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Abstract

Background/Objectives: Bipolar disorder (BD) is a chronic psychiatric condition associated
with substantial emotional and psychosocial burden. Social media platforms provide an op-
portunity to examine how BD is discussed and emotionally framed outside clinical settings.
Although Spanish-language public discourse on BD remains underexplored, this gap is
particularly relevant given that linguistic and cultural factors may influence how mental
health conditions are expressed, perceived, and communicated. Understanding these dif-
ferences is essential for developing culturally sensitive public health strategies, improving
mental health literacy, and addressing stigma in diverse populations. Methods: A retro-
spective observational study was conducted using Spanish-language tweets referring to BD
posted between 2007 and 2023. After preprocessing, 170,411 unique tweets were analyzed.
Latent Dirichlet Allocation (LDA) was applied to identify dominant thematic domains,
and emotional tone was classified using a RoBERTa-based model adapted from Ekman’s
basic emotions. Statistical analyses were performed to examine associations between topics,
emotional categories, and the presence of clinical terminology. Results: Tweet activity
related to BD remained low until 2019, followed by a marked increase peaking in 2020 and
remaining elevated thereafter. Topic modeling identified seven main themes, predomi-
nantly centered on symptoms, illness-related life crises, social anxiety, help-seeking, and
the impact of BD on romantic relationships, while diagnosis- and treatment-related topics
were less frequent. Emotional analysis showed a clear predominance of sadness across
all topics, accounting for approximately 75% of tweets. Anger, joy, and optimism were
present at lower frequencies and varied across thematic domains. Clinical terminology was
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significantly more common in diagnosis- and treatment-related topics, whereas experiential
and affective narratives dominated the remaining themes. Conclusions: Spanish-language
discourse on BD on Twitter is largely characterized by emotional expression and lived
experience rather than biomedical language. These findings highlight cultural relevance
of social media as a complementary source for understanding public perceptions of BD
and underscore the importance of culturally and linguistically specific analyses in digital
mental health research.

Keywords: bipolar disorder; social media; Twitter/X; topic modeling; emotional analysis;
social stigma; mental health discourse

1. Introduction

Bipolar disorder (BD) is a chronic and recurrent psychiatric condition associated with
substantial emotional, functional, and social burden. It affects approximately 1-2% of
the global population and is characterized by alternating episodes of depression, mania,
and hypomania, often accompanied by significant psychosocial impairment and elevated
suicide risk [1]. BD often presents diagnostic and therapeutic challenges due to its clinical
heterogeneity, frequent psychiatric comorbidities, and the high risk of associated compli-
cations, such as suicide [2]. Despite advances in clinical management, early identification
and comprehensive understanding of BD remain limited, in part due to persistent social
stigma and misconceptions surrounding mental health conditions [3].

BD presents with highly diverse clinical manifestations, both between different in-
dividuals and within the same person over time. This variability makes early diagnosis
particularly difficult, and misdiagnoses are common. Such diagnostic delays can hinder
timely intervention and increase the likelihood of iatrogenic harm [4]. Multiple biological
factors have been identified in BD, although their precise roles remain uncertain [1,2]. These
include excessive cortisol secretion, calcium influx into brain cells, abnormal hyperactivity
of the prefrontal cortical glutamatergic system, and disruptions in circadian rhythm [5].

Currently, there are more than 15 approved treatments for the various phases of BD;
however, therapeutic outcomes often remain below expectations due to limited efficacy,
adverse effects, and/or restricted access to care [6]. These limitations highlight the need for
complementary approaches to better understand how BD is experienced and perceived
beyond clinical settings.

In this context, social media has emerged as a valuable resource for identifying and
gaining deeper insight into public concerns about mental health. These platforms of-
fer spaces where individuals can share their views and take part in conversations on
health-related issues [7-11]. Thanks to their real-time, unfiltered nature, with the sense of
anonymity they provide, people are often more willing to express genuine thoughts and
emotions [12].

Among these platforms, Twitter (now known as X) offers unique advantages due to
its predominantly textual nature, public accessibility, and widespread use, providing re-
searchers with an unprecedented window into spontaneous, real-time discourse on mental
health [13]. Several studies have demonstrated the utility of Twitter for exploring social
conversations surrounding neurological and psychiatric disorders, including dementia [14],
mental health professionals [12], and psychiatric disorders such as schizophrenia, anxiety,
or depression [13,15-17].

Given the high burden of BD on affected individuals, their families, and healthcare
systems, as well as its significant psychosocial impact, understanding how this disorder
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is perceived and discussed on social media can offer relevant insights for public health
strategies, stigma reduction efforts, and the development of digital tools for early detection
or psychoeducation [18]. Furthermore, analyzing the emotional tone of social media
conversations may reveal patterns of distress, support-seeking behaviors, or misinformation
that warrant targeted intervention.

Spanish-language discourse on BD remains notably underrepresented in the literature,
despite Spanish being one of the most widely spoken languages worldwide [19]. Cultural
and linguistic factors may influence how mental health conditions are discussed, perceived,
and emotionally framed, underscoring the importance of language-specific analyses [20].
Examining Spanish-language social media discourse may therefore provide complementary
insights into public perceptions of BD that are not captured in English-centered studies.

Despite the growing use of social media to explore mental-health-related conversations,
the concept of “public discourse” in this context remains insufficiently defined. In this
study, public discourse is understood as the set of narratives, emotional expressions, and
socially shared meanings through which individuals interpret and communicate mental
health experiences in digital environments. This perspective emphasizes not only the
dissemination of clinical information, but also the social construction of perceptions, stigma,
and help-seeking behaviors.

Although previous studies have analyzed mental health discourse on social media,
most have focused on English-language data or have examined either thematic or emotional
dimensions in isolation. Consequently, there remains a gap in understanding how BD is
represented in Spanish-language social media and how thematic content and emotional
tone interact to shape its public perception.

Addressing this gap, the present study aims to examine how BD is socially constructed
and communicated in Spanish-language Twitter discourse. By integrating topic modeling
and emotion classification, this study seeks to (1) identify the main topics of conversation
surrounding BD, (2) characterize the emotional profile associated with these topics, and
(3) explore patterns that may inform future preventive and educational efforts in digital
environments. To our knowledge, studies examining public discourse on BD in Spanish-
language Twitter remain limited, and this work contributes to advancing understanding of
how this complex disorder is perceived and discussed in everyday contexts.

2. Materials and Methods
2.1. Study Design and Data Collection

We conducted a retrospective observational study based on publicly available posts
from Twitter. This platform was selected because of its predominantly text-based format,
open access, and extensive use for sharing personal views and health-related information.

All tweets written in Spanish and referring to BD were collected between 1 January
2007 and 28 February 2023 using Tweet Binder, a search engine with access to 100% of public
tweets. Tweets were retrieved by filtering for the presence of relevant keywords related
to BD: “bipolar”, “trastorno bipolar”, “bipolaridad”, “episodio maniaco”, “episodio hipomaniaco”,
“depresion” combined using Boolean operators (OR) to maximize the sensitivity of the search.
Only tweets that met the following inclusion criteria were retained: 1) written in Spanish; 2)
publicly accessible; 3) containing one or more of the predefined keywords; 4) posted within
the study period. For each tweet, metadata such as publication date, number of likes and
retweets, and user profile description were retrieved.

2.2. Preprocessing

Before analysis, tweets were cleaned using a standardized natural language processing
pipeline. First, the dataset was filtered to retain tweets containing mental-health-related
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terms associated with BD, including references to diagnosis, symptoms, mood episodes,
treatment, psychiatric or psychological care, emotional states, stigma, and help-seeking.
Non-Spanish content, spam, tweets containing hyperlinks, tweets with fewer than three
words and tweets containing repeated “toc toc” expressions were removed as they often
consist of external content, insufficient linguistic information or unrelated content. URLs,
mentions, emojis, punctuation, and hashtags were stripped from the text. Tokens were
lowercased, stop-words were removed, and lemmatization was applied using the spaCy
(v.3.8.8) library to ensure consistent linguistic representation.

Tweets were not excluded on the basis of tone or intent. Therefore, ironic, derogatory,
or stigmatizing tweets were retained in the corpus, as these forms of expression were
considered part of the natural variability of public discourse around BD.

The final dataset comprised 170,411 unique tweets suitable for topic and emotion
analysis.

2.3. Topic Modeling

Latent Dirichlet Allocation (LDA) was used to identify latent themes within the
corpus [3]. Tweets were vectorized using the Bag-of-Words representation implemented in
Gensim (v.4.4.0). Multiple LDA models were trained using topic numbers ranging from 4 to
12. Model quality was assessed using the c_v coherence metric, which evaluates semantic
similarity among top words within each topic.

The final topic solution was selected based on the highest coherence value and inter-
pretability of the resulting topics. Topic labels were assigned through qualitative interpreta-
tion of the most representative terms and tweets associated with each topic.

2.4. Emotion Classification

To classify the emotional tone of the tweets, we applied a RoBERTa-based transformer
model trained on Ekman’s basic emotions. As state-of-the-art fine-grained emotion classi-
fication models are primarily developed and validated on English-language datasets, all
tweets were translated from Spanish to English using the Deep-Translator Python library
to ensure compatibility with the model [4,5].

The emotion classification model assigned each tweet to one of six basic emotions:
sadness, joy, anger, fear, love, or surprise. In order to improve the interpretability of the
results, these emotions were subsequently consolidated into four final affective categories.
The sadness category combined sadness and fear, given their conceptual proximity in con-
texts of emotional distress. Anger was retained as an independent category, corresponding
directly to the original anger label. Joy was also preserved as a standalone basic emotion.
Finally, an optimism category was defined, grouping expressions of positive affect derived
from love, as well as supportive, hopeful, or encouraging language.

The emotion of surprise was excluded from further analysis because of its very limited
occurrence and its lack of clear contextual interpretability in the short and fragmented
format typical of tweets.

Thus, the final emotional categories used in the study were sadness, anger, joy, and
optimism. The original emotion categories were retained prior to aggregation to ensure
transparency in the analytical process, and the grouping was performed to enhance inter-
pretability rather than to redefine the underlying emotional constructs. This aggregation
improved interpretability and allowed for more robust statistical comparisons across
topics [6].

2.5. Statistical Analysis

Descriptive statistics were used to summarize tweet frequency over time, distribution
across topics, and emotional categories. Associations between topics, emotional tone, and
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clinical terminology were examined using chi-square tests. Variability in emotional intensity
across topics was assessed using analysis of variance (ANOVA) and Kruskal-Wallis tests
when appropriate. All analyses were performed using Python 3.9 with Pandas (v.2.3.3),
Scikit-learn (v.1.7.2), Gensim (v.4.4.0), and Transformers (v.4.56.2).

3. Results
3.1. Dataset Overview

A total of 530,322 tweets were initially retrieved. After preprocessing and filtering,
170,411 Spanish-language tweets referring to BD were retained for analysis, representing
approximately 32.1% of the original corpus. The temporal distribution of tweets is presented
in Figure 1. Overall, tweet activity remained low and relatively stable between 2008 and
2018, with only minor year-to-year fluctuations. From 2019 onwards, a marked increase
in tweet volume is observed, with a sharp rise in 2020, where activity peaks at nearly
50,000 tweets. This elevated level is sustained in 2021 and 2022, followed by an apparent
decline in 2023.

Number of Tweets per Year

50,000 A
40,000 -
30,000 -

20,000 +

Number of Tweets

10,000 +

Figure 1. Annual distribution of tweets related to BD from 2008 to 2023.

The decline observed in 2023 should be interpreted with caution, as data collection
for this year was incomplete at the time of extraction and therefore does not reflect full
annual activity.

3.2. Topic Modeling

The Latent Dirichlet Allocation (LDA) model identified a seven-topic solution based on
optimal coherence (=20.44). The topics were labeled according to the predominant thematic
content observed in the tweets, allowing for a structured description of the main topics
present in the dataset. Due to the size of the dataset, full manual validation of all topics was
not feasible; however, topic coherence metrics and qualitative inspection of representative
terms and tweets were used to ensure semantic consistency and interpretability.

Topic 1 was related to diagnosis, comprising tweets that referred to clinical and
psychiatric classification of mental health conditions. Topic 2 corresponded to illness-
related life crises, including content describing personal experiences linked to anxiety or
mental health difficulties in the context of life events.

Topic 3 focused on symptoms, capturing references to emotional and psychological
manifestations associated with mental health conditions. Topic 4 was associated with
treatment, encompassing tweets related to therapeutic processes, psychiatric care, and
professional mental health support.

Topic 5 was identified as social anxiety, including content related to interpersonal
situations and social contexts. Topic 6 addressed the impact of mental health conditions
on romantic relationships, reflecting discussions of emotional experiences within intimate
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relationships. Topic 7 was related to help-seeking, including tweets that referred to seeking
assistance, mental health awareness, and community-oriented support initiatives.

These seven topics represent the main thematic categories identified by the LDA model
within the analyzed corpus. Additional details regarding the identified topics are provided
in the Appendix A, including representative keywords, interpretative labels, and example
tweets for each topic. This supplementary table facilitates a clearer interpretation of the
thematic structure identified by the LDA model (Appendix A, Table A1).

The distribution of tweets across the seven topics is shown in Figure 2. Topic 3 (Symp-
toms) represented the largest proportion of tweets (=68,000 messages), representing
a substantial share of the total corpus. This is followed by Topic 5 (Social anxiety)
(~231,000 tweets), Topic 4 (Treatment) (~22,000 tweets), indicating that these themes domi-
nate the overall discourse.

Tweets Distribution by Dominant Topic

60,000 A

50,000 -

40,000 A

30,000 A

Number of Tweets

20,000 -

10,000 -

1 4
Topic
Figure 2. Distribution of tweets across the seven LDA-derived topics: Diagnosis (Topic 1), Illness-
related life crises (Topic 2), Symptoms (Topic 3), Treatment (Topic 4), Social anxiety (Topic 5), Romantic
relationships (Topic 6), and Help-seeking (Topic 7) derived topics.

In contrast, Topics 1 and 2 (Diagnosis and Illness-related life crisis) show comparatively
lower frequencies (=210,000 tweets each), while Topic 6 (Romantic relationships) represents
the least prevalent theme in the dataset (=7000 tweets). Topic 7 (Help-seeking) occupies
an intermediate position, with approximately 17,000 tweets.

A chi-square test revealed a significant association between topic and dominant emo-
tion (x?(18) = 5474.62, p < 0.0001, Cramér’s V = 0.103), indicating a statistically signifi-
cant but small effect size. Additional analyses showed a significant association between
topic and the presence of clinical terminology (p < 0.0001), with Topics 1 and 4 (Diagno-
sis and Treatment) containing the highest proportion of medicalized terms. A one-way
analysis of variance (ANOVA) also indicated statistically significant differences in mean
topic-membership probability across the seven dominant topics (F(6, 170404) = 1321.64,
p <0.0001, ? = 0.044), likewise reflecting a small effect size. Given the large sample size,
these statistically significant findings should be interpreted with caution, as even small
effect sizes may yield highly significant p-values without necessarily indicating substantial
practical differences.

3.3. Emotion Classification

The emotion classification model assigned each tweet one of four affective categories:
sadness, anger, joy, or optimism. Sadness was the most frequent emotion across the dataset,
accounting for approximately 75% of all classified tweets.
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Figure 3 shows the proportional distribution of emotions across the seven LDA-derived
topics. Sadness was the dominant emotion in all topics, with the highest proportions
observed in Topic 7—Help-seeking (0.83), Topic 4—Treatment (0.82), and Topic 5—Social
anxiety (0.78). Anger reached its highest values in Topic 6—Romantic relationships (0.17)
and Topic 1—Diagnosis (0.13). Joy showed its highest proportions in Topic 2—IlIness-
related life crises (0.19) and Topic 3—Symptoms (0.12). Optimism appeared at lower levels
across topics, with its highest values in Topic 2—TIllness-related life crises (0.12) and Topic
1—Diagnosis (0.08).

Distribution of Primary Emotion by LDA Topic

- 013 0.09 0.08
0.7
~ 0.08 0.19 0.12
0.6
- 0.10 0.12 0.06
- 0.5
)
8
: - 0.04 0.07 0.07
=} - 0.4
0.06 0.11 0.05
n -03
© 017 0.05 0.07 -02
~ 0.08 0.06 0.03 oA
anger joy optimism sadness
Primary Emotion

Figure 3. Heatmap showing the proportional distribution of emotional categories across the seven
LDA-derived topics: Diagnosis (Topic 1), Illness-related life crises (Topic 2), Symptoms (Topic 3),
Treatment (Topic 4), Social anxiety (Topic 5), Romantic relationships (Topic 6), and Help-seeking
(Topic 7).

Figure 4 presents the absolute number of tweets per emotion within each topic. Consis-
tent with the proportional results, sadness accounts for the largest volume of tweets across
all topics, with particularly high counts in Topic 3 (Symptoms), Topic 5 (Social anxiety),
Topic 4 (Treatment), and Topic 7 (Help-seeking).

Distribution of Primary Emotion by LDA Topic

50,000 1 Primary Emotion
B sadness
optimism

| = anger

40,000 . joy

2}
8

2 30,000 1
k=)
o
=1

£ 20,000 |
=z

10,000 -

0 A

1] 2 3 4 5! 6 7
LDA Topic

Figure 4. Absolute distribution of tweets across emotional categories (sadness, optimism, anger,
and joy) within each of the seven LDA-derived topics: Diagnosis (Topic 1), Illness-related life crises
(Topic 2), Symptoms (Topic 3), Treatment (Topic 4), Social anxiety (Topic 5), Romantic relationships
(Topic 6), and Help-seeking (Topic 7).

In contrast, the remaining emotional categories—anger, joy, and optimism—appear in
substantially lower absolute volumes across all topics. Among these, joy shows relatively
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higher counts in Topic 3 (Symptoms) and Topic 5 (Social anxiety), while anger reaches its
highest levels in Topic 3 (Symptoms) and Topic 7 (Help-seeking). Optimism remains the
least represented emotional category overall.

These results reinforce the predominance of negative emotional expression in BD-
related discourse, as reflected not only in proportional terms but also in absolute
tweet volume.

Statistical analyses revealed a significant association between topic and dominant
emotion (x*(18) = 5474.62, p < 0.0001, Cramér’s V = 0.103), indicating a small effect size.
A Kruskal-Wallis test also indicated significant differences in sadness intensity across topics
(H(6) = 3769.96, p < 0.0001, €2 = 0.022), likewise reflecting a small effect size.

4. Discussion
4.1. Main Findings

This study provides a longitudinal analysis of public discourse on BD in Twitter
by integrating topic modeling and emotion classification over a 15-year period. Over-
all, the results revealed a marked increase in BD-related discourse from 2019 onwards,
together with a clear predominance of experiential and psychosocial topics over strictly
clinical discussions.

Specifically, topics related to Symptoms, Illness-related life crises, Disease’s impact
on romantic relationships, and Help-seeking accounted for a substantial proportion of the
discourse, whereas themes focused on Diagnosis and Treatment were comparatively less
frequent. Emotion analysis further showed a clear predominance of sadness across all
thematic categories. Taken together, these findings suggest that Twitter primarily functions
as a space for sharing lived experiences and emotional burden related to BD rather than
for the dissemination of technical medical information. This general pattern is consistent
with previous studies describing social media as platforms for emotional expression and
peer support in mental health contexts, and in large-scale analyses of neurological and
psychiatric discourse on Twitter. This reflects the role of these platforms as informal spaces
where users prioritize sharing subjective over clinically structured information [5,7-9].

4.2. Temporal Evolution of BD-Related Discourse

The temporal analysis showed a substantial increase in BD-related tweets beginning
in 2019, with sustained high levels through 2022. While similar temporal trends have
been documented in other longitudinal studies examining mental-health-related discourse
on social media, the observed increase likely reflects broader societal shifts rather than
a phenomenon specific to BD [5,10-16].

In particular, this rise may be associated with the growing visibility of mental health
issues in public discourse, increased digital engagement, and the impact of the COVID-19
pandemic, which has been linked to heightened psychological distress and greater reliance
on social media as a space for emotional expression and support-seeking. These factors may
have contributed not only to the increased volume of tweets but also to the predominantly
emotional nature of the discourse observed during this period [15,17-20].

4.3. Topic Modeling

The topic modeling analysis identified seven distinct thematic domains reflecting the
main concerns expressed in BD-related discourse on Twitter. Overall, the distribution of
topics showed a clear predominance of experiential and psychosocial themes—particularly
Symptoms, Illness-related life crises, Disease’s impact on romantic relationships, and
Help-seeking—over more technical discussions focused on Diagnosis and Treatment. This
thematic imbalance is consistent with previous studies reporting that mental-health-related
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conversations on social media are largely driven by personal experiences and psychosocial
concerns rather than clinical terminology [7,17,21-28].

Similar thematic patterns have been observed in analyses of other psychiatric and
neurological conditions, where symptom-related narratives and support-seeking behaviors
dominate user-generated content [5,29-32]. Notably, the identification of Disease’s impact
on romantic relationships as a distinct topic highlights an interpersonal dimension that has
received less attention in previous social media studies and may reflect disorder-specific
concerns in BD discourse. Together, these findings suggest that the thematic structure
observed in this study aligns with broader patterns of mental health communication in
open online environments while also capturing topics of relevance to BD.

4.4. Emotional Classification

The emotional analysis revealed a pronounced predominance of sadness across all
thematic categories, indicating that BD-related discourse on Twitter is largely characterized
by negative affect. This finding is consistent with previous social media-based studies
reporting high levels of sadness and distress-related emotions in discussions of psychiatric
and neurological conditions [5,17,32-38].

Although anger, joy, and optimism were less frequent than sadness, their distribution
varied across topics, suggesting that emotional expression is not uniform across thematic
domains. Similar heterogeneity in affective patterns has been documented in longitudinal
analyses of health-related discourse on Twitter, where different topics are associated with
distinct emotional profiles [18,39-44]. These results reinforce the relevance of integrating
topic modeling and emotion analysis to capture the complexity of mental health discourse
in social media settings.

4.5. Clinical Significance

The findings of this study have relevant clinical implications, as they offer insight
into the concerns, emotional states, and informational needs expressed by individuals
discussing BD in an open online environment. The predominance of topics related to
Symptoms, Illness-related life crises, Disease’s impact on romantic relationships, and
Help-seeking suggests that users frequently use Twitter to articulate subjective distress,
interpersonal difficulties, and uncertainty regarding their condition. Previous research has
highlighted the value of social media data for capturing patient-centered perspectives that
may complement traditional clinical assessments [7,8,18,44—46].

From a clinical perspective, these results emphasize the importance of addressing
psychosocial and relational dimensions of BD alongside symptom management and phar-
macological treatment. Topics related to romantic relationships and help-seeking point
to areas of concern that may be underexplored during routine consultations. In line with
previous infodemiological studies examining public perceptions of mental health care, the
present findings support the potential utility of social media analyses as complementary
tools for identifying unmet needs, informing psychoeducation strategies, and enhancing
patient—clinician communication [10,18,41,47,48].

4.6. Strengths and Limitations

This study has several strengths. First, it spans a long temporal window (2007-2023),
enabling the examination of longitudinal trends in BD-related discourse. Second, the large
volume of tweets analyzed allows for robust thematic and emotional characterization.
Third, the integration of topic modeling and emotion classification provides a multidimen-
sional perspective on public discourse, consistent with methodological approaches adopted
in other large-scale analyses of health-related conversations on Twitter [10,18,40,43,49].
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Several limitations should also be acknowledged. Twitter users do not constitute a rep-
resentative sample of the general population or of individuals with clinically confirmed BD,
and the content analyzed reflects self-reported experiences rather than verified diagnoses.
Furthermore, data collection was based on keyword-driven retrieval, which may have
included tweets using the term “bipolar” in non-clinical or metaphorical contexts, despite
subsequent preprocessing efforts.

Additionally, the use of automated natural language processing techniques introduces
inherent uncertainty, particularly in topic assignment and emotion classification. Due
to the size of the dataset, full manual validation of all topics was not feasible, and topic
selection relied on coherence metrics combined with qualitative interpretation. In addition,
statistically significant differences should be interpreted with caution given the large sample
size, as small effect sizes may still yield highly significant results. Similar methodological
challenges have been discussed in previous studies applying machine learning to mental-
health-related discourse [14-17,50]. Finally, the restriction to Spanish-language tweets
may limit the generalizability of the findings to other linguistic and cultural contexts.
Additionally, the translation to English may introduce semantic bias or loss of linguistic
nuance, particularly in culturally specific expressions.

5. Conclusions and Future Directions

This study provides a large-scale analysis of public discourse on BD using Spanish-
language data from social media over an extended temporal period. By combining topic
modeling and emotion classification, the results offer a multidimensional perspective on
how BD is represented in non-clinical digital environments.

The findings reveal a predominance of emotionally oriented content over strictly clini-
cal discourse, as well as the presence of themes related to personal experiences, stigma, and
help-seeking behaviors. These patterns highlight the role of social media as a space where
mental health is expressed and socially constructed beyond traditional clinical settings.

From a practical perspective, these insights may inform mental health professionals,
public health initiatives, and digital communication strategies by improving understanding
of how BD is perceived and discussed in everyday contexts. This knowledge may contribute
to the development of more effective interventions aimed at reducing stigma and promoting
mental health awareness.

Future research should expand this approach to multilingual datasets, incorporate
additional statistical measures such as effect sizes and confidence intervals, and explore
hybrid validation strategies combining automated techniques with targeted human anno-
tation. Further work could also examine the relationship between online discourse and
real-world mental health trends, as well as the evolution of these narratives across different
social media platforms.
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Appendix A

Table A1l. Overview of the seven LDA-derived topics, including representative keywords, interpreta-
tive labels, descriptions, and example tweets.

Interpretative

Topic Topic Name Keywords Label Description Example Tweets
“People experiencing a manic episode
may display impulsive behavior in their
social relationships and react
. . defensively when others warn them
disorder, Clinical .. .
depressive diagnosis and Clinical theme, about the harmful consequences of their
1 Diagnosis pressive, . DSM-related actions. This difficulty in regulating
major, bipolar, comorbid . ) o .
. . terminology impulses may facilitate self-directed or
obsessive disorders

hetero-directed aggression.”
“when bipolar individuals feel very
happy and energetic, they may be
experiencing a manic episode”
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Table Al. Cont.

. . I i .
Topic Topic Name Keywords nte?;l::?hve Description Example Tweets

“When my mom was my age, she went

through a depressive episode that left

her practically catatonic for several days.
attack, Personal stories I was young, I would lie next to her and
llIness- . - .
5 related life anxiety, Personal crisis  and she would stroke me with her
. woman, said, narratives gender-related = motionless hand. She had just divorced
crises :
years experiences my dad, and he already had a new
girlfriend, much younger than him.”
“he suffered a severe depressive episode
six years ago”
" “I feel mentally exhausted, it’s hard to
. . Everyday Subjective . .

anxiety, life, . 3 even get up. Sorry if I arrived late, I was

anxiety and emotional and . . . .
3 Symptoms have, do, e . having a manic episode.

subjective psychological . . .

person . Sorry if I arrived late, I was having
experience effects S W

a manic episode.

“It’s like when you keep waiting for
dysthymia, Dysthymia Chronic your manic episode to be a bit more
sadness, and disorder and productive, but your dysthymia doesn’t

4 Treatment .. . . ,,
psychiatrist, ~ psychological  professional help the cause.
therapy treatment support “my friends helping me out of
a depressive episode”
attack, . . Interpersonal “how to differentiate motivation from
. . Social anxiety . . . p
Social anxiety, environment a manic episode? Yahoo answers
5 . . and external . " ) .
anxiety people, life, aitation and social after a depressive episode comes
social & perception sexualization on Instagram”
“having bipolarity is confusing
. Intense Emotional Pappmess w1th a manic episode lol
. anxiety, : . 000000000 hi I love you so much,
Romantic emotional expression and , .
6 . . death, love, . . please don’t provoke me knowing I have
relationships anxiety and metaphorical .
roller coaster . : a mood disorder and that you could
relationships ~ language . .

trigger a depressive

episodeeeeceeeceeceececeeceeeee aooa aa a”

“The Secretary of Health says mental

health problems should be handled at

home—so are we supposed to expect
people with depression to kill
themselves at home, and a bipolar
panic, mental Mental health Awarepess person in a manic ep1sqde to destroy ’
Help- . campaigns and their life in private? This government’s
7 . health, help, discourse and . .. . . P
seeking . community stance is irresponsible, nothing more.
stress help-seeking . . )
support Today is World Depression Awareness

Day. It affects millions of people
worldwide. Overcoming a depressive
episode requires specialized medical
guidance and support from the person’s
emotional and family environment.”
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