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Executive Summary

The consortium led by Science Feedback and including Newtral, Demagog SK, Pravda,
Check First, and the Universitat Oberta de Catalunya (UOC) presents the second
large-scale, cross-platform, scientifically sound measurement of Structural Indicators of
Disinformation. These indicators assess how permeable Very Large Online Platforms
(VLOPs) are to mis/disinformation in Europe, how influential repeat misinformers are relative

to credible sources, and the extent to which such content is monetised.

Against a backdrop of platforms walking back earlier commitments to counter
disinformation, this second report brings something no single measurement can offer: a
basis for comparison. The consistency of results across two independent measurement
periods strengthens the credibility of the findings and confirms that what we are measuring

is not noise, but structural features of the platforms themselves.

WHAT WE MEASURED
Across six VLOPs (Facebook, Instagram, LinkedIn, TikTok, X/Twitter, YouTube) and four EU

Member States (France, Poland, Slovakia, Spain), we report five Structural Indicators:
Prevalence of mis/disinformation; Sources (relative influence of repeat misinformers vs.
credible actors); Monetisation; Al-generated mis/disinformation (new this wave); and

Audience growth (new this wave).

The second data collection period ran throughout October 2025, covering five topics (the
Russia—Ukraine war, climate change, health, migration, and national politics) and yielding
approximately 3.3 million posts. A view-weighted random sample (500 posts per platform
and per country) approximates widely seen content; professional fact-checkers annotated

posts to assess misinformation.

Data access note. Despite DSA Article 40.12 requests, only LinkedIn
supplied the requested random sample of posts. TikTok and YouTube
provided API access, which required additional effort to produce comparable
results. This concerns publicly available data: the barrier platforms are
erecting against independent researchers has no technical justification.

For non-public data, including monetisation records, there was no cooperation
from any platform. This opacity makes it practically impossible to study the
systemic risks these platforms impose on society, as the DSA requires.
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KEY FINDINGS

1) Prevalence. TikTok shows the highest prevalence of mis/disinformation (~25% of
exposure-weighted posts), up from ~20% in the first measurement period. YouTube
also saw a notable increase, from ~85% to ~12%. Facebook (~15%), X/Twitter
(~11%), and Instagram (~8%) remained broadly stable. LinkedIn continues to show the

lowest prevalence at ~1%.

When including abusive (e.g., hate speech) and borderline content (content that
reinforces a disinformation narrative without making an outright false claim), levels are
substantially higher: TikTok reaches ~43% problematic content, Facebook ~34%,
X/Twitter ~32%, YouTube ~27%, Instagram ~16%, and LinkedIn ~4%. Notably, three
platforms (TikTok, X/Twitter, and YouTube) now show more problematic content than
credible content in our samples, compared to only one (X/Twitter) in the first

measurement period.

Health misinformation remains the dominant category across all platforms (~43% of all

mis/disinformation posts).

2)Sources. Across almost all platforms, low-credibility accounts receive
disproportionately high engagement relative to their audience size, a pattern we term
the "misinformation premium". On most platforms, this premium persisted or
worsened compared to the first measurement period: on X/Twitter it rose from ~4 to
~10, and on YouTube from ~8.5 to ~11. This means that on X/Twitter, an account
posting false or misleading information repeatedly now receives around 10 times as

much engagement per post as a credible source with a comparable following.

3) Monetisation. Monetisation data remain entirely inaccessible on four of the six
platforms. On YouTube, 81% of eligible low-credibility channels appear to benefit from
monetisation, compared to 90% of eligible high-credibility channels. On Facebook, the
gap is wider (22% vs. 51%). In both cases, the fact that a high proportion of eligible
low-credibility accounts appear to be monetised indicates that demonetisation policies
are not functioning as intended. These results are consistent with those of the first
measurement period: platforms are, to a meaningful extent, benefiting from and

financially sustaining the very accounts that repeatedly spread misleading content.

4) Consistency across measurement periods. The overall coherence of results between
the two waves is a key finding in itself. Prevalence estimates, the misinformation
premium and monetisation patterns are consistent with those observed in the first
wave. This reproducibility confirms that our methodology is sound and that the

phenomena we measure are structural, and not incidental.
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5) Al-generated disinformation. This wave introduces a new indicator tracking the share
of mis/disinformation that is Al-generated. On video platforms, Al-generated content
accounts for approximately one quarter of all identified mis/disinformation on TikTok
(24%) and approximately one fifth on YouTube (19%). For a phenomenon that barely
existed a few years ago, these figures indicate rapid growth and a significant and
escalating risk to the quality of public information. Health misinformation accounts for

the largest share of Al-generated mis/disinformation on both platforms.

Critically, the overwhelming majority of this content carries no label: across all
platforms, only 16.5% of Al-generated mis/disinformation was visibly marked as
synthetic. This is a failure by platforms to inform their users of what they are watching,
and to protect them from manipulation and deception. The prevalence of unlabelled
Al-generated health misinformation, including fabricated videos featuring Al avatars
posing as medical professionals, illustrates concretely the real-world harms this failure

enables.

©) Audience growth. This wave also introduces a new indicator tracking the relative
growth rate of audiences for high- and low-credibility accounts. On most platforms, no
statistically significant difference in follower growth was observed between the two
groups. One exception is X/Twitter, where low-credibility accounts are growing their
audiences at ~3.5 times the rate of high-credibility accounts. X/Twitter thus appears to

favour the expansion of accounts that repeatedly share misleading content.

WHY THIS MATTERS

Two waves of measurement, using a consistent methodology now point to the same
conclusion: the structural permissiveness of major online platforms to misleading content

appears to be a persistent feature of how these platforms are designed and operated.

The integration of the Code of Conduct on Disinformation into the DSA framework in 2025
creates, for the first time, a legal basis for enforcement. The indicators developed by the
SIMODS project are designed to serve that purpose: they are comparable across platforms,
reproducible over time, and grounded in independent, transparent methodology. What is

now required is the political and regulatory will to use them.
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1. Introduction

Six months after the publication of the first SIMODS report, the context in which
disinformation on online platforms is discussed has continued to shift in important ways.
Early 2025 saw several major platforms step back from earlier voluntary commitments to
counter disinformation, reducing fact-checking programmes, staffing in relevant teams, or
withdrawing support for disinformation research and efforts to counter it, moves widely
reported and often framed as responses to political pressure in the United States. At the
same time, the Code of Conduct on Disinformation was formally integrated into the Digital
Services Act framework, becoming operational in July 2025 and for the first time giving

independent measurement a direct role in regulatory enforcement.

The debate over whether platforms are saturated with misleading content, or whether such
content represents only a marginal share of what users see, is no longer merely
academict?: it now has legal and policy consequences. This report provides the evidence to
anchor that debate.

1.1 THE CODE OF CONDUCT ON DISINFORMATION

The Code of Conduct on Disinformation (ex Code of Practice) is a co-regulatory instrument
co-developed by the European Commission with online platforms, search engines, the
advertising industry, fact-checkers and civil society. Signatories commit to a set of measures
including (among others) promoting trustworthy sources, reducing the amplification of
misleading content, demonetising disinformation, increasing transparency of political

advertising, partnering with fact-checkers, and enabling researcher access to data®.

On 13 February 2025, the Commission and the European Board for Digital Services formally
integrated the 2022 Code into the Digital Services Act (DSA) framework, turning it into the
Code of Conduct on Disinformation. As of 1 July 2025, the Code is operational under the
DSA, with auditing and compliance mechanisms, meaning that the Code has become a

“significant and meaningful benchmark for determining compliance with the [DSA]"*.

1.2 STRUCTURAL INDICATORS

The concept of Structural Indicators was first introduced in the Commission’s Guidance on
Strengthening the Code of Practice on Disinformation, which called for Key Performance
Indicators (KPIs) to track both implementation and effectiveness of the Code. These KPlIs are

structured into two complementary sets: Service-level Indicators, which assess the results
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and impact of specific policies; and Structural Indicators, which evaluate the broader

systemic impact of the Code.

In response to this guidance, the European Digital Media Observatory (EDMQ), specifically
through the work of the Centre for Media Pluralism and Media Freedom (CMPF), developed
an initial set of Structural Indicators aimed at capturing the evolution and characteristics of

online disinformation over time!.

EDMO proposed indicators comprising a core set including: Prevalence of disinformation,
Sources of disinformation, Audience of disinformation, and Collaboration and investments in
fact-checking, and an extended set including Users’ resilience, Demonetisation,

Cross-platform disinformation, and Algorithmic amplification™.

To compare how permeable each platform is to misleading content and how welcoming itis
for actors spreading it, indicators must be defined in a way that is comparable across

platforms and stable over time so that progress, or deterioration, can be quantified.

With this objective, the SIMODS project was designed to provide independent, external
measurement of key Structural Indicators and assess whether platforms respect users’

rights to be informed truthfully and not manipulated and comply with the EU framework.

1.3 SIMODS

SIMODS (Structural Indicators to Monitor Online Disinformation Scientifically) is a project
led by Science Feedback, in partnership with the Universitat Oberta de Catalunya (UOC),
Check First, and fact-checking organisations Newtral, Demagog SK, and Pravda. The

present report focuses on measuring four Structural Indicators:

1) Prevalence of Disinformation
2) Sources of Disinformation (engagement and growth);
3) Monetisation of Disinformation

4) Al-Generated Disinformation.

This European Media and Information Fund-funded project spans 18 months. The first
report of SIMODS was published in September 2025"), based on data collected in the
spring of 2025. One indicator was replaced: the Cross-platform Aspects of Disinformation
indicator included in the first report has been replaced by an indicator on Al-generated
mis/disinformation, reflecting the rapid growth of this phenomenon and the need to track it
systematically. In addition, the Sources indicator has been extended to include a measure of

audience growth for high- and low-credibility accounts.
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Measurements cover six Very Large Online Platforms (VLOPs) and four countries: France,
Poland, Slovakia and Spain. Under the DSA, a VLOP is designated at =45 million average
monthly active recipients in the EU (=10% of the EU population).

While previous attempts have been made to measure Structural Indicators, most notably

8.3 they did not deliver a full prevalence metric, in part due

TrustLab’s pilot implementation
to limited data collection scale. Indeed, it is not an easy feat to collect data at the scale

required to produce meaningful and statistically robust results.

Despite the DSA’s data-access provisions for researchers (Article 40), several platforms did
not provide datasets in time for our analysis following our requests. Only LinkedIn provided
the random sample that we requested, TikTok and YouTube granted API| access that

allowed us to collect data for this second collection period.

SIMODS succeeds in delivering these measurements on Structural Indicators through an

approach that:

e relies on large-scale datasets, which allows our results to be representative of
content that is highly viewed on each platform;

e rely on professional fact-checkers to assess whether each piece of content
contains mis/disinformation, as they possess the most relevant expertise for this task, given
their experience through their daily work identifying and debunking false claims;

e applies rigorous protocols and statistical analysis, reviewed by UOC researchers.

Following the publication of the first SIMODS report, UOC researchers within the
consortium conducted a study examining an additional source of uncertainty in our
prevalence estimates: the sensitivity of results to the choice of keywords used for data
collection while the present and previous reports quantify uncertainty arising from sampling

and inter-annotator disagreement. It has been submitted for publication™?.

NOTE: WHY THE TERM MIS/DISINFORMATION?

The Code uses the term “disinformation” to cover “verifiably false or misleading information
that is created, presented, and disseminated for economic gain or to intentionally deceive

the public, and that may cause public harm”.

This definition is typically contrasted with “misinformation”, which refers to false or
misleading information spread unintentionally, without deceptive intent. However, it is not
possible to formally identify intentionality when assessing isolated posts, as is required
when measuring prevalence at scale. In this report, we use the shorthand
“mis/disinformation” to refer to all false or misleading information, making explicit that both

intentional and unintentional content are included.
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2. Findings

2.1 PREVALENCE of MIS/DISINFORMATION

The first and most direct indicator of the scale of the disinformation issue on a platform is its
prevalence, i.e., the proportion of content users are exposed to on the platform that contains

mis/disinformation.

As EDMO explains, prevalence “aims to measure how widespread disinformation is across
platforms. As such, the share of content identified as disinformation in a selected sample of

»[6]

random content should be measured™. In response to EDMOQO’s 2nd report, a group of
experts who provided feedback on structural indicators further explained that prevalence
should be measured “by comparing it to content on similar topics rather than all

non-disinformation content”™Y,

With this background information, we set out to measure prevalence consistently across the
six very large online platforms. To do so, we collected hundreds of thousands of pieces of
content on topics central to the public debate in Europe and at high risk of containing
mis/disinformation, and asked professional fact-checkers to determine which posts

contained mis/disinformation.

It is important to note that previous attempts to measure prevalence, such as TrustLab’s
2023 pilot, were unable to construct a reliable measure of prevalence due to the limited
scale of their data collection. Instead, TrustLab’s study produced a metric of “discoverability”
(or “findability”), i.e., the share of mis/disinformation among search results for

B9 \While valuable, this metric reflects what users find

disinformation-related keywords
when they explicitly search for problematic content, rather than what they are incidentally
exposed to in their everyday browsing. Our approach represents a significant
methodological advance: it allows us to construct large, representative samples of content
that reflect actual user exposure, thereby producing the first robust cross-platform,

cross-country measure of prevalence.

2.1.1 Data Collection & Processing

A. KEYWORDS-BASED SEARCH

To approximate the information environment that users encounter, we built our corpus

through keyword searches on topics of high public interest in Europe and high risk of
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mis/disinformation: the Russia-Ukraine war, climate change, health, migration, and national

politics.

To minimise bias and allow meaningful comparison across countries, most keywords were
translated identically across the four languages of the study. This was notably the case for
Ukraine, climate, health, and migration topics. In contrast, national politics keywords were

adapted to the national context in each country to ensure relevance.

In order not to bias our sampling towards mis/disinformation only, and to properly capture
the diversity of content users are exposed to on platforms, the keyword lists, tested and
designed by professional fact-checkers, included keywords in these three categories:

e Neutral terms (e.g., Zelensky, migrants, Covid-19): widely used across all
information sources, ensuring that our dataset included mainstream reporting and
discussion.

e Ambiguous terms (e.g., vaccine side effects, geoengineering, laboratories in
Ukraine): terms often encountered in misleading narratives but that are not specific to it, and
also legitimately used in scientific or journalistic contexts.

e Misinformation-related terms (e.g., climate scam, Ukrainian Nazi, remigration):
that are predominantly used in false or misleading claims and are unlikely to be used by

credible sources when speaking about the topic.

The final list of search terms included around 100 keywords per language (French, Spanish,
Polish, and Slovak) and was balanced, in each country, with equal numbers of neutral
keywords on one hand and of ambiguous + misinformation-related terms on the other hand.
More details about the keywords can be found in Appendix 5.1.1. The second data
collection period (the one analysed in this second SIMODS report) spanned 1 October to 31
October 2025, and we collected posts that were published between these dates (inclusive).

To collect data from the selected platforms, we employed two different methods. First,
given that this project investigates a systemic risk (under DSA Article 34) to civic discourse,
we invoked Article 40.12 of the DSA and contacted all six VLOPs to request a random
sample of 200 000 posts per language, efforts that started with the first iteration of the
report on the 19 December 2024 and continued with a second request to the platforms on
the 7 October 2025.

As only LinkedIn provided the requested dataset and TikTok and YouTube provided access
to their APIls, we relied on a second method for the other platforms, using their search
functions and third-party tools to retrieve large numbers of posts containing any of our

keywords of interest. More details on the tools, filters, and procedures used can be found in

Appendix 5.1.1.
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As a result, for the second data collection period, we assembled a dataset comprising
approximately 3.3 million posts (with metadata) across four languages and six platforms,
totalling around 18 billion views. This is comparable to the data collected for the first
measurement period comprising approximately 2.6 million posts, totaling around 24 billion

Views.

Given the varied contexts in which keywords can appear, the dataset still contained
irrelevant content such as celebrity gossip, entertainment, or sports news. To address this,
we used a Large Language Model (LLM), GPT 4o0-mini, to filter the corpus, retaining only
posts relevant to our study, that is, content contributing to public discourse on the state of
the world, such as health, science, politics, climate change, or other societal issues with a

direct impact on people’s lives or understanding of society. More details are provided in

Appendix 5.1.2.

B. RANDOM SAMPLE

From this corpus, we then drew a random sample of 500 posts per platform and country for
annotation by fact-checkers. A crucial methodological aspect is that sampling was
weighted by the number of views. For instance, a video with 1 million views was 100 times
more likely to appear in our sample than one with 10 000 views. This weighting ensures
that the annotated sample reflects what users are actually seeing, not just what platforms
return in search. It also mitigates potential distortions: if a platform’s search algorithm
systematically downranks low-credibility content, a highly viewed, misleading post would

still have a high probability of being sampled. More details on sampling are provided in
Appendix 5.1.2.

C. ANNOTATION

With the random samples prepared, professional fact-checkers annotated each post to

determine whether it contained mis/disinformation.

While our primary focus was distinguishing mis/disinformation from credible information,
real-world content doesn’t always fit neatly into a binary classification. Pilot tests conducted

before the annotation period led us to define a broader set of categories to capture nuance:

e Mis/disinformation: Content stating or clearly implying a verifiably false or misleading
claim that may cause public harm.

e Credible and informative: Content conveying true or credible information on important
matters about the state of the world (excluding trivia, gossip, or anecdotes).

e Borderline: Content feeding a misleading narrative without necessarily containing

outright falsehoods, but potentially reinforcing false beliefs.
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e Abusive: Content not containing mis/disinformation but involving harmful material such
as hate speech, insults, spam, or incitement to harmful behaviour.

e Unverifiable: Content that cannot be assessed as either credible or mis/disinformation
(e.g., opinion-based).

e Irrelevant: Content not about public affairs or scientific/political issues (e.g.
entertainment, sports, religious content, cooking recipes without health claims,
geographically irrelevant to Europe).

e Other language: Content not in one of the languages spoken in the targeted country or
English.

e Deleted: Content unavailable at the time of annotation (e.g. removed from the
platform).

e Don’t know: Content not fitting any other category.

For the analysis, items labelled Irrelevant, Other language, Deleted, and Don’t know were
excluded. See Figure 2.1 for an illustration of the type of posts that were labelled in each of

the main categories.

To ensure the robustness of our findings, each country had one fact-checker annotate the
full dataset (500 posts per platform), while a second fact-checker independently reviewed a
random subset of 100 posts per platform. Where content was labelled Don’t know, the
second fact-checker systematically reviewed it, and their judgment was retained. Once the
data sample was fully labelled, the two fact-checkers discussed cases where discrepancies

between the labels occurred and agreed on a final label for each piece of content.

This cross-verification was critical as it allowed us to account for the uncertainty and
inevitable degree of subjectivity inherent in any annotation task. All results presented below
include confidence intervals that quantify the uncertainties coming from both the sample
size and the inter-annotator disagreement. Further details on annotation and confidence

intervals can be found in Appendix 5.1.4.

2.1.2 Results

Once the data was processed and annotated by fact-checkers as outlined above, we were

able to quantify the prevalence of posts belonging to each category.

SIMODS
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CREDIBLE POST (Instagram)

. onet @ onet_pl

onet_pl & 21w

W nocy z soboty na niedziele Rosja
przypuscita zmasowany atak na
miasta w Ukrainie, w tym na Lwéw. W
miescie stychaé eksplozje, a mer
Andrij Sadowy przekazat, ze
czegsciowo brakuje pradu. "Ogromne
sity zostaty zaangazowane do
uderzenia na Lwéw. Uzyto zaréwno
dronéw, jak i rakiet. Ciggle operuje
nasze oraz sojusznicze lotnictwo
bojowe. Jest to jeden z najwigkszych
atakéw od poczatku wojny" —
poinformowat w niedzielg nad ranem
wiceminister obrony narodowej
Cezary Tomczyk.

ROSJANIE ATAKUJA Lwow.
"JEDEN Z NAJWIEKSZYCH
ATAKOW OD POCZATKU WOJNY"

Qars Q1 @

SILY ZOSTALY Do NA LWOW"

An Instagram post from a reputable
source, updating users on the Ukrainian
War and attacks conducted by Russia.

MISINFORMATION POST
(Facebook)

@ Houstone Barry
7>/ October 2, 2025 -Q

Le sexe oral est a I'origine d'une « épidémie »
de cancer de la gorge, une pratique plus
néfaste que le tabagisme, I'alcool et une
mauvaise alimentation.

Il est désormais plus fréquent que le cancer du
col de I'utérus au Royaume-Uni et aux Etats-
Unis, selon un expert.

Le Dr Hisham Mehanna, de I'Université de
Birmingham (Royaume-Uni), a déclaré que les
personnes ayant plusieurs partenaires sexuels
oraux étaient huit fois plus susceptibles de
développer ce cancer.

Le Dr Mehanna a déclaré : « Au cours des deux
derniéres décennies, on a constaté une
augmentation rapide du cancer de la gorge en
Occident, a tel point que certains I'ont qualifié
d'épidémie See less

321TQ@ 147 &b
A> Share

O 782
d5 Like

Q Comment

A Facebook post stating that oral sex
causes throat cancer and is more
detrimental than smoking, drinking
alcohol and low-quality food.

UNVERIFIABLE VIDEO (YouTube)

Stoziar na Krivani? Takto narodna hrdost nevyzera

(T

SME | 295RE =Sy,

kto nérodna hrdost nevyzera (28. 10. 2025)

A YouTube video discussing national laws in
Slovakia. The topic is relevant to our study,
but the post presents only a subjective
experience without verifiable information.

BORDERLINE POST (X/Twitter)

#=0 Agenda 2030 {

how original
I'll tell you this. In Poland, Jews, Germans, and Ukrainians are in power. In
the Sejm, Poles are a national minority.

Historyczny/ moment

g

4 Braun wnosi o ujawnienie
nazwisk cztonkow rzadu,
ktorzy posiadajg inne niz

polskie obywatelstwo

An X/Twitter post targeting Jewish and
Ukrainian people, insinuating that they exert
conspiratorial control over the Polish

government.

IRRELEVANT POST (Linkedin)

BPCE Assurances + Follow

@282k, 30,437 followers

3mo - ®
¥ Parce que la sensibilisation au cancer du sein ne devrait pas s‘arréter le 31
octobre...

Depuis plus d'un an, BPCE Assurances s'engage concrétement pour faciliter
I'acces a I'assurance emprunteur des personnes ayant surmonté un cancer du
sein, clientes des réseaux Banque Populaire et Caisse d’Epargne.

Grace a cet engagement, elles peuvent désormais souscrire un contrat
d'assurance emprunteur pour un projet immobilier ou professionnel, sans
surprime, sans exclusion et sans attendre le délai légal de cing ans prévu par le
droit a I'oubli.

BPCE Assurances et CNP Assurances réaffirment ainsi leur volonté
d'accompagner chaque assuré(e) avec bienveillance, équité et confiance.

Parce que c'est aussi cela, étre créateur de sérénité ¢

#OctobreRose

A LinkedIn post promoting insurance policies
for people diagnosed with breast cancer. This

content does not provide information that
informs readers on societal issues.

ABUSIVE VIDEO (TikTok)

ROV ISelmefacercalun
pelolbrocoliha X

A TikTok video targeting Muslim immigrants
using a derogatory term to refer to them (pelo
brocoli) and inciting to violence (handling of a

knife “if one approaches”).

Figure 2.1 — Screenshots of examples of posts that were annotated as belonging to each of the main

categories.

SIMODS
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A. PREVALENCE ACROSS CATEGORIES

Figure 2.2 shows an overview of the content breakdown across the six platforms, using the
merged datasets from the four countries. The first observation is that the combined Credible
and Unverifiable categories represent the majority of content on all platforms. We argue
that these categories represent content that is legitimate to find on platforms. Credible
content is intended to inform users on important matters regarding politics, health, science,
etc., while Unverifiable content typically reflects people’s opinions, commentaries, and
thoughts about news and world events.

The distribution of Credible content is not uniform across platforms, with LinkedIn having
the highest proportion at 60% while YouTube, TikTok and X/Twitter have the lowest at
around 21%, 24% and 26.7% respectively. However, content that is generally harmful to
users or society (the combination of Abusive, Borderline, and Mis/disinformation, which we
collectively refer to as “Problematic” content in the rest of this analysis) can be found across
all platforms. The share of Problematic content varies by platform, with TikTok, Facebook
and X/Twitter showing the highest levels at 43%, 34% and 32%, respectively.

Content Assessment
BN Credible

[ Unverifiable
I Abusive

[ Borderline
Il Misinformation

90%

70%

50%

Percentage of Posts (%)

30%

10%

\1—"“6
\‘/\0

Figure 2.2 — Percentage of posts belonging to each category for the six very large online platforms.

When comparing only Credible to Problematic content, we note that half of the platforms
covered (X/Twitter, TikTok, and YouTube) contain more Problematic content than Credible

content, while this was the case only for X/Twitter in the first measurement period (see
Figure 5.2).

SIMODS
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B. PREVALENCE OF MIS/DISINFORMATION

To assess the prevalence of mis/disinformation as required by the Code of Conduct on
Disinformation, we calculated the ratio of content containing mis/disinformation compared

to legitimate content on similar topics.

We define the prevalence metricP .. as:
misinfo
N sins
P o — misinjo X 100
mlSlnfO misinfo cred+Nunverif
whereN N and N __are the numbers of posts labelled as Mis/disinformation,
misinfo cred unverif

Credible, and Unverifiable, respectively.

This prevalence calculation is designed to approximate the proportion of misinformation
that users are likely to encounter on each platform, as compared to credible and opinionated
content on the same topics. In this calculation, posts that are Irrelevant (humorous, satirical,
or otherwise unrelated to the informational dimension of the topic), are excluded from the

calculation.

Figure 2.3 presents the values for the prevalence of mis/disinformation across platforms,

using the merged dataset combining the four countries.
The results show significant differences between platforms:

e TikTok exhibits the highest prevalence of mis/disinformation at 25% [22.6%,
27.5%], indicating that roughly one in four posts on the platform regarding the topics we

investigated contains misleading or false information.

e Facebook, YouTube and X/Twitter follow with elevated prevalence at 15%
[13.2%, 16.8%], 12% [10.6%, 13.9%] and 11% [9.0%, 12.2%], respectively.

e Instagram has a prevalence of about 8% [6.5%, 9.2%)].

e Linkedln has the lowest prevalence of mis/disinformation at around 1% [0.5%,

1.5%)], suggesting that exposure to misinformation on this platform is limited.

The confidence intervals displayed on the figure and mentioned in the text measure the
uncertainty of our estimates; they measure both the uncertainty due to the size of our
random samples and the uncertainty due to the labeling of content and potential

disagreements between fact-checkers (see Appendix 5.1.4.). For those interested in

measuring the proportion of all potentially misleading content (including both

Mis/disinformation and Borderline content), refer to Appendix 5.1.5.B.

SIMODS
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Figure 2.3 — Prevalence of mis/disinformation across the six very large platforms, aggregated
across all languages. The error bars represent the 95% confidence intervals measuring the
uncertainty around each estimate, calculated using a bootstrapping method (see Appendix 5.1.4).

LinkedIn 1.0% [0.5%, 1.5%)]
Instagram 7.7% [6.5%, 9.2%]
Facebook 14.9% [13.2%, 16.8%)]
YouTube 12.3% [10.6%, 13.9%]
TikTok 25.0% [22.6%, 27.5%)]
X/Twitter 10.6% [9.0%, 12.2%)]

Table 2.1 — Prevalence of mis/disinformation across the six very large platforms, aggregated across all
languages (same values as on Figure 2.3). The confidence intervals (Cls) indicate the lower and upper
bounds within which 95% of the estimates from the bootstrap calculation lie (see Appendix 5.1.4).

When considering all posts labelled Mis/disinformation, the topic with the highest share is
health, representing 42.8% (Figure 2.4). The Russia-Ukraine war is the second most
represented topic, with about 23% of mis/disinformation posts, followed by national politics
(12%), which typically includes election-related claims in the country of interest or
controversies surrounding new legislation. Migration and climate account for 7.7% and
6.4% of mis/disinformation posts, respectively. These results are broadly consistent with

what we observed during the first period (Figure 5.9).

SIMODS
14



To better understand the nature and diversity of the claims made in these misleading posts,
and provide a qualitative understanding of the most prevalent misleading claims, we
performed an analysis of the narratives (or “broad messages”) they convey. Using an LLM,
we clustered the claims contained in the posts based on their semantic similarity and

classified them into narratives building on the methodology of Huang and Hel*?.

Within the health category, the most prevalent misleading narrative in the entire dataset is
that “Major diseases can be treated with diet, natural or folk remedies”. Examples of claims
that fall under this narrative include “Lemon detoxifies the body” or “Essential oils have
been proven to cure cancer”, for instance. The second most prevalent narrative is that
“Conventional medicine is unnecessary / harmful”, with examples of claims here being that
“the majority of medical decisions are incorrect” or that “long-term use of medications leads
to additional health problems rather than solutions”. These two narratives complement each
other in their attempt to cast doubt on scientifically supported health advice and replace

them with unproven, alternative approaches.

The third narrative by number is that “Vaccines are broadly unsafe, untested, and/or
promoted by a corrupt pharmaceutical complex”. Claims under this narrative include:

“vaccinated children have higher rates of neurodevelopmental disorders”, “mRNA vaccines

are gene therapies” and “COVID-19 vaccines are linked to increase in cancer rates”.

As can be seen in Figure 2.5, the platform which holds the most health misinformation is
Instagram, with about 80% of the misinformation posts on the platform being
health-related, followed by TikTok and Facebook where it is about half.

For the Russia-Ukraine war topic, the most prevalent narrative identified is that “Ukraine is
an inherently corrupt puppet state controlled by foreign powers, not a legitimate sovereign
actor”. Examples of claims under this narrative include: “Ukraine is financially, politically, and
militarily controlled by foreign powers” and “Zelensky is transferring 50 million dollars
every month to a bank in Saudi Arabia”. The second-most represented narrative is “The
West, NATO, and the EU are orchestrating or provoking conflicts (including Ukraine) as
proxies to weaken other states”; an example of a claim under this cluster is “The West spent

nearly five billion dollars to support a coup in Ukraine”.

For the National Politics topic, no obvious cluster stands out due to the diversity of the

claims that are made in each country.

Regarding migration-related misinformation, the most prevalent narrative in our dataset
relates to the so-called ‘Great Replacement’: “Immigration is a coordinated plot to replace

native populations and destroy national identity”. Examples of claims include “'The native
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French population is being systematically replaced by immigrants as part of a political
agenda to alter France's cultural identity” and “The majority of migrants coming to Spain are
criminals”. The platforms where migration-related themes are most prevalent are X/Twitter
and TikTok, where they represent 16% and 10% respectively of all misleading posts (Figure
2.5).

Climate
6.4%

Migration
7.7%

Others
7.9%

Health
42.8%

National Politics
12.1%

Russia-
Ukraine War
23.2%

Figure 2.4 — Topic distribution of mis/disinformation posts across the studied data sample.

For the Climate topic, three clusters appear as roughly equally frequent: “Human-caused
climate change and the role of CO2 are massively overstated or irrelevant”, “Geoengineering
iIs a secret government program deliberately manipulating weather to harm populations”,
“Environmental policies (e.g. the Green Deal) are a deliberate scheme to seize property,
impoverish ordinary citizens and impose social control”. The fourth cluster identified by
prevalence is the narrative that “Renewable energy in general is unreliable, not truly clean,

or promoted as an economic scam’”,

C. PREVALENCE OF PROBLEMATIC CONTENT

Beyond content containing mis/disinformation, we have explained above that Borderline and
Abusive content should also be considered to contribute to a less-informed public debate
and not be confused with informative content. We propose adding their prevalence to that
of Mis/disinformation to create an indicator of the prevalence of harmful, or “problematic”,

content.
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Figure 2.5 — Topic distribution of mis/disinformation posts across the platforms studied; same

data as Figure 2.4 separated by platform

We calculate the prevalence of Problematic content Ppr as:

ob
N _+N +N
P — misinfo bord abus X 100
pTOb Nmisinfo+Nbord+Nabus+Ncred Nunverif
where N .~ N N , N and N _are the numbers of posts labelled as
misinfo bord abus cred unverif

Mis/disinformation, Borderline, Abusive, Credible, and Unverifiable, respectively.

Figure 2.6 shows that the prevalence of Problematic content is significantly higher than the
prevalence of Mis/disinformation on all platforms.

With this metric, TikTok appears as the platform with the highest prevalence of Problematic
content, with prevalence values of 43% [40.6%, 45.9%], which means that roughly two out
of five of the posts on TikTok either contain false or misleading information, include abusive
language, reinforce misleading narratives, or promote other forms of harmful content.
Facebook and X/Twitter take the next two spots, with a prevalence of about 34% [31.5%,
35.9%] and 32% [29.7%, 33.9%], the overlapping confidence intervals indicating that the
values for these two platforms are not statistically different. YouTube ranks fourth at 27%
[24.9%, 29.2%], followed by Instagram at 16% [14.4%, 17.9%]. Lastly, LinkedIn reports the
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lowest prevalence at 4% [3.1%, 5.2%], indicating a comparatively safer information

environment, a finding consistent with the results from the first SIMODS Report.

40.0%

30.0%
20.0%
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Figure 2.6 — Prevalence of Problematic content (defined by the grouping of Mis/disinformation,
Borderline and Abusive content) across the six very large platforms, aggregated across all languages.
The error bars represent the 95% confidence intervals measuring the uncertainty around each estimate,

calculated using a bootstrapping method (See Appendix 5.1)

2.2 SOURCES of MIS/DISINFORMATION

A pervasive issue that has been frequently identified by researchers and civil society
working on disinformation is that the most influential content is often produced or amplified
by a limited set of actors who recurrently share misleading information. A small number of
highly influential accounts can largely shape the spread of misleading narratives on a

1315 and accounts that share mis/disinformation at a given point in time tend to

[15]

platform

continue doing so in the future

To effectively measure the health of the information ecosystem on online platforms, it is
crucial to examine the ability of these recurrent mis/disinformation sources to reach and
influence large audiences. Furthermore, comparing the reach of these sources to that of

credible accounts provides insight into the platform's role in amplifying harmful content.
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The Code of Conduct on Disinformation encourages platforms to prioritise content from

trustworthy sources while reducing the prominence of misleading or harmful content.

LinkedIn 4.1% [3.1%, 5.2%]
Instagram 16.2% [14.4%, 17.9%)]
Facebook 33.6% [31.5%, 35.9%)]

YouTube 27.0% [24.9%, 29.2%)]

TikTok 43.2% [40.6%, 45.9%]
X/Twitter 31.8% [29.7%, 33.9%)]

Table 2.2 - Prevalence of Problematic content across the six very large platforms, aggregated across all
languages (same values as in Figure 2.6). The confidence intervals (Cls) indicate the lower and upper
bounds within which 95% of the estimates from the bootstrap calculation lie (See Appendix 5.1.4).

To assess the effectiveness of the Code, the second Structural Indicator recommended by
EDMO consists of measuring the characteristics and behaviours of accounts that repeatedly
share mis/disinformation and comparing them to those of credible sources!. In response,
our consortium developed metrics to compare the accounts' audience size, their activity, and
the engagement their content receives across platforms. We propose using the average
number of interactions per post per follower as a core structural indicator to estimate the
relative influence of different sets of actors. This metric measures how much each platform
helps amplify content from sources of misleading information compared to credible sources,

while accounting for differences in their follower counts. We provide more details below.

2.2.1 Methodology

To contrast the engagement of misinformation spreaders with that of credible sources, we

used two approaches to identify a list of accounts belonging to the two categories.

A. THE TOP 50 LIST APPROACH

One approach involved identifying the 50 most influential accounts on each platform and
language based on the sample collected for the Prevalence section (Section 2.1). Accounts
were ranked in descending order based on the cumulative number of views their content
received in the dataset collected during the data collection period (October 1 — October 31).
After excluding accounts that mostly shared content deemed irrelevant according to the

project's definition (see Appendix 5.2.2), we retrieved all posts published by these accounts
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during the same period, along with metadata such as the number of likes, comments,

shares, and followers.

From this, we identified accounts that repeatedly shared mis/disinformation and those that
were credible sources. Recognising that not all accounts fit neatly into these two categories,
we introduced a third category for accounts that do not belong to either group, such as

those primarily sharing opinion-based content.
The categories used were:

e Low-credibility: Accounts that shared at least two posts containing false or

misleading information.

e High-credibility: Accounts that almost exclusively shared credible and informative

news, such as content from professional media outlets or scientific institutions.

e Neither: Accounts that did not fit into the two categories above, often sharing

opinion-based content.

Fact-checkers in our consortium determined to which category each account belonged by

reviewing their posts over the study period.

B. THE FACT-CHECKERS' LIST APPROACH

Another approach involved asking fact-checkers to provide a list of accounts they know are
frequent sources of misinformation and those they consider trustworthy, based on their
day-to-day fact-checking activities. This list was developed independently of the Top 50
list, at the beginning of the project, before the first data collection period. The fact-checkers’
list typically included social media accounts frequently flagged for spreading false or
misleading claims in their routine work. We also relied on the Consensus Credibility Scores,
which aggregate multiple open-source credibility ratings for over 20 000 domains, to
identify influential social media accounts associated with high or low credibility sources!*®.
The “Fact-checkers' list” of accounts used in this second measurement period is the same as

the one used in the first period”.

C. COMPARISON AND MERGING OF THE TWO LISTS

Upon comparing the two lists, we note that the low-credibility and high-credibility sources
from both datasets partially overlapped, giving a first indication of the robustness of the
lists created. More importantly, we found consistent results on the average number of
interactions per post per 1000 followers for the low-credibility and high-credibility
accounts using both the fact-checkers’ and Top 50’s lists. This consistency is a very

important indication that the results discussed in this section are robust and do not depend
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on the specific methodology employed to construct the lists of low-credibility and
high-credibility accounts. Consequently, we merged the two lists into one consolidated
dataset for the results presented below. For a comparison of the results derived from the

two lists, please refer to Appendix 5.2.3.

D. NOTE ON HANDLING OF POLITICAL ACCOUNTS

We identified accounts of politicians or political parties, categorizing them as ‘Political.
These accounts were excluded from the primary analysis presented in the Results below

(except for Figure 2.10).

2.2.2 Results

A. ACCOUNTS AUDIENCE SIZE

The first observation is that high-credibility accounts consistently have larger audiences
than low-credibility accounts. As shown in Figure 2.7, the average number of followers for
accounts in the High-credibility lists is significantly higher than for those in the

Low-credibility lists across all platforms.

The confidence intervals for the High-credibility and Neither lists are relatively wide,
reflecting the presence of accounts that have millions of followers more than other accounts
in the dataset. These include well-known media organisations in the high-credibility list and
prominent “influencers” in the Neither category. In contrast, low-credibility sources display
less variability in their follower counts, with a narrower distribution, indicating a more

homogeneous audience size.

Similar results are obtained when we analyse the median number of followers per group
instead of the average, showing the differences are not driven by a handful of very large

channels (see_Appendix 5.2.5).
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Figure 2.7 — Average number of followers for accounts classified as High-credibility, Low-credibility, and
Neither on each platform. Error bars represent 95% confidence intervals, calculated using a

bootstrapping method (see Appendix 5.1.4).

High-credibility Low-credibility
Linkedln 249 5 446
[154, 356] [2.0, 8.8] [187, 791]
Instagram 557 116 303
[421, 720] [73,168] [211, 405]
Facebook 926 208 726
[728,1157] [160, 260] [452,1044]
YouTube 1546 440 797
[1203,1919] [324,578] [599,1028]
TikTok 893 17 234
[552,1335] [61,207] [137, 361]
X/Twitter 1029 115 198
[688,1444] [84,151] [90, 368]

Table 2.3 — Average number of followers (in thousands) for accounts in the High-credibility,
Low-credibility, and Neither lists on each platform, as displayed in Figure 2.7. The confidence intervals
(Cls) indicate the lower and upper bounds within which 95% of the estimates from the bootstrap

calculation lie (see Appendix 5.1.4).

B. ACCOUNTS' ENGAGEMENT RATES: THE ‘MISINFORMATION PREMIUM'

While followership provides insight into audience size of high- and low-credibility accounts,

the Code of Conduct encourages platforms to increase the visibility of trustworthy content
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while reducing the amplification of misleading content, particularly from sources that
repeatedly share mis/disinformation®. To capture this, we compared the average number of
interactions per post per 1 000 followers across the different account groups (Figure 2.8).
Normalising by follower count allows us to fairly compare accounts of different sizes: given

a similar audience, an account would be expected to receive comparable engagement for its

posts.
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Figure 2.8 — Average number of interactions per post per 1 000 followers for accounts classified as
High-credibility, Low-credibility, and Neither on each platform. Error bars represent 95% confidence
intervals, calculated using a bootstrapping method (see Appendix 5.1.4 for details).
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Figure 2.8 shows that, across platforms, low-credibility accounts receive significantly higher
interactions per post than high-credibility accounts. Linkedln is the only exception, where

differences are not statistically significant.

The magnitude of engagement varies considerably across platforms: low-credibility

accounts average approximately 2 interactions per post per 1 000 followers on Linkedln and

5 on Facebook, while on TikTok, this figure is much higher at about 27.

Platform High-credibility Low-credibility Neither
Linkedin 1.6 2.2 9.6
[1.2,2.2] (1.8, 2.6] [7.3,12.3]
Instagram 43 13.3 16.8
(4.2, 4.5] [12.1,14.5] [15.2,18.7]
Facebook 0.62 4.8 14
[0.61 - 0.64] [4.5-51] (1.3 - 1.6]
Youtube 0.7 8 3.0
[0.66, 0.76] [7.1,9.1] [2.8,3.3]
TikTok 12.7 27 38.2
[11.4,14.8] [23.4,31.4] [33.0, 44.5]
X/Twitter 1.26 1.9 18.1
(119, 1.35] [11.3,12.6] [16.8,19.6]

Table 2.4 — Average number of interactions per post per 1 000 followers for accounts in the
High-credibility, Low-credibility, and Neither lists on each platform, as displayed in Figure 2.8. The
confidence intervals (Cls) indicate the lower and upper bounds within which 95% of the estimates from
the bootstrap calculation lie (see Appendix 5.1.4).

Considering the ratio of engagement for low-credibility versus high-credibility accounts,
which can be seen as a “misinformation premium”, the differences are striking (see
Figure 2.9). On YouTube, low-credibility accounts receive more than 11 times the
engagement of high-credibility accounts. X/Twitter shows a similar pattern, exhibiting a
ratio of about 10x, followed by Facebook with a ratio of 9x.

Instagram and TikTok show more moderate but still significant ratios of approximately 4x
and 2x, respectively. The lowest ratio is observed on Linkedln (1x), which is the only
platform where low-credibility accounts do not outperform high-credibility accounts in

interactions per post per follower.

Note that this section compares platforms using the metric of interactions per post per
follower. Although view-based metrics were available for some platforms, we did not

manage to obtain views on posts we collected from sources of high and low credibility
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across all six platforms. To ensure comparability, we therefore report interaction-based
metrics here. For reference, results based on views per post per follower are presented in

Appendix 5.2.4. The total number of interactions was calculated by aggregating the number
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Figure 2.9 — Misinformation premium, i.e., the ratio of the average number of interactions per post per
1 000 followers for accounts classified as Low-credibility to the same number for High-credibility
accounts, for each platform. Error bars represent 95% confidence intervals, calculated using a

bootstrapping method (see Appendix 5.1.4).

To ensure our findings are not an artefact of follower-count differences (i.e., low-credibility
accounts typically having fewer followers, which can be correlated with interactions per
post), we conducted a robustness test restricting the comparison to high- and
low-credibility accounts with similar follower counts (see Appendix 5.2.6). The results are
generally unchanged when stratifying by account size: low-credibility accounts still exhibit a

significant interaction premium, confirming the robustness of the effect reported here.

For a comparison of the results presented here and in the previous measurement period, see
Appendix 5.4.2-B.
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C. PROPORTION OF HIGH/LOW CREDIBILITY ACCOUNTS IN THE TOP 50

Another indicator of how relatively influential repeat mis/disinformation accounts are
compared to credible sources on a platform can be obtained by looking at the proportion

within the Top 50 of accounts that are low-credibility versus high-credibility.

Figure 2.10 shows that the platform with the highest proportion of low-credibility accounts
in the Top 50 is TikTok, with about 34%, followed by X/Twitter with 26%. On Facebook and
YouTube, about 23% of accounts in the Top 50 are low-credibility. The platform with the

smallest proportion of low-credibility accounts is LinkedIn (2%).
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Figure 2.10 — Share of accounts in the Top 50 that are Low-credibility, High-credibility and

Neither for each platform. (‘Political’ accounts are included in this figure.)

2.3 MONETISATION of MIS/DISINFORMATION

Beyond measuring how prevalent mis/disinformation is on platforms and how influential its
sources are, we need to investigate whether platforms financially incentivise its
dissemination. Commitment 1 of the Code of Conduct on Disinformation sets out a series of
Measures aimed at reducing the economic incentives that sustain disinformation

ecosystems. These include:

e adopting policies to avoid placing advertising next to mis/disinformation content;
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e ensuring that accounts which systematically violate platform policies cannot
benefit from monetisation programmes; and

e providing greater transparency, including enabling independent scrutiny of the
effectiveness of such measures.

Although several platform Signatories (except LinkedIn) unsubscribed from certain
demonetisation-related measures in early 2025, the underlying question remains
unchanged: to what extent are platforms funding actors that repeatedly disseminate
mis/disinformation? Disinformation does not only spread because of engagement dynamics,
it is often incentivised by revenue-generating models, including advertising revenue sharing,
creator funds, sponsored content, and other platform-based monetisation schemes. As
such, a robust Code monitoring framework should include a Structural Indicator on

monetisation.

2.3.1 Data Access

As pointed out in EDMOQO’s second report, a methodologically sound Structural Indicator on
demonetisation requires data that is, so far, inaccessible to outside researchers using
publicly available data™.

Since November 2025, the European Commission has activated the DSA Data Access

Portal, a system designed to operationalise researcher access to data from Very Large
Online Platforms (VLOPs).

In the context of this project, we submitted six separate data access requests through this
mechanism on 12 January 2026, seeking two data points that are essential for constructing

a methodologically sound Structural Indicator on monetisation:

e the total amount of revenue generated by a given account from the platform, across
monetisation streams (e.g.,, ad-revenue sharing, tipping, creator partnerships,
on-platform shops);

e whether a specific piece of content contributed to the creator’s revenue stream.

These data points are directly linked to financial transfers and should therefore be readily
available to platforms. At the time of writing, we have not received a response to these

requests, nor have we been contacted by any of the platforms concerned.
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2.3.2 Preliminary Look At Account-Level Ad Revenue Sharing

In the absence of such relevant, comparable-across-platforms data, a “best-effort”
approach was adopted to highlight the gap between the current publicly-available data
offering and the Structural Indicators’ ambitions. Our study focused on ad-revenue sharing
or other platform payouts related to content popularity, as all platforms of interest offered
such programs. Other monetisation features, such as brand partnerships (disclosed or
undisclosed), tipping, or subscriptions, were left out, but should be requested in future

iterations.

In most cases, access to ad-revenue sharing programmes depends on two types of criteria:
(i) meeting minimum activity and audience thresholds (e.g., number of videos posted,
cumulative views, or watch time), and (ii) being in good standing under the platform’s

community guidelines.

To isolate, as far as possible, the second dimension, where the impact of
disinformation-related enforcement should materialise, we adopted a comparative
approach. Specifically, we distinguished between high-credibility and low-credibility
accounts. Starting from the Sources of Mis/disinformation dataset described in Section 2.2.1,
we retained only accounts that had published at least one monetisation-eligible piece of
content during the September—-November 2025 period. We then excluded accounts that did
not meet the publicly observable activity and audience thresholds, leaving only accounts
that were plausibly eligible for monetisation (see Appendix 5.3 for platform-specific
details).

We hypothesised that, under properly functioning demonetisation systems, eligible
high-credibility accounts would be monetised to a large extent, while low-credibility ones

would not be monetised.

2.3.3 Results

TikTok, Linkedln, X/Twitter and Instagram did not offer usable data and/or made it
impossible to reasonably infer (even indirectly) a given account’s monetisation status and

were consequently left out (see Appendix 5.3 for discussions).

Table 2.5 summarises our results, showing the number of channels or accounts in our
dataset, the number of eligible accounts, and the proportion of eligible accounts for which

we have been able to confirm monetisation.
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In absolute terms, we observe that none of the platforms is fully successful in ensuring that
low-credibility accounts do not receive a share of ad revenue. However, we observe
substantial differences: on Facebook, around 22% of eligible low-credibility accounts
appear monetised; by contrast, on YouTube, 81% of eligible low-credibility channels are
monetised. High- and low-credibility actors are monetised at similarly high rates on
YouTube (90% vs 81%), whereas Facebook shows a larger gap (51% vs 22%). These
results are consistent with the ones we observed for the first measurement period'”.

High-credibility accounts Low-credibility accounts

Nr. Eligible Monetized accounts Nr. of Eligible Monetized accounts
of accounts accounts (% of eligible) accounts accounts (% of eligible)
Facebook 190 144 73 (51%) 134 51 11 (22%)
YouTube 111 111 100 (90%) 107 103 83 (81%)

Table 2.5 Number and proportion of high- and low-credibility accounts likely benefitting from

ad-revenue sharing with different services on Facebook and YouTube

2.4 AI-GENERATED DISINFORMATION

With the rapid expansion of publicly accessible generative Al tools, we have observed a
growing volume of Al-generated content on social media platforms, including content
designed to mislead users. Several studies have documented a rise in such material, which,
owing to its capacity for virality and low production cost, has become an effective means of
attracting large numbers of views and engagements®? "), The flooding of social media with
synthetic content is often referred to colloquially as "Al slop"*®. Some platforms incentivise
this phenomenon through creator programmes that reward accounts producing highly

viewed content, regardless of its quality or authenticity.

While much of this content portrays humorous or absurd scenarios, a growing body of
evidence suggests that Al-generated material can also pose significant risks to civic
discourse. These risks include Al-generated personas impersonating medical
professionals®??, fabricated textual claims aimed at political manipulation, and other forms
of misleading synthetic content®*??, As the depiction of events and individuals becomes
increasingly realistic, synthetic media is becoming progressively harder for users to

distinguish from authentic content.

In light of these developments, and the broader risks associated with deceptive synthetic
media, the need to define and systematically measure a Structural Indicator of Al-generated
mis/disinformation is becoming increasingly important. Our consortium has therefore

decided to replace the indicator on cross-platform aspects of disinformation, which was
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measured in the first reporting period, with one focused on Al-generated mis/disinformation.
We consider the most critical dimensions to document to be: the proportion of
mis/disinformation in our data sample that is Al-generated, and whether such content is

labelled as such on each platform.

The section below provides an overview of VLOP policies with respect to what types of

Al-generated content are permitted and how platforms handle the labelling of such content.

2.4.1 Platform Policies

At present, no specific regulatory provision explicitly requires platforms to systematically
label Al-generated content. However, within their own terms and conditions, particularly
under authenticity, integrity, or transparency policies, all six VLOPs state that synthetic or
manipulated content is prohibited where it is intended to deceive users or cause public
harm. In practice, this means that Al-generated or significantly altered content is not banned

outright, but becomes a policy violation when used in a misleading manner.

Additionally, Meta, YouTube, and TikTok have adopted specific policies on Al-generated
content, either requiring users to label such material or stipulating that their own detection
tools will do so. As of the time of writing, no public documentation provides detailed
information about the accuracy of these detection systems or the prominence of labels as

they appear in users' feeds.

Examining each platform's approach in turn reveals important differences in scope and

enforcement.

23241 content identified as Al-generated may receive a label called Al

Under Meta's policy
Info. This label can be applied in two ways: when users voluntarily disclose that their
content was created using Al tools, or when Meta's own systems detect it as such. Critically,
the Al Info label does not surface automatically in a user's feed: accessing it requires
navigating a post's additional menu, an extra step that most users scrolling through content
are unlikely to take. These limitations have not gone unnoticed: in the context of the
ongoing conflict between Israel and Iran, Meta's Oversight Board called on the platform to

develop more reliable and visible mechanisms for identifying Al-generated content*®.

TikTok's Community Guidelines take a more prescriptive approach. Creators are required to
label content that is fully generated or significantly edited using Al, particularly when it
includes realistic images, audio, or video. Unlike Meta's Al Info, this label appears directly on
the video itself, where it is clearly visible to users. In addition to this disclosure requirement,
TikTok states that it may automatically apply Al-generated labels to content it identifies as
synthetic. The platform also explicitly prohibits misleading Al-generated content that
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misrepresents real events or individuals, linking Al transparency directly to its broader

integrity and misinformation policies®®?”.,

YouTube's approach, like Meta's, is Limited in terms of label visibility: the disclosure appears
in the video description rather than on the video player itself, requiring an additional step
from the user. A notice is displayed when a video is created using YouTube's own generative
Al tools, when the user manually discloses Al use, or when valid content credentials
metadata indicates that the video is entirely Al-generated. While YouTube references
content credentials as a signalling mechanism, its public policies do not indicate that the
platform systematically detects and labels Al-generated content independently of user
disclosure or embedded metadata. Like TikTok, YouTube explicitly prohibits manipulated

content that misrepresents real events or individuals under its Misinformation Policies®®.

X/Twitter, by contrast, lacks a dedicated policy specifically addressing Al-generated content.
Synthetic or manipulated media instead fall under the platform's Authenticity Policy, which
prohibits deceptive media likely to cause public harm. Al-generated content that does not
directly result in public harm appears to be permitted, and there is no explicit requirement to

label or otherwise disclose that content was generated using Al tools™®.

LinkedIn similarly does not maintain a standalone policy on Al-generated content. Synthetic
or manipulated material is addressed within broader rules prohibiting misleading or
deceptive conduct. As with X/Twitter, there is no clear obligation to label Al-generated
content as such, unless it violates general platform standards relating to misinformation or

authenticity®?.

2.4.2 Proportion of AI-Generated Mis/Disinformation

Building on the content labelled by fact-checkers in Section 2.1.1 C, we introduced an
additional annotation layer to assess the role of generative Al in the misinformation
ecosystem. For each piece of content identified as mis/disinformation, fact-checkers were
asked to determine: (i) whether the content included Al-generated elements, such as
synthetically generated images or videos; and (i) whether the platform or the content
creator had clearly labelled it as Al-generated. This approach allows us to estimate the
prevalence of Al-generated mis/disinformation within the broader set of misleading content

identified in our sample.

While our sample contains a mix of post types (text-based as well as image and video
content) our analysis of Al-generated content focuses specifically on images and videos.
Text-based Al-generated content is considerably harder to identify with the naked eye than

visual content, making images and videos more suitable for this type of assessment. It is
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important to note that purely text-based mis/disinformation is not excluded from our overall
assessment: the proportion of Al-generated content is calculated relative to the total

number of mis/disinformation posts on each platform, regardless of format.

Figure 2.11 shows that TikTok (24%) and YouTube (19%) exhibit the highest proportions of
Al-generated content within the mis/disinformation sample. This finding is likely explained
in part by the fact that both platforms are exclusively video-based. Facebook follows at 7%,
while X/Twitter (4.4%) and Instagram (2.6%) display lower proportions of Al-generated
misleading content. The platforms rely more heavily on text-based or mixed media formats,
which may partly account for these lower figures given that only visual Al-generated
content was detectable through our method. LinkedIn showed no instances of Al-generated
mis/disinformation within our sample.

Of all pieces of mis/disinformation identified as containing Al-generated elements, only
16.5% were visibly labelled as synthetic or Al-generated by either the platform or the
content creator. The platform-level breakdown reveals striking disparities. On TikTok, 14%
of Al-generated mis/disinformation posts carried a label. On Facebook, this proportion
dropped to just 1.8%, and on YouTube to 0.9%. No labels were observed on Al-generated
mis/disinformation on any of the remaining platforms in our sample.

30.0%
25.0%
20.0%

15.0%

10.0%

Prevalence Al-generated content (%)

5.0%

0.0% -

Figure 2.11 - Proportion of content containing Al-generated images or videos within the
mis/disinformation sample across the six very large platforms, aggregated across all languages.
The error bars represent the 95% confidence intervals measuring the uncertainty around each

estimate, calculated using a bootstrapping method (see Appendix 5.1.4).
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Examining the thematic distribution of Al-generated mis/disinformation reveals a strong
concentration in the health domain, particularly on the platforms where such content is
most prevalent. Figure 2.12 presents an illustrative example drawn from our sample of
Al-generated misinformation. On YouTube and TikTok, health-related content accounts for
61% and 57% of Al-generated mis/disinformation respectively. The remaining thematic
distribution differs between the two platforms: on TikTok, migration and the Russia—Ukraine
war account for most of the non-health Al-generated mis/disinformation, while on YouTube,

migration and national politics are more prominent.

In terms of reach, Al-generated mis/disinformation in our sample accumulated
approximately 34 million views, with TikTok accounting for 69% of these, followed by
YouTube at 23%.

™ C Illustrative example drawn from our sample. The case

involves a YouTube video featuring a self-proclaimed "Dr.
oreisabetiavarre Isabela Navarro" (an Al-generated avatar) claiming that
honey can increase testosterone levels in humans. While
some studies have explored this effect in rats, no solid
evidence supports such claims in humans®*.

At the time of analysis, the channel, which is monetised
and posts exclusively Al-generated videos featuring the
same fictitious doctor, had 27 800 subscribers, and the

video had accumulated 61 700 views.

No Al label indicated that "Dr. Navarro" was a synthetic
persona, illustrating both the failure of YouTube's
detection and labelling mechanisms and the ease with

/
which Al-generated content can fabricate an appearance

Asi se USA la MIEL y tu testosterona EXPLOTARA: el 97% lo IGNORA
D ittt .- AT SR~ RPN PO el of medical authority, reinforced here by visual cues such

as a white coat and fake diplomas.

Figure 2.12 — An Al-generated video from the annotated sample labeled as mis/disinformation,

featuring an Al avatar posing as a medical professional.

2.5 AUDIENCE GROWTH

One of the purposes of Structural Indicators is to enable tracking of how the disinformation
landscape evolves over time. This section introduces an additional indicator designed to
monitor whether the audiences of high- and low-credibility accounts are growing, and
whether their growth rates differ. This should shed light on whether platform dynamics are

systematically favouring accounts that repeatedly share mis/disinformation, or the reverse.

SIMODS
33



2.5.1 Methodology

To monitor the evolution of high- and low-credibility accounts over time, we established a
tracking system building on the dataset compiled for the first SIMODS report!). Specifically,

we monitored a set of accounts comprising: (i) the Top 50 accounts identified from content
collected during the first measurement period, and (ii) the Fact-checkers' list, which
remained unchanged between the first and second reporting waves. For this set of accounts,
we tracked changes in audience size and engagement per post between the two data
collection periods.

A. FOLLOWERSHIP GROWTH

Due to data collection constraints, follower counts were not available at identical points in
time for all accounts and platforms across the monitoring period (March 2025 to February
2026): for some accounts the earliest available measurement dates from March 2025, while
for others it is June 2025. To account for this, relative follower growth AF was calculated
using the first (F) and last (F;) available data points for each account, normalised by the
number of months elapsed between the two measurements (N,,), according to the following
formula:

This yields an average monthly follower growth rate for each account, which is then
averaged across all accounts within the low-credibility and high-credibility groups
respectively.

B. ENGAGEMENT GROWTH

Another metric we calculated from the aforementioned dataset is the average change in
engagement per account. Given the challenges inherent in collecting data at scale across a
large number of accounts, it was not possible to retrieve all posts published by every

account in the sample.

To calculate the average change in engagement per account, posts were split into two
periods: Period 1 (March—June 2025) and Period 2 (September 2025-February 2026). To
mitigate the influence of outliers, only accounts with a minimum of five posts in each period
were retained. As a result, the number of accounts used to measure this metric may differ
from those used in the Audience Growth analysis.
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Engagement growth is defined as the difference between the average number of
engagements per post per account in Period 1 and the average number of engagements per

post per account in Period 2.

LinkedIn Instagram Facebook
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Figure 2.13 — Average monthly follower growth rate for low- and high-credibility accounts between the
first and second measurement periods. The number of accounts serving as the basis for the calculation
is indicated at the bottom of each bar. The error bars represent the 95% confidence intervals measuring

the uncertainty around each estimate, calculated using a bootstrapping method (see Appendix 5.1.4).

2.5.2 Results

As shown in Figure 2.13, across all platforms except TikTok and X/Twitter, there is no
statistically significant difference in follower growth between high- and low-credibility
accounts: both groups are gaining followers at broadly comparable rates: approximately 2%

average monthly growth on Linkedln, 3% on Instagram, and 1.5% on YouTube. On
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Facebook, growth rates are also not statistically distinguishable between the two groups,
though this is largely attributable to the high wvariability in growth rates among
low-credibility accounts; a larger sample of such accounts would be needed to reduce

uncertainty and potentially confirm the higher growth rate suggested by the point estimate.

On X/Twitter, low-credibility accounts experienced significantly faster audience growth,
with a monthly increase of approximately 1.4%, around 3.5 times the rate observed for
high-credibility accounts (0.4%). TikTok shows the reverse pattern: high-credibility accounts
grew at an average of 4.3% per month, compared to just 1.6% for low-credibility accounts.
Taken together, these results suggest that X/Twitter is the platform where low-credibility

accounts are gaining ground most rapidly relative to their high-credibility counterparts.

As for the evolution of engagement per post per follower, our results show that there are no
statistical differences between high- and low-credibility accounts that have been tracked

continuously between the two periods.

Platform High-credibility Low-credibility
LinkedIn 1.8 2.1
[1.3,2.6] [1.3,31]
Instagram 2.7 3.2
[2.2,3.3] (2.1, 4.5]
Facebook 1.9 3.8
(1.4, 2.5] (2.0, 6.6]
Youtube 1.6 15
[1.2,2.0] [1.0,2.2]
TikTok 43 1.6
[3.2,5.5] [11,2.2]
X/Twitter 0.4 1.4
[0.2,0.6] [1.0,1.8]

Table 2.6 — Average monthly follower growth rate for low- and high-credibility accounts between the
first and second measurement periods, as displayed in Figure 2.13. The confidence intervals (Cls)
indicate the lower and upper bounds within which 95% of the estimates from the bootstrap calculation
lie (see Appendix 5.1.4).
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3. Recommendations

The findings presented in this report, now spanning two consecutive measurement periods,
reveal persistent structural patterns in the presence and amplification of mis/disinformation
on large online platforms in Europe. The consistency of results across time reinforces their
credibility and sharpens the case for action. The following recommendations are directed at
three distinct audiences: the European Commission and DSA enforcement bodies, the

platforms themselves, and funders of independent research and monitoring.

TO THE EUROPEAN COMMISSION AND DSA ENFORCEMENT BODIES

The integration of the Code of Conduct on Disinformation into the DSA framework, effective
July 2025, marks a significant step. The evidence presented in this and the first SIMODS
report now provides regulators with independent, comparable baselines against which

platform compliance can be assessed. We recommend the following actions.

1) Enforce meaningful researcher data access.

Despite the provisions of DSA Article 40, only one out of six platforms studied supplied the
random sample requested under Article 40.12. The European Commission should treat
non-compliance with researcher data access requests as an enforcement priority, not a
secondary concern. Without reliable access to platform data, independent auditing of

systemic risks, as explicitly foreseen under the DSA, remains impossible.

2) Use Structural Indicators as formal compliance benchmarks.

The metrics developed by the SIMODS project, including the prevalence of
mis/disinformation and the misinformation premium, were explicitly designed to be
comparable across platforms and stable over time. With two measurement waves now
completed, these indicators are mature enough to serve as formal benchmarks in DSA
auditing and compliance assessments. We encourage the European Commission to

integrate them, or equivalent methodologies, into its enforcement framework.

3) Address the monetisation of disinformation through binding disclosure
obligations.

Meaningful measurement of whether platforms are honouring their demonetisation

commitments is currently not possible for the VLOPs studied, due to the opacity of their
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monetisation systems. Given that financial incentives are a core driver of disinformation
production and amplification, the Commission should require all VLOPs to disclose
monetisation status at the account level to accredited researchers, as part of their
obligations under the DSA.

4) Mandate consistent labelling of Al-generated content across all
platforms.

Our findings show that a significant and growing share of mis/disinformation posts are
Al-generated, and that the vast majority carry no label. Platform policies on Al-generated
content disclosure vary substantially: some require creator disclosure, others apply
automated detection, and others have no dedicated policy at all. This inconsistency leaves
users without the basic contextual information needed to evaluate what they are seeing.
The European Commission should establish a harmonised, enforceable labelling standard
across all VLOPs. This is not merely a technical measure; it is a necessary step in
accompanying the public through a period of rapid change in the nature of online content,

helping citizens develop the literacy and habits needed to navigate this new environment.

TO THE PLATFORMS (VLOPS)

The data shows that across all platforms studied, low-credibility accounts consistently
receive disproportionate engagement relative to their audience size, a pattern we term the
"misinformation premium". This premium is an indicator of algorithmic amplification of
low-quality and misleading content, and its persistence across two measurement periods

suggests it is structural rather than incidental. We recommend the following actions.

1) Reform recommendation and amplification systems to reduce the
misinformation premium.

On most platforms studied, a post from a low-credibility account generates substantially
more interactions per follower than one from a credible source. Platforms should audit their
recommendation algorithms and content distribution systems to identify and correct the

mechanisms that produce this effect, and report on their findings transparently.

SIMODS
38



2) Honor demonetisation commitments in practice, and address the
incentivisation of Al-generated slop.

Our analysis, where data permitted, shows that low-credibility accounts can access
monetisation programmes at rates that are either comparable to, or only modestly lower
than, those of high-credibility sources. Platforms should implement content-quality checks
as part of monetisation eligibility criteria, and establish robust mechanisms to remove
monetisation access from accounts that repeatedly share misleading content. This concern
is made more acute by the rapid proliferation of Al-generated low-quality content: several
platforms currently remunerate producers of such content through their creator
programmes, thereby actively incentivising its creation. Platforms should extend their
demonetisation policies to explicitly cover Al-generated content that serves no

informational value and is produced primarily to exploit algorithmic amplification.

3) Implement consistent, platform-wide labelling of Al-generated content.

Several platforms have adopted policies on Al-generated content disclosure, but
implementation is inconsistent and coverage is partial. Platforms should ensure that
labelling is applied systematically, including through automated detection, and not only
when creators voluntarily disclose it. This is a basic requirement for users' right to be

informed.

4) Provide standardised datasets to the research community.

As called for in the first SIMODS report, platforms should work with regulators and
researchers to define and publish standardised datasets that enable independent,
reproducible, cross-platform measurement of Structural Indicators. Ad hoc API access,
subject to platform-determined rate limits and scope restrictions, is not a substitute for
structured data sharing. These datasets should include, at minimum, content-level
engagement metadata and account-level monetisation status for researchers accredited
under DSA Article 40 procedures.

TO FUNDERS OF INDEPENDENT RESEARCH AND MONITORING
The robustness of the findings presented in this and the first SIMODS report, including the

consistency of results across two measurement periods, demonstrates that the
methodology is sufficiently mature to underpin a sustained, long-term monitoring

programme. A single report, or even two, captures a snapshot; what regulators and the
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public need is a longitudinal tracking system capable of detecting deterioration or progress

over time.

We therefore call on funders, including the European Commission, national governments,
and philanthropic foundations, to support the establishment of a permanent, independent
monitoring panel for online disinformation in Europe, built on the Structural Indicators
framework developed by EDMO and operationalised by the SIMODS project. Such a panel
would allow for the timely detection of emerging trends, provide a consistent evidence base
for regulatory action, and ensure that enforcement decisions are grounded in rigorous,

comparable data rather than platform self-reporting.

At the national level, we also encourage authorities to consider how monitoring and
fact-checking capacity can be embedded into broader information integrity strategies. Given
that health misinformation constitutes the largest single category of misleading content
identified in our study, and is particularly concentrated on certain platforms, we encourage
Member States to consider developing national strategies to protect their populations
from the harms arising from digital platforms. France's Stratégie nationale de lutte contre
la désinformation en santg, launched in January 2026 by the Ministry of Health, could serve

as a source of inspiration and be adapted to local contexts across different countries.

Investing in media literacy programmes targeted at the platforms and topics where
problematic content is most prevalent remains equally essential. Fact-checking and
platform enforcement address the supply side; media literacy addresses the demand side,
building citizens' capacity to critically evaluate the information they encounter and reducing

the audience susceptibility on which disinformation ecosystems depend.
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5. Appendices

51 METHODOLOGY FOR THE PREVALENCE INDICATOR

5.1.1 Data collection

To collect data that reflects the diverse types of content users are exposed to on platforms,
we selected approximately 100 keywords per language. These words were chosen for their
relevance to the public conversation within the European space and their connection to
topics that are often found in misleading claims or local issues in our target countries.
Additionally, given the various spellings and declensions of certain keywords depending on
the language, we included plural forms and grammatical variations to ensure broader
coverage and capture more relevant posts, as well as accounting for compound words,
using an exact match search when possible. We focused on five major topics: the
Russo-Ukrainian conflict, climate change, general health (including Covid-19), migration,
and national politics. The full list of keywords is available to scientists upon request for any

legitimate research project.

The keyword lists were developed by the fact-checkers in our consortium to strike a balance
between topic-relevant terms across a spectrum of proximity to misleading claims. These
include “neutral” keywords typically used in news reporting or general discussions (e.g.,
Zelensky, migrants, Covid-19), “ambiguous” terms associated with certain narratives (e.g.,
vaccine side effects, geoengineering, laboratories in Ukraine), and “misinformation-related”
terms that are more commonly linked to misinformation (e.g., Ukrainian Nazi, climate scam,

remigration).

The lists of keywords were tested by fact-checkers to ensure they yielded pertinent results.
For each keyword in the local language, fact-checkers conducted searches on at least two
platforms from the six VLOPs included in this study. The criteria for determining whether a

keyword should be included in the analysis were as follows:

e The results should contain viral posts, defined as those with more than 50k views
or over 1k interactions. These posts should be relatively recent (within the last six months)
and appear on both platforms. If no viral and recent posts are found on at least one
platform, the keyword was excluded.

e More than 50% of the content in the search results should be directly related to

the topic being searched (e.g., climate change, health, Ukraine war, or immigration) and
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relevant (excluding entertainment or opinion posts). If most of the content was off-topic or
irrelevant, the keyword was excluded.

e For keywords in the ambiguous or misinformation-related categories,
fact-checkers were instructed to exclude the keyword if no viral misinformation posts were
found within the first 20 results.

This process ensured that only keywords with a substantial presence of relevant and viral

content were included in the analysis.

To collect data from the selected platforms, we employed two different methods. First,
given that this project investigates a systemic risk (under DSA Article 34) to civic discourse,
we invoked Article 40.12 of the DSA and contacted all six VLOPs to request a random
sample of 200 000 posts per language, efforts that started with the first iteration of the
SIMODS Report on 19 December 2024.

Following our initial outreach, we sent several follow-up reminders to all platforms, the
latest being on 7 October 2025, but as of the writing of this report, we have not received a

response.

For X/Twitter, our application was denied on 9 January 2025, with the platform stating that
the project does not meet the requirements under Article 34 of the Digital Services Act. We
submitted an appeal on 17 January 2025 and a second application for the second iteration

of the project, but as of February 2026, we had not received a reply.

Out of the six platforms, only Linkedln provided the requested dataset, which consisted of
public posts from Linkedln members and companies whose location is set to our countries
of interest, with a maximum of 200 000 posts per language for each category of ‘personal’
and ‘business’ accounts (so up to 400 000 posts per language in total). The exact number

varied depending on data availability in each respective country.

TikTok and YouTube granted access to their research APls, which enabled data collection
through keyword-based queries. However, neither AP| allows for the extraction of a
platform-generated random sample. Instead, data retrieval is limited to content identified

via keyword searches or filtered by publication date.

The second method involved identifying alternative tools that enabled access to each
platform’s native search functionality and allowed us to perform keyword-based searches.
Since access to platform data varies depending on the technical restrictions imposed by
each platform, we adopted a tailored approach for data collection. Specific methods were

selected and implemented based on the technical and policy constraints of each platform. A
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detailed breakdown of the data collection approach used for each platform is provided

below.

A. META

Data collection for the META platforms (Facebook and Instagram) was carried out manually
on a biweekly basis using the Meta Content Library. Each week, data that was posted in the
timeframe Monday to Wednesday was collected on Thursday, and data for Thursday to
Sunday was collected the following Monday. This was made possible by using the date
filter available in the platform's user interface, which allowed us to target only those
specific days and retrieve all of the content that was made available to us on that specific
week.

For Facebook, Meta offers the possibility to download a subset of the public content
dataset, which includes posts from Pages with 15 000 or more likes or followers, and from
Profiles with a verified badge and at least 25 000 followers. We conducted a manual search
using the boolean search function on the 100 keywords per language, targeting Profiles,
Pages, and Groups. To narrow the scope, we applied the Post Surface Country and

Language filters corresponding to each country of interest.

For Instagram, Meta also allows access to a subset of public content, including posts from
Business, Creator, and Personal accounts with at least 25 000 followers or a verified badge.
Just as for Facebook, we conducted a manual search using the boolean search function on
approximately 100 keywords per language, targeting Business, Creator, and Personal
accounts, and applied the Language filter for each respective country. Additionally, we used
the image-text search feature to identify relevant content that included keywords within
images. The resulting dataset included various types of content, such as posts, reels, and
images, along with associated metadata. This metadata comprised elements such as the

content description, number of likes, comments, interactions, and views for each post.

To ensure an accurate reflection of the content's reach and engagement, all posts were
collected within a maximum of four days from their publication. This short time frame
allowed us to capture content while it was still actively circulating. To account for the
potential increase in user engagement over time, we revisited the same posts at the end of
the data collection period to update their metadata, such as the interaction metrics and view
counts.

B.X/TWITTER
Data collection for X/Twitter was conducted daily using Apify, a licensed third-party tool,

searching for the language related keywords. Apify relies on a scraper that leverages
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X/Twitter’s native search functionality, specifically through the ‘searchTerms’ field, allowing
for keyword-based content retrieval. Similar to X/Twitter’s search interface, Apify enables
users to select the type of content to display, including Latest posts, Trending posts, Photos,
or Videos. For this study, we selected the "Latest" filter to capture the most recent posts
published at the time of each search.

Apify also offers filters by date, which we used to retrieve content posted on the exact day
of collection, as well as language filters to target content specific to the countries of
interest. It is important to note that X/Twitter does not provide a dedicated filter for the
Slovak language. As an alternative, we used the Czech language filter, based on guidance
from Demagog SK’s fact-checking team. This decision was informed by their confirmation
that the Czech language filter returns content in Slovak and that Slovak audiences
frequently consume Czech-language content, given the linguistic similarities between the
two. To ensure the relevance of the dataset for the Slovak context, fact-checkers were
instructed to label content that was not relevant to the Slovak population as Irrelevant,

following the guidelines outlined in Appendix 5.1.3.

To account for the potential increase in user engagement over time, we revisited the same
posts at the end of the data collection period to update their metadata, such as the

interaction metrics and view counts.

C. YOUTUBE

Data collection for Youtube was conducted using two methods, leveraging the
methodologies of our consortium partners and the YouTube API access which we received

in time for the second data collection.

Firstly, CheckFirst collected data daily, using their monitoring system called CrossOver. This
tool simulates user behaviour on the platform by replicating native search functionality,
returning results as they would appear to an actual user based on their actual geographical
location. Each day and for each language, search queries were conducted to capture a wide

range of relevant content.

Due to platform search limitations and resource constraints, no date filters were applied
during the initial data collection phase. While content from other platforms was restricted to
posts published during the data collection period (1 and 31 October 2025), for YouTube we
filtered content by publication date during post-processing to ensure that only posts from 1
July 2025 to 31 October 2025 were included in the analysis. This decision reflects the
longer content lifespan and engagement cycle of YouTube videos compared to other

platforms.
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In addition to the primary search results, CheckFirst's system also captured the
recommended videos associated with each result. This approach allowed us to collect not
only direct search results, but also the broader content ecosystem that users are exposed to

when interacting with YouTube on our topics of interest.

Secondly, access to YouTube's APl enabled us to retrieve content based on keyword queries
within the defined time window (1-31 October 2025), consistent with the approach used
for other platforms. We collected this data retroactively, allowing for the content to reach its
audience, and capture an accurate representation of the engagement these videos received
on the platform. The queries were geolocated to the four countries included in our analysis,
meaning only videos that can be viewed by people located in these countries are included.
The datasets obtained through keyword-based retrieval were then merged, duplicates were

removed, and a consolidated dataset was constructed for analysis.

D. TIKTOK

Data collection for TikTok was conducted daily using Check First's monitoring system,
CrossOver. This tool replicates TikTok’s native search functionality, simulating real user
behaviour and returning results as they would appear to an actual user based on their

geographical location.

For each language, search queries were performed each day to capture a broad range of
relevant content. Since TikTok does not provide a native date filter, all videos retrieved
through keyword searches were later filtered during the post-processing phase, and only
content published from 1 July to 31 October 2025 was included in the final dataset,

matching our approach with YouTube.

To enhance robustness and broaden coverage, we complemented this approach with data
collected via the TikTok Researcher API. This allowed us to retrieve keyword-based content
published between 1 and 31 October 2025, filtered by their availability from the four
countries included in our analysis. The dataset obtained through the TikTok APl was merged
with the data collected by CheckFirst, duplicates were removed, and the final consolidated

dataset was analysed.

5.1.2 Data Processing & Sampling

A. DATA CLEANING & PROCESSING

The resulting dataset from the data collection period, spanning 1 to 31 October, comprised

a total of 3.3M posts across all platforms and target languages, after duplicates were
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removed. For YouTube, posts collected by CheckFirst published between 1 July and 31
October 2025 were retained, to compensate for the more limited amount of data on this
platform, while for the remaining platforms, we included exclusively the content published

within the defined data collection period.

Additionally, content not published in one of the targeted languages, i.e., Spanish, French,
Slovak/Czech, English, or Polish, was excluded.

Across the full dataset of 3.3 million posts, spanning six platforms and four languages, the
combined total reached 18 billion views (Table 5.1), reflecting the overall reach of the

content analysed.

Platform # Views # Posts
(entire dataset collected) (entire dataset collected)

Linkedin 4713 686 000 1275120
Instagram 3354197000 142 517
Facebook 1965926 000 250 643
YouTube 4364 608 000 59 077
TikTok 2486 712 000 106 722

X/Twitter 725119 000 1457705

Table 5.1 - Total number of posts and views within the keyword search dataset

Given the nature of the selected keywords and their potential use in varied contexts, some
retrieved posts were unrelated to our topics of interest. For example, terms like “Covid-19”
were sometimes used as temporal markers rather than referring to the pandemic or the

disease itself, leading to the inclusion of irrelevant content.

To remove such content, we employed a Large Language Model (LLM), specifically a
GPT-40-mini, to filter out contextually irrelevant posts. Various prompts were tested during
the first iteration of the SIMODS project. Based on those results, we retained the same
prompt and model configuration for the present measurement period to ensure

methodological consistency and comparability over time.

Due to the size of the dataset and the computational costs associated with LLM processing,
we selected a random sample of 20 000 posts per platform and per language on which to

apply the filtering. For text-based platforms (X/Twitter, Facebook, Instagram, LinkedIn), the
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LLM was applied to the post descriptions. For video-based platforms (YouTube and TikTok),

we downloaded the video transcripts and used these as input for the filtering process.
The LLM classified content into three categories:

e Relevant: content contributing to public discourse on the state of the world, such as
health, science, politics, climate change, or other societal issues with a direct impact on
people’s lives or understanding of society

e Irrelevant: content on topics unrelated to our study or that do not match the definition
of Relevant above; typically including celebrity gossip, sports, cooking recipes without
health claims, beauty routines, and personal religious opinions.

e Geographically Irrelevant Content:

o posts that fall outside the geographical scope of the analysis, such as posts in
French discussing African politics, for instance, or posts in Spanish addressing
political developments in South America.

o content not written in one of the targeted languages: French, Spanish,
Slovak/Czech, Polish, or English

Content labelled as Irrelevant or Geographically Irrelevant was removed from the dataset.

B. RANDOM SAMPLING

To obtain a reliable proxy of the state of online discussions on high-sensitivity topics across
platforms, we drew a random sample of 500 posts per platform and language, weighted by

the number of views of each post.

Weighting by views was a critical step for three main reasons. First, it allows us to ensure
that widely viewed posts are more likely to appear in the annotated sample, thus reflecting
what users are actually seeing on the platform. As shown in Table 5.2, the resulting sample
accounts for a total of 1.9 billion views, with 604 million views coming from TikTok alone.
Second, it helps mitigate potential biases introduced by platform-specific search algorithms,
which may be influenced by personalisation or ranking mechanisms. Third, it captures
variations in topic salience, meaning that if, for example, posts about the war in Ukraine
receive significantly more engagement than those on climate change, they will be

proportionally more represented in our annotated sample.

5.1.3 Annotation

To improve the precision of our confidence intervals relative to the first report, we sampled

600 pieces of content per platform and per language, of which only those not flagged as
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“Irrelevant” counted towards the 500. This allowed us to increase the number of posts that
are deemed “relevant”, and thus taken into account in the calculation of prevalence. Each
sample was individually reviewed by fact-checkers with relevant language and topic
expertise. These reviewers assessed whether the content contained misinformation, using a

classification framework developed collaboratively by the fact-checking team.

Total number of views in the
random sample

Facebook 280839 000
Instagram 396 464 000
YouTube 514 444000
X/Twitter 71820 000
TikTok 604 264 000
LinkedIn 43 667000

Table 5.2 - Total number of views per platform in the random sample (2 000 posts per platform)

The framework was designed to reflect the wide variety of content typically encountered on

social media and to enable consistent application across platforms and linguistic contexts.

To ensure the robustness of our findings, a cross-verification process was implemented. For
each platform and language, a first fact-checker was responsible for annotating the full
sample of posts, while a second fact-checker independently reviewed a randomly selected
20% subset of the same sample. Both fact-checkers worked independently, without access

to each other’s annotations, ensuring an unbiased second layer of review.

In cases where discrepancies arose between the two reviewers, a resolution phase followed
the initial annotation. After the full dataset had been labelled, the fact-checkers reviewed
the cases with conflicting classifications, discussed their assessments, and agreed on a final
label for each disputed item. This process not only ensured consistency and accuracy in
content classification but also enabled us to measure inter-annotator agreement, an
important indicator of reliability, and to incorporate this information into the calculation of

confidence intervals for the final prevalence estimates, which is explained in detail in

Appendix 5.1.4.

Fact-checkers were tasked to label each piece of content with one of the options below:
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e Mis/disinformation: Content stating or clearly implying a verifiably false or
misleading claim that may cause public harm.

This definition is a simplified version of the one from the Code of Conduct.

e Credible and informative: Content conveying true or credible information on
important matters about the state of the world (excluding trivia, gossip, or anecdotes).
The Credible label was only applied to content that presents factual information on
topics with direct relevance to people’s lives or public understanding of society, such as
health, science, politics, or social issues. These posts had to be accurate and
informative, i.e. contribute constructively to public discourse.

e Borderline: Content feeding a misleading narrative without necessarily containing

outright falsehoods, but potentially reinforcing false beliefs.
This category captures content that does not meet the criteria for being labeled as
mis/disinformation but does nonetheless contribute to the spread or normalization of
misleading narratives. Research has shown that “factually accurate but deceptive
content” about vaccines, for instance, can be “more consequential for driving vaccine
hesitancy than flagged misinformation” as it is more prevalent than strictly false or
misleading information™. This is the phenomenon we are intending to capture with the
Borderline category.

e Abusive: Content not containing mis/disinformation but involving harmful material

such as hate speech, insults, spam, or incitement to harmful behaviour.
Hateful or discriminatory content was only classified as mis/disinformation if it also
included false or misleading claims. Content that included hate speech or offensive
language alone, without a misinformation component, was labelled under the Abusive
category.

e Unverifiable: Content that cannot be assessed as either credible or

mis/disinformation (e.g. opinion-based).
For contents that address important societal topics but cannot be classified as either
credible or mis/disinformation, typically because they involve personal or political
opinions, or subjective commentary that falls outside the scope of factual verification,
we used the Unverifiable category.

e Irrelevant. Content not about public affairs or scientific/political issues (e.g.
entertainment, sports, religious content, cooking recipes without health claims,
geographically irrelevant to Europe).

Contents unrelated to public-interest information or verifiable factual claims were
labelled Irrelevant. This includes song lyrics, sports updates, cooking recipes without
health claims, celebrity gossip, expressions of religious belief without factual

assertions, and purely personal anecdotes. Although we used an LLM to filter content
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outside the study’s geographical scope (Appendix 5.1.2), this automated step was not
foolproof; residual off-scope items could remain. To address this, fact-checkers were
instructed to flag any posts as Irrelevant when centred on events in Latin America or
Francophone Africa, for instance, to maintain our focus on Europe.

e Other language: Content is not in one of the languages spoken in the targeted
country or English.
Posts written in languages other than the targeted ones, French, Spanish, Slovak,
Polish, or English, were labelled as Other Language.

e Deleted: Content unavailable at the time of annotation (e.g. removed from the
platform).
Contents that had been deleted from platforms at the time of review were labelled as
Deleted.

e Don’t know: Content not fitting any other category.
Contents that could not be reliably classified under any of the defined categories due to
ambiguity, lack of context, or incomplete information were assigned the label Don’t
Know. This ensured that all reviewed posts were accounted for, even when a definitive

classification was not possible.

5.1.4 Inter-annotator Agreement and Related Confidence Intervals

Each piece of content in the random sample was first annotated by one fact-checker, who
assigned it to one of the categories described above. A second fact-checker independently

reviewed a randomly selected 20% subset of the sample.

Figure 5.1 displays the number of cases when both fact-checkers agreed or disagreed on
the categorisation of content across the five categories we study (Misinformation, Credible,
Borderline, Abusive, and Unverifiable) across all platforms and languages. The rows
represent the classifications made by the second fact-checker, while the columns represent
the classifications by the first fact-checker. The diagonal of the matrix shows the cases
where both fact-checkers agreed on the classification; we observe a high level of agreement
between the fact-checkers, given that the numbers on the diagonal are always higher than
the numbers outside of it on any given row or column. The sum of the numbers on the
diagonal shows that the agreement rate is 85%. A notable source of disagreement occurred
between the categories Credible and Unverifiable, for instance, as we can see on the
confusion matrix, the first fact-checker rated content as Credible 39 times, while the second
rated it as Unverifiable, and the second fact-checker rated content as Credible 99 times

while the first rated it as Unverifiable.
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Figure 5.1 — Confusion Matrix Showing Inter-Annotator Agreement and Disagreement in Independent

Content Labelling

Once the data sample was fully labelled, the two fact-checkers discussed cases where
discrepancies between the labels occurred and agreed on a “final label” for each piece of
content. When a final label was available for a given content, this label was used in the
prevalence calculation. However, when only the first fact-checker label was available, we
took into account the probability that the label proposed by the first fact-checker could be

wrong, as described below.

To quantify the uncertainty around our estimates of prevalence, we applied a bootstrapping
technique with 1 000 iterations. Bootstrapping is a resampling method that involves
repeatedly drawing samples with replacement from the original dataset and recalculating
the prevalence metric in each iteration. This process generates an empirical distribution of
the prevalence estimate, from which confidence intervals can be derived without relying on
parametric assumptions. The bootstrapping thus allows us to quantify the confidence

intervals around our estimate related to the size of our sample.

In addition to measuring the uncertainty related to sample size, we also accounted for
uncertainty arising from potential disagreements between annotators. Specifically, we

incorporated the frequencies with which the initial labels assigned by the first fact-checker
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differed from the final label (when available), which we take as our best estimate of ground
truth.

To give a concrete example, in Slovakia, the first fact-checker labelled 68 pieces of content
as Abusive. The final label agreed in 56 cases (82%), 6 were relabeled Unverifiable (9%), 5
Borderline (7%), and 1 Credible (1.5%). In the bootstrapping process, at each iteration, we
therefore randomly swapped the Abusive label with Borderline with probability 7%, with
Unverifiable with probability 9%, with Credible with probability 1.5% and left it unchanged
with probability 82% (percentages may not sum to exactly 100% in this example due to
rounding). Note that this procedure was applied separately for each country to reflect

potential team-specific biases.

5.1.5 Results

A. PREVALENCE ACROSS CATEGORIES

As outlined in Section 2.1.2-A, the content breakdown across all six platforms reveals that
the combined categories of Credible and Unverifiable account for the majority of content on
all platforms. While the Unverifiable category provides valuable context for the type of
content commonly found on social media, as it typically encompasses personal opinions,
commentaries, and individual perspectives on global events and news, we sought to
highlight the distribution of Credible versus Problematic content in isolation. As defined in
Section 2.1.2-A, Problematic content refers to the combination of Abusive, Borderline, and
Mis/disinformation.

Figure 5.2 reproduces Figure 2.2, excluding the Unverifiable category. This allows to
highlight that Linkedln has the lowest proportion of problematic content, followed by
Instagram. The highest levels of Problematic content as compared to Credible content are
found on TikTok, YouTube and X/Twitter, where it represents more than two-thirds (64%),
56% and a bit more than half (54%) respectively.

B. PREVALENCE OF MIS/DISINFORMATION + BORDERLINE

As we have explained above, factually accurate content can still lead users to misleading
conclusions, which we captured in the Borderline category. If one wants to measure the
proportion of all potentially misleading content, one needs to assess the prevalence of

Mis/disinformation and Borderline content together.

Figure 5.3 displays a measure of the proportion of posts labelled as Misinformation or

Borderline, relative to the total number of posts labelled as Misinformation, Borderline,

SIMODS
53



Credible, or Unverifiable. In line with the patterns observed in the prevalence of
Mis/disinformation content, TikTok has the highest combined prevalence of Misinformation
and Borderline content, with 40.5% of posts falling into these categories. It is followed by
Facebook at 29% and YouTube at 26%. LinkedIn displays the lowest prevalence of such

content at 4%, indicating a significantly more limited presence of misleading content on this
platform.

Content Assessment
I Credible

I Abusive

I Borderline
I Misinformation

90%

70%

50%

Percentage of Posts (%)

30%

10%

Figure 5.2 — Percentage of posts belonging to each category for each of the six very large online
platforms, same as Figure 2.2 but excluding Unverifiable.

C. MISINFORMATION PREVALENCE BY COUNTRY

Figure 5.4 illustrates the prevalence of misinformation across the four countries in our study.
Results differ by country: in Poland, prevalence is not statistically different across four
platforms, with values ranging from ~8% to ~12% on all platforms except LinkedIn and
X/Twitter. Spain reveals a similar pattern with no statistical differences between several
platforms; TikTok appears to be an exception with a prevalence of ~17%.

By contrast, France shows more contrasted results: TikTok has the highest prevalence
(~39%), followed by X/Twitter and Facebook (~21%). In Slovakia, TikTok, Facebook and
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YouTube exhibit the highest prevalence (~17% to ~25%), contrasting with the situation on

X/Twitter, Instagram and LinkedIn where prevalence is markedly lower.
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Figure 5.3 — Prevalence of misinformation and borderline content across the six very large
platforms, aggregated across all languages. The error bars represent the 95% confidence intervals
measuring the uncertainty around each estimate, calculated using a bootstrapping method (see
Appendix 5.1.4).

5.2 METHODOLOGY FOR THE SOURCES INDICATOR

5.2.1 Data collection

The process of building a dataset of accounts that repeatedly share mis/disinformation
involved several stages and drew on multiple sources, which allowed us to test the

sensitivity of our results to the chosen methodology.

A. THE FACT-CHECKERS' LIST APPROACH

In one approach, fact-checkers from the consortium compiled preliminary lists of
trustworthy sources and social media channels known for sharing mis/disinformation for
each country. These lists were developed based on the fact-checkers' expertise, internal
databases of accounts whose posts have been fact-checked, and Science Feedback’s

Consensus Credibility Scores, which aggregate multiple open-source credibility ratings for
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over 20 000 sources, providing a reliable basis for identifying recurrent misinformation

sources!t®.
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Figure 5.4 — Misinformation prevalence for each country across the six very large platforms per
language. The error bars represent the 95% confidence intervals measuring the uncertainty around each

estimate, calculated using a bootstrapping method (see_Appendix 5.1.4).

B. THE TOP 50 LIST APPROACH

In another approach, we leveraged the keyword-based dataset used in the Prevalence
Indicator (Section 2.1) to identify the most influential accounts in our dataset. For each
platform and language, we selected the top 200 accounts based on the cumulative number
of views their posts received during the data collection period (1 October to 31 October
2025). These accounts were manually reviewed by fact-checkers to determine their
relevance to the study. Accounts were considered relevant if they regularly discussed topics

of interest for our study, disseminated news, or shared content related to public affairs and
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misinformation. Conversely, accounts focused exclusively on entertainment, sports, or
celebrity news were excluded. From the pool of relevant accounts, we retained the top 50

per platform-language pair.

C. POSTS COLLECTION
For the Top 50 list, we collected all posts published during the data collection period.

X/Twitter constituted an exception, as its interface does not allow retrieval of posts
sufficiently far back in time. Instead of collecting data for October 2025, we collected posts
from January 2026 as a proxy window. For the fact-checkers’ recommendation list, identical
to that used in the first SIMODS report, we monitored and collected posts and associated
metadata from October 2025 through January 2026 (inclusive). Data collection relied on
third-party tools (Bright Data, Apify) as well as the official APIs of YouTube and TikTok. We
retrieved both post content and associated metadata, including engagement metrics,
follower counts, and available media (images and videos). Due to platform constraints, view

counts per post were only available for YouTube, TikTok, and X/Twitter.

It should be noted that, during dataset construction, we were unable to retrieve every post
from every account, leading to missing entries in both the Top 50 and the fact-checkers’
recommended lists. These gaps stem from platform and tool constraints, as well as
accounts that did not post during the collection period or had deleted content.
Consequently, we cannot guarantee that the retrieved posts represent the complete set of
posts published by these accounts during the period. While this is not necessarily
problematic for metrics such as interactions per post, it prevents us from drawing definitive
conclusions about the total interactions or views generated by all posts from the accounts in

our dataset.

5.2.2 Annotation of Sources

Fact checkers labelled the accounts in the Top 50 list into three different categories,

following these guidelines:
e Low-credibility: Accounts that shared at least two posts containing false or
misleading information.

e High-credibility: Accounts that almost exclusively shared credible and informative

news, such as content from professional media outlets or scientific institutions.

e Neither: Accounts that did not fit into the two categories above, often sharing

opinion-based content.
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High-credibility sources typically include reputable news organisations and digital-native
publishers known for producing accurate and informative content. These actors are
characterised by adherence to organisational editorial standards and by operating under
legal and regulatory frameworks that hold them accountable for the reliability of the

information they disseminate.

Fact-checkers reviewed these accounts and their posts and assigned credibility labels based
on the definitions outlined above. An account was classified as low-credibility if it contained
two or more posts identified as Misinformation. An account was classified as Credible if at
least 95% of its posts consisted of trustworthy, informative or scientific content. Accounts

that met neither threshold were categorised as Neither.

5.2.3 Sensitivity of results to the two lists

To ensure our indicators on Sources weren't biased by the methodology used to constitute
the lists of high-credibility and low-credibility accounts, we tested the sensitivity of the
results by comparing the results obtained with the fact-checkers' list approach and with the
Top 50 list approach. The main metric we proposed as an indicator of whether platforms
welcome repeat sources of mis/disinformation is the number of interactions per post per
follower that low-credibility accounts get as compared to the same metric for

high-credibility accounts.

Figure 5.5 shows that, regardless of the specific approach used to construct the lists of
low-credibility and high-credibility accounts, the results are broadly consistent.
Low-credibility accounts systematically outperform high-credibility accounts in terms of
interactions per post per 1 000 followers. Based on these results, we decided to merge the
high- and low-credibility lists originating from the fact-checkers and Top 50 approaches.
Note that for LinkedIn, there were no misinformation accounts in our Top 50 dataset.
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Figure 5.5 — Average number of interactions per post per 1 000 followers for accounts classified as
High-credibility and Low-credibility on each platform in the two different sources datasets (the Top 50

and the Fact-checkers’ list). Error bars represent 95% confidence intervals (see Appendix 5.1.4).
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5.2.4 View-based ‘Misinformation Premium’

In Section 2.2.2-B, we show that posts from low-credibility accounts consistently receive
higher engagement than posts from high-credibility accounts on all platforms except
LinkedIn. In this section, we test whether this observation still holds when considering the
number of views, instead of the number of interactions. Due to the platforms' inherent
features and capabilities of the third-party tools we used, we were able to collect the
number of views for all the posts published by accounts in our lists of high- and

low-credibility accounts only on TikTok, YouTube and X/Twitter.

Figure 5.6 indicates that low-credibility accounts receive more views per post per 1 000

followers than high-credibility accounts across all observable platforms.

On YouTube, low-credibility accounts obtain approximately five times more views per post
per 1000 followers. On TikTok, the ratio is roughly two-to-one. On X/Twitter,
low-credibility accounts reach audiences approximately five times larger, relative to their

follower base, than high-credibility accounts.

This result is consistent with the interactions-based metric discussed in Section 2.2.2-B,
although the magnitude of the difference between high- and low-credibility accounts is
greater when comparing the numbers of interactions: the interactions-based misinformation
premium is 8x on YouTube versus 5x for its views-based equivalent, while on X/Twitter it is
10x versus b5x. On TikTok, the interaction-based and view-based misinformation premiums

are the same, at about 2x.

5.2.5 Accounts’ Audience Size

To better characterise the typical size of accounts in our dataset, we report the median
number of followers, in addition to the mean. As shown in Figure 5.7 on all platforms
credible accounts have substantially larger subscriber bases than misinformation accounts
when considering the median. For example on YouTube, credible accounts have a median of
500 000 subscribers, compared to 170 000 for misinformation accounts. This pattern is
consistent with the comparison based on the average number of followers presented in
Figure 2.7(Section 2.2.2 A).

Taken together, these results indicate that credible accounts tend to have larger audiences
than misinformation accounts, both in terms of typical account size and overall distribution.

Therefore, our results show that the difference is not driven solely by a handful of very large
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legacy media outlets, which would especially affect the average, but reflects a broader

structural gap in subscriber bases.
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Figure 5.6 — Average number of views per post per 1 000 followers for accounts classified as
High-credibility (green), Low-credibility (red), and Neither (grey) on the three platforms where the
number of views was available. Error bars represent 95% confidence intervals, calculated using a

bootstrapping method (see Appendix 5.1.4).

5.2.6 Robustness test of the ‘Misinformation Premium’

Our findings for the Sources Indicator show that low-credibility accounts outperform
high-credibility accounts in interactions per post and views per 1 000 followers. To ensure
this result is not driven by the typically smaller follower counts of low-credibility accounts,

we replicated the analysis by stratifying on account followership.

For each platform, we divided low-credibility accounts into four groups (quartiles) based on
follower count. Using the same follower-count ranges, we then grouped high-credibility

accounts into four corresponding groups.

For example, on TikTok, the quartiles were defined as follows:
e Q1:0-37000;
e Q2:37 000 - 130 000;
e Q3:130 000 - 360 000;
e Q4: 360 000 -2 600 000.
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These thresholds were applied to both low- and high-credibility accounts. High-credibility
accounts exceeding 2.6 million followers were excluded from the comparison to ensure
comparability. Linkedln was treated separately, as limited dispersion in follower counts

allowed only two groups.
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Figure 5.7 Median number of followers for accounts classified as High-credibility, Low-credibility, and
Neither on each platform. Error bars represent 95% confidence intervals, calculated using a

bootstrapping method (see Appendix 5.1.4).

This approach allowed us to compare high- and low-credibility accounts at similar audience
sizes, minimizing bias that could arise when comparing all accounts jointly, given their
different follower-count distributions.

Within each quartile, we calculated the mean interactions per post per 1 000 followers as in
Section 2.2.2.B. Table 5.3 confirms the pattern observed in Figure 2.8: across nearly all
platforms and quartiles, low-credibility accounts generate significantly higher engagement

than high-credibility accounts.

Two exceptions emerge. First, on Linkedln, no statistically significant difference is observed,
consistent with earlier findings. Second, on TikTok, low-credibility accounts outperform
high-credibility ones only in the fourth quartile, while results are statistically
indistinguishable in the first, second and third quartiles. These contrasts explain why the

overall misinformation premium on TikTok remains comparatively moderate (approximately
2X).
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I I " R O I T
5.4 4.3 4.9 4.8

High-credibility:

Instagram [4.3,6.7] [3.8, 4.8] [4.7,51] [4.5, 5]
Low-credibility: 24.8 6.4 215 73
[20.8, 29.2] [5.7,71] (191, 24.3] (6.5, 8.1]
High-credibility: 15 1.0 0.62 0.42
[1.3,1.6] [0.96, 1.05] [0.59, 0.64] [0.40, 0.44]
Facebook
Low-credibility: 12.2 5.4 3.5 1.78
[10.9,13.6] (5.0,5.8] [3.25, 3.80] [1.67,1.9]
High-credibility: 5.0 2.8 1.9 0.20
[4.2,5.9] (2.6, 3.0] 1.7,2.2] [0.19, 0.21]
X/Twitter
Low-credibility: 14.1 16.2 12.5 5.7
[12.5,16.0] [14.7,17.6] [11.8,13.2] [5.5,5.9]
High-credibility: 4.6 1.2 0.62 0.24
[4.0,5.3] 11,1.3] [0.57,0.68] [0.22, 0.26]
YouTube
Low-credibility: 23.5 7.9 1.5 0.7
[20.7, 27.6] (7.5, 8.3] [1.3,1.6] (0.6, 0.8]
High-credibility: 46.4 25.6 18.2 9.0
[24.2, 85.9] [19.2, 35.2] [15.6, 20.9] (8.5,9.4]
TikTok
Low-credibility: 43.3 26.3 17.9 20.0
[31.1,59.2] [22.0,30.9] [15.5, 20.6] [17.0, 23.8]
LinkedIn High-credibility 17 1.95 No Data No Data
[5.1,11.1] [1.60, 2.33]
Low-credibility 35 0.69 No Data No Data
(2.8, 4.4] [0.5,0.93]

Table 5.3 - Stratification analysis of average interactions per post per 1 000 followers for

high-credibility and low-credibility accounts across platforms. Accounts are divided into quartiles based
on follower count. The confidence intervals (Cls) indicate the lower and upper bounds within which 95%

of the estimates from the bootstrap calculation lie (see Appendix 5.1.4).

5.3 METHODOLOGY FOR THE MONETISATION INDICATOR

5.3.1 Facebook

As part of its advertiser brand safety offerings, Facebook publishes “partner-publisher lists”,

which “show publishers that have signed up for monetisation and follow our Partner
Monetisation Policies”. Those lists refer specifically to accounts whose video content can be

used for monetisation (ads playing during videos or Reels).

As they do not capture all types of ads (e.g., ads on users’ feeds), nor all types of
monetisation (subscription, Meta Stars, Facebook Content Monetisation program, branded
content), these lists are not exhaustive and can only be considered indicative of the broader

phenomenon of the monetisation of disinformation on Facebook.
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Starting from the Facebook accounts identified in Section 2.3 and assigned a credibility
label, we applied additional eligibility criteria. Because the partner-publisher lists focus on
video monetisation, pages or profiles that had not recently published videos or reels, or that

had reached only minimal audiences on such content, were marked as ineligible®.

In July 2025, Facebook began rolling out its Facebook Content Monetisation Program®?,

intended to consolidate several monetisation features. From September 2025 onward, this
transition was expected to phase out the in-stream Ads and Reels ads programmes on
which the partner-publisher lists are based. At the time of analysis, however, these lists

were still being updated.

It is important to note that the partner-publisher lists do not capture the full range of
monetisation mechanisms available on Facebook. Creators, whether high- or low-credibility,
may monetise through other formats (e.g., photos, text posts, or stories), which are not

reflected in the lists and may require lower production effort than video content?],

A data access request under DSA Article 40.4 was submitted on 12 January 2026. At the

time of writing, no response has been received.

5-3.2 Instagram

Instagram does not offer meaningful data to track account-level monetisation. Transparency
has taken a step back as Instagram stopped publishing its “partner-publisher lists” that
detailed the accounts that were eligible for monetisation in H2 2025. A data access request
under DSA Article 40.4 was submitted on 12 January 2026. At the time of writing, no

response has been received.

5.3.3 X/Twitter

X/Twitter does not offer publicly-available data as to the accounts its flagship
revenue-sharing mechanism (the “Creator Revenue Program”) supports. Consequently, we
were not able to study monetisation on X/Twitter. A data access request under DSA Article
40.4 was submitted on 12 January 2026. At the time of writing, no response has been

received.

! Specifically, a Page must have had a minimum of 5 videos or Reels published in the last 30 days AND at least 60 000 minutes watched on videos from the
last 60 days (calculated as number of views times video duration, divided by 2 to account for mid-play drops). As Facebook does not publish official activity
and audience criteria anymore, these thresholds were derived from earlier guidance and might have changed since.
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5.3.4 LinkedIn

In 2024, LinkedIn launched its first revenue-sharing program (Wire, rebranded as BrandLink
in May 2025). No consolidated data is publicly available as to which creators are taking part

in the pilot program, although the few names cited in communications material belong to

broadly credible actors, such as Der Spiegel or the Washington Post, alongside individual
influencers. Consequently, we were not able to study monetisation on Linkedln. A data
access request under DSA Article 40.4 was submitted on 12 January 2026. At the time of

writing, no response has been received.

5.3.5 Tik'Tok
TikTok offers two flagship programs to reward creators for the views their content garners:

e The TikTok Creator Rewards Programme, which broadly pays out to users on the basis
of how well their videos perform. The list of accounts eligible to partake in the program

is not public.

e TikTok Pulse, which shares with creators the revenue from ads appearing next to the
most trending videos (videos with a “Pulse Score” in the top 4% of all videos on TikTok
- the Pulse Score being an internal metric blending “user engagement, video views, and
recent growth”). With no data on which videos are in the Pulse Score top 4% nor on
which accounts are eligible, a systematic study of the TikTok Pulse funding was not

possible.

Consequently, we were not able to study monetisation on TikTok. A data access request
under DSA Article 40.4 was submitted on 12 January 2026. At the time of writing, no

response has been received.

5.3.6 YouTube

As with Facebook, we screened YouTube channels associated with high- and low-credibility
actors (see Section 2.3) to determine which were eligible for monetisation based on publicly
observable criteria, excluding any assessment related to compliance with YouTube's

community guidelines.
Eligibility was defined using two thresholds:

e more than 1 000 subscribers;

e more than 4 000 hours of watch time over the past 12 months (excluding Shorts).
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As watch time is not directly observable, we approximated it using the same method as for
Facebook: the sum of views on videos published in the last 12 months multiplied by video

duration, divided by two to account for early drop-off.

Because official databases do not disclose monetisation status, we inferred it by examining
the last ten videos published by each channel. If at least three displayed advertisements
(either before or during the video playing, or in the top-right-hand corner of the video), the

channel was considered monetised.

5.4 COMPARISON OF THE RESULTS ACROSS THE 2 REPORTS

The first full measurement of the SIMODS project was conducted between 17 March and
13 April 2025. During this period, we collected more than 2.6 million posts across the six
VLOPs, using the standardised methodology described in Section 2.1.1.

The second measurement wave was conducted between 1 October and 31 October 2025.
Applying the same keyword search framework, we collected approximately 3.3 million

posts across the same platforms and languages.

Below, we compare the most prominent findings from the two measurement periods. The
overall consistency of these results demonstrate the robustness of our methodology and its
reproducibility. This supports the conclusion that our results reflect structural patterns

across platforms and are not fundamentally driven by short-term variations.

5.4.1 Prevalence of Mis/Disinformation

Comparing the prevalence of misinformation across the two measurement periods suggests
a high degree of stability in the overall magnitude of misinformation across platforms. At
the aggregate level, the results from the two measurements are very consistent (Figure 5.8):
the prevalence estimates remain within a comparable range, indicating that the indicator is

capturing a structurally persistent phenomenon rather than short-term fluctuations.

That said, we observe some platform-level changes. On TikTok, misinformation prevalence
increased from around 20% in March-April to 25% in October 2025. YouTube also
registered a significant increase between the two periods, from around 8.5% to 12%. Values
for LinkedIn didn’t significantly decrease between the two periods (from around 2% to 1%),

and the same can be said on other platforms.

The distribution of topics within our datasets remained fairly stable across the two
measurement periods, with only minor variations observed. Health continued to be the
dominant misinformation category in both waves, followed by the Russia—Ukraine war and

national politics (Figure 5.9).
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Figure 5.8 Comparison between the two time periods (March-April vs. October 2025): Prevalence of
mis/disinformation across the six very large platforms, aggregated across all languages. The error bars
represent the 95% confidence intervals measuring the uncertainty around each estimate, calculated

using a bootstrapping method (see Appendix 5.1.4).

SIMODS PART 1 SIMODS PART 2

o Others
Migration 3 3o Others
7.9%

6.6%

Migration
7.7%

Climate
6.6%

Climate

Health 8.4%

43.4% Health

National Politics 42.8%

15.5%

National Politics
12.1%

Russia-
Ukraine War
24.5%

Russia-
Ukraine War
23.2%

Figure 5.9 — Comparison between the two time periods (March—April vs. October 2025): Topic
distribution of mis/disinformation posts across the studied data sample.
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5.4.2 Sources of Mis/Disinformation
A. ACCOUNTS' AUDIENCE SIZE

In terms of audience size, follower counts remained broadly consistent across the two
measurement periods. High-credibility sources continued to outperform low-credibility

accounts, with the gap in magnitude between the two groups remaining relatively stable

over time.
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Figure 5.10 Comparison between the two time periods (March—April vs. October 2025): Average
number of followers for accounts classified as High-credibility, Low-credibility, and Neither on each
platform. The error bars represent the 95% confidence intervals measuring the uncertainty around each

estimate, calculated using a bootstrapping method (see Appendix 5.1.4).

B. ACCOUNTS' ENGAGEMENT RATES: THE ‘MISINFORMATION PREMIUM'

Looking at the metric mean interactions per post per 1 000 followers, which we use to
calculate the ratio of engagement between low-credibility and high-credibility accounts, we

observe some differences between the two measurement periods.

On platforms such as Facebook and YouTube, the mean number of interactions per 1 000
followers remained broadly consistent across the two measurement periods, with only
limited variation. The most notable change was observed on YouTube, where the mean for

low-credibility accounts increased from 5.5 to 8 interactions per post per 1 000 followers.

A noticeable difference can be observed on LinkedIn, with a tenfold drop in mean
interactions per 1 000 followers. As shown in Figure 5.11, the number of posts (and of

accounts) has increased substantially in the second period, providing a more representative
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picture of engagement on Linkedln across all three account types. In the first period, the
limited number of accounts meant that engagement metrics were not representative, as
reflected in the wide confidence intervals. In the second period, the greater diversity of the
dataset enables a more robust estimation of these metrics, as evidenced by the narrower

confidence intervals.

Regarding the “misinformation premium”, the values are similar between the two periods
for most platforms (Figure 5.12). The most important, statistically significant, differences are

observed on:

e X/Twitter, where the premium increased substantially from around 4 to around 10, and

e YouTube, where the premium increased from around 8.5 to around 11.

PERIOD 1 PERIOD 2 PERIOD 1 PERIOD 2
LinkedIn LinkedIn Instagram 20 Instagram
60
T 14 35
50 12 30 I
15
40 10 25
8 20
30 - HE 10
6 15 I
20
4 10 5
) 2 i i 5
0 [ 0 | 0 | 0 1
n=705 n=48 n=1142 n=7003 n=763 n=563 n=39626 n=3209 n=4755 n=46601 n=6649 n=2675
PERIOD 1 PERIOD 2 PERIOD 1 PERIOD 2
Facebook Facebook YouTube YouTube
6 10 10
6
5 > 8 8
A 4
6 6
3 3
4 1 4
) I I
T
2 2
1
, ! . - , I , , Il ,
n=58087 n=8890 n=11006 n=184886 n=22714 n=45033 n=125957 n=22566 n=11882 n=51254 n=8866 n=15532
SIMODS

69



35

30

25

20

15

10

Ul

Low cred + High cred
Interctions per post per 1k followers

PERIOD 1 PERIOD 2
Twitter Twitter
20 :|:
1
15
.10
5
. , Il .
n=10458 n=10938 n=9934 n=82375 n=33950 n=12109

10

o

N

N

0

50

40

30

20

10

n=10554

PERIOD 1
TikTok
50
40
30
- 20
, 0
n=2176 n=2974 n=50940

PERIOD 2

TikTok

n=7459

Figure 5.11 - Comparison between the two time periods (March—April vs. October 2025): Average

number of interactions per post per 1 000 followers for accounts classified as High-credibility,

Low-credibility, and Neither on each platform. The error bars represent the 95% confidence intervals

measuring the uncertainty around each estimate, calculated using a bootstrapping method (see
Appendix 5.1.4).
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Figure 5.12- Comparison between the two periods (March-April vs. October 2025): Ratio of the average

number of interactions per post per 1 000 followers for accounts classified as Low-credibility to the

same number for High-credibility accounts. Error bars represent 95% confidence intervals, calculated

using a bootstrapping method (see Appendix 5.1.4).
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