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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.

Keywords
misinformation, disinformation, fake news, intervention, nudge,
indicator

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’26, Barcelona, Spain
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2278-3/2026/04
https://doi.org/10.1145/3772318.3790630

ACM Reference Format:
KatrinHartwig, TomBiselli, Franziska Schneider, Immanuel Lamp, andChris-
tian Reuter. 2026. From TikTok to Telegram: Cross-Platform Efficacy and
User Acceptance of Erroneous and Flawless Misinformation Interventions.
In Proceedings of the 2026 CHI Conference on Human Factors in Computing
Systems (CHI ’26), April 13–17, 2026, Barcelona, Spain. ACM, New York, NY,
USA, 29 pages. https://doi.org/10.1145/3772318.3790630

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-filtering 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 specifically 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 efficacy and user accep-
tance [31, 38]. Findings reveal that we are still far from a decisive
solution, as many studies report only marginal effect sizes of in-
terventions or even adverse effects 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 definitions of misinforma-
tion, it is even more essential for users to critically reflect not only
on the content itself, but also on implemented countermeasures.

Conducting a large-scale online experiment (𝑁 = 1, 004), our
paper advances misinformation research from an HCI perspective
by focusing on the efficacy and user acceptance of erroneous ver-
sus flawless misinformation interventions across modalities. This
builds on related work that delved into adverse effects in the con-
text of misinformation and research on automation biases in other
contexts with decisions based on artificial intelligence (AI) [70]. We
model imperfection by evaluating five 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 different modalities of
misinformation, allowing for an assessment of the interventions’
robustness. In accordance with other HCI research [30], we investi-
gate both efficacy (e.g., accuracy assessment and sharing intentions)
and user perceptions (e.g., perceived helpfulness and annoyance).

Our core contributions (C) and findings (F) are:
(C1) A quantitative evaluation of the efficacy of five misinforma-

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

(C2) A comparison of erroneous and flawless interventions. We
found that (F3) for efficacy, it is decisive whether an intervention
is erroneous, as significant changes in accuracy assessments were
only found for the flawless interventions.

(C3) An investigation of perceived helpfulness and annoyance.
(F4) community notes, professional fact-checks, and indicators
were perceived as significantly more helpful but more annoying
than accuracy prompts, which disrupt the natural flow 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 flawless
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’ efficacy 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 different 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 beneficial and adverse effects 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 significantly 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 officials (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 profile 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 effects 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), identifiable features of AI-generated or
manipulated content (e.g., additional fingers, filters), or a generally
attention-grabbing layout [30].

Misinformation in voice messages — prevalent in messaging plat-
forms such as Telegram andWhatsApp — 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 influence 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-specific cues [32].

While prior work explores misinformation within individual
social media platforms and modalities, few studies have examined
whether interventions remain effective 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 (offered by private users, offi-
cials, or algorithms) [5, 12], as well as informational labels used to
flagmisinformation [8]. Research suggests that users favor interven-
tions that offer a certain level of comprehensibility or transparency,
in contrast to more opaque approaches such as binary flagging
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 influence [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
offering corrections, inoculation to expose users with manipulation
strategies before exposure to misinformation, media literacy tips,
social norms like peer influence 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 influence behavior on a more implicit or
subconscious level.

2.3 Beneficial and Adverse Effects of
Misinformation Interventions

Misinformation interventions vary in their approaches to influenc-
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 efficacy for specific 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 specific
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 effect
sizes [e.g., 7, 71, 72]. Yet cross-study comparisons remain difficult
due to substantial variations in settings (e.g., different social media
platforms, modalities, participants), and ways to measure efficacy
(e.g., credibility ratings vs. sharing intentions) [28, 31]. Calls for
standardized efficacy 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
scientific misinformation where corrections were more successful
when detailed [16]. Similarly, Johansson et al. [36] systematically
summarized evidence on the efficacy of various interventions. How-
ever, current studies evaluate the efficacy within homogeneous
settings, often overlooking the variety of social media platform
characteristics and their potential impact on interventions’ effi-
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 effects 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 effects and biases to be considered when designing misinfor-
mation interventions. Among these are backfire effects when users
feel patronized [34] and the ‘Implied Truth Effect’ 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 flawed (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 specific 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 reflect 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-filtering approach, interventions that rely
on human credibility assessments entail different 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 reflect on the accuracy of content with targeted questions
[54].

In our study, we include various types of interventions that entail
different biases and errors, facilitating a more critical view of the
beneficial and adverse effects of misinformation interventions.
1https://www.dw.com/en/fact-check-are-xs-community-notes-fixing-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 efficacy and perceptions of erro-
neous versus flawless 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 efficacy of interventions
in platform-specific 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
different social media platform environments and if specific content
modalities necessitate specific intervention types.

2nd gap: Erroneous interventions. Existing research often evaluate
interventions under ideal deployment conditions, where detection
systems (manual or automatic) are flawless and interventions are
applied appropriately. However, real-world systems are fallible, and
detection errors can undermine efficacy 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 efficacy and user perception of state-of-the-art
misinformation interventions vary across different content
modalities?

RQ2: How does the presence of errors inmisinformation interventions
impact efficacy and user perception?

3 Methodology
To answer our research questions, we conducted an online exper-
iment with 𝑁 = 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 five interventions
with a flawless performance (i.e., interventions always have a correct
output), or (c) to one of four misinformation interventions with a

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


Cross-Platform Efficacy and User Acceptance of Erroneous and Flawless Misinformation Interventions CHI ’26, April 13–17, 2026, Barcelona, Spain

erroneous performance (i.e., interventions occasionally being erro-
neous; inoculations were only included in the flawless 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 profile 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
different 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 debriefing
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 (𝛼 = 0.05, 1 − 𝛽 = 0.80). This analysis suggested that a
sample of between 𝑁 = 410 and 𝑁 = 2, 444 participants would be
required to detect small to medium effects. To enable fine-grained
comparisons across experimental conditions, and in light of the
ordinal outcome structure and inclusion of random effects in the
CLMM, we ultimately recruited𝑁 = 1, 004 (approximately 33 partic-
ipants per group, see Tab. 5, Appendix), which provided sufficient
statistical power for the planned analyses. Participants were re-
cruited via Prolific3, a panel provider platform specifically designed

3https://prolific.co/

to provide samples for scientific studies and whose reliability has
been confirmed 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 Prolific. We sought
diverse perspectives by selecting a representative sample regarding
sex, age, and political affiliation 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 official fact-checking websites (e.g.,
PolitiFact) to identify current and officially 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 identified 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 verified-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 different 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 flow. 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

https://zoom.us/
https://prolific.co/
https://capcut.com


CHI ’26, April 13–17, 2026, Barcelona, Spain Katrin Hartwig, Tom Biselli, Franziska Schneider, Immanuel Lamp, and Christian Reuter

1 Informed consent & Demographics

1a Inoculation video

2 Tutorial 
platform UI

3 Tutorial 
intervention UI

4 Social media post

5 Questionnaire social media post

6 Questionnaire intervention

7 Questionnaire politics and social media usage

8 Debriefing

all but 
inoculation condition

control group 
and inoculation

control group

only inoculation condition

all but control
group and

inoculation

for all 18 posts

all but control group

Figure 1: Flow of the study procedure.

and comments drawn from the original source. Participants could
view the first five comments and access creator profiles, including
bio texts. Usernames were pseudonymized, except in the case of
verified official 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 specific 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 verified 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 specific 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 efficacy 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 finish

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 reflection. 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 specific indicator (right).

of five 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 groupswere
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 flaws manifest as false positives, where manual or auto-
matic pre-screening incorrectly classifies 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 efforts [1] to allow for a
noticeable amount within the restricted sample of 18 stimuli. Thus,

https://inoculation.science/inoculation-videos/
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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 specific indicator (right).

the distribution in our experiment is a simplification. It is notewor-
thy that particularly professional fact-checking interventions are
likely to produce significantly fewer errors in real-world scenarios
and may actively seek to correct them once identified. Future work
may complement our simplified 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 flawless 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 differences, 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

https://cran.r-project.org/web/packages/ordinal/index.html
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(a) Accuracy prompt on X (b) Accuracy prompt on Telegram

(c) Accuracy prompt on TikTok (d) Screenshot from inoculation video

Figure 7: Overview of accuracy nudges on all three social media platforms and screenshot of the inoculation video.

multiple participants responded to the same posts and individual
participants responded to multiple posts. We modeled the posts
and participants as random effects and the differences between the
interventions and experimental groups as fixed effects using a logic
link function. Subsequently, we conducted pairwise comparisons

using the ‘emmeans’ package7. This resulted in estimated marginal
means (EMMs), commonly known as least-squares means, enabling
us to adjust for multiple comparisons and focus on the direct com-
parisons of interest within our model’s framework. Additionally, we
fitted ordinal logistic regression models to examine differences in

7https://cran.r-project.org/web/packages/emmeans/index.html

https://cran.r-project.org/web/packages/emmeans/index.html
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perceived helpfulness and annoyance of interventions as measures
of user acceptance. To account for multiple comparisons during the
statistical analysis, the Benjamini-Hochberg method was applied
to correct alpha errors [11]. In addition, we separately analyzed
the subset of participants who were assigned to erroneous inter-
ventions to examine effects on user acceptance and whether they
noticed the errors. Therefore, we conducted a 𝜒2 analysis looking
for group differences and enriched them with anecdotal qualitative
insights from a free-text question. All analyses were conducted in
RStudio version 4.2.28.

4 Findings
The main goal of our analysis was to understand differences in
accuracy ratings and sharing tendencies for misinformation based
on intervention type (inoculation, accuracy prompt, community note,
fact-check, indicators), whether the intervention was erroneous or
not (intervention quality high and low), and the assigned social me-
dia platform/modality (TikTok, X, Telegram). For misinformation
posts, a low accuracy rating is desirable, while for accurate posts, a
high accuracy rating is desirable. Figure 8 shows the mean accuracy
ratings of misinformation (6-point Likert scale from ‘extremely in-
accurate’ to ‘extremely accurate’) by intervention type, intervention
quality, and social media platform. Across all social media platforms,
the control group without an intervention consistently produced
the highest mean accuracy ratings of misinformation (i.e., rating
misinformation as more accurate). With flawless interventions, mis-
information was generally rated less accurate than in the control
group or erroneous interventions. With erroneous interventions,
misinformation was often rated less accurate than in the control
group but more accurate than with flawless interventions – partic-
ularly regarding fact-check and indicators. Interestingly, in some
instances, like community note, the flawless implementation did
not consistently lead to misinformation being rated less accurate
compared to erroneous implementation. The error bars, however,
indicate some overlap between conditions within social media plat-
forms, suggesting that while trends are visible, differences in means
should be interpreted alongside the inferential results in Section
4.1. In the following, we report on statistically significant effects
on accuracy ratings and user acceptance, indicating differences
between the various conditions.

4.1 Efficacy of Interventions
To assess statistical differences between experimental conditions
and social media platforms, we fitted a CLMMwith accuracy ratings
for misinformation as the outcome, and study group and social
media platform (and their interaction) as fixed effects. To control
for systematic effects of the stimuli (which were the same across
participants) and participants (who viewed multiple stimuli), we
incorporated these as random effects. The results in this regard
indicated substantial between-user variance and smaller between-
stimulus variance.

Overall, the results (see Table 1) showed how interventions var-
ied in their effect on accuracy ratings of misinformation compared
to the control group without intervention. Specifically, fact-check
(𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 = −1.16, 𝑝 = .009) and indicators (𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 = −1.13, 𝑝 =

8http://www.rstudio.com/

.01) significantly improved (i.e., reduced) accuracy ratings of misin-
formation. In contrast, inoculation, accuracy prompt, and community
note did not significantly affect accuracy ratings according to this
complex model. Interestingly, we found no significant main effects
for social media platform differences. Furthermore, no interactions
between intervention and social media platform were observed,
indicating consistent effects of interventions across modalities and
social media platforms. We then conducted post-hoc pairwise com-
parisons between all study groups using estimated marginal means
(EMMs) to gain a more detailed understanding of the results (see
Table 6). Specifically, fact-check and indicator interventions signifi-
cantly reduced the perceived accuracy of misinformation, compared
to both the control group and the inoculation group (for both fact-
check and indicators), as well as compared to the accuracy prompt
(fact-check). Interestingly, when considering EMMs averaged across
social media platforms, community note also significantly reduced
accuracy ratings of misinformation compared to the control group.
Thus, the results confirm the potential of fact-check, indicators, and
community notes for more accurately discerning misinformation,
with stronger evidence for the former two and weaker evidence for
the latter.

Importantly, these effects were only observed when the analysis
was restricted to interventions that were implemented flawlessly.
When erroneous variants were included in the CLMM, none of the
interventions significantly altered the perceived accuracy of misin-
formation ratings (all 𝑝 > .05), although the direction of the effects
remained consistent with the analysis of flawless interventions
only (see Table 7, Appendix). Similarly, when modeling sharing
intentions as the dependent variable, no significant effects were
found, even for flawless interventions. This indicates that improved
accuracy assessments did not directly result in changes to sharing
behavior (see Table 8, Appendix).

4.2 User Acceptance of Interventions
In addition to effects of interventions on sharing intentions and
accuracy ratings, two measures of user acceptance were collected:
perceived helpfulness and perceived annoyance of the interventions.
Spearman’s rank correlation and Cronbach’s alpha as measures
of association between the two suggest that they do not form a
coherent scale (both < .50), which is why we analyzed the two
separately. We first evaluated user acceptance of the interventions
by combining the erroneous and flawless variants to obtain more
robust insights into how the interventions would be perceived in a
realistic scenario.

An ordinal logistic regression was conducted to evaluate po-
tential interactions between study groups and social media plat-
forms, examining the effects of intervention type and social media
platform on participants’ ratings of helpfulness. Compared to the
accuracy prompt with the lowest helpfulness ratings, the model
revealed a significant difference for community note and fact-check
(see Table 9, Appendix). Interaction terms suggested that on X, the
relative advantage of community notes and indicators over accuracy
prompts regarding perceived helpfulness is significantly larger than
on TikTok, where additional information partly overlapped the
video content. Direct comparisons between interventions using
estimated marginal means (EMMs) showed significantly higher

http://www.rstudio.com/
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Figure 8:Mean accuracy ratings ofmisinformation across socialmedia platforms and intervention types. For these corresponding
misinformation posts, a low accuracy rating is desirable in contrast to a high accuracy rating.

helpfulness ratings for fact-check and community note compared to
the other interventions, but also for indicators to a smaller extent
(see Table 11 (Appendix) and Figure 9a). Importantly, estimates here
are based on the latent scale of the ordinal logistic regression and
do not correspond to raw means. Overall, these results suggest that
certain interventions, particularly fact-check and community notes,
were perceived as more helpful by participants across social media
platforms. This indicates a preference for interventions that do not
disrupt the natural flow of social media use by being integrated
into the interface instead of appearing, for instance, as additional
pop-ups.

To evaluate effects of intervention type and social media plat-
form on participants’ ratings of annoyance, another ordinal logistic
regression was conducted. Compared to the accuracy prompt with
the lowest annoyance ratings, the model revealed significant dif-
ferences for fact-check and indicators, among others (see Table 10,
Appendix). Interaction terms suggested that on X, the perceived
annoyance of community notes and indicators relative to accuracy

prompts is significantly lower than on TikTok. More detailed di-
rect comparisons between interventions using EMMs (see Table 12
(Appendix) and Figure 9b) showed the lowest annoyance rating for
accuracy prompt and the highest annoyance rating for inoculation.
Fact-check and indicators rank in the middle, and are still perceived
as significantly more annoying than accuracy prompt.

Separately analyzing the subset of participants that were as-
signed to erroneous interventions (i.e., all but inoculation), we
found that 35% stated not to have noticed the interventions’ errors,
45% were not sure, and 8% did not notice the intervention overall.
In contrast, 11% stated that they had noticed the assigned inter-
vention’s errors. This largely differs among intervention types. In
particular, only two participants noticed the accuracy prompt being
erroneous (i.e., it was sometimes missing when the content was
misinformation and was sometimes displayed, although the content
was correct). As the accuracy prompt does not include a statement
about an external accuracy assessment of other parties and only
aims to nudge a critical reflection of the individually targeted user,
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Table 1: Cumulative Link Mixed Model predicting perceived accuracy ratings (flawless interventions only).

Parameter Estimate Std. Error z value Pr(>|z|)

Fixed Effects:
inoculation -0.159 0.424 -0.375 0.708
accuracy prompt -0.445 0.419 -1.060 0.289
community note -0.629 0.438 -1.438 0.150
fact-check -1.155 0.440 -2.628 0.009
indicator -1.128 0.436 -2.586 0.010
TikTok -0.007 0.422 -0.017 0.986
X -0.239 0.415 -0.576 0.564
inoculation × TikTok -0.149 0.599 -0.248 0.804
accuracy prompt × TikTok -0.017 0.600 -0.029 0.977
community note × TikTok 0.187 0.609 0.307 0.759
fact-check × TikTok -0.146 0.610 -0.239 0.811
indicator × TikTok 0.618 0.603 1.025 0.305
inoculation × X 0.059 0.591 0.099 0.921
accuracy prompt × X -0.044 0.591 -0.074 0.941
community note × X -0.082 0.607 -0.135 0.892
fact-check × X 0.124 0.597 0.208 0.835
indicator × X 0.252 0.609 0.414 0.679
Random Effects: Variance Std. Dev.
Participant (Intercept) 5.469 2.339
Post (Intercept) 0.052 0.229
Thresholds: Estimate Std. Error z value
1|2 -0.942 0.337 -2.792
2|3 0.266 0.337 0.790
3|4 1.041 0.338 3.083
4|5 2.466 0.340 7.262
5|6 4.371 0.350 12.481

Note: Reference categories used in the model are ‘No intervention’ and ‘Social Media Platform: Telegram’. A Likelihood Ratio Test indicates a
significant improvement over a null model (𝜒2 = 34.2(17), 𝑝 = 0.007).

patterns of ‘flaws’ are hard to detect, and it is even arguable if
the intervention can actually be noticeably erroneous. Therefore,
we excluded the erroneous accuracy prompt from the following
statistical analyses. This allowed us to conduct a 𝜒2 analysis, as all
remaining groups are large enough for statistical comparison.

Confronted with erroneous community notes, 𝑁 = 41 partici-
pants did not notice any errors, and 𝑁 = 6 stated that they had no-
ticed the errors. This is similar for professional fact-checks (𝑁 = 42
and 𝑁 = 9). In contrast, errors of indicators were not noticed by
𝑁 = 24 participants, while 𝑁 = 18 stated that they had noticed
the indicator intervention’s errors. Conducting a 𝜒2 test, we found
significant statistical differences with a small effect size between
the different erroneous interventions regarding whether the errors
were noticed or not (𝜒2 (2, 𝑁 = 302) = 9.22, 𝑝 = .010, Cramer’s
𝑉 = 0.17).

We expected that noticing the errors of interventions impacts
the participants’ perceived helpfulness and annoyance. A Wilcoxon
rank-sum test revealed statistically significant differences (see Fig-
ure 10): Interventions’ helpfulness was rated lower when partici-
pants noticed errors (𝑊 = 2262.5, 𝑝 = .004), and the annoyance was
rated significantly higher (𝑊 = 1337, 𝑝 = .013). Both observations
confirmed our hypothesis.

We aimed to delve deeper into participants’ reflections on the
erroneous interventions by considering the free-text question that
asked what they liked or disliked about the interventions. We did
not systematically analyze these textual answers, but provided
some anecdotal insights to enrich our quantitative analysis. We
were particularly interested in the subgroups that stated to have
noticed the errors (community notes: 𝑁 = 6 out of 101, professional
fact-checks: 𝑁 = 9 out of 105, indicators: 𝑁 = 18 out of 96). For
the community notes, some participants explicitly stated that they
did not like the intervention because of its errors (i.e., claiming the
content is accurate although it is false or the other way around).
It was further criticized that community notes are solely based on
other users’ assessments and sometimes “lack clear sources, which
may reduce trust in the intervention” (#P155). Among those six who
noticed the errors, only two participants positively commented on
the intervention. For the professional fact-checks, some participants
showed general skepticism (“I don’t believe fact checkers” (#P324))
or raised concerns of oversimplification and censorship (“[...] I’m
concerned it may oversimplify complex issues or limit open discourse
if not carefully implemented” (#P641)). For the indicators, out of
the 18 participants who noticed the intervention being erroneous,
twelve still highlighted positive aspects of the intervention. They
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Figure 9: Distributions of participants’ ratings on helpfulness and annoyance of the interventions across social media platforms.
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Figure 10: Distributions of participants’ ratings on helpfulness and annoyance of the erroneous interventions, separated by
whether they noticed errors.

emphasized its overall goal to “add a bit more information to help
understand what the message is saying” (#P806), or “help [...] to bet-
ter identify ways in which emotion is evoked” (#P813). However, it
was also criticized for its inaccuracy: “It could help people distin-
guish between true and not true, but it is wrong and untrustworthy”
(#P360). Indeed, some participants underscored the importance of
the intervention being always correct: “I think it’s good to have the
intervention in there, but the information must be correct. If it’s not,
it doesn’t help at all” (#P348).

From those who did not notice the errors, there were mostly
positive comments on all three interventions. Twenty-nine partici-
pants confronted with erroneous community notes gave exclusively
positive feedback like: “I like it a lot. It combats misinformation by
communicating the truth” (#P45). Some were critical about the com-
munity being the source of the correction: “I like the concept, but I
think it could further misinformation because its just from a random
source” (#P116), while others explicitly liked that: “It was helpful to
see what other people think about the post” (#P1210). Interestingly,
one participant explicitly emphasized they did not expect an in-
tervention to always be accurate and still liked it: “[...] even if the
intervention isn’t necessarily 100% correct, it helps you to think a little
and think twice about what you’re reading” (#P1242). Twenty-seven
participants assigned to the erroneous professional fact-checks still
only made positive comments on the intervention (e.g., “What I like
about the intervention is that it encourages people to pause and think
before sharing something. It’s a simple way to remind us to check if
the information is actually true. In a world where things spread so
fast online, that little moment of reflection can make a big difference
in stopping misinformation.” (#P616)), while five exclusively gave
negative feedback or raised concerns (e.g., “Fact checking isn’t al-
ways accurate either. So, relying on the intervention isn’t a good idea.

I don’t like fact checkers. I’ll do my own fact-checking, thank you
very much. The internet is about 80 percent lies anyway.” (#P1264) or:
“Who’s checking the fact-checkers” (#P430)). Regarding indicators,
the erroneous intervention received exclusively positive feedback
from twenty participants, for instance: “The intervention provided
some important information needed when it comes to certain content
that is on Telegram. Big help shuffling, which is factual from what is
a lie” (#P267), or “I like how it combats misinformation and how deep
and detailed the information it goes through to show you. I thought it
was interesting that it also looks at the comments/replies to the post
in its fight against misinformation” (#P425). Others highlighted that
the indicators facilitate a shift from gut feelings to rationality.

5 Discussion
This study evaluates the efficacy and user acceptance of five types
of misinformation intervention (inoculation, accuracy prompt, com-
munity note, fact-check and indicators) across three social media
platforms (TikTok, X and Telegram) in a large online experiment.
The results show that the fact-check and indicators interventions,
and to a lesser extent community notes, significantly reduced the
perceived accuracy of misinformation. In contrast, inoculation and
accuracy prompts did not influence accuracy ratings. These results
were robust across social media platforms and modalities. The study
also compared the effects of interventions that worked perfectly
with those that were erroneous, resulting in (a) corrections or warn-
ings being displayed on accurate information and (b) corrections or
warnings missing on misinformation. The results show that signifi-
cant positive effects can only be observed in flawless conditions,
thus strengthening the need for accurate (manual or automatic)
misinformation detection. The interventions were generally well



CHI ’26, April 13–17, 2026, Barcelona, Spain Katrin Hartwig, Tom Biselli, Franziska Schneider, Immanuel Lamp, and Christian Reuter

received in terms of user acceptance, particularly the community
note, fact-check and indicators that provide additional informa-
tion, whereas the accuracy prompt as less transparent approach
was not considered very helpful. Conversely, accuracy prompts
were rated as particularly less annoying, whereas the fact-check
and indicators were rated as significantly more annoying. Some
nuanced differences regarding social media platform and user per-
ception also emerged, with community notes and indicators rated
as relatively more helpful and less annoying on X compared to
TikTok, highlighting that social media platform context can shape
how interventions are received. This particularly reflects the limits
of intervention integration within existing social media platform
user interfaces that result in annoying content overlaps on TikTok,
which might be solved with improved collapsible elements.

5.1 RQ1: How does the efficacy and user
perception of state-of-the-art
misinformation interventions vary across
different content modalities?

5.1.1 Effective interventions. Fact-checking and indicators were
consistently effective in reducing the perceived accuracy of mis-
information on all social media platforms. The results regarding
fact-checks are consistent with previous studies that have suggested
their effectiveness for general claims and headlines independent
from a specific social media platform or modality [44, 56, 62]. Our
study further expands our understanding of indicator-based ap-
proaches to help users navigate misinformation. While previous
studies have mainly provided qualitative insights into how such
indicators are perceived by users [30, 33], the results of this study
demonstrate their practical quantitative potential and suggest that
they can effectively assist users in informed credibility assessments.

Community notes have previously produced mixed results: for
example, one study suggests that they do not reduce engagement
with misinformation [18], while another indicates that users per-
ceive them as trustworthy [22]. In our experiment, community notes
were found to have a significant, albeit less pronounced effects than
fact-checks and indicators. As fact-checks are increasingly being
replaced with community notes on Instagram, Facebook, and X,
our results suggest that while community notes have potential, the
value of fact-checks should not be overlooked. This is particularly
relevant given that fact-checks are often cited within community
notes, highlighting the close connection between these types of
interventions.

5.1.2 Non-effective interventions. Our findings raise the question of
why inoculation and accuracy prompts did not significantly affect
the accuracy perception and sharing intention of misinformation.
Previous studies have shown that accuracy prompts can generally
significantly reduce the sharing of misinformation on social media
[53, 54]. They are often shown after users indicate an intention
to share a post containing misinformation. In our study, however,
the intervention was presented regularly when the content con-
tained misinformation, regardless of users’ intent to share, in order
to evaluate the effect of nudging people to reflect on accuracy in-
dependent from sharing intentions [53]. However, this frequent

exposure to the intervention may have felt overwhelming or redun-
dant, preventing it from producing a focused effect. Furthermore,
our qualitative insights confirm a user preference for interventions
providing comprehensible and transparent additional information,
as previously shown in related work [27, 37], which was provided
in all interventions but the accuracy prompt.

Similarly, inoculation has been shown to be effective in helping
people to distinguish true information from misleading informa-
tion, and in reducing their intention to share misinformation in
related studies [10, 42, 59]. The design of the specific inoculation
can be considered decisive, as it varies widely in terms of its modal-
ity, duration, and content. The inoculation used in this study was
based on previous research [59] and adapted and shortened due
to time constraints. However, the design may not have resonated
with everyone: some participants described the inoculation videos
in open comments as “childish”, which undermined their credibility
as a serious source of information. Others explicitly emphasized
the entertainment value of the inoculation video. Lower levels of
user acceptance, compared to other interventions, may have been
due to the additional effort required to process the information
presented in the inoculation intervention, as well as increased an-
noyance caused by it. It is therefore important to strike a balance
between the lightness and the utility of an intervention. Indeed,
those interventions embedded in the natural social media platform
interface while providing additional comprehensible information
(community notes, fact-checks, and indicators) were perceived as
particularly helpful [22, 30]. This underscores how crucial the spe-
cific design of an intervention is, and how contradictory study
results can often be explained by inconsistencies in its concrete
implementation.

5.1.3 Sharing intentions. Although the interventions improved
accuracy ratings for misinformation, it is important to note that
they did not significantly reduce sharing intentions. Therefore, an
improved ability to discern accuracy does not necessarily lead to
behavioral change. This finding is consistent with previous research
indicating that influencing actual behavior is a complex endeavor
that encompasses more than just attitudinal and accuracy domains.

Overall, these findings suggest that efficacy and acceptance are
relatively robust across content modalities, but the type of inter-
vention still matters. These are promising findings, as most prior
research on user-centered countermeasures against misinformation
has focused on text-based misinformation [31]. One central contri-
bution of this work, therefore, lies in showing that interventions
such as fact-checks, indicators, and community notes are robust
across modalities. While interventions are usually evaluated in only
one modality, our findings provide crucial insights and give hope
that lessons learned in certain domains can, to some degree, be
transferred to others.

5.2 RQ2: How does the presence of errors in
misinformation interventions impact
efficacy and user perception?

5.2.1 Efficacy of erroneous interventions. The results of our study
highlight that the presence of errors substantially undermines the ef-
ficacy of misinformation interventions. Interventions that operated
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without any errors (i.e., only targeting misinformation correctly)
significantly improved accuracy ratings, while erroneous versions
of the same interventions failed to produce similar significant bene-
ficial effects. It is interesting to observe that, on the one hand, users
often tend to over-rely on AI-based tools – commonly referred to
as automation bias [41, 65] – particularly because such tools are
perceived as technologically advanced [30]. On the other hand,
our study demonstrates that users are highly sensitive to errors in
the system outputs of our interventions that partly encompass an
underlying automated detection mechanism.

5.2.2 User perception of erroneous interventions. From a user per-
spective, interventions were consistently rated as more helpful
and less annoying when simulated under perfect conditions than
when errors occurred. This suggests that perceived reliability is a
key driver of acceptance: if users cannot trust the accuracy of an
intervention, they are less likely to value it or consider it when
evaluating potential misinformation, regardless of its format. In
addition to our quantitative results, this was also supported by the
anecdotal qualitative insights reported as quotes of an open-text
item. Participants who did not notice errors of the interventions
often gave exclusively positive feedback in contrast to participants
that noticed the errors. These findings emphasize the importance
of designing interventions that minimize errors and clearly com-
municate the foundation of their judgments.

At the same time, our results highlight the fundamental dilemma
of social media environments and technical support mechanisms
being inherently imperfect. Therefore, future designs should not
only aim to improve accuracy but also consider how to mitigate
the consequences of inevitable errors. For example, this might be
achieved through transparent communication of uncertainty or
mechanisms for correcting errors over time.

5.3 Limitations and Future Work
While our study advances the understanding of misinformation
interventions under flawless and erroneous conditions, several lim-
itations need to be considered. First, our operationalization of erro-
neous interventions combined both types of errors – false positives
and false negatives – into a single category. Future work should
further disentangle the consequences of each variant of erroneous
interventions for a more nuanced picture.

Second, our simulation encompassed error rates that are higher
than expected from state-of-the-art detection approaches [1], as we
aimed to include a noticeable amount of errors within our sample
of 18 stimuli. To address the higher probability of false negatives,
these occurred slightly more often than false positives in our sim-
ulation. It is a limitation of our study that the error rate was sim-
ulated as consistent across all erroneous intervention types, not
considering expected nuances. For instance, manual professional
fact-checks may make fewer mistakes than automated or crowd-
based interventions and may encompass different error correction
mechanisms. Future work should model these differences more
realistically, while also considering correction mechanisms that
professional fact-checkers and crowd approaches may employ.

Third, while our experiment simulated erroneous interventions
to get a more realistic understanding of the potential of interven-
tions, actual real-world environments are more complex. Evaluating

erroneous interventions in field studies or in collaboration with
social media platforms, therefore, would provide an even stronger
‘reality check’ of how errors manifest in practice and how users
might adapt over time, or how many false positives and false nega-
tives would be accepted by users within both manual (crowd-based
or professional) and automated detection approaches.

Fourth, we aimed to compare modalities and social media plat-
forms consistently for the same misinformation content, which led
to content conversion from one social media platform to another.
While we conducted the conversion process thoroughly and sys-
tematically, there are still some simplifications involved that do not
represent perfect real-world conditions. For example, we included
the same quantitative interaction characteristics (i.e., number of
likes, shares, and comments) for all social media platforms, while
these would normally differ depending on the corresponding social
media platform. Future research might aim to find more realistic
stimuli selection processes for cross-platform comparisons.

Fifth, participants’ answers to the intervention ‘accuracy prompt’
were not saved or analyzed. In future studies, collecting these
responses could provide additional valuable insights into users’
thought processes.

Sixth, while we gained qualitative insights into the overall per-
ception of the intervention types (e.g., their perceived annoyance
and helpfulness), adding the dimension of trust would be an in-
teresting additional consideration for future work. Particularly in
lights of current discussions on community notes and professional
fact-checks, these insights could provide valuable implications for
intervention design.

6 Conclusion
Through a large-scale online experiment across three social media
platforms (TikTok, X, and Telegram), we evaluated the efficacy
and user acceptance of five prominent misinformation interven-
tions: inoculation, accuracy prompts, community notes, fact-checks
and indicators. By systematically comparing interventions under
both flawless and erroneous conditions, our study contributes to a
nuanced understanding of how interventions function in realistic
environments across modalities and where errors are inevitable.

Our core contributions and findings are first, conducting a quan-
titative evaluation of the efficacy of five misinformation interven-
tions, showing that participants were more likely to recognize misin-
formation as inaccurate when accompanied by fact-checks, indica-
tors, and to a lesser extent by community notes, while people were
still just as likely to state they would share the content compared to a
control group. Second, we contrast erroneous and flawless interven-
tions, showing that intervention errors critically determine efficacy:
only flawless versions led to significant improvements in accuracy
assessments. Third, we examine user perceptions of helpfulness
and annoyance of the interventions, finding that community notes,
fact-checks, and indicators were rated as significantly more helpful
but more annoying than accuracy prompts. Moreover, across all
types, interventions were perceived more positively when operating
without errors. Fourth, we conduct a cross-platform comparison
spanning TikTok videos, Telegram voice messages, and text-image
combinations on X to illustrate how both efficacy and user acceptance
were robust across modalities and social media platforms. Together,
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these contributions advance a more realistic and nuanced under-
standing of how interventions are perceived under ideal and more
realistic conditions, underscoring the importance of both effective
and trusted approaches to mitigate the spread of misinformation
online.
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Table 2: Questionnaires before, during, and after the online experiment.

Item Answer Options

Before the experiment

What is your age group? [18-24; 25-34; 35-44; 45-54; 55-64; 65 or older]
Which most accurately describe(s) you? [Woman; Man; Non-Binary; Prefer to self-describe (free-text field); Prefer

not to answer]
What is the highest level of education you have completed? [Less than high school; High school diploma or equivalent; Some college

or vocational training but no degree; Bachelor’s degree; Master’s degree;
Doctoral degree; Prefer not to say]

During the experiment (repeated for all 18 stimuli)

If you were to see the prior content on social media, how likely would
you be to share it?

[1. Extremely unlikely; 2. Moderately unlikely; 3. Slightly unlikely; 4.
Slightly likely; 5. Moderately likely; 6. Extremely likely]

Are you familiar with the prior content (have you seen or heard about
it before)?

[1. Not at all; 2. Slightly; 3. Somewhat; 4. Moderately; 5. Very much; 6.
Extremely]

Assuming the prior content is entirely accurate, how important would
the news be?

[1. Extremely unimportant; 2. Moderately unimportant; 3. Slightly unim-
portant; 4. Slightly important; 5. Moderately important; 6. Extremely
important]

To the best of your knowledge, are the claims in the prior content
accurate?

[1. Extremely inaccurate; 2. Moderately inaccurate; 3. Slightly inaccurate;
4. Slightly accurate; 5. Moderately accurate; 6. Extremely accurate]

After the experiment

Which of the following best describes your political preference? [Strongly Democratic; Democratic; Lean Democratic; Lean Republican;
Republican; Strongly Republican; Independent; Other (specify in free-text
format)]

How frequently do you watch or create content on the social media
platform X or previously Twitter?

[Never; Once a month; Once a week; 2-6 times a week; Daily]

How frequently do you watch or create content on the social media
platform TikTok?

[Never; Once a month; Once a week; 2-6 times a week; Daily]

How frequently do you listen to or send voice messages, for example
on WhatsApp, Telegram or Signal?

[Never; Once a month; Once a week; 2-6 times a week; Daily]

Did you respond randomly at any point during the study? Note: Please
be honest! You will get your payment regardless of your response.

[Yes; No]

During the experiment, did you notice any additional features or ele-
ments on the posts that seemed different from a typical [X-post/TikTok
video/voice message on Telegram]?

[Yes; No; Not sure]

During the experiment, additional elements and features were provided
as an intervention for some of the posts. Here is an example of the
intervention that was presented: [include picture] Did you notice this
intervention?

[Yes; No; Not sure]

How annoying did you find the above intervention during the experi-
ment? (If you did not notice any, please select “Not applicable”)

[Not at all annoying; Slightly annoying; Moderately annoying; Very an-
noying; Extremely annoying; Not applicable/I did not notice any inter-
vention]

How helpful did you find the intervention for combating misinforma-
tion? (If you did not notice any, please select “Not applicable”)

[Not at all helpful; Slightly helpful; Moderately helpful; Very helpful;
Extremely helpful; Not applicable/I did not notice any intervention]

Did you notice the intervention making any mistakes? (If you did not
notice any intervention, please select “Not applicable”)

[Yes; No; Not sure; Not applicable/I did not notice any intervention]

Please shortly specify: What do you like or not like about the interven-
tion as a measure to combat misinformation?

[free-text format]
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Table 3: Short descriptions of the included nine misinformation posts and accurate information posts, specifying which three
posts were erroneous as false negatives and which two posts were erroneous as false positives.

Stimulus Description false positive or
false negative

Misinformation

Stimulus 1: Misinformation post claiming to show screenshots of Speaker Mike Johnson messaging on Grindr. Yes
Stimulus 2: Misinformation post claiming that iPhone update secretly installs Starlink. Yes
Stimulus 3: Misinformation post claims that people can get their student debt erased by filing Family Educational
Rights.

No

Stimulus 4: Misinformation post claiming that Zelenskyy banned Truth Social in Ukraine. No
Stimulus 5: Misinformation post claiming to show leaked audio of JD Vance criticizing Musk. Yes
Stimulus 6: Misinformation post claiming to show Jimmy Kimmel in Epstein court documents. No
Stimulus 7: Misinformation post claiming that the U.S. election in 2020 was stolen. No
Stimulus 8: Misinformation post claiming that diseases can be healed by a healing sound watch. No
Stimulus 9: Misinformation post claiming that poison is used before elections. No
Accurate Information
Stimulus 10: Accurate information about the production process of Parmesan cheese. No
Stimulus 11: Accurate information about Lego donating Lego MRI scanners to hospitals. Yes
Stimulus 12: Accurate information about AI training data in medical contexts is biased. No
Stimulus 13: Accurate information about the U.S. being an outlier on paid parental leave. No
Stimulus 14: Accurate information about not having to pay taxes on KitKat but on menstrual products. Yes
Stimulus 15: Accurate information about photovoltaic power plants generating electricity. No
Stimulus 16: Accurate information about growing potatoes without planting them in the ground. No
Stimulus 17: Accurate information about Anitta being a significant part of Latin-American urban music. No
Stimulus 18: Accurate information about growing different types of chickens. No

Table 4: Demographic sample information

AgeGroup N %
18–24 112 11
25–34 185 18
35–44 170 17
45–54 160 16
55–64 231 23
65 or older 146 15

Gender
Man 473 47
Woman 522 52
Non-Binary 1 1

Education
Less than high school 8 1
High school diploma or equivalent 139 14
Some college or vocational training but no degree 273 27
Bachelor’s degree 345 34
Master’s degree 194 19
Doctoral degree 42 4
Prefer not to say 3 0

Total N 1004
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Extraction of reactions
• Likes
• Shares (not applicable on Telegram)
• Comments 

(number and content of first 5 comments)

Extraction of creator information
• Profile picture
• User name
• Bio text

@Anonymous

2.736

185

795

185 795 2.736

Original post

video

Extraction of content
• Text
• Image if applicable
• Here: link to TikTok video allows for video and audio  extraction

Leaked audio of JD Vance talking 
about Elon and how he‘s not an 
elected official and how he‘s 
…more

voice message

@Anonymous

0:00 / 0:59

185

2.736

Figure 11: Exemplary flow of modality conversion from X to TikTok and Telegram.

Table 5: Sample sizes of the study groups of the experiment

Telegram TikTok X
control group 33 35 37
inoculation (flawless) 34 33 34
accuracy prompt (flawless) 36 31 33
accuracy prompt (erroneous) 32 34 32
community note (flawless) 30 33 33
community note (erroneous) 36 30 35
fact check (flawless) 31 35 38
fact check (erroneous) 33 36 36
indicator (flawless) 32 35 31
indicator (erroneous) 34 30 32
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Table 6: Contrasts using EMMs for accuracy ratings of misinformation (flawless interventions only)

contrast estimate SE df z-ratio p-value
control group - inoculation 0.189 0.242 Inf 0.779 0.4669
control group - accuracy prompt 0.465 0.244 Inf 1.910 0.1053
control group - community note 0.594 0.247 Inf 2.410 0.0399
control group - fact-check 1.162 0.244 Inf 4.755 <.0001
control group - indicator 0.838 0.246 Inf 3.403 0.0033
inoculation - accuracy prompt 0.276 0.246 Inf 1.123 0.3270
inoculation - community note 0.406 0.249 Inf 1.627 0.1727
inoculation - fact-check 0.974 0.247 Inf 3.943 0.0006
inoculation - indicator 0.649 0.249 Inf 2.609 0.0272
accuracy prompt - community note 0.129 0.250 Inf 0.516 0.6058
accuracy prompt - fact-check 0.697 0.248 Inf 2.810 0.0186
accuracy prompt - indicator 0.372 0.250 Inf 1.491 0.2041
community note - fact-check 0.568 0.251 Inf 2.263 0.0507
community note - indicator 0.243 0.253 Inf 0.962 0.3878
fact-check - indicator -0.325 0.250 Inf -1.298 0.2651

Table 7: Cumulative Link Mixed Model predicting perceived accuracy ratings (including erroneous and flawless interventions).

Parameter Estimate Std. Error z value Pr(>|z|)

Fixed Effects:
inoculation -0.151 0.394 -0.383 0.702
accuracy prompt -0.220 0.343 -0.642 0.521
community note -0.532 0.344 -1.544 0.122
fact-check -0.573 0.347 -1.650 0.099
indicator -0.538 0.346 -1.558 0.119
TikTok -0.001 0.392 -0.002 0.998
X -0.230 0.386 -0.596 0.551
inoculation × TikTok -0.140 0.557 -0.251 0.802
accuracy prompt × TikTok 0.195 0.482 0.404 0.686
community note × TikTok -0.037 0.485 -0.075 0.940
fact-check × TikTok 0.024 0.482 0.049 0.961
indicator × TikTok -0.010 0.485 -0.020 0.984
inoculation × X 0.061 0.550 0.110 0.912
accuracy prompt × X -0.022 0.477 -0.047 0.963
community note × X -0.191 0.478 -0.400 0.689
fact-check × X -0.043 0.476 -0.090 0.928
indicator × X -0.027 0.481 -0.056 0.955
Random Effects: Variance Std. Dev.
Participant (Intercept) 2.566 1.602
Post (Intercept) 0.198 0.445
Thresholds: Estimate Std. Error z value
1|2 -0.871 0.321 -2.711
2|3 0.285 0.321 0.886
3|4 1.013 0.321 3.152
4|5 2.315 0.323 7.176
5|6 4.181 0.328 12.728

Note: Reference categories used in the model are ‘No intervention’ and ‘Social Media Platform: Telegram’. A Likelihood Ratio Test indicates a
significant improvement over a null model (𝜒2 = 28.0(17), 𝑝 = 0.044).
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Table 8: Cumulative Link Mixed Model predicting sharing intentions for flawless condition.

Parameter Estimate Std. Error z value Pr(>|z|)

Fixed Effects:
inoculation -0.570 0.632 -0.902 0.367
accuracy prompt -0.825 0.626 -1.317 0.188
community note -1.285 0.663 -1.939 0.053
fact-check -0.832 0.647 -1.287 0.198
indicator -1.153 0.651 -1.771 0.077
X -0.194 0.611 -0.317 0.751
TikTok -0.264 0.623 -0.423 0.672
inoculation × X 0.292 0.878 0.333 0.739
accuracy prompt × X 0.078 0.880 0.088 0.930
community note × X 1.241 0.904 1.372 0.170
fact-check × X 0.119 0.879 0.135 0.893
indicator × X 0.307 0.911 0.337 0.736
inoculation × TikTok 0.707 0.885 0.800 0.424
accuracy prompt × TikTok 0.592 0.893 0.663 0.507
community note × TikTok 1.149 0.912 1.259 0.208
fact-check × TikTok 0.756 0.892 0.847 0.397
indicator × TikTok 0.950 0.896 1.060 0.289
Random Effects: Variance Std. Dev.
Participant (Intercept) 5.469 2.339
Post (Intercept) 0.052 0.229
Thresholds: Estimate Std. Error z value
1|2 0.542 0.454 1.193
2|3 1.515 0.455 3.333
3|4 2.120 0.455 4.656
4|5 3.180 0.457 6.957
5|6 4.659 0.462 10.081

Note: Reference categories used in the model are ‘No intervention’ and ‘Social Media Platform: Telegram’. A Likelihood Ratio Test does not
indicate a significant improvement over a null model (𝜒2 = 11.5(17), 𝑝 = 0.826).



CHI ’26, April 13–17, 2026, Barcelona, Spain Katrin Hartwig, Tom Biselli, Franziska Schneider, Immanuel Lamp, and Christian Reuter

Table 9: Ordinal logistic regression results for helpfulness

Parameter Estimate Std. Error z value Pr(>|z|)

inoculation 0.133 0.413 0.322 0.748
community note 0.826 0.335 2.467 0.014
fact-check 1.069 0.331 3.235 0.001
indicator 0.625 0.336 1.860 0.063
Telegram -0.076 0.345 -0.221 0.825
X -0.450 0.341 -1.319 0.187
inoculation × Telegram -0.134 0.605 -0.221 0.825
community note × Telegram 0.049 0.475 0.104 0.917
fact-check × Telegram 0.232 0.470 0.493 0.622
indicator × Telegram 0.127 0.477 0.266 0.790
inoculation × X 0.616 0.585 1.053 0.292
community note × X 0.931 0.470 1.982 0.047
fact-check × X 0.710 0.467 1.520 0.128
indicator × X 0.975 0.474 2.057 0.040
Thresholds: Estimate Std. Error z value
1|2 -1.393 0.250 -5.583
2|3 -0.195 0.240 -0.812
3|4 0.827 0.241 3.436
4|5 1.900 0.248 7.662

Note: Reference categories used in the model are ‘no intervention’ and ‘Social Media Platform: TikTok’. A Likelihood Ratio Test indicates a
significant improvement over a null model (𝜒2 = 75.2(14), 𝑝 < 0.001).

Table 10: Ordinal logistic regression results for annoyance.

Parameter Estimate Std. Error z value Pr(>|z|)

inoculation 0.859 0.573 1.499 0.134
community note 0.909 0.456 1.992 0.046
fact-check 1.354 0.440 3.074 0.002
indicator 1.252 0.445 2.818 0.005
Telegram -0.241 0.541 -0.445 0.657
X 0.381 0.494 0.771 0.441
inoculation × Telegram 0.867 0.809 1.073 0.283
community note × Telegram -1.360 0.767 -1.773 0.076
fact-check × Telegram -0.611 0.664 -0.920 0.358
indicator × Telegram -0.141 0.658 -0.214 0.831
inoculation × X 0.138 0.777 0.178 0.859
community note × X -2.270 0.767 -2.958 0.003
fact-check × X -1.174 0.623 -1.883 0.060
indicator × X -1.468 0.648 -2.264 0.024
Thresholds: Estimate Std. Error z value
1|2 1.712 0.361 4.741
2|3 3.018 0.377 8.013
3|4 3.945 0.404 9.775
4|5 4.910 0.467 10.509

Note: Reference categories used in the model are ‘no intervention’ and ‘Social Media Platform: TikTok’. A Likelihood Ratio Test indicates a
significant improvement over a null model (𝜒2 = 60.7(14), 𝑝 < 0.001).



Cross-Platform Efficacy and User Acceptance of Erroneous and Flawless Misinformation Interventions CHI ’26, April 13–17, 2026, Barcelona, Spain

Table 11: Contrasts using EMMs for helpfulness.

contrast estimate SE df z-ratio p-value
accuracy prompt - inoculation -0.294 0.245 Inf -1.201 0.2553
accuracy prompt - community note -1.153 0.195 Inf -5.911 <.0001
accuracy prompt - fact-check -1.383 0.196 Inf -7.065 <.0001
accuracy prompt - indicator -0.992 0.196 Inf -5.068 <.0001
inoculation - community note -0.860 0.240 Inf -3.575 0.0007
inoculation - fact-check -1.090 0.241 Inf -4.521 <.0001
inoculation - indicator -0.698 0.241 Inf -2.897 0.0063
community note - fact-check -0.230 0.185 Inf -1.244 0.2553
community note - indicator 0.161 0.187 Inf 0.862 0.3884
fact-check - indicator 0.391 0.187 Inf 2.097 0.0514

Table 12: Contrasts using EMMs for annoyance.

contrast estimate SE df z-ratio p-value
accuracy prompt - inoculation -1.194 0.322 Inf -3.712 0.0010
accuracy prompt - community note 0.301 0.328 Inf 0.916 0.3995
accuracy prompt - fact-check -0.759 0.266 Inf -2.855 0.0086
accuracy prompt - indicator -0.716 0.270 Inf -2.652 0.0133
inoculation - community note 1.495 0.348 Inf 4.300 0.0002
inoculation - fact-check 0.435 0.289 Inf 1.504 0.1659
inoculation - indicator 0.478 0.293 Inf 1.631 0.1469
community note - fact-check -1.060 0.297 Inf -3.571 0.0012
community note - indicator -1.017 0.300 Inf -3.384 0.0018
fact-check - indicator 0.043 0.231 Inf 0.187 0.8519
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