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How Facebook’s Newsfeed Algorithm Shapes Childhood Vaccine Hesitancy: An
Algorithmic Fairness, Accountability, and Transparency (FAT) Perspective

ABSTRACT

Vaccine hesitancy is the delay or refusal of vaccination when vaccines are available. Over the last decade,
many reports have suggested that the proliferation of vaccine disinformation and misinformation on social
media has aggravated the vaccine-hesitancy problem. Access to vaccine dis(mis)information on social
media is deemed partly responsible for the resurfacing of vaccine-preventable diseases (e.g., measles).
Although studies have examined social media dis(mis)information, including that related to vaccines, the
newsfeed algorithm, which determines the content social media users see, has received scant attention in
the literature. We examine how people’s perceptions of the fairness, accountability, and transparency (FAT)
of the Facebook newsfeed algorithm influence their intention to vaccinate their children. We find that
people’s perceptions of the Facebook newsfeed algorithm’s FAT increase their negative attitudes toward
vaccination (fairness and transparency). However, they decrease users’ perceptions of antivaccination
norms on Facebook (fairness, accountability, and transparency). Negative attitudes toward vaccination
decrease the intention to vaccinate, as do perceptions of Facebook antivaccination norms. Our findings
demonstrate that to decrease the effectiveness of vaccine dis(mis)information, it is critical to educate the
public about how social media newsfeed algorithms make content-display decisions.

Keywords: Vaccine hesitancy, vaccine disinformation and misinformation, Facebook newsfeed

algorithm, algorithmic fairness, algorithmic accountability, algorithmic transparency, social media,
theory of planned behavior (TPB)



1. Introduction

In 2015, the Centers for Disease Control and Prevention (CDC) reported a measles outbreak linked to
Disney-theme-park visits, transforming “the Happiest Place on Earth” to “measles ground zero.” This
outbreak was linked to the presence of unvaccinated individuals visiting the theme park. There were 125
measles cases linked to the Disney outbreak, of which an alarming number of cases (28 of the 125)
corresponded to individuals who intentionally avoided vaccinations due to personal beliefs [137].
Unfortunately, the Disney outbreak was followed by other measles outbreaks that experts linked to the
increase of vaccine hesitancy [19]. In response, the World Health Organization (WHO) [130] classified the
delay or refusal of vaccination (i.e., vaccine hesitancy) as one of the top ten threats to global health in 2019.
Vaccine hesitancy poses a worldwide threat that may potentially affect herd immunity, which is the
protection provided to populations by high rates of immunized individuals [43].

The proliferation of vaccine content on social media has resulted in a troublingly high percentage of
people in the United States (US) being misinformed about vaccines [117]. A recent study found that of the
almost 2,500 people surveyed, 18% thought it was accurate to say that vaccines caused autism, 15% agreed
that vaccines are full of toxins, 20% agreed that it was acceptable to delay vaccinating their children (i.e.,
not follow the CDC’s vaccination schedule), and 19% thought that it was better to let herd immunity
develop through exposure than through widespread vaccination [117]. Distressingly, disinformation about
the death of a participant in a COVID-19 vaccine trial and the use of COVID-19 vaccines to microchip
people circulated online before a viable vaccine was even approved [7]. Faced with a resurgence of vaccine-
preventable diseases (e.g., measles) and the introduction of newly developed vaccines whose acceptance is
critical to global health (e.g., COVID-19), understanding how online dis(mis)information results in vaccine
hesitancy is paramount [107]. Our study contributes to the understanding of this problem by examining the
role of newsfeed algorithms, the technology that feeds users dis(mis)information, in inducing vaccine
hesitancy.

Researchers differentiate between two types of incorrect online content (1) misinformation, which

results from drawing conclusions from incorrect or incomplete content, and (2) disinformation, which is



purposefully duplicitous and intended to promote an agenda [64]. In the absence of effective content
moderators, any content can be posted online regardless of its truthfulness, which leads to the proliferation
on the internet of both reliable information and dis(mis)information about topics such as vaccines. In fact,
one strategy of Russian internet trolls is to spread both truths and untruths about vaccination to make it
appear that the safety and efficacy of vaccines are debatable [11, 16]. Information systems (IS) researchers
have only recently begun to investigate online dis(mis)information. Most of the early IS research on
disinformation (i.e., fake news) emphasized the creation of mechanisms that help users identify fake news
[e.g., 71, 72, 96, 135]. Less IS research has investigated the behaviors online dis(mis)information may
prompt [e.g., 24], which is the area to which our study contributes. Specifically, we examine how users’
perceptions of the fairness, accountability, and transparency of the Facebook newsfeed algorithm influence
their intention to vaccinate.

Researchers have suggested that disinformation about vaccines is effective for two primary reasons.
First, counteracting vaccine disinformation with accurate information is difficult, because users’ social-
media-consumption habits result in well-segregated communities (i.e., echo chambers) of people who are
either pro- or antivaccination [107, 112]. Second, vaccine disinformation lingers in memory, and
researchers have found that it is difficult to update this memory with correct information [103]. These
findings suggest that exposure to vaccine dis(mis)information can be harmful and that interacting with such
content can lead users into echo chambers, in which they are overwhelmed with information from vaccine
opponents. These phenomena are enhanced by the algorithms that run social media newsfeeds, which
determine the content to which users are exposed [94]. Facebook’s newsfeed prioritizes “engaging” content,
which can be loosely defined as content people will read, “like,” comment on, or share with others [27, 41].

Although some general information about how newsfeed algorithms work is available [27, 41], there is
remarkably little public knowledge about how these algorithms determine the content people see [57]. This
lack of understanding has recently become a topic of public conversation because, facing pressure about
security concerns from the US, TikTok released some details about how its social media feed works [57].

Like other social media companies, TikTok prioritizes engaging content, and it described how engagement-



related factors help determine what is displayed in users’ newsfeeds. However, the details TikTok released
were familiarly vague; as one reporter noted, some of the “factors matter more than others; and they’re all
in service of a secret technical sauce that the platform uses to make the best guess as to what it predicts
users will want to see” [57, p. 1]. The same can be said for most newsfeed algorithms.

The details of the logic newsfeed algorithms use to determine the content users see are largely unknown
and proprietary. Therefore, it is up to users to evaluate whether (1) the logic the newsfeed algorithm
employs to display the content they see is fair, (2) Facebook can be held to account for how the newsfeed
operates, and (3) they understand how the algorithm determines the content they see. Because the details
of the algorithm’s logic are unknown, it is important to understand what users think about the FAT of
newsfeed algorithms and how those perceptions influence the effectiveness of the dis(mis)information the
algorithms convey. Although the FAT framework has been used in the broader artificial intelligence (Al)
literature [e.g., 1], our study is unique because it examines the concepts from the perspective of the
interaction between general users and a social media newsfeed algorithm. Understanding users’ perceptions
of algorithmic FAT and the influence those perceptions have on the attitudes and beliefs that may arise
from exposure to dis(mis)information on social media is a crucial step of learning how to combat social
media dis(mis)information. In this study, we thus examine the following research question.

RQ1: How do users’ perceptions of the fairness, accountability, and transparency (FAT) of Facebook’s

newsfeed algorithm influence the effectiveness of the dis(mis)information about childhood vaccination

conveyed on Facebook?

We use the theory of planned behavior (TPB) [3] to examine the effectiveness of vaccine
dis(mis)information on Facebook, because it is a leading model of behavioral intention and has been used
in many contexts, including vaccination [e.g., 2, 18, 129]. Briefly, the TPB posits that people’s attitudes
toward a behavior, the perceived social norms regarding the behavior, and the perceived control people
have to execute the behavior influence their intentions to perform the behavior [3]. We propose that
Facebook users’ perceptions of the newsfeed algorithm’s FAT will shape the TPB factors and thus influence
behavioral intent. Consider users whose see more antivaccination than pro-vaccination content in their

Facebook newsfeed. If those users think the Facebook newsfeed is fair regarding the logic it uses to



determine the content displayed, they may be more likely to believe that their social connections on
Facebook hold antivaccination norms.

Our study makes important contributions to both theory and practice. Researchers have only begun to
study the implications of FAT perceptions for algorithms [e.g., 113], and to the best of our knowledge, they
have not examined their influence on intention to perform an offline behavior like vaccination. We
contribute to the IS literature by extending the conversation on dis(mis)information to include how
algorithmic FAT, or lack thereof, is influencing society. Although we draw from a theoretical base familiar
to IS researchers, we extend the TPB in a novel way to examine how social media, and the algorithms that
power it, are influencing the intention to perform important offline behaviors like vaccination. We also
contribute to the IS research on the persuasiveness of social media, which has investigated how social media
content persuades people to make purchases and take political action [e.g., 49, 73]. Comparing advice from
algorithms (e.g., recommender systems) and advice from peers (e.g., reviews), IS research has found that
both affect users’ decision-making [51]. Our study’s contribution to this conversation results from its unique
combination of the two—the content is posted by users, but the determination of what is shown is left to
the algorithms. By studying FAT perceptions in the vaccine dis(mis)information context, we begin the
conversation about how people’s understanding of the merging of these two elements can influence
decision-making.

The practical implications of our findings are notable because we make a case for the importance of
societal algorithmic awareness. If people do not understand how the algorithms manipulate the content they
see to maximize their engagement, they are more likely to be captured and influenced by social media echo
chambers. Our study offers insight into how social media shapes users’ vaccination intentions; we offer the
conclusion that rather than trying to correct attitudes derived from vaccine dis(mis)information, a more
fruitful avenue may be to educate users on how newsfeeds work. This approach may decrease users’
confidence in social media content without directly confronting them on an issue they feel strongly about
(e.g., vaccination). We also provide justification for removing vaccine dis(mis)information, because as

users’ FAT perceptions increase, their negative attitudes toward vaccination increase, which lowers



intention to vaccinate. Therefore, users who express confidence in the newsfeed’s FAT and who are
exposed to vaccine dis(mis)information may be more prone to developing a negative attitude toward
vaccination. Although algorithmic fairness and transparency increase negative attitudes toward vaccination,
which in turn decreases intention to vaccinate, FAT perceptions decrease normative perceptions that
Facebook social connections are antivaccination, which in turn decreases intention to vaccinate. These
results may indicate that although the dis(mis)information users see on Facebook can be persuasive and it
is thus best to limit exposure, it may be equally important to ensure that users avoid echo chambers and that
newsfeeds work in a transparent way.

2. Theoretical Development

Our model conceptualizes users’ FAT perceptions of Facebook’s newsfeed algorithm as antecedents to a
traditional TPB model, as shown in Figure 1. We test our model on Facebook users who are connected to
more vaccine opponents than proponents. We survey people who have (1) at least one Facebook social
connection who has posted antivaccination content and (2) who have more Facebook social connections
who post antivaccination content than pro-vaccination content. Vaccine dis(mis)information has been found
to be sticky [103], which means that once such dis(mis)information is seen and believed, it is difficult to
correct [81]. If vaccine dis(mis)information (i.e., antivaccine content) is effective, people who are
connected to more vaccine opponents than proponents are the most likely to be persuaded to not vaccinate
their children. We propose that the more fair, accountable, and transparent users perceive the Facebook
newsfeed algorithm to be, the more likely users who have been exposed mainly to antivaccination content
will be to (1) have a negative attitude toward vaccines and (2) believe their Facebook social connections
hold antivaccination descriptive and injunctive social norms. We expect that as users’ negative attitudes
toward vaccination increase and perceptions of Facebook antivaccination descriptive and injunctive norms
increase, users’ intention to vaccinate their children will decrease.

2.1 The Theory of Planned Behavior (TPB)

We leverage the TPB in our model of vaccine hesitancy because it is “one of the most influential theories

in explaining and predicting behavior” [101, p. 117]. We suggest that the TPB’s focus on attitude, beliefs,



Figure 1. Conceptual Model of FAT Extension of TPB for Vaccine Hesitancy
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intentions, and social norms, which are natural factors of healthcare decisions, make it particularly useful
in explaining vaccine hesitancy. The TPB has been demonstrated to be a valuable theoretical framework
for studying a variety of health-related behaviors (e.g., exercise, drug consumption); for reviews, see Downs
and Hausenblas [34] and McEachan et al. [90]. Researchers have used the TPB to study intention to
vaccinate for human papilloma virus (HPV) [e.g., 10, 18, 78] and influenza [e.g., 2, 28, 48], and intention
to vaccinate children [e.g., 35, 62, 129].

The TPB proposes that behavior can be predicted by understanding the different beliefs and attitudes
that shape behavioral intention: the individual’s readiness to perform a determined behavior [45]. The TPB
builds on the premise that “the stronger the intention to engage in a behavior, the more likely should be its
performance” [3, p. 181]. It proposes that attitudes, norms, and perceived behavioral control shape
behavioral intention. Attitude is a personal “latent disposition or tendency to respond with some degree of
favorableness or unfavorableness” [45, p. 76] toward an attitudinal object (e.g., object or behavior). A norm
is a “specific behavioral prescription or proscription attributed to a generalized social agent” [45, p. 131].
The TPB originally proposed the concept of subjective norm, which indicates whether a person believes
important others think they should or should not perform a behavior. However, Fishbein and Ajzen [45, p.
131] maintained “that normative prescriptions represent only one source of perceived normative pressure”

and that “in addition to believing that particular individuals do or do not want us to perform a given



behavior, we may also experience normative pressure because we believe that important others are
themselves performing or not performing the behavior in question.” Cialdini et al. [23] termed the former
“injunctive norms” and the latter “descriptive norms.” Injunctive norms are what a person believes the
referent group (e.g., Facebook social connections) thinks they should do with respect to a particular
behavior (e.g., not vaccinating their children). By contrast, descriptive norms are what a person believes
the referent group is actually doing with respect to the behavior (e.g., their Facebook social connections are
actually declining to vaccinate their children). We examine both injunctive and descriptive norms because
they have been shown to be distinct in other health-related activities [100]. Perceived behavioral control
captures “the degree to which an individual actually has control over performing the behavior” [45, p. 64].

The TPB proposes that the more negative an individual’s attitude toward a behavior, the less likely the
individual will be to perform it. Therefore, people who have a negative attitude toward vaccination will be
less likely to vaccinate their children. Perceptions that a behavior is normative will increase the likelihood
that people will perform it. Specifically, if vaccine dis(mis)information is effective, people who believe
their Facebook social connections think they should not vaccinate their children (an antivaccination
injunctive norm) and who believe their Facebook social connections are not vaccinating their own children
(an antivaccination descriptive norm) will be less likely to vaccinate their own children. Finally, the TPB
proposes that the more control individuals feel they have over the performance of the behavior, the more
likely they will be to perform it. It is unlikely that disinformation will have a significant influence on
parents’ perceived control over their children’s vaccination, thus we retain this TPB factor as a control
variable in our model. We do not hypothesize any associations between it and the FAT perceptions.. Our
study extends the TPB to examine the influence of FAT perceptions of the Facebook newsfeed algorithm
on behavioral intention to vaccinate one’s children, and we propose that these relationships are mediated
by the individual’s negative attitude toward vaccination and perceived Facebook antivaccination
descriptive and injunctive norms.

2.2 Fairness, Accountability, and Awareness (FAT)

Al algorithms increasingly make decisions for people online, from determining what products they might



like to purchase (i.e., recommender systems) to curating the content they see in their social media newsfeeds
[32, 113]. How these algorithms make such decisions is often poorly understood by the users whose
decisions the algorithms influence. As Al and analytics continue to shape society, it is important to evaluate
what users know about how these algorithms influence their lives and whether that understanding, or the
lack thereof, shapes people’s behaviors. Shin and Park [113] argued that it is important to conceptualize
algorithms as sociotechnical systems, that is, to view both the social and technical aspects of a technology
as essential characteristics of the technology. They adapted FAT to study how users’ perceptions of an
algorithm influence algorithmic satisfaction. In the face of accusations of algorithmic bias in the media,
FAT! has become a popular set of principles for assessing Al [1, 36]. We follow this approach to examine
how users’ FAT perceptions of Facebook’s newsfeed algorithm contribute to vaccine hesitancy.

In 2014, a paper demonstrated how scientists at Facebook had manipulated people’s Facebook
newsfeeds to expose some people to more emotionally positive and others to more emotionally negative
content [77]. The findings of the study demonstrated that people’s emotions could be manipulated by
tweaking the newsfeed algorithm. The study showed that on online social networks, “emotional states can
be transferred to others via emotional contagion, leading people to experience the same emotions without
their awareness” [77, p. 1]. This study received a great deal of media attention [e.g., 92, 93], arguably
because it provided evidence that people can be manipulated by the design of an algorithm. As one reporter
said of the experiment, “It was probably legal. But was it ethical?” [93, p. 1]. The capacity of Facebook’s
newsfeed algorithm to be so powerfully manipulative does pose questions about “social and ethical issues
arising from the algorithmic society” [113, p. 278].

It is critical to understand how users view the algorithms that make decisions for them, such as newsfeed
algorithms or recommender systems. Shin and Park [ 113] proposed that people’s perceptions of algorithmic
FAT could be measured and used to predict their satisfaction with the algorithm. Algorithmic fairness
means that the logic the algorithm uses to make decisions is fair, just, accurate, unbiased, and
nondiscriminatory [113, 133]. The issue of fairness in Al has arisen frequently as businesses and

governments have increasingly adopted Al tools. For example, there has been controversy over the fairness



of Al used to determine jail sentences [55] and whom to hire [30] and of Al used for identification [85].
Moreover, it was recently demonstrated that Twitter’s algorithm expresses a racial bias in the photos it
prioritizes [44].

Algorithmic accountability is the ability to hold an entity responsible for the quality of the decisions
made by its algorithms [32, 68, 113]. There has been much debate over accountability in social media,
specifically over whom should be held accountable for disinformation [e.g., 111]. It is often argued that
algorithmic transparency is a precursor to determining accountability—that it is necessary to understand
how an algorithm works before blame can be assigned for its failures [5, 32, 68]. Ananny and Crawford [5,
p. 974] suggested that “rather than privileging a type of accountability that needs to look inside systems,”
we should “instead hold systems accountable by looking across them—seeing them as sociotechnical
systems that do not contain complexity but enact complexity by connecting to and intertwining with
assemblages of humans and non-humans.” Algorithmic transparency is thus a user’s understanding of how
an algorithm works or what they think they know about how the algorithm makes decisions.

2.3 Fairness, Accountability, and Transparency (FAT) and the TPB Factors

In the following subsections, we hypothesize the relationships between users’ FAT perceptions of the
Facebook newsfeed algorithm, their negative attitudes toward vaccination and perceptions of Facebook
antivaccination descriptive and injunctive norms, and their intentions to vaccinate their children.

2.3.1 Fairness and Dis(mis)information Exposure

Perceptions of fairness have been found to affect attitudes in a variety of contexts. For example, one study
developed a TPB model to examine users’ intention to comply with information security policies and found
that the perceived fairness of an information security policy increased users’ positive attitudes toward
compliance with the policy [13]. In another study, consumers’ attitudes toward sellers were found to be
better when consumers perceived that the sellers adhered to fair rules for pricing [89]. Research has also
shown that procedural justice, which is “the perceived fairness of the procedures used to determine
outcomes [84]” [42, p. 163], played an important role in employee attitudes toward a company that was

conducting drug tests [75]. They found that procedural justice predicted attitudes better than did outcome
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fairness. Organizational research has found that fair resource allocation and fair procedures are important
predictors of attitudes toward management and organizations [76]. Research has thus determined that
perceiving the logic of a policy or request to be fair will result in better attitudes toward what the individual
is asked to do (e.g., comply with the policy).

The concept of algorithmic fairness is linked to the concept of procedural justice. The logic a computer
algorithm uses to determine its behavior is analogous to the procedures companies or people follow to
determine their behaviors. Content that is perceived as the result of a biased (i.e., unfair) algorithm is likely
to be taken less seriously and will thus be less likely to influence the user’s attitude toward the behavior
(e.g., not vaccinating children) the content recommends. Focusing on users who have been exposed to
vaccine dis(mis)information on Facebook, we propose that individuals’ attitudes toward vaccination will
be more susceptible to dis(mis)information when they feel the newsfeed algorithm’s logic is fair in how it
determines what content is shown to users. Therefore, Facebook users who have been exposed to
antivaccination content by an algorithm employing logic that has been deemed fair regarding how it
determines the content displayed to the user may hold a negative attitude toward vaccination.

H1a. The perception of users exposed to vaccine-dis(mis)information that the logic used by Facebook’s

newsfeed algorithm to determine the content displayed is fair is positively associated with a negative

attitude toward vaccination.

Researchers have linked fairness (i.e., justice) to norms in a TPB model of digital piracy, finding that
the more unfair piracy was perceived to be, the less likely individuals were to believe that important others
thought they should engage in piracy [134]. Notably, research has found that social norms can mediate the
relationship between perceived fairness and behavior. Specifically, Lin et al. [83] found that perceptions of
procedural justice influenced cooperative norms, which in turn influenced individual helping behaviors.
The authors reasoned that the climate of fairness in organizations (i.e., the belief that employees are treated
justly) nurtures the cooperative norm and stimulates helping behaviors.

It has been argued that “social media platforms can be effective in facilitating new norms that encourage
or discourage risk taking” [63, p. €52]. Research has found that social norms on Facebook (e.g., for sharing

content) are learned by watching what others on the social media site do [15, 91]. In one study, students
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reported smoking more when exposed to pictures of their friends engaging in risky behavior on social media
[63]. Users who feel the Facebook newsfeed algorithm is fair in determining what content it displays, and
who have been exposed to antivaccination content from their social connections, may believe that those
social connections think people should not vaccinate their children (injunctive norms) and to believe that
those connections do not vaccinate their own children (descriptive norms).
H1b. The perception of users exposed to vaccine-dis(mis)information users that the logic used by
Facebook’s newsfeed algorithm to determine the content displayed is fair is positively associated with
the perception that their Facebook social connections hold antivaccination descriptive and injunctive

norms.

2.3.2 Accountability and Dis(mis)information Exposure

Algorithmic accountability has become an increasingly important topic because algorithms have become
integral to society. Much has been made of Facebook’s newsfeed algorithm’s potential to influence the
democratic process, but everyday phenomena, such as how much one pays for products on Amazon or for
a ride on Uber (i.e., dynamic pricing), are also subject to algorithmic decisions [22, 31, 32, 38, 121].
Algorithms influence people’s lives, but research has suggested that people are largely unaware of this
influence [54, 106, 108]. For example, in a study of college students, Powers [106] found that most of them
were unaware that Google and Facebook tracked people’s use or personalized content. The opacity of
algorithms combined with limited human input into the decisions they make has led to calls for and
discussions about algorithmic governance to address and protect society from algorithmic decisions that
are inaccurate or unfair [29, 32]. Algorithmic accountability is the user’s perception that some entity (e.g.,
the company that created and uses the algorithm) can be held to account if an algorithm makes irresponsible,
inaccurate, or inequitable decisions [29, 32, 113].

Some studies have examined the influence of accountability mechanisms on attitudes. For example,
awareness of the consequences of prosocial action has been shown to bolster positive attitudes toward
environmentally friendly practices [109]. Perceived consequences of using m-commerce applications have
also been shown to increase positive attitudes toward their use [69]. Ascription of responsibility has been

demonstrated to positively influence attitude toward energy-saving practices [ 128]. These studies show that
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consequences can affect decision-makers’ attitudes toward behaviors. Privacy and security researchers have
found that institutional factors can influence people’s perceptions of privacy and trust. For example,
institutional assurances—mechanisms that can be used to hold a business accountable—have been shown
to build trust, which can in turn encourage the use of e-commerce websites [46]. Similarly, the perceived
effectiveness of privacy policies has been found to reduce consumers’ perceptions of privacy risk [132].
Together, these studies suggest users who believe Facebook can be held accountable if their newsfeed
algorithm makes inaccurate, irresponsible, or inequitable decisions about the content it shows have less
reason to ignore or doubt the antivaccination content to which they have been exposed.

H2a. The perception of users exposed to vaccine-dis(mis)information that Facebook can be held

accountable for the content-display decisions made by its newsfeed algorithm is positively associated
with a negative attitude toward vaccination.

Perceptions of shared responsibility have been linked to individuals perceiving a sharing social norm
[82]. In another study, ascription of responsibility for a prosocial behavior (i.e., responsibility for the
negative outcomes others experience as a result of not implementing a behavior) has been found to have a
positive influence on one’s personal norms for environmentally-friendly behavior [128]. Governmental
influence has been shown to positively influence subjective norms in an electronic-health-record-adoption
context [60]. Organizational formalization, which provides information about what behaviors are valuable
to an organization, has been found to positively influence subjective norms [59]. Physicians are accountable
for their advice they give, and their recommendations have been demonstrated to positively influence
vaccination norms [47]. These findings suggest that accountability mechanisms can be used to encourage
the development of norms to ascribe preferred behaviors.

Injunctive social norms represent what is considered the preferred opinion or behavior of a particular
group of people [14], and descriptive norms represent what members of the group are actually seen to do
[23]. People need to understand what the social norms of a group are, and on Facebook this is accomplished
by viewing the sentiments of, or the actions described in the content posted by, the group (e.g., Facebook
social connections) regarding a behavior (e.g., positive or negative posts about vaccinations). It makes sense

that when Facebook users are exposed to more antivaccination than pro-vaccination content, they will get
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the impression that their Facebook social connections have an antivaccination injunctive norm. A user
would perceive their Facebook social connections to have an antivaccination descriptive norm if their
connections post about their choices not to vaccinate their own children or family members. Research has
shown that people will accept the consensus opinion (e.g., product evaluation) when the uniformity of the
individual opinions is high [25]. Users who perceive that Facebook can be held accountable for the content-
display decisions made by its algorithm have no reason to believe the antivaccination social media content
they are exposed to is biased. Thus, users who see vaccine-dis(mis)information on Facebook and believe-
that Facebook will be accountable if its algorithm releases inaccurate or irresponsible vaccine information,
may believe that their Facebook social connections hold antivaccination descriptive and injunctive social
norms.

H2b. The perception of users exposed to vaccine-dis(mis)information that Facebook can be held

accountable for the content-display decisions made by its newsfeed algorithm is positively associated

with the perception that their Facebook social connections hold antivaccination descriptive and

injunctive norms.

2.3.3 Transparency and Dis(mis)information Exposure

Algorithmic transparency can be defined as the user’s understanding of an algorithm’s inner workings, its
motives, and the characteristics that drive its decisions [33, 127]. Facebook users report that although they
know the newsfeed algorithm is attempting to show them relevant content, they are uncertain about how
this is accomplished [108], which suggests that Facebook’s newsfeed algorithm lacks transparency.
However, transparency can have a positive effect on attitudes. For example, awareness of information
security policies has been found to positively influence attitudes toward them [13]. Recognizing covert
online advertising as such can give consumers a negative attitude toward the ad and brand, but being
transparent about the sponsorship of such ads can mitigate this negative effect [39, 40]. Perceived
information transparency has also been shown to increase positive attitudes toward information system use
[4] and positive attitudes toward socially responsible companies [67]. These results suggest that when
people feel they are given enough information to understand the situation, their attitude toward the desired

behavior improves.
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Perceived transparency strengthens trust in algorithms [98, 127]. Users think they understand how
transparent algorithms arrive at decisions (e.g., what content they are shown) and thus might be less likely
to question the credibility of dis(mis)information. An algorithm bestowed with professional status is
perceived as credible, and users are apt to follow its advice [51]. Research on recommendation systems has
found that users feel more confident about recommendations provided by a transparent algorithm [115]. In
our context, the newsfeed algorithm is not creating the advice—it is curating advice from others. Users who
have some understanding of how the Facebook newsfeed algorithm works can make choices (e.g., engage
with content) that affect what content it shows them [6], which means that informed users can make choices
that may reduce the antivaccine content they see. However, high algorithmic transparency means users will
think they fully understand why they see the content they see, and that may create the illusion that they are
in complete control over it. Thus, users who receive vaccine dis(mis)information users who perceive
Facebook’s newsfeed algorithm as transparent may manifest a negative attitude toward vaccination.

H3a. The perception of users exposed to vaccine-dis(mis)information that Facebook’s newsfeed

algorithm makes content-display decisions in a fransparent manner is positively associated with a

negative attitude toward vaccination.

Learning the social norms in a virtual community requires observation of other people’s actions and
the consequences of those actions [70]. Gunawan and Huarng [52] examined the influence of social media
interaction on subjective norms in the context of purchasing. In their study, social interaction is composed
of two components: social integration, which is the social network connections’ transparency about
themselves, and social influence, which is the social pressure exerted; the authors suggested that both
influence subjective norms. Social influencers are thought to create social norms that drive purchasing on
social media [97]. Similarly, sources of antivaccination information can serve as social media influencers
and drive the perception that a person’s Facebook social connections hold antivaccination descriptive and
injunctive norms.

A descriptive social norm describes what others actually do (e.g., cheat), whereas an injunctive social
norm describes the perception of what others think a person should do (e.g., not cheat) [80]. Research has

found that when people know others are cheating (i.e., the descriptive norm is to cheat), major rule
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violations increase [86]. This indicates that seeing whether others are vaccinating their children may be
critical to increasing antivaccination behavior. Facebook’s newsfeed algorithm determines the content its
users see, and if users believe the algorithm is transparent, then they will think they understand how it works
and can take steps to adapt the content they see (e.g., engage with content they agree with). Moreover,
research has suggested that social media can be used to facilitate the development of social norms [63].
Thus, users who receive vaccine dis(mis)information who believe Facebook’s newsfeed algorithm is
transparent may think their Facebook social connections hold antivaccination descriptive and injunctive
norms.

H3b. The perception of users exposed to vaccine-dis(mis)information that Facebook’s newsfeed

algorithm makes content-display decisions in a fransparent manner is positively associated with the

perception that their Facebook social connections hold antivaccination descriptive and injunctive
norms.

2.4 Users’ Intentions to Vaccinate Who are Exposed to FAT and Dis(mis)information

Researchers have found that perceived fairness can positively affect intentions to comply with tax
regulations [65]. People who feel the tax system is unfair are more likely to rationalize not paying their
taxes. It has been noted that when people feel disadvantaged, they may be more likely to intend to participate
in activities that promote their values [125, 138]. Perceived unfairness has been found to decrease the
intention of employees to participate in professional development activities, with the reasoning being that
unfair procedures signal disrespect which motivates uncooperativeness [138]. Similarly, we posit that users
who believe the newsfeed algorithm’s logic is unfair in its content-display decisions have a reason to ignore
or discount the vaccine dis(mis)information they see on Facebook. Dis(mis)information propagated by an
algorithm perceived as fair about its content-display decisions is thus likely to be followed.

H4a. The perception of users exposed to vaccine-dis(mis)information that the logic used by Facebook’s

newsfeed algorithm to determine the content displayed is fair is negatively associated with their

intentions to vaccinate their children.

A study of software agents (i.e., algorithms that support decision-making) found, contrary to

expectations, that as perceived accountability increased, individuals were more likely to delegate decisions

to the software agent [119]. The authors argued that deferring to the software agent’s decision enables
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people to shift blame and responsibility to the technology. Accountability has been associated with intention
to comply with recommended behaviors [122, 123]. In such cases, mechanisms to hold an individual
accountable can reduce unethical behaviors [9]. Similar logic has been applied to behavioral adherence:
accountability can encourage people to continue performing healthy behaviors [95]. Organizational
commitment has also been demonstrated to increase compliance intentions [58, 105], which suggests that
a behavior can be induced by demonstrating that it is valued. These results suggest that people are more
comfortable performing recommended behaviors when they feel those behaviors are valued and that some
entity will be held accountable for bad advice. Hence, users who receive vaccine dis(mis)information who
perceive that Facebook can be held accountable for its newsfeed algorithm making accurate, responsible,
and equitable decisions about the content shown may be less likely to vaccinate their children.

H4b. The perception of users exposed to vaccine-dis(mis)information that Facebook can be held

accountable for the content-display decisions made by its newsfeed algorithm is negatively associated

with their intentions to vaccinate their children.

Employees who are provided with sufficient information have been found to report stronger intentions
to perform change-supportive behaviors [66], which indicates that feeling more informed can increase
behavioral intention. Sponsorship transparency can mitigate the negative effects of advertising and can even
result in positive consumer intentions and responses [17]. Information transparency has been found to
positively affect consumers’ purchasing intention [136]. These results suggest that when users feel informed
about a behavior, they are more likely to perform that behavior. Feeling confident that they understand how
Facebook’s newsfeed algorithm works gives users the illusion of choice over the content they see, which
gives them less reason to question that content and more reason to follow the advice not to vaccinate their
children. Therefore, users who receive vaccine dis(mis)information who think they understand how the
Facebook newsfeed algorithm makes content-display decisions may be less to vaccinate their children.

H4c. The perception of users exposed to vaccine-dis(mis)information that Facebook’s newsfeed

algorithm makes content-display decisions in a transparent manner is negatively associated with their

intentions to vaccinate their children.

2.5 Perceptions of Facebook Norms and Intentions to Vaccinate

The TPB has been employed to examine a variety of behaviors, including vaccination. Pro-vaccination
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social norms and positive attitudes toward vaccination have been found to increase the intention to vaccinate
[10, 47]. These findings suggest that users exposed to dis(mis)information with negative attitudes toward
vaccination and who believe their Facebook social connections hold antivaccination injunctive and
descriptive norms may be unlikely to intend to vaccinate their children. Attitude and norms have also been
found to reliably predict a variety of health- and compliance-related behavioral intentions, such as the use
of electronic health records or compliance with security policy [e.g., 60, 61, 134]. In this study, we are
concerned with people who are exposed to vaccine dis(mis)information on Facebook. If vaccine
dis(mis)information is effective, then exposed users will have negative attitudes toward vaccination and
perceive that their Facebook connections hold antivaccination descriptive and injunctive norms, which will
decrease parents’ intentions to vaccinate their children. Research has shown that social media participation
can result in offline engagement [26], which suggests that attitudes and beliefs formed from social media
content can influence intention to perform offline behaviors.

We follow the TPB literature to propose the following relationships. First, a negative attitude toward
vaccination held by parents who receive dis(mis)information is likely to decrease their intention to
vaccinate their children. Second, “people tend to conform to what other people do” [14, p. 2], which means
that users exposed to dis(mis)information who perceive that their Facebook social connections hold
antivaccination descriptive and injunctive norms may be unlikely to intend to vaccinate their children.

HS5a. Negative attitudes toward vaccination by users exposed to vaccine-dis(mis)information will be
negatively associated with their intentions to vaccinate their children.

HS5b. The antivaccination descriptive and injunctive norms of the Facebook social connections of users

exposed to vaccine-dis(mis)information will be negatively associated with their intentions to vaccinate
their children.

3. Methods and Analysis

In this section, we describe the development of our scales and the pre-analysis we performed to assess the
scale validity and reliability. We then describe our survey administration and the statistical analysis we

performed to test our hypotheses.
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3.1 Scale Development and Data Collection

We constructed our survey using preexisting scales that we adapted to our context. The scales and their
sources are presented in Table A.2 of Appendix A. After the scales were adapted to our context, we
presented the items to two survey experts, who were asked to evaluate them for readability and content
validity. The use of an expert panel for survey refinement reduces the likelihood of common method bias
[104]. The survey was developed in Qualtrics™ to administer it online, and the items in the online survey
were presented to the participants in randomized order, which also decreases the likelihood of common
method bias. To collect data, we recruited participants on Amazon Mechanical Turk (MTurk), a
crowdsourcing platform used in IS and behavioral research [87, 118]. Crowdsourcing platforms provide
access to more diverse demographic samples than other traditional options (e.g., students) and satisfactory
data quality as long as researchers follow recommend procedures [12, 87]. Data obtained from US
participants on crowdsourcing platforms have properties similar to data obtained from students and
consumer panels [118]. To ensure the quality of our responses, we followed the practices for using MTurk
recommended in the literature, which include paying a small fee for responses, recruiting only US
participants, and providing anonymity to the participants to encourage unbiased and honest answers [87,
118].

The desired sample for this study included parents who had been exposed to vaccine
dis(mis)information on Facebook. As recommended, we used MTurk’s recruitment filter to restrict
participation to the US. We also implemented a set of filters to determine whether participants met our
sample criteria. To comply with institutional requirements, we asked participants to confirm that they were
at least 18 years old. Participants were then asked to confirm that they had at least one social connection on
Facebook who had posted about childhood vaccinations; the survey logic filtered out those who answered
in the negative. The next set of filters confirmed that the participants had more Facebook social connections
who posted concerns or problems with childhood vaccinations than connections who posted positive
information. Finally, participants were asked to confirm whether they were parents or were expecting a

child.
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We ran a pilot study to test the scales by collecting 150 usable responses from MTurk. The pilot study
resulted in an acceptable factor structure, indicating that we could proceed with a full data collection. Of
those participants who started the survey, two were filtered out for not being at least 18 years of age, and
257 were filtered out because they reported not being exposed to information or comments about childhood
vaccinations on Facebook. We checked that the participants had more social connections who posted
negative content about childhood vaccinations than connections who posted positive content, and 262
potential participants were filtered out for not satisfying this criterion. Finally, 250 potential participants
were filtered out for failing to confirm they had, or were currently expecting, children. To further ensure
the quality of our data, we included attention traps, which encourage participants to be cognitively engaged
in the survey [99]. Attention trap items filter out those participants who do not correctly answer them; for
example, an attention trap may ask the participant to “select ‘disagree’ for this question.” There were 46
participants who did not pass the first attention trap and 14 who did not pass the second. After incomplete
and invalid responses were discarded, the final sample size was n = 505. There were 294 male and 211
female participants in the final sample, the other demographics are presented in Table 1.

Table 1. Sample Demographics (n = 505)

Age distribution Education Number of Facebook friends
18-20 yrs. 5 High school or less 17 0-50 12
21-25 yrs. 50 Some college 46 51-100 52
26-30 yrs. 121 | Four-year college degree 284 | 101-200 100
31-35 yrs. 109 | Master’s degree 153 | 201-300 112
3640 yrs. 63 Doctorate/law/medical degree 5 301-500 92
41-50 yrs. 81 501-700 66
51+ yrs. 76 701-1000 32
1001+ 39
Number of children Employment Number of Facebook antivaccination
social connections
1 252 | Not Employed 9 1-5 97
2 192 | Employed part-time 47 6-10 116
3 24 Employed full-time 449 | 1120 142
4+ 37 21-30 80
31-40 33
41+ 27

3.2 Model Specification and Testing
We performed partial least squares (PLS) path modeling using SmartPLS 4 to test our structural model [53,

110]. In doing so, we followed key guidelines for employing PLS in behavioral research [53, 88, 102, 120].
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First, we conducted extensive pre-analysis and data validation, which are outlined in Appendix B.
Specifically, we established the factorial validity and reliability of our scales. We ran two statistical tests to
rule out common method bias issues, in addition to the steps we took in the research design to mitigate its
likelihood. Finally, we confirmed that multicollinearity was not an issue. Our analysis indicates that the
model meets the rigorous validation standards necessary for PLS-based analysis [21, 53, 88, 102].

Our model has three reflective exogenous variables that correspond to users’ perceptions of the fairness,
accountability, and transparency of the Facebook newsfeed algorithm. The reflective mediating variables
are negative attitude toward vaccination and Facebook antivaccination descriptive and injunctive norms.
The dependent variable is intention to vaccinate. The structural model results, including the R-squared
values, are shown in Figure 2. Table 2 presents the path coefficients and p-values for each tested
relationship.

Figure 2. Model Results for FAT Extension of TPB for Vaccine Hesitancy
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Table 2. Detailed Results of Tested Hypotheses and Control Variables
Tested hypothesis/path B t-statistic Support
Hla: Fairness = Negative attitude toward vaccination 0.319 4.257*** Yes
H1b: Fairness = Facebook antivaccination descriptive/injunctive norms | -0.251 3.021** No
-0.251 2.351%*
H2a: Accountability = Negative attitude toward vaccination (-0.026) | 0.442 (n/s) | No
H2b: Accountability = Facebook antivaccination descriptive/injunctive | (-0.253) | 4.261%** No
norms (-0.255) | 4.185***
H3a: Transparency = Negative attitude toward vaccination 0.248 3.258** Yes
H3b: Transparency = Facebook antivaccination descriptive/injunctive (-0.226) | 2.646** No
norms (-0.206) | 2.110%*
H4a: Fairness = Intention to vaccinate 0.009 0.108 (n/s) | No
H4b: Accountability = Intention to vaccinate 0.022 0.401 (n/s) | No
H4c: Transparency = Intention to vaccinate 0.012 0.185(n/s) | No
H5a: Negative attitude toward vaccination = Intention to vaccinate (-0.332) | 7.073%** Yes
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H5b: Facebook antivaccination descriptive/injunctive norms = Intention | (-0.274) | 3.960%**

to vaccinate’ (-0.290) | 4.270*** Yes
Controls

Perceived behavioral control = Intention to vaccinate 0.260 4.191%** Yes

Gender = Intention to vaccinate 0.024 0.426 (n/s) | No

Age = Intention to vaccinate 0.065 2.414%* Yes

Education = Intention to vaccinate 0.040 1.261 (n/s) | No

Employment = Intention to vaccinate 0.034 0.855 (n/s) | No

Number of Facebook antivaccination social connections = Intention to

vaccinate (-0.017) | 0.534 (n/s) | No

Number of Facebook friends = Intention to vaccinate (-0.023) | 0.697 (n/s) | No

Number of children = Intention to vaccinate 0.001 0.009 (n/s) | No

*** p<0.001, ** p <0.01, * p < 0.05, n/s = not significant.

3.3 Moderation Testing

We proposed that negative attitude toward vaccination and Facebook antivaccination descriptive and
injunctive norms would mediate the relationship between users’ perceptions of the Facebook newsfeed
algorithm and their intention to vaccinate. To test for mediation, we used the bootstrapping method [56,
114, 123]. This method has advantages over the traditional Baron and Kenny [8] and Sobel [116] methods,
including greater statistical power, not assuming a normal distribution, and allowing for direct measurement
of the mediating effects. The results of the bootstrapping test are presented in Table 3.

Table 3. Bootstrapped Confidence Interval Tests for Mediation Model

Mediation test (ab) (indirect Full/partial mediation test
effects) (¢ Type of

Proposed Proposed mediation
relationship mediator | 5% 95% Include | 2.5% 97.5% Include | relationship

lower upper | zero? lower upper zero?

bound bound bound | bound
F-Att-Int Att -0.159 | -0.053 | No -0.167 0.169 | Yes Full
F-DN-Int DN 0.021 0.119 | No -0.167 0.169 | Yes Full
F-IN-Int IN 0.005 0.157 | No -0.167 0.169 | Yes Full
A-Att-Int Att -0.030 0.046 | Yes -0.082 0.142 | Yes None
A-DN-Int DN 0.026 0.121 | No -0.082 0.142 | Yes Full
A-IN-Int IN 0.031 0.123 | No -0.082 0.142 | Yes Full
T-Att-Int Att -0.138 | -0.028 | No -0.113 0.144 | Yes Full
T-DN-Int DN 0.012 0.135 | No -0.113 0.144 | Yes Full
T-IN-Int IN 0.005 0.124 | No -0.113 0.144 | Yes Full

F = fairness; A = accountability; T = transparency; Att = negative attitude toward vaccination; DN/IN =
antivaccination descriptive/injunctive norms; Int = intention to vaccinate

4. Discussion

Our results, summarized in Table 4, show that users’ FAT perceptions do influence attitudes toward
vaccination and the perceptions of vaccination descriptive and injunctive norms held by users’ Facebook

social connections. However, not all the associations were significant or in the expected direction, which
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indicates that the influence of FAT on the vaccine attitudes and beliefs of users exposed to
dis(mis)information is more nuanced than anticipated. Overall, our findings demonstrate the importance of
educating the public about newsfeed algorithms and how they make content-display decisions, because
such education could support efforts to combat vaccine dis(mis)information on social media.

Table 4. Summary of Results

Hypothesis Support?

H1a. Newsfeed algorithm is fair = negative attitude toward vaccination. Yes

H1b. Newsfeed algorithm is fair > antivaccination descriptive/injunctive No, negative and significant

norms. association

H2a. Facebook is accountable = negative attitude toward vaccination. No, not significant

H2b. Facebook is accountable = antivaccination descriptive/injunctive norms. | No, negative and significant
association

H3a. Newsfeed algorithm is transparent = negative attitude toward Yes

vaccination.

H3b. Newsfeed algorithm is transparent = antivaccination descriptive and No, negative and significant

injunctive norms. association

H4a. Newsfeed algorithm is fair - negative association with intention to No direct association, but fully

vaccinate. mediated by TPB factors

H4b. Facebook is accountable > negative association with intention to No direct association, but fully

vaccinate. mediated by TPB factors

H4c. Newsfeed algorithm is transparent = negative association with intention | No direct association, but fully

to vaccinate. mediated by TPB factors

H5a. Negative attitude toward vaccination = negative association with Yes

intention to vaccinate.

H5b. Antivaccination descriptive/injunctive norms > negative association Yes

with intention to vaccinate.

The perception of users who receive vaccine dis(mis)information that the logic used by Facebook’s
newsfeed algorithm is fair is positively associated with a negative attitude toward vaccination. We also find
that negative attitudes toward vaccination is negatively associated with parents’ intentions to vaccinate their
children. These findings suggest that vaccine dis(mis)information may be effective in turning people against
vaccinating their children when that dis(mis)information is displayed by a newsfeed algorithm that users
believe employs fair logic. One implication of this result is that vaccine dis(mis)information can be
persuasive and that its proliferation on social media by newsfeed algorithms that prioritize engaging content
may be exacerbating the problem.

Conversely, we find that the perception of users who receive vaccine dis(mis)information that the logic
used by Facebook’s newsfeed algorithm is fair is negatively associated with the belief that their Facebook

social connections hold antivaccination descriptive and injunctive norms, contrary to our expectations. This
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finding suggests that even if the newsfeed algorithm is perceived as fair, users are unwilling to assign
antivaccination norms to their social connections on Facebook, even when more of their social connections
are vaccine opponents as opposed to vaccine proponents. One explanation may be that people holding
antivaccination beliefs are more vocal about those beliefs than those holding pro-vaccination beliefs [79,
131]; thus, Facebook users may believe that they are not seeing pro-vaccination content in their newsfeed
because their social connections who are proponents of vaccination are unlikely to post about it, rather than
attributing it to an unfair algorithm. Consequently, Facebook users who see more antivaccination content
than pro-vaccination content, and perceive the newsfeed algorithm to be fair, may still not believe their
social connections have antivaccination social norms on a whole because they interpret the silence of their
other social connections to be in support of vaccination.

Moreover, Facebook users typically have several social connections that are known to them offline [37]
and thus may have evidence from offline conversations about the pro-vaccination beliefs of some of their
online social connections. The number of strong antivaccination proponents is small [50], and thus
Facebook users may attribute antivaccination norms only to the vocal minority of their social connections.
However, belief that one’s social connections hold antivaccination descriptive and injunctive norms is
negatively associated with the intention to vaccinate one’s children. This suggests that when Facebook users
find themselves in an echo chamber where antivaccination beliefs is the norm, this could potentially reduce
vaccination intentions. A possible positive interpretation of these results is that vocal antivaccination users
may not be influential at persuading others to believe their views are the majority views. However, if such
antivaccination users are successful at convincing others that they hold majority views, it could decrease
vaccinations.

Contrasting these two findings 1is significant because together they demonstrate that
dis(mis)information displayed by a newsfeed algorithm perceived as fair may be effective in changing
attitudes but not in changing normative perceptions, and this has key implications for combating vaccine
dis(mis)information. Specifically, we find that users who receive vaccine dis(mis)information and perceive

that their Facebook social connections hold antivaccination descriptive and injunctive norms have
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decreased intention to vaccinate their children. This highlights the danger of social media users involved in
disinformation echo chambers. Our results show that when the newsfeed algorithm is perceived as fair,
even having more antivaccine than pro-vaccine Facebook social connections may not be enough to
convince users that the norms of the group are antivaccine. This means that techniques for countering echo
chambers, such as Google’s project that offers alternative views to extremist content [124] or modifying
the newsfeed algorithm to prioritize pro-vaccine content, may help prevent the perception of antivaccination
norms, which could help encourage vaccination. Our results suggest that in order for such techniques to be
maximally effective, it is important that the newsfeed algorithm is perceived as fair in the logic it uses. This
opens the possibility that techniques for decreasing the perception of antivaccination norms could be used
to counteract the damage of vaccine dis(mis)information, especially if future research determines that
normative social influence is stronger than persuasive dis(mis)information.

The relationship between the perceived accountability of Facebook for the content-display decisions its
algorithm makes and negative attitudes toward vaccination is nonsignificant. However, users exposed to
vaccine dis(mis)information who perceive that Facebook can be held accountable for the content-display
decisions made by its newsfeed algorithm are less likely to believe that their Facebook social connections
hold antivaccination descriptive and injunctive norms. Again, this was the opposite of our expectations.
This result similarly indicates that perceptions of accountability can help prevent the perception of
antivaccination norms and thus help mitigate the damage resulting from dis(mis)information.

Users who receive vaccine dis(mis)information who think they understand how the Facebook newsfeed
algorithm makes content-display decisions are more likely to have negative attitudes toward vaccination
but contrary to our expectations, are less likely to think their Facebook social connections hold
antivaccination descriptive and injunctive norms. These results suggest that the users who think they
understand why they are seeing the content they are seeing are more prone to developing negative attitudes
toward vaccination and thus less likely to intend to vaccinate their children. This finding is another
confirmation that vaccine dis(mis)information is pernicious and often convincing.

However, users are hesitant to assign antivaccination norms to their Facebook social connections even
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when they have been exposed to dis(mis)information and think they know how the algorithm decided to
show them the content they saw. One explanation is similar to the one provided above for the negative
relationship between fairness and antivaccination norms: users who receive vaccine dis(mis)information
who believe they understand how the algorithm works may be confident that, despite the antivaccination
content they see, the silent majority of their social connections are vaccine proponents. Again, this may be
a favorable result because despite exposure to antivaccination content, it may be difficult to convince users
who believe in the fairness, accountability, and transparency of the algorithm that antivaccination beliefs
of a vocal minority are the norm, which may have positive ramifications for childhood vaccinations,
especially if normative influence is powerful. These results reinforce the need to help users avoid echo
chambers through the use of an algorithm that users understand and perceive as fair. Our results also provide
justification for removing vaccine mis(dis)information, because even when users do not perceive their
entire social media community to be anti-vaxxers, exposure to mis(dis)information from an algorithm
perceived as fair and transparent can contribute to negative attitudes toward vaccination and thus decreased
intention to vaccinate.

4.1 Contributions to Research and Theory

Our study makes three primary contributions to research and theory. First, the newsfeed algorithm is the
key mechanism that determines what many social media users see. On Facebook and several other social
media platforms, such as TikTok, the algorithm is proprietary and how it works is largely unknown [57].
Because of the critical role social media is playing in shaping the dis(mis)information landscape, it is
important to begin a conversation about the way users perceive newsfeed algorithms. We draw on the FAT
principles [113] from the Al literature to examine users’ perceptions of the Facebook newsfeed algorithm.
In doing so, we contribute to the nascent IS literature on disinformation (i.e., “fake news”) [e.g., 24, 71, 72,
96, 135] by examining social media users’ perceptions of the algorithm that feeds the dis(mis)information
to them rather than their perceptions of the dis(mis)information itself. Moreover, we examine how these
perceptions can influence users’ intentions to perform an offline behavior—vaccinating their children.

Second, our study contributes to the IS literature on the persuasiveness of social media. Studies have
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investigated how social media content persuades people to, for example, make purchases and take political
action [e.g., 49, 73]. We take on another pernicious problem—vaccine hesitancy. Researchers have
investigated both advice generated by algorithms (e.g., recommender systems) and advice generated by
peers (e.g., reviews) [51]. Our context provides a unique mix of the two, because the advice (e.g.,
antivaccination content) may come from peers or algorithms (e.g., bots), but whether users see that advice
is determined by an algorithm. This makes it challenging for users to comprehend the biases that may be
implicitly a part of the algorithm’s logic, because Facebook users likely see engaging content (i.e., content
preferred by others in some way) rather than being exposed to the full conversation. Therefore, their
perception of the newsfeed algorithms’ FAT is critical to their interpretation of that content within the
broader social context.

Finally, our results confirm that negative attitudes toward vaccination and perceptions that one’s
Facebook social connections hold antivaccination norms can negatively influence intention to vaccinate.
However, our study extends this research on vaccine hesitancy to clarify the role the newsfeed algorithm
plays in this pernicious problem. Therefore, we examine the interaction between the technology and the
people who use it, contributing to the sociotechnical systems literature that takes this approach [e.g., 20,
74, 126]. We find that users’ FAT perceptions influence attitudes toward the behavior and normative beliefs
in different ways. One interpretation of our results is that users who believe the algorithm is fair and
transparent can be swayed by even a little exposure to antivaccination content. Perceptions that Facebook
social connections hold antivaccination norms is negatively associated with vaccination intentions, but FAT
perceptions decrease perceptions of antivaccination norms, which suggests that it is advisable to keep
people out of social media echo chambers in which antivaccination norms may be perceived and use a fair,
accountable, and transparent algorithm to serve content that reduces the appearance of antivaccination
norms. Our results thus show that FAT perceptions can influence attitudes and normative perceptions
differently and that dis(mis)information served by a fair, accountable, and transparent algorithm may be
effective without its message being perceived as the social norm. Our results indicate that because of the

complexities of the social and technical systems operating jointly to cause the problem, there may be
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multiple ways to combat disinformation by (1) better designing the newsfeed algorithms around the social
realities, (2) educating users about the purpose and functioning of newsfeed algorithms, and (3) giving users
more control over their newsfeeds.

4.2 Implications for Society and Practice

Our findings have two important implications for society and practice. First, it is critical for social media
companies to be more transparent about the logic of their newsfeed algorithms or, alternatively, to give
users more control over adapting the newsfeed algorithm’s display logic (e.g., prioritizing, snoozing,
blocking content). It is equally important to educate the public about what is and is not known about how
the algorithms work. These two steps are critical, because our results suggest that people are making
judgments about algorithmic FAT, and it would be preferable for them to make informed judgments.
Specifically, we show that FAT perceptions can influence attitudes and beliefs, and through these, intention
to vaccinate. Educating the public about how the algorithms make content-display decisions will thus allow
users exposed to dis(mis)information to make more informed judgements about the algorithm and thus
potentially temper the effectiveness of vaccine dis(mis)information.

Second, our results suggest that exposure to dis(mis)information by an algorithm deemed fair and
transparent, and for which it is thought the company can be held accountable, may not be enough for users
to assign antivaccination descriptive and injunctive norms to their Facebook social connections at large.
Especially if normative influence is powerful, this leaves open the possibility that keeping users out of
dis(mis)information echo chambers may be a way to minimize its effectiveness, because perceptions of
antivaccination norms may decrease intention to vaccinate and thus it is potentially useful to encourage
tactics that may discourage perceptions of antivaccination norms. Social media platforms may want to
consider tactics like those tested by Google, which involve adding counterpoints to vaccine
dis(mis)information to users’ newsfeeds [124] or prioritizing such counterpoint posts made by their friends,
so that dis(mis)information and verified truths are balanced. The reason for this may be less to convince the
users of truths versus untruths and more to preserve the appearance that an antivaccine norm does not

exist—that their social connections are not uniform in their opinions. Such techniques, combined with
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education, may provide ways to exert normative pressure or inform users about why they see the content
they see, which could be a less contentious approach than refuting actual vaccine dis(mis)information.

4.3 Limitations and Future Research

Our study is not without limitations, and these limitations point to opportunities to expand on our findings.
First, we conducted a cross-sectional study and surveyed Facebook users who have received vaccine
dis(mis)information. This method provided initial findings that demonstrate the associations between the
FAT perceptions, attitudes and beliefs, and intention to vaccinate. However, a follow-up study could
employ a qualitative method that could more deeply explore the connections between the technical—the
newsfeed algorithm—and the social—interactions in users’ social media communities and vaccine
behaviors.

Second, we chose to survey Facebook users who were connected to more antivaccine than pro-vaccine
content sharers. Our interest was in gaining initial insights into the role of FAT perceptions in the childhood-
vaccine-hesitancy problem. This study should be extended to examine particular groups of interest, such as
anti-vaxxers (e.g., dichard antivaccine advocates) or those opposed to specific vaccines (e.g., COVID-19).
Our findings indicate that the social dynamics at play in the disinformation ecosystem are important and
may have different properties than those that make the dis(mis)information itself effective. Future studies
could consider social dynamics along with technical mechanisms to examine ecosystems characterized by
more robust dis(mis)information.

Finally, we chose Facebook as our social media platform because of its prominence and the
characteristics of its newsfeed algorithm. The newsfeed algorithms of other social media platforms work
differently (e.g., Instagram), have different technical characteristics (e.g., SnapChat posts disappear), or are
tailored to particular segments of society (e.g., Parler). Our results show that to better combat
dis(mis)information, it is useful to develop a better understanding of how perceptions of the technical
components of social media platforms can contribute to human decision-making processes. Future research

should expand our study to explore different technological features and different social media platforms.
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5. Conclusion

This study examines the role of users’ FAT perceptions of the Facebook algorithm in the childhood-

vaccine-hesitancy problem spurred by dis(mis)information propagated on social media. We find that

perceptions of algorithmic fairness and transparency increase the likelihood that Facebook users who

receive dis(mis)information will have negative attitudes toward vaccination, which decrease intention to

vaccinate. Contrary to our expectations, algorithmic FAT perceptions decrease the likelihood that these

users will perceive that their Facebook social connections have antivaccination social norms, which

decreases intention to vaccinate. Our results thus suggest that methods for combatting vaccine

dis(mis)information may include technical remedies that decrease the prominence of dis(mis)information

but also that social remedies, such as educating the public about social media newsfeeds, may be advisable.
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Online Appendix A. Construct Definitions and Measurement Items

Table A.1. Construct Definitions

Construct (Source)

Definition

Perceived fairness of Facebook
algorithm (PFFA); adapted from
Kamdar et al. [13]

Users perceptions that the logic the Facebook newsfeed algorithm uses to
make content display decisions is fair and just [21, 25].

Accountability of Facebook
algorithm (AFA); adapted from
[24, p. 347]

Refers to users’ perceptions of the ability to hold some entity responsible for
the quality of the decisions made by the algorithm [7, 14, 21].

Transparency of Facebook
algorithm (TFAB); adapted from
Zhou et al. [26, p. 914]

Refers to users’ understandings of how the algorithm works, or how much
they think they know about how the algorithm makes decisions [21].

Parental attitude about
vaccination (negative) (VHR);
adapted from [1, p. 188]

Attitude is a personal “latent disposition or tendency to respond with some
degree of” unfavorableness toward childhood vaccination [8, p. 76].

Facebook anti-vaccination
descriptive norms (DOSN);
adapted from Gockeritz et al. [10]

Refer to what a person believes that the referent group to actually be doing
with respect to the behavior (e.g., their Facebook social connections are
actually declining to vaccinate their children) [6].

OSN Injunctive Anti-Vaccine
Norms (IOSN); adapted from
Gockeritz et al. [10, p. 515]

Refer to what a person believes that the referent group (e.g., Facebook social
connections) thinks they should do with respect to a particular behavior
(e.g., not vaccinate their children) [6].

Perceived behavioral control over
vaccination (PBC); adapted from
Fishbein and Ajzen [8]

Captures “the degree to which an individual actually has control over
performing the behavior” [8, p. 64].

Parental vaccination intention
(INT); adapted from TPB
intention Bock et al. [4, p. 90]

The individual’s readiness to perform a determined behavior (e.g., vaccinate
his or her children) [8].




Table A.2. Measurement Item Details and Sources

Construct Construct | Item Mean | Std. Dev.
(Source) indicator
Perceived Prompt: Please read carefully and indicate how much you agree with each of the following statements about
fairness of Facebook’s newsfeed algorithm.
Facebook
algorithm Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”
(PFFA); PFFALl Facebook’s newsfeed algorithm uses fair logic to determine what content I see. 5.238 1.397
adapted from PFFA2 Facebook’s newsfeed algorithm’s procedures and guidelines for determining what content I see are 5.210 1.443
Kamdar et al. very fair.
[13] PFFA3 The rules that Facebook’s newsfeed algorithm uses to make content decisions are fair. 5.214 1.387
PFFA4 I can count on Facebook’s newsfeed algorithm to use fair methods of deciding what content I see. 5.220 1.419
Perceived Prompt: Please read carefully and indicate how much you agree with each of the following statements about
accountability Facebook’s newsfeed algorithm.
for Facebook
algorithm Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”
(AFA); adapted | AFA1 Facebook Inc. can be held accountable for the content its newsfeed algorithm displays to users. 5.455 1.197
from Vance et AFA2 Facebook Inc. can be held accountable for all the content display decisions its newsfeed algorithm 5.436 1.219
al. [24] makes.
AFA3 I believe that Facebook Inc. can be held accountable for the decisions its newsfeed algorithm makes 5.481 1.215
regarding what content is displayed to users.
Perceived Prompt: Please read carefully and indicate how much you agree with each of the following statements about
transparency of | Facebook’s newsfeed algorithm.
Facebook
algorithm Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”
(TFAB); TFABI1 I know how Facebook’s newsfeed algorithm determines which content I see in my newsfeed. 5.366 1.334
adapted from TFAB2 I understand the way Facebook’s newsfeed algorithm decides which content is displayed in my 5.257 1.334
Zhou et al. [26] newsfeed.
TFAB3 I have a clear idea of how the Facebook newsfeed algorithm works. 5.301 1.357
TFAB4 I am familiar with the process Facebook’s newsfeed algorithm uses to determine the content I see in 5.251 1.301
my newsfeed.
Negative Prompt: Please read carefully and indicate how much you agree with each of the following statements about
attitude toward | childhood vaccinations.
vaccination
(VHR); adapted | Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”
from VHRI1 I believe that childhood vaccinations are unnecessary. 4.624 1.966
Askelsonetal. | VHR2 I believe that vaccinating children is not a good idea. 4.511 1.969
(2] VHR3 I believe that vaccines are not beneficial for children. 4.578 1.926

Facebook anti-

Prompt: Please read the following carefully and indicate how much you agree with each of the following statements,




Construct Construct | Item Mean | Std. Dev.

(Source) indicator

vaccination only in respect to your opinions about your Facebook social network connections. Facebook social network

descriptive connections refer to any entity whose posts you see in your Facebook newsfeed; for example, Facebook friends,

norms (DOSN); | people in Facebook groups to which you belong, or celebrities or organizations you have followed.

adapted from

Gockeritz et al. | Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”

[10] DOSNI1 My Facebook social connections vaccinate their children. (R) 5.404 1.226
DOSN2 The people I am connected to on Facebook vaccinate their children. (R) 5.444 1.193
DOSN3 The social connections I have on Facebook get their children vaccinated. (R) 5.376 1.219
DOSN4 My Facebook social connections have their children vaccinated. (R) 5.420 1.239

Facebook anti- | Prompt: Please read the following carefully and indicate how much you agree with each of the following statements,

vaccination only in respect to your opinions about your Facebook social network connections. Facebook social network

injunctive connections refer to any entity whose posts you see in your Facebook newsfeed; for example, Facebook friends,

norms (IOSN) people in Facebook groups to which you belong, or celebrities or organizations you have followed.

adapted from

Gockeritz et al. | Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”

[10] IOSN1 My Facebook social connections approve of people who vaccinate their children. (R) 5.424 1.210
IOSN2 The social connections I have on Facebook approve of people who have their children vaccinated. (R) 5.406 1.241
IOSN3 The social connections I have on Facebook approve of people who vaccinate their children. (R) 5.408 1.217

Perceived Prompt: Please read carefully and indicate how much you agree with each of the following statements about

behavioral childhood vaccinations.

control over

vaccination Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”

(PBC); adapted | PBC1 I have control over whether my children are vaccinated. 5.644 1.117

from Fishbein PBC2 I feel in complete control over whether I vaccinate my children. 5.590 1.157

and Ajzen [8] PBC3 Whether or not I vaccinate my children is completely up to me. 5.523 1.206
PBC4 It is mostly up to me whether I vaccinate my children. 5.689 1.112
PBC5 There are not factors outside of my control that determine whether I vaccinate my children.

Intention to Prompt: Please read carefully and indicate how much you agree with each of the following statements about

vaccinate childhood vaccinations.

(INT); adapted

from TPB Likert-type scales from 1 = “Strongly disagree” to 7 = “Strongly agree”

intention Bock INT1 I intend to vaccinate my children. 5.642 1.254

etal. [4] INT2 I want my children to receive all their recommended vaccines. 5.616 1.239
INT3 I will try to comply with all the vaccination guidelines for my children. 5.549 1.280

Attention traps | AT1 Please select “Disagree” for this question.
AT2 If two plus three is equal to five, then select “Somewhat agree” for this question.




Online Appendix B. Factorial Validity and Reliability
Convergent and Discriminant Validity to Establish Factorial Validity

Convergent and discriminant validity are interrelated concepts that should be confirmed prior to testing the
structural model. Convergent validity “is the extent to which a measure correlates positively with alternative
measures of the same construct” [12, p. 112]. Convergent validity techniques are used to establish that all
items intended to measure a construct “converge, or show significant, high correlations with one another”
[22, p. 391]. Discriminant validity “is the extent to which a construct is truly distinct from other constructs
by empirical standards™ [12, p. 115]. Discriminant validity techniques are used to establish that items for a
construct “differ from those [items] that are not believed to make up the construct” [22, p. 389]. In our pre-
analysis, we used two techniques to establish convergent and two techniques to establish discriminant
validity.

First, we examined the outer model loadings to establish convergent validity; see Table B.1. Reasonably
high outer loadings for the items are desired to establish convergent validity. Hair et al. [12] suggest that to
establish convergent validity all outer loadings should be statistically significant with outer loading higher
than or equal to 0.70. In Table B.1, we present the outer loading, the t-values, and the level of significance
for each item. All items in our model had statistically significant outer loadings above or equal to 0.70,
except PBC5 that has a loading of 0.673. For large sample sizes, loadings > 0.50 are acceptable [11] and
PBC is a control, therefore we retain the item. Second, we examined the cross-loading matrix generated by
SmartPLS, provided in Table B.2. The recommendation is that all items for a latent variable should load
highest on that latent variable and have no problematic cross-loadings (difference between the two highest
loadings should be > 0.100), which also helps establish discriminant validity. We found that our items load
highest on the expected latent variable and there are no problematic cross-loadings. Both techniques
indicate the convergent validity of our instrumentation.

To establish discriminant validity, we again examined the cross-loading matrix provided in Table B.2.
The recommendation is that the difference between the loading on the primary latent variable and any other
loading should be > 0.100 [15]. Table B.2 shows that these conditions are met, which establishes
discriminant validity. We used the Fornell-Larcker criterion as our second technique for establishing
discriminant validity [9]. The Fornell-Larcker criterion compares the square root of the average variance
extracted (AVE) of each latent variable with the latent variable correlations. The recommendation is that
the square root of each latent variable’s AVE “should be greater than its highest correlation with any other
[latent variable]” [12, p. 116], which is the case for all latent variables in our model. These results indicate
the discriminant validity of our instrumentation.

Establishing Reliabilities

Reliability statistics provide an evaluation of “the extent to which the respondent can answer the same
questions or close approximations the same way each time” [23, p. 151]. We obtained the Cronbach’s alpha
(CA) and the construct reliability (CR) statistic for each latent variable of our model from SmartPLS;
statistics are shown in Table B.3. The recommendations are that the CA and CR should be greater than
0.700 and greater than the AVE (which should be > 0.500) [5, 9]. Table B.3 shows that all our CAs and
CRs are greater than 0.700 and greater than the corresponding AVEs. All of the AVEs are greater than
0.500. These statistics indicate acceptable reliability of our instrumentation.

Establishing the Lack of Common Methods Bias

Our research methods were designed to counteract common method bias (CMB). Specifically, we ensured
participant anonymity and randomized the presentation of the items to the participants, as recommended by
the literature [3, 16, 19]. The Qualtrics™ survey platform was used to distribute the survey, which enabled



us to share an anonymous link, prevented us from collecting personal information from respondents, and
allowed us to randomize items.

Additionally, we conducted two statistical checks to detect the presence of CMB. First, we examined
the latent variable correlation matrix shown in Table B.3. The recommendation is that latent variable
correlations should not be unreasonably high (> 0.90) [17]. An examination of the constructs correlations
Table B.3 shows that all latent variable correlations are < 0.90. Second, we employed the common latent
factor (CLF) technique, which is the current standard to test for CMB [20]. The CLF technique is intended
to “measure the influence of a common latent method factor on each individual indicator in the model
versus the influence of each indicator’s corresponding construct [19]” [15, Appendix p. 3]. To perform this
check, first, a common latent method factor is created that includes all indicators. Then, separate constructs
are created for each indicator. The common latent method factor is connected to each of the single indicator
constructs and the original latent variable is also connected to each of the single-item constructs. The model
is run, and the outer loadings for each item on the common latent method factor and the outer loadings on
the original latent constructs are obtained; Table B.4 shows all these loadings. The average of the outer
loadings and the variance explained should be substantially higher for the original latent constructs than for
the CLF loadings. Our check indicates that CMB is unlikely to be an issue to our research methods given
that the average loading on the original constructs is 0.831 and explains 69.283% of the variance, which is
substantially higher than the average loading of 0.258 and the 36.001% of the variance explained by the
CLF.

Checking for Multicollinearity

The variance inflation factors (VIFs) are commonly used statistics to check for multicollinearity. According
to current guidance, a VIF value greater than 5.0 indicates potential multicollinearity problems because it
suggests that greater than 80% of the variance is accounted for by the remaining items in the model [12].
Table B.5 shows the VIFs for all of our items. The highest VIF is 2.967, which is below the acceptable
level and indicates multicollinearity issues are not present in our instrumentation.

Summary of Pre-analysis Validation

The pre-analyses provided in this appendix demonstrate (1) evidence of convergent and discriminant
validity, (2) adequate scale reliabilities, (3) that common method bias is unlikely to be an issue in our study,
and (4) no multicollinearity issues. Our pre-analyses results illustrate that our model meets the standard
anticipated for SEM-PLS-based analysis [5, 12, 15, 18].



Table B.1. Outer Model Loadings to Establish Convergent Validity

Latent construct Items Outer loading t-statistic
Perceived fairness of Facebook PFFALI 0.877 64.604***
algorithm (PFFA); adapted from PFFA2 0.895 74.115%**
Kamdar et al. [13] PFFA3 0.878 66.706%***
PFFA4 0.863 48.998***
Perceived accountability for AFALI 0.798 33.944#*x*
Facebook algorithm (AFA); adapted | AFA2 0.825 38.724%**
from Vance et al. [24] AFA3 0.797 28.955%**
Perceived transparency of Facebook | TFABI 0.810 35.767%**
algorithm (TFAB); adapted from TFAB2 0.822 37.486%**
Zhou et al. [26] TFAB3 0.846 50.198#**
TFAB4 0.829 44.654***
Negative attitude toward vaccination | VHRI1 0.916 74.971%**
(VHR); adapted from VHR2 0.919 104.248%**
Askelson et al. [2] VHR3 0.913 85.532%**
Facebook anti-vaccination DIOSNI1 0.814 38.571#**
descriptive (DIOSN); adapted from DIOSN2 0.814 34.455%**
Gockeritz et al. [10] DIOSN3 0.836 45.400%**
DIOSN4 0.826 38.404***
Facebook anti-vaccination injunctive | IOSN1 0.855 52.872%**
norms (IOSN) adapted from IOSN2 0.859 52.594%**
Gockeritz et al. [10] IOSN3 0.856 54.406%**
Perceived behavioral control over PBCl1 0.784 33.913%*x*
vaccination (PBC); adapted from PBC2 0.732 24.478%**
Fishbein and Ajzen [8] PBC3 0.734 25.344%**
PBC4 0.764 29.099***
PBCS5 0.673 15.261***
Intention to vaccinate (INT); adapted | INT1 0.850 49.865%**
from TPB intention Bock et al. [4] INT2 0.824 33.070%***
INT3 0.862 53.990***

*p <0.05, **p < 0.01, ***p < 0.001, (n/s) = not significant.




Table B.2. Cross-Loadings

Items PFFA AFA TFAB VHR DOSN IOSN INT PBC
PFFAI 0.877 0.442 0.578 0.392 -0.465 -0.440 0.257 0.296
PFFA2 0.895 0.425 0.625 0.425 -0.482 -0.479 0.251 0.299
PFFA3 0.878 0.406 0.627 0.420 -0.471 -0.466 0.224 0.307
PFFA4 0.864 0.392 0.624 0.451 -0.436 -0.425 0.214 0.300
AFAI 0.349 0.798 0.444 0.198 -0.388 -0.385 0.304 0.376
AFA2 0.383 0.827 0.431 0.227 -0.410 -0.388 0.289 0.415
AFA3 0.417 0.799 0.401 0.194 -0.390 -0.396 0.280 0.397
TFABI1 0.543 0.427 0.811 0.371 -0.430 -0.414 0.223 0.308
TFAB2 0.554 0.422 0.823 0.380 -0.421 -0.411 0.244 0.332
TFAB3 0.605 0.455 0.846 0.389 -0.470 -0.437 0.267 0.391
TFAB4 0.606 0.437 0.829 0.373 -0.444 -0.442 0.267 0.324
VHRI 0.420 0.219 0.401 0.916 -0.167 -0.159 -0.175 0.063
VHR2 0.468 0.258 0.430 0.918 -0.191 -0.183 -0.139 0.073
VHR3 0.430 0.223 0.424 0.913 -0.174 -0.199 -0.150 0.077
DOSNI1 -0.399 -0.376 -0.426 -0.147 0.814 0.621 -0.476 -0.417
DOSN2 -0.435 -0.402 -0.405 -0.156 0.814 0.662 -0.458 -0.388
DOSN3 -0.460 -0.398 -0.436 -0.149 0.836 0.645 -0.528 -0.403
DOSN4 -0.442 -0.436 -0.487 -0.185 0.827 0.665 -0.505 -0.375
IOSN5 -0.424 -0.384 -0.418 -0.147 0.676 0.855 -0.526 -0.428
IOSN6 -0.440 -0.430 -0.460 -0.196 0.689 0.858 -0.537 -0.435
IOSN7 -0.460 -0.423 -0.445 -0.161 0.657 0.855 -0.492 -0.386
INTI 0.235 0.296 0.227 -0.162 -0.523 -0.500 0.850 0.425
INT2 0.226 0.332 0.283 -0.118 -0.469 -0.505 0.826 0.493
INT3 0.223 0.288 0.260 -0.148 -0.526 -0.533 0.863 0.448
PBCl1 0.230 0.361 0.246 0.008 -0.377 -0.390 0.447 0.785
PBC2 0.269 0.318 0.311 0.000 -0.325 -0.353 0.401 0.733
PBC3 0.201 0.373 0.283 0.064 -0.330 -0.314 0.379 0.735
PBC4 0.221 0.404 0.320 0.025 -0.375 -0.362 0.432 0.763
PBC5 0.379 0.360 0.387 0.244 -0.377 -0.388 0.305 0.674
Table B.3. Fornell-Larcker Criterion and Reliability Statistics

Latent CA CR AVE | PFFA AFA | TFAB | VHR | DOSN | IOSN INT PBC
construct

PFFA 0.902 | 0.931 | 0.772 0.879

AFA 0.734 | 0.850 | 0.653 0.474 0.808

TFAB 0.846 | 0.897 | 0.684 0.698 0.527 | 0.827

VHR 0.904 | 0.940 | 0.839 0.480 0.256 | 0.457 | 0.916

DOSN 0.841 | 0.893 | 0.677 | -0.528 | -0.491 | -0.534 | -0.194 0.823

IOSN 0.818 | 0.892 | 0.733 | -0.515 | -0.482 | -0.515 | -0.197 0.788 0.856

INT 0.802 | 0.883 | 0.716 0.269 0.360 | 0.303 | -0.169 -0.598 | -0.606 | 0.846
PBC 0.793 | 0.857 | 0.546 0.342 0.490 | 0.410 | 0.078 -0.480 | -0.486 | 0.537 | 0.739

Note: Bolded, underlined values represent the square root of the AVEs




Table B.4. Common Latent Method Factor Analysis

Items Substantive factor Variance Method factor Variance
loadings (s) explained (s%) loading (m) explained (m?)
PFFAI 0.878 0.771 0.686 0.471
PFFA2 0.894 0.799 0.711 0.506
PFFA3 0.877 0.769 0.698 0.487
PFFA4 0.865 0.748 0.678 0.460
AFA1 0.796 0.634 0.553 0.306
AFA2 0.828 0.686 0.576 0.332
AFA3 0.800 0.640 0.563 0.317
TFABI 0.812 0.659 0.637 0.406
TFAB2 0.826 0.682 0.647 0.419
TFAB3 0.844 0.712 0.698 0.487
TFAB4 0.827 0.684 0.674 0.454
VHRI1 0.919 0.845 0.358 0.128
VHR2 0.915 0.837 0.397 0.158
VHR3 0914 0.835 0.379 0.144
DOSNI1 0.818 0.669 -0.662 0.438
DOSN2 0.819 0.671 -0.671 0.450
DOSN3 0.833 0.694 -0.693 0.480
DOSN4 0.822 0.676 -0.703 0.494
IOSN1 0.857 0.734 -0.685 0.469
IOSN6 0.854 0.729 -0.715 0.511
DIOSN7 0.857 0.734 -0.692 0.479
INTI 0.850 0.723 0.503 0.253
INT2 0.826 0.682 0.522 0.272
INT3 0.862 0.743 0.520 0.270
PBCI1 0.773 0.598 0.492 0.242
PBC2 0.730 0.533 0.479 0.229
PBC3 0.739 0.546 0.462 0.213
PBC4 0.753 0.567 0.504 0.254
PBCS5 0.701 0.491 0.557 0.310
Averages: 0.831 69.283% 0.258 36.001%
Table B.S. Collinearity Statistics

Latent construct Items VIF
Perceived fairness of Facebook algorithm (PFFA); PFFA1 2.575
adapted from Kamdar et al. [13] PFFA2 2.826

PFFA3 2.529

PFFA4 2.375
Perceived accountability for Facebook algorithm (AFA); | AFALI 1.418
adapted from Vance et al. [24] AFA2 1.523

AFA3 1.432
Perceived transparency of Facebook algorithm (TFAB); TFABI1 1.788
adapted from TFAB2 1.886
Zhou et al. [26] TFAB3 2.005

TFAB4 1.871
Negative attitude toward vaccination (VHR); adapted VHRI 2.967
from VHR2 2.875




Latent construct Items VIF
Askelson et al. [2] VHR3 2.840
Facebook anti-vaccination descriptive norms (DIOSN); DOSNI1 1.832
adapted from Gockeritz et al. [10] DOSN2 1.854
DOSN3 1.930
DOSN4 1.846
Facebook anti-vaccination injunctive norms (IOSN) IOSN1 1.828
adapted from Gockeritz et al. [10] IOSN2 1.793
IOSN3 1.827
Intention to vaccinate (INT); adapted from TPB intention | INTI 1.765
Bock et al. [4] INT2 1.616
INT3 1.834
Perceived behavioral control over vaccination (PBC); PBC1 1.605
adapted from Fishbein and Ajzen [§] PBC2 1.490
PBC3 1.528
PBC4 1.554
PBC5 1.402
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