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Hidden in Plain Text: Social Media Mining of Neurodivergent Discourse at
Scale on X and Reddit

Abstract. This empirical study examines how neurodivergent individuals express lived experi-
ences, challenges, and strengths on major social media platforms, focusing on X (formerly Twit-
ter) and Reddit. These platforms function as emancipatory spaces where users construct self-
defined identities, resist deficit-based narratives, and foreground strengths often undervalued in
traditional educational and professional contexts. Grounded in inclusive pedagogy, the study
links online discourse to educational inclusivity and awareness. We analyze over 90,000 posts
using a hybrid natural language processing framework that combines text representation learning
(TF-IDF, BERT, and OpenAl embeddings), clustering, topic modeling (LDA and Top2Vec), and
GPT-based models for interpretability and thematic synthesis. Our results reveal clear platform-
specific patterns: X posts are concise and advocacy-oriented, emphasizing diagnosis, stigma, and
self-acceptance, while Reddit discussions are longer and more introspective, focusing on coping
strategies, academic challenges, and mental health support. Across platforms, recurring themes
include executive dysfunction, sensory regulation, burnout, and the pursuit of accessible educa-
tion and employment. Overall, the findings show that neurodivergent users use social media not
only for self-expression but also for collective knowledge-building and emotional support. This
work demonstrates a scalable social media mining framework that integrates statistical, seman-
tic, and generative Al methods to amplify neurodivergent voices and inform the design of more
inclusive learning environments.

1 Introduction

Neurodivergence includes a variety of natural neurological differences, such as Autism, ADHD,
Dyslexia, often bolstered by unique strengths like non-linear thinking, spatial awareness, and ac-
companied by challenges like sensory overload, executive dysfunction, etc. Social media plat-
forms like Reddit, TikTok, and Twitter (X) have emerged as significant arenas for neurodivergent
individuals to express their needs, discuss their struggles, celebrate their achievements, and seek
help [1-4]. These digital experiences offer an organic, rich source of data reflecting genuine, first-
hand experiences of neurodiverse minds and communities. In this work, we explore the content,
context, and thematic structure of online conversations and discussions about neurodivergence us-
ing a combination of unsupervised machine learning, topic modeling, and large language models
(LLMs). Beyond examining neurodivergent experiences, this work contributes a scalable method
for analyzing large-scale discourse. This approach is relevant to engineering education research,
enabling the study of student experiences and challenges using LLMs and data-driven topic dis-
covery to extract patterns from unstructured data. In this context, we aim to address the following
Research Questions (RQs)

* RQ1. How do neurodivergent individuals engage in online spaces, and what are the com-
mon discussions? What underlying topics and themes emerge within texts shared by or
about the neurodivergent community?



* RQ2. What experiences, strengths, and challenges do individuals within the neurodivergent
community face— both in academic contexts and in everyday life?

2 Background

Recent research on neurodiversity has increasingly moved away from deficit-based models toward
inclusive and strength-oriented frameworks that recognize cognitive variation as a natural aspect
of human diversity [5—7]. Studies have moved beyond purely medical perspectives to highlight
the social and structural factors shaping how neurodivergence is defined and understood, fram-
ing neurodiversity not only as biological variation but also as a product of cognitive marginal-
ization [8]. Within engineering education, this shift is particularly significant. A growing litera-
ture highlights that neurodiverse learners frequently demonstrate cognitive assets such as creative
problem-solving, pattern detection, persistence, and systems thinking that are especially valued
in engineering fields [9-13]. Yet neurodiverse students, including those with ADHD, autism, or
dyslexia, remain underrepresented in engineering majors. Researchers argue that viewing neuro-
diversity predominantly through a deficit lens limits participation in engineering programs and
reduces the breadth of perspectives and innovation within the engineering workforce [14, 15].

In educational contexts, including STEM and engineering programs, studies highlight persistent
gaps between inclusive policy goals and the lived realities of neurodivergent learners, advocating
for systemic accommodations, co-designed training, and pedagogical approaches such as Uni-
versal Design for Learning that reduce reliance on diagnosis and disclosure [16-24]. Strengths-
based perspectives further call for transforming engineering education systems so that they move
beyond accommodation toward empowering students to leverage their cognitive differences as as-
sets in learning, design, and innovation. At the same time, social media platforms such as Reddit,
X (Twitter), TikTok, and Instagram have emerged as important spaces for neurodivergent expres-
sion, advocacy, and community-building [3, 25-27]. Prior work has used social media analytics
and natural language processing to examine public sentiment, emotional processing, inclusivity,
and representation, while also critiquing how online spaces both challenge and reproduce dom-
inant medicalized narratives [28-31]. Methodological studies further demonstrate how social
media analysis can surface collective identities and community dynamics across discipline [32].
Building on this background, our study applies topic modeling and large language models to ana-
lyze neurodivergent discourse at scale, with the explicit goal of informing engineering education
research. By examining how neurodiverse individuals discuss educational experiences, academic
environments, strengths, and systemic barriers in online spaces, we seek to provide data-driven
insights that can inform inclusive curriculum design, student support structures, and cultural
change within engineering programs.

3 Dataset

We selected X (Twitter) and Reddit as the primary data sources to build a dataset that is both
diverse and well-suited for analyzing neurodivergence-related discourse. These platforms are
widely used for content creation, experience sharing, and community building, yet they differ
in how users engage with them. X is largely public and encourages short-form posts, making
it useful for capturing a broad range of perspectives, emerging ideas, and fast-moving conver-
sations. Reddit supports longer, structured, community-driven discussions through subreddits,



where users exchange context-rich narratives and detailed explanations that are especially valu-
able for qualitative thematic analysis. Using X’s API, we accessed core entities such as users,
posts, and search. Because of limited endpoint access, we primarily collected two types of data:
timeline-based streams of posts and reshares, and non-timeline content. We manually identified
influential neurodivergent community accounts, popular posts, and replies, and filtered records
to include only content from August 2022 onward. For Reddit, we used a Python API wrapper
to gather posts and comments from 36 curated neurodiversity-related subreddits (e.g., r/autism,
r/adhd), where voting signals reflect popularity. In total, we collected 45,948 raw X records and
59,600 Reddit records.

To align with our goal of uncovering hidden themes in social media narratives, we focused on

the main text fields: “tweet text” for X (Twitter) and “selftext” for Reddit. Data preprocessing in-
cluded lowercasing, removing mentions, URLs, new lines, and accented characters, and normal-
izing contractions (e.g., “can’t” — “cannot”). For better readability and consistency, we expanded
common social media abbreviations, converted percentage expressions into words to preserve
context, and removed single-character tokens. We removed stop words, commonly used words
such as “the,” “is,” and “and” that typically carry limited semantic meaning using a combined list
from the Natural Language Toolkit (NLTK) [33], a widely used open-source Python library for
Natural Language Processing (NLP). This custom list was refined iteratively through exploratory
analysis, repeatedly updating it until irrelevant terms no longer appeared in word clouds for either
platform. Overall, preprocessing was iterative, with steps added, removed, or reordered through
trial and error to maximize coherence. Finally, we removed duplicate texts and excluded entries
with fewer than four words.

4 Experiments

To address our research questions, we conducted a series of experiments to perform a compre-
hensive thematic analysis of the emancipatory language used by individuals in the neurodiver-
gent community, along with the thoughts, opinions, and views shared by people around the world
about neurodiversity. Further, we discuss in detail the methods we used in our experiments, such
as unsupervised and hybrid learning methods, to identify both the overarching themes explicitly
discussed in the data and the latent topics that require additional modeling. As a result, we de-
velop a framework of methodologies for modeling textual data from social networking websites
for exhaustive analysis. We also use a proprietary Large Language Model (GPT-3.5 Turbo) to
enhance the interpretability of topic modeling output. To improve transparency and reduce hallu-
cinations, we employ Retrieval-Augmented Generation (RAG) [34], a framework that combines
information retrieval with text generation. In RAG-based prompting, relevant documents or ex-
tracted topic outputs are first retrieved from the dataset and then provided to the LLLM as contex-
tual input. This process enables the model to generate explanations that are directly informed by
the underlying data, thereby increasing explainability and reliability.

4.1 Cluster Analysis X

We converted the text into numeric vectors using OpenAl’s context-based embeddings, where
vector direction captures semantic relatedness. Using the text-embedding-3-large model, we gen-
erated 3,072-dimensional vectors for each tweet. We chose agglomerative clustering as the clus-



tering method since it is more robust to high-dimensional embeddings, as it hierarchically merges
the closest points without centroid assumptions, unlike K-Means clustering, which depends on
randomly initialized centroids that can converge to the mean of the data, or Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) [35], which is sensitive to parameter tuning at
this scale.
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Figure 1: Dendrogram for agglomerative clustering of UMAP-reduced OpenAl embeddings,
showing cluster merge points and the horizontal cut resulting in six partitions.

To mitigate the curse of dimensionality, we reduced the embeddings from 3,072 to 50 dimensions
with UMAP [36], which preserves both local neighborhoods and global structure. Because un-
equal variances across the reduced dimensions can distort Euclidean distances, we standardized
the UMAP features using a StandardScaler before fitting the hierarchical model. Figure 1 shows
the hierarchical merges and a horizontal cut suggesting a reasonable six-cluster partition.

4.2  Topic Modeling: Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) is a popular unsupervised topic modeling method used in nat-
ural language processing (NLP) [37]. Training an LDA model requires two key inputs: a pre-
determined number of topics (n) to identify and a corpus (i.e., a collection of documents). Ad-
ditionally, other parameters like @ and S are set to auto by default unless specified otherwise.
Higher values of @ and § make the documents and topics less distinct and more similar to one
another. Therefore, in our study, we chose lower values (& = 0.01 and 8 = 0.01) to capture finer
nuances in our corpus related to neurodivergent-related topics.

To determine the optimal number of topics for the LDA models, we trained models on X and
Reddit data separately over different values of n and calculated their corresponding coherence



scores. The coherence score measures the likelihood of words belonging to the same topic being
semantically related, based on word pairs and their probabilities. The optimal number of topics
can be identified by plotting coherence scores and selecting the point of inflection.

The optimal number of topics was selected based on coherence analysis (see Appendix B.1), with
an inflection point observed at n=5. Figure 4 in Appendix B.1 shows the PyLLDAvis [38] visual-
ization of the 5 topics in the X data learned by the LDA model. Specifically, the figure displays
the relevant terms for the 4th topic in the right panel. The relevance metric 4 is set to 0.0 to show
only the terms relevant to the current topic. In the left panel, the inter-topic distance map shows
the five topics on a two-dimensional plane, revealing a slight overlap among topics 1, 2, and 3, as
indicated by their relative positions.

Reddit texts tend to be longer and more detailed, and with nearly 1.5 times as many records as X,
we anticipated a broader array of topics. Consequently, we explored a wider range of topic values
(n=5 to n=49) to determine the optimal number of topics. Based on the coherence curve in Ap-
pendix B.2 (Figure 5), n=6 yielded the highest coherence score, but the PyLDAvis visualization
showed substantial topic overlap, with 4 of 6 topics not well separated. Although n=9 achieved
the second highest coherence, its visualization indicated that topics formed tight clusters, with
separation occurring primarily between clusters rather than among individual topics. We there-
fore examined higher-coherence settings (n=17 and n=24) and found that n=24 (visualized in
Figure 6 in Appendix B.1) provided the best trade-off, producing topics that were comparatively
well separated and balanced in size; hence, we use the n=24 LDA model for subsequent analysis.

4.3 Topic Modeling: Top2Vec (Topic to Vector)

Top2Vec is an algorithm for topic modeling and semantic search. It automatically detects topics
in text and jointly embeds topic, document, and word vectors [39]. Top2Vec provides nuanced
insights through its useful functionalities, including topic strengths and sizes, topic words and
scores, and document-topic distributions. The most essential inputs to the model include the text
data and the embedding model to be used. The cleaned and lemmatized text was used for training
the Top2Vec model. For selecting the embedding model, Top2Vec provides a list of options to
choose from. For our study, we selected the Universal Sentence Encoder (USE) [40] because it
is optimized for performance on short-form text such as sentences and phrases. USE has been
trained on a diverse range of web data, including question-answering pages and forums, making
it robust in understanding informal language commonly found on social media. For both X and
Reddit, Top2Vec models were trained using the input parameters described above. 120 and 121
topics were discovered from X and Reddit data, respectively.

The variation in results between LDA and Top2Vec is attributable to their differing methodolog-
ical assumptions rather than to inconsistencies in the data. LDA requires a predefined number of
topics, producing broader themes, whereas Top2Vec automatically identifies semantically co-
herent clusters, resulting in more fine-grained topics. The subsequent LLM-assisted labeling
and theme aggregation steps were therefore designed to structure these micro-topics into coher-
ent higher-level themes. This hierarchical abstraction enables us to retain semantic detail while
presenting analytically meaningful patterns. This multi-level analysis advances engineering ed-
ucation research by identifying systemic patterns and nuanced experiences that inform inclusive



curriculum design, student support strategies, and equity-focused policy within engineering pro-
grams.

4.4 LLM assisted insight enhancement for Top2Vec topics

Because Top2Vec forms topics by clustering documents, we describe in Results and Discussion
how these topic groupings were used to derive insights. However, the topics vary significantly

in size (i.e., the number of documents per topic) and, without explicit labels and descriptions,

are difficult to interpret and analyze in depth. To address this limitation, we adopted a systematic
few-shot prompting strategy to generate a concise label and short description for each topic from
both models. Specifically, we leveraged OpenAl’s gpt-3.5-turbo model to improve topic inter-
pretability by generating a relevant title and a summary for each topic. Listing 1 in Appendix A
presents the Python code used to prompt the model. We carefully crafted our prompt by specify-
ing a role for the Al in the system_message variable in line 4 as a "helpful assistant” and instruct-
ing it to generate a label and description for a topic based on the provided documents. Later, in
the user_message variable, we provide clear instructions for the task by explicitly stating its struc-
ture ("analyze these documents and assign a meaningful label and description”), specifying an
expected output format, and providing contextual information by including the top 10 documents
for each topic. We use a delimiter-based context control approach to help the model distinguish
between documents, wrapping them in ‘####  to ensure they are treated as distinct units.

4.5 Finding Global Themes with ChatGPT

After generating topic labels and descriptions using the LLM model, we used OpenAI’s ChatGPT
to aggregate the large set of Top2Vec topics into higher-level themes. This grouping step was in-
tended to summarize the global structure of conversations, posts, and narratives in online content
related to neurodiversity. We prompted the model to cluster topics based on semantic similarity
among the topic labels and to output the set of topics assigned to each cluster. We interpret these
clusters as themes identified in the data. Listing 2 in Appendix A presents the prompt used for the
above.

5 Results and Discussion

5.1 Cluster Analysis

We clustered X (Twitter) posts using agglomerative clustering on OpenAl embeddings reduced
with UMAP. The six clusters are visualized in a UMAP-reduced 2D plane in Figure 2. The clus-
ters are moderately separated, and the overlaps suggest shared themes across them. Cluster O is
widely dispersed, while Cluster 3 overlaps with nearby clusters, indicating less distinct bound-
aries. Additionally, differences in cluster sizes (notably Clusters 1 and 3) suggest unequal docu-
ment counts across themes.

More exploration of these clusters highlighted prominent terms and topic tendencies. Overall,

the clusters reflect a wide range of lived experiences and everyday conversations. Cluster 0 con-
tains frequent references to children or students “catching up,” alongside “support,” “help,” and
“pain,” indicating academic challenges and associated stress. Cluster 2 includes “bird,” “game,”
“movie,” and “laughing,” showing casual routines and daily-life interests. Cluster 3 emphasizes
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Figure 2: Tweet text cluster visualization (2D UMAP).
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terms like “brain,” “need,” “struggle,” “writing,” and “working,” reflecting overwhelm, overcom-
mitment, and difficulties organizing tasks. Cluster 5 features digital engagement through words
such as “read,” “love,” “email,” and “post,” suggesting active online interaction and community
participation.

5.2 Latent Dirichlet Allocation (LDA)

Figure 7 to 16 in Appendix B.2 present the top 20 words for topics (0-indexed) discovered by the
X and Reddit LDA models. The left y-axis shows each word’s raw count within documents where
that topic is dominant, whereas the right y-axis shows the word’s topic weight. In Figure 9, three
patterns stood out. First, terms such as adhd, autism, want, need, and think appear across multiple
topics, revealing shared vocabulary that cut across subthemes. Second, many words show higher
frequency than weight. While such words are often treated as less discriminative, here they still
address RQ1 by revealing the common linguistic anchors through which neurodivergent users
describe experiences across contexts.

LDA model for Reddit produced 24 topics spanning themes from internet culture to ADHD med-
ication. Due to space constraints, we manually selected five topics most closely aligned with our
research questions (without excluding the rest). Topic 8 centers on anxiety and mental health,
while Topic 13 highlights supportive community dynamics, with frequent terms such as autistic,
help, thank, support, and community pointing to strong peer-to-peer support.



5.3 Topic to Vector (Top2Vec) and LLM assisted topic enhancement

Table 1 presents the LLM-generated titles and descriptions for randomly selected Top2Vec topics
for X and Reddit. However, this does not imply that other topics discovered are not relevant to
our study; we simply did this due to space limitations. We highlight the following to acknowledge
RQ2.

Table 1: LLM-generated titles and descriptions for randomly selected Top2Vec topics

Source Title Description

X Challenges of Task Initiation = The documents highlight common struggles faced by individuals
for Individuals with ADHD with ADHD regarding initiating and completing tasks. Chal-
lenges include procrastination, feeling overwhelmed, lack of mo-
tivation, need for novelty, and breaking tasks into smaller steps.

X Rejection Sensitivity and Describes intense emotional sensitivity, anxiety, and severe emo-
Emotional Reactivity in tional reactions associated with criticism or rejection, commonly
ADHD linked to ADHD.

Reddit Academic Pressure and Men-  Discusses issues related to academic stress, mental health chal-
tal Health Struggles lenges such as anxiety and depression, procrastination, medica-

tion effects, and feelings of overwhelm.
Reddit Challenges with Teachers in Discusses parents’ challenges with teachers, including behavior
School management issues, denial of accommodations, lack of support
for special needs children, and related frustrations.

* For X data, Topic 4 highlights executive dysfunction, where individuals with ADHD de-
scribe difficulty initiating tasks and low motivation. Topics 61 and 57 emphasize repeated
burnout, emotional overload, and the resulting sense of ineffectiveness, including intense
sensitivity to criticism or rejection (Rejection Sensitive Dysphoria). Topics 21 and 41 cap-
ture professional challenges such as interviews, ghosting, and disclosure-related anxiety,
alongside stress from maintaining productivity in environments not designed for neurodi-
vergent minds.

» For Reddit data, academic stress is a major theme, with users describing struggles around
studying, exams, assignments, and burnout when demands feel unmanageable (Topic 20).
Parents also report frustration and conflict when teachers misunderstand needs or deny ac-
commodations (Topic 58). Other discussions focus on fears of one-sided communication
and difficulty sustaining conversations (Topic 12), as well as on sensory overstimulation,
especially noise sensitivity (Topic 35). Despite these challenges, strengths are evident:
many individuals demonstrate proactiveness and adaptability by seeking practical strategies
to manage hyperfixation and overwhelm, and by building structured routines and support-
ive rituals (Topic 18).

5.4  Extracting Global Themes from Top2Vec topics using ChatGPT

For X, the response to the prompt yielded 12 thematic groupings, while for Reddit, 18 groups
were created. While there were overlaps in some groups’ definitions, the non-overlapping parts,



especially the specific topics that construct those groupings, contributed significantly to under-
standing the narratives. To enable the use of these groupings for additional meaningful insights,
further prompting was provided, explicitly asking for the information to be consolidated into a
structured, downloadable format. Table 2 illustrates some of the thematic groups and their char-
acteristics generated through contextually engineered ChatGPT prompts for the Top2Vec topics
from the X and Reddit datasets, respectively.

Table 2: Randomly selected Top2Vec topics grouped into themes using ChatGPT prompts. ‘The-
matic Grouping’ and ‘Group Characteristics’ are the generated responses.

Source Thematic Grouping Group Characteristics

X Emotional Well-Being, Mental Anger management, trauma responses, therapy experi-
Health, and Trauma ences, mental health stigma.

X Hobbies, Entertainment, and Leisure Personal passions, media interests, collecting, gaming,
Interests birdwatching, body modifications.

X Everyday Routines, Organization, and  Practical strategies for cleaning, decluttering, digital
Personal Productivity organization, cooking, scheduling, and productivity

techniques.

Reddit Family, Parenting, and Children’s Family dynamics, parenting, special-needs parenting,
Education conflicts with teachers, parental concerns.

Reddit Broader Neurodiversity, Personal Community building, stigma reduction, race/neurodiver-
Growth, and Community gence intersectionality, coping strategies.

Reddit Anxiety (General and Specific Fears) ~ General anxiety, health anxiety, panic attacks, specific
fears such as driving, nuclear war, insects.

5.5 Discussion

Our findings in align with prior research that moves beyond deficit-based narratives of neurodi-
versity and instead recognizes both challenges and strengths within educational contexts [5, 14,
15]. Consistent with studies documenting executive dysfunction, emotional regulation difficulties,
and academic stress among neurodivergent learners [41-43], our topic modeling results reveal
sustained discussions of burnout, task initiation challenges, disclosure anxiety, and accommo-
dation barriers. These patterns reinforce existing evidence of gaps between inclusive policy and
the current realities of neurodivergent students in STEM education [44—47]. At the same time,
themes of peer support, strategy-sharing, adaptability, and systems thinking reflect strengths-
based perspectives that highlight cognitive assets relevant to engineering contexts.

The identified themes underscore important implications for engineering education. Persistent
discussions of burnout and accommodation barriers suggest that performance-intensive engi-
neering environments may unintentionally marginalize neurodivergent students. At the same
time, recurring narratives of adaptability, peer collaboration, and systems thinking highlight
strengths that align with core engineering competencies. Together, these insights support a shift
from accommodation-centered approaches toward strengths-informed instructional design and
inclusive learning environments that foster belonging, retention, and innovation [15,48].

This study has several limitations. The data were drawn from self-selected users on public social



media platforms and may not represent the full diversity of neurodivergent individuals, particu-
larly those outside online communities. Topic modeling and embedding-based clustering simplify
complex narratives, and LLM-generated labels provide interpretive summaries rather than defini-
tive classifications. Additionally, user identities and educational affiliations cannot be verified,
limiting direct claims about engineering students. Future research integrating qualitative or insti-
tutional data could strengthen contextual validity within engineering education.

6 Conclusion

This work demonstrates the value of computational methods in surfacing the authentic voices of
neurodivergent individuals across two major social media platforms: X and Reddit. By leverag-
ing a rich blend of natural language processing techniques, including classical clustering, proba-
bilistic topic modeling, and embedding-driven approaches, this study captures the multi-layered,
community-driven discourse around neurodiversity in online spaces.

The work goes beyond content detection to explore how neurodivergent users employ these plat-
forms not only for expression and advocacy but also for knowledge-sharing and emotional co-
regulation. While X supports concise, often affective exchanges centered around personal ex-
perience, Reddit fosters longer, reflective, and advice-oriented narratives. Each platform reveals
distinct dimensions of the neurodivergent experience, highlighting both common and platform-
specific themes in diagnosis, education, workplace dynamics, sensory management, and emo-
tional well-being.

For engineering education, these insights underscore the importance of recognizing both struc-
tural challenges such as burnout, disclosure anxiety, and accommodation gaps, also strengths
such as persistence, systems thinking, and collaborative problem-solving. By leveraging Top2Vec
with LLLM-assisted summarization, this study also contributes a scalable methodological frame-
work for analyzing large-scale discourse to inform inclusive curriculum design, student support
systems, and policy development.

Ultimately, this research not only answers the posed research questions about usage patterns,
recurring themes, and experiences in neurodivergent discourse but also contributes a transfer-
able methodology for social-data-driven inquiry in engineering education and beyond. It affirms
that social media, when ethically harnessed, can serve as a meaningful lens to the challenges,
strengths, and evolving identity of marginalized groups, and that such insights can inform inclu-
sive design, policy, and pedagogical strategies attuned to real-world needs.
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APPENDIX A
Python Function and Contextual Prompt for LLM

This appendix provides provides Python code and contextual prompt that were omitted from the
main paper due to space limitations.

A.1  Python function

def analyze_topics(topic_number, representative_docs, model):

)

3 delimiter = ’####’

4 system_message = "You’'re a helpful assistant. Your task is to provide a label and a description for a
predefined topic based on the documents provided."

5 user_message = £’’’

6 Below is a set of documents, corresponding to a predefined topic number. The documents are delimited
with {delimiter}.

7 Please analyze these documents and assign a meaningful label and a brief description to the topic
number.

8

9 Expected output format:

10 {{

1 "topic_label": "<label>",

12 "topic_description": "A brief description of the topic based on the posts."

13 1}

14

15 The documents are organized as follows:

16 {delimiter}

17 {delimiter.join(representative_docs)}

18 {delimiter}

19 v

20 messages = [

21 {’role’: ’system’, ’content’: system_message},

22 {’role’: ’user’, ’content’: user_message},

23 ]

24 api_response = get_model_response(messages, model=model, temperature=0, max_tokens=1000)

25 api_response_dict = json.loads(api_response.choices[0].message.content)

26 return api_response_dict

Listing 1: Python function to prompt and generate labels and descriptions using GPT

A.2  Finding Global Themes with ChatGPT

1 The text below the "TEXT DATA" heading contains a list of 120 topic labels and

2 topic descriptions separated by the ":" delimiter.
3 You are an expert in neurodivergence and social sciences. I want you to group
4 these topic labels based on how similar they are. You can use the topic
5 description to analyze the semantic similarity of the topic labels.
6
7 For each group of topics you create, give its description, reasoning behind why
8 these topic labels form a group and a list of all the topics that form each of
9 these groups.
0
"TEXT DATA"

Topic 1: Topic 1 description
Topic 2: Topic 2 description

W

7 Topic 120: Topic 120 description

S oSS o EroRC S

o

Listing 2: Contextual prompt for ChatGPT



APPENDIX B

Plots and Figures

B.1 LDA Model Selection
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Figure 3: Coherence scores for LDA models trained on X data across varying numbers of topics.

The point of inflection occurs at n=5.
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Figure 4: PyLDAvis visualization for the LDA model trained on X data (n=5). The left panel
shows inter-topic distances, and the right panel shows the most relevant terms for each topic.
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Figure 5: Coherence scores for LDA models trained on Reddit data across varying numbers of
topics, showing multiple points of inflection.
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Figure 6: PyLDAvis visualization for the LDA model trained on Reddit data (n=24). The left
panel shows intertopic distances, and the right panel displays the most relevant terms for each
topic.



B.2  Top 20 words per LDA topic (X data)
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B.3  Top 20 words per LDA topic (Reddit data, five randomly selected topics)
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Counts and Weights: Top 20 Words for Topic 12
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Counts and Weights: Top 20 Words for Topic 13
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