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Abstract

In recent years, social media misinformation has become a
growing problem worldwide. Researchers in various fields
have been investigating the most effective and acceptable
ways to counter fake news online. This scoping review pa-
per conducts a bibliometric analysis of relevant papers to
provide policymakers and academics with a contextual back-
ground on the state of the literature in this field. The analysis
reveals that several types of interventions are studied much
more frequently than others, and the literature focuses almost
exclusively on the effectiveness of interventions without con-
sidering the critical metric of user acceptance. Furthermore,
publication venues in this field have primarily remained clus-
tered by discipline, although several collaborative and multi-
disciplinary publications have emerged in recent years. These
findings highlight the need for increased collaboration and a
greater focus on user-centered approaches in future research.

Zotero Repository — https://www.zotero.org/groups/5961
522/misinformation interventions

Social media platforms have allowed people and organiza-
tions to access and spread information faster than ever be-
fore (Vosoughi, Roy, and Aral 2018). They have also in-
creased the speed and reach of misinformation, which has
been shown to have pressing societal impacts ranging from
undermining democracy (Tucker et al. 2018), increasing ex-
tremism (Warner and Neville-Shepard 2014), and lowering
the uptake of public health measures (Oleksy et al. 2021).

A growing number of researchers have been investigat-
ing ways to counter misinformation. This research can be
challenging, as many researchers need more direct access to
social media data from social media platforms (Courchesne,
Ilhardt, and Shapiro 2021). Even if data is available, there
are ethical challenges associated with sharing social media
data with other researchers (Bishop and Gray 2017).

A recent review article from Courchesne and colleagues
found that certain types of platform interventions are over-
studied relative to others and relative to the frequency with
which platforms implement them (Courchesne, Ilhardt, and
Shapiro 2021). Specifically, fact-checking and debunking
are the most common interventions studied, but little re-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

search investigates countermeasures that target creators and
require direct data access from social media platforms.

There have been several other review articles in this field.
Some, like Helmus and Keppe from the Rand Corporation,
focus on related policy papers (Helmus and Kepe 2021).
Others examine specific intervention categories, such as
content moderation (Jiang et al. 2023) or media literacy
(Jeong, Cho, and Hwang 2012). However, none have ana-
lyzed the broader picture, including both platform interven-
tions and possible government policies. Additionally, most
platform review articles focus on testing interventions and
analyzing their effectiveness but fail to discuss the equally
important metric of their practicality and acceptability to
users. We seek to fill this gap by considering user-level,
platform-level, and policy interventions. Through a biblio-
metric analysis of the citation network of relevant papers,
we aim to gain insights into the misinformation intervention
space. Our research questions are:

1. What journals and academic disciplines have published
research on misinformation interventions over the last 20
years, and how has this evolved over time?

2. Which types or categories of interventions have been
studied the most, and how has this changed over time?

3. What set of impacts have been researched? The primary
impacts of an intervention include its effectiveness and
level of user acceptance.

Intervention Categorization
Before initializing our review of the literature, we developed
categories of interventions. There are several ways misinfor-
mation interventions have been categorized in the literature
(Courchesne, Ilhardt, and Shapiro 2021; Gwiaździński et al.
2023; Helmus and Kepe 2021; Yadav 2021).

We selected four of the most comprehensive review arti-
cles to analyze when developing this typology (Courchesne,
Ilhardt, and Shapiro 2021; Aghajari, Baumer, and DiFranzo
2023; Blair et al. 2024; Kozyreva et al. 2024). These four ar-
ticles were selected for their recency, the breadth of interven-
tions covered, and their diverse disciplines. The Courchesne
article primarily discusses platform interventions (Courch-
esne, Ilhardt, and Shapiro 2021) and was published in the
Harvard Misinformation Review, an interdisciplinary jour-
nal mainly associated with social sciences. The Aghajari ar-



ticle was published in the proceedings of an HCI confer-
ence (Aghajari, Baumer, and DiFranzo 2023). The Blair ar-
ticle highlights research from both the Global North and the
Global South, and it was published in a psychology venue
(Blair et al. 2024). Finally, the Kozyreva article was pub-
lished most recently with numerous high-profile scholars in
this research area and appeared in the prestigious Nature
Human Behavior journal (Kozyreva et al. 2024). Synthesiz-
ing the categorizations used by the four review articles and
drawing from prior work (King 2025), Table 1 shows our
proposed eight categories of interventions.

Category Example Interventions

Content Distribution accuracy prompts, friction,
redirection

Content Moderation algorithmic downranking,
fact-checking, content removal

Account Moderation account removal, shadow banning,
demonetization

Content Labeling warning labels, source credibility
labels, context labels

User-based Measures reporting users or posts, social
corrections, social norms

Media Literacy / Edu. lateral reading strategies, training
games, inoculation

Institutional Measures media support, data sharing,
government regulation

Other combining interventions, new
interventions, generative AI

Table 1: General misinformation intervention categories

Method: Literature Review
This section describes how papers were selected, the inclu-
sion criteria, and the analysis plan. We conducted a scoping
literature review, a type of systematic review that is broader
in nature, to find insights into the misinformation interven-
tion field and answer these research questions. We followed
the methods used in two previous computer science review
articles focusing on interventions (Aghajari, Baumer, and
DiFranzo 2023; Zainudin et al. 2024). More specifically, we
adhered to the modified PRISMA guidelines for scoping re-
view (Tricco et al. 2018), as well as the more specific guide-
lines for systematic reviews in the information systems field
developed by Okoli (Okoli 2015).

Review Protocol
Our literature search was conducted in two stages (Figure
1). First, we selected the four prominent review papers that
were used to develop our typology of interventions as “seed
papers” (Courchesne, Ilhardt, and Shapiro 2021; Aghajari,
Baumer, and DiFranzo 2023; Blair et al. 2024; Kozyreva
et al. 2024). We gathered all the studies analyzed by the seed
papers, removed duplicates, applied the exclusion criteria,
and labeled the papers according to the definitions provided
in the appendix, resulting in 365 labeled papers.

After labeling the initial set of papers, we proceeded to
the second stage of the literature search. Using Scopus, we

searched for any intervention papers published after these
review papers (2024-2025) using keyword searches. Paper
titles needed to include either the words “misinformation”
or “disinformation” and either “intervention” or “counter*”.
Additionally, we searched for any specific intervention that
had been labeled in fewer than 10 of the papers in the initial
set. Table 2 displays the under-studied interventions and the
associated keywords used in our Scopus keyword search. All
these keywords were used alongside the words “misinfor-
mation” or “disinformation” in the title and “intervention”
or “counter*” in the title or abstract, limited to papers pub-
lished after 2004. This search did not retrieve any papers
for shadow banning and data sharing, prompting us to redo
the same keyword search without requiring the words “in-
tervention” or “counter*” to be included. After applying the
exclusion criteria and labeling the newly added papers, this
process resulted in 86 labeled papers by the end of Stage 2,
bringing the total to 451 labeled papers in our dataset.

Intervention Label Scopus Keywords Used

Context Labels (9) (“context” AND “label*”) OR
(“community” AND “note”)

Alg. Moderation (8) “downranking”
Advertising policy (5) “advertising”
Redirection (5) “redirect*”
Media Support (3) “local news*” OR “media support”
Account Removal (2) “deplatform*”
Reporting (2) “user” AND “reporting”
Shadow Banning (0) “shadow*” AND “ban”
Blocking (0) “blocking”
Data Sharing (0) “data sharing”
Generative AI (0) “gen* AI” OR “chatbot”
Gov Regulation (0) (“government” AND “regulation”)

OR (“government policy”)

Table 2: The intervention labels used the least after Stage
1, sorted from highest to lowest according to the number of
papers assigned to those labels.

Inclusion Criteria
We aimed to include as wide range of interventions and fac-
tors studied as possible. For a paper to be included in our
analysis, it must have met the following criteria:

1. Content: One of the article’s main focuses should be in-
terventions or countermeasures to misinformation. The
paper does not need to address social media specifically
but must primarily concentrate on interventions. The in-
cluded articles could directly test the efficacy of one or
more interventions through experimental studies or could
be a review or discussion-based article.

2. Article Type: The article is a research article. It is not an
opinion piece, research proposal, or simply an abstract.

3. Venue: The paper comes from a reputable venue or in-
stitution, but inclusion is not restricted to peer-reviewed
publications only. To ensure quality, we enumerated the
types of venues that could be included:



Figure 1: Literature review process.

• Peer-reviewed Articles - Papers from peer-reviewed in-
dexed journals and conference proceedings, including
workshop papers.

• Technical Reports - Reports from reputable and high-
quality institutions like think tanks, non-profits, re-
search centers, or governmental organizations.

• Preprints - Preprints posted in 2020 or later were in-
cluded. Preprints are especially common in the fast-
moving field of computer science. Preprints from be-
fore 2020 were excluded unless they had later been
published in a peer-reviewed venue.

Websites, newspaper articles, blog posts, preprints older
than 2020, or undergraduate theses were not included.

4. Publication Date: The paper was published in 2004 or
later since we primarily want to focus on the last twenty
years of research in the social media era.

5. Language: The paper was written in English or trans-
lated into English. This criteria was due to a limitation of
our labelers.

Paper Labeling
We derived a comprehensive list of 35 possible countermea-
sures from these eight categories. In addition to the inter-
vention descriptions, we assigned labels to review articles,
meta-analyses, and papers examining intervention effective-
ness or user acceptance. In the appendix, we describe all
topic labels used in this article. It is important to note that

these labels are not mutually exclusive, as some papers can
cover multiple interventions.

Approximately 25% of the included Stage 1 papers were
randomly assigned to have two non-expert but trained hu-
man labelers (101 papers). The remaining papers (265) were
assigned to one person and ChatGPT 4 as the second labeler.
As experts in the field, two of the authors resolved disagree-
ments between raters to determine the final assigned labels.

Given the varying number of labelers and potential labels
per paper, Jaccard similarity was calculated for both inter-
rater reliability metrics and agreement with the final labels.
This calculation corresponds to a straightforward percentage
agreement for effectiveness and acceptance labeling. Inter-
rater similarity was 0.956 for effectiveness labels, 0.855 for
acceptance labels, and 0.545 for intervention labels. Table
3 displays Jaccard similarity agreement with the final label
categorized by labeler type (ChatGPT, Expert, Rater).

Rater Papers Effectiveness Acceptance Topics

Rater (3) 390 0.972 0.921 0.667
ChatGPT 264 0.962 0.864 0.746
Expert 76 0.987 0.974 0.938

Table 3: Jaccard Similarity agreement with the final labels
broken up by rater type. Rater types are sorted by total num-
ber of papers labeled.



Network Analysis
We analyzed descriptive statistics of the data and also an-
alyzed the network using four node sets: Article, Author,
Venue, and Topic (Label). We examined the Co-Topics net-
work (Topic x Topic), the Co-Authorship Publication Net-
work (Publication Venue x Publication Venue), and the Co-
Authorship Network (Author x Author).

Results and Analysis
In this section, we use descriptive statistics and network
analysis to report on the growth of the field over time, as
well as to examine leading venues, topics, and authors.

Number of Articles Per Year
First, we analyze the number of papers in this review pub-
lished per year. There is an exponential growth of articles in
this field. The spike in 2021 and the subsequent slight drop-
off can likely be attributed to the fact that our seed paper that
reviewed the most articles originated from a 2021 review ar-
ticle (Courchesne, Ilhardt, and Shapiro 2021).

Figure 2: Number of reviewed papers published per year.

Publication Venue Analysis
In this section, we analyze the top publication venues in the
dataset and visualize the Co-Publication Venue network.

Top Venues Table 4 shows the top 10 publication venues
in the data set by two metrics. The total degree centrality for
each venue indicates how many other venues it is connected
to in the co-publication venue network. It represents venues
that can be considered “central locations,” with the most
connections to other venues, via authors who have published
at both venues (Carley 2017). The second ranks venues by
how many publications they have in this review.

Table 4 demonstrates that having many publications does
not necessarily ensure a top ranking for that venue based on
centrality metrics. Several venues, including Scientific Re-
ports and the CHI Conference, do not rank highly in terms of
degree centrality within the Co-Publication Venue network.

Co-Publication Venue Network In the Co-Publication
Venue network, a link exists between two venues if an author
in the dataset has published in both venues, and the links are
weighted. Figure 3 illustrates the largest component. Nodes
are sized by total degree centrality and colored by discipline.

Discipline information for all 209 venues was sourced from
Scimago’s journal rank data from 20231.

The density of this network is low, at 0.035. Of the 209
publication venues in our dataset, only about half (114) be-
long to the largest component. This finding indicates a de-
gree of disjointedness in the literature in this area. Nature
Human Behavior, Science Advances, and Harvard Misinfor-
mation Review appear highly central in the network, under-
scoring their high rankings in total degree centrality. The
centrality of these venues suggests that they are relatively
interdisciplinary journals connecting various fields and au-
thors who typically publish in other journal disciplines.

Additionally, the top-left side of the network mainly con-
sists of psychology journals, highlighted in yellow. We find
the social science journals on the right side of the net-
work. The top-right comprises communication and journal-
ism venues, while the bottom-right features many political
science venues. Finally, on the bottom-left, we have the
computer science venues. Although these fields are con-
nected through several interdisciplinary journals, the venues
within each discipline are clustered together and primarily
linked to one another.

Figure 3: The Publication Venue x Publication Venue net-
work. Nodes are sized by total degree centrality and colored
by discipline (red for CS, yellow for psychology, blue for so-
cial sciences, black for multidisciplinary, and grey for other.)

Discipline Figure 4 shows the number of papers included
in this review, categorized by discipline. The publication
venue determines disciplines, and since venues can be af-
filiated with multiple disciplines, papers may also belong to
more than one discipline as well. We observe that the social
sciences initiate the literature in this area, with computer sci-
ence and psychology competing for second. The “other” dis-
cipline, which represents all remaining fields from medicine
to environmental science, shows a notable spike near the end
of the timeline, indicating a growing interest in researching
misinformation interventions across various domains.

1https://www.scimagojr.com/journalrank.php



Rank Centrality # Publications
1. Nature Human Behaviour CSCW Conference (18)
2. Harvard Misinformation Review Harvard Misinfo Review (15)
3. Science Advances PLOS ONE (11)
4. Royal Society Open Science CHI Conference (9)
5. PNAS Science Communication (9)
6. Psychological Science Scientific Reports (8)
7. J. of Experimental Psych: General Journal of Communication (7)
8. Journal of Communication Nature Human Behaviour (7)
9. CSCW; J. of Applied Social Psych.; Political Psych. Cognitive Research: Principles and Implications (6)
10. Cognitive Research: Principles and Implications Health Communication (6)

Table 4: The top venues by degree centrality and total number of publications in the data set.

Figure 4: Misinformation is an interdisciplinary field, with
research across the computational and social sciences.

Topic Analysis
In this section, we analyze the top topics, investigating
whether some interventions are studied more than others,
and finding topics that are often studied together. This anal-
ysis addresses both the first and second research questions.

Papers per Topic First, we calculate the descriptive statis-
tics for the number of papers assigned to each label. Table 5
in the appendix displays the number of papers and unique
authors for each intervention label. This table highlights
how certain interventions are studied significantly more fre-
quently than others. Fact-checking appears in 127 papers,
while 15 of the 35 interventions are in fewer than 10 papers.

Fact-checking, debunking, and media literacy are outliers
in terms of the number of papers examining those topics
based on the calculated interquartile range. Similarly, those
three intervention types, along with inoculation, are outliers
regarding the total number of authors researching those top-
ics. Furthermore, 404 papers (89.6%) analyzed an interven-
tion’s effectiveness, whereas only 40 papers analyzed an in-
tervention’s level of user acceptance (8.9%).

We analyze whether the types of interventions studied
have changed over time. Figure 5 shows the number of pa-
pers included in this review, categorized by general inter-
vention category studied. Papers could be assigned to more
than one intervention label. Content moderation interven-
tions were among the first and most prominently studied
in the literature. Fact-checking and debunking are interven-

Figure 5: While research historically focused on content
moderation, other intervention approaches are catching up.

tions that can be examined without access to social media
data and would not be affected by a lack of platform trans-
parency. Media literacy has especially taken off in the last
few years, perhaps being studied in a broader range of jour-
nal types such as education, medicine, and others. In addi-
tion to media literacy, content distribution and institutional
measures have recently reached their peak.

Co-Topics Network We next analyzed the Topic x Topic
(Co-Topic) network, which shows the intervention types that
are frequently studied together. A link exists between two
topics in the network if a paper discusses both topics and
the links are weighted. The network density was 0.40, in-
dicating that countermeasures are frequently studied jointly
with other countermeasures. Figure 6 shows the Co-Topic
network, with nodes sized by total degree centrality and col-
ored based on paper counts. The dark blue nodes represent
topics with low paper counts; the lighter the blue, the more
papers study that topic.

As shown in Figure 6, many topics, such as fact-checking
and media literacy, are highly central to the network. Not
only are they among the most studied interventions, but they
are also often studied in conjunction with other interven-
tions. Many countermeasures frequently employed by social
media platforms, such as redirection, user-based counter-
measures, and intervention combinations, remain relatively
understudied (Courchesne, Ilhardt, and Shapiro 2021).



Figure 6: Co-Topic network. Nodes are sized by total degree
centrality and colored by paper count. The lighter the blue,
the more papers that study that topic.

Author Analysis
In this section, we analyze the top authors in the data and
visualize the Co-Authorship network.

Co-Authorship Network Next, we visualize the Author
x Author (Co-Authorship) network in Figure 7. In the Co-
Authorship (Author x Author) network, a link exists be-
tween the two authors if those authors have worked together
at least once, and the links are weighted by the number of
times those authors have published together.

The density of this network is low at 0.005, which is ex-
pected considering the large number of authors in the dataset
(1,147). However, only 326 authors are part of the largest
component. In total, there were 218 components, with all
other authors in either isolates, dyads, triads, or other rela-
tively small groups. Eight components ranged in size from
10 to 21 authors, likely indicating research groups and au-
thors who have not published outside their own group. This
result shows that 821 authors not in the largest component
(71.6% of all authors in our dataset) have primarily pub-
lished on interventions within their own research groups and
have not collaborated with others.

Of the 451 papers, 15 have ten or more authors, includ-
ing one with 30 authors. This article with 30 authors was
one of the seed papers (Kozyreva et al. 2024), indicating it
was likely a review article written through the consensus of
many leading authors in the field. It features six of the top
ten authors by total number of citations. Removing this sin-
gle paper from the analysis of the Co-Authorship network
causes the largest component to split into two: one of size
230 and another of size 96, as illustrated in Figure 8 in the
appendix. This finding suggests that many top authors are
only connected in the dataset through this one recent review
paper. This result suggests that the disjointedness in the lit-
erature may have decreased in recent years.

Discussion
We conducted a descriptive and bibliometric analysis of the
citation network of prominent papers in the countermeasures
literature. The number of articles published in the misinfor-
mation intervention space has increased dramatically, indi-

Figure 7: The largest component of the Author x Author net-
work. Nodes are sized by total degree centrality and colored
by betweenness (the lighter the blue, the higher the between-
ness score). Authors with both high total degree centrality
and high betweenness are labeled.

cating that this is a growing field of literature. First, our
analysis of the Co-Publication Venue network reveals dis-
jointedness in the literature, with most venues clustered near
others within the same discipline. While journals such as
the Harvard Misinformation Review and Nature Human Be-
havior bridge the gaps between related fields, nearly half of
the venues were not part of the largest component. Multi-
ple fields are conducting research in this area and are visible
in their own clusters on the network, including Psychology,
Political Science, Communications, and Computer Science.
This research area is highly interdisciplinary.

Next, we analyzed the top topics studied in the literature.
User acceptance is largely overlooked, with only about 9%
of papers exploring this aspect. Acceptance is as important
a measure as effectiveness. Without acceptance, platforms
may hesitate to implement changes for fear of losing users,
and governments might struggle to enact beneficial policies
(Liu, Yildirim, and Zhang 2022). It is also notable that many
studies on intervention effectiveness employ survey instru-
ments which could be easily extended to measure user ac-
ceptance (Badrinathan 2021).

Furthermore, similar to a previous review article (Courch-
esne, Ilhardt, and Shapiro 2021), we find that several criti-
cal, frequently used, or highly impactful interventions are
underexplored in the literature. These include redirection,
user-based countermeasures like user reporting and block-
ing, institutional measures like media support and data shar-
ing, and emerging interventions involving generative AI. A
2021 review of platform policies indicates that redirection is
the most prevalent intervention employed by platforms (Ya-
dav 2021). However, there were only five papers related to



redirection in this list of 451 articles. Additionally, institu-
tional measures overall, including analyses of potential gov-
ernment regulations or actions that civic society can take,
are underrepresented in the literature compared to individual
or platform-based interventions. Although there is a promi-
nent RAND article that reviews countermeasures based on
policy reports (Helmus and Kepe 2021), it was not used as
a seed paper because this article exclusively evaluated pol-
icy reports published by think tanks, non-profits, and gov-
ernment entities and did not include any articles from tradi-
tional, peer-reviewed journals.

Underrepresented interventions most relevant to platform
policies include demonetization strategies. While platforms
do actively demonetize accounts that spread misinforma-
tion2 3, a lack of empirical research on this issue is worrying
given the financial incentives behind misinformation such as
running ads and selling merchandise (Papadogiannakis et al.
2023; Martı́nez-López, Li, and Young 2022). Only one study
addressed interventions that target the viability of, or ‘cost’
of, propagating misinformation on social media (Im et al.
2020). As monetization involves advertising and payment
systems, interventions targeting these systems will require a
greater level of platform access than is currently available to
researchers. For this to happen, closer collaboration between
academic institutions and social media platforms is needed.

The practicality of studies on misinformation interven-
tions is undermined when there is a lack of consensus
on intervention effectiveness, and several disagreements on
the effectiveness of certain interventions were encountered
while analyzing the literature. For example, among the most
studied countermeasures, we find several sources of con-
tention; a body of work claims the effectiveness of the
“Bad News” game for inoculation (Roozenbeek, Linden,
and Nygren 2020; Basol, Roozenbeek, and van der Lin-
den 2020), while a meta-review finds their results to be in-
significant using pre & post treatment classification accu-
racy (Modirrousta-Galian and Higham 2023). The effective-
ness of source credibility interventions has also been dis-
puted (Bruns et al. 2024). Finally, multiple studies find that
media literacy is effective in some countries but not oth-
ers, and that different types of media literacy are effec-
tive in different locations (Badrinathan 2021; Guess et al.
2020). The lack of consensus on these interventions under-
scores the need for comprehensive evaluation metrics in the
field (van der Linden et al. 2021) and highlights the signifi-
cance of meta-reviews. In order for these interventions to be
successfully operationalized on online platforms, these dis-
agreements should be resolved.

Finally, there is a growing divide between the types of
interventions that garner popular support from either plat-
forms or their users, and the interventions that appear to
be most effective in the literature. For example, suspend-
ing or deplatforming user accounts has been shown to be
effective in reducing the spread of harmful misinformation

2https://www.youtube.com/howyoutubeworks/our-commitme
nts/fighting-misinformation/

3https://www.tiktok.com/transparency/en-us/combating-
misinformation/

(Thomas and Wahedi 2023; McCabe et al. 2024). However,
these interventions are among the least popular with users
(Kozyreva et al. 2023; King 2025). Additionally, some plat-
forms, including Meta (Kaplan 2025), have discontinued
fact-checking programs, despite their proven effectiveness
(Walter and Murphy 2018; Blair et al. 2024). These plat-
forms are instead endorsing Community Notes systems, a
variant of contextual labeling, despite recent studies indi-
cating that such systems have mixed efficacy (Blair et al.
2024) or no effect on misinformation engagement (Chuai
et al. 2024). This dichotomy between social media platforms
and academic research highlights a tradeoff between effec-
tiveness and user acceptance. Therefore, our key finding that
user acceptance is largely understudied, poses a serious is-
sue for the practicality of research on misinformation inter-
ventions and their implementation in online social media.
Future research on misinformation interventions should aim
to further investigate and, if possible, reconcile the apparent
divide between user acceptance and effectiveness.

Limitations
Our method for selecting papers may have missed articles in
specific sub-areas. For example, while the literature tends to
focus on social media, recent research has found that search
engines play a significant role in the perceived veracity of
misinformation (Aslett et al. 2024), motivating the develop-
ment of interventions that target source credibility in search
rankings (Carragher, Williams, and Carley 2025). While out
of scope of our review, the intersection of search engines and
misinformation is a promising direction for future work.

Additionally, we primarily focused on research conducted
in academic peer-reviewed venues. Due to limited data-
sharing and access, there may be some discrepancies be-
tween what is done in academia and what is done in in-
dustry or other institutions. Also only articles written in
English were included in our analysis. However, the cate-
gories of misinformation we identified as over-studied and
under-studied are similar to what other related review arti-
cles found, mitigating the risk of missing articles (Courch-
esne, Ilhardt, and Shapiro 2021).

Finally, we did not have a baseline to compare this bib-
liometric analysis against. For example, is it common for
co-authorship networks to fragment as much as they did in
this work when removing one article with a high number of
authors (see Figure 7 and 8)? Is the clustering of journals by
discipline common in other multidisciplinary fields? These
questions pose possible future directions for this work.

Conclusion
A bibliometric analysis was conducted on the literature
surrounding user-, platform-, and policy-level misinforma-
tion interventions. This analysis found many under- and
over-studied interventions in the literature. Additionally, we
found that the academic literature primarily focuses on the
effectiveness of countermeasures without addressing the
critical metric of user acceptance. The intervention space
should investigate the popularity of these interventions. If
user acceptance is low, implementing that intervention is un-
likely, making its relative effectiveness less relevant.



The analysis also uncovered structural issues in the re-
search ecosystem. Publication venues in this field have pri-
marily remained siloed by discipline, although several col-
laborative and multidisciplinary publications have emerged
in recent years. Despite this, the field is fragmented: there
is limited integration across intervention types, inconsistent
findings on effectiveness, and a lack of cohesion in the au-
thorship network. These gaps point to a need for both con-
ceptual and methodological consolidation. Future work must
rigorously evaluate interventions not only in terms of effi-
cacy but also acceptance and scalability. Only by bridging
disciplinary divides and focusing on the human factors that
mediate intervention success can the field mature. This re-
view is intended as a step in that direction.
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Content Distribution Refers to a broad category of inter-
ventions concerning how content is distributed on social me-
dia.
• Redirection - A form of content distribution where users

are directed to alternative content (such as official re-
sources) or no content at all when searching for some-
thing that could be problematic or harmful. For example,
a user searching for COVID-19 leading to a CDC infor-
mation box (Yadav 2021).

• Accuracy Prompts - Sometimes referred to as “nudging”,
accuracy prompts are designed to encourage individuals
to consider accuracy before posting or sharing content
(Pennycook et al. 2021; Epstein et al. 2021).

• Friction - Friction encourages individuals to pause and
reflect before engaging with content (Bago, Rand, and
Pennycook 2020; Katsaros, Yang, and Fratamico 2022).

• Platform Alterations - Any modifications to the design
or architecture of social media platforms that influence

how content is distributed or displayed to users or how
they are encouraged to engage with the platform, such
as reducing the size or visibility of a post (Kirchner and
Reuter 2020; Gillespie 2022).

• Advertising Policy - Refers to how platforms (or govern-
ments) regulate, correct, or display advertisements to the
public, such as by banning or fact-checking ads (Courch-
esne, Ilhardt, and Shapiro 2021; Helmus and Kepe 2021).

• Content Distribution (Other) - Other types involve lim-
iting users’ forwarding or resharing capabilities, which
caps the number of recipients to whom a given message
can be forwarded (Porter 2020).

Content Moderation Refers to a broad range of interven-
tions regarding how content is displayed on social media, in-
cluding fact-checking, narrative counterspeech like debunk-
ing, and the use of algorithms to assist in moderation and
misinformation detection (Jiang et al. 2023).

• Fact-Checking - The process of verifying information,
typically performed by experts. This verification can be
done by experts, journalists, and platforms, and includes
multi-modal fact-checking, such as fact-checking videos
(Walter and Murphy 2018).

• Debunking - Debunking is a stronger form of fact-
checking, where context and coherence are typically
provided in addition to verifying or correcting content.
It can also be described as a “narrative intervention”
(Lewandowsky et al. 2020; Bruns et al. 2024).

• Algorithmic Content Moderation - Automated content
moderation, including automated fact-checking, uprank-
ing or downranking of content, removing of content,
or labeling of content (Bode and Vraga 2018; Gillespie
2022; Gorwa, Binns, and Katzenbach 2020).

• Misinformation Detection - The algorithmic detection
of misinformation, typically for content moderation pur-
poses (Khan, Michalas, and Akhunzada 2021)

• Content Moderation (Other) - Other forms of content
moderation could include user control, which would in-
volve transferring some moderation responsibilities cur-
rently done by platforms to users. This approach would
give users greater control over the content displayed in
their own news feeds (Jhaver and Zhang 2023).

Account Moderation Account moderation involves mod-
erating user accounts by implementing actions such as
account suspensions, removals, shadow banning users, or
demonetizing accounts (Courchesne, Ilhardt, and Shapiro
2021; West 2018).

• Account Removal - Refers to the permanent or tempo-
rary banning of users who share misinformation or vio-
late other platform policies a certain number of times. A
specific type of account removal, where platforms coor-
dinate their efforts to remove particularly problematic or
dangerous user accounts, is typically referred to as de-
platforming (McCabe et al. 2024; Thomas and Wahedi
2023).



• Shadow Banning - The practice of limiting the reach of
posts from certain policy-violating accounts without ex-
plicitly banning or suspending them, typically conducted
in a concealed or opaque manner (Johns et al. 2024; West
2018).

• Account Moderation (Other) - Another form of ac-
count moderation is the demonetization of user accounts,
which refers to removing or restricting monetization
features for a user account that is found to violate a
platform’s policies repeatedly (Martı́nez-López, Li, and
Young 2022).

Content Labeling Content labeling includes all general
types of misinformation disclosure through labeling. Labels
are commonly used to present fact-checks, source informa-
tion or credibility, or to provide additional context on a post
(Courchesne, Ilhardt, and Shapiro 2021; Yadav 2021).
• Crowdsourcing - Crowdsourcing generally involves uti-

lizing regular individuals to verify information and label
content instead of relying on journalists or expert fact-
checkers (Allen, Martel, and Rand 2022)

• Warning Labels - Warning labels refer to general warn-
ings about misinformation and can address the source,
content, or context (Papakyriakopoulos and Goodman
2022). One way to implement this type of intervention
is by using click-through warning labels or interstitials
(Sharevski et al. 2022).

• Source Credibility Labels - This type of intervention in-
volves disclosing or labeling the credibility of a post’s
source (Gao et al. 2018).

• Context Labels - Labels that specifically add context or
additional information to a post, such as Community
Notes programs (Allen, Martel, and Rand 2022).

• Content Labeling (Other) - Another type of labeling in-
volves notifying users when they have posted or inter-
acted with content verified to contain misinformation or
originating from a state-run source, through the use of
disclosure (Courchesne, Ilhardt, and Shapiro 2021).

User-based Countermeasures User-based measures are
interventions that focus on individuals’ responses to encoun-
tering misinformation (Tandoc, Lim, and Ling 2020).
• Reporting - Users can report other users or their posts

(Niklewicz 2017; Zhou et al. 2024).
• Blocking - Users have the ability to block other users or

specific topics (Tandoc, Lim, and Ling 2020).
• Social Corrections - Users who fact-check or debunk

other users directly (Badrinathan and Chauchard 2023;
Bode and Vraga 2018). This intervention may involve
publicly commenting on a post or privately messaging
the misinformation poster.

• Social Norms - The use of social or community influ-
ence to change behavior and promote social and self-
corrections (Ecker et al. 2023; Gimpel et al. 2021).

• Retractions - When users or organizations retract misin-
formation they have posted and how that impacts individ-
uals who have already encountered the misinformation
(Arif et al. 2017; Ecker and Antonio 2021).

• User-based Measures (Other) - Other forms of user-
based measures might include encouraging users to de-
activate their social media accounts (Ventura et al. 2023),
along with other user-driven behaviors.

Media Literacy and Education This general intervention
category involves any educational or training effort aimed
at enhancing the public’s civic reasoning, digital literacy,
and critical thinking skills when interacting with media mes-
sages (Guess et al. 2020; Jeong, Cho, and Hwang 2012).

• Fake News Games - Games designed to help players
detect misinformation and improve their critical think-
ing skills (Maertens et al. 2021; Modirrousta-Galian and
Higham 2023; Roozenbeek, Linden, and Nygren 2020).

• Inoculation - Commonly referred to as “pre-bunking,”
inoculation consists of warning messages or infor-
mation about misleading rhetorical techniques meant
to prevent people from later believing misinformation
(Lewandowsky and van der Linden 2021).

• Media Literacy (Other) - Other types of educational ini-
tiatives and relevant research studies, such as providing
individuals with tips on recognizing fake news (Guess
et al. 2020) or evaluating people’s information, digital,
or news literacy (Jones-Jang, Mortensen, and Liu 2021).

Institutional Measures Institutional measures are those
implemented by civic society, governments, the media, or
other organizations (Bradshaw and Neudert 2021).

• Media Support - Investing in local news or promoting
trustworthy local news on social media platforms (Toff
and Mathews 2024). Supporting and training the next
generation of journalists to engage in high-quality, inde-
pendent reporting (Bradshaw and Neudert 2021)

• Data Sharing - Social media companies should regularly
release data and internal research reports on the preva-
lence, spread, and mitigation of misinformation to the
public and outside researchers (Assenmacher et al. 2022;
Bishop and Gray 2017).

• Government Regulation - This category includes any
laws, rules, or regulations at local, state, or federal lev-
els (Niklewicz 2017; Rochefort 2020; Yadav 2020).

• Other Institutional Measures - Other measures may in-
volve researching and developing tools to support civil
society with these issues, as well as enhancing collabora-
tion among various types of institutions (Bradshaw and
Neudert 2021).

Other Interventions This category includes any interven-
tions that do not fit into the previous categories or are newly
introduced.

• Generative AI - Using generative AI to combat or de-
tect misinformation. An example could include employ-
ing AI chatbots to reduce belief in conspiracy theories or
misinformation (Costello, Pennycook, and Rand 2024).
Policy responses may involve prohibiting, labeling, or
disclosing the use of AI or manipulated content to pro-
duce deepfakes or ads (Helmus and Chandra 2024).



• Combining Interventions - Studies that compare the ef-
fects of using multiple interventions simultaneously with
using one intervention (Bak-Coleman et al. 2022).

• Other - Any other intervention not previously described.

Other Labels
• Review Article: A paper that reviews other papers in a

specific field.
• Meta-Analysis: A review paper that quantitatively ana-

lyzes previous results.
• Effectiveness: A paper that studies and analyzes the ef-

fectiveness of one or more interventions at reducing the
creation, spread, or belief in misinformation.

• Acceptance: A paper that studies user acceptance or in-
corporates user feedback in designing and analyzing mis-
information interventions.

Appendix B: Results



Table 5: The number of papers and unique authors who have studied each intervention type.

Intervention Category Papers Authors

fact-checking Content Moderation 127 336
debunking Content Moderation 124 359
media literacy Media Literacy 76 256
inoculation Media Literacy 58 214
warning labels Content Labeling 45 170
source credibility labels Content Labeling 38 155
social corrections User-Based Measures 35 88
accuracy prompts Content Distribution 31 116
social norms User-Based Measures 30 163
fake news games Media Literacy 26 66
retractions User-Based Measures 25 45
platform alterations Content Distribution 23 75
crowdsourcing Content Labeling 19 67
misinformation detection Content Moderation 18 72
combining interventions Other 14 48
institutional measures Institutional Measures 13 41
friction Content Distribution 12 63
context labels Content Labeling 12 67
algorithmic moderation Content Moderation 12 41
content labeling Content Labeling 11 34
other Other 9 37
government regulation Institutional Measures 8 14
advertising policy Content Distribution 7 29
media support Institutional Measures 6 16
content distribution Content Distribution 5 13
redirection Content Distribution 5 12
user-based measures User-Based Measures 5 14
account removal Account Moderation 4 12
reporting User-Based Measures 4 13
content moderation Content Moderation 3 7
generative AI Other 3 8
account moderation Account Moderation 2 8
shadow banning Account Moderation 1 4
blocking User-Based Measures 1 4
data sharing Institutional Measures 1 3

Figure 8: The largest component of the Author x Author network excluding one paper with 30 authors.


