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ABSTRACT
Many popular social networking and microblogging sites
support verified accounts—user accounts that are deemed of
public interest and whose owners have been authenticated
by the site. Importantly, the content of messages contributed
by verified account owners is not verified. Such messages
may be factually correct, or not.

This paper investigateswhether users confuse authenticity
with credibility by posing the question: Are users more likely
to believe content from verified accounts than from non-verified
accounts? We conduct two online studies, a year apart, with
748 and 2041 participants respectively, to assess how the
presence or absence of verified account indicators influences
users’ perceptions of tweets. Surprisingly, across both stud-
ies, we find that—in the context of unfamiliar accounts—most
users can effectively distinguish between authenticity and
credibility. The presence or absence of an authenticity indi-
cator has no significant effect on willingness to share a tweet
or take action based on its contents.

CCS CONCEPTS
• Information systems → Social networks; Trust; • Se-
curity and privacy→ Authentication; Human and societal
aspects of security and privacy.
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1 INTRODUCTION
On many social networking and microblogging sites, it is
no longer the case that nobody knows you’re a dog [43].
Twitter, Instagram, Reddit, Facebook, and other popular sites
support verified accounts—accounts whose owners have been
authenticated by the site [48].1 Verified accounts are often
reserved for well-known organizations and individuals, and
are indicated with a badge (e.g., ) that appears next to the
account holder’s name (see Figure 1a). Verified accounts
are intended to allow users to easily distinguish between
authentic accounts of public interest and those belonging to
parody accounts or impostors.

Importantly, accounts earn verified status by being authen-
ticated (i.e., the user is who she claims to be). Sites specifically
do not assess an account owner’s trustworthiness when as-
signing verified status, and most major online community
sites do not require that verified account owners post only
factual content. More plainly, posts from a verified account
may be factual, or not [11].

This paper examines whether users conflate authenticity
with credibility, in the context of microblogging sites such as
Twitter. That is, are users more likely to believe, and there-
fore be willing to act upon, messages that originate from
verified accounts? We define credibility as the “believability”
of a piece of information—that is, the degree to which it
influences whether an individual is persuaded to adopt the
opinion offered and take action accordingly [24]. Indicators
of authenticity (such as a verified account badge) signal that
a message originated from its purported source. Credible
information may of course stem from both verified and un-
verified accounts; conversely, the same is true for incorrect
information. Equating credibility with authenticity is thus a
logical fallacy.

1The terminology can vary slightly among sites; for example, Facebook
uses the term “verified profile.” For consistency, we refer to accounts whose
authenticity has been confirmed by site operators as verified accounts.
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Three significant factors suggest that verified badges could
influence people’s perceptions of user-generated content. Lit-
erature from psychology and other social sciences shows that
perceptions of credibility are more influenced by the source
of information than by its credulity [6, 14, 17, 21, 45]. No-
tably, Hovland et al. found that the credibility of a message
is influenced by the source, setting, and presentation of ar-
guments of the message along with receivers’ predisposition
toward the message [24, pg. 10-13]. Berlo et al. found that the
message’s source affects message credibility along three axes:
safety, or whether the recipient believes the source might
have an agenda or a reason to mislead; qualification, or how
qualified the source is to comment on the given topic; and dy-
namism, or how charismatic and persuasive the author is [3].
If information is widely endorsed (e.g., popularly “liked” on
Twitter) and/or originates from a well-known source (e.g.,
a verified account), then the prior work suggests users will
perceive it as more trustworthy (i.e., safe) and the author as
more qualified, leading to higher perceived credibility.

Second, the computer security community has repeatedly
shown that users have difficulty in understanding the con-
cept of authenticity [1, 8, 13, 46] and are generally confused
by security indicators [20, 40]. In particular, users do not
easily distinguish between authenticity and integrity. For
example, users have been shown to believe the content of
websites so long as browser indicators (e.g., the golden lock)
show that the website is secure [13]. This suggests that users
might mistake verified account badges as an external vali-
dation that the posted content has been fact-checked. This
effect could potentially be boosted by the iconography of
verified account badges (e.g., Twitter’s and Facebook’s ).

Finally, the manner in which accounts become verified has
led to confusion. In particular, Twitter verifies accounts only
when it deems the account owner to be of public interest [48].
This has translated into a perception that authenticity indi-
cators are markers of prestige and importance, not merely
authenticity. Twitter has been criticized for granting verified
account status to racists and other extremists [52]. (Here, the
criticism is not that these extremists are not who they say
they are, but rather that their accounts have earned “elite”
status.) Twitter responded to this criticism by noting that
“[v]erification was meant to authenticate identity & voice
but is interpreted as an endorsement or an indicator of im-
portance. We recognize that we have created this confusion
and need to resolve it” [50]. However, we posit that Twit-
ter’s solution—to disable previous functionality that allowed
anyone to apply for verified status and to enforce a code of
conduct—could further exacerbate themisperception that the

verified account owners (and their posted content) should
be considered trustworthy.2

The implications of users conflating authenticitywith cred-
ibility are worrisome. With the growing fraction of people
who use online social media (with user-generated content) as
their primary source of news [2] and the recent proliferation
of fake news [54], a possible inability to judge the credibil-
ity of information from (un)verified accounts is especially
disconcerting.
To understand the effect of account verification on the

credibility of user-generated content, we conducted two stud-
ies on Amazon’s Mechanical Turk comparing participants’
perceived credibility of tweets from verified and unverified
accounts. In both the studies, we varied factors such as the
subject matter of tweets, the advertised credentials of the
poster, the positivity/negativity of tweets towards their sub-
ject matter, and the indicators used to signify that an account
was verified (e.g., a icon vs. a textual “Verified account”
label). We measured perceived credibility both implicitly, by
asking about actionability, and explicitly, by asking directly
about the effect of the authenticity indicator.

Surprisingly, the results of Study 1 (n1=748, conducted in
Aug-Sep 2017) showed no evidence of correlation between
verified account status (i.e., verified or unverified) and the
perceived credibility of tweets. To validate the null result, we
conducted a second study (Study 2, n2=2041, Aug-Sept 2018)
that confirmed our initial findings from Study 1. In this paper,
for brevity, we primarily discuss the second study. (Results
from the first study are provided as supplementary mate-
rial.) As detailed in the next section, these findings directly
contradict results from prior work [35, 51].

2 RELATEDWORK
Researchers have long sought to understand the factors that
influence users’ perceptions of online content. Wineburg et
al. [53] survey students to assess whether they can correctly
judge the credibility of information from online sources.
Fogg et al. [15] conduct a notable, large-scale study in which
more than 2600 participants reviewed websites for credi-
bility. They find that the “design look” (i.e., user interface)
of a site is the most frequent (and dominating) factor in
determining its credibility. However, neither Wineburg et
al. or Fogg et al. study the impact of authenticity indicators
(e.g., verified account badges) and Fogg et al. do not consider
microblogging sites. In this paper, we focus on Twitter—a
microblogging site in which all posts have fixed formatting
and appearance—and investigate the effect of authenticity
indicators on perceived credibility.

2We note that Twitter’s statement that recognized the public’s confusion
over the meaning of verified accounts [50], as well as their disabling of
verified account request functionality, occurred between our two studies.



Perhaps most similar to our work, Morris et al. [35] exam-
ine how features of tweets affect user perception. They find
that the “verification seal” has a high impact in perceived
credibility. However, their results are based on a question-
naire in which participants are directly asked which features
they consider when deciding whether a tweet is credible;
thus, they measure the conscious impact of verified account
badges. Additionally, this question is posed generically (i.e.,
not related to a specific tweet). Morris et al. did not include
the verification seal as a feature in their controlled experi-
ment. Therefore, they only measured whether participants
believe the authenticity indicator is important in the abstract,
but do not test the behavioral changes we investigated.While
their work serves as a motivation for our own, we exam-
ine both the conscious and subconscious effects of verified
account badges. We additionally explore whether users un-
derstand the notion of authenticity and the degree to which
users conflate authenticity and credibility.
Existing work has also looked at the related problem of

identifying accurate (and conversely, inaccurate) information
online. Castillo et al. attempt to automatically classify tweets
as credible or not-credible based on their features [5]. They
use Amazon Mechanical Turk to establish a ground truth
for their machine learning classifier. Similarly, Qazvinian
et al. use statistical models to identify tweets with false in-
formation [37]. Maddock et al. develop multi-dimensional
signatures to detect false online rumors [32]. Kumar and
Geethakumari apply techniques from cognitive psychology
to develop a filtering algorithm that measures the credibil-
ity of online information [28]. These approaches could more
accurately be described as automating the process of identify-
ing which tweets are perceived by humans as being credible.
In contrast, our work studies a different phenomenon—how
users form their perceptions of credibility.

The Science of Perceived Credibility
The mechanisms by which people assess the credibility of on-
line information have received considerable attention from
social science researchers. A common finding is that users
often form opinions about the veracity of information based
not on its credulity, but rather on their familiarity with its
source. In particular, Gigerenzer et al. find that, to reduce cog-
nitive strain, people tend to believe information that stems
from familiar sources [17]. Similarly, Hilligoss and Rieh find
that the perception of whether the information provider is
deemed “official” significantly affects users’ beliefs in the in-
formation’s legitimacy [21]. Metzger et al. synthesize these
findings into a reputation heuristic, and further show that
users assess the credibility of web sites based on the site’s rep-
utation or name recognition rather than on its content [34].
Credibility is not established in a vacuum. A number of

studies [6, 14, 21, 45] have found that users are also more

likely to perceive information as credible when they believe
that others perceive it to be accurate. This effect is most
commonly referred to as the endorsement heuristic.
Although the mechanisms for establishing perceptions

about information’s credibility are nuanced and complex
(see Metzger et al.’s survey for a good overview [34]), the
reputation and endorsement heuristics together provide a
basis for reasoning about how users might (mis)understand
verified accounts.

Typically, a verified account indicates that the site con-
siders the account to be authentic [48]. This is an indicator
that the account is official, and thus more likely to be trusted
according to the reputation heuristic [21].
A verified marker also signals that the verified account

has a positive reputation. Indeed, demonstrating that the
account is of “public interest” is a requirement of earning the
lauded verified account status on Twitter [48, 49]. Verified
accounts are reported to have, on average, far more followers
than non-verified accounts [25] and thus tweets from these
accounts have a greater opportunity of being retweeted3 or
liked—both indicators that a tweet has been widely endorsed.
In summary, the reputation and endorsement heuristics

suggest that users would assign greater validity to tweets
from verified accounts, since they are both more official
looking and have greater public following.

It should be emphasized that the pairing of credibility and
authenticity is a psychological phenomenon, intended to in-
form human perception based on limited information and re-
quiring little cognitive load. In actuality, however, credibility
and authenticity are two independent concepts. Inaccurate
information can stem from authentic, verified accounts. A
primary goal of this paper is to determine whether users can
differentiate authenticity from credibility, or whether (and
why) users tend to conflate the two.

3 METHOD
We conducted two online studies to investigate how users
interpret information from verified accounts on Twitter. Our
goal is to understand how the presence or absence of authen-
ticity indicators affect the perceived credibility of tweeted
content, specifically the following hypotheses:

H1. Users notice the presence or absence of Twitter’s authen-
ticity indicators on posts.
H2. Users are more likely to find tweets with authenticity

indicators credible than those from unverified accounts, when
measured implicitly.

H3. Users will explicitly cite presence (or absence) of an au-
thenticity indicator as an important influence on their decision
about whether a tweet is credible.

3Though, as many Twitter users note in their bios, not all retweets are
endorsements.



Content Type Tweet Text Username Display Name

Restaurant
Delicious food, quick service and delightful ambience at
Phil’s Restaurant. Highly recommend it. @the_food_critic The Food Critic
Average food, slow service and unpleasant ambience at
Phil’s Restaurant. Highly recommend staying away.

Coffee 10 year study shows increased risk of hypertrophic
cardiomyopathy in people who drink 4+ cups of coffee per day.

@shields_md Mark Shields, MD
@mark_shields Mark Shields

Grocery Experts say this year’s increase in cattle disease will cause
12% jump in average household’s grocery bill.

@NAGrocers NorthAmericanGrocersAssociation
@the_grocery_couple The Grocery Couple

Soda A study found that 60% of soda fountains contained fecal
bacteria, and 13% contained E. Coli. @science_facts Science Facts

Table 1: Summary of conditions tested in Study 2. All 7 conditionswere coupledwith 3 types of authenticity indicators resulting
in 21 total conditions, created from a full-factorial combination of authenticity indicators and content types.

(a) (b) (c)

Figure 1: Example tweets from Study 2 in different conditions: (a) the Restaurant tweet with positive valence with Check
indicator; (b) Coffee tweet with “MD” in the display name and Text authenticity indicator; (c) Soda tweet with no indicator.

H4. Users’ understanding of Twitter verified accounts im-
proves when presented with Twitter’s description of verified
accounts.

Hypothesis H1 tests whether users notice the authenticity
indicators that accompany tweets from verified accounts.
This is a prerequisite for forming opinions about the credi-
bility of a tweet based (at least in part) on the verified status
of the tweet’s author—the subject of hypothesis H2. H2 is
designed to test the subconscious effect of authenticity in-
dicators on perceived credibility, and as described in the
next section, is evaluated without priming study participants
about the presence or absence of authenticity indicators.

H3 investigates the explicit or conscious effect of authentic-
ity indicators. We evaluate H3 based on self-reported factors
including the participant’s free-text explanation of their cred-
ibility decision (prior to mention of authenticity indicators),
and their explicit Likert-scale rating of the importance of
authenticity indicators to their decision.

Finally, H4 tests whether Twitter’s description of verified
accounts is sufficiently clear and interpretable to increase
users’ understanding of what verified accounts are (i.e., au-
thenticity indicators) and are not (i.e., credibility indicators).

Two studies. Study 1 (n=748, August 2017) revealed no signifi-
cant relation between the presence or absence of authenticity
indicators and perceived credibility, whether implicitly or

explicitly measured. To increase confidence in this null result,
we used the data from Study 1 to generate a power estimate
and corresponding desired sample size (details below), then
conducted a second, independent study at this sample size
(n=2041, August 2018). We made minor changes in Study 2
intended to strengthen our study design. Because the results
of both studies aligned closely, hereafter we report primarily
on Study 2; we highlight differences between Study 1 and
Study 2 where relevant.
Conditions
Participants were assigned round-robin to one of 21 con-
ditions. Each participant was shown and asked questions
about one tweet, which depending on their assigned condi-
tion, varied in content, as well as in presence or absence of
an authenticity indicator.
The primary variable of interest in our study is the pres-

ence or absence of an authenticity indicator. We used three
different settings: a checkmark badge ( ), referred to as
Check, that mimics the real Twitter verified account icon; a
Text version that displays the text “Verified account” next to
the author’s display name; and no indicator. We created the
Text version to suggest meaning to participants who might
not be familiar with the standard Twitter icon. We did not
give a more detailed definition to avoid priming.

To control for other possible indicators of credibility, other
elements of the tweet (author profile image, count of retweets



and likes, and time since the tweet was published4) were held
constant. Previous research has shown that these elements
have a significant effect on how users decide whether the
tweet content and author are trustworthy [35].

We used four types of tweet content for our study: a restau-
rant review (Restaurant), a warning about the bacterial con-
tent of soda fountains (Soda), a study describing the harm of
drinking too much coffee (Coffee), and a tweet discussing the
impact of cattle disease on grocery bills (Grocery). In each
case, the author’s display name and username were chosen
to be relevant to the content: The Food Critic; Science Facts;
Mark Shields, MD; and North American Grocers Associa-
tion and The Grocery Couple (explained below) respectively.
Tweet topics were designed to be familiar to the participants;
conversely, account names were selected because they do
not exist and should therefore be unfamiliar to participants.
However, no participant’s free-text responses indicated that
they thought the tweets appeared to be fake. Additionally,
the tweet content was specifically selected to not be polar-
izing or bombastic to avoid triggering motivated reasoning.
Free-text responses suggest these goals were met. Figure 1
shows example tweets shown to participants.
For the Restaurant review, we used one version with a

positive review and one with a negative review to examine
whether the valence of the content affects credibility. For the
Coffee tweet, we included versions with and without the MD
signal in the display name and username, in order to examine
how implied qualification (i.e., having a medical doctorate)
interacts with authenticity to impact message credibility [3].
For the Grocery tweet, we used two different account names
(North American Grocers Association, The Grocery Couple)
to examine whether an organizational source (as compared
to individuals) affects credibility.
Our full-factorial design across authenticity indicators

and content types resulted in 21 conditions, summarized in
Table 1. While we do not attempt to exhaustively examine all
possible effects of tweet content or author signals (e.g., race,
gender, qualification) on user perceptions, we attempted to
select a broad range, based on the literature. We did vary
the sources’ authority; however, this was only included to
examine whether any interaction effects might exist, and
was not meant to be a comprehensive investigation of the
source’s effect.

Study 1 used a similar full-factorial design across 15, rather
than 21, tweets. Study 1 did not include Coffee or Grocery
tweets, but instead used a tweet about herbal medicine de-
signed to address similar questions as the Coffee tweet. Be-
cause the topic of herbal medicine proved especially contro-
versial in Study 1, we replaced it for Study 2.
4 In Study 2 we changed the tweet timestamp from “8 minutes ago” to
“10:30 AM - July 31, 2018,” to avoid considerations about how many likes or
retweets would be reasonable within eight minutes.

Mock Tweet, 
Attention Check,
Implicit Measure 

of Credibility

Influence of Factors 
on Credibility 

Questions 
(not primed)

Attention Test for 
Presence/Absence 

of Authenticity 
Indicator

Part A Part B Part C

Influence of Factors 
on Credibility 

Questions 
(primed)

Verified Accounts 
Understanding 

Questions
Demographics

Part D Part E Part F

Figure 2: Sections and flow of the user study.

Study Procedure
Figure 2 illustrates the design of our online study. In Part A
of the study, participants are first shown a tweet and asked
to read its contents. They are then asked to answer three
questions with the tweet remaining visible on the same page:
First, they are asked about the content of the tweet as an
attention check. They are then asked a content-specific ques-
tion to assess their perceived credibility of the tweet. Third,
they are asked to explain their credibility answer in free-text.
The content-specific questions asked whether the par-

ticipant would be more or less likely to eat at the restau-
rant, purchase a fountain (rather than bottled) drink, change
their daily coffee intake, or adjust their grocery-shopping or
grocery-budgeting habits, with answers on a five-point scale
from “much more likely” to “much less likely.”
These content-specific questions were designed to evalu-

ate hypothesis H2 by asking about self-reported or expected
behavior, rather than just an opinion change. Next, we
showed the same tweet to the participants on a new page
and asked how likely they were to share the information in
the tweet (e.g. talking about it or retweeting), on a five-point
scale from “very likely” to “very unlikely.” This question
(added in Study 2) serves as a second proxy for actionabil-
ity; a participant might want to share, but not act directly
on, information she found credible but not relevant to her-
self. Based on free-text actionability responses, few (8%) of
our participants found the topics to not be relevant, evenly
distributed among the authenticity indicator conditions (om-
nibus χ 2 = 0.09, p = 0.96). The free-text follow-up allows us
to examine H3 by explicitly asking why they answered the
behavior question.

We use behavioral questions rather than leading questions
asking about credibility directly in order to avoid demand
effects, in which participants provide what they expect to
be “correct” answers [22]. Taking action in agreement with
a message’s content implies the user must first evaluate the
message as credible [24], making this a reasonable proxy.
Further, we deliberately asked about change in likelihood of
taking an action instead of whether they would (or not) take
the action. This phrasing appeared to be effective, as many



participants indicated an increased likelihood to change be-
havior and stated in the free-text that they were more likely
to take action, but wanted to seek out additional outside
information first.

In Part B, we ask how each of four factors affected the par-
ticipant’s perception of the tweet’s accuracy, on a five-point
scale from “No effect” to “Major effect” (addressing hypothe-
sis H3). These included the presence/absence of the authen-
ticity indicator (the main feature of interest), the number of
retweets and likes, the account username, and the account
display name (all previously reported to have significant ef-
fects on social media credibility [5]). To avoid participants
searching for clues to an expected “correct” answer [22],
participants were not allowed to return to the tweet when
answering these questions. Additionally, the four factors
were presented in a randomized order, to minimize ordering
effects [39]. We note that explicit mention of credibility (and
of the authenticity indicator) in this section purposefully
comes after the initial, unprimed reaction in Part A.
Part C of the study measures whether participants no-

ticed the presence/absence of the authenticity indicator (H1).
Participants were shown two versions of the original tweet
side-by-side and asked to identify which they had seen pre-
viously. All participants saw their original tweet, plus either
a version with no indicator (if they saw Check or Text orig-
inally), or a version with a verified icon (if they saw no
indicator originally). To prevent random guessing, we asked
participants to answer on a five-point scale from “Definitely
the first image” to “Definitely the second image” with an
“Unsure” option. We randomly ordered the two tweet images
to avoid ordering effects.
Part D showed the participant their original tweet again,

and asked them to answer the same four questions from
Part B. Our goal is to understand how priming participants
about the authenticity indicator in Part C changed their
opinions.

In Part E, we measured participants’ use and knowledge of
Twitter. We first asked participants how much time per day
they spend using Twitter on average. We then asked them to
describe the meaning of Twitter’s verified accounts in their
own words and to rate their confidence in this description.

On a new page, we then presented participants with Twit-
ter’s definition of verified accounts and asked them to again
describe verified accounts in their own words. This section
allows us to examine how participants initially understood
verified accounts (when rating credibility) and then whether
they correctly interpret Twitter’s definition.

Finally, we concluded (Part F) with demographic questions,
including a seven-question scale measuring Internet Skill
developed by Hargittai and Hsieh [18]. Participants took 9
minutes and 44 seconds on average to complete the study.

Recruitment
We used Amazon’s Mechanical Turk (MTurk) crowdsourcing
service to recruit participants.5 To mitigate self-selection
biases, account authenticity and verified accounts were not
explicitly mentioned in the recruitment message.
We required participants to be at least 18 years old and

located in the United States. To improve data quality, we also
required participants to have completed at least 100 MTurk
tasks with at least 95% approval [36]. Participants were paid
$2.00 for completing the study, which was approved by the
IRBs at Georgetown University and University of Maryland.

Data Analysis
To implicitly evaluate perceived credibility (H2), we use two
ordinal logistic regressions, using the Likert scores for the ac-
tion and sharing questions from Part A as outcome variables.
We include as potential explanatory variables the assigned
condition (i.e., content and authenticity indicator) as well as
participant demographic characteristics (e.g., income, age,
Twitter experience, etc.). To control for the effect of noticing
the authenticity indicator (or lack thereof), we also include
a three-level categorical covariate indicating whether the
participant correctly identified which tweet they had seen
with high confidence (correct answer and “definitely”); with
low confidence (correct answer and “probably”); or got the
answer wrong or marked unsure.

We constructed an initial regression model including the
condition variables, the participant characteristics, and ev-
ery two-way interaction between the authenticity indicator
and the other variables, described in Table 2. We then used
model selection on all possible combinations of these vari-
ables to select a parsimonious model without overfitting. We
selected for minimum Bayesian Information Criterion (BIC),
a standard metric [38]. Because authenticity indicator was
the variable of key interest, we only considered candidate
models that included the authenticity indicator variable.
We also examined the explicit influence of authenticity

indicators on perceived credibility (H3). We compare partici-
pants’ responses about the influence of four tweet features
using non-parametric, repeated measures tests (appropriate
for Likert-scale data with multiple answers per participant).
To control for Type I error, we apply an omnibus Friedman
test across all four features; if this result is significant, we ap-
ply the Wilcoxon signed-rank test to planned pairwise com-
parisons of authenticity indicator with every other feature.
These comparisons were across tweet-content conditions.

For other comparisons among conditions, we use Pear-
son’s χ 2 test, appropriate for categorical data [16]. Each
comparison begins with an omnibus test over all three au-
thenticity indicator options. If the result is significant, we

5For Study 1, we used TurkPrime [30] to manage requests.



Factor Description Baseline

Required factors
Verified The displayed authenticity indicator (or lack thereof) None

Optional factors
Content type The displayed tweet content condition Restaurant (negative)
Noticed Whether the participant correctly indicated the presence or absence of the authenticity Unsure/Incorrect

indicator in the original tweet with high or low confidence
Internet skill Participant’s score on Hargittai and Hsieh’s Internet skill scale [18] –
Twitter experience Time per day spent using Twitter (categorical) None
Age Age of participant –
Gender Gender of participant Male
Education Highest education level completed by participant H.S. or below

Table 2: Factors used in regression models. Categorical variables are compared individually to the given baseline. Candidate
models were defined using the required Verified factor plus all possible combinations of optional factors and interactions of
the optional factors with the Verified factor. The final model was selected by minimum BIC.

apply χ 2 pairwise tests to two planned comparisons: the
Check to None and Text to None.
Free response questions for the study were analyzed us-

ing open coding [44]. Two members of the research team
reviewed each response individually in sets of 50, building
the codebook incrementally. After each round of coding, the
coders met to resolve differences in code assignment. After
six rounds of pair coding (i.e., 300 responses), the coders
achieved a Krippendorff’s α [19] of 0.806 for the set of ques-
tions related to tweet credibility decisions and 0.849 for the
questions related to the definition of verified accounts. Both
values are within recommended bounds for agreement, so the
remainder of the responses were divided evenly and coded
by a single coder [19]. The resulting codebook appears in
the supplemental material.

Finally, to test the effect of presenting Twitter’s verified ac-
counts definition on users’ understanding of these accounts’
meaning (H4), we compared participants’ verified accounts
definitions before and after priming, looking at whether
they mentioned authenticity, public interest, and credibility.
For these comparisons, we use McNemar’s Chi-squared test,
which is appropriate for within-subjects comparison with
binary outcomes [33]. We apply a Holm-Bonferroni (H-B)
correction to control for multiple comparisons [23].

Power Analysis. To calculate the necessary sample size, we ap-
plied Lyles et al.’s power simulation method with parameters
estimated from Study 1 data [31]. We manually set the differ-
ence in distribution means to correspond to a “small” effect
(Cohen’s D = 0.2) and ran 50,000 simulations for each poten-
tial participant count. Power was measured as the percentage
of simulations where a significant result was observed. To
achieve 80% power, we estimated a required sample of 105
participants per condition. After recruiting 105 participants
per condition in Study 2 and discarding invalid responses, we
obtained 95 or more participants per condition. This equates
to 78% power, which we consider sufficient [41, pg.296].

Ecological Validity and Limitations
We designed a controlled experiment with mock tweets. This
allows us to reason about the effect of specific variables of in-
terest on tweet credibility, but it does not capture potentially
important real-world factors such as participants’ history
with the tweet’s author or the reputation of someone who
has “liked” or retweeted it. Further, there are many other
types of content, and many metadata factors we did not test,
that may (alone or in combination) influence the perceived
credibility of tweets; Morris et al. describe the influence of
several such features [35]. However, we believe our results
provide useful insights for the particular questions we target.

Participants who are aware they are taking part in a study
may have considered the tweet, and their response to it,
more carefully than they would when casually browsing
Twitter. We attempted to mitigate this by using a recruitment
message that did not mention credibility, as well as by asking
the primary credibility question prior to any priming about
authenticity indicators.
To improve data quality, we kept the study brief and dis-

carded responses that failed the attention check or gave
non-meaningful answers to free-text questions. We used
MTurk ID and browser cookies to prevent repeat participants.
Prior research has generally found that MTurk provides high-
quality data [4, 9, 27, 47], but we note that MTurkers located
in the United States are typically somewhat younger, more
tech-savvy and more privacy-sensitive than the general pop-
ulation, which may affect generalizability [26].
Although the populations of Twitter users and MTurk-

ers are not identical, as we discuss in the next section, the
majority of our study’s participants used Twitter regularly
(86%) andwere familiar with Twitter’s authenticity indicators
(74.3%). We also control for prior experience with Twitter in
our regression analysis.
Because these limitations apply across all 21 conditions,

we rely primarily on comparisons between conditions.



Metric Percentage

Gender
Female 47.9%
Male 51.8%
Other 0.1%

Ethnicity
Caucasian 79.6%
African American 9.1%
Asian 7.3%
Hispanic 6.4%
Other 1.8%

Twitter Use
No Twitter use 13.9%
<1 hour per day 57.6%
1-2 hours per day 19.8%
>2 hours per day 7.8%

Metric Percentage

Age
18-29 years 33.0%
30-49 years 54.3%
50-64 years 9.9%
65+ years 2.1%

Income
<$30k 22.1%
$30k-$50k 25.4%
$50k-$75k 23.7%
$75k-$100k 13.9%
$100k-$150k 8.7%
$150k+ 3.4%

Education
H.S. or below 12.1%
Some college 36.4%
B.S. or above 51.6%

Table 3: Participant demographics for Study 2. Percentages
maynot add to 100% due to non-response or selection ofmul-
tiple options.

4 RESULTS
In this section, we present results related to each of our four
hypotheses separately.

Participants
In total, 2238 people started our study, and 2211 completed it.
We excluded 104 participants who failed the attention check
and 66 participants who gave nonsensical or unresponsive
answers to free-text questions. For the remainder of the paper
we refer to the remaining 2041 participants. We obtained 94
to 100 valid responses per condition. Across conditions, 676
saw no authenticity indicator, 683 saw the Check, and 682
saw the Text.

Participant demographics are summarized in Table 3, and
at least partially match Twitter’s estimated user demograph-
ics [42]. As with many MTurk studies, our participants are
somewhat whiter, younger, and more educated than the U.S.
population. Our participants’ average Internet skill was 31.4,
slightly higher than the mean observed by Hargittai and
Hsieh (30) in a more general population [18]. The majority
of our participants (86%) reported using Twitter regularly.
Twitter use did not vary significantly among the Check, Text,
and None conditions (χ 2 = 13.79, p = 0.09).
Noticing Verification (H1)
A little more than half of participants (consciously) noticed
the verification status of the tweet. Overall, 1165 participants
(57.1%) were able to correctly recall whether or not they
saw a tweet with any authenticity indicator or not with at
least some confidence; about half of these (681, 33.4% of all
participants) were very confident about their choice. As a
reminder, participants were offered a “not sure” option to
prevent random guessing.

Figure 3: Likert-scale trust responses organized by assigned
experiment condition (Study 2). Responses for the Soda,Cof-
fee, and Restaurant (Neg) tweets were reversed to match po-
larity with the others.

Almost two-thirds of participants shown the Text indica-
tor (63%) correctly recalled it with at least some confidence,
compared to 52.9% for Check and 55.3% who saw no authen-
ticity indicator. The corresponding omnibus test indicated
significant differences among these conditions (χ 2 = 15.75,
p < 0.001). Planned pairwise tests indicate that while the Text
indicator was more likely to be noticed than None (χ 2 = 8.07,
p = 0.005), there was no significant difference between Check
and None (χ 2 = 0.74, p = 0.39).
These results suggest that a majority of participants no-

ticed the authenticity indicator (or lack thereof), regardless
of which indicator they were assigned. We hypothesize that
the Text indicator wasmost noticeable at least in part because
it is not currently in use and was therefore novel.
Demonstrated Credibility (H2)
In examining H2, we were surprised to find no correlation be-
tween the presence of an authenticity indicator and whether
the participant indicated they would act on or share the
information in the tweet. For brevity, we primarily discuss
participants’ expressedwillingness to act on the tweet’s infor-
mation (summarized as “credibility”), rather than expressed
likelihood of sharing; the two questions provided similar
results. We include in our supplemental materials graphs
and tables for likelihood-to-share responses corresponding
to those given in this section.

The authenticity indicator did not have a statistically signifi-
cant effect on tweet credibility. In total, 53.4% of participants



Odds
Variable Value Ratio CI p-value

Auth. None – – –
Indicator Check 1.07 [0.88, 1.31] 0.473

Text 1.07 [0.88, 1.30] 0.529

Content restaurant (negative) – – –
restaurant (positive) 0.83 [0.62, 1.11] 0.217
coffee (with MD) 0.19 [0.14, 0.26] < 0.001*
coffee (without MD) 0.2 [0.14, 0.26] < 0.001*
soda 0.89 [0.66, 1.22] 0.473
grocery (org.) 0.11 [0.08, 0.16] < 0.001*
grocery (person) 0.09 [0.06, 0.12] < 0.001*

*Significant effect – Base case (OR=1, by definition)
Table 4: Summary of regression over participant trust in
tweet credibility. Pseudo R2 measures for this model were
0.08 (McFadden) and 0.22 (Nagelkerke).

who were shown an authenticity indicator (53.1% for Check
and 53.8% for Text) found the tweet credible (“much more
likely” or “more likely” to act). Participants in None condi-
tions provided similar answers (51.2%).

A similar pattern is observed when considering each con-
tent type separately, as illustrated in Figure 3. Specifically,
while rates of high and low credibility varied across content
types, within each content condition results were fairly simi-
lar regardless of authenticity indicator. Further, credibility
ordering among Text, Check, and None shows no consistent
pattern across different content conditions.
In accordance with this lack of visible trends, our final

selected regressionmodel (Table 4) found no significant effect
on credibility for either authenticity indicator compared to
the baseline None condition (Text: p = 0.529, Check: p =
0.473).

Only the tweet content had a significant effect on credibility.
Other than the authenticity indicator, which is the primary
variable of interest and was therefore always included in the
model, the only covariate selected for the final model was
tweet content. Neither demographic covariates (including
frequency of Twitter use) nor whether the participant had
correctly noticed the authenticity indicator were retained;
neither were any interactions. Figure 4, which shows par-
ticipants’ credibility responses grouped by the authenticity
indicator and whether the participant correctly noticed it,
demonstrates the lack of visible trend relating credibility
results to noticing. We note that while the main content of
the tweet mattered (Restaurant and Soda were most credi-
ble), within-content variations (authoritative title, individual
or organization, and positive or negative valence) had no
significant effects, as indicated by overlapping confidence
intervals in the regression model.

Figure 4: Likert-scale trust responses organized by assigned
verified account status and whether or not they noticed the
verified account identifier (or lack thereof).

Figure 5: Likert-scale influence responses organized by in-
fluencing factor, (a) not primed (b) primed.

Average time using Twitter per day and Internet skill signif-
icantly correlate with likelihood to share. The likelihood of
sharing exhibited similar results as the willingness to act
for the authenticity indicator and tweet content. However,
the final likelihood-to-share model retained two additional
variables: participants who used Twitter more often and
those who had lower Internet skill were more likely to share.
We still observed no significant interaction between these
variables and the authenticity indicator.
It is important to note that failing to find a significant effect
is not affirmative proof that no effect exists; hypothesis tests
do not bound false negatives. However, based on the power
analysis describe above, we should have sufficient power
to detect even a small effect. Further, this negative result
held both for likelihood to act on the tweet and to share
it. Additionally, visual inspection of our detailed results (in-
cluding but not limited to Figures 3 and 4) does not indicate
any trends or patterns related to the authenticity indicator
that failed to reach a significance threshold. Overall, we are
confident in the validity of this negative result.
Perception of Credibility Indicators (H3)
We explicitly examine perceptions of credibility (H3) in two
ways: unprompted free-text responses about their answers
to the actionable credibility question (Part A), and explicit



prompting about the importance of the authenticity indicator
(Parts B and D).

The authenticity indicator was rarely mentioned unprompted.
Only 1.4% of participants explicitly mentioned the presence
or absence of the authenticity indicator in their free-text re-
sponse. In contrast, 70.7% of participants mentioned content
as the most important factor. For example, one participant
wrote, “It said the service was bad, so I don’t want to risk
getting bad service there.”

Most participants indicated that the authenticity indicator had
at most a minor effect on tweet credibility. Figure 5 summa-
rizes the quantitative results before and after asking the
participant explicitly whether they had seen an authenticity
indicator. In both cases, a plurality of participants reported
no effect, and a majority reported at most a minor effect.
Although reported effects were minor, in Part B the au-

thenticity indicator did have a significantly stronger effect
than other factors we asked about (p < 0.05 for the omnibus
Friedman test and for planned comparisons of the authentic-
ity indicator to each other factor). The effect sizes for these
pairwise comparisons, however, were very small or very
small (Cohen’s D = 0.06 for display name, 0.09 for username,
and 0.21 for retweets/likes) [7].

After calling further attention to the authenticity indicator
(by asking the participant which tweet they saw), quantita-
tive and qualitative responses in Part D show an increase in
its reported importance. Almost half 45.4% of participants
mentioned the authenticity indicator in free-text, and 36.9%
of participants who originally reported the authenticity in-
dicator had no effect in the Likert questions reported some
level of effect afterward. These results may suggest calling
attention to the authenticity indicator increases its salience
as a proxy for credibility; however, this may also reflect so-
called demand effects: participants who believed they under-
stood the purpose of the study (to comment on authenticity
indicators) and tried to provide “correct” responses.
Overall, we conclude that H3 was not well supported;

participants were much more likely to focus on the tweet’s
content than the authenticity indicator, which (when un-
primed) was largely reported as at most a minor influence
on credibility decisions.

Beliefs About Verification (H4)
Weexamined participants’ understanding of verified accounts
on Twitter (H4) by qualitatively coding participants’ free-
text responses from Part E, both before (non-primed) and
after (primed) showing them the official Twitter definition:
“The blue verified badge on Twitter lets people know that
an account of public interest is authentic” [48].

We regard participants whomention that verified accounts
have been established, by Twitter, as actually belonging to

Figure 6: Number of participants who mentioned each
theme regarding the definition of verified accounts before
and after being primed with Twitter’s official definition.

the offline entity they claim to be as correct. For example,
one participant wrote,“Twitter has verified the user is the
person they claim to be.”

Most participants (74.3%) provided correct definitions even
without priming. In addition, 34.2% of participants mentioned
public interest. (Note that multiple codes could apply to the
same response.) Only 5.9% indicated that verified accounts
were more trustworthy sources of information. For exam-
ple, one participant wrote: “Apparently, this means you can
expect that the owner of the account has met some sort
of scrutiny as a trusted source for information - such as a
verified journalist for a media company.”

Correct responses increased after priming. After priming with
the definition, more participants (83.5%) mentioned authen-
ticity, while slightly fewer (31.8%) mentioned public interest.
The increase in mentions of authenticity was significant,
but the decrease in mentions of public interest was not (Mc-
Nemar’s χ 2 = 73.77, p < 0.001 and χ 2 = 3.90, p = 0.144
respectively, both H-B corrected).
Somewhat surprisingly, the share of participants who in-

correctly mentioned credibility and reliability after viewing
the official definition rose slightly, to 6.9%, but this differ-
ence was not significant (McNemar χ 2 = 1.75, p = 0.557,
H-B corrected). In Study 1, however, we observed a simi-
lar increase—5.8% to 9.4%—that was statistically significant
(χ 2 = 9.72, p = 0.002, H-B corrected).

5 DISCUSSION
Our two studies found that authenticity indicators have little
to no effect on users’ perceptions of credibility. Users gener-
ally understand the meaning of verified accounts, and most
notice the presence or absence of the authenticity indica-
tors. However, users are not more likely to act on or share
content that originates from verified accounts than from un-
verified accounts. Further, users rarely cited the authenticity
indicator as an important influence on credibility decisions
unprompted, or even with minimal prompting.



The apparent negative results for hypotheses H2 and H3
seem to contradict a large volume of existing work [6, 14, 21,
45] that portrays reputation and consensus as major influ-
ences on perceived credibility. In other work, study partici-
pants explicitly cited the presence of authenticity indicators
as an important factor in forming credibility assessments of
tweets [35]. Overall, our findings show the opposite: authen-
ticity indicators themselves have little or no effect.
An optimistic view of our findings is that users simply

have a more mature understanding of the differences be-
tween authenticity and credibility than we expected; that is,
they understand that a tweet’s author’s authenticity does
not imply that the contents of her tweets are accurate. This
theory is bolstered by the high rate at which participants
could accurately describe the meaning of verified accounts,
even before being presented with the official definition.

However, there are other factors out of our study’s scope
whose interaction with the authenticity indicator could have
an effect. The authenticity indicator’s relationship with each
of these factors should be studied further.
First, the effect of authenticity indicators could be more

significant when users are familiar with the author. We used
fictional accounts, and thus our participants lacked any fa-
miliarity, regardless of the account’s verification status. The
effect of celebrity endorsements on user behavior has been
well-explored (see, for example, Erdogan’s survey [12]); this
literature suggests that users would be more likely to per-
ceive tweets from familiar celebrities as more credible.
We purposefully chose neutral topics rather than polit-

ically or culturally polarizing ones. As a consequence, we
avoid a potential motivated reasoning effect [29]. That is, our
participants may have been less inclined to either strongly
support or reject our tweets because they lacked motivation.

Notably, our studies were conducted during a period when
dissemination of fake news [10, 54] has received considerable
attention. Therefore, users may have developed a skepticism
of online information, regardless of the source. In Study 2,
which took place after a period of public upheaval about
how Twitter’s verification process works and whether veri-
fied status implies approval, a small number of participants
(1.3%) stated that Twitter’s account verification is politically
biased. This sentiment was not seen at all in Study 1, possibly
indicating the effect of the changing political environment.
Finally, like all MTurk studies, our participants were

younger and more educated than the general population.
In our studies, Twitter familiarity and Internet skill did not
appear to interact with authenticity indicators in credibility
decisions; however, future work is needed to validate this
result with less knowledgeable populations.
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