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Abstract

Computational mental health research has pre-
dominantly centered on English-speaking pop-
ulations, leaving Arabic-language discourse
comparatively under-examined. We present
an exploratory computational study of 8,147
tweets from 607 users classified by a GPT-
4.1 personal-disclosure pipeline as likely lived-
experience authors in three condition-specific
Arabic-language X (formerly Twitter) Commu-
nities. We focus on discourse related to border-
line personality disorder (BPD), bipolar disor-
der, and ADHD, and characterize community-
associated linguistic patterns using a multi-
domain cultural keyword framework. The re-
sults suggest that in this corpus, Bipolar tweets
contain more religious and medical vocabulary,
BPD tweets contain more relational, identity,
and emotional-distress vocabulary, and ADHD
tweets more often focus on practical symptoms
and medication management. We treat these
patterns as hypothesis-generating rather than
confirmatory because the corpus is imbalanced
across conditions, some subcorpora are tem-
porally concentrated, and the keyword frame-
work is an initial operationalization rather than
a validated measurement instrument. The paper
contributes a reusable LLM-assisted personal-
disclosure pipeline and an exploratory cultural
keyword framework for Arabic mental health
discourse.

1 Introduction

In the Arab world, mental health discourse is
strongly shaped by sociocultural norms. In par-
ticular, stigma associated with family honor and
traditional religious interpretive frameworks con-
tinues to impede clinical help-seeking (Dardas and
Simmons, 2015; Zolezzi et al., 2018). Despite
these barriers, condition-specific Arabic-language
social media communities have emerged as impor-
tant spaces for peer support and the exchange of
lived experiences. Nevertheless, these communi-
ties remain largely underexplored in computational

mental health research. Existing computational
mental health work has focused overwhelmingly on
English, largely framing the problem as supervised
classification of at-risk individuals (Coppersmith
et al., 2014; De Choudhury et al., 2013). Arabic
NLP has been advanced by transformer-based mod-
els such as AraBERT (Antoun et al., 2020) and
MARBERT (Abdul-Mageed et al., 2021), which
establish strong baselines across Arabic NLP bench-
marks, yet Arabic mental health NLP has paid com-
paratively less attention to culturally situated dis-
course characterization.

We adopt a characterization-oriented approach
grounded in Computational Social Science (Lazer
et al., 2009). By moving beyond the diagnostic
paradigm, we prioritize a descriptive analysis of
community-associated discourse, investigating how
users articulate mental health experiences while
avoiding clinical inferences about diagnosis or pa-
tient status. We analyze 8,147 tweets from 607
users across three condition-specific X commu-
nities (BPD, Bipolar, ADHD) using a GPT-4.1
personal-disclosure pipeline validated against hu-
man annotators.

Our main contributions include:

1. Dataset: We introduce a multi-condition Ara-
bic mental health corpus comprising 9,582
preprocessed posts, reduced to 8,147 posts af-
ter personal-disclosure filtering.!

2. Annotation Pipeline: We develop a GPT-4.1-
based tweet-level classification pipeline aug-
mented with a reason-tag taxonomy and confi-
dence scoring, and validate its outputs against
a human-annotated gold standard.

3. Discourse Analysis: We conduct a compara-
tive discourse analysis using circadian activity
profiling, weighted log-odds, non-negative ma-
trix factorization (NMF) topic modeling, and

'Available at: https://github.com/amalqahtani/
arabic-x-mental-health-discourse.
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a six-domain cultural keyword framework.

4. Empirical Findings: We identify preliminary
community-associated discourse patterns, in-
cluding religious and medical vocabulary in
Bipolar communities, identity and distress ori-
ented language in BPD communities, and prac-
tical discussions of symptoms and medication
management in ADHD communities. Given
corpus imbalance and related methodologi-
cal limitations, all analyses are interpreted as
hypothesis-generating rather than confirma-
tory, and no between-community significance
testing is performed.

2 Related Work

Computational mental health on social media.
De Choudhury et al. (2013) showed that behavioral
and linguistic signals in Twitter data predict depres-
sion onset. Coppersmith et al. (2014) established a
scalable self-reported diagnosis methodology and
demonstrated condition-level linguistic differences
across post-traumatic stress disorder (PTSD), de-
pression, bipolar disorder, and social anxiety disor-
der (SAD). Coppersmith et al. (2015) extended this
to ten conditions. More recently, Yang et al. (2023)
explored LLM-generated explanations for mental
health severity assessment, highlighting persistent
challenges in grounding model outputs within clin-
ically interpretable frameworks. Our work adapts
the condition comparative paradigm to Arabic, us-
ing LLMs for personal disclosure annotation rather
than classification, and reserving analysis for inter-
pretable statistical methods.

Arabic mental health, stigma, and cultural con-
text. Mental health discourse in Arab societies
is deeply shaped by social, religious, and cultural
frameworks that influence how psychological dis-
tress is understood and discussed. Dardas and Sim-
mons (2015) discussed that mental illness stigma
in Arab societies is closely intertwined with family
honor norms and religious interpretive frameworks,
while Zolezzi et al. (2018) confirmed these patterns
in a systematic review spanning 33 studies. The
theory of explanatory models (Kleinman, 1980),
which encompasses biomedical, spiritual, and rela-
tional interpretations of illness, provides the concep-
tual foundation for our analysis. In Arab contexts,
psychological distress may be interpreted through
biomedical, religious, and supernatural frameworks,
including explanations such as the evil eye (hasad)
or jinn possession (mass), with religious or tradi-

tional healing sometimes considered alongside med-
ical treatment (Fid et al., 2025). Emerging NLP
evidence further reflects this explanatory plural-
ism. Zaghouani et al. (2026) found that religious
and therapeutic vocabulary appear with comparable
frequency in Arabic stress discourse, while Ayash
et al. (2025) proposed that patient questions are
frequently grounded in relational and faith-based
reasoning that extends beyond conventional clini-
cal taxonomies. Motivated by these findings, our
work explicitly annotates sociocultural framing in
Arabic mental health discourse, examining the co-
occurrence of Social, Cultural, Religious, Medical,
and Stigma dimensions across online mental health
communities.

LLM-Assisted Annotation for NLP. Although
traditional NLP classification pipelines rely on
human-annotated ground truth, recent studies sug-
gest that large language models (LLMs) can serve
as effective annotators for complex and subjective
tasks, with performance depending on the task do-
main, language, and prompting strategy (Gilardi
et al., 2023; Ding et al., 2023). In this work, we em-
ploy GPT-4.1 as the primary annotator for personal-
disclosure identification (Section 3.3) and assess
reliability through human validation rather than
assuming human-level equivalence. Collectively,
these three bodies of work motivate our approach.
We extend the condition-comparative framework
of Coppersmith et al. (2014) to Arabic, use LLMs
for personal-disclosure annotation rather than clini-
cal classification, operationalize Kleinman’s 1980
explanatory models computationally, and employ
weighted log-odds, NMF topic modeling, and a
cultural keyword framework to characterize socio-
cultural discourse.

3 Methodology
3.1 Corpus Collection

We collected Arabic-language posts from condition-
specific X Communities on X (formerly Twitter)
using publicly accessible platform data. These
X Communities are moderated spaces in which
users join around shared interests and agree to
community-specific participation rules prior to post-
ing 2. Moderation practices vary across communi-
ties, ranging from professionally supervised spaces
led by licensed psychologists to peer-supported
groups. In Arabic-speaking contexts, where men-
tal health conditions remain highly stigmatized

*https://help.x.com/en/using-x/communities
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(Dardas and Simmons, 2015; Zolezzi et al., 2018),
participation in condition-specific communities re-
flects meaningful engagement with mental health
discourse. We therefore do not treat community
membership as a diagnostic indicator; prior work
has demonstrated that affiliation-based proxy sig-
nals perform poorly against clinical ground truth
(Ernala et al., 2019). Instead, we use commu-
nity structure as a pragmatic sampling frame for
condition-relevant discourse (AbouWarda et al.,
2024). The resulting corpus consists of 10,091
tweets collected from three condition-specific X
Communities: BPD, Bipolar, and ADHD. Through-
out this paper, these labels are capitalized when
referring to the corresponding X Communities as
data sources, whereas the associated clinical con-
ditions (borderline personality disorder, bipolar
disorder, and attention-deficit/hyperactivity disor-
der) are written in lowercase. Data were collected
between March 31, 2022, and February 12, 2026.
Each condition was represented by one Arabic-
language X Community. Communities were se-
lected based on four criteria: (1) an explicit focus
on a specific mental health condition, (2) Arabic
as the primary language of discourse, (3) active
moderation, and (4) sustained member engagement.
Additional community details are provided in (Ap-
pendix I).

3.2 Pre-processing

From the initial set of 10,091 raw tweets, we
removed URL-only posts, non-Arabic and non-
English content, duplicate entries, and single-token
tweets, resulting in a preprocessed corpus of 9,582
tweets produced by 1,286 unique users. The corpus
is predominantly Arabic (98.4%, n=9,428), with a
small English component (1.2%, n=116) and code-
mixed undefined tweets (0.4%, n=38). Figure 1
presents an overview of the complete data collec-
tion, annotation, and filtering pipeline.

3.3 LLM-Assisted Annotation and Human
Validation Framework

To identify users whose posts contain evidence
of personal mental health disclosure, we ap-
plied a tweet-level personal-disclosure classifica-
tion pipeline to all 9,582 preprocessed tweets from
1,286 unique users. Classification was performed
using GPT-4.1° as the primary annotator, with
Qwen3-235B-A22B “ running the same prompt in
parallel as a conservative screening model, both

3Model:GPT-4 . 1-2025-04-14
“Model:Quen3-235B-A22B-Instruct-2507

at temperature=0.0, max_tokens=250. Each tweet
was classified as either PosiTive (containing evi-
dence of personal mental health disclosure) or NEG-
ATIVE (containing no such evidence) with the user
bio incorporated as supporting context. The prompt
encodes explicit classification rules, a bio override
rule, a conservative NEGATIVE default, and a 13
tag reason taxonomy (Appendix A). Disagreements
between the two models flag ambiguous cases; inter-
model agreement is reported in Appendix D. User-
level aggregation was derived from tweet-level clas-
sifications using a deterministic priority-ordered
aggregation procedure (Appendix A.7). The result-
ing operational grouping was used exclusively for
corpus filtering and downstream discourse analysis,
and does not constitute a clinical or diagnostic cat-
egorization.

Likely personal-disclosure authors are opera-
tionally defined as users for whom at least one tweet
contains a personal-disclosure signal or whose bio
includes self-identification language; this designa-
tion does not imply or establish a clinical diag-
nosis. Other users are those whose tweets con-
tain no detected personal-disclosure signals and
whose bios contain no self-identification indica-
tors, including professionals, caregivers, and gen-
eral community participants. Full aggregation rules
are provided in Appendix A.7. Pipeline reliabil-
ity is assessed through a human validation study
(Section 3.4 and Appendix D). Under the GPT-4.1
primary annotation framework, 607 of 1,286 users
(47.2%0) were labeled as likely personal-disclosure
authors, while 679 users (52.8%) showed no de-
tectable personal-disclosure signals. Among the
607 users identified by GPT-4.1, 528 were also
identified by Qwen3, whereas 79 represented GPT-
positive/Qwen-negative disagreement cases. Users
without detected personal-disclosure signals under
GPT-4.1 were excluded from downstream analysis,
resulting in a final dataset of 8,147 tweets from 607
users. In total, 1,435 tweets (15.0%) were excluded
together with their associated authors.

3.4 Human Validation

Two native Arabic-speaking annotators with prior
experience in Arabic NLP independently annotated
a stratified sample of 200 tweets using the anno-
tation guidelines described in Appendix D. At the
tweet-level, GPT-4.1 labeled 47.4% of tweets as
positive and Qwen3 labeled 42.9%, reaching con-
sensus on 90.8% (x = 0.84; Appendix D). As the
results below show, human validation aligns more
strongly with GPT-4.1, whose labels define the final
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Figure 1: Overview of the computational pipeline. Exact collection period: March 31, 2022-February 12, 2026.

corpus.

Inter human agreement. The two annotators
agreed on 192 of 200 tweets (raw agreement
96.00%), yielding x = 0.905 which corresponds to
almost perfect agreement (Landis and Koch, 1977).
All eight disagreements were directionally consis-
tent, reflecting differences in thresholding for am-
biguous positive cases rather than fundamentally
conflicting interpretations. This high agreement
ceiling suggests that the annotation task is well-
defined and that the labeling guidelines are inter-
nally consistent.

GPT-4.1 against human gold. Using the 192
mutually agreed tweets as the reference set, GPT-4.1
achieved x = 0.631 (substantial agreement), with
precision of 0.92, recall of 0.85, and F; = 0.88 on
the positive personal-disclosure class. This places
GPT-4.1 approximately 0.27 x points below the
inter-annotator agreement ceiling, supporting its
use as the primary annotation model in this study.

Qwen3-235B-A22B against human gold. Af-
ter excluding parse failures, Qwen3 achieved k =
0.329 (fair agreement) against the human reference
set, primarily due to lower recall (0.61) on the posi-
tive class. These results suggest that the high inter-
model agreement between GPT-4.1 and Qwen3
(k = 0.84) is largely driven by agreement on clear
and predominantly negative cases rather than by
near-human annotation reliability. Accordingly,
Qwen3 was used as a conservative screening model
whose disagreements with GPT-4.1 were treated as
indicators of potentially ambiguous tweets, rather
than as independent validation.

Stratum-level results. GPT-4.1 achieved its high-
est agreement with human annotations on clear-
label strata, with performance declining to 46%

agreement on low and medium confidence nega-
tive strata, where the conservative NEGATIVE de-
fault appears to suppress some genuine disclosures.
Qwen3 agreed with human annotations on only 18%
of tweets within the inter-model conflict stratum,
further indicating that such cases require human
adjudication. Agreement also varied across com-
munities, with the highest agreement observed for
ADHD (x = 0.73), followed by BPD (x = 0.66),
and the lowest for Bipolar (k = 0.49). The lower
agreement for Bipolar is consistent with the more in-
direct and metaphorical disclosure style observed in
that community. Full per-stratum results and com-
plete agreement tables are provided in Appendix D
(Tables 4 and 5).

4 Exploratory Analyses of the
Self-Disclosure-Filtered Corpus

This section presents exploratory analyses con-
ducted on the final corpus of 8,147 tweets produced
by 607 users classified as likely personal-disclosure
authors. The downstream analyses combine statisti-
cal and dictionary-based methods; however, topic
interpretations and keyword-domain assignments
involve researcher judgment and should therefore be
regarded as exploratory analytical constructs rather
than validated annotations. For clarity, we organize
the analyses into three thematic groups: (i) Cor-
pus Characterization, (ii) Temporal and Behavioral
Patterns, and (iii) Linguistic and Cultural Fram-
ing. These analyses include weighted log-odds dis-
tinctive vocabulary analysis, NMF topic modeling,
cultural keyword profiling, religious framing analy-
sis, and English code-switching analysis. Note on
ADHD subgroup size and statistical power. The
ADHD subcorpus (n=253, 3.1% of the total corpus)
is substantially smaller than the BPD (n=5,415)
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Figure 3: Normalized tweet length distributions. BPD
and ADHD peak at 31-50 tokens; Bipolar at 11-20
tokens.

and Bipolar (n=2,479) subcorpora. As a result,
ADHD-specific findings should be interpreted as
preliminary and subject to greater uncertainty due
to reduced statistical power. We retain ADHD in the
main analysis for descriptive completeness, while
treating ADHD-specific results as low-confidence.

4.1 Corpus Characterization

Community composition and language use.
Following the exclusion of users without detected
personal-disclosure signals under the GPT-4.1 an-
notation framework, the filtered corpus comprises
BPD (n = 5,415; 66.5%), Bipolar (n = 2,479;
30.4%), and ADHD (n = 253; 3.1%). Discourse
across all three communities is overwhelmingly
Arabic-language (98.1-99.2%; Figure 2), distin-
guishing the corpus from predominantly English-
centric social media mental health datasets and
highlighting its value for under-resourced Arabic
NLP research.

Tweet length distribution. All three communi-
ties exhibit right-skewed token-length distributions
(Figure 3). Median tweet lengths are 25 tokens
for BPD, 16 for Bipolar, and 21 for ADHD. BPD
and ADHD discourse peaks within the 31 to 50
token range, whereas Bipolar discourse peaks ear-
lier, within the 11 to 20 token range, consistent
with shorter and more conversational interaction
patterns. The pronounced long-tail distribution ob-
served in BPD further suggests a higher prevalence
of extended self-expression and help-seeking nar-
ratives.

4.2 Temporal and Behavioral Patterns
Circadian activity. Figure 4(a) displays hourly
tweet volume normalized within each community
to account for corpus size differences. Because
the corpus is not geolocated, we report hours in
UTC and provide Gulf Standard Time (GST) con-
versions only as contextual approximations. BPD
and Bipolar share a broadly similar circadian pro-
file: activity troughs in the early morning UTC
window (02:00 to 06:00 UTC; approximately 05:00
to 09:00 GST) and peaks in the afternoon/evening
UTC window (BPD: 18:00 UTC; Bipolar: 21:00
UTC). ADHD differs from this pattern, exhibiting
a midday UTC peak (11:00 UTC) with only 20.2%
of tweets falling in the 17:00 to 21:00 UTC window
compared to 27.8% for BPD and 33.1% for Bipo-
lar. All three communities share an early morning
UTC trough (02:00 to 06:00 UTC). BPD exhibits a
gradual rise toward evening with moderate daytime
activity; ADHD shows a midday-concentrated pro-
file with greater hour-to-hour variability. Because
no user-location validation is available, these results
should be interpreted as platform-time activity pat-
terns rather than direct evidence of Gulf-population
temporal norms. Day-of-week peaks differ by com-
munity (Figure 4(b)): BPD on Monday, Bipolar on
Sunday, ADHD on Friday.

Longitudinal collection profile. Appendix Fig-
ure 9 shows monthly tweet volume across the 2022
to 2026 collection window. The Bipolar commu-
nity data span the full period; however, meaningful
volume only emerges from 2024 onward (12 tweets
before 2024 vs. 2,467 from 2024 to 2026), reflecting
the expanding reach of the data collection pipeline
rather than a gradual organic growth process. The
BPD community is heavily concentrated in the 2025
collection window (February to October 2025), ac-
counting for 83.5% of its total volume in that period,
with an additional 7.5% from early 2026. ADHD
data cover a narrower window (April 2024 to De-
cember 2025), with the majority of tweets from
2025 (n=211, 83.4%), and are sparser overall, con-
sistent with the smaller community sizes. The BPD
temporal concentration introduces a confound: all
BPD discourse patterns reported in this paper, vo-
cabulary, cultural keyword rates, circadian patterns,
and code-switching rates, are derived almost en-
tirely from a single nine-month window and may
reflect period-specific discourse rather than stable
community characteristics. No date-stratified ro-
bustness check was performed; whether BPD find-
ings replicate across different collection windows
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is unknown.
4.3 Linguistic and Cultural Framing
Community distinctive vocabulary via weighted
log odds. To identify vocabulary statistically char-
acteristic of each community, we apply the weighted
log odds ratio with an informative Dirichlet prior
(Monroe et al., 2008), a variance-normalized for-
mulation that prevents rare words from dominat-
ing rankings through chance (full specification in
Appendix E.1). Text is preprocessed by remov-
ing [USER] and [URL] placeholders, stripping non-
Arabic characters, and filtering a standard Arabic
stopword list. Words appearing fewer than five
times in the target community are excluded.
Figure 7 shows the top-10 distinctive terms
per community ranked by standardized weighted
log-odds (z) score, where higher positive z val-
ues indicate words that are disproportionately
associated with a given community relative to
the remaining corpus. The BPD community
is most strongly characterized by diagnostic ter-
minology, including &35J1 (al-hadiyya, “border-
line”; 2=4.38) and (ga=d| (al-haddi, “borderline”;
2=3.76), alongside"identity vocabulary such as
duas>all (al-shakhsiyya, “personality”; z=4.10),
relational terms including <8Nl (al-alagat, “re-
lationships”; 2=3.70), and affective vocabulary
such as ycliwall (al-mashatir, “feelings”; z=3.68)
and Jl (al-hubb, “love”; z=3.44). This pat-
tern lexically overlaps with clinical constructs often
discussed in relation to BPD, including interper-
sonal relationships, identity, and emotional regula-
tion; however, lexical evidence alone cannot estab-
lish clinical features in users. As 83.5% of BPD
tweets originate from a single nine-month collec-
tion window (see Section 4.2), the temporal sta-
bility of this profile cannot be verified. The Bipo-
lar community yields the highest absolute z scores
across all communities, led by Jasll (al-quib,
“pole”; z=10.30) and _5U5 (thuna’i, “bi”; 2=9.94),
which together form the expression thuna’ al-qutb

(“bipolar”). Additional high-scoring terms include
dl (Allah, “God/Allah”; 2=9.79), oluS3 (al-
ikti’ab, “depression”; z=7.83), Lwggll (al-hawas,
“mania”; 2=7.72), ywgd (hawas, “mania”; 2=7.32),
dig3 (nawba, “episode”; 2=6.14), and dsgs (nawba,
“episode”’; z=6.00). Notably, dll (Allah, “God/Al-
lah”) ranks third among the distinctive terms, align-
ing with the elevated religious keyword frequen-
cies reported below. Collectively, the high z scores
suggest that discourse within the Bipolar commu-
nity is characterized by a combination of condition-
related, episodic, and religious vocabulary. The
ADHD community shows a tighter z score range
(1.88 to 3.10), consistent with its smaller corpus
reducing statistical power. The distinctive vocabu-
lary is nonetheless semantically coherent: UyowigS
(Kuansirta, “Concerta”; methylphenidate; 2=3.10),
<SAl (al-dhaka?®, “intelligence”; 2=2.92), dS)=Jl
(al-haraka, “movement/hyperactivity”; 2=2.90),
b9 (fart, “excess/hyper-"; 2=2.87), and ol 3| (al-
intibah, “attention”; z=2.73).

Latent topic structure via NMF. To characterize
corpus-level lexical themes, we fit a non-negative
matrix factorization (NMF; Lee and Seung, 1999)
topic model to TF-IDF representations of the self-
disclosure-filtered tweets. The NMF pipeline re-
moved very short reply fragments (<30 characters),
stripped placeholders, normalized Arabic orthog-
raphy, removed Arabic stopwords and community
label terms, and used unigram TF-IDF features
(min_df=8, max_df=0.70, max_features=5,000).
This left 7,192 tweets for the topic model, so the
NMF analysis complements the full-corpus lexical
and cultural-keyword analyses rather than replac-
ing them. We selected the number of topics by
searching k£ = 5—14 using C,, coherence; k = 12
yielded the highest score (C,, = 0.5013), although
the improvement over k£ = 5 (C), = 0.4987) was
small. The resulting topics and top terms are listed
in Appendix E (Table 6). The NMF results pro-
vide a view of community-level lexical structure.
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BPD shows the largest concentration in a feelings
and relational-pain topic (Topic 1; 36.58% of BPD
tweets, versus 16.14% of ADHD and 14.01% of
Bipolar), with additional BPD-weighted topics in-
volving social support/advice (Topic 7; 6.63%)
and person/condition attribution (Topic 8; 7.77%).
Bipolar is comparatively elevated on an episode-
vocabulary topic centered on mania and depression
episodes (Topic 4; 14.48%, versus 3.49% for BPD
and 3.59% for ADHD), a treatment and medication
topic (Topic 10; 22.33%), and a gratitude/suppli-
cation topic (Topic 6; 7.80%). ADHD, while still
low-powered, is concentrated in first-person auto-
biographical framing (Topic 0; 19.73%) and treat-
ment/medication management (Topic 10; 20.18%).

Cultural keyword framework. We apply a
dictionary-based approach using six Arabic key-
word lists spanning religious, medical, family/so-
cial, emotional distress, identity, and stigma do-
mains (Table 8, Appendix H), derived through iter-
ative corpus review anchored to Kleinman’s 1980
explanatory models framework. The lists are an ini-
tial operationalization, not a validated instrument;
rates reflect keyword prevalence, not direct mea-
surements of latent constructs. All rates below are
raw occurrence counts per 100 tweets; the Reli-
gious Framing paragraph uses a more restricted list
with binary tweet-level hit rates, and the two met-

rics are not directly comparable. Figure 8 shows
keyword rates across all six domains; three find-

ings are noteworthy. First, the Bipolar community
displays the highest religious keyword rate (41.3
raw occurrences per 100 tweets), nearly 2.5 times
that of BPD (16.7) and 2.1 times that of ADHD
(19.8). This pattern is compatible with prior ac-
counts of faith-based coping and meaning-making
in Arabic mental health contexts (Eid et al., 2025;
Zaghouani et al., 2026), though keyword counts
alone cannot establish whether religiosity functions
as coping, causation, routine pragmatic expression,
or broader cultural discourse. Importantly, this find-
ing should be read alongside the pipeline’s docu-
mented under-sensitivity to indirect and metaphori-
cal disclosure in the Bipolar community (the com-
munity with the lowest GPT-4.1 agreement against
human gold, x ~ 0.49; Section 3.4). The reported
rate of 41.3 may therefore underestimate religiously
inflected disclosure, but the exact magnitude of
any bias is unknown. Second, the Bipolar com-
munity also leads in medical keyword use (28.6
per 100 tweets), exceeding ADHD (24.1) and sub-
stantially exceeding BPD (11.7). To assess whether

co-occurrence of religious and medical vocabulary
reflects individual-level pluralism rather than two
separate user populations, we computed the tweet-
level intersection: 10.3% of Bipolar tweets (256
of 2,479) contain at least one keyword from both
the religious and medical domains simultaneously,
compared to 3.0% for BPD (164 of 5,415) and 6.7%
for ADHD (17 of 253; this cell is too sparse for
meaningful interpretation and is reported for com-
pleteness only). The Bipolar—BPD difference is
statistically reliable (x?(1) = 178.4, p < 10740),
though we note this test addresses only the reli-
ability of the contrast, not whether the keywords
capture the constructs they are intended to measure.
This tweet-level co-occurrence provides stronger,
though still exploratory, evidence compatible with
explanatory model pluralism (Kleinman, 1980) at
the level of individual posts. Third, BPD exhibits
the highest identity keyword rate (35.6 per 100
tweets) and emotional distress keyword rate (29.6),
suggesting stronger lexical emphasis on selfhood
and distress in this corpus. The ADHD community
shows the lowest emotional distress keyword rate
(12.3), suggesting a comparatively more practical
or symptom-management-oriented discourse. All
ADHD rates should be interpreted with lower con-
fidence given the small subcorpus (see the ADHD
statistical power note, Section 4). Family/Social
and Stigma keyword rates are shown in Figure 8
for completeness; cross-community differences on
these domains are smaller and are not among the
three strongest signals in this corpus.

Religious Framing. To examine religious lan-
guage in greater depth, we applied a restricted re-
ligious keyword dictionary and organized matches
into a four-tier exploratory taxonomy grounded in
framing theory (Goffman, 1974) and interpreted
through Kleinman’s explanatory-model framework
(Kleinman, 1980). Unlike the broader religious in-
ventory reported in Appendix H, which includes
all religiously associated terms (including highly
polysemous or pragmatically ambient expressions),
the restricted analysis retains only terms that func-
tion as relatively unambiguous religious markers in
mental health contexts, such as explicit supplication,
Quranic references, and supernatural-causation vo-
cabulary. This analysis uses a binary tweet-level
metric in which each tweet contributes at most one
match per tier. The taxonomy itself is researcher-
defined and should therefore be interpreted as an
exploratory analytical framework rather than a vali-
dated annotation scheme. Across the corpus, 15.3%
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of tweets contain at least one keyword from the re-
stricted analysis, with the highest binary hit rate
observed in the Bipolar community (24.9 tweets per
100), followed by ADHD (13.8) and BPD (11.0).
The majority of religious tweets fall within (/) Am-
bient Expression (n = 1,052; 84.2% of religious
tweets), comprising culturally conventional expres-
sions such as dll soxdl (al-hamdu lillah, “praise
be to God”) and dlll <L | (in sha? Allah, “God
willing”), which frequently function as pragmatic
discourse markers rather than illness-specific the-
ological claims. A smaller category, (2) Coping
& Practice (n = 104; 9.1%), includes references
to prayer and Quranic recitation, such as éMuall
(al-salah, “prayer”) and ;xal (al-Qur’an, “the
Quran”), which may reflect faith-based coping prac-
tices or routine religious observance. More explicit
moral and supernatural framing appears in (3) Guilt
and Supernatural (n = 61; 4.9%), which includes
terms such as «J3 (dhanb, “sin”), wlac (%igab,
“punishment”), and yUaridl (al-shaytan, “Satan™).
At the same time, 29 tweets (0.4%) contain apparent
counter-narratives, including expressions such as
el go (mit dhanbak, “it is not your fault”), which
explicitly reject blame-based attributions. The least
frequent category, (4) lllness Causation Attribution
(n = 32; 2.6%), includes tweets that appear to
frame mental health conditions in terms of divine
trial, fate, or spiritual causation, including refer-
ences such as ¢l (ibtila?, “divine trial”), ya8ll (al-
gadar, “fate/destiny”), and _>g) duw (sababuhu
rithi, “its cause is spiritual”')'. Taken together, the
co-occurrence of medical and religious vocabu-
lary within Bipolar discourse is compatible with
explanatory-model pluralism; however, the present
evidence remains dictionary-level and cannot estab-
lish users’ underlying causal beliefs or treatment
preferences. Overall, religious language in the cor-
pus appears functionally heterogeneous: most in-
stances consist of culturally ambient expressions,
a smaller subset may reflect coping practices, and
only a limited proportion encode explicit causal
interpretations of mental health conditions (see Ap-
pendix G).

Code-switching. To measure English code-
switching, we removed [USER] and [URL] place-
holder tokens from each tweet, then identified
tweets containing at least one content-bearing En-
glish word, defined as a Latin-script token of two or
more characters after excluding a standard English
stopword list. Under this operationalization, 343
of 5,415 BPD tweets (6.3%), 80 of 2,479 Bipolar

tweets (3.2%), and 72 of 253 ADHD tweets (28.5%,
95% CI: 22.9 to 34.1%, binomial) contain content-
bearing English. The ADHD rate (28.5%) is strik-
ingly higher than BPD (6.3%) and Bipolar (3.2%).
BPD English is dominated by diagnostic and thera-
peutic terminology: BPD (n=79), DBT (32), split-
ting (20). Bipolar English is sparse, centering on
condition labels (depression, BD). ADHD English
is strongly anchored to the condition label itself
(ADHD, n=54) alongside neurodiversity-specific
vocabulary (mindfulness, Russell Barkley). One
plausible explanation is that the English acronym
ADHD functions as a compact, globally recogniz-
able shorthand in online discourse, despite the avail-
ability of Arabic terminology for the condition
(Alkhateeb and Alhadidi, 2019; Alqahtani et al.,
2025); this interpretation aligns with prior work on
Arabic—English code-switching and bilingual lex-
ical choice (Alamri, 2022; Myers-Scotton, 1997),
though user-level sociolinguistic factors cannot be
ruled out.

5 Conclusion

We presented an exploratory computational charac-
terization of Arabic mental health discourse across
multiple condition-specific X Communities. Us-
ing a GPT-4.1-assisted personal-disclosure pipeline,
we constructed a self-disclosure-filtered corpus of
8,147 tweets from 607 users and analyzed cor-
pus composition, temporal activity, lexical dis-
tinctiveness, topic structure, code-switching, and
cultural keyword prevalence. The results suggest
community-associated patterns that extend beyond
diagnostic vocabulary. In this corpus, Bipolar
tweets show co-occurring religious and medical
vocabulary, a pattern compatible with explanatory-
model pluralism but insufficient to establish users’
causal beliefs. Notably, 10.3% of Bipolar tweets
contain keywords from both domains, providing a
tweet-level signal more consistent with individual
explanatory pluralism than aggregate community-
level rates alone. BPD tweets foreground rela-
tional, identity, and emotional-distress vocabulary,
whereas ADHD tweets more often center on practi-
cal symptom and medication management. These
findings should therefore be interpreted as hypothe-
ses for future work rather than confirmed condition-
level properties. Future work should expand the
ADHD corpus, validate the keyword and religious-
framing schemes through inter-rater annotation, and
extend this interpretable approach to additional con-
ditions and Arabic dialect regions.
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Limitations

Pipeline. The prompt was developed on a Saudi-
centric dataset, so adaptation may be needed for
other Arabic dialects and regions. Inter-model
agreement (x = 0.84) overstates reliability relative
to human-grounded estimates (KGpT-human = 0.631;
KQwen-human = 0.329). The conservative NEGATIVE
default, bio override rule, and any-positive user ag-
gregation may affect recall and precision, especially
for indirect disclosures and highly active users.

Corpus. BPD data are temporally concentrated,
with 83.5% of tweets from a single nine-month win-
dow, and the ADHD subcorpus is small (n=253).
The corpus is also not geolocated, and no dedicated
bot-detection procedure was applied; temporal and
community-level findings should therefore be inter-
preted cautiously.

Analyses. The cultural keyword framework and
religious-framing taxonomy are exploratory rather
than validated instruments. Keyword rates and the
X2 co-occurrence test support descriptive contrasts,
but not construct validity. Future work should add
user-level validation, dialect-sensitive keyword val-
idation, robustness checks, and sensitivity analyses
excluding GPT-positive/Qwen-negative users.

Ethical Considerations

This study analyzes publicly visible posts from X
Communities and does not involve direct contact
with users, recruitment, or intervention. Because
the data concern sensitive mental-health discourse,
we treat the study as discourse-level analysis rather
than individual-level assessment. User identifiers
were removed from the analytic dataset prior to anal-
ysis, raw post text is not redistributed, and results
are reported only in aggregate.

Consistent with X content-redistribution restric-
tions, raw post text, usernames, bios, profile meta-
data, user IDs, and community labels are not redis-
tributed. The public release provides only X Post
IDs, which may be rehydrated by authorized users
through the X API subject to X’s applicable Devel-
oper Agreement, Developer Policy, access limits,
and any required approvals. Because Post IDs can
be used to retrieve original posts when they remain
available, the released data should not be consid-
ered fully anonymized.

The 1likely_disclosure label is an opera-
tional descriptor based on self-reported experiential
language and does not constitute a clinical diagno-
sis; no clinical inferences should be drawn from

pipeline outputs. The LLM-assisted annotation
pipeline may under-detect indirect, figurative, or
culturally specific forms of disclosure, particularly
where religious or metaphorical language is preva-
lent. The cultural keyword framework and religious-
framing taxonomy are exploratory instruments that
have not been validated across Arabic dialect re-
gions. Findings should not be used to characterize,
profile, screen, or intervene on individual users,
nor should aggregated discourse patterns be gener-
alized to Arabic-speaking populations or used to
estimate the prevalence or nature of mental-health
conditions in Arab societies.
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A Personal Disclosure Classification
Prompt

This appendix presents the complete prompt used
for LLM assisted personal disclosure classification
of tweets from Arabic mental health communi-
ties. The prompt was run with GPT-4.1 as the
primary annotator and Qwen3-235B-A22B as a
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Component Function

System Role Establishes domain expertise
and task framing

JSON object with community,
bio, and tweet
Positive/Negative criteria

Bio driven Positive override and
professional bio handling

13 tags covering disclosure sig-
nals, non-disclosure signals, bio
signals, and edge cases

Three level confidence scale
Conservative Negative default
6 calibration exemplars (fully
synthetic)

Input Format

Label Definitions
Bio Override Rule

Reason Tag Taxonomy

Confidence Levels
Default Rule
Few Shot Examples

Table 1: Components of the personal disclosure classifi-
cation prompt.

screening model in parallel: GPT-4.1 (GPT-4.1,
temperature=0.0, max_tokens=250) and Qwen3-
235B-A22B (Qwen3-235B-A22B instruct
2507, temperature=0.0, max_tokens=250). Each
model independently classifies each tweet as
PosiTive (the tweet contains personal-disclosure
signals: the author appears to be personally living
with or experiencing a mental health condition)
or NEGATIVE (no personal-disclosure signals),
together with a confidence level and a set of reason
tags. Classification operates at the tweet-level; the
user bio is provided as supporting context. Table 1
summarizes the components.

A.1 System Role and Task Definition

SYSTEM ROLE

You are an expert classifier working with Arabic-language
social media data collected from focused mental health
communities on X (Twitter). These communities focus
on ADHD, Bipolar Disorder, and BPD (Borderline Per-
sonality Disorder).

TASK

Your task is to classify a single tweet as either:

e positive: the tweet contains personal-disclosure sig-
nals: the author appears to be personally living with or
experiencing a mental health condition

* negative: the tweet contains no personal-disclosure
signals: the content is educational, professional, neu-
tral, or irrelevant

You are classifying the tweet only. User level decisions

are handled separately.

A.2 Input Format and Bio Override Rule

INPUT FORMAT

{
"community": "ADHD | BPD | bipolar",
"user_bio": "...",

"tweet_text": "..."

}

Use BOTH the bio and the tweet together to make your
decision.

BIO OVERRIDE RULE
If the bio clearly identifies the user as living with a condi-
tion, explicit diagnosis, living with language, or condition

as personal identity (e.g., ADHD 4 Guopbuind @3 Giuel

dasll L,?l.‘.) &o #BPD, “bipolar girl”), then:

¢ Set tweet_label to positive

* Add BIO_SELF_IDENTIFICATION to reason_tags

* This applies even if the tweet itself contains no disclo-
sure signal

If the bio indicates a professional or institutional account,

this supports negative, but does NOT override a clearly

personal tweet.

If the bio is empty, rely on the tweet alone and add

EDGE_EMPTY_BIO to reason_tags.

A.3 Classification Rules

A.3.1 Classify as Positive

Classify as positive if ANY of the following are true:

* First person account of experlencmg symptoms (e.g.,

. Dlsclosmg a personal d1agn051s (.8, 3 rausuilid @5
ADHD dasll (SU5 (gaic)

* Sharing personal emotional distress or struggles related
to a mental health condition

» Seeking peer support or venting about daily life with a
condition

» Asking whether a personally experienced symptom
belongs to a condition (first person question)

» Expressing experience from the inside, not explaining
or educating others about a condition

A.3.2 Classify as Negative

Classify as negative if ANY of the following are true:

* Educational or psychoeducational content explaining
symptoms or treatments in third person

Written as a professional advising or answering some-
one else’s question

Promoting a therapy session, app, webinar, course,
book, or product

Discussing research findings, clinical definitions, or
diagnostic criteria

Addressing community members as a separate audi-
ence (e.g., ...0)9>lizg Lol c350)

* Spam, off topic, or completely irrelevant content

Default Rule: When in doubt, label negative.
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A.4 Output Format, Reason Tag Taxonomy,
and Confidence Levels

OUTPUT FORMAT
Return ONLY a valid JSON object with no extra text, no
markdown fences:

{
"tweet_label": "positive | negative",
"confidence": "high | medium | low",
"reason_tags": ["TAG_1", "TAG_2"]

}

REASON TAG TAXONOMY

Disclosure signal tags (support positive):

» TWEET_SYMPTOM_DISCLOSURE: Tweet describes expe-
riencing symptoms in first person

e TWEET_PERSONAL_DIAGNOSIS_DISCLOSURE: Tweet
explicitly states the user was diagnosed

» TWEET_PEER_SUPPORT_SEEKING: Tweet seeks sup-
port or validation from others with the condition

e TWEET_EMOTIONAL_VENTING: Tweet expresses raw
personal emotion or distress without educational in-
tent

e TWEET_FIRST_PERSON_SYMPTOM_QUESTION: Tweet
asks whether a personally experienced symptom be-
longs to a condition

Non-disclosure signal tags (support negative):

e TWEET_EDUCATIONAL_CONTENT: Tweet explains
symptoms, conditions, or treatment in informational
third person style

e TWEET_PROFESSIONAL_ADVICE: Tweet offers clinical
guidance or answers someone else’s question profes-
sionally

e TWEET_SERVICE_PROMOTION: Tweet promotes a ther-
apy session, app, webinar, course, or mental health
product

e TWEET_RESEARCH_OR_CLINICAL: Tweet discusses di-
agnostic criteria, research findings, or clinical defini-
tions

e TWEET_THIRD_PERSON_FRAMING: Tweet addresses
community members as a separate audience

e TWEET_SPAM_OR_IRRELEVANT: Tweet is off topic,
spam, or unrelated to mental health

Bio signal tags (always added when detected, regardless

of tweet label):

e BIO_SELF_IDENTIFICATION: Bio clearly identifies
the user as personally living with or diagnosed with a
condition

Edge case tags:

* EDGE_EMPTY_BIO: Bio is absent; classification relies
entirely on tweet content

e EDGE_AMBIGUQOUS_FIRST_PERSON: Tweet could be
personal or professional; classified based on best avail-
able signal

e EDGE_PROFESSIONAL_BIO_PERSONAL_TWEET: Bio
suggests a professional but tweet content is clearly per-
sonal/experiential

Dimension Coverage (6 examples)

Label Positive (3), Negative (3)
Confidence High (4), Medium (2)
Bio signal tags BIO_SELF_IDENTIFICATION (3)

Edge case tags EDGE_EMPTY_BIO (1),
EDGE_AMBIGUOUS_FIRST_PERSON
(D), EDGE_PROFESSIONAL_BIO_

PERSONAL_TWEET (1)

Table 2: Coverage of the six synthetic few-shot examples
used in the prompt.

CONFIDENCE LEVELS

* high: Strong unambiguous signal (e.g., explicit diag-
nosis disclosure, clear third person educational content)

* medium: Signal present but indirect or requires infer-
ence

* low: Very weak or contradictory signals; classification
is a best guess

A.5 Important Notes

* This dataset is primarily in Arabic (Modern Standard
and Gulf/Saudi dialect). Be sensitive to dialectal ex-
pressions of distress (e.g., () 9o S od0 Liund)
S JS (o dil9)9).

* Do NOT base the classification solely on the commu-
nity tag: professionals, researchers, and caregivers are
present in all three communities.

« If the bio clearly identifies the user as living with a
condition, always return tweet_label positive and
add BIO_SELF_IDENTIFICATION: even if the tweet
itself is educational or neutral.

* A professional bio does NOT override a clearly per-
sonal tweet: classify such cases as positive and add
EDGE_PROFESSIONAL_BIO_PERSONAL_TWEET.

* This classification is for research purposes. Handle
all data with care and do not make clinical inferences
beyond the binary label requested.

A.6 Few Shot Examples

All examples are fully synthetic; no real user data is
reproduced. We present six exemplars covering rep-
resentative label, confidence, and tag combinations.
Table 2 summarizes coverage.

Example 1: Positive, high confidence
(emotional venting + self-identifying bio).
Input:

community: "BPD"

user_bio: whhbl go il CaS eles Sl
pow gy sl duasaill | #BPD

tweet_text: JSuu wasd eli] dasdl L8 b ol
gl o (93l b JS Ol G Blxdg JolS
Output: {"tweet_label": "positive",
"confidence": "high", "reason_tags":

["TWEET _EMOTIONAL_VENTING",
"BIO_SELF_IDENTIFICATION"]}
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Example 2: Negative, high confidence (ed- disclosure, professional bio override).
ucational content + third person framing). Input:

Input:

community: "ADHD"

user_bio: sliyl yiwsbe , LSSl s Slas
duall Olawondl &b o padye , puwds
tweet_text: JlbIl sic dSil bys o @pall
loin sy &5)> Label ggrelsd Jlabdl 1oualllly
Q9209 il BIAIIS &lols pobel po Heallll Gilay

Output: {"tweet_label": "negative",
"confidence": "high", "reason_tags":
["TWEET_EDUCATIONAL_CONTENT",
"TWEET_THIRD_PERSON_FRAMING"]}

Example 3: Positive, high confidence (symptom
disclosure + first person question, empty bio).

Input:
community: "bipolar"
user_bio: ""

tweet_text: Lo .agilll (e dnly d8lay abdle Luo
oub 130 Jo ! lgzlind Lo clubl ()bl &gy (saicg ol
Suwgd )9Sy (Swe g

Output: {"tweet_label": "positive",
"confidence": "high", "reason_tags":
["TWEET_SYMPTOM_DISCLOSURE",

"TWEET _FIRST_PERSON_SYMPTOM_QUESTION",
"EDGE_EMPTY_BIO"]}

Example 4: Negative, medium confi-
dence (professional bio, ambiguous tweet).

Input:

community: "BPD"

user_bio: ,_,9 oouaxin , deixo Uu.».o.) aJLo.o
Esﬁl;“ Sl giall L8 ol duasill obhhusl
tweet_text: gan b ! claddlS gom 3 cladll Gl
sl W5 @) Lol dduolall Jawwg 8ysuo 930 danlS

Output: {"tweet_label": "negative",
"confidence": "medium", "reason_tags":
["TWEET_THIRD_PERSON_FRAMING",
"EDGE_AMBIGUOUS_FIRST_PERSON"]}

Example 5: Positive, high confidence (educa-
tional tweet, bio self-identification override).

Input:

community: "ADHD"

user_bio: J aousid (m , dusdl BP9 o)
O S0 ADHD

tweet_text: JbIl s dSall bys o @pall

dpale )i dgzg (o Gallly
Output: {"tweet_label": "positive",
"confidence": "high", "reason_tags":

["TWEET_EDUCATIONAL_CONTENT",
"BIO_SELF_IDENTIFICATION"]}

community: "bipolar"

user_bio: LI 2o Uiuel | Ludi ele ol)giSs dllb
Zoelg U513l (yo degdl Jglolg Cadll

tweet_text: JS Gyl Loaig LS| digh 9 (5955 Lo
0285 130 183519 glg (gubad )385 Lo Gy x> Nall lga3dl
wile I jut dogay Lo

Output: {"tweet_label": "positive",
"confidence": "medium", "reason_tags":
["TWEET_EMOTIONAL_VENTING",
"TWEET_SYMPTOM_DISCLOSURE",
"BIO_SELF_IDENTIFICATION",
"EDGE_PROFESSIONAL_BIO_PERSONAL_TWEET"]1}

A.7 User Level Aggregation

Tweet level classifications are aggregated into a
single user-level label using a deterministic priority
ordered procedure. Each user is assigned one of two
labels: LIKELY_DISCLOSURE or OTHER. The rules are
applied in order; the first matching rule determines
the outcome.

1. Bio override (AGG_BIO_DISCLO-
SURE_OVERRIDE). If any tweet for the
user carries BIO_SELF_IDENTIFICATION in
its reason_tags, the user is immediately
labeled LIKELY_DISCLOSURE, regardless of
tweet-level labels. This rule fires because
the bio override in the tweet-level prompt
propagates the same tag to every tweet for
that user; detecting it once is sufficient.

2. Any positive tweet wins (AGG_ANY_POSI-
TIVE_TWEET / AGG_CONFLICT_POS-
ITIVE_WINS). If any tweet-level label is
positive, the user is labeled LIKELY_DIscLO-
sURE. The aggregation reason distinguishes
two sub cases:

e AGG_ANY_POSITIVE_TWEET: all tweets are
positive (unanimous)

e AGG_CONFLICT_POSITIVE_WINS: at least
one tweet is positive but at least one is nega-
tive (conflict resolved in favor of positive)

The triggering tweet IDs are recorded for trace-

ability.

3. All negative, no bio signal
(AGG_ALL_NEGATIVE_NO_BIO_SIG-
NAL). If no tweet is positive and no bio signal
was detected, the user is labeled oTHER.

The design of Rules 1 and 2 prioritizes recall

for personal-disclosure evidence; this choice may
increase false positives and should be considered

Example 6: Positive, medium confi- when interpreting the corpus. Rule 3 provides the
dence (emotional venting + symptom  default for users whose discourse is entirely non-
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personal-disclosure.

B Prompt Design Rationale

B.1 Theoretical Framework

The prompt’s core design decisions are grounded in
three complementary frameworks. Goffman (1959)
presentation of self. The bio is the user’s “front
stage” presentation; tweets represent “‘back stage”
behavior. This justifies reading both together and
allowing a self-identifying bio to override a neutral
tweet, while a clearly personal tweet overrides a
professional bio signal.

The explanatory models in Kleinman (1980).
The distinction between personal experience of ill-
ness and third party or professional discourse about
illness aligns with Kleinman’s separation of illness
experience from disease frameworks, motivating
the Positive/Negative boundary and the tweet-level
classification rules.

Code-switching theory (Myers-Scotton, 1997).
The important notes section’s explicit sensitivity to
Gulf Arabic and Saudi dialect expressions of dis-
tress ensures that dialectally expressed disclosures
are recognized regardless of linguistic form.

The two label scheme reflects a single analyti-
cally motivated boundary: whether the tweet con-
tains personal-disclosure signals suggesting the au-
thor is personally living with or experiencing a men-
tal health condition, versus any other stance (profes-
sional, educational, or irrelevant). The structured
reason tag taxonomy, covering disclosure signal
tags, non-disclosure signal tags, bio signal tags,
and edge case tags, provides a multi dimensional
audit trail that makes the basis of each classification
transparent and supports systematic error analysis.

B.2 Conservative Default and Bio Override
Rules

Two design choices are especially consequential.
First, the Negative default ensures that ambigu-
ous tweets, content that discusses mental health
generally, provides educational information, or ad-
dresses community members in the third person,
are not mistakenly counted as personal-disclosure
discourse. This is analytically conservative: some
genuine disclosure tweets may be lost, but the result-
ing corpus is less contaminated by non-disclosure
content. Second, the bio override rule, a self-
identifying bio triggers a Positive label regardless
of tweet content, captures users who may post ed-
ucational or neutral content on a given day while
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Statistic Value
Total tweets (post preprocessing) 9,582
Total tweets (post removal) 8,147
Unique users (post preprocessing) 1,286

Unique users (post removal) 607
Communities 3 communities
across 3 conditions

(see Table 9)

Bio status (< 2 words = MINIMAL)

FULL (> 3 words) 790 (61.4%)
MINIMAL (< 2 words) 152 (11.8%)
EMPTY (null/blank) 344 (26.7%)

User label distribution (pipeline output)
LIKELY_DISCLOSURE
OTHER

607 (47.2%)
679 (52.8%)

Table 3: Dataset statistics. EMPTY = null/blank bio;
MINIMAL = <2 words; FULL = > 3 words.

living with a condition. Conversely, a professional
bio does not override a clearly personal tweet, pre-
venting the systematic exclusion of clinicians or
researchers who also share their own lived experi-
ence.

C Dataset Statistics



D Annotation Quality and Validation

D.1 Inter Model Agreement Protocol

GPT-4.1 and Qwen3-235B-A22B were run on the
same prompt across all 9,582 preprocessed tweets.
Both models received identical inputs (community,
user_bio, tweet_text) and produced independent
PosiTive/NEGATIVE labels. Cohen’s k was com-
puted across all tweet pairs where neither model
returned a parse failure. GPT-4.1 returned 20 par-
tial parses (0.2%) and zero full failures; Qwen3
returned 111 parse failures (1.2%). Raw agree-
ment on valid pairs (n = 9,471): 90.8%; Cohen’s
k= 0.84.

Interpretation. This inter-model x should not be
read as a standalone validity claim. As shown in the
human validation study below, it overstates pipeline
reliability because GPT-4.1 and Qwen3 share a con-
servative bias on easy cases while diverging sharply
on ambiguous ones. Qwen3’s primary function is
to flag disagreements for review, not to serve as an
independent validator.

D.2 Human Validation Study

D.2.1 Sample and annotators

Two native Arabic-speaking annotators indepen-
dently labeled a stratified sample of 200 tweets, all
of which had valid paired labels. The sample was
stratified across five difficulty tiers: high confidence
positive (C_pos_high, n=50), low/medium confi-
dence positive (B_pos_low_med, n=30), high con-
fidence negative (E_neg_high, n=30), low/medium
confidence negative (D_neg_low_med, n=30), and
inter-model conflict (A_conflict, n=60). Each tweet
was labeled PosITivE or NEGATIVE using the same
guidelines as the LLM prompt.

D.2.2 Inter human agreement

The annotators agreed on 192 of 200 tweets
(96.00%), with k = 0.905 (almost perfect). All
8 disagreements were directionally consistent: one
annotator applied a more liberal threshold on am-
biguous positive cases. The 192 agreed tweets con-
stitute the human gold standard used to evaluate the
LLM:s.

D.2.3 LLM performance against human gold

Table 4 summarizes GPT-4.1 and Qwen3 perfor-
mance against the 192 agreed human gold labels.
GPT-4.1 reaches substantial agreement (x = 0.631;
F{L = 0.88); Qwen3 reaches only fair agreement

Comparison K Agree. Ff Band
Inter human (ceiling) 0.905 96.00% NA  Almost perfect
GPT-4.1 vs. human gold  0.631 83.85% 0.88 Substantial
Qwen3 vs. human gold 0.329  66.30% 0.72 Fair
GPT-4.1 vs. Qwen3 0.84 90.80% NA  Almost perfect

Table 4: Human validation results (n=200). Ff:
positive-class F;. GPT-4.1 evaluated on 192 gold la-
bels; Qwen3 on 184 (after parse failures). Inter-model
row shown for reference only.

Stratum GPT agree. Qwen3 agree.
C_pos_high (n=50) 96% 96%
B_pos_low_med (n=30) 90% 90%
E_neg_high (n=28) 93% 93%
D_neg_low_med (n=26) 46% 46%
A_conflict 83% (n=58) 18% (n=50)

Table 5: Per-stratum agreement with human gold. n
values reflect the subset of each stratum with mutual hu-
man agreement (192 total), after excluding the 8 human-
disagreement tweets from the full 200-tweet sample.
D_neg_low_med is the critical failure stratum; Qwen3
collapses on conflict cases (18%).

(k = 0.329; Ff = 0.72), confirming the inter-
model k£ = 0.84 overstates pipeline reliability.

D.2.4 Stratum level breakdown

Table 5 shows per-stratum agreement. GPT-4.1
performs well on clear-label strata (C_pos_high:
96Y%; E_neg_high: 93%; B_pos_low_med: 90%)
but drops to 46% on low/medium confidence neg-
atives (D_neg_low_med), where the conservative
NEGaTIVE default suppresses genuine disclosures.
Qwen3 collapses on inter-model conflict cases
(18%), confirming it cannot serve as an independent
annotator on ambiguous tweets.

D.2.5 Community breakdown (GPT-4.1 vs.
human gold)

Agreement is highest for ADHD (x = 0.73), fol-
lowed by BPD (x = 0.66), and lowest for Bipolar
(k = 0.49). Bipolar accounts for 10 of 21 GPT false
negatives on the human gold set, consistent with
that community’s indirect, religious, and metaphor-
ical disclosure style being most susceptible to the
conservative NEGATIVE default.

E Supplementary Figures and Formulas

E.1 Log-Odds Formulation

For a target group ¢ and comparison group j, the
log-odds of word w under the weighted log-odds
ratio with an informative Dirichlet prior (Monroe
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et al., 2008) is:

yfﬂ—i-Oéw
nt+ ap — yi, — ay

5=9) = log

w

y{u +
— log

. . (1)
n 4+ g — Yw — O
where 7 is the count of word w in group i, n'
is the total word count of group ¢, and ay, is the
prior count drawn from the pooled background cor-
pus (o = Zw Q). The z score normalizes by
variance:

. O S SR
w T T T J
Vo2 Yo T Qw Yy +

2

The background prior «,, is set to the word’s

frequency in the full corpus; unseen words receive
additive smoothing of 0.01.

E.2 NMF Topic Model
F Limitations and Dialect Extensibility

The classification prompt was developed and val-
idated on a Saudi-centric dataset. The important
notes section explicitly flags sensitivity to Gulf Ara-
bic and Saudi dialect expressions of distress, but the
few shot examples and the implicit discourse norms
encoded in the classification rules skew Gulf Ara-
bic. Table 7 identifies areas requiring adaptation
for other Arabic dialect groups.

G Religious Framing Analysis

The religious analysis defines a four-tier taxonomy
of language use: Ambient Expression, Coping &
Practice, Guilt & Supernatural, and Illlness Causa-
tion Attribution.

Tier Distribution and Within-Tier Sentiment
Figure 5 shows that Ambient Expression dominates
across communities, accounting for 8.8% (BPD)
to 22.3% (Bipolar) of total tweet volume, with the
Bipolar rate more than 2.5x BPD and roughly dou-
ble ADHD (10.3%), reinforcing earlier evidence of
elevated religious framing; this estimate is likely
conservative due to under-detection in Bipolar dis-
course. The remaining tiers each account for un-
der 3% of tweets but are analytically important:
Coping & Practice peaks in ADHD (2.8%), reflect-
ing symptom-practice interplay, while Guilt & Su-
pernatural and Illness Causation Attribution are
most concentrated in Bipolar (0.7% each), consis-
tent with explanatory-model pluralism. Sentiment

patterns differ by tier: Ambient Expression is near-
balanced (51% positive, 49% negative), Coping &
Practice skews negative (57%), lllness Causation
Attribution shows the strongest positive skew (56%),
and Guilt & Supernatural remains near-balanced,
indicating that morally and supernaturally framed
language does not straightforwardly align with neg-
ative affect.

Top Religious Keywords per Community Fig-
ure 6 compares the most frequent religious key-
words across BPD, Bipolar, and ADHD commu-
nities. Across all three, adllJl (“God/Allah”) is the
most frequent term, followed by alllg (“by God™)
and o)L (“O Lord”), indicating a shared reliance
on core religious expressions in mental health dis-
course. The Bipolar and BPD communities show
similar patterns, with frequent use of alJaos>Jl and
alll <L . The Bipolar community additionally
exhibits higher use of more formal supplicatory ex-
pressions such as dlll @u and eglll Osol. The BPD
community is distinct in its use of alJl ¢l Lo, often
occurring in peer-support contexts. In contrast, the
ADHD community shows lower overall frequencies
but includes more references to prayer-related terms
such as uhoi and 8Muall, suggesting greater empha-
sis on ritual practice and routine. Overall, while all
communities share common religious expressions,
their usage differs in function across coping, peer
interaction, and practice-oriented framing.

H Cultural Keyword Framework

Table 8 lists the six cultural keyword domains and
representative Arabic terms used in the dictionary-
based analysis (Section 4.3). Each domain was
derived through iterative corpus vocabulary review
anchored to Kleinman’s 1980 explanatory models
framework. The lists are an initial operationaliza-
tion and have not yet been validated through an
independent inter-rater annotation study.

I X Community Overview

Table 9 summarizes the three X Communities used
for corpus construction, including total member-
ship size and moderation type at the time of data
collection.
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ID  Human label Top terms n  BPD%  Bipolar %  ADHD %
0 First-person narrative Log S8l oSl i3 il o Jodl lg wdyel yadl s .l 522 6.86 6.86 19.73
1 Feelings and relational pain ol @d3liggs oeidl o (Ll w3l g wwasdll geliwll (Jy 2105 36.58 14.01 16.14
g5l
2 Questions and peer validation Vg (Jloadl i Jog i aadl il (oSule poasdl idddle s aub Jlgw al (Jo 361 4.44 6.30 5.38
3 Clinical encounters and causes Lopdl o iud )ogad I8 gy iy )9Sl Lo (Lilg v il o) 593 8.03 8.84 7.17
4 Bipolar episode vocabulary (b dhalize gl (Dbl By OlaS] (wen (LS covsell gl 485 3.49 14.48 3.59
u‘lﬁ‘ et
5 Self-struggle/help seeking 69»:| CLoI Wi casi i alasl i poldl (HeST (53 0)Sl ool gy «amnds 604 8.78 7.33 10.31
6 Gratitude and supplication délell (o o Jasy sl ClodS welde Mad s (ol el o)l R 306 2.79 7.80 2.24
7 Advice and social support lio bl (Jols aily dopai wlso el zly o Bl el (lwas 407 6.63 3.62 4.04
8 Person/condition attribution Audi >l (Olas d 20 (Gilay waic 2l pasdill (aub (s3> L pandd 471 777 3.95 493
9 Uncertainty and diffuse distress  Guldl .(5)cline . o 3 Lals ol e o> ool (S)xo il 306 4.58 3.57 3.59
10 Treatment and medication S5l dlaasdl gl . ol ul.»d| AR E)Lc (SSeludl el idygadl 927 8.41 22.33 20.18

5535l cpunniill

Table 6: NMF topic labels, top terms, topic sizes, and within-community percentages. The model was selected by C,,
coherence over k = 5-14; k = 12 produced the highest coherence (C,, = 0.5013). Labels are researcher-assigned

and exploratory.
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Figure 5: Religious framing tier rates per community (left) and sentiment split within each tier (right). Cell values =
% of community tweets containing a tier keyword; sentiment computed over religious-language tweets only.

Dialect

Required Adaptations

Egyptian

Levantine

N. African

Indirect or figurative disclosure patterns
(e.8., Lwd (yo C.dd)); colloquial symp-
tom vocabulary

Reflexive expressions for personal suffer-
ing (J/J); different medication
brand names

French Arabic code-switching in clinical
and symptom vocabulary

Cross dialect

Indirect dis-
closure

Condition la-
bels

Users who describe experience
metaphorically or religiously without
explicit diagnosis language may be
under detected by the explicit disclosure
criterion

ADHD has multiple Arabic renderings
and frequent English-acronym use in
online discourse; other conditions may
have competing translations

Table 7: Dialect specific and cross dialect adaptations

needed beyond Gulf Arabic / MSA.

Domain Example Keywords (Arabic)
Religious sl sladdl o vyl ) wall
Medical (GRS (parsui )giS elgd
duul>

Family/Social &Aian:s‘.l.‘?.hol Cg) Lb Lolo o Jol
Emot. Distress O laS| i au>g «esd (518 995 . W0)>
Identity owbwa] (SIS Gluasud (awds N
Stigma )lSJI J» ul Jo )90

Table 8: Cultural keyword domains and representative

Arabic terms.

Condition # Members Moderation
BPD 5,876  Professional
ADHD 2,321  Varies
Bipolar 1,320  Peer led
Total 9,517

Table 9: X Communities used for corpus construction.
Professional: licensed psychologists; Varies: mixed
moderation; Peer-led: lived-experience individuals or

relatives.
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Figure 6: Top-10 religious keywords per community (ranked by raw count). Note the scale difference: BPD and
Bipolar counts reach hundreds; ADHD reaches a maximum of 10 (n=253 tweets).
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Figure 7: Top-10 community-distinctive words by weighted log-odds z-score. BPD: relational/diagnostic; Bipolar:
episode/religious; ADHD: symptom/medication.
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Figure 8: Cultural domain keyword rates (per 100 tweets). Bipolar leads on Religious and Medical; BPD on Identity
and Emotional Distress.
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Figure 9: Monthly tweet volume (2022-2026). BPD concentrated in 2025; Bipolar spans the full period but with
meaningful volume from 2024 onward.
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