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Abstract 
Drawing on theories of social media engagement, privacy calculus, and 
dual information processing, this study examines the relationship between 
users’ awareness of algorithmic influence on social media content and their 
behavioral engagement on these platforms. Utilizing a survey of U.S. adult 
social media users (N = 990), we investigate how self-reported internet 
literacy and awareness of algorithmically curated media content are 
associated with social media self-disclosure, as well as passive and active 
behavioral engagement. Structural equation modeling analysis reveals a 
positive association between internet literacy and algorithmic media 
content awareness. Furthermore, both algorithmic media content 
awareness and self-disclosure significantly predict passive engagement, 
while self-disclosure and passive engagement, in turn, positively influence 
active engagement. 
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Introduction 
Algorithms on social media can be thought of as rules or calculations to 
rank and associate types of content that lead to the recommended organic 
and sponsored posts that appear on a person’s newsfeed (Figueiredo & 
Bolaño, 2017). These formulas are used on all major social media 
platforms, and thus, what users see in their feeds is curated by algorithms 
(Milan, 2015). Consequently, social media algorithms provide predictions 
of personalized content that is likely to capture and hold social media users’ 
attention (Bechmann & Bowker, 2019) and increase engagement. As 
awareness of social media algorithms appears to be increasing (De Groot 
et al., 2023), it is worth investigating if algorithmic media content awareness 
influences engagement. In this study, we propose an exploratory model 
that empirically tests the interrelations between internet literacy as a 
predictor of algorithmic media content awareness and social media self-
disclosure, which in turn predict passive and active social media content 
engagement behavior.  

Engagement is critical for all organizations that have a presence on social 
media, as stakeholders’ perceptions, behavior, and ultimately an 
organization’s income are positively influenced by the level of interactions 
those organizations have with their stakeholders (Smith & Taylor, 2017). 
Stakeholders refers to all individuals who have an interest in the 
organization (e.g., social media followers, customer, employees, investors, 
suppliers, local communities). Social media algorithms prioritize content 
that will keep users on the platform via engagement (e.g., liking, sharing, 
commenting, viewing), which in turn makes the platform more appealing 
for campaigns, brand building, and other strategic endeavors (Khan, 2024). 
For example, Newberry (2024) details how eight of the most well-known 
social media platforms (Instagram, TikTok, YouTube, Facebook, X, 
LinkedIn, Pinterest, Threads) rely on algorithms to collect user information 
for the explicit purpose of targeted content recommendations to increase 
engagement on their platforms.   

One engagement typology is either passive, which entails simply 
consuming social media content, or active, when a user interacts with the 
content (Dolan et al., 2016, 2019; Gainous et al., 2021). Passive social 
media engagement may occur through incidental exposure, whereby users 
encounter content unintentionally while navigating the platform without a 
specific goal (Yamamoto & Morey, 2019). Alternatively, it can involve 
intentional consumption, in which users deliberately seek out information 
or updates yet refrain from any direct interaction, such as liking, 
commenting, or sharing. Studying passive and active engagement as 
separate constructs is theoretically relevant as they encompass different 
psychological processes and impacts on users. Dolan et al. (2016) argued 
that social media engagement behavior manifests as passive and active, 
distinct constructs that reflect a low vs. high continuum of intensity of 
engagement. Comparatively, dual processing theory suggests passive 
(active) engagement likely results from automatic (conscious) deliberation 
via system 1 (system 2) processing; and that active and passive 
engagement behaviors occur simultaneously or immediately after one 
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another (Dolan et al., 2019).  

The present study aims to establish what individual-level factors relate to 
behavioral engagement with algorithmically curated social media content. 
Specifically, we propose and investigate how internet literacy, algorithmic 
media content awareness and social media self-disclosure relate to 
creating and contributing (active) as well as simply consuming (passive) 
social media content. We reason that internet literacy may enhance 
individuals’ ability to understand how algorithms influence the content they 
see, thereby increasing their awareness of how that content is curated and 
personalized on social media platforms. In turn, this greater algorithmic 
media content awareness, fostered by high internet literacy, may influence 
users' decisions about social media self-disclosure as they become more 
conscious of the potential privacy risks and data usage by algorithms. 

Privacy issues with algorithms on social media (e.g., data-based 
discrimination, data misuse, lack of user control) have been explicated by 
previous scholars (Huh et al., 2023; Tucker, 2018), and underly the 
reasoning here that internet literacy and awareness of social media 
algorithms negatively relate to the amount of information users indicate 
they self-disclose on social media. The privacy calculus model (Dinev & 
Hart, 2006) suggests that users are reluctant to self-disclose information 
when they have privacy concerns and lack knowledge of what purposes 
their information could be used for. Thus, the present research ponders 
whether a negative or positive relationship exists between users’ 
awareness of algorithms in the U.S. and their self-disclosure.  

Moreover, within the privacy calculus framework it is likely that users 
evaluate the tradeoffs between the benefits of social media engagement 
(e.g., social capital, information access) and the perceived risks associated 
with disclosing personal information (e.g., data exploitation, identity theft). 
When users perceive the costs to outweigh the gains, they are likely to 
curtail active engagement behaviors (posting original content or 
commenting) to minimize potential privacy breach. Instead, they may 
engage more passively (observing or liking) to minimize personal 
disclosure because these activities yield informational or social rewards 
while imposing lower privacy costs. 

Conversely, the “privacy paradox” phenomenon (Barth et al., 2019; 
Norberg et al., 2007; Thon & Jucks, 2014) shows that despite users 
reporting significant privacy concerns, their actual behavior remains 
relatively unchanged. It could be that if users believe that the platform’s 
privacy controls and data policies effectively mitigate risks, the perceived 
benefits of active engagement increase relative to potential harms, thereby 
incentivizing more frequent self-disclosure and interactive participation. 
Taking these insights together, this study explored how perceived privacy 
risks may relate to different expressions of passive vs active social media 
engagement. 

A few contributions of this study are worth noting. First, as empirical 
research on social media algorithmic awareness and literacy is nascent, 
this study will explore the extent to which internet literacy is positively 
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associated with users’ awareness of algorithms as distinct but also 
overlapping constructs. Second, by exploring the theorized relations 
between social media algorithmic content awareness and users’ self-
disclosure on social media, theoretical implications for 1) social media 
engagement theory (Di Gangi & Wasko, 2016) and 2) privacy calculus 
theory (Chen, 2018; Dinev & Hart, 2006) will be produced. Third, we will 
differentiate between passive and active engagement as reflections of 
system 1 and system 2 processing, respectively, suggested by dual 
processing theory (Dolan, 2019) to understand how awareness of social 
media algorithmic content awareness influences these interrelated but 
different types of engagement. As a result, this study contributes to the 
emerging literature on user perceptions of algorithms by providing 
preliminary empirical evidence of the theoretical antecedents and 
consequences of algorithmic media content awareness.   

Literature Review 
The following review of literature will explain how users tailor their self-
disclosure and engagement behavior on social media based on perceived 
algorithmic influences. We theorize that increased internet literacy 
facilitates critical thinking about algorithmic processes, which can amplify 
or diminish social media engagement behaviors, depending on users' 
perceived control over self-disclosure and content interaction. The review 
of literature will first define social media engagement behavior and use dual 
processing theory to ground the distinction and connection between 
passive and active engagement behaviors. Next, the constructs and 
theorized interrelations between internet literacy, algorithmic media content 
awareness, and engagement behaviors will be presented. Lastly, the 
privacy calculus model is utilized to contextualize how as users' internet 
literacy and algorithmic awareness increase, they weigh the benefits of 
social media engagement against the potential risks, which can modulate 
their self-disclosure of information and subsequent engagement behaviors. 
Passive	and	Active	Social	Media	Engagement	Behavior	

There exist mixed definitions of social media engagement. Some scholars 
emphasize the cognitive and emotional dimensions (e.g., Di Gangi & 
Wasko, 2016), others highlight the behavioral dimension (e.g., Dolan et al., 
2016), and additional researchers conclude engagement to be 
multidimensional and encompass all three dimensions (e.g., Dessart, 
2017). Since the scope of this study is to examine engagement behavior, 
the present study adopts Dolan et al.’s (2016) social media engagement 
behavior construct that categorizes engagement as either passive (e.g., 
reading, watching, or viewing) or active (e.g., sharing, commenting, and 
posting) activities on social media (Escobar-Viera et al., 2018; Khan, 2017). 
Valkenburg et al. (2022) explain that passive behavioral engagement refers 
to when a user takes a monitoring approach to view an online exchange 
(e.g., watching, scrolling, or reading). Meanwhile, situations where a 
person displays targeted behavior to communicate their thoughts or 
opinions (e.g., liking, sharing, or commenting) are considered active 
behavioral engagement.  

Dolan et al. (2016) argued that passive engagement can be considered a 
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low-intensity display of behavior where a person seeks to benefit from the 
online space without strongly participating. In contrast, active engagement 
is high-intensity behavior that contributes to shaping the online space. 
Furthermore, they propose a typology comprising seven distinct types of 
behavior that flow between a passive (low) or active (high) continuum of 
intensity (Florenthal, 2019; Shahbaznezhad et al., 2021). Namely, 
consumption, dormancy, and detachment represent passive engagement 
behavior that impact only the individual user; while active engagement 
behaviors encompass co-creation, positive contribution, negative 
contribution and co-destruction forms of expression that impact other users 
(Dolan et al., 2016). 

Passive engagement can manifest as either incidental exposure or 
intentional consumption. Incidental exposure can be thought of as 
unplanned encounters with content while browsing, often shaped by 
algorithms and social ties (Fletcher & Nielsen, 2018). In contrast, 
intentional passive engagement involves purposive content consumption 
without contributing to discussions or visibly interacting (Dreston & 
Neubaum, 2025). For example, regularly viewing a friend’s posts or 
following news updates without commenting or sharing. Both forms serve 
important functions, enabling users to stay informed or socially connected 
while minimizing self-disclosure and interaction. In this study, we do not 
distinguish between them, as both represent fundamentally passive modes 
of engagement. 

This study logically assumes that before a user actively engages with 
content (e.g., comment), they must passively engage (e.g., scrolling and 
reading). To contextualize this reasoning, we consulted literature on dual 
processing theories on how passive social media engagement results likely 
from fast intuitive processing and active social media engagement likely 
results from slower deliberate processing. Dual processing theories of 
reasoning (Wason & Evans, 1975) propose that people process 
information through system 1 processing, which is fast and automatic for 
less mentally involved scenarios, while system 2 processing operates 
consciously, slower, and takes more effort for higher mentally involving 
scenarios. Scholarly discourse generally divides dual process theories into 
two groups consisting of parallel-competitive theories that propose system 
1 and 2 operate simultaneously, or default-interventionist theories where 
system 1 is typically activated by default and then system 2 intervenes after 
system 1, if needed (Bago & De Neys, 2020; Evans, 2011). 

In the social media context, scholars (e.g., Swani et al., 2017) have noted 
that passive social media engagement behavior results from system 1 
processing, and active social media engagement behavior reflects system 
2 processing to express higher involvement and expression of opinion. For 
example, when social media users read and view content (passive 
engagement) on their feeds, they will likely engage in fast and automatic 
system 1 processing. Conversely, system 2 processing likely comes into 
play when a user actively engages with content (e.g., writing their post), as 
doing so would require them to spend more time and deliberation about the 
exact words, thoughts, and/or ideas they wish to express. Dolan et al. 
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(2019), in line with the default-interventionist theories of dual processing 
(Bago & De Neys, 2020; Evans, 2011), postulate that passive and active 
engagement may occur simultaneously or active engagement as system 2 
processing may occur immediately after the passive engagement as 
system 1 processing. To test this presumed relationship, we hypothesize: 

H1: Passive social media engagement will positively relate to active social 
media engagement.  
Internet	Literacy	and	Algorithmic	Literacy		

Literacy is broadly understood as a person’s ability, skill, and knowledge 
about a topic (Cope & Kalantzis, 2000). With respect to the nuanced 
discourse that disagrees on the exact definition and operationalization of 
internet literacy (the focus of this research), we conceptualize internet 
literacy as a skills-based ability to access, analyze, create, evaluate, and 
create content on devices with internet access (Yeşilyurt & Vezne, 2023), 
such as smartphones, desktop computers, laptops, smart TVs, etc. As 
explained by Julien (2015), the more skills a person has with internet 
content could hint at their accumulated knowledge and past behavior 
regarding internet literacy. Internet literacy likely relates to social media use 
in terms of frequency of use (Ye et al., 2018) since many of the basic 
components of navigating most content on the website (access, 
understanding, creating, etc.) are important for practical usage of social 
media (Bauer & Mohseni Ahooei, 2018; Reisdorf & Blank, 2021). 

Like consumers have literacy in adjacent topics such as computers, 
websites, data, social media, etc. (Bauer & Mohseni Ahooei, 2018), they 
can also have algorithmic literacy. There is a presumable overlap between 
internet literacy and algorithmic literacy; however, they are likely distinct 
constructs that preliminary research should examine separately. Research 
finds that tech-savvy individuals vary widely in how much they understand 
social media algorithms (e.g., Hamilton et al., 2014; Rader & Gray, 2015), 
suggesting that internet literacy does not guarantee that one will 
understand algorithms. As an illustration, Reisdorf and Blank (2021) found 
small to moderate correlations between self-reported internet skills-based 
literacy and algorithmic literacy (0.2-0.4) and asserted that the constructs 
are different.  

Thus, internet literacy generally refers to the ability to efficiently navigate, 
evaluate, and use online resources and tools, encompassing basic 
knowledge of web browsing, online safety, and troubleshooting. In contrast, 
algorithmic literacy specifically involves understanding how algorithms 
curate, filter, and recommend content, as well as recognizing the 
implications of automated decision-making on information exposure and 
privacy. While internet literacy equips users to function effectively in digital 
environments, algorithmic literacy empowers them to critically assess and 
potentially influence the invisible processes that shape their online 
experiences. Therefore, distinguishing between these literacies is crucial, 
as someone may be highly proficient in using the internet but lack 
awareness of how algorithmic systems impact the content they see and 
interact with (Dogruel et al., 2021). 
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Algorithmic	Media	Content	Awareness		

Algorithm-based decision-making is extensively used in many aspects of 
human life, and thus, studies on algorithmic literacy are imperative (Ridley 
& Pawlick-Potts, 2021). However, defining and measuring algorithmic 
literacy is difficult because the technology behind algorithms is inaccessible 
to the public, varies between platforms, and is constantly evolving (Oeldorf-
Hirsch & Neubaum, 2023; Kitchin, 2017). Moreover, initiatives aiming to 
educate children and the general population remain challenged in planning 
and execution, leaving the public with few formal and accessible places to 
learn and eventually become algorithmically literate (Chiu et al., 2024). As 
a result, scholars observe that algorithm literacy is low and in its infancy 
stages (Frau-Meigs, 2024; Shin et al., 2021). Considering this, the present 
research studies awareness of how social media content is influenced by 
algorithms rather than algorithmic literacy.  

Given that social media algorithms are proprietary and most of the 
population does not have the technical skills to create an algorithm, other 
scholars have instead studied algorithmic awareness (Dogruel et al., 2021; 
Silva et al., 2024). For example, while a person may not be able to edit a 
social media platform’s algorithm, they may be aware of how it generally 
works and will not like, share, or extensively view content they do not wish 
to see again. Thus, in line with the suggestions of other scholars (Koenig, 
2020), it is necessary to first study users’ perceptions of and responses 
toward algorithmic-curated content in online environments before studies 
on literacy emerge. Based on these justifications, this study examines 
algorithmic media content awareness on social media. 

Algorithmic media content awareness can be defined as “the extent to 
which people hold accurate perceptions of what algorithms do in a 
particular media environment, as well as their impact on how users 
consume and experience media content” (Zarouali et al., 2021, p. 2). 
Moreover, algorithmic media content awareness includes awareness of the 
following dimensions: 1) content filtering, 2) automated decision-making, 3) 
human-algorithm interplay, and 4) ethical considerations. Additionally, 
some scholars note that digital literacy (which broadly entails literacy 
around technologies in the digital realm) may positively influence 
algorithmic awareness (e.g., Hosman & Pérez Comisso, 2020; Zarouali et 
al., 2021). Notably, the skills and competencies accumulated with internet 
literacy may positively associate with algorithmic awareness by 
contributing to how users understand how algorithms influence their in-feed 
content, targeted ads, and search engine results (Gran et al., 2020). 

Thus, we surmise that algorithmic media content awareness is likely 
associated with internet literacy. This theoretical relationship between 
these concepts is rooted in the idea that internet literacy provides the tools 
necessary for users to decode the often opaque mechanisms of algorithmic 
content delivery. For instance, users with high internet literacy may 
question why certain content appears in their feeds and understand how 
their digital behaviors influence algorithmic recommendations. Moreover, 
aside from social media, algorithms also influence several other internet-
based functions such as search engine results, content suggestions on 
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streaming services, suggested romantic partners on dating apps, and 
product recommendations on shopping sites (Dogruel et al., 2022; Reisdorf 
& Blank, 2021). Consequently, it could be that the more consumers broadly 
engage with these services via the internet and sharpen their literacy, the 
more they develop a heightened ability to recognize and understand the 
role of algorithms in curating and personalizing media content. Therefore, 
we hypothesize: 

H2: Social media users’ internet literacy will positively relate to social media 
algorithmic media content awareness. 

Social	Media	Engagement	and	Algorithmic	Media	Content	
Awareness	

Di Gangi and Wasko’s (2016) social media engagement theory (SMET) 
posits that the extent to which a social media platform provides sound 
technical features and helps facilitate social interactions will positively 
relate to their engagement and, ultimately, the frequency of use of the 
platform. Additionally, SMET notes that the evolution of technology has 
increased the personalized and unique experience users can receive by 
removing the physical and temporal distances that exist (Bruce et al., 
2023).  

Di Gangi and Wasko (2016), in their original study of SMET, stated 
completeness (i.e., perception that the platform meets a desired level of 
information need) and evolvability (i.e., new functionalities to meet users’ 
needs and/or desires) to be critical components to engage users. 
Dewnarain et al. (2019) further propose that social media platforms should 
aim to evolve by building or integrating new technology that provides novel 
and unique experiences. Consequently, platforms with more advanced 
technical features (e.g., messaging, following, liking, sharing, private 
groups) can help better facilitate social interaction (Jiang et al., 2023).  

Scholars further note that when users receive content on their newsfeed 
that is relatable, personal (Arora et al., 2022), and aligns with their interests 
(Stoica & Hickman, 2024), they display higher levels of engagement on the 
platform. This is due to the content being viewed as relevant and 
contributing to one of the goals (e.g., entertainment, information) users 
seek to fulfill at a given time (Jiang et al., 2023; Stoica & Hickman, 2024). 
Algorithms, by design, seek to provide users with related and personal 
content and, thus, should be well-positioned to drive higher engagement. 
As a result, greater awareness of algorithmic curation could positively 
predict engagement on social media by empowering individuals to better 
understand and influence the content they see.  

If a user is aware that their interactions shape their feeds, they may feel a 
sense of agency to thoughtfully and intentionally shape their feeds to 
purposefully curate their own experiences and seek out content that aligns 
with their interests. This would be accomplished through their actions, such 
as liking, sharing, or commenting on specific content, leading to more 
active and sustained participation (i.e., engagement). With these 
rationales, it could be speculated that as users are aware of algorithms and 
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how they contribute to their personalized social media experience, it may 
lead to greater engagement. Motivated by this assumption, the present 
study considers algorithms as a technical feature postulated in SMET to 
drive behavioral engagement.  

As users know how algorithms work (as a technical feature) to provide 
relevant content to improve their social media experience, it may positively 
relate to their engagement behavior. If users are aware of algorithms, 
specifically that they use their interests and interactions to deliver content 
more in line with their preferences, it could lead to stronger connectedness 
to the platform (Bucher, 2017). Consequently, it is reasonable to speculate 
that this connectedness could be observed via social media engagement 
behavior. Thus, our next hypothesis states: 

H3: Social media algorithmic media content awareness will positively relate 
to a) passive and b) active social media engagement.  

Privacy	Calculus	Model	and	Social	Media	Self-Disclosure		

The privacy calculus model proposes that individuals assess the risk to 
their privacy against their perceived benefits (i.e., social capital) when 
deciding to disclose information (Dinev & Hart, 2006). While the model 
suggests that people have inherent concerns about their privacy, they are 
willing to ignore those concerns if they perceive the benefits outweigh the 
costs (Dienlin & Metzger, 2016). Such benefits may include personalization 
of service, convenience, entertainment, and learning new perceived 
relevant information (Chen, 2018; Wang et al., 2016). This privacy calculus 
varies between individuals and contexts. However, factors such as trust in 
the data collector, perceived benefits of sharing, and sensitivity to sharing 
can influence a user’s calculus (Pentina et al., 2016).  

As the social media engagement theory noted, integrating new technology 
(e.g., algorithms) can help facilitate social interactions that would increase 
engagement on social media (Di Gangi & Wasko, 2016). However, privacy 
calculus would suggest that a consequence of integrating new technology, 
such as algorithms, could be reduced engagement if users decide to self-
disclose less information. When users are aware of how algorithms work, 
it may raise internal alarms about perceived privacy risks if users have high 
sensitivity toward sharing personal data (Huh et al., 2023; Kim et al., 2023). 
That may influence individuals to disclose less information online to guard 
against perceived harm or risk. Thus, a potential decrease in engagement 
via less self-disclosure is plausible.  

Self-disclosure can be defined as the expression of thoughts and/or 
feelings to at least one other person (Green et al., 2006). Furthermore, 
Green and colleagues noted that self-disclosure is often studied regarding 
highly personal information but can include superficial information. In the 
social media context, research suggests that self-disclosing information 
online will positively relate to perceived benefits of the social networking 
site (Ellison et al., 2011), via higher engagement on the platform (Swirsky 
et al., 2021).  
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Social media disclosure and active behavioral engagement while 
interrelated, are viewed to be distinct constructs. Self-disclosure refers to 
the voluntary sharing of personal information that is otherwise inaccessible 
to others, serving as a foundation for building online relationships and 
reducing interpersonal uncertainty (Green et al., 2006). In contrast, active 
behavioral engagement involves intentional interactions such as liking, 
commenting, or creating content, which serve as a foundation for socially 
interacting with a platform’s features and other users (Dolan et al., 2016). 
While disclosure focuses on revealing private details to foster connections, 
active engagement emphasizes participatory behaviors that influence 
content distribution and platform algorithms, often driven by social 
motivations. Thus, the conceptual distinction is that self-disclosure is a 
relational act to curate a user’s online image, whereas active engagement 
is a behavioral mechanism to foster social community and visibility. 

Users can vary the breadth and depth of information they self-disclose as 
a form of regulation or privacy management to mitigate the perceived 
concern that the information they disclose could be misused (Walsh et al., 
2020). However, research (e.g., Barth et al., 2019; Joinson et al., 2010; 
Thon & Jucks, 2014) has not found strong evidence that even when 
consumers have privacy concerns, it will influence their actual behavior 
(e.g., self-disclosing information). It is argued that this could be due to users 
having relatively little control over what, when, and how their personal 
information is shared, even if they adjust their privacy settings (Metzger & 
Suh, 2017).  

The online space and the new advent of artificially intelligent systems built 
through algorithms are noted to pose privacy threats to users (Tucker, 
2018). Ethical issues such as surveillance, algorithmic transparency, and 
unfair predictions made by AI algorithms that perpetuate social inequalities 
have been articulated by Huh et al. (2023). Mainly, when consumers 
believe the personal information they disclose online will be sued for 
commercial purposes, it will likely lead to resistance (Kim et al., 2023). 
Consequently, as users develop literacy about how the internet functions, 
they will likely develop some understanding that websites, social media 
platforms, and the like rely on collecting personal information to sell to 
advertisers. With this reasoning, it could be that the more literate and/or 
aware they are of this, the more their disclosure will be reduced, and 
subsequently, their engagement with the platform will decrease. The 
following hypotheses are stated below to test these theoretical 
assumptions.  

H4: Users’ a) internet literacy and b) algorithmic media content awareness 
will negatively relate to social media self-disclosure. 

H5: Social media self-disclosure will positively relate to a) passive and b) 
active social media engagement. 

Proposed Conceptual Model 
Based on the preceding literature review, we reason that social media 
users’ internet literacy as a skill enables an understanding of algorithmically 
curated social media content—referred to as algorithmic media content 
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awareness. This awareness, in turn, shapes decisions about social media 
self-disclosure and behavioral engagement as individuals weigh the 
benefits of sharing personal information against potential privacy risks and 
algorithmic exploitation. A conceptual model is proposed (Figure 1), 
illustrating that respondents' passive engagement is positively linked to 
active engagement (H1). Internet literacy is positively associated with 
algorithmic media content awareness (H2) while negatively associated with 
self-disclosure (H4a). In turn, social media algorithmic media content 
awareness is negatively connected to self-disclosure (H4b) and positively 
connected to passive (H3a) and active engagement (H3b). Lastly, social 
media self-disclosure is positively related to passive (H5a) and active 

engagement (H5b).  
 

Methods 
The data used to test these hypotheses were gathered as part of a larger 
questionnaire administered via Qualtrics that explored respondents’ 
opinions and experiences with social media algorithms. The present study 
employed new analyses to test a unique model of variables not tested in 
previous publications from this dataset. Respondents were paid $2.50 to 
complete the larger survey that took approximately 10 minutes.  To qualify, 
respondents needed to be U.S. social media users aged 18 or older. With 
approval from the university’s institutional review board, and following 
informed participant consent, 1000 respondents from Prolific completed the 
questionnaire. After removing respondents who did not complete all items 
on the survey, the final sample consisted of N = 990 valid responses.  

Sample	and	Measurement	Instrument		

The ethnic composition of respondents (N = 990) was 77% White, 6.9% 
Asian/Asian American, 5.8% Black/African American, 4.4% multicultural 
(e.g., selecting more than one ethnicity), 3.3%% Hispanic/Latino, 1.6% 
other, and 0.4% no response. Respondents’ average age was 39.10 (SD 
= 14.66) and their mean value for political leaning/ideology (-10 = Left, 
Moderate = 0, and 10 = Right) was -3.35 (SD = 5.78). In terms of gender, 
57% of participants were female, 40.5% male, and 2.5% non-binary or fluid. 
Regarding highest education attained, 37% earned a Bachelor’s degree, 
22.2% some college, 13.1% Master’s degree, 12.8% high school diploma, 
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Figure 1: Proposed Conceptual Relationships 
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9.1% Associates degree, 3.7% professional degree (e.g., MD, JD), 1% 
doctorate degree (PhD), and 1% less than high school. Geographically, the 
majority of respondents lived in the suburban/small town (56.6%), followed 
by urban/city (29.1%) and rural (14.3%).  

Respondents answered the items gauging the hypotheses constructs and 
demographic data (age, gender, ethnicity, income, education, and political 
identity). Relevant studies within the literature were reviewed to inform the 
operationalization of various survey constructs. Table 1 displays the 
construct means, standard deviations, zero-order correlations, and 
reliability statistics. See Table 2 in Appendix A at the end of this manuscript 
for the exact items included in the analyses. 

Table 1: Descriptive Statistics, Correlations, and Square Root of AVEs 

Variable CA CR AVE 1 2 4 5 6 

1 Internet literacy .87 .86 .51 0.71     

2 SM algorithmic media content 
awareness 

.94 .94 .58 .28** 0.76    

3 SM algorithmic epistemic curiosity  .96 .94 .77 .29** .16**    

4 SM self-disclosure .79 .77 .46 -.03 -.09** 0.68   

5 Passive engagement .82 .78 .55 .25** .21** .11** 0.74  

6 Active engagement .83 .76 .51 .10** -.02 .44** .33** 0.72 

M    2.82 4.35 2.32 4.90 2.97 

SD    0.68 0.71 0.90 1.16 1.32 

Notes. ** p < 0.01 level (2-tailed); CA = Cronbach alpha, CR = composite reliability, SM self-disclosure = 
social media information disclosure; AVE = average variance explained; Square Root of AVE is shown in 
bold on the diagonal discriminant validity: highest construct correlation < construct square root of AVE 
(Fornell & Larcker 1981). 

Internet	Literacy	

Five items were adopted from Livingstone and Helsper (2010) to measure 
internet literacy. They asked participants to state their proficiency on a four-
point scale with performing various activities via the internet (α = .87).  

Algorithmic	Awareness	

Thirteen items were adapted from Zarouali et al.’s (2021) scale that 
examined general understanding of social media algorithms on four 
dimensions: content filtering, automated decisions, human-algorithm 
interplay, and ethical considerations. Four additional items were created to 
capture participants’ assessment of how algorithms influence the exposure 
the content they create receives. Together, these 17 items encompass our 
measure of algorithmic media content awareness (α = .94).  

Social	Media	Self-Disclosure	

Seven items from Metzger and Suh (2017) were adapted to explore how 
much information respondents self-disclose on social media (α = .79).  



JoCTEC: Journal of Communication Technology 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 

 

 
108 

Passive	and	Active	Social	Media	Engagement	

Lastly, seven items were adopted from Escobar-Viera et al. (2018) social 
media use scale to measure participants passive (α = .82) and active (α = 
.83) social media engagement.  

Results 
Measurement	Model	and	Common	Method	Bias	

Following the recommendations of previous scholars (e.g., Mulaik & 
Millsap, 2000), we employ a multi-step approach to structural equation 
modeling (SEM). Specifically, an exploratory factor analysis (EFA) via 
SPSS with principal axis factoring extraction and varimax rotation preceded 
a confirmatory factor analysis (CFA) via AMOS before the structural model 
was tested. From the EFA, six items from algorithmic media content 
awareness, three items from social media disclosure, one item from 
internet literacy, and one item from active social media engagement were 
removed due to low factor loadings (>.50) and/or loading on multiple 
dimensions. After these modifications, the remaining items loaded onto the 
theorized six latent constructs with eigenvalues greater than 1.00.  

Moreover, since all of the constructs were measured with a single self-
report survey, common method bias could have influenced the results. 
Harman’s post hoc single factor test showed that when a single factor was 
specified in the EFA, it produced >50% of the total variance (28.56%), and 
thus suggests that common method bias was unlikely (Arora et al., 2022; 
Podsakoff & Organ, 1986). See Table 2 in Appendix A for the final items 
included in the analyses and EFA results. 

To assess CFA and SEM model fit, CFI/ TLI/ IFI >.90, RMSEA < .06, and 
SRMR < .08 were examined as indicators of acceptable fit (Hair et al., 
2010; Hu & Bentler, 1999). The initial CFA produced an inadequate fit (χ2 
= 17.67.91, p < .001, CMIN/DF = 5.60, CFI = .91, TLI = .90, IFI = .91, 
RMSEA = .07, SRMR = .04). To improve model fit, following the approach 
of other researchers (e.g., Ahmed et al., 2016; Shek & Yu, 2014) 
covariance links were added to eight pairs of error terms within latent 
constructs with high residual correlations. After these modifications, the 
measurement model produced a good fit to the data (χ2 = 919.64, p < .001, 
CMIN/DF = 2.99, CFI = .96, TLI = .96, IFI = .96, RMSEA = .05, SRMR = 
.04).  
Hypotheses	Testing	

Before conducting the SEM (via AMOS), a zero-order correlation 
demonstrated that age, gender, education, and political identity 
significantly related to several of the study variables despite not being the 
foci of this study (Table 1). Thus, these demographics were controlled in 
the structural model by allowing each demographic variable to influence 
each latent construct. The structural model was assessed using the 
maximum likelihood estimation method and demonstrated acceptable fit 
(χ2 = 1393.50, p < .001, CMIN/DF = 3.24, CFI = .94, TLI = .93, IFI = .94, 
RMSEA = .04, SRMR = .05). Figure 2 displays the results of the structural 
equation model testing. 
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Figure 2: Results of SEM and Hypotheses Testing 

 
Note: *** p < 0.001 level; ** p < 0.01 level; * p < 0.05 level 

H1 was confirmed, as passive social media engagement positively 
predicted active social media engagement (β = .32, p < 0.001). Similarly, 
the assertations of H2 were confirmed as internet literacy positively related 
to social media algorithmic media content awareness (β = .30, p < 0.001). 
Meanwhile, social media algorithmic media content awareness was found 
to positively relate to passive social media (β = .20, p < 0.001) but not active 
engagement (β = -.05, p = 0.17). This supports H3a, while rejecting H3b. 
Furthermore, internet literacy did not significantly relate to social media 
self-disclosure (β = -.01, p = 0.75), rejecting H4a. However, social media 
algorithmic media content awareness did negatively relate to social media 
self-disclosure (β = -.11, p < 0.01), affirming H4b. Lastly, social media self-
disclosure positively related to passive (β = .15, p < 0.001) and active (β = 
.50, p < 0.001) social media engagement, providing support for H5a-b, 
respectively.    

Discussion  
As the use of algorithms on social media has accelerated to the point where 
they are commonplace on major social media platforms, this research used 
social media engagement theory, dual processing theory, and privacy 
calculus to substantiate an exploratory conceptual model of the correlates 
of social media behavioral engagement. Overall, results from a cross-
section survey of U.S. adult social media users demonstrated that internet 
literacy positively related to social media algorithmic media content 
awareness. Moreover, social media algorithmic media content awareness 
was negatively associated with self-disclosure. Finally, social media 1) 
algorithmic media content awareness and 2) self-disclosure positively 
predicted passive and active social media engagement behavior. 
Ultimately, these interrelations highlight the critical role of internet literacy 
and algorithmic awareness in shaping how individuals disclose information 
and engage with social media. 

Theoretical Contributions 
A notable undertaking of this research was to integrate theories of social 
media engagement theory, dual-processing theory, and the privacy 
calculus model in a conceptual model centered around algorithmic media 
content awareness. Theoretically, as social media engagement theory 
(SMET) suggests, features that enhance personalization—such as 
algorithm-driven feeds—can increase users’ perceived benefits (e.g., 
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relevant content, social connectivity) and thus motivate further engagement 
(Di Gangi & Wasko, 2016). However, as users become awareness of how 
algorithms tailor content can influence perceived privacy risks—which, 
according to privacy calculus, discourages self-disclosure and active 
engagement behaviors contributions. Instead, consistent with dual 
processing theory, algorithmic awareness may manifest as low-effort 
system 1–driven passive engagement (e.g., scrolling and “liking”), which 
was found to positively relate to higher-effort system 2–driven active 
behaviors (e.g., commenting and sharing). Below these general findings 
are discussed in greater detail. 

This study is among the first to provide empirical evidence of the positive 
association between internet literacy and social media algorithmic media 
content awareness as distinct constructs. Theoretically, these results 
support the postulations of scholars like Reisdorf and Blank (2021) that 
suggest sharpening internet skills and understanding helps users become 
aware of and eventually literate about new technology. By implication, 
internet literacy may empower individuals to engage with algorithms and 
shape their online experiences. Moreover, the role of internet literacy is 
particularly relevant as algorithmic literacy is hard to achieve since the 
software underlying algorithms are proprietary and require technical coding 
skills to fully engage with (Dogruel et al., 2021; Silva et al., 2024). 

Furthermore, our theorizing that those who possess skills and experience 
in one area (e.g., internet literacy) may use those skills to process 
information in another digital area (e.g., awareness of social media 
algorithmic media content) is consistent with the suggestion of scholars in 
the digital inequality literature (e.g., Cotter, 2020; Lutz, 2019). Specifically, 
a divide in usage, benefit, and reinforcement of social inequalities exists 
between those with the knowledge and skills about algorithms, and 
disadvantaged and marginalized communities (based on age, income, etc.) 
who often do not (Ragnedda, 2020). 

Additionally, the positive association of social media algorithmic media 
content awareness and behavior engagement supports the assertions of 
social media engagement theory (Di Gangi & Wasko, 2016) that technical 
features and evolutions in technology (e.g., algorithms) can positively 
influence engagement. Specifically, in line with the propositions of social 
media engagement theory and relevant literature (Di Gangi & Wasko, 
2016; Dolan et al., 2016, 2019; Shahbaznezhad et al., 2021), it is likely that 
the algorithms by recommending relevant content that is informational and 
entertaining contribute to the enjoyment of the social media site that 
manifests in behavioral engagement. By implication, it could also be that 
as users are aware that algorithms curate their media content, they may 
modify and increase their engagement behaviors to exert more control of 
their content. Future research may consider testing this speculation in a 
controlled study of causality.   

More precisely, awareness of algorithmics predicted passive behavioral 
engagement but not active behavioral engagement. A possible reason for 
this could be that as users become aware of algorithms, they develop 
increased curiosity about algorithms, which in turn contributes to a passive-
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based information-gathering process (e.g., reading and watching). As the 
default-interventionist theoretical perspective of dual processing theories 
would suggest (Bago & De Neys, 2020; Evans, 2011), when users are 
seeking out information, they would be more likely to rely on low-effort 
system 1 processing (reflected in passive social media engagement 
behavior). Then, simultaneously or immediately after, system 2 processing 
reflected as active social media behavioral engagement (e.g., sharing, 
commenting, and posting) may occur to engage in deeper processing and 
voicing a user’s opinion (Dolan et al., 2019). Since this study is cross-
sectional, mediation analyses were not suitable. However, future research 
could investigate the theoretical speculation that algorithm awareness 
leads to active engagement (a reflection of system 2 processing) by first 
influencing passive engagement (a reflection of system 1 processing). 

Also, this study sought to examine the influence of internet literacy and 
social media algorithmic media content awareness on self-disclosure. It 
was observed that algorithmic media content awareness (and not internet 
literacy) negatively related to respondents' reported self-disclosure on 
social media. However, despite the negative influence of social media 
awareness on self-disclosure, respondents’ self-disclosure was still 
positively related to both passive and active engagement.  

As artificially intelligent programs built with algorithms pose a threat to 
users’ privacy, researchers have noted that when consumers feel their 
personal information could be misused, they will take measures to guard 
their personal information (Huh et al., 2023; Kim et al., 2023). This idea is 
magnified by the results of algorithmic media content awareness positively 
predicting passive engagement but not active engagement. By implication, 
the findings suggest that algorithmic awareness is associated with users 
adopting a strategic passivity—observing content without disclosing 
personal information—to navigate privacy risks while maintaining access 
to platform benefits in lieu of disengaging entirely. This aligns with privacy 
calculus theory, where passive engagement (as opposed to active 
engagement) becomes a behavioral compromise, allowing users to 
mitigate perceived threats without fully withdrawing from socially rewarding 
digital spaces. 

Another theoretical perspective could be that even with social media 
algorithm privacy concerns, users believe that the reward of participating 
on social media outweighs the potential harm perceived by algorithms. The 
privacy calculus theory (Dinev & Hart, 2006; Keith et al., 2013) informs us 
that users will conduct a risk-benefit ratio to decide if the potential harm of 
disclosing personal information is outweighed or equal to the potential 
benefit. Thus, our results support the assertations of scholars (e.g., Chen, 
2018; Nguyen, 2021) that the social capital benefit provided by social 
media by disclosing information and engaging with content is perceived as 
outweighing privacy risks, particularly if individuals are curious about 
algorithms (Oeldorf-Hirsch & Neubaum, 2023). Moreover, the results also 
coincide with the privacy paradox (Norberg et al., 2007), which suggests 
that despite users expressing concern over online privacy, they will still 
reveal personal information to satisfy the gratifications they derive from its 
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use (Hargittai & Marwick, 2016; Taddicken, 2014). 

Other potential explanations behind the complex algorithmic awareness-
behavioral engagement link could include user apathy, habituation to 
surveillance, and algorithmic resignation (Draper et al., 2024). Specifically, 
users may respond to heightened algorithmic awareness with apathy, 
wherein they recognize the pervasive nature of algorithmic influence yet 
feel that their individual actions are unlikely to alter their feed or the 
platform’s behavior. Thus they may feel a sense of futility and less 
motivation for active engagement, while still engaging in low-effort passive 
consumption (Hargittai & Marwick, 2016). Another possibility could be 
habituation to surveillance and being profiled by algorithms could 
desensitize and accustom users to simply scrolling through curated content 
rather than investing effort in posting or commenting (Soror et al., 2022). 
Finally, digital resignation—the belief that individual engagement cannot 
meaningfully disrupt algorithmic curation—could lead users to withdraw 
from active participation and instead adopt a spectator stance, consuming 
content without interacting (Draper and Turow, 2019).  

Lastly, this cross-sectional study is among the scant body of empirical 
evidence of this relationship and differentiates between passive and active 
engagement, which most studies do not. Theoretically, this research 
supports Dolan et al.’s (2016) theorizing that passive and active social 
media engagement behavior are distinct dimensions. Furthermore, the 
observed positive association between passive and active social media 
engagement behavior empirically align with the passive-active 
engagement association postulated originally by Dolan et al. (2019). By 
implication, these correlational findings align with scholars who note that 
system 1 processing can influence system 2 processing (e.g., Kahneman, 
2011; Schley et al., 2020). Importantly, the results here do not dispute that 
system 1 (passive social media engagement) and system 2 (active social 
media engagement) occur distinctly as parallel-competitive theories argue, 
but instead find evidence—in a correlational context—the former can relate 
to the latter as default-interventionist theories suggest (Bago & De Neys, 
2020; Evans, 2011). 

Practical Implications 
Practically, this research supports suggestions of other scholars (e.g., 
Voorveld et al., 2023) who note that user knowledge and transparency 
about algorithmic practice could improve social media user confidence to 
engage with content. As Cloarec et al. (2024) articulated, explicitly 
disclosing to users the benefit of providing personal information to receive 
highly relevant and interesting content can contribute to their belief of the 
benefit rather than the cost of disclosing. For instance, Spotify’s new “AI 
DJ” informs listeners that the DJ takes their listening habits and behaviors 
to provide a curated listening experience (Sound Guys, 2023).  

However, there is a discrepancy between users who feel they can vs. 
cannot control what is shown on their timeline and how sincere they believe 
platforms are regarding their willingness to provide users agency to curate 
their feeds (Swart, 2021). As a suggestion, practitioners and social media 
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platforms, when displaying sponsored recommended posts, should 
consider explicitly informing users that the content is recommended based 
on their past behavior. Indeed, some platforms have already begun to 
inform consumers of the role of artificially intelligent programs and 
algorithms in their online experience.  

As an illustration, Google search results provide an “AI overview” that 
summarizes the key information regarding what a user searches for (Radel, 
2024). However, more importantly, in the right-hand corner is a “learn 
more” button that sends the user to a page where they can learn more 
about what and how the AI technology works and provide feedback. In a 
similar vein, platforms should (and practitioners can demand) that a “lean 
more” option be presented. As the results demonstrate here, user 
awareness of how social media algorithms influence their content positively 
relates to their passive behavioral engagement. That passive engagement 
(e.g., reading and watching) in turn is positively associated with active 
social media engagement behavior (e.g., reacting and commenting).  

Limitations	&	Future	Research	

This study has several limitations worth noting that subsequently inform 
future research directions. First, the concepts measured here are self-
reported accounts of internet literacy and algorithm awareness. 
Concerning the nuanced discourse on these topics, it must be mentioned 
that it can be challenging to fully measure literacy with self-reports. Future 
research may consider using more objective test-style questions to gauge 
literacy. Ambitious attempts could be made to pair self-reported measures 
with physiological measures (e.g., eye-tracking, electroencephalography) 
to assess the extent to which these self-reports align with physical 
reactions. 

Second, given the nascent nature of social media algorithmic research, an 
exploratory survey was deemed most appropriate. However, future 
research may advance this discourse by examining branding and 
consumer factors. For instance, an experiment manipulating perceived 
errors in social media algorithmic content representations could be 
employed to examine if brand perceptions and/or engagement behavior 
are negatively influenced. Conversely, qualitative methodology such as in-
depth interviewing could be used to gauge if (and why) users’ past 
knowledge and skills using the internet (i.e., internet literacy) contribute to 
what they know about social media algorithms and how much they self-
disclose online. 

Third, it must be emphasized that the results of this research are 
correlational and not causal. The findings observed from testing the 
conceptual model of this work reflect an association between constructs in 
a moment in time. Survey research and structural equation modeling are 
not inherently predictive; thus, any directionality of relationships should be 
approached with caution. Future research that explicitly tests the cause-
and-effect relationships (via an experiment) between algorithmic media 
content awareness and social media behavioral engagement would prove 
to be a valuable advancement of the literature. 
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Fourth, although this study integrates three theoretical frameworks to 
enhance its conceptual depth, this broad approach may limit its impact 
within any single domain. To enable more substantial contributions to 
specific fields, future research could focus on one or two theories and 
pursue a more comprehensive examination and extension of those 
perspectives. By narrowing the theoretical lens, subsequent work can offer 
richer insights, develop more precise hypotheses, and advance a deeper 
understanding of the mechanisms at play.  

Pierre Louvins, (Ph.D., University of Connecticut) is an Assistant 
Professor of Advertising in the Sandage Department of Advertising in the 
College of Media at the University of Illinois Urbana-Champaign (UIUC). 
He applies advertising, marketing, and consumer psychology theories to 
understand consumer behavior and inform marketing strategies in various 
contexts such as purpose advertising, social media, and digital marketing. 
Anne Oeldorf-Hirsch (Ph.D., The Pennsylvania State University) is an 
Associate Professor of Communication at University of Connecticut, 
where she researches social media platforms and algorithmic literacy. 
Specifically, her work investigates the effects of social media use for 
news engagement, political involvement, and science communication, as 
well as social media users’ algorithmic experiences.  
 



JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
115 

 

References 
Ahmed, R., Beard, F., & Yoon, D. (2016). Examining and Extending Advertising’s Dual 
Mediation Hypothesis to a Branded Mobile Phone App. Journal of Interactive Advertising, 
16(2), 133–144. https://doi.org/10.1080/15252019.2016.1237315 

Arora, N., Prashar, S., Parsad, C., & Vijay, S. (2022). Impact of Antecedents of Celebrity-
Product Congruence on Value Transfer and Purchase Intention: Moderating Effect of 
Cognitive Strength and Over-endorsement. International Journal of Strategic 
Communication, 16(4), 663-683. https://doi.org/10.1080/1553118X.2022.2033978 

Bago, B., & De Neys, W. (2020). Advancing the specification of dual process models of 
higher cognition: A critical test of the hybrid model view. Thinking & Reasoning, 26(1), 1–
30. https://doi.org/10.1080/13546783.2018.1552194 

Barth, S., de Jong, M. D. T., Junger, M., Hartel, P. H., & Roppelt, J. C. (2019). Putting the 
privacy paradox to the test: Online privacy and security behaviors among users with 
technical knowledge, privacy awareness, and financial resources. Telematics and 
Informatics, 41, 55–69. https://doi.org/10.1016/j.tele.2019.03.003  

Bauer, A. T., & Mohseni Ahooei, E. (2018). Rearticulating Internet Literacy. Journal of 
Cyberspace Studies, 2(1), 29-53. https://doi.org/10.22059/jcss.2018.245833.1012 

Bechmann, A., & Bowker, G. C. (2019). Unsupervised by any other name: Hidden layers 
of knowledge production in artificial intelligence on social media. Big Data & Society, 6(1), 
205395171881956. https://doi.org/10.1177/2053951718819569 

Bruce, E., Keelson, S., Amoah, J., & Bankuoru Egala, S. (2023). Social media integration: 
An opportunity for SMEs sustainability. Cogent Business & Management, 10(1), 
2173859. https://doi.org/10.1080/23311975.2023.2173859 

Bucher, T. (2017). The algorithmic imaginary: Exploring the ordinary affects of Facebook 
algorithms. Information, Communication & Society, 20(1), 30–44. 
https://doi.org/10.1080/1369118X.2016.1154086 

Chen, H.-T. (2018). Revisiting the Privacy Paradox on Social Media With an Extended 
Privacy Calculus Model: The Effect of Privacy Concerns, Privacy Self-Efficacy, and Social 
Capital on Privacy Management. American Behavioral Scientist, 62(10), 1392-1412. 
https://doi.org/10.1177/0002764218792691 

Chiu, T. K. F., Ahmad, Z., Ismailov, M., & Sanusi, I. T. (2024). What are artificial 
intelligence literacy and competency? A comprehensive framework to support them. 
Computers and Education Open, 6, 100171. https://doi.org/10.1016/j.caeo.2024.100171 

Cloarec, J., Meyer-Waarden, L., & Munzel, A. (2024). Transformative privacy calculus: 
Conceptualizing the personalization-privacy paradox on social media. Psychology & 
Marketing, 41(7), 1574-1596. https://doi.org/10.1002/mar.21998 

Cope, B., & Kalantzis, M. (2000). Multiliteracies: Literacy learning and design of social 
futures. London, UK: Routledge. 

Cotter, K. (2020). Algorithmic Knowledge Gaps: A New Dimension of (Digital) Inequality. 
International Journal of Communication, 14. 
https://ijoc.org/index.php/ijoc/article/view/12450  

De Groot, T., De Haan, M., & Van Dijken, M. (2023). Learning in and about a filtered 
universe: Young people’s awareness and control of algorithms in social media. Learning, 
Media and Technology, 48(4), 701–713. 
https://doi.org/10.1080/17439884.2023.2253730 

https://doi.org/10.1080/15252019.2016.1237315
https://doi.org/10.1080/1553118X.2022.2033978
https://doi.org/10.1080/13546783.2018.1552194
https://doi.org/10.1016/j.tele.2019.03.003
https://doi.org/10.22059/jcss.2018.245833.1012
https://doi.org/10.1177/2053951718819569
https://doi.org/10.1080/23311975.2023.2173859
https://doi.org/10.1080/1369118X.2016.1154086
https://doi.org/10.1177/0002764218792691
https://doi.org/10.1016/j.caeo.2024.100171
https://doi.org/10.1002/mar.21998
https://ijoc.org/index.php/ijoc/article/view/12450
https://doi.org/10.1080/17439884.2023.2253730


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
116 

Dessart, L. (2017). Social media engagement: A model of antecedents and relational 
outcomes. Journal of Marketing Management, 1–25. 
https://doi.org/10.1080/0267257X.2017.1302975 

Dewnarain, S., Ramkissoon, H., & Mavondo, F. (2019). Social customer relationship 
management: An integrated conceptual framework. Journal of Hospitality Marketing & 
Management, 28(2), 172-188. https://doi.org/10.1080/19368623.2018.1516588 

Di Gangi, P. M., & Wasko, M. M. (2016). Social Media Engagement Theory: Exploring 
the Influence of User Engagement on Social Media Usage. Journal of Organizational and 
End User Computing, 28(2), 53–73. https://doi.org/10.4018/JOEUC.2016040104 

Dienlin, T., & Metzger, M. J. (2016). An Extended Privacy Calculus Model for SNSs: 
Analyzing Self-Disclosure and Self-Withdrawal in a Representative U.S. Sample. Journal 
of Computer-Mediated Communication, 21(5), 368–383. 
https://doi.org/10.1111/jcc4.12163 

Dinev, T., & Hart, P. (2006). An Extended Privacy Calculus Model for E-Commerce 
Transactions. Information Systems Research, 17(1), 61–80. 
https://doi.org/10.1287/isre.1060.0080 

Dogruel, L., Masur, P., & Joeckel, S. (2022). Development and Validation of an Algorithm 
Literacy Scale for Internet Users. Communication Methods and Measures, 16(2), 115–
133. https://doi.org/10.1080/19312458.2021.1968361 

Dolan, R., Conduit, J., Fahy, J., & Goodman, S. (2016). Social media engagement 
behaviour: A uses and gratifications perspective. Journal of Strategic Marketing, 24(3–
4), 261–277. https://doi.org/10.1080/0965254X.2015.1095222 

Dolan, R., Conduit, J., Frethey-Bentham, C., Fahy, J., & Goodman, S. (2019). Social 
media engagement behavior: A framework for engaging customers through social media 
content. European Journal of Marketing, 53(10), 2213–2243. 
https://doi.org/10.1108/EJM-03-2017-0182  

Draper, N. A., Pieter Hoffmann, C., Lutz, C., Ranzini, G., & Turow, J. (2024). Privacy 
resignation, apathy, and cynicism: Introduction to a special theme. Big Data & Society, 
11(3), 20539517241270663. https://doi.org/10.1177/20539517241270663 

Draper, N. A., & Turow, J. (2019). The corporate cultivation of digital resignation. New 
Media & Society, 21(8), 1824–1839. https://doi.org/10.1177/1461444819833331 

Dreston, J. H., & Neubaum, G. (2025). Navigating Social Media News Use: Exploring the 
Impact of Intentional and Incidental News Consumption on Objective and Subjective 
Political Knowledge. Communication Research, 00936502251317818. 
https://doi.org/10.1177/00936502251317818 

Ellison, N. B., Vitak, J., Steinfield, C., Gray, R., & Lampe, C. (2011). Negotiating Privacy 
Concerns and Social Capital Needs in a Social Media Environment. In S. Trepte & L. 
Reinecke (Eds.), Privacy online: Perspectives on privacy and self-disclosure in the social 
web (pp 19-32). Berlin: Springer 

Escobar-Viera, C. G., Shensa, A., Bowman, N. D., Sidani, J. E., Knight, J., James, A. E., 
& Primack, B. A. (2018). Passive and Active Social Media Use and Depressive Symptoms 
Among United States Adults. Cyberpsychology, Behavior, and Social Networking, 21(7), 
437–443. https://doi.org/10.1089/cyber.2017.0668 

Evans, J. St. B. T. (2011). Dual-process theories of reasoning: Contemporary issues and 
developmental applications. Developmental Review, 31(2–3), 86–102. 
https://doi.org/10.1016/j.dr.2011.07.007 

Figueiredo, C., & Bolaño, C. (2017). Social media and algorithms: configurations of the 

https://doi.org/10.1080/0267257X.2017.1302975
https://doi.org/10.1080/19368623.2018.1516588
https://doi.org/10.4018/JOEUC.2016040104
https://doi.org/10.1111/jcc4.12163
https://doi.org/10.1287/isre.1060.0080
https://doi.org/10.1080/19312458.2021.1968361
https://doi.org/10.1080/0965254X.2015.1095222
https://doi.org/10.1108/EJM-03-2017-0182
https://doi.org/10.1177/20539517241270663
https://doi.org/10.1177/1461444819833331
https://doi.org/10.1177/00936502251317818
https://doi.org/10.1089/cyber.2017.0668
https://doi.org/10.1016/j.dr.2011.07.007


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
117 

lifeworld colonization by new media. The International Review of Information Ethics, 26. 
DOI: https://doi.org/10.29173/irie277 

Fletcher, R., & Nielsen, R. K. (2018). Are people incidentally exposed to news on social 
media? A comparative analysis. New Media & Society, 20(7), 2450–2468. 
https://doi.org/10.1177/1461444817724170 

Florenthal, B. (2019). Young consumers’ motivational drivers of brand engagement 
behavior on social media sites: A synthesized U&G and TAM framework. Journal of 
Research in Interactive Marketing, 13(3), 351–391. https://doi.org/10.1108/JRIM-05-
2018-0064 

Fornell, C., & Larcker, D. F. (1981). Structural Equation Models with Unobservable 
Variables and Measurement Error: Algebra and Statistics. Journal of Marketing 
Research, 18(3), 382–388. https://doi.org/10.1177/002224378101800313 

Frau-Meigs, D. (2024). Algorithm Literacy as a Subset of Media and Information Literacy: 
Competences and Design Considerations. Digital, 4(2), 512–528. 
https://doi.org/10.3390/digital4020026 

Gainous, J., Abbott, J. P., & Wagner, K. M. (2021). Active vs. Passive Social Media 
Engagement with Critical Information: Protest Behavior in Two Asian Countries. The 
International Journal of Press/Politics, 26(2), 464-483. 
https://doi.org/10.1177/1940161220963606 

Gran, A.-B., Booth, P., & Bucher, T. (2021). To be or not to be algorithm aware: A question 
of a new digital divide? Information, Communication & Society, 24(12), 1779–1796. 
https://doi.org/10.1080/1369118X.2020.1736124 

Greene, K., Derlega, V. J., & Mathews, A. (2006). Self-disclosure in personal 
relationships. In The Cambridge handbook of personal relationships, A.L. Vangelisti, D. 
Perlman (Eds.), Cambridge University Press, Cambridge, pp. 409-428 

Hair , J. F. , W. C. Black , B. J. Babin , R. E. Anderson , & R. Tatham (2010). Multivariate 
Data Analysis (7th ed.). Pearson Education. Englewood. Cliffs, NJ: Prentice Hall. 

Hamilton, K., Karahalios, K., Sandvig, C., & Eslami, M. (2014, April). A path to 
understanding the effects of algorithm awareness. CHI’14 Extended Abstracts on Human 
Factors in Computing Systems, 631–42. ACM. 

Hargittai, E., & Marwick, A. (2016). “What can I really do?” Explaining the privacy paradox 
with online apathy. International Journal of Communication, 10, 21. 
https://ijoc.org/index.php/ijoc/article/view/4655  

Hosman, L., & Pérez Comisso, M. A. (2020). How do we understand “meaningful use” of 
the internet? Of divides, skills and socio-technical awareness. Journal of Information, 
Communication and Ethics in Society, 18(3), 461–479. https://doi.org/10.1108/JICES-05-
2020-0055 

Hu, L., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure 
analysis: Conventional criteria versus new alternatives. Structural Equation Modeling: A 
Multidisciplinary Journal, 6(1), 1–55. https://doi.org/10.1080/10705519909540118 

Huh, J., Nelson, M. R., & Russell, C. A. (2023). ChatGPT, AI Advertising, and Advertising 
Research and Education. Journal of Advertising, 52(4), 477–482. 
https://doi.org/10.1080/00913367.2023.2227013 

Jiang, Y., Lyu, C., Chen, W., & Wen, J. (2023). Following mega sports events on social 
media impacts Gen Z travelers’ sports tourism intentions: The case of the 2022 Winter 
Olympic Games. Tourism Recreation Research, 1–15. 
https://doi.org/10.1080/02508281.2023.2274155 

https://doi.org/10.29173/irie277
https://doi.org/10.1177/1461444817724170
https://doi.org/10.1108/JRIM-05-2018-0064
https://doi.org/10.1108/JRIM-05-2018-0064
https://doi.org/10.1177/002224378101800313
https://doi.org/10.3390/digital4020026
https://doi.org/10.1177/1940161220963606
https://doi.org/10.1080/1369118X.2020.1736124
https://ijoc.org/index.php/ijoc/article/view/4655
https://doi.org/10.1108/JICES-05-2020-0055
https://doi.org/10.1108/JICES-05-2020-0055
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1080/00913367.2023.2227013
https://doi.org/10.1080/02508281.2023.2274155


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
118 

Joinson, A. N., Houghton, D. J., Vasalou, A., & Marder, B. L. (2011). Digital Crowding: 
Privacy, Self-Disclosure, and Technology. In S. Trepte & L. Reinecke (Eds.), Privacy 
online: Perspectives on privacy and self-disclosure in the social web (pp 33-45). Berlin: 
Springer 

Julien, H. (2015). Digital literacy. In Encyclopedia of Information Science and Technology, 
Third Edition (pp. 2141-2148). IGI Global. 

Kahneman, D. (2011). Thinking, Fast and Slow, Macmillan, New York, NY. 

Keith, M. J., Thompson, S. C., Hale, J., Lowry, P. B., & Greer, C. (2013). Information 
disclosure on mobile devices: Re-examining privacy calculus with actual user behavior. 
International Journal of Human-Computer Studies, 71(12), 1163-1173. 
https://doi.org/10.1016/j.ijhcs.2013.08.016 

Khan, M. L. (2017). Social media engagement: What motivates user participation and 
consumption on YouTube? Computers in Human Behavior, 66, 236–247. 
https://doi.org/10.1016/j.chb.2016.09.024 

Khan, Z. (2024, March 10). The Impact of Social Media Algorithms on Marketing Strategy. 
LinkedIn. https://www.linkedin.com/pulse/impact-social-media-algorithms-marketing-
strategy-zainullah-khan-ltlhf/  

Kim, W., Ryoo, Y., Lee, S., & Lee, J. A. (2023). Chatbot Advertising As a Double-Edged 
Sword: The Roles of Regulatory Focus and Privacy Concerns. Journal of Advertising, 
52(4), 504-522. https://doi.org/10.1080/00913367.2022.2043795 

Kitchin, R. (2017). Thinking critically about and researching algorithms. Information, 
Communication & Society, 20(1), 14–29. 
https://doi.org/10.1080/1369118X.2016.1154087 

Koenig, A. (2020). The Algorithms Know Me and I Know Them: Using Student Journals 
to Uncover Algorithmic Literacy Awareness. Computers and Composition, 58, 102611. 
https://doi.org/10.1016/j.compcom.2020.102611 

Livingstone, S., & Helsper, E. (2010). Balancing opportunities and risks in teenagers’ use 
of the internet: The role of online skills and internet self-efficacy. New Media & Society, 
12(2), 309–329. https://doi.org/10.1177/1461444809342697 

Lutz, C. (2019). Digital inequalities in the age of artificial intelligence and big data. Human 
Behavior and Emerging Technologies, 1(2), 141-148. https://doi.org/10.1002/hbe2.140 

Metzger, M. J., & Suh, J. J. (2017). Comparative Optimism About Privacy Risks on 
Facebook: Comparative Optimism About Privacy Risks. Journal of Communication, 
67(2), 203–232. https://doi.org/10.1111/jcom.12290 

Milan, S. (2015). When Algorithms Shape Collective Action: Social Media and the 
Dynamics of Cloud Protesting. Social Media + Society, 1(2), 205630511562248. 
https://doi.org/10.1177/2056305115622481 

Mulaik, S. A., & Millsap, R. E. (2000). Doing the Four-Step Right. Structural Equation 
Modeling: A Multidisciplinary Journal, 7(1), 36–73. 
https://doi.org/10.1207/S15328007SEM0701_02 

Newberry, C. (2024, March 4). 2024 Social Media Algorithms: A Guide for All Networks. 
Hootsuite. https://blog.hootsuite.com/social-media-algorithm  

Nguyen, T. (2021). Continuance Intention in Traffic-Related Social Media: A Privacy 
Calculus Perspective. Journal of Internet Commerce, 20(2), 215-245. 
https://doi.org/10.1080/15332861.2021.1875764 

https://doi.org/10.1016/j.ijhcs.2013.08.016
https://doi.org/10.1016/j.chb.2016.09.024
https://www.linkedin.com/pulse/impact-social-media-algorithms-marketing-strategy-zainullah-khan-ltlhf/
https://www.linkedin.com/pulse/impact-social-media-algorithms-marketing-strategy-zainullah-khan-ltlhf/
https://doi.org/10.1080/00913367.2022.2043795
https://doi.org/10.1080/1369118X.2016.1154087
https://doi.org/10.1016/j.compcom.2020.102611
https://doi.org/10.1177/1461444809342697
https://doi.org/10.1002/hbe2.140
https://doi.org/10.1111/jcom.12290
https://doi.org/10.1177/2056305115622481
https://doi.org/10.1207/S15328007SEM0701_02
https://blog.hootsuite.com/social-media-algorithm
https://doi.org/10.1080/15332861.2021.1875764


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
119 

Norberg, P. A., Horne, D. R., & Horne, D. A. (2007). The Privacy Paradox: Personal 
Information Disclosure Intentions versus Behaviors. Journal of Consumer Affairs, 41(1), 
100-126. https://doi.org/10.1111/j.1745-6606.2006.00070.x 

Oeldorf-Hirsch, A., & Neubaum, G. (2023). What do we know about algorithmic literacy? 
The status quo and a research agenda for a growing field. New Media & Society, 1-21. 
https://doi.org/10.1177/14614448231182662 

Pentina, I., Zhang, L., Bata, H., & Chen, Y. (2016). Exploring privacy paradox in 
information-sensitive mobile app adoption: A cross-cultural comparison. Computers in 
Human Behavior, 65, 409–419. https://doi.org/10.1016/j.chb.2016.09.005 

Podsakoff, P. M., & Organ, D. W. (1986). Self-Reports in Organizational Research: 
Problems and Prospects. Journal of Management, 12(4), 531–544. 
https://doi.org/10.1177/014920638601200408 

Radel, F. W. (2024, May 17). Google all in on AI and Gemini: How it will affect your 
Google searches. USA Today. https://www.usatoday.com/story/tech/2024/05/17/google-
ai-overview-search/73728192007/ 

Rader, E., & Gray, R. (2015, April). Understanding user beliefs about algorithmic curation 
in the Facebook news feed. Proceedings of the 33rd Annual ACM Conference on Human 
Factors in Computing Systems, 173–82. ACM. 

Ragnedda, M. (2020). New Digital Inequalities. Algorithms Divide. In M. Ragnedda, 
Enhancing Digital Equity (pp. 61–83). Springer International Publishing. 
https://doi.org/10.1007/978-3-030-49079-9_4 

Reisdorf, B. C., & Blank, G. (2021). Algorithmic literacy and platform trust. In E. Hargittai 
(Ed.), Handbook of Digital Inequality. Edward Elgar Publishing. 
https://doi.org/10.4337/9781788116572.00032 

Ridley, M., & Pawlick-Potts, D. (2021). Algorithmic Literacy and the Role for Libraries. 
Information Technology and Libraries, 40(2), 1-15. 
https://doi.org/10.6017/ital.v40i2.12963 

Schley, D. R., De Langhe, B., & Long, A. R. (2020). System 1 Is Not Scope Insensitive: 
A New, Dual-Process Account of Subjective Value. Journal of Consumer Research, 
47(4), 566–587. https://doi.org/10.1093/jcr/ucaa015 

Shahbaznezhad, H., Dolan, R., & Rashidirad, M. (2021). The Role of Social Media 
Content Format and Platform in Users’ Engagement Behavior. Journal of Interactive 
Marketing, 53(1), 47-65. https://doi.org/10.1016/j.intmar.2020.05.001 

Shek, D. T. L., & Yu, L. (2014). Confirmatory factor analysis using AMOS: A 
demonstration. International Journal on Disability and Human Development, 13(2). 
https://doi.org/10.1515/ijdhd-2014-0305 

Shin, D., Rasul, A., & Fotiadis, A. (2022). Why am I seeing this? Deconstructing algorithm 
literacy through the lens of users. Internet Research, 32(4), 1214–1234. 
https://doi.org/10.1108/INTR-02-2021-0087 

Silva, D. E., Chen, C., & Zhu, Y. (2024). Facets of algorithmic literacy: Information, 
experience, and individual factors predict attitudes toward algorithmic systems. New 
Media & Society, 26(5), 2992-3017. https://doi.org/10.1177/14614448221098042  

Smith, B. G., & Taylor, M. (2017). Empowering Engagement: Understanding Social Media 
User Sense of Influence. International Journal of Strategic Communication, 11(2), 148-
164. https://doi.org/10.1080/1553118X.2017.1284072 

Soror, A., Steelman, Z. R., & Turel, O. (2022). Exhaustion and dependency: A 

https://doi.org/10.1111/j.1745-6606.2006.00070.x
https://doi.org/10.1177/14614448231182662
https://doi.org/10.1016/j.chb.2016.09.005
https://doi.org/10.1177/014920638601200408
https://www.usatoday.com/story/tech/2024/05/17/google-ai-overview-search/73728192007/
https://www.usatoday.com/story/tech/2024/05/17/google-ai-overview-search/73728192007/
https://doi.org/10.1007/978-3-030-49079-9_4
https://doi.org/10.4337/9781788116572.00032
https://doi.org/10.6017/ital.v40i2.12963
https://doi.org/10.1093/jcr/ucaa015
https://doi.org/10.1016/j.intmar.2020.05.001
https://doi.org/10.1515/ijdhd-2014-0305
https://doi.org/10.1108/INTR-02-2021-0087
https://doi.org/10.1177/14614448221098042
https://doi.org/10.1080/1553118X.2017.1284072


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
120 

habituation–sensitization perspective on the duality of habit in social media use. 
Information Technology & People, 35(1), 67–95. https://doi.org/10.1108/ITP-11-2019-
0603 

Sound Guys. (2023, September 29). How to use Spotify’s new AI DJ feature. Sound 
Guys. https://www.soundguys.com/how-to-use-spotify-ai-dj-100465/  

Stoica, M., & Hickman, T. M. (2024). Gen Z buying patterns: Comparing the influence of 
professional advising and social media engagement. Young Consumers. 
https://doi.org/10.1108/YC-09-2023-1871 

Swani, K., Milne, G. R., Brown, B. P., Assaf, A. G., & Donthu, N. (2017). What messages 
to post? Evaluating the popularity of social media communications in business versus 
consumer markets. Industrial Marketing Management, 62, 77–87. 
https://doi.org/10.1016/j.indmarman.2016.07.006 

Swart, J. (2021). Experiencing Algorithms: How Young People Understand, Feel About, 
and Engage With Algorithmic News Selection on Social Media. Social Media + Society, 
7(2), 1-11. https://doi.org/10.1177/20563051211008828 

Swirsky, J. M., Rosie, M., & Xie, H. (2021). Adjustment Correlates of Social Media 
Engagement Among Early Adolescents. Journal of Youth and Adolescence, 50(12), 
2265–2278. https://doi.org/10.1007/s10964-021-01421-3 

Taddicken, M. (2014). The ‘Privacy Paradox’ in the Social Web: The Impact of Privacy 
Concerns, Individual Characteristics, and the Perceived Social Relevance on Different 
Forms of Self-Disclosure. Journal of Computer-Mediated Communication, 19(2), 248-
273. https://doi.org/10.1111/jcc4.12052 

Thon, F. M., & Jucks, R. (2014). Regulating privacy in interpersonal online 
communication: The role of self-disclosure. Studies in Communication Sciences, 14(1), 
3-11. https://doi.org/10.1016/j.scoms.2014.03.012 

Tucker, C. (2018). Privacy, Algorithms, and Artificial Intelligence. In The Economics of 
Artificial Intelligence: An Agenda (pp. 423–437). University of Chicago Press. 
https://www.nber.org/books-and-chapters/economics-artificial-intelligence-
agenda/privacy-algorithms-and-artificial-intelligence 

Valkenburg, P. M., van Driel, I. I., & Beyens, I. (2022). The associations of active and 
passive social media use with well-being: A critical scoping review. New Media & Society, 
24(2), 530-549. https://doi.org/10.1177/14614448211065425 

Voorveld, H. A. M., Meppelink, C. S., & Boerman, S. C. (2023). Consumers’ persuasion 
knowledge of algorithms in social media advertising: Identifying consumer groups based 
on awareness, appropriateness, and coping ability. International Journal of Advertising, 
1–27. https://doi.org/10.1080/02650487.2023.2264045 

Walsh, R. M., Forest, A. L., & Orehek, E. (2020). Self-disclosure on social media: The 
role of perceived network responsiveness. Computers in Human Behavior, 104, 106162. 
https://doi.org/10.1016/j.chb.2019.106162  

Wang, T., Duong, T. D., & Chen, C. C. (2016). Intention to disclose personal information 
via mobile applications: A privacy calculus perspective. International Journal of 
Information Management, 36(4), 531–542. 
https://doi.org/10.1016/j.ijinfomgt.2016.03.003 

Wason, P. C., & Evans, J. St. B. T. (1974). Dual processes in reasoning? Cognition, 3(2), 
141–154. https://doi.org/10.1016/0010-0277(74)90017-1 

Yamamoto, M., & Morey, A. C. (2019). Incidental news exposure on social media: A 
campaign communication mediation approach. Social Media+ Society, 5(2), 

https://doi.org/10.1108/ITP-11-2019-0603
https://doi.org/10.1108/ITP-11-2019-0603
https://www.soundguys.com/how-to-use-spotify-ai-dj-100465/
https://doi.org/10.1108/YC-09-2023-1871
https://doi.org/10.1016/j.indmarman.2016.07.006
https://doi.org/10.1177/20563051211008828
https://doi.org/10.1007/s10964-021-01421-3
https://doi.org/10.1111/jcc4.12052
https://doi.org/10.1016/j.scoms.2014.03.012
https://www.nber.org/books-and-chapters/economics-artificial-intelligence-agenda/privacy-algorithms-and-artificial-intelligence
https://www.nber.org/books-and-chapters/economics-artificial-intelligence-agenda/privacy-algorithms-and-artificial-intelligence
https://doi.org/10.1177/14614448211065425
https://doi.org/10.1080/02650487.2023.2264045
https://doi.org/10.1016/j.chb.2019.106162
https://doi.org/10.1016/j.ijinfomgt.2016.03.003
https://doi.org/10.1016/0010-0277(74)90017-1


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
121 

2056305119843619. https://doi.org/10.1177/2056305119843619  

Ye, S., Toshimori, A., & Horita, T. (2018). Causal relationships between media/social 
media use and internet literacy among college students: Addressing the effects of social 
skills and gender differences. Educational technology research, 40(1), 61-70. 
https://doi.org/10.15077/etr.41091 

Yeşilyurt, E., & Vezne, R. (2023). Digital literacy, technological literacy, and internet 
literacy as predictors of attitude toward applying computer-supported education. 
Education and Information Technologies, 28(8), 9885-9911. 
https://doi.org/10.1007/s10639-022-11311-1 

Zarouali, B., Boerman, S. C., & De Vreese, C. H. (2021). Is this recommended by an 
algorithm? The development and validation of the algorithmic media content awareness 
scale (AMCA-scale). Telematics and Informatics, 62, 101607. 
https://doi.org/10.1016/j.tele.2021.10160  

  

Funding Statement: This research was completed with support from the 
Fulbright US Scholar Program and funding from the University of Connecticut 
Scholarship Facilitation Fund (SFF-0000000511). 

 
Pierre, L. & Oeldorf-Hirsch, A. (2025). Investigating how Algorithmic Awareness 
Predicts Passive and Active Social Media Content Engagement Behavior. 
Journal of Communication Technology, 7(3), 96-123.  
DOI: 10.51548/joctec.7.3.2025.05  

https://doi.org/10.1177/2056305119843619
https://doi.org/10.15077/etr.41091
https://doi.org/10.1007/s10639-022-11311-1
https://doi.org/10.1016/j.tele.2021.10160


JoCTEC: Journal of Communication Technology 
 
 

Louvins, P., & Oeldorf-Hirsch A. JoCTEC 2025, 7(3), pp. 96-123 
DOI: 10.51548/joctec.7.3.2025.05 
 
 
 

 

 
122 

 
Appendix A 

Table 2: Factor Loadings, AVE, and Eigenvalues of Measured Constructs 

Construct & Items Factor 
Loadings 

AVE 
(Eigenvalue) 

Internet literacy (Livingstone & Helsper, 2010; 1 = Beginner, 4 = Expert)  0.52 (3.93) 

Finding information you need on the web .642  

Setting up an email account .677  

Downloading and saving an MP3 file .757  

Setting up a filter for junk mail or pop-up adverts .724  

Getting rid of a virus on your computer .756  

Fixing a problem by yourself when something goes wrong .750  

Algorithmic media content awareness  
(Zarouali et al., 2021; 1 = Not at all aware, 5 = Completely aware) 

 0.58 (7.71) 

Algorithms are used to recommend content to me on social media .821  

Algorithms are used to prioritize certain content above others .847  

Algorithms are used to tailor certain content to me on social media .852  

Algorithms show someone else different content than I get to see on my 
social media 

.719  

Algorithms are used to show me content on social media based on 
automated decisions 

.776  

Algorithms do not require human judgments in deciding which content to 
show me on social media 

.586  

Algorithms make automated decisions on what content I get to see on 
social media 

.806  

The content that algorithms recommend to me on social media depend on 
the data that I make available online 

.782  

The content that algorithms recommend to me on social media depend on 
my online behavioral data 

.804  

The content that algorithms recommend to me on social media depend on 
the data that I make available online 

.718  

Algorithms use my personal data to recommend certain content on social 
media, and this has consequences for my online privacy 

.633  

SM self-disclosure  
(Metzger & Suh, 2017; 1 = Strongly disagree, 6 = Strongly agree) 

 0.46 (3.07) 

I have put a lot of information about myself in my social media profile(s). .770  

I keep my friends updated about what is going on in my life through social 
media. 

.669  

I allow others to provide information about me through things like posts or 
tags. 

.646  
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I allow people to find out my location using social media. .626  

Passive engagement  
(Escobar-Viera et al., 2018; 1 = Never, 6 = Several times a day) 

 0.56 (1.84) 

Read discussions .709  

Read comments/reviews .878  

Watch videos or view pictures .633  

Active engagement  
(Escobar-Viera et al., 2018; 1 = Never, 6 = Several times a day) 

 0.52 (1.20) 

Share others' content .669  

Comment on or respond to someone else's content .769  

Post your own content .716  

 
 


