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Abstract
Misinformation interventions are often evaluated under ideal con-
ditions, yet real-world systems are rarely flawless. We report on
an online experiment (𝑁 = 1, 004) comparing five state-of-the-art
interventions – inoculation, accuracy prompt, community note,
fact-check, and indicators – across TikTok, Telegram, and X. We ex-
amined efficacy and user perceptions under flawless and erroneous
implementations. Misinformation accompanied by fact-checks and
indicators was rated as significantly less accurate, while commu-
nity notes showed weaker effects. Modality did not significantly
influence intervention efficacy and had only minor effects on user
acceptance. Community notes, fact-checks, and indicators were
rated as more helpful but also more annoying than the less in-
formative accuracy prompts. Notably, the efficacy of interventions
disappeared under erroneous conditions. This highlights the crucial
role of intervention quality in fostering trust and acceptance. Our
findings provide (1) a cross-platform evaluation of interventions
and (2) empirical evidence that accuracy and reliability are crucial
in complex social media environments.

CCS Concepts
•Human-centered computing→ Empirical studies in HCI;
Social media; Empirical studies in collaborative and social comput-
ing.
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1 Introduction
Most misinformation interventions are evaluated under ideal condi-
tions. But real-world systems are rarely perfect: Community-driven
interventions may be biased by the bubbles and communities of
users on specific social media platforms (e.g., users on X or in
Telegram channels), and also automatic credibility assessments
(e.g., using machine learning) can incorrectly flag misinformation
as accurate or vice versa. In a large-scale online experiment, we
compare the efficacy and user perception of five erroneous versus
flawless misinformation interventions across three major social
media platforms, featuring short-videos on TikTok, voice messages
on Telegram, and text/image posts on X.

Social media platforms play an essential role in information
exchange, allowing for fast, individualized, and multimodal con-
tent dissemination. However, users on these platforms are also
confronted with misleading and dangerous content. This includes
deliberately misleading disinformation and false but inadvertently
created and disseminatedmisinformation— both of which can cause
significant harm, even death [40]. Despite their differences, we use
the term ‘misinformation’ as an umbrella term for both phenomena,
following prior research to enhance readability [3, 17, 73].

Interdisciplinary research has been looking for effective and
user-centered countermeasures to tackle misinformation’s danger-
ous impact for several years. These efforts include, for example,
media literacy training at schools, critical journalism, and efforts
for automatic detection of harmful content. A significant body of
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research in human-computer interaction (HCI) has proposed dig-
ital countermeasures that directly impact users via information
presentation or withholding and often occur after a manual or au-
tomatic pre-�ltering of misinformation [31]. These user-centered
misinformation interventions come in many forms, such as warn-
ings, corrections, or nudges. The vast majority of interventions
are designed for and evaluated with text-based content, and only
a few studies speci�cally delve into deceptive multimodal content
on TikTok [30, 34], voice messages in messengers [23, 32], or as-
sessed interventions' robustness across misinformation modalities.
Research has systematized knowledge and clustered interventions
and has started to derive implications on e�cacy and user accep-
tance [31, 38]. Findings reveal that we are still far from a decisive
solution, as many studies report only marginal e�ect sizes of in-
terventions or even adverse e�ects such as spill-overs on accurate
content or over-reliance [29, 30, 41, 50]. In addition, most stud-
ies evaluate interventions under idealized conditions, for instance,
where warnings are only displayed if the content really is misin-
formation. However, systems operating in complex social media
platform environments will sometimes be erroneous, for instance,
showing a warning although the content is accurate (false positive)
or missing a warning on misinformation (false negative). This is
both the case for interventions that rely on automatic detection
[57, 77] (e.g., because there is not enough information for an algo-
rithm to decide) and manual credibility assessments [14] (e.g., due
to a biased community). In light of recent shifts from professional
fact-checks to community-driven approaches and in times of social
media platforms contradicting common de�nitions of misinforma-
tion, it is even more essential for users to critically re�ect not only
on the content itself, but also on implemented countermeasures.

Conducting a large-scale online experiment (# = 1•004), our
paper advances misinformation research from an HCI perspective
by focusing on the e�cacy and user acceptance of erroneous ver-
sus �awless misinformation interventions across modalities. This
builds on related work that delved into adverse e�ects in the con-
text of misinformation and research on automation biases in other
contexts with decisions based on arti�cial intelligence (AI) [70]. We
model imperfection by evaluating �ve state-of-the-art interventions
(community notes, professional fact-checks, indicators, accuracy
prompts, and inoculation) with and without errors. We compare the
interventions across three distinct social media platforms in a simu-
lated experimental environment that entails di�erent modalities of
misinformation, allowing for an assessment of the interventions'
robustness. In accordance with other HCI research [30], we investi-
gate both e�cacy (e.g., accuracy assessment and sharing intentions)
and user perceptions (e.g., perceived helpfulness and annoyance).

Our core contributions (C) and �ndings (F) are:
(C1) A quantitative evaluation of the e�cacy of �ve misinforma-

tion interventions. We found that (F1) the accuracy assessment was
signi�cantly improved by professional fact-checks and indicators,
and to a lesser extent by community notes, but (F2) all investigated
interventions did not signi�cantly reduce the sharing intentions of
misinformation compared to the control groups.

(C2) A comparison of erroneous and �awless interventions. We
found that (F3) for e�cacy, it is decisive whether an intervention
is erroneous, as signi�cant changes in accuracy assessments were
only found for the �awless interventions.

(C3) An investigation of perceived helpfulness and annoyance.
(F4) community notes, professional fact-checks, and indicators
were perceived as signi�cantly more helpful but more annoying
than accuracy prompts, which disrupt the natural �ow of social me-
dia use by appearing, e.g., as additional pop-ups rather than being
integrated into the interface. Further, (F5) interventions were per-
ceived as more helpful and less annoying when they were �awless
in contrast to erroneous interventions.

(C4) A cross-platform comparison of TikTok videos, voice mes-
sages on Telegram, and text-image combinations on X. We found
that (F6) interventions' e�cacy and user perception was robust re-
garding the modality and social media platform of misinformation
content.

2 Related Work
We discuss related work on misinformation across di�erent modali-
ties, emphasizing the relevance of multimodal content (see Section
2.1). We further delve into digital misinformation interventions as
one of many pieces of the puzzle to tackle the phenomenon (see
Section 2.2), shedding light on the wide research landscape and
state-of-the-art countermeasures. Then, we take a closer look at
literature discussing bene�cial and adverse e�ects of misinforma-
tion interventions (see Section 2.3). Finally, we outline the resulting
research gaps and research questions that are addressed in our
paper (see Section 2.4).

2.1 Multimodal Misinformation on Social Media
Misinformation and how it is presented varies signi�cantly depend-
ing on the modality of content or social media platform on which it
appears. The heterogeneity of social media platforms, characterized
by a multitude of features and functionalities, fosters a substantial
potential for misleading content.

Text-based misinformation remains the most extensively studied,
especially on social media platforms like X (formerly Twitter), histor-
ically known for its accessible research data [31]. X is widely used
both by private individuals and by o�cials (e.g., for crisis commu-
nication), despite its current controversy and concerns regarding
content moderation and political impact. Research has explored tex-
tual features for misinformation detection [64, 76]. Indeed, despite
its text-heavy nature, X also incorporates multimodal elements (e.g.,
images or videos), though to a lesser extent than social media plat-
forms like TikTok or Instagram. Posts on X include multiple layers
that can either mislead or serve as cues for credibility assessment.
For instance, posts provide information about the author [20] via a
suspicious pro�le image or name, the number of followers, or other
social media posts by the author. Further, interactions with the
posts, such as likes and comments, or the content itself [21] with
rhetorical strategies or links to questionable external content can
be considered insightful characteristics [33]. Some characteristics
of text-based misinformation are transferable to other modalities
(e.g., loaded language) [30].

In contrast, contemporary social media platforms like TikTok,
a leading video-sharing platform (VSPs), embed misinformation
in richly multimodal forms. TikTok videos combine multiple con-
tent layers that may be susceptible to misdirection, including the
video itself, audio material, interactions with the video, and textual
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descriptions [47]. VSPs have rapidly grown in popularity, making
TikTok one of the most successful social media platforms, espe-
cially for younger people, and the most downloaded app worldwide.
While TikTok has been associated with positive e�ects like connect-
ing communities [45, 61] or fostering creativity [48], recent events
have demonstrated its vulnerability to misinformation and other
harmful content [4, 9, 39, 47]. Studies have investigated creators'
exposure to hate and harassment [68], how young users perceive
digital safety on TikTok, including misinformation and deep fakes
[25], who creates misinformation on the social media platform, and
how users act on them [4]. Recent work highlights the multimodal
layers of TikTok videos with their potential to mislead but also
to give cues on the credibility of the content. That includes, for
example, the comment section with user discussions [34, 47] or
other forms of interaction such as likes, shares, or stitches, emotion-
evoking characteristics (e.g., via music in the background, facial
expressions, or wordings), identi�able features of AI-generated or
manipulated content (e.g., additional �ngers, �lters), or a generally
attention-grabbing layout [30].

Misinformation in voice messages � prevalent in messaging plat-
forms such as Telegram and WhatsApp � remains underexplored,
despite its growing societal impact and salient concerns, both in
daily life and during times of crisis, when individuals seek informa-
tion in public messenger groups [46]. Since messaging apps began
supporting voice messages (e.g., in 2013 on WhatsApp [74]), they
have become widely adopted [23, 75]. The ability to disseminate
messages across multiple messenger groups has been shown to
accelerate the spread of information [19, 58]. Speech can convey
emotions that may unintentionally prompt users to spread misinfor-
mation. Research suggests that voice messages come with a unique
misleading potential due to their emotion-evoking attributes in the
audio material [23]. Initial insights have started looking into audio
tracks of videos for the detection of misinformation [63]. Others
delve deeper into voice messages by analyzing characteristics of
misinformation within [15, 23, 32, 43]. For instance, they found that
voice messages containing misinformation were longer on average
and tend to contain more negative emotions [43]. Speech rate and
sound volume have been shown to in�uence credibility assessment
of audio material [23], though users tend to focus on the content
itself (e.g., claims to be an expert or calls for action) rather than
tonality or other voice-speci�c cues [32].

While prior work explores misinformation within individual
social media platforms and modalities, few studies have examined
whether interventions remain e�ective across them. Given the
lack of research on the robustness of interventions across social
media platforms and modalities, our work aims to provide initial
quantitative insights into this gap.

2.2 Misinformation Interventions
Misinformation can be addressed through a range of approaches, in-
cluding critical journalism, media literacy training in educational in-
stitutions, automated detection technologies [35], and user-centered
interventions that exert a direct impact on users through the pre-
sentation or withholding of information [31]. Among these, dig-
ital user-centered interventions have become a central focus in
HCI research [31, 38], aiming to reduce misinformation spread,

alter sharing intentions, and foster critical thinking within human-
centered and technology-driven frameworks. Interventions take
various forms, including corrections (o�ered by private users, o�-
cials, or algorithms) [5, 12], as well as informational labels used to
�ag misinformation [8]. Research suggests that users favor interven-
tions that o�er a certain level of comprehensibility or transparency,
in contrast to more opaque approaches such as binary �agging
without context [27, 37].

Recent studies have begun to systematize the diverse landscape
of interventions, developing taxonomies that cluster them based
on design elements, timing, and the cognitive or behavioral pro-
cesses they intend to in�uence [31, 38]. The intervention research
landscape is notably heterogeneous, with most studies centered on
text-based content. However, more recent work has expanded to
visual and multimodal formats, including images [60], videos [30],
and graphs [13].

In a large-scale study, Kozyreva et al. [38] present a comprehen-
sive digital toolbox of state-of-the-art interventions, organized into
categories such as accuracy prompts to shift users' attention to
the concept of accuracy, debunking to counter false beliefs while
o�ering corrections, inoculation to expose users with manipulation
strategies before exposure to misinformation, media literacy tips,
social norms like peer in�uence to reduce sharing intentions, source
credibility labels such as ratings from 0 to 100, and warnings or
fact-checking labels among other [38]. Our study builds directly
on these systematic insights to select state-of-the-art interventions.
We clustered and combined these categories and included those that
are most commonly applied in the real world. Additionally, we en-
sured the inclusion of interventions that align with user preferences
for clarity and transparency [27, 37], as well as complementary in-
terventions designed to in�uence behavior on a more implicit or
subconscious level.

2.3 Bene�cial and Adverse E�ects of
Misinformation Interventions

Misinformation interventions vary in their approaches to in�uenc-
ing user behavior or content dissemination. Some aim to reduce
overall misinformation spread, while others focus on enhancing
users' ability to distinguish credible from false content. Some also
aim to decrease the intention to share misinformation while in-
creasing the sharing of accurate information. Related research has
assessed intervention e�cacy for speci�c contexts, including so-
cial media platforms, user demographics, and modalities [31]. Of-
ten, that involves comparisons with control groups without an
intervention or state-of-the-art interventions applied on speci�c
social media platforms. Complementary qualitative studies provide
deeper insight into how users perceive and respond to interven-
tions, examining perceptions of trust, psychological reactance, and
comprehensibility [31].

Quantitatively, interventions tend to have small to medium e�ect
sizes [e.g.,7, 71, 72]. Yet cross-study comparisons remain di�cult
due to substantial variations in settings (e.g., di�erent social media
platforms, modalities, participants), and ways to measure e�cacy
(e.g., credibility ratings vs. sharing intentions) [28, 31]. Calls for
standardized e�cacy metrics represent a step towards more suc-
cessful interventions [28], with recent meta-analyses allowing for
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initial insights, for example, comparing corrections in the context of
scienti�c misinformation where corrections were more successful
when detailed [16]. Similarly, Johansson et al. [36] systematically
summarized evidence on the e�cacy of various interventions. How-
ever, current studies evaluate the e�cacy within homogeneous
settings, often overlooking the variety of social media platform
characteristics and their potential impact on interventions' e�-
cacy and acceptance. Our study addresses this gap by comparing
multiple widely used misinformation interventions across distinct
content.

Importantly, interventions may have unintended consequences
[31] like over-correction and other spill-over e�ects on accurate
information [24, 29], over-reliance on interventions/automation
bias [41, 65] (especially because they are technology-driven [30]),
increased belief in misinformation when repeatedly exposed to
the content [6, 55, 66], or priming of general mistrust in accurate
content due to warnings [69]. Given the complexity of human
decision-making, it is not surprising that there are many psycho-
logical e�ects and biases to be considered when designing misinfor-
mation interventions. Among these are back�re e�ects when users
feel patronized [34] and the `Implied Truth E�ect' where warn-
ings attached to misinformation increase the perceived accuracy of
content without warnings [50] � even if it is misinformation.

Often, interventions depend on a prior misinformation detec-
tion � automated or manual � to trigger corrections or warnings.
However, even with promising progress in (often AI-based) detec-
tion approaches [57, 77], it remains challenging and �awed (i.e.,
there are false positive and false negative outputs), and often lacks
transparent and user-centered explanations. Related work on the
`automation bias' has investigated how people consider advice from
AI algorithms in comparison to human advice, revealing a tendency
for people to over-rely on automation. The bias has been explored
for speci�c sensitive contexts such as medical decisions and diag-
noses [26]. Considering the recent novelties in AI for misinforma-
tion detection, it is crucial to investigate that context as well. First
glimpses have been proposed in qualitative research that explores
how teenagers re�ect on the credibility assessment of a simulated
detection of misinformation on TikTok [30], requiring further in-
vestigations building on it. While the automation bias and biases
in training data are relevant for misinformation interventions that
include an automatic pre-�ltering approach, interventions that rely
on human credibility assessments entail di�erent challenges. Re-
cent controversial discussions have criticized social media platform
operators for shifting from professional fact-checks to community-
driven approaches1. For instance, X applies community notes that
rely on other users' feedback and their helpfulness ratings instead
of expert assessments2. Other interventions are designed to be
displayed by default, independent of any previous detection. For
example, this applies to many accuracy prompts that nudge users to
critically re�ect on the accuracy of content with targeted questions
[54].

In our study, we include various types of interventions that entail
di�erent biases and errors, facilitating a more critical view of the
bene�cial and adverse e�ects of misinformation interventions.

1https://www.dw.com/en/fact-check-are-xs-community-notes-�xing-or-fueling-
misinformation/a-73315972
2https://help.x.com/en/using-x/community-notes

2.4 Research Gap
This study advances HCI research on misinformation interventions
with a critical perspective on the e�cacy and perceptions of erro-
neous versus �awless interventions across modalities. Despite the
growing body of research on misinformation interventions, several
key gaps remain underexplored:

1st gap: Robustness across modalities and social media platforms.
While numerous studies have explored the e�cacy of interventions
in platform-speci�c settings, these investigations often occur in iso-
lation, mostly focus on text-based content, and lack cross-contextual
comparisons. It remains unclear how interventions perform across
di�erent social media platform environments and if speci�c content
modalities necessitate speci�c intervention types.

2nd gap: Erroneous interventions. Existing research often evaluate
interventions under ideal deployment conditions, where detection
systems (manual or automatic) are �awless and interventions are
applied appropriately. However, real-world systems are fallible, and
detection errors can undermine e�cacy and trust. Few studies have
accounted for such erroneous intervention behavior, despite its
essential implications for users.

This study addresses these research gaps by conducting a compar-
ative evaluation of misinformation interventions. Our overarching
goal is to answer the following research questions:

RQ1:How does the e�cacy and user perception of state-of-the-art
misinformation interventions vary across di�erent content
modalities?

RQ2:How does the presence of errors in misinformation interventions
impact e�cacy and user perception?

3 Methodology
To answer our research questions, we conducted an online exper-
iment with # = 1•004 English-speaking participants from the
USA, simulating the environments of X, TikTok, and Telegram.
The experiment implementation (i.e., stimuli, interventions, and
questionnaires) has been optimized for both mobile and desktop
participation. In the following, we provide details on study proce-
dure, participants, stimuli selection, misinformation interventions,
and statistical analysis.

3.1 Study Procedure and Ethics
The study procedure was inspired by the work of Pennycook et al.
[51], who provide practical guidelines for misinformation research.
Please see Figure 1 for a visualization of the study procedure. Our
study design was approved in advance by the university's ethics
committee (IRB Number EK 05/25). The data was secured and pro-
cessed in accordance with the data protection provisions of the
GDPR. We collected limited personal information (age, gender, edu-
cation, political preferences) and did not gather additional sensitive
data (e.g., ethnicity, religion, health). The experimental data was
stored on servers compliant with GDPR regulations.

Participants were randomly assigned to one of 30 groups: either
(a) to one of three control groups without misinformation interven-
tion (one per social media platform), (b) to one of �ve interventions
with a �awless performance (i.e., interventions always have a correct
output), or (c) to one of four misinformation interventions with a
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erroneous performance (i.e., interventions occasionally being erro-
neous; inoculations were only included in the �awless performance
condition). Thus, each participant interacted with only one social
media platform � X, TikTok, or Telegram � and, if assigned, was
exposed to only one intervention type.

After providing informed consent and socio-demographic in-
formation, participants were shown a two-minute introductory
video explaining the study procedure and social media platform
simulations. The video demonstrated interactive elements of the
respective social media platform simulation (i.e., how to open the
comment section and pro�le description) and, if applicable, guided
users to explore the intervention (e.g., by hovering over see more
buttons).

Participants viewed 18 social media posts in randomized order
(nine containing misinformation and nine containing accurate in-
formation). After each post, they responded to four questions on
a 6-point Likert scale assessing (1) sharing intention, (2) content
familiarity, (3) perceived importance, and (4) perceived accuracy
(see Table 2, Appendix, for the full questionnaires). Following this
task, participants completed a short survey on political preferences
and their usage of X, TikTok, and Telegram. They also indicated
whether they had responded randomly at any point during the
study. In addition, we included two attention-check items within
the experiment. Participants who failed were excluded from further
participation.

Participants assigned to an intervention completed an additional
questionnaire evaluating their experience. They were asked (1)
whether they noticed any additional interface features or elements
di�erent from the typical social media platform, (2) whether they
noticed the intervention (showing a screenshot), (3) how annoying
or helpful they found the intervention if noticed, (4) whether they
noticed the intervention being erroneous, and (5) what they liked
or disliked about the intervention (in a open-text format).

For all participants, the experiment concluded with a debrie�ng
outlining the study goals, emphasizing that the task involved both
misinformation and accurate information, as well as (erroneous)
interventions. We provided a downloadable PDF that explicitly
corrected the misinformation posts and intervention errors, with
links to professional fact-checks. Participants were thanked for
their valuable contribution and redirected to the panel provider to
receive their compensation.

3.2 Participants and Recruitment
Because standardized power analysis methods for cumulative link
mixed models (CLMMs) are not available, we conducted a conven-
tional a priori power analysis based on a one-way ANOVA with
30 groups (U =0”05, 1� V = 0”80). This analysis suggested that a
sample of between# = 410 and# = 2•444 participants would be
required to detect small to medium e�ects. To enable �ne-grained
comparisons across experimental conditions, and in light of the
ordinal outcome structure and inclusion of random e�ects in the
CLMM, we ultimately recruited# = 1•004 (approximately 33 partic-
ipants per group, see Tab. 5, Appendix), which provided su�cient
statistical power for the planned analyses. Participants were re-
cruited via Proli�c3, a panel provider platform speci�cally designed

3https://proli�c.co/

to provide samples for scienti�c studies and whose reliability has
been con�rmed by several studies [2, 49]. Misinformation research
is always connected to the contextual environment it is located in,
for example, regarding the choice of stimuli that should be relevant
to the audience. As for our statistical analysis a substantial sample
size was essential, we focused on individuals with a residency in
the U.S. as the largest represented sample on Proli�c. We sought
diverse perspectives by selecting a representative sample regarding
sex, age, and political a�liation based on the USA census data,
and included diverse educational backgrounds. The participants
were 52% female, 47% male, and 1% diverse. Their educational levels
ranged from less than a high school degree to a doctoral degree
(see Tab. 4, Appendix). Participants received $4,50 as compensation
for an average duration of 30 minutes.

3.3 Stimuli
Our goal was to use realistic, ecologically valid content based on
real-world social media examples. To identify suitable misinfor-
mation posts, we (1) consulted o�cial fact-checking websites (e.g.,
PolitiFact) to identify current and o�cially debunked topics that
span a wide range of misinformation and political perspectives.
These debunking articles often link directly to original social media
posts, which was the case for all selected original X posts and Tik-
Tok videos. For Telegram, we manually searched public channels
for voice messages related to the identi�ed misinformation topics.

We also (2) included nine social media posts with accurate infor-
mation or neutral personal opinions. Following guidelines on misin-
formation research [52], we refrained from using only veri�ed-true
content from fact-checking websites and instead included a variety
of creators as sources. As with the misinformation content, we
selected a mix of topics that were neither outdated nor likely to be
overly familiar to average participants.

For both misinformation and accurate content, we (3) selected
six original posts per social media platform (X, TikTok, Telegram).
As we aimed to confront all participants with the same misinfor-
mation and accurate information, despite the di�erent assigned
social media platforms, each participant saw six posts original to
the assigned social media platform, and the remaining posts were
converted to the social media platform modality. Figure 11 (Ap-
pendix) demonstrates an exemplary conversion �ow. Content was
carefully reformatted to match the requirements and conventions of
the target modality. Text and audio were relatively straightforward
to convert from TikTok to X and Telegram, while converting X posts
or Telegram voice messages to TikTok videos required greater ef-
fort. We used CapCut4 to produce TikTok-style videos, using either
existing footage from fact-check sources or suitable public TikTok
content. Audio was created via a researcher-recorded voiceover
reading the original post text, and videos included typical on-screen
captions based on the transcribed audio. Message framing, length,
and tone were preserved during reformatting. We argue that this
kind of cross-modal content adaptation mirrors naturally occurring
social media practices, as sharing and re-purposing content across
social media platforms is common in everyday use.

We (4) enriched all posts with contextual cues, including the
number of likes, shares (not for Telegram, as not applicable there),

4https://capcut.com
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Figure 1: Flow of the study procedure.

and comments drawn from the original source. Participants could
view the �rst �ve comments and access creator pro�les, including
bio texts. Usernames were pseudonymized, except in the case of
veri�ed o�cial accounts (e.g., those with a blue check mark). See
Table 3 in the Appendix for detailed information on the selected
stimuli.

3.4 Erroneous and Flawless Misinformation
Interventions

Given the numerous types of interventions explored in the aca-
demic research, the question arises as to which speci�c ones should
be investigated. In selecting the interventions for this study, we
aimed to cover a broad variety, guided by the umbrella categories
(e.g., refutation strategies, nudges, boosts) proposed by Kozyreva

et al. [38]. Within each category, we prioritized interventions ei-
ther already used in practice or those that are often implemented
in research. The selected interventions were: (1) professional fact-
checks, (2) community notes, (3) indicators, (4) accuracy prompts,
and (5) inoculation (see Figures 2, 3, 4, 5, 6, and 7). The interven-
tions were styled consistently across the social media platforms.
Consequently, all user interface elements described in Section 3.4.1
are applied to X, TikTok, and Telegram. For instance, a contextual
note by other users is inserted below the post (i.e., below the X post,
below the TikTok video, or below the voice message on Telegram)
in the community notes. The key elements of all interventions can
be found in Figures 2, 3, 4, 5, 6, and 7.

3.4.1 Intervention Descriptions. In light of the recent shifts from
professional fact-checks to community notes on several social media
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(a) Professional fact-check on TikTok (b) Professional fact-check on Telegram

(c) Professional fact-check on X

Figure 2: Overview of professional fact-checks across social media platforms.
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(a) Community note on TikTok (b) Community note on Telegram

(c) Community note on X

Figure 3: Overview of community notes across social media platforms.

platforms, and their key role in practice, we included both interven-
tions (see Figures 2 and 3). Their designs were based on historical
and current interventions on X. In the community notes interven-
tion, a contextual note contributed by other users is shown below
the post, along with the option to rate the helpfulness of the infor-
mation. In contrast, professional fact-checks use a similarly styled
note, but written and veri�ed by professional fact-checkers.

As a similarly transparent intervention, we included indicators
for misinformation (see Figures 4, 5, 6), which have been quali-
tatively studied across modalities and are likely to address users'
needs for comprehensibility and transparency [30, 37]. Unlike fact-
checks or community notes, indicator-based interventions (though
not always) rely on an automated pre-screening, followed by high-
lighting content features that signal unreliability (e.g., dramatic
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(a) Indicators on TikTok (b) Indicators on TikTok (detailed view)

Figure 4: Overview of indicators on TikTok with main list (left) and detailed view on one speci�c indicator (right).

music playing in the background, hashtags with conspiratorial key-
words, attention-grabbing layout). In our version, a text indicates
that an algorithm or a human evaluator has determined that this is
most likely false and presents a list of clues to support this judg-
ment. Participants can swipe through the intervention to explore
each indicator and see how it maps to components of the post.

Representing the nudge category, we included accuracy prompts
(see Figure 7). While not currently deployed by social media plat-
forms in practice (to our knowledge), their e�cacy is well supported
by academic research [53, 54]. Unlike the other four interventions,
accuracy prompts operate at a more subconscious level. The prompt
appears after each misinformation post, once participants �nish

engaging with it and attempt to proceed. It asks participants to rate
the accuracy of the post using a 4-point Likert scale, with the goal
of nudging cognitive re�ection. Responding is mandatory to ensure
engagement, although responses are not saved or analyzed in this
study.

To represent the boost category Kozyreva et al. [38], we included
inoculation (see Figure 7d). Despite strong empirical support, inoc-
ulation techniques are not yet widely implemented on social media
platforms. Unlike the other interventions, which appear during or
after each misinformation post, inoculation was presented once
before participants viewed any stimuli. We adopted the video-based
approach developed by Roozenbeek et al. [59], originally consisting
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(a) Indicators on Telegram (b) Indicators on Telegram (detailed view)

Figure 5: Overview of indicators on Telegram with main list (left) and detailed view on one speci�c indicator (right).

of �ve short videos5, each targeting a manipulation technique. Due
to time constraints, we included the three videos most relevant to
our stimuli and edited them into a single compilation. These ad-
dressed emotionally manipulative language (e.g., words that evoke
fear or outrage), scapegoating (i.e., singling out a person or group
for a particular problem), and ad hominem attacks (i.e., attacking
the person making an argument and not addressing the argument
itself to redirect away from the subject and towards an individual)
[59].

3.4.2 Erroneous Conditions. While some experimental groups were
assigned to perfectly functioning interventions, others experienced
an erroneous condition. We assume that all selected interventions
� except inoculation � can naturally produce errors in real-world
implementations.

These �aws manifest as false positives, where manual or auto-
matic pre-screening incorrectly classi�es accurate content as misin-
formation. As a result, users may encounter fact-checks, community

5https://inoculation.science/inoculation-videos/

notes, accuracy prompts, and indicators attached to posts that are,
in fact, accurate.

Conversely, false negatives occur when misinformation is not
detected and is thus presented without any corrective intervention.
In this case, fact-checks, community notes, indicators, and accuracy
prompts are absent, even though the content is misleading. Fol-
lowing prior work on indicator-based interventions, we included
a generic message in such cases, suggesting that an algorithm (or
human) determined the content is likely accurate, even though it is
actually misinformation.

Based on the assumption that false negatives are slightly more
probable than false positives, the erroneous condition included
three false negatives and two false positives, in addition to thirteen
correctly applied interventions. This distribution was designed to
simulate the imperfect performance of (automated and human)
misinformation detection systems. The error rates, however, are
higher than in recent promising detection e�orts [1] to allow for a
noticeable amount within the restricted sample of 18 stimuli. Thus,
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(a) Indicators on X (b) Indicators on X (detailed view)

Figure 6: Overview of indicators on X with main list (left) and detailed view on one speci�c indicator (right).

the distribution in our experiment is a simpli�cation. It is notewor-
thy that particularly professional fact-checking interventions are
likely to produce signi�cantly fewer errors in real-world scenarios
and may actively seek to correct them once identi�ed. Future work
may complement our simpli�ed assumption with a more realistic,
nuanced perspective on error rates.

3.5 Analysis
The main objective in the analysis was to compare our 30 groups
(control groups, interventions with �awless performance, interven-
tion types with erroneous performance, three social media plat-
forms) regarding accuracy ratings, sharing intentions, and user
acceptance of interventions. To detect group-level di�erences, we
used CLMMs as an extension of the cumulative link models (CLM)
[67] using the R `ordinal' package6, allowing for a precise analysis
that incorporates each individual response separately. The approach
facilitates accounting for the non-independence of observations, as

6https://cran.r-project.org/web/packages/ordinal/index.html
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