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ABSTRACT

Navigating college with Attention-Deficit/Hyperactivity Dis-
order (ADHD) presents unique academic and personal chal-
lenges, often leaving students seeking peer support beyond
formal institutional resources. This study applies latent
Dirichlet allocation (LDA) topic modeling, sentiment analy-
sis, and emotion classification to analyze 793 posts and 4,911
comments in r/adhd_college, the largest academic ADHD
community on Reddit. Findings reveal six dominant topics:
academic performance, physical and emotional well-being,
study management strategies, ADHD medication and ef-
fects, accommodations and support services, and research
participation. While discussions generally exhibit a positive
and supportive tone, sentiment variability highlights frustra-
tion surrounding academic stress, mental health, medication
management, and institutional support. The prominence of
positive sentiment and gratitude in comment interactions
emphasizes the role of r/adhd_college as a safe, peer-driven
support space offering members practical advice and cop-
ing strategies. By unveiling the unfiltered perspectives of
ADHD college students, this study contributes to a deeper
understanding of their lived experiences and provides in-
sights for designing community-based resources for academic
success and overall well-being.
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1. INTRODUCTION

Attention-Deficit /Hyperactivity Disorder (ADHD) is a neu-
rodevelopmental condition characterized by inattention, hy-
peractivity, and impulsivity, often persisting into adulthood.
Among college students, ADHD is notably prevalent, with
2% to 8% self-reporting significant symptoms [20] and about
25% of students using disability services diagnosed with AD-
HD [5]. These students frequently struggle with organiza-
tion, time management, and planning (OTP), which can
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negatively affect their academic performance and social in-
teractions [9]. To manage these challenges, many seek sup-
port in online communities, where they connect with peers,
share strategies, and develop a better understanding of their
experiences [4].

Social media, rich with user-generated content, offers a valu-
able resource for studying ADHD in naturalistic settings.
Reddit, a platform built around themed subreddits and anony-
mous discussions, provides a space for open conversations on
sensitive topics like ADHD. Unlike formal surveys or clinical
studies, these informal exchanges offer a unique opportunity
to uncover authentic experiences and practical strategies
shared by community members. Prior data mining studies
on ADHD-related online communities have mainly focused
on linguistic patterns and diagnostic models [6, 2, 11], often
comparing ADHD users with other neurodivergent groups
[8] or examining subgroups within the ADHD community
[13]. However, less attention has been given to how ADHD
college students use online spaces to navigate academic and
social challenges. The subreddit r/adhd college (https://
www.reddit.com/r/adhd_college/) exemplifies this pheno-
menon, providing an affinity space for college students and
continuing education learners with ADHD to connect and
navigate their shared experiences and academic and per-
sonal challenges associated with ADHD. Within this digi-
tal community, members engage in peer-to-peer discussions
that foster knowledge exchange and mutual support, free
from the formalities of traditional educational or clinical set-
tings. As the largest academic ADHD community on Reddit,
r/adhd_college provides a valuable window for understand-
ing the lived experiences of individuals with ADHD in higher
education.

In natural language processing (NLP), topic modeling and
sentiment analysis are widely used to analyze large volumes
of social media text. Topic modeling, a machine learning
technique, identifies and characterizes hidden themes within
vast text corpora using Bayesian inference to uncover under-
lying structures [3]. Latent Dirichlet Allocation (LDA) is
one of the most commonly used algorithms in social media
research, with studies demonstrating its effectiveness in ex-
tracting meaningful topics from user-generated content [1].
In education research, LDA has been applied to explore on-
line discourse, such as analysis of TikTok content on engi-
neering education [17] and dynamic topic modeling of an
Al painting subreddit, showcasing its versatility in informal
learning contexts [19]. These studies highlight LDA’s po-
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tential for examining students’ perspectives in digital spaces.
Sentiment analysis, a key area of affective computing, ex-
tracts sentiments from various human expressions, including
text, speech, and movement [21]. Social media platforms
serve as rich sources of sentiment-laden data, with studies
demonstrating the value of combining LDA with sentiment
analysis to identify mental health concerns [14] and track
patterns in university students’ online discourse [12]. Tra-
ditional sentiment analysis often focuses on opinion mining,
classifying text into positive, negative, or neutral categories.
However, sentiment encompasses more than just opinion, as
emotions can shape or be shaped by expressed viewpoints
[21]. Everyday emotions, such as gratitude, love, frustration,
and confusion, do not always fit neatly into these broad cate-
gories and often convey more nuanced feelings. This distinc-
tion is crucial in ADHD-related discussions, where capturing
subtle emotions can offer deeper insights into the challenges,
frustrations, and coping mechanisms of college students with
ADHD.

By integrating sentiment analysis with emotion classifica-
tion, this study aims to capture the affective dimensions of
discussions within the ADHD college student community, of-
fering a more holistic view of their academic and personal ex-
periences. Rather than limiting analysis to individual posts
and comments, we also examine sentiment and emotion at
the topic level to reveal broader emotional patterns that
shape community interaction. This multi-layered approach
helps illuminate how members articulate and respond to
various concerns and experiences, providing a richer under-
standing of the community’s emotional landscape. Building
on this approach and addressing gaps in the literature, the
study focuses on the r/adhd college subreddit and explores
the following research questions:

RQ1: What are the most common topics discussed within
the ADHD college student community?

RQ2: What is the overall sentiment in the data, and how
does it vary across posts, comments, and topics?

RQ3: What emotions are most prevalent in the data, and
how do they vary across posts, comments, and topics?

2. METHODS
2.1 Data Collection

This study focuses on r/adhd_college, the largest academic
ADHD community on Reddit, which had approximately ele-
ven thousand members at the time of data collection in
December 2024. Data were collected using Asynchronous
Python Reddit API Wrapper (Async PRAW) to interface
with Reddit data, allowing us to retrieve historical posts
and comments from the community. The dataset includes
all posts and comments made between the community’s in-
ception on November 6, 2020, and December 29, 2024, total-
ing 793 posts and 4,911 comments. Prior to data collection,
we submitted a Determination Form for Exempt or Human
Subjects Research and received an exemption from the In-
stitutional Review Board (IRB), as the study was classified
as non-human subjects research.

2.2 Data Preprocessing
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We began by concatenating each post’s title, text, and com-
ments into a single document, creating a unified representa-
tion of each thread for a more comprehensive analysis. To
prepare the data, we implemented a multi-step preprocess-
ing pipeline using the Natural Language Toolkit (NLTK).
First, we tokenized the text, removing punctuation and spe-
cial characters, expanded contractions for clarity, and re-
placed emojis with spaces for standardization. We then re-
moved both generic and dataset-specific stop words before
applying lemmatization with the WordNet lemmatizer to
normalize word variations. Finally, we discarded posts with
empty or invalid text after preprocessing to maintain data
integrity. This structured approach optimized the dataset
for NLP techniques, ensuring robust topic modeling and sen-
timent analysis.

2.3 Data Analysis and Visualization

2.3.1 Topic Modeling

We applied LDA to identify underlying themes within the
dataset, implementing the model using the Gensim library.
To determine the optimal number of topics, we conducted an
initial exploration ranging from 1 to 20, followed by a refined
search from 20 to 30. We adjusted key parameters to en-
hance model stability and optimize topic distribution across
documents. To assess model performance, we used coher-
ence scores, which measure the semantic similarity among
high-probability words within a topic, indicating how well
the topics represent coherent themes [18]. Specifically, we
employed the c_v coherence metric and visualized coherence
scores across different topic configurations. We observed lo-
cal extrema between 6 and 7 topics, with coherence scores of
0.382 and 0.381, respectively. Comparing the interpretabil-
ity of both models, we selected six topics as the optimal
number. Once the LDA model was trained, we assigned a
dominant topic to each thread entry by computing the topic
distribution for each document and selecting the topic with
the highest probability. We then incorporated these topic
assignments into the dataset as an additional column, pro-
viding a structured basis for further sentiment analysis.

To enhance topic interpretation, we used the LDAvis pack-
age [16] to generate an interactive visualization. This tool
displayed the 30 most salient terms for each topic, helping
to identify key themes and explore relationships between
topics. We manually reviewed the top words within each
topic to define overarching themes, assigning descriptive la-
bels based on the most representative terms. This final step
was crucial in translating the LDA model’s numerical out-
puts into meaningful insights that accurately reflect the the-
matic composition of the dataset.

2.3.2  Sentiment Analysis and Emotion Classification
To capture both overall sentiment polarity and nuanced emo-
tional expressions in the textual data, we implemented senti-
ment analysis coupled with emotion classification to explore
how different topics were perceived and discussed. For sen-
timent analysis, we used the VADER module in NLTK [7],
a lexicon-based tool optimized for social media text that
calculates sentiment polarity using compound scores. We
extracted VADER compound scores for each text entry and
analyzed sentiment distribution by computing the median
and interquartile range (IQR) at the topic level. These dis-



tributions were visualized using box plots to show sentiment
variability across topics.

To examine emotional expressions more deeply, we applied
the Roberta-base-go_emotions model from Hugging Face, a
RoBERTa-based deep learning model fine-tuned on Red-
dit data to classify 28 discrete emotion categories [10].
This model generated predicted emotions for each text entry,
along with corresponding confidence scores. To enhance in-
terpretability, we processed the extracted emotions through
several key steps. First, we standardized the data structure
by cleaning and flattening the emotion output. Next, we
aggregated emotions at the topic level by computing the av-
erage emotion scores across all entries within each topic. Fi-
nally, we visualized the emotional intensity within the data
using bar charts and heatmaps, highlighting the distribu-
tion of emotions in posts, comments, and across all data per
topic.

3. RESULTS
3.1 RQ1: LDA Topic Modeling

The topic modeling results identified six key themes com-
monly discussed within the community. As shown in Table
1, these distinct topics emerged after adjusting the relevance
metric (A). Topic 1, the most prominent, centers on aca-
demic performance and navigating college challenges, with
keywords such as “class”, “professor”; “failed”. Topic 2 fo-
cuses on physical and emotional well-being, highlighted by
terms such as “workout”, “insomnia”, and “crisis”. Topic 3
pertains to study management tools and strategies, featur-
ing words such as “note”, “planner”, and “app”. Topic 4 re-
volves around ADHD medications and their effects on daily
life and diet, as indicated by keywords such as “medication”,
“dose”, and “adderall”. Topic 5 encompasses discussions on
accommodations and disability support services, with terms
such as “accommodation”, “disability”, and “extension”. As
illustrated in Figure 1, Topic 1 is closely related to Topic 5,
while Topics 2 and 4 notably overlap and both connect to
Topic 1. Topic 3 has a minor overlap with Topic 4. Topic 6
stands apart, focusing on research participation and recruit-
ment, with keywords such as “survey”, “participant”, and
“consent”.
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Figure 1: Intertopic distance map with the top-30 most rele-
vant terms
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3.2 RQ2: Sentiment Polarity

Using user post data, the distribution of sentiment scores
reveals a clear trend of positive sentiment, as indicated by
the higher concentration of positive sentiment scores (see
Figure 2). Out of 793 posts, 466 (58.8%) exhibited pos-
itive sentiment, 225 (28.4%) reflected negative sentiment,
and 102 (12.9%) were neutral. The median sentiment score
is 0.61, with an IQR of 1.31. This suggests that while com-
munity posts generally maintain a positive tone, they are
also characterized by a broad range of emotional expres-
sions, including occasional strong negative sentiments and
limited neutral discourse. The wide variability in sentiment
scores reflects the diverse emotional experiences expressed
in the user posts within the community.

In comparison, when analyzing the scatterplot of user com-
ments, the sentiment scores are more tightly concentrated on
the positive side (see Figure 3). Among the 4,911 comments,
a substantial majority of 3,369 comments (68.6%) expressed
positive sentiment, while 878 comments (17.9%) conveyed
negative sentiment, and 664 comments (13.5%) were neu-
tral. While positive sentiments still dominate, there is a
noticeable reduction in the variability of sentiment scores
compared to posts. The median sentiment score for com-
ments is 0.49, with a narrower IQR of 0.83, indicating less
emotional fluctuation within comments.
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Figure 2: Sentiment distribution of user posts
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Figure 3: Sentiment distribution of user comments

Consistent with the analyses of posts and comments sep-
arately, the distribution of sentiment scores across the six
identified topics using aggregated thread data reveals a clear



Table 1: Identified topics and keywords

Topic ID  Topic Relevance Metric (A)  Keyword Token Contribution (%)
1 Academic Performance and Chal- 0.28 class, professor, failed, college, 31.5%
lenges phd, credit, program, learning,
degree, scholarship
2 Physical and Emotional Well- 0.08 workout, insomnia, crisis, nighter, 17%
being melatonin, motivating, wake,
pray, pissed, intimidating
3 Study Management Tools and 0.20 note, planner, app, calendar, 16.3%
Strategies glean, anki, phone, transcription,
notification, quizlet
4 ADHD Medication and Effects 0.35 medication, dose, adderall, stim- 15.4%
ulant, food, eat, price, stressful,
strattera, brain
5 Accommodations and Disability 0.40 accommodation, disability, exten- 13%
Support Services sion, ask, exam, extra, testing, di-
agnosis, ada, documentation
6 Research Participation and Re- 0.20 survey, participant, consent, 6.4%
cruitment qualtrics,  consent,  research,
questionnaire, ethical, eligibility,
anonymous
1.00 T positive emotions, particularly gratitude, amusement, ad-
o 0.75 miration, and optimism, are the most prevalent within the
§ 0.50 community. Emotion scores vary across topics, with neu-
n .25 tral emotion being dominant in research participation and
g 0.00 recruitment (Topic 6). In contrast, physical and emotional
E_o0.25 well-being (Topic 2) shows slightly higher levels of disgust,
€ _0.50 ° o while academic performance and challenges (Topic 1) and
& _ 0.75 . o ADHD medication and effects (Topic 4) display slightly el-
1'00 g . evated levels of fear. Overall, while negative emotions such
' i > 3 a 5 6 as remorse, disgust, and fear are present, they occur less
Topic frequently than positive emotions.

Figure 4: Sentiment distribution by topic

trend of positive sentiment within the community (see Fig-
ure 4), with all topics showing median sentiment scores
above zero. Research participation and recruitment (Topic
6) stands out with the highest median sentiment score and
the least variability, indicating discussions that are not only
overwhelmingly positive but also consistently so. In con-
trast, topics such as academic performance and challenges
(Topic 1), physical and emotional well-being (Topic 2), and
ADHD medication and effects (Topic 4) display greater vari-
ability in sentiment scores, with noticeable negative outliers
in academic performance and challenges (Topic 1), reflecting
a broader range of emotional experiences. Meanwhile, study
management tools and strategies (Topic 3) and accommoda-
tions and disability support services (Topic 5) maintain con-
sistently positive sentiment with moderate variability. While
occasional negative sentiments emerge, particularly regard-
ing accommodations, the overall tone remains positive.

3.3 RQ3: Emotion Classification

As shown in Figure 5, gratitude is especially prominent in
comments, indicating frequent expressions of appreciation,
while posts are primarily neutral with slightly higher lev-
els of gratitude and love. Using aggregated thread data,
the distribution of emotion scores in Figure 6 reveals that
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Figure 5: Emotion comparison between comments and posts

4. DISCUSSIONS

4.1 Challenges of College Students with ADHD

The topics discussed within r/adhd_college align with exist-
ing research on ADHD in college students [20, 5. Com-
pared to their neurotypical peers, students with ADHD of-
ten have greater concerns about their academic abilities [15].
Our topic modeling results reflect these challenges, with aca-
demic struggles emerging as the dominant theme, highlight-
ing the centrality of academic concerns for r/adhd_college
members, many of whom likely self-identify as having ADHD.
Despite the generally positive tone revealed by sentiment
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Figure 6: Emotion classification by topic

analysis, discussions on academic stress, mental health, med-
ication, and institutional support show wide sentiment vari-
ation, with occasional strongly negative tones. Elevated lev-
els of fear and disgust in these discussions suggest frustra-
tion, uncertainty, and criticism, which further indicates that
these are likely the key challenges faced by ADHD college
students. To better support ADHD students in their tran-
sition to and navigation of college life, higher education in-
stitutions should consider these challenges when developing
targeted interventions and support services.

4.2 Online Communities as Sources of Sup-
port for ADHD Students

The predominantly positive sentiment in r/adhd_college re-
flects the community’s supportive nature. While posts ex-
press a range of emotions, comments are consistently more
positive, often conveying gratitude, which suggests an af-
firming and encouraging dynamic. Posts typically share
personal experiences, while responses offer advice and val-
idation, fostering a sense of support. A distinct focus on
study tools and strategies further highlights the commu-
nity’s solution-oriented discussions. These findings demon-
strate that r/adhd _college serves as both a source of emo-
tional support and a hub for practical strategies, helping
ADHD students navigate academic challenges. This rein-
forces the insights of [4] that online communities provide
a safe space for young adults with ADHD to share expe-
riences and connect with others, with anonymity further
strengthening this support. Higher education institutions
can explore ways to integrate online communities into their
support frameworks for ADHD students.

4.3 Limitations and Future Research
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One major limitation of this study is the relatively small
dataset and the lack of demographic information, due to
the anonymity and data privacy policies of platforms like
Reddit. These constraints limit the generalizability of our
findings. Future research could address this limitation by ex-
panding the dataset to include additional social media plat-
forms and validating the findings through empirical stud-
ies that explore the experiences of ADHD college students
in both online and offline contexts. Although previous re-
search has identified malingering and medication misuse as
concerns among college students with ADHD [5], these top-
ics were largely absent from r/adhd_college discussions. This
gap may reflect limitations in our topic modeling approach,
which may struggle to detect more nuanced or sensitive
subtopics. Future work could refine these techniques for
greater granularity, incorporate supervised learning to im-
prove classification accuracy, and explore advanced models
that account for topic interdependencies to better capture
semantic overlaps.

S. CONCLUSION

This study used LDA topic modeling to examine discus-
sions from a prominent online academic community for col-
lege students with ADHD, identifying core themes such as
academic performance, emotional and physical well-being,
study strategies, medication effects, accommodation services,
and research participation. The sentiment and emotion pat-
terns observed across these topics not only highlight the
challenges faced by ADHD students but also demonstrate
the community’s role in providing support and practical ad-
vice. Additionally, our findings point to the value of com-
bining opinion mining with emotion classification to uncover
richer emotional dynamics in online discourse, presenting a
promising avenue for future research.
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