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Abstract

We present ArabMisinfo, a corpus of 274,837
public Facebook Page posts in Arabic span-
ning 2014-2024 and focused on news and
public affairs. Each record includes page-
level metadata, UTC timestamps, link domains,
and platform-native engagement signals (likes,
comments, shares, and the seven post-2016
reaction types). We accompany the corpus
with reproducible diagnostics for engagement
and polarization, the Polarization Index (PI),
Share-to-Like Anomaly (SLA), Risk Triage In-
dex (RTI), and Engagement Pattern Residuals
(EPR). To address the absence of content-level
labels, we contribute a discourse role annota-
tion of 10,000 posts (3.6% of the corpus) using
Fanar-C-2-27B, classifying each post into one
of six roles. The annotation reveals that Arabic
Facebook misinformation discourse is domi-
nated by counter-information activity: 30.6%
of posts are Rumor Denial or Official Correc-
tion, outpacing Unverified Claim posts (12.3%)
by a 2.5:1 ratio, while 19.3% represent inciden-
tal keyword matches, directly quantifying the
sampling noise introduced by keyword-based
collection. To comply with platform terms and
copyright, we publicly release Post IDs, Page
IDs, and full metadata and derived indices; mes-
sage text is available only under a research data-
use agreement (DUA). ArabMisinfo enables
engagement-aware analyses of Arabic misin-
formation ecosystems and, to our knowledge,
provides the first discourse-role-annotated Ara-
bic Facebook corpus at this scale.

1 Introduction

Online misinformation can distort public talk and
public choices, and false claims often spread fast
and far on social networks (Dizikes, 2018; Klein-
man, 2018). Social media is a main news source
across Arabic speaking regions, and Facebook is
widely used for public affairs content (Rananga
et al., 2024). At the same time, Arabic lan-

HOW MISINFORMATION IS FRAMED
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Figure 1: Two representative examples illustrating ru-
mor denial and evidence-based verification in the Arab-
Misinfo corpus. English glosses are provided for acces-
sibility.

guage brings practical challenges for computa-
tion because of rich morphology, dialectal varia-
tion,and context specific expressions (Alotaibi and
Al-Dossari, 2024).

Most Arabic misinformation resources focus
on Twitter. Examples include ArCOV19 Rumors
(Haouari et al., 2021b), multi label situational sets
(Obeidat et al., 2022), and VERA ARAB (Mostafa
and Almogren, 2024). Facebook, despite its central
role in Arabic news use (Boulianne and Hoffmann,
2024), remains under resourced. Access also be-
came harder after the retirement of CrowdTangle
in 2024, which disrupted common research work-
flows (Ortutay, 2024; Johns et al., 2024).

This paper introduces ArabMisinfo, a Facebook
corpus in Arabic with 274,837 public posts from
news and public interest Pages collected from 2014
to 2024. The files keep post text, link context, UTC
time stamps, page fields, and detailed engagement
for the seven reactions, plus likes, comments, and
shares. All descriptive results in this paper are com-
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puted on the same corpus that we publicly release
under a data-use agreement. The corpus provides
descriptive and diagnostic analysis of misinforma-
tion content on Facebook using various metadata.
However, it is not intended for benchmarking for
truth labeling or a release of media files.

Our contributions are the following. First, we
provide a large Facebook corpus in Arabic with
content and page fields in one place. Second, we
document a clear schema with coverage notes so
that others can understand what is present and what
is missing. Third, we present four diagnostic views
that rely only on platform signals: a joint view of
polarization and share-to-like anomaly, a temporal
map of posting and engagement, a rank-based risk
triage index, and a robust engagement outlier rule.
Fourth, we contribute a discourse role annotation
of 10,000 posts using Fanar-C-2-27B (TEAM et al.,
2026), classifying each post into one of six roles
that characterize how Arabic Facebook pages par-
ticipate in misinformation discourse, from active
rumor denial to fact-checking to incidental key-
word use. Together, these views and annotations
give transparent baselines for future work on Ara-
bic news and public affairs on Facebook and help
target posts that merit closer review without requir-
ing external truth labels.

We review related work (Section 2), detail
dataset construction (Section 3), define the diag-
nostic indices (Section 4), report the core findings
(Section 5), discuss implications (Section 6), out-
line social impact and applications (Section 7), and
conclude (Section 8), followed by limitations (Sec-
tion 9) and the ethics statement (Section 10).

2 Related Work

Most Arabic misinformation datasets are built from
Twitter and are text only. Facebook resources in
Arabic are rare and small. Table 1 lists repre-
sentative datasets and shows this pattern. AFND
(Khalil et al., 2022) covers news articles, ArCOV 19
(Haouari et al., 2021a) and ArCOV19 Rumors
(Haouari et al., 2021b) focus on tweets, and the
only Facebook item is a small comments set. Work
on propaganda and memes adds useful multimodal
cases, and recent Arabic deepfake sets exist off
platform, but these do not include Facebook post
content or page fields. None of the listed resources
provide Facebook posts with content, page fields,
time stamps, and the full set of reactions. Our
dataset fills this gap and enables reaction based

diagnostics.

Behavioral diagnostics and platform signals.
Our analysis uses platform native signals such as
reactions, shares, comments, and time of posting.
Prior work shows that items can spread even when
endorsement is weak, which motivates the share to
like anomaly view (Vosoughi et al., 2018; Tacchini
et al., 2017). Reaction categories can be read as
coarse affective cues in audience response (Krug,
2016; Lunden, 2020). Heavy tailed popularity calls
for robust summaries and outlier rules (Clauset
et al., 2007; Hoaglin, 2013). Studies of automated
and coordinated activity support the use of tempo-
ral heatmaps to spot regular and clustered patterns
(Ferrara et al., 2016; Varol et al., 2017; Pacheco
et al., 2020). Together these works frame the four
descriptive diagnostics we report for Arabic Face-
book posts.

3 Dataset Construction

ArabMisinfo contains public posts from Arabic
Facebook Pages that publish news and public af-
fairs. The dataset preserves post content and page
fields so that work on misinformation and audience
behavior can use platform signals directly.

3.1 Source and Coverage

Public posts and engagement counts were collected
with the research access tool for public Facebook
content from 8 June 2014 to 6 June 2024. Each
record keeps the original timestamp and a UTC
copy. We also provide simple calendar fields such
as year, month, weekday, and hour to support time
based analysis.

3.2 Page Selection and Inclusion

Pages were included when they were public during
collection, posted mainly in Arabic, and focused
on news or public interest topics such as politics,
health, economics, science, and public services.
Pages that were non Arabic, purely promotional,
or inactive were excluded. The seed list used ver-
ified outlets, institutions, public figures, and civil
society organizations, then expanded by link trac-
ing to sources that were frequently shared. The
final corpus spans news outlets, institutions, non
governmental organizations, and public figures.

3.3 Collection and Record Unit

For each included Page we retrieved all available
public posts and page fields. Each post is stored
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Work / Dataset Modality Platform Size Focus Main gap

AFND (Khalil et al., Text News 606K articles  Article credibility =~ Not social media. No

2022) labels. Facebook post fields.

ArCOV19 Rumors Text Twitter 9.4K tweets, Rumor and veracity No Facebook. Text

(Haouari et al., 2021b) 138 claims linked to claims. only.

ArCOV19 (Haouari Text Twitter 2.7M tweets  Propagation and No Facebook. Text

et al., 2021a) diffusion. only.

AraCOVID19 MFH Text Twitter 10.8K tweets ~ Misinformation No Facebook. Do-

(Hadj Ameur and and hate during main specific.

Aliane, 2021) COVID19.

Obeidat et al. (Obeidat Text Twitter ~6.7K tweets Fine grained misin- No Facebook. Text

et al., 2022) formation labels. only.

VERA ARAB Text Twitter ~20K tweets  Veracity linked No Facebook. Text

(Mostafa and Almo- to fact checked only.

gren, 2024) claims.

Laabar and Zaghouani  Text Facebook 7,535 com- Stance, sentiment, Not misinformation.

(Laabar and Zaghouani, ments (5,000 emotion, abuse Comments only.

2024) labeled) in Tunisian com- Narrow topics.
ments.

ArMeme (Alam et al., Image and text ~ Various ~6K memes Propaganda in Not Facebook fo-

2024) memes with OCR.  cused. No page

fields.

ArAlEval 2024 Text and image  Tweets, news, Public tasks Propaganda spans  Limited Facebook.

(Hasanain et al., 2024) memes and meme labels. No post level fields.

ArEnAV (Kuckreja Video and audio  Off platform 387K videos, Audio and video Not Facebook. Off

et al., 2025) 765h deepfake detection. platform.

Arabic Audio Deep- Audio Off platform ~19.6K clips  Arabic audio deep- Not Facebook. Audio

fake (DeepFake Audio fake detection. only.

Rangers, 2024)

Table 1: Key Arabic resources by modality, platform, size, focus, and gap. None provide Facebook post content

with page fields, time stamps, and full reactions.

as one record. Reshares and crossposts are kept
when they meet time and page criteria and are
marked with a type flag. Private profiles and closed
groups are not included. Collection followed the
platform’s research terms in force at the time.

3.4 Schema and Fields

The corpus consists of 274,837 posts along with
page metadata. Table 2 defines the primary field
groups. The content of the post include both the
textual message and any supporting graphic text,
if available. Page fields include name, identifier,
category, and administrative country. Links include
the original link and the final resolved link with
a parsed domain. Engagement covers likes, com-
ments, shares, and the seven reaction types such as
Like, Love, Wow, Haha, Sad, Angry and Care. De-
rived fields include hour and weekday, text length,
word count, and simple content indicators for photo,
video, link, and status.

3.5 Text and Language Handling

We preserve Arabic script as provided, including
diacritics and emojis. Control characters are re-
moved and encoding errors corrected. We do not

apply language normalization or stemming. Page
language fields are kept when available. Content
can include Modern Standard Arabic and regional
variants. OCR text from images is included when
present at the source.We do not redistribute media
files; only their metadata and any available source
OCR text are included.

3.6 Quality Assurance

Consistency checks verified time range bounds, re-
action sums, alignment of page name and category,
and link resolution to final domains. Exact du-
plicate post identifiers were removed. Posts that
disappeared during collection are kept with empty
text and a status flag. Missing values appear as
empty cells; we do not impute them.

3.7 Public Release & Licensing

To comply with platform ToS and copyright, we
adopt a hybrid release model. We make publicly
available a frozen snapshot containing Post IDs,
Page IDs, page-level metadata, timestamps, link do-
mains, engagement counts (likes, comments, shares,
seven reactions), and derived indices (PI, SLA,
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Table 2: Schema overview for ArabMisinfo. Groups show representative columns.

Group Representative fields (examples)

Post level Facebook Id, Post Created (original and UTC), Type (Photo, Status, Link, Native Video,
YouTube, Live), Message, Image Text, Description

Page level Page Name, Page Id, Page Category, Page Admin Top Country, Language

Links and domains Link, Final Link (after redirect), Link Text, domain parsed from the final link

Engagement Likes, Comments, Shares; reactions: Like, Love, Wow, Haha, Sad, Angry, Care; Total
Interactions

Derived time: post_hour, post_weekday; length: text_length, word_count; content flags: is_photo,

is_video, is_link, is_status

RTI, EPR). We do not redistribute media files (im-
ages/videos). The message text is accessible only
under a research data-use agreement (DUA) that
prohibits re-publication of verbatim content and
mandates takedown on request. Metadata are li-
censed under an open data license code is released
under a permissive license (e.g., MIT). We did not
provide the URL during the anonymous review.
The URL will be included in the camera ready ver-
sion.

4 Methods: Platform-Native Diagnostic
Indices

Our analysis uses four simple indices that can
be computed from native Facebook fields without
truth labels. We group reactions into a positive set
(Like, Love, Haha, Wow, Care) and a negative set
(Sad, Angry), following the public reaction taxon-
omy introduced in 2016, with Care added in 2020.!

4.1 Robustness of Diagnostics

We assess the stability of all indices under alterna-
tive assumptions.
Reaction semantics. We re-estimate metrics af-
ter (a) treating Haha as neutral, (b) excluding
Haha, and (c) collapsing Angry+Sad into a sin-
gle negative-affect channel; headline conclusions
remain unchanged.
Weights and thresholds. For RTT, we test 0.6/0.4
and 0.5/0.5 engagement/volatility weights; for
EPR, we vary the outlier cut (|M| > 2.5, 3.0, 3.5).
Patterns and tail-mass rankings are stable.
Temporal strata. We compute ranks monthly vs.
quarterly and observe consistent relative ordering.
Sparsity filters. Excluding pages with fewer than
n € {20,50} posts/year does not materially affect
distributional summaries.

"Facebook expanded Like into Reactions in February 2016;

Care was introduced during April 2020. See Krug (2016);
Lunden (2020).

Uncertainty. We report bootstrap confidence inter-
vals for summary stats (e.g., median SLA) using
1,000 resamples by page and year. Seeds and ran-
domization settings are fixed for exact reproducibil-

ity.
4.2 Polarization Index (PI)

Let R™ be the count of positive reactions and R~
be the count of negative reactions for a post. Let
S = R" + R~ + e with a small ¢ to avoid division
by zero. Define the positive share p* = R* /S and
the negative share p~ = R~ /S. The Polarization
Index is

PI=|p" —p | €][0,1].

PI increases when audience response concentrates
on either approval or disapproval and is invariant
to the total number of reactions. Grouping reac-
tions into positive and negative sets follows prior
use of reaction categories as affective signals on
Facebook(Phillips, 2024).

4.3 Share to Like Anomaly (SLA)

Shares spread content beyond the origin network
while Likes function as a light endorsement signal.
Prior work shows that sharing and endorsement can
diverge in the spread of questionable content. False
or low-quality items can spread faster and farther
even without strong endorsement signals(Vosoughi
et al., 2018). Likes and other simple feedback have
been used to separate hoaxes from mainstream con-
tent in Facebook data(Tacchini et al., 2017). We
measure diffusion—endorsement imbalance with

h 1
SLA:logm(S ares + >

Likes + 1

SLA > 0 indicates the post is shared more than it
is liked.
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4.4 Discussion Intensity and Risk Triage
Index (RTI)

Discussion intensity is defined as comments per
one hundred reactions:

Comments

100 =1 .
100 = 100 x > Reactions + €

To triage posts that merit review, we combine a
rank of negativity and a rank of discussion inten-
sity. Within a fixed temporal stratum (for example,
within month), compute percentile ranks rye, for
the negative reaction share p— and rcjop for C100.
The Risk Triage Index is

RTI = 0.6 Tneg + 04 TC100,

which yields a unit interval score. Rank-based
combination reduces the effect of heavy tails and
unit scaling and follows standard practice for robust
transformation prior to aggregation(Conover and
Iman, 1981).

4.5 Engagement Anomaly Rule (EPR)

Per-post engagement is heavy-tailed in social plat-
forms. We apply a robust outlier rule on the
log-transformed interaction count. Let X =
logyo(Total Interactions + 1). Compute the me-

dian X and the median absolute deviation MAD =
median(|X — X|). Define the modified z score
- X

M = 0.6745 x MAD 7 ¢
We flag an engagement anomaly when |M| > 3.5.
This threshold and the use of MAD follow stan-
dard robust outlier detection guidance (Hoaglin,
2013) and the NIST Engineering Statistics Hand-
book for the modified z score with a 3.5 cut point
(NIST/SEMATECH, 2012). We use the log trans-
form because engagement follows a heavy-tailed
form where log scaling stabilizes variance for sum-
mary and visualization(Clauset et al., 2007).

5 Data Analysis

This section focuses on four diagnostic views that
describe how content spreads in the corpus. All
numbers reported here are taken from the same run
that produced the figures.

5.1 Polarization and share to like anomaly

Figure 2 plots the two signals defined in the Meth-
ods section. The median values in this corpus are

Polarization vs Share—-Like Anomaly
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-1 0 1
Share-Like Anomaly (log10( (Shares+1)/(Likes+1) ))

Figure 2: Polarization versus share to like anomaly. The
vertical line marks SLA = 0.

PI =1.00 and SLA = —1.00. The first shows that
most posts receive unanimous or near unanimous
reactions. The second means a typical post has
about one share for every ten likes. Points to the
right of the reference line have more shares than
likes. When that pattern appears together with
high polarization (for example PI > 0.5), the item
spreads without clear endorsement and should be
reviewed with priority. The scatter also forms a
cone shape: extreme share to like values occur
most often when reactions are unanimous, while
mixed reactions pull the anomaly toward the center.

5.2 Temporal Posting and Engagement

‘Temporal Posting & Engagement Heatmaps

Posting Frequency Heatmap Engagemen Hoatmap.

Figure 3: Temporal patterns. Left: posting frequency
by day of week and hour in UTC. Right: mean engage-
ment on the same grid. Color bars show post counts on
the left and average engagement on the right.

Figure 3 summarizes when Pages post and when
audiences respond. Posting volume is highest at
22:00, 23:00, and 21:00 UTC. The engagement
map is not a mirror of the volume map. Cells that
are bright on the right but not on the left indicate
hours with higher than expected attention and can
help flag coordination windows.

3813



5.3 Risk Triage Index

RTI Distribution

70000 === 90th percentile cut
60000
50000

40000

Posts

30000

20000

10000

Risk Triage Index (0-1)

Risk Triage Index (RTI).
0.6 rank(negative reaction share) +
The dashed

Figure 4:
RTI =
0.4 rank(comments per 100 reactions).
line marks the cut at 0.90.

Figure 4 combines two observable signals into
one score: the audience share of Sad and Angry and
the number of comments per one hundred reactions.
The histogram is heavy on the left with a long right
tail. Using the fixed cut at RTT > 0.90, 3.445% of
posts are above the line in this run (0.0344495101
as a fraction). This tail is small but distinct and is
suitable for focused review.

5.4 Engagement Anomalies

Figure 5 applies a robust outlier rule on the log
scaled engagement. Only 0.023% of posts exceed
the anomaly threshold in this run (0.0002292268
as a fraction). These outliers appear in short bursts
rather than being spread evenly across time, which
is consistent with coordinated amplification and
rapid cross page sharing.

Posting is most frequent late in the evening in
UTC. Typical posts receive near-unanimous reac-
tions and have many more likes than shares, while a
small and informative slice shows high polarization
together with more shares than likes. The triage
score isolates a compact review set at RTT > 0.90
and the robust anomaly rule focuses attention on
very rare but important spikes in engagement.

5.5 Discourse Role Classification

To address the absence of content-level labels and
characterize how Arabic Facebook pages partic-
ipate in misinformation discourse, we annotate
a stratified sample of 10,000 posts (3.6% of the
full corpus) using Fanar-C-2-27B,” an Arabic-

2Fanar APIL: model

Fanar-C-2-27B.

https://api.fanar.qa/vi;

optimized large language model. Each post is clas-
sified into one of six discourse roles. The annota-
tion text supplied to the model combines the post
Message, the linked article headline (Link Text),
and the article description (Description), prefixed
with Arabic context tags (‘arabian al-rabat‘ for
headline and ‘wasf* for description, rendered as
<link title:> and <description:> in practice) and
truncated to 500 characters, giving the model suffi-
cient field context without exceeding the effective
context window.

The six roles are: Rumor Denial / Official Cor-
rection (post explicitly states that a specific claim
is a rumor, incorrect, or officially denied, including
authority statements, corrections, and explicit rebut-
tals); Unverified Claim / Misinformation Fram-
ing (post presents a specific factual claim without
visible verification, correction, or skepticism—the
claim is asserted as true without countervailing sig-
nal); Fact-Check / Verification Report (post in-
vestigates a claim using evidence, sourcing, images,
or explicit fact-check methodology and reaches a
veracity conclusion); News / Factual Report (post
reports an event, announcement, or development
in a standard informational or news format, with-
out obvious misinformation framing or correction
language); Opinion / Political Commentary (post
expresses a subjective viewpoint, editorial position,
or political analysis without a specific verifiable
factual claim as primary content); and Inciden-
tal / Off-topic (post uses misinformation-related
terms colloquially in non-public-affairs contexts:
sports transfer speculation, entertainment gossip,
commercial content, religious narratives).

Table 3 reports the distribution. All 10,000 posts
received a valid discourse-role label without requir-
ing manual repair of malformed outputs; annotation
quality was assessed through post-hoc inspection
of label boundaries across 50 randomly sampled
posts per role.

Finding 1: Arabic Facebook misinformation
discourse is dominated by counter-information.
Rumor Denial and Official Correction are the single
largest discourse role category at 30.6%, outnum-
bering Unverified Claim posts (12.3%) by a ratio
of 2.5:1. Combined with Fact-Check posts (3.2%),
counter-misinformation content accounts for 33.8%
of the annotated sample, while misinformation-
discourse posts (Denial + Unverified + Fact-Check)
together account for 46.1%. This finding reframes
the corpus: rather than a collection of false claims,
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Engagement Distribution (Anomaly Threshold)
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Figure 5: Engagement anomalies. Left: distribution of log;,(Total Interactions + 1) with a robust median and
median absolute deviation threshold shown as a red dashed line. Right: timeline of posts with outliers highlighted.

Discourse Role n %
Rumor Denial / Official Correction 3,061 30.6
Incidental / Off-topic 1,931 19.3
Opinion / Political Commentary 1,811 18.1
News / Factual Report 1,645 164
Unverified Claim / Misinfo. Framing 1,235 12.3
Fact-Check / Verification Report 317 32
Counter-misinfo. total (Denial+FC) 3,378 33.8
Mis.-discourse total (above + Mis.) 4,613 46.1

Table 3: Discourse role distribution (n=10,000; 3.6% of
corpus). Bold = dominant role. Counter-misinformation
posts outnumber Unverified Claim posts by 2.5:1.

ArabMisinfo primarily captures the Arabic public-
affairs ecosystem’s response to misinformation. En-
gagement signals reflect this: Rumor Denial posts
attract the highest median Likes (34), while Fact-
Check posts attract the lowest (21), suggesting
that simple denial is more socially rewarded than
evidence-based verification—a pattern consistent
with prior findings on diffusion without endorse-
ment (Vosoughi et al., 2018).

Finding 2: Keyword sampling noise is pre-
cisely quantified. The Incidental / Off-topic role
(19.3%) captures posts that use isha‘a (rumor),
mughalata (fallacy), or tadlil (misinformation) in
non-public-affairs contexts—sports transfer spec-
ulation, gaming rumors, celebrity gossip, com-
mercial content, and religious narratives. This di-
rectly quantifies the sampling bias introduced by
keyword-based collection that prior work could
only estimate qualitatively. Removing Incidental
posts from the corpus leaves an 80.7% on-topic
subset for downstream supervised tasks.

Country Denial Unverified Denial rate
Algeria (DZ) 554 152 78 %
Tunisia (TN) 342 100 77%
Syria (SY) 196 64 75%
Iraq (IQ) 151 60 72%
Morocco (MA) 436 175 T1%
Egypt (EG) 393 246 62%

Table 4: Denial rate (Rumor Denial = (Denial + Un-
verified Claim)) for the six most-represented countries
(n>500 posts). Palestine (n=193, 81%) and Jordan
(n=372, 80%) exceed these rates but from smaller sam-
ples.

Finding 3: Denial rates vary meaningfully
across countries. Table 4 reports the denial rate
per country for the six most-represented coun-
try groups in the annotated subset (n>500 posts
each). Among these, Algeria (78%) and Tunisia
(77%) exhibit the highest denial rates and Egypt
(62%) the lowest. Palestine (n=193, 81%) and Jor-
dan (n=372, 80%) show higher denial rates from
smaller samples and are reported in the text for
completeness. The 2020 collection year shows the
highest denial rate of any year (38.9% Rumor De-
nial vs. 11.7% Unverified Claim), consistent with
the COVID-19 infodemic triggering large-scale cor-
rection campaigns across Arabic-language social
media.

6 Discussion

The four diagnostics in Section 5 describe how
Arabic content gains attention on Facebook using
platform-native signals. They are not truth detec-
tors but transparent filters that help direct limited
review capacity toward posts with unusual diffu-
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sion and reaction patterns, consistent with prior
findings on selective exposure, diffusion without
endorsement, and coordinated activity.

Unanimous reactions and selective exposure
Most posts show near-unanimous reactions, point-
ing to audience homophily rather than open contes-
tation. Reactions should be treated as behavioral
signals rather than precise sentiment labels, since
their semantics vary across contexts.

Posting rhythms and attention windows Activ-
ity clusters around evening hours in many regions,
and engagement peaks do not always track posting
volume. Social platforms display strong diurnal
cycles, and evening usage often correlates with
higher spread of questionable content, supporting
time windows as an audit dimension.

Share-to-like imbalance as a triage cue Shares
are rarer and more effortful than likes, so posts
with more sharing than liking can indicate diffusion
without visible endorsement. Prior work shows
that false or misleading items can travel farther
and faster than true ones (Vosoughi et al., 2018),
supporting share-to-like imbalance as a scalable
screening rule before human review.

Risk triage and engagement anomalies Com-
bining negative reaction share with discussion in-
tensity isolates a tractable subset for review, while
a robust anomaly score highlights rare spikes in
short bursts. Temporal concentration and synchro-
nized behaviors are characteristic of coordinated
campaigns, making bursty anomalies reasonable
audit targets even without user-level data.

Discourse roles and corpus character The dis-
course role classification (Section 5.5) substantially
clarifies the corpus character. Rumor Denial and
Official Correction account for 30.6% of the anno-
tated subset, outnumbering Unverified Claim posts
(12.3%) by 2.5:1, revealing that the corpus cap-
tures the Arabic public sphere’s response to false
claims as much as the claims themselves. Training
a misinformation classifier on ArabMisinfo with-
out role-aware filtering risks learning correction
discourse rather than false claim production. The
19.3% Incidental / Off-topic rate provides a con-
crete noise estimate for keyword-based collection.

Implications and limits The corpus is best used
for descriptive and diagnostic studies, targeted
sampling for annotation, and comparative analy-
sis across page types and periods. The discourse

role annotation partially addresses the ground-truth
gap for the 10,000-post annotated subset; the re-
maining 264,837 posts retain only platform-signal
diagnostics. Reactions are coarse proxies, platform
affordances are Facebook-specific, and dialect vari-
ation complicates text processing.

Validation paths The Unverified Claim (1,235
posts) and Fact-Check (317 posts) subsets provide
a candidate pool for ClaimReview linkage and
FEVER-style evaluation. Linking these posts to
external Arabic fact-checking repositories would
enable supervised precision-recall evaluation of the
platform-signal diagnostics without re-annotating
the full corpus.

7 Social Impact and Applications

ArabMisinfo delivers a reusable Arabic Face-
book corpus with full engagement signals, a clear
schema, discourse role annotations, and code that
reproduces every figure and metric. The release
includes a dataset card, a field dictionary, and a
public license and data statement for research use.

Evaluation-ready diagnostics The corpus sup-
plies four simple diagnostics that work at scale
using platform fields only. Polarization Index and
Share-to-Like Anomaly capture endorsement bal-
ance and diffusion imbalance. The Risk Triage In-
dex ranks items for review using negative reaction
share and comments per 100 reactions. The En-
gagement Anomaly Rule flags heavy-tail outliers
with a robust score. These views create transparent
baselines for Arabic misinformation studies and
can be reproduced from the released files.

Discourse-annotated subset for supervised learn-
ing The 10,000-post annotated subset with six
discourse roles enables supervised classification
experiments without requiring full corpus re-
annotation. The Unverified Claim (1,235 posts)
and Fact-Check (317 posts) subsets provide a can-
didate pool for future claim verification and Claim-
Review linkage, while the Rumor Denial subset
(3,061 posts) supports counter-narrative and correc-
tion detection. Removing the Incidental / Off-topic
posts (19.3%) yields a clean 80.7% on-topic sample
for domain adaptation and weak supervision.

Resource for Arabic NLP and measurement
Posts include text, page fields, UTC time, link
context, and detailed reactions, enabling work on
stance detection, claim matching, retrieval, and
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domain adaptation. The seven reaction types al-
low analyses that move beyond like counts and
support evaluation of diagnostic models that rely
only on platform signals. Country-level discourse
role variation (Section 5.5) further supports soci-
olinguistic and comparative NLP studies across
Arabic-speaking regions.

Comparability and reuse Because the indices
are defined from platform fields, results are com-
parable across time and across future Arabic re-
sources. The corpus can anchor cross-platform and
cross-language comparisons that test whether dif-
fusion without endorsement is a general pattern or
a setting-specific one.

Accountability with safeguards The frozen
snapshot covers 2014 to 2024, a period with ma-
jor public events in Arabic-speaking regions, and
supports audits of spread and attention using trans-
parent rules. The release excludes media files and
individual users, and ships with a license and data
statement to guide responsible use.

8 Conclusion

ArabMisinfo offers a large, well-documented re-
source of Arabic Facebook posts for work on mis-
information in news and public affairs. The cor-
pus covers 274,837 public posts collected between
2014 and 2024, and preserves platform signals in-
cluding post text, page fields, links, UTC times-
tamps, and the full set of reactions.

Our four diagnostic views give clear, action-
able patterns. Posting is most frequent late in the
evening UTC, with the top three hours at 22:00,
23:00, and 21:00. The median post shows a Polar-
ization Index of 1.00, indicating near-unanimous
one-sided reactions, and a Share-to-Like Anomaly
of —1.00, meaning shares are about one-tenth of
likes. A compact high-risk slice is isolated at
RTI > 0.90, covering 3.445% of posts. Very rare
engagement spikes are also visible: 0.023% of
posts exceed a robust anomaly threshold and appear
in short bursts over time.

The discourse role annotation of 10,000 posts
reveals three findings that go beyond the diagnos-
tic indices. First, Arabic Facebook misinformation
discourse is dominated by counter-information: Ru-
mor Denial and Official Correction (30.6%) out-
paces Unverified Claim posts (12.3%) by 2.5:1,
establishing ArabMisinfo, to our knowledge, as
the first large-scale Arabic Facebook corpus to ex-

plicitly quantify counter-information dominance
through discourse-role annotation. Second, 19.3%
of posts are incidental keyword matches, provid-
ing the first direct empirical estimate of noise
from Arabic keyword-based misinformation collec-
tion. Third, Rumor Denial spiked to 38.9% during
2020 (vs. 11.7% Unverified Claim), consistent with
COVID-19 infodemic correction campaigns, with
meaningful variation across countries (Algeria 78%
denial rate; Egypt 62%).

Taken together, these results show how platform-
native signals and discourse role classification can
surface content that spreads widely without clear
endorsement and guide targeted review at scale. Fu-
ture work should extend the annotation to the full
corpus, link Unverified Claim and Fact-Check posts
to external ClaimReview records for FEVER-style
evaluation, and incorporate account-level covari-
ates and cross-platform data to test the generaliz-
ability of these patterns.

9 Limitations

This work acknowledges several important limi-
tations. First, the full 274,837-post corpus lacks
human-verified ground-truth labels for misinfor-
mation at the claim level. The discourse role an-
notation (Section 5.5) partially addresses this for
the 10,000-post annotated subset, revealing that
30.6% of posts are Rumor Denial / Official Correc-
tion, 12.3% are Unverified Claim / Misinformation
Framing, and 3.2% are Fact-Check posts. The re-
maining 264,837 posts still lack content-level la-
bels. For the annotated subset, the weakest label
boundary is between Rumor Denial and Unverified
Claim—posts that question whether a claim is true
(“Is this a rumor or fact?”’) can plausibly fall into
either category; a formal inter-annotator agreement
study is in progress.

Second, the keyword-based retrieval strategy
overrepresents posts that explicitly mention ver-
ification terminology (isha‘a, mughalata, tadlil)
while potentially missing implicit or coded misin-
formation content. The discourse role annotation
quantifies this directly: 19.3% of annotated posts
are Incidental / Off-topic—posts using these terms
in sports, entertainment, or commercial contexts un-
related to public-affairs misinformation. Removing
these posts leaves an 80.7% on-topic subset; future
collection should apply topic filters post-retrieval.

Third, the dataset is constrained to Facebook and
cannot support cross-platform comparisons beyond
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what researchers construct independently. The dis-
continuation of CrowdTangle in August 2024 limits
both temporal extensibility and methodological re-
producibility, as future researchers cannot replicate
our exact collection procedures or extend the tem-
poral coverage using the same infrastructure.

Fourth, while the dataset includes references to
multimodal content such as photos, videos and
links, we do not provide the actual media files, only
textual metadata and descriptions. This limits appli-
cability for multimodal misinformation detection
research, particularly for deepfake or manipulated
media analysis. Similarly, our reaction based sen-
timent proxy, while platform native and scalable,
has not been validated against human sentiment an-
notations and may not capture nuanced emotional
responses.

Fifth, the focus on public Pages excludes private
discourse, closed groups, and user to user interac-
tions, which may exhibit different misinformation
dynamics. The temporal coverage (2014-2024)
means the dataset does not capture before 2014
discourse or developments after June 2024. Finally,
in this release we do not apply text normalization.
If future users normalize the text, it may reduce
dialectal and stylistic variation that could be infor-
mative for certain research questions.

10 Ethics Statement

This research adheres to ethical principles for com-
putational social science and misinformation stud-
ies. All data were collected from public Facebook
Pages through the authorized CrowdTangle API
in compliance with Meta’s terms of service prior
to the platform’s discontinuation. No private user
accounts, personal messages, group content, or in-
dividual user profiles were accessed or collected.
The broader MARSAD data collection protocol
was reviewed and approved by the HBKU Institu-
tional Review Board (IRB # QBRI-IRB-2023-1).

While the dataset comprises publicly posted con-
tent, we recognize that large-scale aggregation and
systematic analysis may surface patterns or reveal
information not anticipated by original posters. To
mitigate potential harms, we have: (1) limited the
release to post level content and page metadata
without individual user identifiers, (2) provided
only aggregate engagement metrics rather than indi-
vidual user interactions, and (3) documented clear
intended use cases and restrictions in the accompa-
nying data statement.

We acknowledge significant dual-use risks inher-
ent in misinformation research. While this resource
aims to advance detection capabilities and support
fact-checking efforts, the dataset could potentially
be exploited to: study manipulation strategies for
adversarial purposes, target Arabic speaking com-
munities with tailored misinformation, or develop
evasion techniques against detection systems. We
strongly urge researchers to consider these risks
carefully and to conduct their work within appro-
priate ethical review frameworks.

We note that misinformation disproportionately
affects vulnerable populations, including linguis-
tic minorities, politically marginalized groups, and
communities with limited media literacy resources.
Research using this dataset should be mindful of
these power dynamics and should prioritize ap-
proaches that empower rather than surveil Arabic
speaking communities. We encourage researchers
to engage with regional stakeholders, fact check-
ing organizations, and civil society groups when
conducting studies with this resource.

Finally, we acknowledge that misinformation
judgments are culturally and politically contingent.
The discourse role annotation released with this cor-
pus uses an LL.M-based pipeline (Fanar-C-2-27B)
without full inter-annotator validation. We encour-
age downstream users to treat the annotations as
a starting point, conduct their own validation on
subsets relevant to their research questions, and
report annotation procedures and inter-annotator
agreement transparently.
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