhillon, and Dong 1995; Newhagen and Reeves 1992), 

this dependent variable was assessed as a binary measure (0= no, 1=yes) developed following a 

multi-step process used in other studies of native advertising (Amazeen and Muddiman 2018; 

Amazeen and Wojdynski 2018, 2019; Tutaj and van Reijmersdal 2012; Wojdynski and Evans 

2016). First, an unaided recall measure asked participants whether they remembered noticing any 

advertising on the webpage they saw. The second step asked those who answered affirmatively 

(14%) to explain both where on the webpage they saw the advertising and how they knew it was 

advertising. A pair of trained research assistants identified responses to these open-ended 

questions that indicated recognition of native advertising, such as, “It said Sponsored by Ben & 

Jerrys” or “The entire article was an ad.” In addition, the thought-listing questions (tell us what 

you were thinking about while viewing the previous page) – which preceded the ad recall 

measures – were also taken into account by the coders using the same criteria as the ad 

recognition open ends. This allows consideration of people who answered “no” to the ad recall 

question but may have clearly understood that what they were looking at was a sponsored article. 
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Thus, the binary measure of ad recognition was derived from the independent coding of the 

recognition statements as well as the open-ended thought-listing questions (Krippendorff’s α = 

.90). Overall, 14% of the total sample recognized that the article was native advertising. 

 Control variables. As both age and education have been identified as significant 

predictors of native advertising recognition (Amazeen and Wojdynski 2018), an interval-level 

measure of age (M = 38.27, SD = 12.06) and an 8-item ordinal scale of education (M = 4.15, SD 

= 4.00; roughly “some college”) were used as covariates. Perceived credibility of the New York 

Times was a control as its masthead appeared as part of the treatment stimuli. The NYT 

credibility measure is based upon a 7-point Likert-type scale where 1 = “less credible” and 7 = 

“more credible” (M = 4.89, SD = 1.80). News use frequency was also held constant. This 

measure was assessed using a 6-point ordinal scale where 1 = every day, 2 = 3-5 days/week, 3 = 

1-2 days/week, 4 = once every few weeks, 5 = less often, and 6 = never. The items were reverse-

coded so that higher numbers indicate greater news use frequency (M = 5.47, SD = 0.86). In 

addition to these measures, the situational variable of ad sponsor (Bank of America = 1; Ben & 

Jerry’s = 2) was held constant. 

Manipulation checks 

 To determine the effectiveness of the native advertising article manipulations, a chi-

square analysis3 of the binary advertising recognition measure (2 = 34.66, p = .000) revealed 

that participants in the native advertising conditions were significantly more likely to recognize 

the webpage article as advertising (20%) than were those in the control conditions who were not 

exposed to an article disclosed as native advertising (2%). Thus, based upon the recognition 

measure, the manipulation was successful.  
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To determine whether the motivation manipulation was successful, self-reported 

engagement with the stimulus (Young et al. 2018) was a composite measure based upon 6 items 

assessed with a 7-point Likert scale (1 = strongly disagree and 7 = strongly agree): “this article 

was interesting to me,” “I was excited to read this article,” “this article held my attention,” “I 

paid close attention to the article,” “my mind kept wandering as I read this article,” and “I kept 

getting distracted by other things as I read this article.” After reverse-coding to match the 

direction of word polarity (with lower scores indicating less engagement), the six items were 

averaged to form the composite measure of engagement with the stimulus (Cronbach’s α = .90, 

M = 4.81, SD = 1.39). Participants in the low motivation conditions (M = 4.72, SD = 1.43) had 

lower self-reported engagement than did those in the high motivation conditions (M = 5.00, SD = 

1.30). These differences were statistically significant [t(563) = -2.21, p = .028], indicating the 

motivation manipulation was successful. 

Results 

 The first prediction (H1) was that recognition of native advertising would be less likely 

on a mobile device than on a computer. A cross-tabulation analysis indicates that 6.5% of mobile 

device users recognized the native advertising (based upon the binary recognition measure) 

compared to 14.0% of computer users. Although in the expected direction, a z-test indicates 

these differences are not statistically significant (z = -1.20, p = .115, one-tailed). To control for 

other variables which may affect advertising recognition, a binomial logistic regression analysis 

was specified with the binary recognition measure as the dependent variable. The independent 

variable was device type with controls specified for age, education, NYT credibility, news use 

frequency, sponsor, and motivation. While the model was significant [2 (7, 554) = 61.29, p = 

.000; Cox & Snell = .10, Nagelkerke = .19], the coefficient for device type was not (b = 1.19, β = 



NATIVE ADVERTISING IN A MOBILE ERA 

 

 19 

3.30, p = .118). The only statistically significant coefficient was for motivation (b = 1.88, β = 

6.56, p = .000) with greater motivation increasing the odds of recognition. Because it is 

impossible to discern from the present study design whether participants who chose to use 

mobile devices rather than computers were inherently less motivated, a second study to address 

this issue was conducted. 

Study 2 

 Following IRB approval, study 2 was implemented in the Spring of 2019 at a private 

university in the New England region of the U.S. Communication students were recruited to 

anonymously participate in an on-campus lab study in exchange for course credit.4 Among the 

86 students who participated in the study, four were excluded from analysis for not completing 

the survey, yielding N = 82 (median survey length = 17 minutes, M = 21.98, SD = 19.99). The 

sample had an average age of 21, was primarily female (88%), 46% identified as Asian and 38% 

as White, and 42% identified as Democrats with another 39% having no political party 

preference. 

The study protocol was identical to the pilot study with the exception of when a 

participant arrived at the lab, a research assistant randomly assigned them to take the online 

survey using either a lab-owned smartphone (an iPhone 8 with a 5.45 x 2.65-inch screen) or 

desktop computer (with a 22-inch monitor).5 Although tablets are another type of mobile device 

that individuals rely on, they are significantly less likely to use them to access news (22%) 

compared to smartphones (57%) (Newman et al. 2019). Tablet users are also less likely than 

smartphone users to have mobile-only internet access (Horrigan and Duggan 2015). 

Furthermore, because tablets are more likely to be used at home rather than on mobile networks 

(Horrigan and Duggan 2015), distinctions between tablet and desktop computers may be lesser 
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than between smartphone and computer users (Dunaway et al. 2018; Napoli and Obar 2014). 

Thus, if any differences exist, the greatest chance of observing them would be to compare 

smartphones to desktop computers rather than to tablets, which is what study 2 does. 

Furthermore, since more people are reached by a mobile browser mode of access than via news 

applications (Dunaway et al. 2018), stimuli in the mobile conditions were consistent with a 

mobile web browser rather than a news app. 

Measures 

 Digital platform device type. Participants were randomly assigned to use either a 

desktop computer (52%) or a smartphone (48%). 

 Advertising recognition. Using the same procedure as in the pilot study, 21% of 

participants affirmatively recalled seeing advertising. Coding of the recognition statements as 

well as the open-ended thought-listing questions (Krippendorff’s α = .90) indicated that 15% of 

the total sample recognized that the article was native advertising. 

 Control variables. Because there was little variance in age (M = 20.86, SD = 1.74) and 

education (M = 3.41, SD = 1.29) among study 2 participants, they are not used as covariates for 

the analyses. However, perceived credibility of the New York Times (M = 6.60, SD = 0.78), news 

use frequency (M = 5.29, SD = 0.84), and ad sponsor (Bank of America = 1; Ben & Jerry’s = 2) 

were used as controls. 

Manipulation checks 

 To determine the effectiveness of the native advertising article manipulations, a chi-

square analysis of the binary advertising recognition measure (2 = 6.90, p = .009) revealed that 

participants in the native advertising conditions were significantly more likely to recognize the 

webpage article as advertising (22%) than were those in the control conditions who were not 
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exposed to an article disclosed as native advertising (0%). Thus, the manipulation was 

successful.  

The success of the motivation manipulation was based upon the same composite measure 

of engagement with the stimulus as in the pilot study (Cronbach’s α = .83, M = 4.07, SD = 1.17). 

Participants in the low motivation conditions (M = 3.84, SD = 1.18) had lower self-reported 

engagement than did those in the high motivation conditions (M = 4.48, SD = 1.04). These 

differences were significant [t(82) = -2.45, p = .017] indicating the motivation manipulation was 

successful. 

Study 2 Results 

Revisiting H1, the prediction was that recognition of native advertising would be less 

likely on a mobile device than on a computer. A cross-tabulation analysis indicates that 5% of 

mobile device users recognized the native advertising compared to 23% of computer users, a 

statistical difference (z = -2.32, p = .010, one-tailed). A binomial logistic regression analysis with 

the binary recognition measure as the dependent variable and device type as the independent 

variable confirms this relationship [2 (1, 81) = 5.86, p = .016; Cox & Snell = .07, Nagelkerke = 

.12]. When controls are added for NYT credibility, news consumption frequency, and sponsor, 

the p-value of the model rises to a level above the threshold of significance [2 (4, 78) = 8.55, p 

= .073; Cox & Snell = .10, Nagelkerke = .18] (see Table 2) although the coefficient for device 

type remains significant (b = 1.77, β = 5.87, p = .032). While the evidence that users of mobile 

devices were less likely to recognize the advertising is in the expected direction, the support for 

H1 does not reach statistical significance. 

– Insert Table 2 here – 
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 Recognition of native advertising was expected to be more likely among participants with 

greater motivation to process the information (H2). A cross-tabulation analysis reveals that 28% 

of high motivation participants recognized native advertising compared to only 8% of low 

motivation participants. These differences are significant (z = -2.46, p = .007, one-tailed). 

Another binomial logistic regression analysis with the advertising recognition measure as the 

dependent variable and motivation as the independent variable confirms this relationship [2 (1, 

81) = 5.75, p = .016; Cox & Snell = .07, Nagelkerke = .12]). Even when controls for NYT 

credibility, news use frequency, and sponsor are added [2 (4, 78) = 10.46, p = .033; Cox & Snell 

= .12, Nagelkerke = .21] (see Table 3), the coefficient for motivation remains significant (b = 

2.02, β = 7.52, p = .011). Thus, H2 is supported. 

– Insert Table 3 here – 

 To determine whether device type moderates the effect of motivation to process 

information on recognition (H3), a binomial logistic regression was specified with the binary 

recognition measure as the dependent variable and an interaction between device type and 

motivation level as the independent variable. A significant model indicates an effect [2 (1, 81) = 

10.38, p = .001; Cox & Snell = .12, Nagelkerke = .21]. The model remained significant with 

covariates added for NYT credibility, news use frequency, and sponsor [2 (4, 78) = 14.15, p = 

.007; Cox & Snell = .16, Nagelkerke = .28] (see Table 4). A significant coefficient for the 

interaction term (b = 0.98, β = 2.66, p = .002) suggests that higher motivation increases the 

likelihood of recognition even when ability to process information is lowered by mobile device 

use. While these results indicate support for H3, Figure 2 illustrates the relationship between 

device type and motivation on recognition. Although motivation does increase the likelihood of 

recognition, there is no statistical difference between higher motivation mobile users (9.1%) and 
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lower motivation computer users (12.0%) as indicated by a one-tailed z-test of proportions (z = -

0.26, p = .397). 

-- Insert Table 4 and Figure 2 here -- 

Discussion 

 The primary aim of these studies was to determine if the type of device on which an 

individual views a news website affects ability to discern native advertising from a journalistic 

news article. As theorized by the CARE Model (Wojdynski and Evans 2020), motivation to 

process the content would presumably also affect native advertising recognition, as well. The 

present findings offer a preliminary understanding of how mobile devices affect ability to 

recognize native advertising content on a legacy news web page, at least within the U.S. media 

system and in the context of a leading national news organization such as the New York Times. 

Although the results of a pilot study among MTurk workers who self-selected the type of device 

used suggested motivation was the sole influence on ad recognition, it was impossible to 

disentangle whether less motivated media users tend to use mobile devices rather than 

computers. Thus, the study was replicated among a population of college students in a lab where 

use of device type could be randomized. In isolation, the effects of device use again had only a 

directional – rather than statistically significant – influence on ability to recognize native 

advertising. However, examining the interaction between device type and motivation revealed 

statistically significant evidence of their effects on advertising recognition. People with greater 

motivation to process media content were more likely to recognize the native advertising, but not 

enough to compensate for the reduced ability to cognitively process information that is inherent 

with mobile consumption. Thus, as news increasingly blurs with commercial content (Einstein 
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2016), how people consume news will affect their ability to identify and respond to what they 

think is on their screens. 

 The theoretical contribution of this research is an initial empirical test of two of the tenets 

in Wojdynski and Evans’ (2020) CARE Model. As predicted, an individual’s motivation and 

ability to process a mediated message affected likelihood of covert advertising recognition. 

Although the present study did not examine whether recognition was achieved via “top-down” 

processing of the disclosure or “bottom-up” processing of message or peripheral characteristics, 

this could be an area for future research. Given the greater attentional and cognitive processing 

costs of accessing news via mobile devices (Dunaway et al. 2018; Dunaway and Soroka 2019), it 

may be that individuals would be less likely to notice disclosures but more likely to rely upon 

context characteristics such as sensing persuasive intent (Wojdynski and Evans 2020). Methods 

such as eye tracking (e.g. Wojdynski and Evans 2016) or qualitative user-experience interviews 

(e.g. Krouwer et al. 2019) would be useful toward this investigation. 

 With the increasing use of mobile technology to access news (Nelson and Lei 2018), the 

practical implications of these results are alarming. As native advertising has proliferated among 

digital publishers (Einstein 2016), it may be more difficult than ever for mobile news consumers 

to distinguish journalism from commercialism. A nationally representative sample of U.S. adults 

revealed that fewer than 1 in 10 were able to recognize native advertising. Increasing age and 

less education hindered ability to identify covert advertising (Amazeen and Wojdynski 2018). 

Other academic studies with less representative samples have come to similar conclusions, 

finding that most individuals are unable to discriminate between a news article and advertising 

masquerading as news (Amazeen and Bucy 2019; Amazeen and Muddiman 2018; Wojdynski 

and Evans 2016). Given that the increase in mobile news consumption has been driven primarily 



NATIVE ADVERTISING IN A MOBILE ERA 

 

 25 

by older adults (Fedeli and Matsa 2018) and by light users who graze for news via mobile web 

browsers rather than news apps (Dunaway et al. 2018; Molyneux 2018; Nelson and Lei 2018), 

the present findings suggest that a growing number of mobile news consumers will be deceived 

by the content that appears to be from The New York Times, The Wall Street Journal, The 

Guardian, or other news organizations even if they are motivated to read such material. 

However, it should be recognized that the present study did not test native advertising that 

specifically appeared in the New York Times nor were the stimuli optimized for the device-

specific contexts in which they appeared. These, of course, are avenues that merit future 

research. 

 Two industry practices compound the concern these findings raise. First, social sharing is 

a strategic imperative of many native advertising campaigns in order to enhance and amplify 

reach and awareness (Lieb 2013). As social media platforms shift toward mobile-first or mobile 

only access (Clement 2019), identifying native advertising that appears to be a news article 

shared by a social media user may be difficult for many. The present findings also suggest that 

even when people are highly motivated to consume news content – such as when shared by 

opinion leaders or close others (Sterrett et al 2019) – ability to distinguish between editorial and 

commercial material will be compromised on mobile devices. 

Second, although the U.S. Federal Trade Commission (FTC) mandates the use of “clear 

and conspicuous” disclosures by publishers to alert the public that the source of content is 

commercial rather than journalistic (FTC 2015), disclosures within social media have been 

problematic. Beyond the issue of whether the disclosures meet the unstandardized requirements 

of “clear and conspicuous” (Amazeen and Wojdynski 2018; An, Kang, and Koo 2019; Einstein 

2016), the mere presence of disclosures on social media is often missing. Studies have found that 
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when native advertising from news publishers is shared on Facebook or Twitter, the mandated 

native advertising disclosures are absent more than half the time (Amazeen and Vargo 2019; An 

et al. 2018). Clearly, even the most highly motivated mobile users will be unable to correctly 

interpret a seeming news article shared by a social media user if no disclosure is present. 

 According to the CARE Model (Wojdynski and Evans 2020), the outcomes of processing 

covert advertising will differ based upon whether the content is recognized as advertising or not. 

Typically, resistance strategies are employed to defend against persuasion when advertising is 

recognized (Friestad and Wright 1994) and non-defensive strategies – such as associative 

learning – may be generated in the absence of advertising recognition (Evans and Park 2015). 

Indeed, research has shown a greater amount of cognitive counterarguing among individuals who 

recognize native advertising compared to those who do not (Amazeen and Wojdynski 2019). In 

turn, this resistance generally leads to less favorable perceptions of the message content 

(Amazeen and Muddiman 2018; Wojdynski and Evans 2016; although see Krouwer et al. 2018, 

2019), of the sponsor of the content (Wojdynski and Evans, 2016; although see Krouwer et al. 

2018, 2019), and of the publisher of the content (Amazeen and Muddiman 2018; Amazeen and 

Wojdynski 2018). However, if an individual is deceived and the correct schema is not triggered, 

they will not employ relevant coping mechanisms such as counterarguing or negative affect 

(Wojdynski and Evans 2020). Thus, for instance, when the baby powder manufacturer Johnson 

& Johnson publishes a native ad debunking myths about the safety of personal care products (T 

Brand Studio 2019), mobile news users may be more likely to be deceived into thinking the 

content is based upon the reporting of the New York Times. Similarly, mobile users who 

encounter a native ad in The Boston Globe’s health vertical, STAT News, may be more likely to 
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think it is a journalistic article about how Purdue Pharma is helping to combat opioid addiction 

(Bigal 2019). 

 As with any research, certain limitations need acknowledgement. First, the appearance of 

native advertising varies by news organization as well as cross-nationally (Ferrer Conill et al., 

2020). Because this study was conducted within a U.S. context, replication is warranted in other 

countries where native advertising is prevalent. Second, the use of a student sample in study 2 

may actually have underestimated the effects of mobile devices on recognition. While younger 

adults tend to be less motivated to consume news than older adults, they are digital natives and 

thus more comfortable with technology. Moreover, research has shown that identifying native 

advertising is more likely among younger people who are better educated (Amazeen and 

Wojdynski 2018). However, these processes are also likely shaped by the differences in media 

systems and governance of native advertising by which the present study, itself, is limited. Thus, 

replicating the randomized assignment of devices across a larger, more diverse sample merits 

further study. Furthermore, although participants in these studies were voluntarily exposed to 

native advertising content, it was in the context of research. Whether people would respond the 

same way in natural settings is worthy of unobtrusive observational study.  

Particularly with experimental research designs, trade-offs between reliability and 

validity must be made. Since this was a first (to the author’s knowledge) experimental attempt to 

measure differences in recognition of native advertising between mobile devices and computers, 

a more simplistic approach that was easier to implement and replicate was selected over a more 

complex design that risks introducing confounding variables. While participants were presented 

with only a single item to evaluate, offering an array of content from which participants can 

select would advance the complexity as well as ecological validity of the study and thus warrants 
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further research. Other future methods might use eye tracking or other real-time testing, or use 

surveys/questionnaires, or discussion. Despite these limitations, the present results provide 

evidence that the trend in mobile consumption of news poses constraints on discriminating 

between editorial and advertising in an increasingly blurry media environment. 
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Figure 1. Select CARE Model factors of antecedents to advertising recognition. 

Note: Adapted from Wojdynski and Evans 2020. 
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Figure 2. Interaction effect of device type and motivation on native advertising recognition. 

Note: N = 82, CL = 95% 
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Table 1. Study Design 

 

 Study 1: 

online pilot 

Study 2: 

laboratory 

 

Sponsor 

 

Motivation 

Condition N N BofA B&J Low Hi 

1   97 14 x  x  

2   93 15 x   x 

3   95 12  x x  

4   92 14  x  x 

5 (control)   95 14 x  x  

6 (control)   93 13  x x  

Total: 565 82     
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Table 2. Binomial Logistic Regression of Device Type Predicting Native Advertising 

Recognition 

   

  b (SE) β 

Device type++    1.77 (0.83)   5.87* 

NYT credibility  - 0.40 (0.39)   0.67 

News use frequency  - 0.45 (0.37)   0.64 

Sponsor    0.49 (0.68)   1.63 

Constant  - 0.51 (3.60)  

2  8.55+  

Nagelkerke R2  .18  

N  82  

Note: *p < .05; +p < .10; ++device type: 1 = mobile, 2 = computer 
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Table 3. Binomial Logistic Regression of Motivation Level Predicting Native Advertising 

Recognition 

   

  b (SE) β 

Motivation level    2.02 (0.79)   7.53* 

NYT credibility  - 0.76 (0.42)   2.15 

News use frequency  - 0.47 (0.40)   0.62 

Sponsor    0.77 (0.70)   2.15 

Constant    1.47 (3.33)  

2  10.46*  

Nagelkerke R2      .21  

N  82  

Note: *p < .05 
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Table 4. Binomial Logistic Regression of Interaction between Device Type and Motivation 

Level in Predicting Native Advertising Recognition 

   

  b (SE) β 

Device type++ x Motivation    0.98 (0.31)   2.66** 

NYT credibility  - 0.68 (0.41)   0.51+ 

News use frequency  - 0.39 (0.40)   0.68 

Sponsor    0.61 (0.73)   1.84 

Constant    1.34 (3.50)  

2  14.15**  

Nagelkerke R2      .28  

N  82  

Note: **p < .01; +p < .10; ++device type: 1 = mobile, 2 = computer 
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1 Participants in the pilot study were a subset of a larger project related to how people process native 

advertising disclosures (Amazeen, 2020). The sourceless article about sushi (360 words) was used as a 

control article as in other studies (Banas and Miller 2013; Richards, Banas, and Magid 2017). For 

consistency, the article was again used in study 2. There were no procedures from the larger study that 

could have affected the outcome measures in the present study. 
2 Formerly referred to as “customized” (Einstein, 2016) native advertisements, the IAB (2019) 

now defines branded/native content ads as “paid content from a brand that is published in the 

same format as full editorial on a publisher’s site, generally in conjunction with the publisher’s 

content teams themselves.” 
3 All analyses were conducted using SPSS v.24. 
4 To foster understanding of the importance of generating new knowledge, students are provided 

the opportunity to participate in various research activities of their choice from focus groups, 

surveys, and experiments to attending research lectures. Guidelines are followed to ensure 

voluntariness, avoid undue influence, preserve confidentiality and anonymity, and avoid 

coercion. 
5 The device manipulation was not integrated into a full factorial design as it would have doubled 

the number of conditions required. A chi-square analysis indicates there were no significant 

differences between condition and device type (2 = 7.06, p = .216). 


