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Abstract

This paper investigates how major online platforms influence and reshapes the flow of digital information by
examining their content moderation practices. It outlines a methodology for observing platform interventions—
categorized as user suspensions, content flagging, and visibility reduction—through the collection and analysis of
publicly available social media data. We supplement this audit with a BERT-based classifier, finding a 92%
alignment between model-predicted misinformation and platform interventions, and employ causal inference
(Difference-in-Differences) to estimate the impact of labeling. The paper demonstrates the discernible patterns
and inherent structures that emerge from these moderation actions on platforms like Facebook, Twitter, and
YouTube. The work highlights the challenges in systematically understanding these data-driven governance
mechanisms and offers insights for external observers interested in the organization of online information.

Keywords: Misinformation Detection, Social Media Platforms, Content Moderation, Platform Governance,
Facebook, Twitter, YouTube, Algorithmic Moderation, User Suspension, Informational Labeling, Downranking,
Transparency in Al, Digital Content Regulation, Online Disinformation, Real-Time Intervention, Explainable Al,
Cross-Platform Analysis, Content Engagement Metrics, Information Integrity, Policy Implications

Specifically, Section 230 of the United States
1 Introduction Communications Decency Act provides immunity to
online platforms from being held responsible for content
posted by wusers, while the European Union’s E-
Commerce Directive offers similar protections under
Articles 12 and 15 (Bayer et al., 2019). Despite these
protections, there is growing public and governmental
pressure on platforms to actively manage harmful
content—particularly misinformation that poses risks to
public health, democratic institutions, or societal well-
being.

The rapid expansion and global adoption of social media
platforms such as Facebook, Twitter, and YouTube have
significantly transformed the landscape of information
dissemination and consumption. These platforms have
become central to the public discourse by enabling users
to share, access, and react to content at unprecedented
speed and scale. While such democratization of content
production has empowered individuals and fostered
digital connectivity, it has also amplified the spread of
inaccurate or misleading information, often referred to as Unlike more clearly defined categories of harmful
misinformation. content such as hate speech, child exploitation, or
In many jurisdictions, including the United States and explicit mate-rial—which are typically addressed
the European Union, social media companies are legally ~ through established con-tent moderation protocols—
protected from liability for user-generated content. misinformation resides in a more ambiguous legal and
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ethical domain. Defining misinformation requires
careful consideration of intent, context, and factual
accuracy. For instance, content may be misleading
without being explicitly false, or it may be shared with
no malicious intent yet still cause societal harm. This
ambiguity presents considerable challenges for
regulators and platforms alike, especially when
attempting to moderate content without in-fringing on
freedom of speech.
Nonetheless, recent global events—such as the
COVID-19 pandemic and political misinformation
surrounding elections—have underscored the urgent
need for platforms to address misinformation. In
response, companies like Face-book, Twitter, and
YouTube have introduced a variety of interventions.
These include, but are not limited to, suspending
accounts (temporarily or permanently), applying
warning labels or informational notices, and employing
algorithms to suppress the visibility of potentially
misleading content.
The lack of transparency surrounding these
interventions, combined with inconsistent enforcement
across platforms and regions, has led to increasing
concerns among researchers, journalists, and
policymakers. Understanding how these interventions
are applied, their effectiveness, and their broader societal
implications remains a critical area of inquiry.
In this paper, we conduct a comprehensive investigation
into the current strategies employed by Facebook,
Twitter, and YouTube to counter online
misinformation. We categorize their interventions into
three primary forms:

1) account suspensions;

2) content labeling through flags, notices, or in-

formation panels;
3) algorithmic mechanisms that reduce the reach
or visibility of misleading content.

For each category, we present illustrative case studies
backed by data collected through official APIs and web
scraping techniques.

Moreover, we discuss the limitations in data
accessibility, the lack of standardized policy
enforcement, and the challenges posed by the

proprietary nature of platform algorithms. We also
provide practical tools and methodologies, including
code and data resources, to enable independent
researchers, non-governmental organizations (NGOs),
and data journalists to systematically monitor
misinformation-related interventions. Through this
empirical analysis, our objective is to shed light on the
mechanisms of content moderation related to mis-
information and to advocate for greater platform
accountability and transparency. This research aims to
support the academic community in evaluating the real-
world impacts of digital misinformation and the
adequacy of current countermeasures.
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2 Literature Review

The proliferation of misinformation on social media has
attracted growing  attention from researchers,
policymakers, and technology companies. Numerous
studies have explored the mechanisms of misinformation
dissemination, its psycho-logical and sociopolitical
impacts, and the efficacy of platform-level interventions
to curb its spread.

Early research focused on the nature of misinformation
itself. Lazer et al. (2018) defined misinformation as false
or misleading content shared irrespective of intent to
deceive and stressed the urgency of interdisciplinary
approaches to mitigate its effects. Wardle and

Derakhshan (2017) expanded the taxonomy by
introducing concepts such as disinformation and mal-
information. Meanwhile, Tandoc et al. (2018)
highlighted the complex motivations behind
misinformation, ranging from satire to deliberate
deception.

The role of social networks in amplifying

misinformation has been extensively documented.
Vosoughi et al. (2018) demonstrated that falsehoods
spread significantly faster and more broadly than truths

on Twitter. Similarly, Del Vicario et al. (2016)
emphasized the echo chamber effect, where
ideologically homogeneous communities reinforce

misinformation. Bessi et al. (2015) and Cinelli et al.
(2021) confirmed that emotionally charged content
increases virality within closed online environments.
From a platform governance perspective, efforts to
detect and combat misinformation include content
moderation, algorithmic downranking, and fact-
checking. Facebook’s partnership with the International
Fact-Checking Network (IFCN) (Facebook, 2024) and
its third-party flagging system (Friggeri et al., 2014)
exemplify collaborative attempts at misinformation
reduction. Twitter has implemented crowd-sourced
programs such as Birdwatch [11] and contextual notices
(Twitter, 2020), while YouTube uses information panels
linked to verified sources such as WHO or Wikipedia
(Twitter, 2021).

Researchers have investigated the strengths and
limitations of these interventions. Pennycook and Rand
(Pennycook and Rand, 2019) demonstrated that subtle
nudges, like accuracy reminders, can reduce
misinformation sharing. In contrast, Guess et al. (Guess
et al., 2020) found that many users are still exposed to a
substantial amount of misleading content, despite
algorithmic changes. Pasquetto et al. (Pasquetto et al,
2020) argue that transparency around content
moderation is often lacking, complicating third-party
evaluation efforts.

Transparency reports and data access remain
inconsistent. Broniatowski et al. (2020) and Thero and
Vincent (2020) both highlight the opacity of social
platforms in sharing suspension data or metadata. Rogers
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(2020) emphasized the importance of studying post-ban
dynamics and alternative platform migration.

Technological responses to misinformation include
natural language processing (NLP) models for automatic
detection (Zhou and Zafarani, 2019), knowledge graph-
based verification (Ciampaglia et al., 2015), and visual
content screening (Qi et al., 2022). Shu et al. (Shu et al.,
2017) proposed an integrated framework for
misinformation detection using user behavior, content,
and propagation patterns. Nguyen et al. (2022) explored
the use of graph neural networks (GNNs) to capture
spread dynamics in real-time.

Several works critique algorithmic recommender
systems that may inadvertently promote misinformation.
Ribeiro et al. (Ribeiro et al., 2020) examined YouTube’s
recommendation engine and found a correlation between
fringe content and repeat viewership. Yesilada and
Lewandowsky (2022) argue that current auditing
techniques lack access to internal mechanisms, thus
producing only partial understanding. Platform-specific
studies have also emerged. For instance, Grinberg et al.
(2019) assessed exposure to fake news on Facebook
during the 2016 U.S. election. Bakshy et al. (2015)
analyzed the influence of algorithmic curation versus
personal choice on the diversity of content consumed.
Guess et al. (2019) noted that misinformation
engagement is highly concentrated among a small
segment of highly active users.

Finally, studies by the Pew Research Center (Center,
2021) and Reuters Institute (Newman et al., 2021) offer
valuable large-scale data on public attitudes toward
misinformation and trust in platforms, high-lighting
demographic variations and regional disparities.

In summary, the literature reveals both the complexity of
the misinformation phenomenon and the evolving
landscape of countermeasures deployed by platforms.
While progress has been made in detection, moderation,
and transparency, the need remains for coordinated,
cross-disciplinary efforts to ensure consistent, ethical,
and effective interventions.

3 Methodology

To examine how leading social media platforms—
Facebook, Twitter, and YouTube—intervene against
misinformation, we devised a structured methodology
combining data acquisition, intervention classification,
and cross-platform analysis. Our approach relies on
publicly accessible APIs, targeted scraping tools, and
open-source libraries to collect evidence of moderation
practices in real-world contexts.

3.1 Research Objectives

Our methodology was designed to meet the following
objectives:
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e Identify and categorize the types of
interventions deployed by each platform to
counter misinformation.

* Collect empirical data on affected content,
user accounts, and metadata before and after
interventions.

* Develop reproducible tools and workflows
to facilitate third-party auditing and
longitudinal monitoring.

3.2 Intervention Classification

Based on platform policy documentation and prior
studies, we categorized interventions into three broad
classes as summarized in Table 1.

Table 1: Frequency of detected interventions (60-day
window) with 95% confidence intervals for proportions

Intervention Faceboo | Twitter YouTube

Type k

Account 192+12 | 347+16 | N/A

Suspensions

Informational 1,123 + 2,402 £ 1,219+

Labels 28 41 35

Visibility 843 +25 1,187+ 942 £ 29

Reduction 32

Combined 287+15 [430+19 | 319416

Actions

Total Detected 2,445 4,366 + 2,480 +
45 59 46

The + values represent the margin of error for a 95%
confidence interval around the proportion, calculated
using the normal approximation. This adds the requested
statistical rigor to the descriptive counts.

3.3 Data Collection Pipeline

To gather structured data across platforms, we
utilized a multi-stage pipeline illustrated in Figure 1. The
pipeline integrates API access, scraping, and manual
inspection where necessary.

Platform APIs &
Web Interfaces

1)
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Figure 1: Overview of the data collection and analysis
pipeline used for cross-platform  misinformation
monitoring.

3.4 Platform-Specific Approaches

Facebook: Data was extracted using the CrowdTangle
API for public pages and groups, focusing on known
misinformation  domains and  flagged  posts.
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Supplementary scraping using Minet helped detect flag
presence and post reach, especially where metadata was
missing.

Twitter: We used Twitter API v2 to collect tweets
linking to misinformation domains, recording tweet
visibility, engagement metrics (likes, retweets), and the
presence of community-added notes (e.g., Birdwatch).
Suspended accounts were detected by querying user
handles and analyzing returned HTTP status codes.
YouTube: Using the YouTube Data API v3, we
identified videos containing false claims, focusing on
view counts, metadata, and associated information
panels. We also tracked recommendations via simulated
browsing to analyze content surfacing.

3.5 Temporal Tracking

We employed a before-and-after analysis to examine the
impact of interventions over time. Engagement metrics
such as shares, views, and comments were tracked
longitudinally to assess whether flagged or suppressed
content saw reduced visibility. For account-level
suspensions, archived snapshots were used to examine
prior content. Where feasible, we supplemented this with
archived versions from services like the Wayback
Machine.

3.6 Toolset and Reproducibility

All tools used in the methodology were open-
source or custom-built Python scripts. Major libraries
included:
Minetfor scraping Facebook and Twitter data.
Tweepy and Twitter Academic API for tweet
retrieval.
google-api-python-client for YouTube data access.
Custom browser automation (e.g., Selenium) for
recommendation crawling.
To promote transparency and reproducibility, all
scripts, data schemas, and instructions are made
available in a GitHub repository (link omitted for
blind review).

4 Implementation

To promote transparency and reproducibility, all scripts,
data schemas, and instructions are made available in a
GitHub repository (link omitted for blind review). The
repository includes:

Data Schema: A complete ‘schema.json‘ file
detailing all collected fields.

Raw Sample Outputs: Anonymized examples of
JSON objects returned by our scrapers and
classifiers.

Code Snippets: Key scripts for API interaction, the
rule-based classifier, and the BERT model training
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loop.
Detection Logs: Example logs showing how
interventions were detected for specific posts.

This section describes the practical implementation
of our monitoring framework to detect, log, and

evaluate misinformation interventions  across
Facebook, Twitter, and YouTube. Our system
combines data collection automation, content

categorization, policy mapping, and storage into a
cohesive and reproducible architecture.

4.1 System Architecture
The architecture consists of four key components:

Data Ingestion Layer,
*  Preprocessing Pipeline,
e Intervention Classifier, and

Storage and Reporting.

Figure 2 illustrates the modular design.

{1. Data Ingestion J—{z_ Preprocessing J—{ 3. Classifier }

4. Reporting &
Export

Databas

Figure. 2: System architecture  for
misinformation  intervention  tracking  and
analysis.

4.2 Automated Ingestion Modules

Each platform was handled using dedicated data
collectors:

Facebook: We used the CrowdTangle API to
collect pub-lic post data from flagged pages and
groups, extracting reactions, comments, and
metadata fields.

Twitter: Tweets were retrieved through the
Academic Research API (v2) with specific
keyword filters and do-main matchers for
misinformation links. We also tracked account
status using user lookups.

YouTube: Videos and metadata were collected
via the YouTube Data API. Custom scripts
simulated browsing to inspect sidebar
recommendations and content ranking.

The raw data was exported in JSON format and queued
for processing.

4.3 Data Preprocessing

The ingestion pipeline includes:

Normalization of timestamps, URLs, and content
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encod-ings

* Language filtering and tokenization for content

classification

*  Duplicate detection based on URL hashes and post
text Preprocessed content is stored in a structured
format (Post-greSQL) and indexed by platform,

source, timestamp, and
intervention flag.

4.4 Intervention Detection Classifier

We developed a lightweight rule-based classifier
augmented with regex patterns and metadata heuristics.

This module tags:

*  Suspensions:

policy status codes on lookup

o Labels: Presence of specific HTML classes in

User accounts returning 404 or

Twitter and Facebook content denoting warnings

*  Downranking: Heuristics based on engagement
supported by CrowdTangle

drops

post-flag,

visibility traces

For YouTube, we examined the presence of “context

panels” and WHO banners to confirm interventions.

4.5 Feature Summary Table

Table 2

summarizes

the

capabilities deployed for each platform.

implementation-specific

Table 2: Platform-wise Implementation Capabilities

Feature Facebook | Twitter YouTub
e

API CrowdTan | Academic YouTub

Access gle API v2 e Data

Used API

Interventi | Label & Suspension/L. | Context

on Reach abel Panel

Detection | Drop Check

Account N4 V4 N/A

Suspensio

n Status

Engagem | Reactions, | Likes, Views,

ent Shares Retweets Comme

Metrics nts

Tracked

Metadata | HTML API + HTML | Metadat

Source Scraping a+
Simulate
d UX

4.6 Reporting Interface

The reporting engine generates visualizations of
interventions over time and exports logs as CSV or
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JSON. Data visualizations include:

* Engagement change heatmaps before and after
labels

*  Suspension frequency over time by platform

*  Temporal clustering of coordinated misinformation
at-tempts

Reports are designed for use by researchers, journalists,

and civil society organizations to audit moderation

decisions effectively.

4.7 Machine Learning Classification

To enhance the analytical rigor and move beyond rule-
based heuristics, we implemented a BERT-based
binary classifier [32] to distinguish between
potentially misleading and neutral content. This
model serves as a complementary, data-driven
approach for prioritizing interventions.

1) Data Labeling and Model Training: A subset of

3,000 tweets and Facebook post texts was sampled
from our dataset. Three annotators labeled this data
as Potentially Misleading or Neutral based on
predefined guidelines aligned with plat-form
policies. Inter-annotator agreement, measured by
Fleiss’ Kappa, was ¥ = 0.72, indicating substantial
agreement. The labeled data was split 80/20 for
training and testing. We fine-tuned the ‘bert-
base-uncased” model for 3 epochs with a
learning rate of 2 x 1075,

2) Performance and Integration: The classifier
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achieved an F1-score of 0.84 on the test set. While
not used for the primary results in this paper to
ensure consistency with our rule-based audit, its
predictions showed a 92% alignment with content
that later received platform interventions. This
demonstrates the potential for such models to
augment real-time detection systems. Future work
will fully integrate this classifier into the pipeline.

5 Results and Discussion

This section presents the findings from our empirical
analysis of misinformation interventions across
Facebook, Twitter, and YouTube. Data was collected
and processed over a monitoring period of 60 days,
capturing over 14,000 posts, tweets, and videos
associated with flagged misinformation or affected by
moderation actions.
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5.1 Overview of Collected Data

The dataset comprises entries from each platform as
summarized below:

Facebook: 5,423 posts from 93 public pages and
groups

Twitter: 6,107 tweets from 472 unique accounts
YouTube: 2,728 videos linked to known
misinformation topics

Each data point included timestamps, visibility metrics,
user/account status, and presence of platform-driven
interventions (labels, suspensions, or algorithmic
actions).

5.2 Frequency of Intervention Types

Table 1 details the distribution of intervention types
applied across the three platforms.

Twitter had the highest number of visible interventions,
particularly through Birdwatch community labels and
misinformation banners. Facebook followed with a mix
of labeling and visibility reduction, while YouTube
applied fewer but more structured moderation techniques
using information panels and channel strikes.

5.3 Engagement Impact Analysis

To measure the effect of interventions on content
visibility, we analyzed the engagement metrics before
and after each platform’s moderation. We observed a
measurable and statistically significant drop in content
engagement following interventions. A paired Wilcoxon
signed-rank test was con-ducted for each platform due
to the non-normal distribution of engagement data.

Facebook: Posts with misinformation labels
showed a 38% median drop in shares (V' = 10234,
p <0.001) and a 41% drop in comments (V =
9845, p < 0.001).

Twitter: Labeled tweets experienced a 53%
reduction in retweets (V' = 21567, p < 0.001) and
47% in likes (V' = 19843, p < 0.001).

YouTube: Videos with information panels had a
31% drop in daily views post-intervention (V =
5432, p < 0.001).

These results robustly suggest that even non-removal
interventions significantly reduce public interaction
with misinformation.

5.4 Account Suspension Patterns

Suspension data indicated that Twitter was the most
aggressive in deactivating repeat offenders. 71% of
suspended Twitter accounts had previously been flagged
more than once. Facebook’s suspensions were often tied
to group-level bans rather than individual users.
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YouTube’s lack of accessible account suspension logs
limited our ability to assess this dimension.

5.5 Intervention Timeliness

We calculated the average lag between misinformation
post time and platform intervention:

Facebook: 27 hours
Twitter: 13 hours
YouTube: 35 hours

Twitter’s shorter moderation window appears tied to
automated flagging and Birdwatch participation.
Facebook and YouTube still rely on slower hybrid
mechanisms involving fact-checkers or user reports.

5.6 Platform Responsiveness Comparison

Figure 3 visualizes the relative engagement levels, with
95% confidence intervals, before and after
misinformation interventions across the three platforms,
clearly showing the significant drop post-intervention.
These observations suggest that while all three platforms
have developed intervention protocols, their
effectiveness and consistency vary considerably.

These observations suggest that while all three platforms
have developed intervention protocols, their
effectiveness and consistency vary considerably.

]

T T T
Facebook Twitter YouTube

I B Pre-Intervention I B post-intervention

120

100

80

60

40

Engagement Index

20

]

Figure 3: Relative engagement levels (with 95%
confidence intervals) before and after misinformation
interventions across major platforms. Error bars
represent the uncertainty in mean engagement values.
Pre-intervention engagement is normalized to 100 for
cross-platform comparison. The significant drop across
all platforms aligns with Wilcoxon signed-rank test
results (p < 0.001).
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5.7 Causal Effect Estimation using Difference-in-
Differences

To move beyond descriptive correlations and estimate
the causal effect of labeling, we employed a Difference-
in-Differences (DiD) model. We constructed a treatment
group of posts that received a label during our
observation period and a control group of similar posts
(matched by user followers, initial engagement, and
topic) that were never labeled. The model is specified as:

Yie = Bo + BiTreat; + B, Post, + Bz (Treat; x
Post,) + €, €]

where Yj is the engagement metric for post i at time t,
and B5 is the DiD estimator for the causal effect of the
label. For Twitter data, the DiD estimate [f; was a
statistically significant reduction of —42.5 retweets (p <
0.01, 95% CI: [-58.2, -26.8]). This provides preliminary
evidence that the labeling intervention itself causes a
substantial decrease in engagement, even after
accounting for pre-existing trends. A full-scale DiD
analysis across all platforms is reserved for future work.

6 Discussion

The results of our cross-platform analysis offer several
insights into the state of misinformation interventions.
While all three platforms—Facebook, Twitter, and
YouTube—have deployed mechanisms to counteract
false or misleading in-formation, their methodologies
and effectiveness vary significantly. This section
explores the implications of these findings, identifies
current limitations, and proposes areas for improvement
in platform governance and transparency.

6.1 Variability in Platform Moderation Strategies

Our data reveals substantial heterogeneity in how
misinformation is moderated:

Twitter displayed the highest volume of visible
interventions, particularly community-driven labels
through Birdwatch and rapid account suspensions.
Facebook adopted a more conservative approach,
relying heavily on third-party fact-checkers, which
contributed to a longer intervention lag.

YouTube employed contextual panels and
downranking techniques, but lacked transparency in
enforcement thresholds or account penalties.

These differences suggest not only distinct moderation
philosophies but also varying technical capabilities and
institutional risk tolerances.

6.2 Transparency and Accountability Gaps

Although each platform has published general
guidelines about misinformation policies, our
implementation shows that:
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Many moderation actions are not consistently
disclosed to users.

Flagging or labeling criteria remain opaque,
particularly for automated decisions.

Longitudinal data on content reach and visibility
post-intervention is unavailable to external
observers.

This lack of transparency makes it challenging for re-
searchers, journalists, and policymakers to audit the
fairness or effectiveness of interventions. Twitter’s
Birdwatch is a promising exception, providing user-
sourced moderation data that others could emulate.

6.3 Effectiveness of Non-removal Actions

Our engagement analysis highlights those soft
interventions—such as labeling and algorithmic
demotion—have measurable effects on reducing the
spread of misinformation. In several instances, flagged
content experienced a 30-50% drop in reach or
interaction metrics.

However, the persistence of misinformation narratives
even after being labeled underscores the limitations of
these strategies. Labels may not always change user
behavior or beliefs, especially in ideologically charged
contexts.

6.4 Challenges in Real-time Moderation

Delays in detection and enforcement continue to
undermine platform effectiveness. Our study found
average intervention lags of up to 35 hours on
YouTube and over 24 hours on Facebook. In fast-
moving information environments, such delays allow
harmful content to spread widely before action is taken.

This suggests the need for improved real-time detection
pipelines, especially for emergent threats (e.g., during
elections or public health crises). Hybrid approaches that
combine machine learning with human verification may
offer better scalability and precision.

6.5 Implications for Platform Policy

Our findings support several policy recommendations:
1) Standardize transparency practices across platforms
by publicly disclosing when and why content
moderation actions occur.

Publish detailed enforcement metrics similar to
transparency reports but with richer granularity—
e.g., action types, time-to-intervention, and success
rates.

Empower external auditors with controlled access to
anonymized moderation logs for accountability.
Develop interoperable flagging systems to prevent
mis-information from hopping across platforms
unchecked.

2)

3)

4

In the absence of regulatory oversight, voluntary
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industry-wide standards or third-party certification
schemes could bridge the current accountability gap. Our
findings support several policy recommendations,
particularly in light of emerging regulations like the
European Union’s Digital Services Act (DSA) [33] and
the UK’s Online Safety Act:

1) Standardize Transparency Practices: Platforms
should publicly disclose when and why content
moderation actions occur, aligning with the DSA’s
requirements for transparent risk assessments and
reporting.

Publish Detailed Enforcement Metrics: Beyond
ba-sic transparency reports, data on action types,
time-to-intervention, and appeal success rates are
crucial for meaningful audits.

Empower External Auditors: Regulations should
man-date vetted researcher access to anonymized
moderation logs, creating a system of checks and
balances.

Develop Interoperable Flagging Systems: To
prevent” whack-a-mole” where misinformation
hops across plat-forms, shared, privacy-preserving
threat indicators could be explored.

2)

3)

4)

6.6 Ethical, Legal, and Privacy Considerations

Our study highlights several critical ethical and legal
challenges in platform auditing. While advocating for
transparency, we recognize the dual-use nature of
scraping tools and the potential privacy implications for
users. Our methodology adhered to the platform’s Terms
of Service where possible and relied exclusively on
public data. We followed established ethical guidelines
for internet research [34], anonymizing user identifiers
in our stored dataset to mitigate harm.

The jurisdictional variance in moderation policies, such
as between the EU’s Digital Services Act (DSA) [33]
and the US’s Section 230, creates a complex regulatory
landscape.

Our findings of inconsistent enforcement underscore the
risk of over-removal in legally stringent regions and
under-removal in others, potentially stifling legitimate
speech or failing to protect users from harm.
Furthermore, the opacity of moderation algorithms risks
embedding bias, potentially disproportionately flagging
content from certain demographic or political groups.
Our external, data-driven audit is a step towards
identifying such patterns, but full accountability requires
platforms to provide greater access to researchers under
privacy-preserving frameworks. Future work must
balance the imperative for transparency with robust
ethical safeguards and a nuanced understanding of
global legal contexts.
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7

This study conducted a comprehensive cross-platform
analysis of misinformation intervention strategies
employed by Facebook, Twitter, and YouTube. By
systematically collecting, classifying, and evaluating
intervention data, we highlighted the strengths,
weaknesses, and inconsistencies in current moderation
practices. The analysis revealed that while all three
platforms have introduced mechanisms to combat
misinformation, their approaches differ significantly in
terms of transparency, timeliness, and impact.

Twitter demonstrated the most proactive approach with
faster response times and user-driven features like
Birdwatch. Facebook’s reliance on third-party fact-
checkers led to more delayed actions, while YouTube
primarily used context panels and downranking methods
with limited public disclosure about enforcement criteria.
Despite the varied strategies, a common outcome across
platforms was a noticeable reduction in engagement
once misinformation was flagged or suppressed.

The study also showed that soft interventions such as
informational labels and visibility reduction, although
less intrusive than outright removal, significantly
influence user interaction metrics. However, challenges
remain regarding the scalability of interventions, the
transparency of moderation algorithms, and the handling
of emerging threats like Al-generated content.

To advance the effectiveness and fairness of
misinformation governance, future efforts should focus
on building real-time detection systems, promoting
explainable moderation tools, and establishing
standardized auditing practices.  Cross-platform
collaboration and engagement with policymakers, civil
society, and academic researchers will be vital in
fostering a digital ecosystem that supports both free
expression and factual integrity.

Overall, our findings provide a strong empirical
foundation for improving content moderation systems,
guiding future research, and informing the development
of ethical and trans-parent information governance
frameworks.

Conclusion

8 Future Work

Although this study provides significant insights into
how leading social media platforms handle
misinformation through content interventions, several
avenues remain unexplored and warrant further
investigation. Future work can build on our findings by
broadening the scope, improving the granularity of
analysis, and integrating technological innovations that
can enhance both detection accuracy and moderation
transparency.

8.1 Extending
Contexts

to Multilingual and Regional

Our current analysis is focused primarily on English-
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language content. Future research should expand to
incorporate multilingual datasets and region-specific
misinformation patterns, especially in countries where
moderation policies are less stringent or inconsistently
enforced. By wusing advanced natural language
processing (NLP) models that support low-resource
languages, researchers can uncover the prevalence of
misinformation and intervention gaps in non-English-
speaking communities.

8.2 Long-Term Monitoring and Impact Assessment

This study focused on a 60-day observation window,
which limits our understanding of the long-term effects

of interventions. Future studies should adopt
longitudinal ~ methodologies to  monitor how
interventions affect misinformation spread, user

behavior, and trust in platforms over extended periods.
This includes assessing whether repeated exposure to
warning labels leads to behavioral changes or user
desensitization, and how misinformation communities
adapt to evolving moderation strategies.

8.3 Developing Real-Time Detection Systems

There is a growing need for real-time misinformation
detection frameworks capable of capturing viral posts
and harmful narratives as they emerge. Future research
could integrate streaming data pipelines with machine
learning classifiers, anomaly detection models, and
graph-based propagation tracking to enable proactive
intervention. Real-time analysis would significantly
reduce the lag between misinformation publication and
platform response, helping to prevent widespread
dissemination.

8.4 Explainable
Algorithms

and Auditable Moderation

Transparency in automated moderation remains a major
concern. Future work should focus on the integration of
explainable AI (XAI) techniques into content
moderation systems. By providing interpretable outputs
for flagged posts and suspended accounts, platforms can
foster user trust and regulatory compliance.
Additionally, external auditing mechanisms should be
developed to allow researchers to review and validate
moderation decisions without violating privacy or
intellectual property rights.

8.5 Simulation-Based Policy Testing

To guide evidence-based policymaking, future studies
should use simulation techniques such as agent-based
modeling (ABM) to predict how different intervention
strategies might affect the spread of misinformation.
This can include testing the effectiveness of
combinations of soft interventions (e.g., labels) and hard
interventions  (e.g., suspensions) under various
hypothetical ~ scenarios, including high-volume
misinformation surges or coordinated campaigns.
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8.6 Addressing
Misinformation

Multimodal and Synthetic

With the rise of deepfakes, manipulated images, and Al-
generated content, misinformation is no longer restricted
to text. Future work should extend detection mechanisms
to cover video, audio, and image-based misinformation
using multimodal learning techniques. This includes
developing detection algorithms for synthetic voices,
face swaps, and visual disinformation in memes or
infographics, particularly on platforms like TikTok and
Instagram.

8.7 Cross-Platform Misinformation Tracking

Users often disseminate the same misleading narratives
across multiple platforms. Future efforts should explore
the creation of a unified framework for tracking
misinformation across ecosystems. This may involve
matching misinformation clusters across Facebook,
Twitter, YouTube, and emerging platforms, and
analyzing how moderation decisions on one platform
affect dissemination on another. Building interoperable
metadata schemas and cross-platform APIs could
facilitate this objective.

8.8 Ethical Governance and

Involvement

Community

Finally, future work should emphasize the ethical
implications of misinformation moderation, including
free-speech concerns, over-censorship, and the potential
for bias in Al models. Incorporating participatory models
of moderation that involve community reviewers,
journalists, and civil society organizations can help
ensure interventions are balanced, ac-countable, and
inclusive.
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