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Abstract 
Public discourse about mental health is changing rapidly, and 
these changes are increasingly playing out online. Previous 
research has explored how specific mental health conditions 
are represented on social media, but little is known about rep-
resentations of the wider mental health domain or how these 
representations have evolved over time. Analyzing posts and 
comments from 14 mental health subreddits (2015–2022), we 
characterize shifts in affinities among subreddits based on 
language and user activity. We also examine whether changes 
in mental health discourse reflect changes in attention (sali-
ence) to different conditions. Reddit mental health discourse 
was substantially reshaped over the study period, with autism 
and ADHD becoming more central within the network. 
Moreover, rises in a condition’s centrality within the network 
were associated with increases in its salience. Our findings 
indicate that public understandings may be changing not only 
for individual conditions but also in how mental health and 
disorder are understood more broadly. These shifts may be 
contributing to discrepancies between public and profes-
sional understandings of mental health problems and have 
implications for help-seeking behaviors, overdiagnosis, and 
misdiagnosis. As public attention to mental health grows, un-
derstanding these dynamics is becoming increasingly im-
portant. 

Introduction    
Rates of mental ill health are rising globally (Richter et al. 
2019) and roughly one in eight people worldwide are now 
living with a mental disorder (WHO 2022). The classifica-
tion of mental disorders is also in a state of flux. Diagnostic 
systems such as the Diagnostic and Statistical Manual of 
Mental Disorders (DSM) and the International Classifica-
tion of Diseases (ICD) have been criticized for drawing 
questionable distinctions between disorders (Borsboom et 
al. 2011; Forbes et al. 2024) and between pathology and nor-
mality (Fried and Nesse 2015; Galatzer-Levy and Bryant 
2013), and have undergone multiple revisions. Radically 
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new approaches to classification and diagnosis have been 
proposed (e.g., Cuthbert & Insel, 2013; Kotov et al., 2017).  
 While there has been substantial work on the conceptual-
ization and classification of mental disorder by profession-
als, less attention has been paid to changes in how the public 
understand it. Public awareness of mental health has grown 
substantially, as the proliferation of mental health discourse 
on social media demonstrates. Twitter posts mentioning 
‘mental health’ increased nearly 100-fold between 2012-
2018 (Stupinski et al. 2022) and the hashtag #mentalhealth 
has amassed over 26 million posts on the video-based social 
media platform TikTok. This growing awareness has led to 
important benefits such as reducing stigma (e.g., Ahad et al. 
2023), but there is increasing recognition of the potential 
risks. Increases in mental health discourse on social media 
are linked to greater utilization of healthcare services (Booth 
et al. 2018). Increased exposure to harmful content on social 
media can induce or exacerbate mental disorders, as re-
search on eating disorders attests (Hinojo-Lucena et al. 
2019; Pruccoli et al. 2022). Mental health discourse on so-
cial media has also been implicated in the sociogenic spread 
of symptoms, such as the rise in adolescents presenting with 
tic-like behaviors attributable to exposure to tic-related con-
tent (Olvera et al. 2021). Similar trends have also been doc-
umented with respect to dissociative identity disorder (DID) 
and the rise in content related to switching self-states (Salter 
et al. 2025; Haltigan et al. 2023; Christensen 2022). Clini-
cians have also reported increases in self-diagnosed cases of 
ADHD and autism (Hartnett and Cummings 2024; Weigle 
and Shafi 2024), and there is evidence that holding inaccu-
rately expansive definitions of mental illness is associated 
with self-diagnosis (Tse and Haslam, 2024). Although self-
diagnosis can promote appropriate help-seeking, it can also 
lead to unwarranted, ineffective or even harmful treatment 
(Allison et al. 2023). Together, these studies highlight the 
consequential implications of mental health discourse on so-
cial media. 
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 As most mental health-related content is created by non-
professionals (Basch et al. 2022), it often contains inaccu-
rate information. An analysis of the 100 most popular Tik-
Tok videos about ADHD (attention-deficit/hyperactivity 
disorder) found over half (52%) were misleading (Yeung et 
al. 2022). Similarly, an analysis of the top 133 TikTok vid-
eos tagged #autism reported 27% were accurate, 41% were 
inaccurate, and 32% contained potentially misleading over-
generalizations (Aragon-Guevara et al. 2023). Similar con-
cerns have been raised about discourse related to obsessive-
compulsive disorder (OCD; Tan et al., 2021) and DID 
(Munoz et al., 2024). In this content, these conditions are 
often presented in a sympathetic and strengths-focused but 
simplistic way, with users finding a sense of identity and 
self-understanding that propels further engagement (Cor-
zine and Roy 2024; Haltigan et al. 2023). The algorithmic 
design of these platforms then reinforces this pattern by pri-
oritizing similar content (Avella 2024), which can amplify 
and perpetuate the spread of misleading or inaccurate infor-
mation over time. 

Related Work 
Advances in machine learning (ML) and natural language 
processing (NLP), including large language model (LLM) 
methods (Xu et al. 2024), have enabled the large-scale anal-
ysis of social media discourse. A substantial focus of this 
work has been detecting the presence of mental health con-
ditions such as depression (De Choudhury et al. 2013; 
Eichstaedt et al. 2018), generalized anxiety disorder (Shen 
and Rudzicz 2017), schizophrenia (Mitchell et al. 2015), 
post-traumatic stress disorder (PTSD; Coppersmith et al. 
2014), suicide risk (O’Dea et al. 2015), anorexia nervosa 
(Wang et al. 2017), and ADHD (Guntuku et al. 2017), uti-
lizing data from platforms such as Twitter, Facebook, and 
Reddit. These studies typically focus on identifying linguis-
tic markers of specific conditions. 
 Researchers have paid far less attention to how these con-
ditions are represented or conceptualized within social me-
dia discourse. Most of the studies that have done so have 
been restricted to single conditions. Three exceptions have 
explored relationships among multiple conditions using 
Reddit data. Kalantari et al. (2023) identified overlapping 
topics and themes in autism and ADHD communities. Park 
et al. (2018) found that anxiety and PTSD subreddits were 
more similar to each other than to the depression subreddit. 
Ringwald et al. (2025) compared the hierarchical structure 
of 27 mental health-related subreddits with the structure pro-
posed by a popular system of psychiatric classification, re-
vealing overlaps between the two.  
 Most existing work on social media mental health dis-
course has focused on a single time point rather than exam-
ining patterns of temporal change (Owen et al. 2024). How-
ever, studies using large historical text corpora have shown 

that mental health-related concepts have undergone signifi-
cant semantic shifts over time (Baes et al. 2024; Haslam et 
al. 2020; Xiao et al. 2023). For example, Haslam et al. 
(2021) found that the concept of “trauma” broadened its 
meaning in academic psychology texts from the 1970s to the 
2010s, which coincided with increases in the concept’s cul-
tural salience. To our knowledge, only one study has exam-
ined shifts in the relationship between two mental health 
conditions; using Reddit data from the two largest ADHD- 
and autism-related communities over a ten-year period, 
Kang et al. (2025) found that the conditions became increas-
ingly interconnected in terms of co-mention frequency, se-
mantic similarity, and thematic content. No research to date 
has examined broader patterns of change in mental health 
discourse on social media. 

Our Contributions 
Given the rising public attention to mental health and the 
paucity of work examining how public mental health dis-
course has evolved, the present study examines how affini-
ties among mental health subreddits have reconfigured over 
time. It aims to characterize how relationships among con-
ditions have changed and how these changes are related to 
shifts in public attention to them. One such shift is the rise 
of the neurodiversity movement. Emerging as a call to em-
brace neurological differences, this movement is reframing 
how neurodevelopmental conditions are understood by 
shifting narratives around causes, presentations, and appro-
priate support (Grummt 2024). It challenges diagnostic cat-
egories and emphasizes that such conditions exist on a spec-
trum, with neurodivergent individuals often presenting with 
symptoms spanning multiple conditions (Miranda‐Ojeda et 
al. 2025). Despite its impact, the concept of neurodiversity 
is inconsistently defined, partly because it has been shaped 
by diverse and sometimes contradictory interpretations 
(Doyle 2020; Botha et al. 2024; Dwyer et al. 2024). As such, 
the concept is dynamic and has a family resemblance struc-
ture rather than one based on necessary and sufficient con-
ditions (Wittgenstein 1953). Autism and ADHD are central 
to the concept. However, the concept is often extended to 
conditions such as dyspraxia, dyslexia, and Tourette syn-
drome (Clouder et al. 2020; Doyle 2020), and sometimes 
neurodiversity is extended to other mental health conditions 
such as bipolar disorder (Miranda‐Ojeda et al. 2025). 
 We expect neurodiversity-related conditions (particularly 
autism and ADHD) to become more salient (i.e., receive 
greater attention) and more central within Reddit’s mental 
health discourse. We use posts and comments from 14 men-
tal health-related subreddits over a seven-year period to ex-
amine their similarities using linguistic and user-based rep-
resentations and explore the following questions:  
• RQ1: How have the pairwise similarities among mental 

health–related subreddits shifted over time?  
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• RQ2: Which subreddits have become increasingly simi-
lar (central) to the overall network over time?  

• RQ3: Are these shifts in network position associated with 
changes in public attention to particular conditions (sali-
ence)?  

 We find that Reddit mental health discourse was substan-
tially reshaped over the study period, with autism and 
ADHD becoming more central to the broader mental health 
network. Moreover, rising similarity to the network was also 
associated with increases in a condition’s salience. These 
findings suggest that relationships among mental health sub-
reddits have changed over time, signaling potential shifts in 
public understanding not only of particular conditions but 
also of mental health and disorder more generally. 

Method 

Data 
Reddit is a prominent platform for studying online mental 
health-related discourse, because of its large volume of user-
generated content.  Reddit is a forum-style social media plat-
form organized around communities focused on specific 
topics of interests, known as subreddits. Subreddit names 
are prefixed by “r/” (e.g., r/funny, r/worldnews, and r/gam-
ing). As such, Reddit is a suitable platform for our study as 
this community-based structure allows us to investigate dis-
course related to specific mental health conditions and easily 
observe user posting activity across subreddits.  
 Our dataset was incrementally collected from Pushshift.io 
until the beginning of 2023. The dataset covered the years 
of 2015 to 2022. We focused on 14 mental health–related 
subreddits: r/ADHD, r/autism, r/Anxiety, r/bipolar, r/BPD 
(borderline personality disorder), r/OCD, r/ptsd, r/Dyslexia, 
r/dyspraxia, r/DID, r/schizophrenia, r/socialanxiety, r/Tou-
rettes, and r/depression. These were selected to represent a 
diverse collection of the most popular mental health-related 
subreddits, as they included sufficient posts and comments 
across years. There was also a deliberate attempt to include 
neurodiversity-related conditions given our expectation that 
these conditions have become especially salient in recent 
years. Specifically, we consider these to be ADHD, autism, 
dyslexia, dyspraxia, and Tourette syndrome as these are the 
conditions most associated with the neurodiversity move-
ment (Clouder et al. 2020; LeFevre-Levy et al. 2023; Sten-
ning and Rosqvist 2021; Masataka 2017) compared to other 
conditions such as OCD, which is less often associated with 
the concept of neurodiversity (Doyle 2020). We avoided 
overrepresenting any single broad diagnostic grouping (e.g., 
anxiety disorders) from the DSM to avoid topical skew. Fur-
thermore, we selected only one subreddit per condition, ex-
cluding more specific communities such as r/adhdwomen or 
r/anxietysuccess. This approach was intended to capture the 

most general discourse related to each condition on Reddit. 
This selection was not intended to be comprehensive.  
 We retained original posts and top-level comments (i.e., 
direct responses to posts) under the assumption that these 
better reflect a community’s focus, as opposed to lower-
level replies (i.e., any comment that replies to another com-
ment), which may be more conversational and tend to drift 
from the main topic of the original post (Zhang et al. 2017). 
The filtered dataset included 11.08M comments and 3.37M 
posts. The total posts and comments per month for each sub-
reddit are shown below in Figure 1.  

Ethical Statement 
This study was approved by the University of Melbourne 
Human Research Ethics Committee (2024-30416-58642-3). 
We analyzed publicly available social media data in accord-
ance with institutional ethical guidelines. Because the data 
were public and non-identifiable, the ethics committee 
granted a waiver of informed consent. Although the data an-
alyzed in this study are publicly available, we recognize that 
they concern sensitive and potentially vulnerable discus-
sions related to mental health. Engagement with such data 
therefore raises important ethical considerations, including 
the risk that findings could be misinterpreted, taken out of 
context, or used in ways that could enable monitoring of in-
dividuals or communities. Consistent with the guidelines 
proposed by Benton et al. (2017), we use appropriate pro-
tections for this sensitive data. We analyze and report only 
aggregated data, do not include any personally identifiable 
information, and do not use verbatim quotations. Data are 
stored on a secure server, with access limited to researchers 
involved in the project.  

Figure 1. Log scaled total number of posts and comments 
per month for each subreddit from 2015 to 2022. 
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 We caution against using these results to guide clinical or 
policy decisions that could potentially stigmatize specific 
groups or communities.  

Analysis 
We applied standard preprocessing measures to all text, 
which included lowercasing, punctuation and URL removal, 
and lemmatization. Following Lucy and Mendelsohn 
(2019), we removed tokens that appeared in only one sub-
reddit or in all subreddits so that extremely rare words and 
stop words were removed, as well as users who appeared in 
one or all subreddits to filter out rare users and bots. From 
the cleaned text we extracted unigrams, bigrams, and tri-
grams. 
Text and User Pairwise Similarity  
To assess the similarity between subreddits, for each year 
we computed the term frequency-inverse document fre-
quency (TF-IDF; Sparck Jones 1972) vectors for each sub-
reddit using user and n-gram frequencies. The TF-IDF vec-
tors were calculated using the following equation: 
 

𝑤!,# = #1 + log 𝑡 𝑓!,#+ log -
𝑁
𝑑𝑓!

0 

All posts and top-level comments from each subreddit 
and each year were concatenated and treated as a single doc-
ument. For both text- and user-based vectors, TF was com-
puted using the frequency of t (n-gram or user) in d (subred-
dit). IDF represents the number of subreddits in which t ap-
pears, and N is the total number of subreddits.  

We then applied truncated singular value decomposition 
(SVD) to reduce the dimensionality of the TF-IDF matrix to 
100 components. The resulting vectors were normalized to 
unit length. Cosine similarity, the cosine angle between vec-
tors, was calculated between pairs of subreddit vectors to 
quantify text and user similarity for each year.  

Last, we computed the change in similarity between all 
pairs of subreddits across years. To do so, a simple linear 
regression model was fitted using year as the independent 
variable and cosine similarity as the dependent variable. 
This was computed separately for text and user similarity. 
The resulting regression slope coefficient quantifies the av-
erage annual rate of change in similarity for a given pair. A 
positive slope indicates increasing similarity over time, 
whereas a negative slope reflects decreasing similarity. 

Although alternative representations (e.g., word embed-
dings or topic models) can be used to assess subreddit simi-
larity, we adopt TF–IDF because it is transparent, does not 
require tuning, and allows for simple comparison across 
years. It can also be applied to text and user activity, allow-
ing the use of a single similarity metric (cosine) across both 
dimensions. This choice aligns with prior work that has 

compared subreddit similarity in language and/or user activ-
ity (Datta et al. 2017; Kumar et al. 2018; Lucy and Mendel-
sohn 2019; TeBlunthuis et al. 2022). 
Text and User Similarity to the Network 
To assess the similarity of each subreddit to the broader net-
work of mental health communities, we computed for each 
year a composite TF-IDF vector representing all subreddits 
except the target. To calculate the composite vector, we first 
calculated log-normalized term frequency (TF) scores for 
each subreddit, then summed these TF vectors across all 
mental health subreddits (not including the given target sub-
reddit). We then applied the globally calculated inverse doc-
ument frequency (IDF) weights to this composite TF vector 
to obtain the final TF-IDF representation. For each target 
subreddit and year, we reused the text- and user-based TF-
IDF vectors from the pairwise analysis and then calculated 
the cosine similarity between the target subreddit’s vector 
and the corresponding composite vector. This method cap-
tured how similar each subreddit was to the broader dis-
course or user base of all other mental health communities. 

To quantify change over time, we fitted a simple linear 
regression model for each subreddit, with year as the inde-
pendent variable and cosine similarity as the dependent var-
iable. This was computed for both text- and user-based sim-
ilarity. A positive slope indicates a subreddit is becoming 
more central to the broader network over time. 
Condition Salience Change 
We calculated the average annual growth rate of activity 
within each subreddit using the compound annual growth 
rate: 

Growth	Rate = -
𝑉end
𝑉start

0
$
%
− 1	

Here, Vstart and Vend represent the number of posts and top-
level comments (i.e., direct responses to posts) in the first 
and last years of the dataset, respectively, with n = 7 years. 
This metric captures the yearly change rate in subreddit ac-
tivity, used here as a proxy for shifts in the attention to or 
salience of specific mental health conditions, assuming that 
higher user activity reflects greater attention. We examined 
whether changes in salience were related to changes in a 
subreddit’s similarity to the network by correlating each 
subreddit's growth rate with its network similarity slope co-
efficient. 

Finally, we repeated the pairwise and network similarity 
analyses with a set of control subreddits drawn from prior 
mental health-related research (Morini et al. 2025). In this 
work, the authors curated a list of subreddits intended to in-
clude communities both similar to and distinct from mental 
health subreddits: r/Advice, r/RealEstate, r/eczema, r/com-
munism, r/modelmakers, and r/dankchristianmemes.   
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Results 

Text and User Pairwise Similarity  
Below we present heatmaps of slope coefficients, reflecting 
the average annual change in similarity between subreddit 
pairs, based on TF-IDF representations of text and user ac-
tivity. Darker cells indicate greater change in affinity be-
tween subreddits. Blue cells represent increasing similarity, 
indicating growing convergence over time, whereas red 
cells represent decreasing similarity, indicating growing di-
vergence. 
 

Figure 2 presents a heatmap of slope coefficients for text 
similarity (see Table 1 in Appendix for full list of slope co-
efficients). The strongest increase was observed between 
r/ADHD and r/autism (B = 0.04, p = 0.003). Furthermore, 
over time r/ADHD and r/autism became increasingly similar 
to the other conditions commonly associated with neurodi-
versity, r/Tourettes (r/autism: B = 0.01, p < 0.001, r/ADHD: 
B = 0.01, p = 0.002), r/dyspraxia (r/autism: B = 0.01, p < 
0.001, r/ADHD: B = 0.01, p < 0.001), and r/Dyslexia (r/au-
tism: B = 0.01, p < 0.001, r/ADHD: B = 0.01, p = 0.003). 
These findings indicate that over time the language in neu-
rodiversity-related subreddits have become more similar to 
each other. 

 Notably, r/autism became increasingly similar to all other 
mental health subreddits, particularly r/DID (B = 0.02, p < 
0.001), r/BPD (B = 0.02, p < 0.001), and r/OCD (B = 0.02, 
p = 0.002). Comparatively, r/ADHD also showed the strong-
est increases in similarity with r/DID (B = 0.02, p < 0.001), 
r/OCD (B = 0.02, p < 0.001), and r/BPD (B = 0.01, p = 

0.002) but decreased in similarity with r/depression (B = -
0.01, p = 0.008). Additionally, r/OCD, r/Tourettes, and 
r/DID exhibited widespread increases in similarity. 

The greatest decrease in similarity occurred between 
r/Anxiety and r/depression (B = -0.04, p < 0.001). Addition-
ally, the subreddits related to bipolar, schizophrenia, social 
anxiety, anxiety, and depression decreased in similarity with 
each other (Bs -0.01 to -0.03, all ps < 0.05 except for the 
bipolar and schizophrenia comparison where p > 0.05). 

 Mean slopes for pairwise comparisons between control 
subreddits (r/RealEstate, r/eczema, r/communism, 
r/modelmakers, r/dankchristianmemes), and mental health 
subreddits were approximately B ≈ 0.00, except r/Advice (B 
= 0.01).   

Figure 3 presents a heatmap of slope coefficients for user 
similarity (see Table 2 in Appendix for full list of slope co-
efficients). Consistent with the text similarity results, 
r/ADHD and r/autism showed the largest increase in user 
similarity (B = 0.03, p = 0.002) and they also both became 
more similar to the neurodiversity-related subreddits, r/Tou-
rettes (r/autism: B = 0.01, p = 0.003, r/ADHD: B = 0.005, p 
= 0.013) and, r/dyspraxia (r/autism: B = 0.003, p = 0.012, 
r/ADHD: B = 0.004, p = 0.002). Additionally, r/ADHD be-
came more similar to r/Dyslexia (B = 0.01, p = 0.008). 
Again, these findings indicate that over time the user bases 
in neurodiversity-related subreddits have become more sim-
ilar to each other. 

Among all subreddits, r/autism experienced the most 
widespread increase in user similarity, particularly with 
r/DID (B = 0.01, p = 0.001), r/BPD (B = 0.01, p = 0.001), 
and r/OCD (B = 0.01, p < 0.001).  

Figure 2. Heatmap of average annual rate of change in text 
similarity between pairs of subreddits. 

Figure 3. Heatmap of average annual rate of change in user 
similarity between pairs of subreddits. 
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Similarly, r/ADHD became more similar to most other sub-
reddits, particularly with r/ptsd (B = 0.01, p < 0.001), r/OCD 
(B = 0.01, p = 0.002), and r/BPD (B = 0.01, p < 0.001). 
Widespread increases in similarity were also observed for 
r/OCD. 

The largest decline in pairwise similarity was between 
r/Anxiety and r/depression (B = -0.03, p < 0.001). Both com-
munities also became less similar to r/socialanxiety (r/Anx-
iety: B = -0.01, p = 0.005, r/depression: B = -0.01, p = 0.043) 
and r/bipolar (r/Anxiety: B = -0.004, p = 0.004, r/depression: 
B = -0.01, p < 0.001), with smaller declines relative to 
r/schizophrenia (r/Anxiety: B = -0.001, p = 0.019, r/depres-
sion: B = -0.005, p = 0.014), r/ptsd (r/Anxiety: B = -0.002, p 
= 0.024, r/depression: B = -0.003, p = 0.021), and r/BPD 
(r/depression only: B = -0.004, p = 0.023).  
 The mean slopes of the user similarity pairwise compari-
sons between control subreddits and the mental health-re-
lated subreddits were all B ≈ 0.00 (r/Advice, r/RealEstate, 

r/eczema, r/communism, r/modelmakers, r/dankchris-
tianmemes). 

Overall, changes in user similarity over time were less 
pronounced than those observed in the text similarity re-
sults. However, there was a strong, positive association be-
tween user similarity slopes and text similarity slopes across 
subreddit pairs (Pearson’s r = 0.86, p < .001), suggesting 
that subreddit pairs that became more similar in user activity 
over time also tended to become more similar in language.  

The network graphs in Figure 4 show affinities among 
mental health subreddits in 2015 and 2022. We visualized 
the graphs in Gephi (Bastian et al. 2009). Nodes are scaled 
by each subreddit’s total number of posts plus top-level 
comments in the given year. Edges are weighted by cosine 
similarity between subreddit pairs, for both user activity 
(right) and text (left) TF–IDF representations. We used the 
Fruchterman–Reingold layout to display the overall config-
uration of the mental health subreddit network. The left side 

2022 2022 

Figure 4. Network graph showing text similarity (left) and user similarity (right) between subreddits for 2015 (top) and 
2022 (bottom). Edge thickness reflects the strength of similarity and node size represents total post and comment volume 
per subreddit. Only the top 65% of edges by similarity strength are displayed.  

2015 2015 
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of Figure 4 demonstrates the growing text similarity be-
tween r/ADHD and r/autism and the substantial expansion 
in their activity levels, as indicated by the larger node sizes. 
It also illustrates the shifting affinities with various other 
subreddits. For example, when comparing 2015 to 2022 the 
link between r/autism and r/ADHD with r/OCD, r/DID, and 
r/Tourettes, became notably stronger. By implication, the af-
finities among multiple subreddits have shifted over the 
study period in tandem with changes in the relative salience 
of the subreddits.  

The right side of Figure 4 illustrates the user similarity 
among the network of mental health-related subreddits in 
2015 and 2022. It highlights the growing affinity between 
the r/ADHD and r/autism, and the substantial expansion in 
their activity levels, as indicated by the larger node sizes. 
Furthermore, it shows the increased affinities among r/au-
tism and r/ADHD with r/DID, r/BPD, and r/ptsd over time.  

Text and User Similarity to the Network  
Figures 5 and 6 illustrate changes in each subreddit’s simi-
larity to the rest of the network, measured as yearly cosine 
similarity between each subreddit and the composite net-
work vector. Figure 5 shows shifts in text-based similarity: 
r/depression and r/Anxiety were most similar to the overall 
network until r/ADHD surpassed them after 2020. Mean-
while, r/autism maintained a relatively stable similarity until 
a sharp increase after 2020, becoming the second most sim-
ilar subreddit to the rest of the network by 2022, behind 
r/ADHD. These findings indicate that r/ADHD and r/autism 
have become more typical of or central to the overall mental 
health-related subreddit network over time.  

The slope coefficients, representing the average annual 
change in text similarity between the control subreddits and 

the mental health subreddit network were all B ≈ 0.00 (r/Re-
alEstate, r/eczema, r/Advice, r/modelmakers, r/dankchris-
tianmemes), except r/communism (B = -0.01).   

Figure 6 presents comparable findings to Figure 5 but em-
ploying user- rather than text-based similarity. Until 2019, 
user similarity between r/ADHD and the rest of the subred-
dit network remained relatively stable, ranking below r/de-
pression, r/Anxiety, and r/socialanxiety. However, after 
2020, r/ADHD rose steadily until it ranked highest in user 
similarity by 2022. A similar pattern is observed in r/autism: 
it remained stable until a steady increase after 2020 and be-
came the fourth highest in user similarity with the rest of the 
subreddit network by 2022. These findings replicate that 
r/ADHD and r/autism have become more central in the over-
all mental health subreddit network, consistent with the text-
based similarity results in Figure 5. 

The slope coefficients, representing the average annual 
change in user similarity between the control subreddits and 
the mental health subreddit network were all B ≈ 0.00 (r/Re-
alEstate, r/eczema, r/Advice, r/modelmakers, r/dankchris-
tianmemes, r/communism). 

Condition Salience Change 
Finally, we observed strong positive correlations between 
yearly change rate in subreddit activity and changes in both 
text-based (Spearman’s ρ = 0.92, p < .001) and user-based 
(Spearman’s ρ = 0.87, p < .001) subreddit similarity to the 
network. In other words, subreddits showing larger in-
creases in attention or salience over time also tended to be-
come more similar to the overall mental health subreddit 
network in both language use and user base. Note that the 
composite vectors used to calculate similarity in each case 
excluded the target community, meaning that the commu-
nity size is not a confounding factor in the comparison. The 

Figure 5. Text similarity per year between each subreddit 
and the whole network of mental health-related subreddits 

Figure 6. User similarity per year between each subreddit 
and the whole network of mental health-related subred-
dits. 
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results indicate that greater attention to a mental health con-
dition on Reddit is associated with the condition becoming 
more central in mental health discourse. 

Discussion 
Public discourse about mental health is changing rapidly, 
and much of this change is now happening online. Previous 
research has explored how specific conditions are repre-
sented on social media, but few have examined how repre-
sentations of the broader mental health domain have altered 
over time. This study is the first to examine how social me-
dia discourse on mental health has been reconfigured, in 
terms of patterns of shifting affinities among subreddits, and 
how that reshaping reflects changes in attention to different 
mental health conditions. Analyzing posts and comments 
from 14 mental health subreddits (2015–2022), we charac-
terized changes in their linguistic and user similarity. Fur-
thermore, we examined whether these shifts were associated 
with changes in their salience. We found evidence of con-
sistent patterned changes that reflect a substantial reconfig-
uration of mental health subreddits. Autism and ADHD 
have become increasingly central to the network of mental 
health communities. We also found that, conditions that 
have attracted greater attention have become more central. 
It is important to note that some of the observed shifts were 
relatively modest in magnitude. However, our interpreta-
tions prioritize the direction and consistency of trends across 
the user- and text- based similarity measures, rather than re-
lying on the size of trends alone.   
 Pairwise similarities between mental health subreddits 
clarify how relationships have changed over time. Across 
language and user similarity, the largest increase was be-
tween r/ADHD and r/autism. Based on a qualitative analysis 
of posts and comments in the two communities, discussions 
in later years increasingly centered on overlapping traits 
such as social difficulties, sensory sensitivities, and re-
stricted or fixed interests. In contrast, some earlier discus-
sions emphasized their distinctive underlying causes. For 
example, posts distinguished between ADHD-related hyper-
focus and the restricted interests characteristic of autism, 
noting that although these behaviors may appear similar, 
they arise from different mechanisms. Both r/ADHD and 
r/autism also showed notable increases in similarity with 
r/DID, r/BPD, r/OCD, and r/ptsd. The growing salience of 
social media discourse related to these conditions (and for 
PTSD, discourse centered on trauma) has been widely dis-
cussed (Aragon-Guevara et al. 2023; Corzine and Roy 2024; 
O’Connor et al. 2024; Pavelko and Myrick 2016; Salter et 
al. 2025; Yeung et al. 2022). Some of this work shows that 
social media discourse is oversimplifying or expanding di-
agnostic concepts. These dynamics may be contributing to a 
blurring of boundaries between conditions that increases the 

similarity of discourse about them. Additionally, r/ADHD 
and r/autism became more similar to other neurodiversity-
related subreddits (r/Dyslexia, r/dyspraxia, and r/Tourettes) 
in text and users, with the sole exception being user similar-
ity between r/autism and r/Dyslexia. This pattern could be 
attributed to the rising salience of the neurodiversity move-
ment, which has grouped these conditions together and em-
phasized that such conditions exist on a spectrum rather than 
as distinct diagnostic categories (Miranda‐Ojeda et al. 
2025). Our findings extend those of Kang et al. (2025) by 
demonstrating that ADHD and autism have not only con-
verged with one another in social media discourse, but also 
with a wider set of conditions.  
 There were also some notable decreases in text and user 
similarity between conditions, with the strongest decrease 
observed between r/Anxiety and r/depression. Qualitative 
examination of posts and comments in r/depression and 
r/Anxiety reveal that earlier discussions tended to focus on 
overlapping symptoms, such as distorted thinking, lethargy, 
and irritability, as well as the challenges associated with ex-
periencing both conditions. In later years, while these diffi-
culties continued to be acknowledged, conversations in-
creasingly emphasized the distinct qualities of each condi-
tion. For example, depression was often described as “pull-
ing people into the past,” whereas anxiety was characterized 
as causing “fear of the future”. The bipolar disorder, schiz-
ophrenia, social anxiety, anxiety and depression subreddits 
also decreased in text and user similarity with each other, 
based on the pairwise comparisons. This pattern diverges 
from what would be expected based on professional under-
standings, given high rates of comorbidity between mood 
and anxiety disorders (Huppert 2009; Kalin 2020) and high 
levels of symptom overlap (Baldessarini et al. 2020). The 
observed divergence in the discourse among these condi-
tions suggests that shifts in public understandings of mental 
ill health may not mirror clinical frameworks, which empha-
size their underlying similarities and frequent co-occur-
rence.  
 The text- and user-based network graphs illustrate that af-
finities among multiple subreddits have shifted over the 
study period in tandem with changes in the relative salience 
of the subreddits. Node size and edge strength increased 
most for r/ADHD and r/autism, whereas r/depression 
showed the most pronounced decline in node size and weak-
ening of connections. The graphs depicting changes in sub-
reddit similarity to the broader network likewise indicate 
that the ADHD and autism communities increasingly con-
verged with the network as a whole, particularly around 
2020, whereas r/Anxiety and r/depression became less cen-
tral. Moreover, these shifts were associated with changes in 
condition salience, suggesting that as conditions attracted 
greater attention, their language and users aligned more 
closely with other mental health communities. Previous 
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work has shown concepts that have received increased cul-
tural attention have broadened their meanings (Haslam et al. 
2021). The early 2020s has also been noted as an inflection 
point of neurodiversity discourse on social media, coincid-
ing with increased social media usage and isolation associ-
ated during the COVID-19 pandemic (Alper et al. 2025). As 
ADHD and autism are central to the neurodiversity move-
ment, their meanings may have expanded as the movement 
itself grew in prominence, increasing their similarity to the 
broader mental health network.  
 Our findings have important implications. Scholarly in-
terest in the representation of mental ill health on social me-
dia is growing, alongside concerns about misinformation 
(e.g., Starvaggi et al., 2024). We show that affinities among 
mental health subreddits have shifted over time, suggesting 
that public understandings may be changing not only for in-
dividual conditions but also for the wider mental health do-
main. These shifts may be contributing to discrepancies be-
tween public and professional understandings of mental 
health problems and to altered patterns of help-seeking and 
self-diagnosis (Corzine & Roy 2024). For example, the ris-
ing affinity between the ADHD- and autism-related subred-
dits is likely to lead people who have only one condition to 
seek diagnosis and treatment for both (Russell et al. 2022). 
This development might result in inappropriate dual or "co-
morbid" diagnosis, unwarranted service use and treatment, 
and unnecessary complication of treatment planning. More 
generally, the rising interconnectedness and similarity of 
several conditions, including BPD, Tourette syndrome, and 
DID as well as ADHD and autism, risks blurring important 
distinctions among them. This blurring could foster misdi-
agnosis (i.e., assigning an incorrect diagnosis) and over-di-
agnosis (i.e., assigning multiple diagnoses when only one 
applies). 
 In addition, the rising salience of conditions such as 
ADHD and autism that we observed would be expected to 
promote unwarranted self-diagnosis or "overinterpretation" 
(Foulkes & Andrews 2023) of each condition inde-
pendently. Studies have found that a condition's increasing 
salience tends to drive the broadening of its definition (Xiao 
et al. 2023) and that holding broad concepts of illness is as-
sociated with self-diagnosis, holding constant levels of dis-
tress and disability (Tse & Haslam 2024). There is a risk that 
as some conditions become more culturally salient and cen-
tral to the domain of mental health, people will come to in-
correctly identify symptoms of less prominent conditions as 
features of the more salient ones. Forms of emotional dis-
tress that are typical of depression and anxiety, for example, 
may be viewed through the lens of ADHD or autism, with 
further implications for misdiagnosis. These findings high-
light the need for evidence-based awareness strategies and 
better-informed public discourse led by mental health pro-
fessionals that delineate important distinctions among con-
ditions to reduce such potential risks. 

Limitations  
To our knowledge, this study is the first to systematically 
investigate shifts in the configuration of mental health dis-
course on social media. Future work should broaden the set 
of conditions studied to capture a more expansive map of 
psychopathology (e.g., adding eating disorders and sub-
stance-use disorders) or, alternatively, increase the number 
of conditions within categories (e.g., panic disorder, agora-
phobia) to examine shifts in higher-order diagnostic group-
ings. 
 Despite its novel focus, this study has limitations. Reddit's 
user base is heterogeneous, including people seeking sup-
port, sharing lived experiences, or simply curious, and alt-
hough it is likely to reflect wider public discourse related to 
mental health it is not representative of the general popula-
tion or generalizable to it. This limitation is further com-
pounded by the demographic skew of Reddit data. For ex-
ample, Reddit users in the United States tend to skew male, 
younger (18–29 years old), and identify as politically left-
leaning. They also tend to have higher income levels, be col-
lege-educated, and reside in urban or suburban areas. Ra-
cially, they are more likely to identify as Asian, followed by 
Hispanic, White, and Black (Barthel et al. 2016). Future 
studies could extend similar methodologies to offline con-
texts or other platforms such as X, Facebook, or TikTok to 
determine whether the observed trends hold across plat-
forms. Given that numerous studies have documented men-
tal health misinformation on TikTok (Starvaggi et al. 2024), 
replication in this context could be especially informative. 
Finally, the seven-year window we examined extends only 
until 2022, omitting more recent developments. While the 
dataset spans a period of rising public attention to mental 
health, future work should use datasets with more recent 
data. Nevertheless, our findings demonstrate important and 
novel insight into shifting public discourse about mental ill 
health on social media. 

Conclusion 
Our study demonstrates that mental health discourse on so-
cial media has been reshaped over time, with autism and 
ADHD becoming increasingly central to the network. Addi-
tionally, our findings show that changes in salience of par-
ticular mental health conditions are linked to these shifts. 
Previous work has documented the consequential implica-
tions of social media discourse on mental health, and alt-
hough a growing literature examines how individual condi-
tions are portrayed online, the organization of mental disor-
der more broadly has been largely overlooked. Our results 
indicate that relationships among conditions are dynamic 
and diverge from professional diagnostic frameworks. As 
public attention to mental health grows, it is vital for future 
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work to monitor these shifts and clarify their impacts on 
clinical practice and the broader public.   

Acknowledgments 
This research was supported by Australian Research Coun-
cil funding awarded to NH (DP250102690), as well as by an 
Australian Government Research Training Program Schol-
arship, an Australian Academy of Technological Sciences 
and Engineering Elevate Scholarship, a University of Mel-
bourne Rowden White Scholarship, and a University of 
Melbourne Helen Macpherson Smith Scholarship. 

References 
Ahad, Ahmed A.; Sanchez-Gonzalez, M.; and Junquera, P. 2023. 
Understanding and Addressing Mental Health Stigma Across Cul-
tures for Improving Psychiatric Care: A Narrative Review. Cu-
reus 15(5): e39549. doi.org/10.7759/cureus.39549 
Allison, S.; Bastiampillai, T.; Kisely, S.; and Looi, J. C. L. 2023. 
Deterioration of Mild Anxiety and Depression with Better Access 
Treatment: Implications for Scaling up Psychotherapy Worldwide. 
Australian Health Review 47(6): 741–43. 
doi.org/10.1071/AH23163. 
Alper, M.; Rauchberg, J. S.; Simpson, E.; Guberman, J.; and Fein-
berg, S. 2025. TikTok as Algorithmically Mediated Biographical 
Illumination: Autism, Self-Discovery, and Platformed Diagnosis 
On# Autisktok. New Media & Society 27(3): 1378–96. 
doi.org/10.1177/14614448231193091.  
Aragon-Guevara, D.; Castle, G.; Sheridan, E.; and Vivanti, G. 
2023. The Reach and Accuracy of Information on Autism on Tik-
Tok. Journal of Autism and Developmental Disorders 55(6): 
1953–58. doi.org/10.1007/s10803-023-06084-6. 
Avella, H. 2024. ‘TikTok ≠ Therapy’: Mediating Mental Health 
and Algorithmic Mood Disorders. New Media & Society 26 (10): 
6040–6058: doi.org/10.1177/14614448221147284. 
Baes, N.; Haslam, N.; and Vylomova, E. 2024. A Multidimen-
sional Framework for Evaluating Lexical Semantic Change with 
Social Science Applications. In Proceedings of the 62nd Annual 
Meeting of the Association for Computational Linguistics. Bang-
kok: Association of Computational Linguistics. 
doi.org/10.48550/arXiv.2406.06052. 
Baldessarini, R.; Vázquez, J. G. H.; and Tondo, L. 2020. Bipolar 
Depression: A Major Unsolved Challenge.  International Journal 
of Bipolar Disorders 8(1). doi.org/10.1186/s40345-019-0160-1. 
Barthel, M.; Stocking, G.; Holcomb, J.; and Mitchell, A. 2016. 
Reddit News Users More Likely to Be Male, Young and Digital in 
Their News Preferences. Pew Research Center. 
https://www.pewresearch.org/journalism/2016/02/25/reddit-news-
users-more-likely-to-be-male-young-and-digital-in-their-news-
preferences/. 
Basch, C. H.; Donelle, L.; Fera, J.; and Jaime, C. 2022. Decon-
structing TikTok Videos on Mental Health: Cross-Sectional, De-
scriptive Content Analysis. JMIR Formative Research 6(5): 
e38340. doi.org/10.2196/38340. 
Bastian, M.; Heymann, S.; and Jacomy. M. 2009. Gephi: An Open 
Source Software for Exploring and Manipulating Networks. In 
Proceedings of The International AAAI Conference on Web and 

Social Media. San Jose: The Association for the Advancement of 
Artificial Intelligence. 3(1): 361–62. doi.org/10.1609/icwsm. 
v3i1.13937. 
Benton, A.; Coppersmith, G.; and Dredze, M. 2017. Ethical Re-
search Protocols for Social Media Health Research. In Proceedings 
of the First ACL Workshop on Ethics in Natural Language Pro-
cessing. Valencia: Association of Computational Linguistics. 
doi.org/10.18653/v1/W17-1612. 
Booth, R. G.; Allen, B. N.; Jenkyn, K. M. B.; Li, L.; and Shariff, 
S. Z. 2018. Youth Mental Health Services Utilization Rates After 
a Large-Scale Social Media Campaign: Population-Based Inter-
rupted Time-Series Analysis. JMIR Mental Health 5(2): e8808. 
doi.org/10.2196/mental.8808. 
Borsboom, D.; Cramer, A. O. J.; Schmittmann, V. D.; Epskamp, 
S.; and Waldorp, L. J. 2011. The Small World of Psychopathology. 
PloS One 6(11): e27407. doi.org/10.1371/journal.pone.0027407. 
Botha, M.; Chapman, R.; Giwa Onaiwu, M.; Kapp, S. K.; Stannard 
Ashley, A.; and Walker, N. 2024. The Neurodiversity Concept 
Was Developed Collectively: An Overdue Correction on the Ori-
gins of Neurodiversity Theory. Autism 28(6): 1591–1594. 
doi.org/10.1177/13623613241237871. 
Christensen, E. M. 2022. The Online Community: DID and Plural-
ity. European Journal of Trauma & Dissociation 6(2): 100257. 
doi.org/10.1016/j.ejtd.2021.100257. 
Clouder, L.; Karakus, M.; Cinotti, A.; Ferreyra, M. V.; Fierros, G. 
A.; and Rojo, P. 2020. Neurodiversity in Higher Education: A Nar-
rative Synthesis. Higher Education 80(4): 757–78. 
doi.org/10.1007/s10734-020-00513-6. 
Coppersmith, G.; Dredze, M.; and Harman, C. 2014. Quantifying 
Mental Health Signals in Twitter. In Proceedings of the Workshop 
on Computational Linguistics and Clinical Psychology: From Lin-
guistic Signal to Clinical Reality. Baltimore: Association of Com-
putational Linguistics. 51–60. doi.org/10.3115/v1/W14-3207. 
Corzine, A.; and Roy, A. 2024. Inside the Black Mirror: Current 
Perspectives on the Role of Social Media in Mental Illness Self-
Diagnosis. Discover Psychology 4(40). doi.org/10.1007/s44202-
024-00152-3. 
Cuthbert, B. N.; and Insel, T. R. 2013. Toward the Future of Psy-
chiatric Diagnosis: The Seven Pillars of RDoC. BMC Medicine 
11(126). doi.org/10.1186/1741-7015-11-126. 
Datta, S.; Phelan, C.; and Adar, E. 2017. Identifying Misaligned 
Inter-Group Links and Communities. In Proceedings of the ACM 
on Human-Computer Interaction. Denver: Association for Compu-
ting Machinery 1:1–23. doi.org/10.1145/3134672. 
De Choudhury, M.; Gamon, M.; Counts, S.; and Horvitz, E. 2013. 
Predicting Depression via Social Media. In Proceedings of the In-
ternational AAAI Conference on Web and Social Media. Boston: 
The Association for the Advancement of Artificial Intelligence. 7 
(1): 128–37. doi.org/10.1609/icwsm.v7i1.14432 
Doyle, N. 2020. Neurodiversity at Work: A Biopsychosocial 
Model and the Impact on Working Adults. British Medical Bulletin 
135(1): 108–25. doi.org/10.1093/bmb/ldaa021. 
Dwyer, P.; Gurba, A N.; Kapp, S K.; Kilgallon, E.; Hersh, L. H.; 
Chang, D. S.; Rivera, S. M.; and Gillespie-Lynch, K. 2024. Com-
munity Views of Neurodiversity, Models of Disability and Autism 
Intervention: Mixed Methods Reveal Shared Goals and Key Ten-
sions. Autism 29(9): 2297–2314. 
doi.org/10.1177/13623613241273029. 
Eichstaedt, J. C.; Smith, R. J.; Merchant, R. M.; Ungar, L. H.; 
Crutchley, P.; Preoţiuc-Pietro, D.; Asch, D. A.; and Schwartz, H. 

1168



A. 2018. Facebook Language Predicts Depression in Medical Rec-
ords. Proceedings of the National Academy of Sciences 115(44): 
11203–8. doi.org/10.1073/pnas.1802331115. 
Forbes, M. K.; Neo B.; Nezami O. M.; Fried, E. I.; Faure, K.; Mi-
chelsen, B.; Twose, M.; and Dras, M. 2024. Elemental Psycho-
pathology: Distilling Constituent Symptoms and Patterns of Repe-
tition in the Diagnostic Criteria of the DSM-5. Psychological Med-
icine 54(5): 886–94. doi.org/10.1017/S0033291723002544. 
Foulkes, L.; and Andrews, J. L. 2023. Are Mental Health Aware-
ness Efforts Contributing to the Rise in Reported Mental Health 
Problems? A Call to Test the Prevalence Inflation Hypothesis. New 
Ideas in Psychology 69: 101010. 
doi.org/10.1016/j.newideapsych.2023.101010. 
Fried, E. I.; and Nesse, R. M. 2015. Depression Is Not a Consistent 
Syndrome: An Investigation of Unique Symptom Patterns in the 
STAR* D Study. Journal of Affective Disorders 172: 96–102. 
doi.org/10.1016/j.jad.2014.10.010. 
Galatzer-Levy, I. R.; and Bryant, R. A. 2013. 636,120 Ways to 
Have Posttraumatic Stress Disorder. Perspectives on Psychologi-
cal Science 8(6): 651–62. doi.org/10.1177/1745691613504115. 
Grummt, M. 2024. Sociocultural Perspectives on Neurodiversity—
An Analysis, Interpretation and Synthesis of the Basic Terms, Dis-
courses and Theoretical Positions. Sociology Compass 18(8): 
e13249. doi.org/10.1111/soc4.13249. 
Guntuku, S. C.; Ramsay, J. R.; Merchant, R. M.; and Ungar, L. H. 
2017. Language of ADHD in Adults on Social Media. Journal of 
Attention Disorders 23(12): 1–11. 
doi.org/10.1177/1087054717738083.  
Haltigan, J. D.; Pringsheim, T. M.; and Rajkumar, G. 2023. Social 
Media as an Incubator of Personality and Behavioral Psycho-
pathology: Symptom and Disorder Authenticity or Psychosomatic 
Social Contagion? Comprehensive Psychiatry 121: 152362. 
doi.org/10.1016/j.comppsych.2022.152362. 
Hartnett, Y.; and Cummings, E. 2024. Social Media and ADHD: 
Implications for Clinical Assessment and Treatment. Irish Journal 
of Psychological Medicine 41(1): 132–36. 
doi.org/10.1017/ipm.2023.40. 
Haslam, N.; Dakin B. C.; Fabiano F.; McGrath, M. J.; Rhee, J.; 
Vylomova, E.; Weaving, M.; and Wheeler, M. A. 2020. Harm In-
flation: Making Sense of Concept Creep. European Review of So-
cial Psychology 31(1): 254–86. 
doi.org/10.1080/10463283.2020.1796080. 
Haslam, N.; Vylomova, E.; Zyphur, A. M.; and Kashima, Y. 2021. 
The Cultural Dynamics of Concept Creep. American Psychologist 
76 (6): 1013. doi.org/10.1037/amp0000847. 
Hinojo-Lucena, F.; Aznar-Díaz, I.; Cáceres-Reche, M.; Trujillo-
Torres, J.; and Romero-Rodríguez, J. 2019. Problematic Internet 
Use as a Predictor of Eating Disorders in Students: A Systematic 
Review and Meta-Analysis Study. Nutrients 11(9): 2151. 
doi.org/10.3390/nu11092151. 
Huppert, J. D. 2009. Anxiety Disorders and Depression Comorbid-
ity. In Oxford Handbook of Anxiety and Related Disorders, edited 
by M. M. Antony and M. B. Stein, 576-584. Oxford: Oxford Uni-
versity Press. 
Kalantari, N.; Payandeh, A.; Zampieri, M.; and Motti, V. G. 2023. 
Understanding the Language of ADHD and Autism Communities 
on Social Media. In Proceedings of the 2023 IEEE International 
Conference on Big Data. Sorrento: Institute of Electrical and Elec-
tronics Engineers. 2188–95. doi.org/10.1109/Big-
Data59044.2023.10386833. 

Kalin, N. H. 2020. The Critical Relationship between Anxiety and 
Depression. American Journal of Psychiatry 177(5): 365–67. 
doi.org/10.1176/appi.ajp.2020.20030305. 
Kang, J.; Haslam, N.; and Conway, M. 2025. Converging Repre-
sentations of Attention-Deficit/Hyperactivity Disorder and Autism 
on Social Media: Linguistic and Topic Analysis of Trends in Red-
dit Data. Journal of Medical Internet Research 27: e70914. 
doi.org/10.2196/70914. 
Kotov, R.; Krueger, R. F.; Watson, D.; Achenbach, T. M.; Althoff, 
R. R.; Bagby, R. M.; Brown, T. A; Carpenter, W. T.; Caspi, A.; 
Clark, L. A.; et al. 2017. The Hierarchical Taxonomy of Psycho-
pathology (HiTOP): A Dimensional Alternative to Traditional 
Nosologies. Journal of Abnormal Psychology 126(4): 454–77. 
doi.org/10.1037/abn0000258. 
Kumar, S.; Hamilton, W. L.; Leskovec, J.; and Jurafsky, D. 2018. 
Community Interaction and Conflict on the Web. In The Proceed-
ings of the 2018 World Wide Web Conference (WWW ’18). Lyon: 
World Wide Web, 933–43. doi.org/10.1145/3178876.3186141. 
LeFevre-Levy, R.; Melson-Silimon, A.; Harmata, R.; Hulett, A. L.; 
and Carter, N. T. 2023. Neurodiversity in the Workplace: Consid-
ering Neuroatypicality as a Form of Diversity. Industrial and Or-
ganizational Psychology 16(1): 1–19. 
doi.org/10.1017/iop.2022.86. 
Lucy, L.; and Mendelsohn, J. 2019. Using Sentiment Induction to 
Understand Variation in Gendered Online Communities. In The 
Proceedings of the Society for Computation in Linguistics (SCiL) 
2019. New York: Association for Computational Linguistics, 156–
66. doi.org/10.7275/11wq-ep51. 
Masataka, N. 2017. Implications of the Idea of Neurodiversity for 
Understanding the Origins of Developmental Disorders. Physics of 
Life Reviews 20: 85–108. doi.org/10.1016/j.plrev.2016.11.002. 
Miranda‐Ojeda, R.; Wickramasinghe, A.; Ntolkeras, G.; Castanho, 
I.; and Yassin, W. 2025. The Neurodiversity Framework in Medi-
cine: On the Spectrum. Developmental Neurobiology 85(1): 
e22960. doi.org/10.1002/dneu.22960. 
Mitchell, M.; Hollingshead, K.; and Coppersmith, G. 2015. Quan-
tifying the Language of Schizophrenia in Social Media. In The Pro-
ceedings of the 2nd Workshop on Computational Linguistics and 
Clinical Psychology: From Linguistic Signal to Clinical Reality. 
Denver: Association for Computational Linguistics, 11–20. 
doi.org/10.3115/v1/W15-1202. 
Morini, V., Sansoni, M.; Rossetti, G.; Pedreschi, D.; and Castillo, 
C. 2025. Participant Behavior and Community Response in Online 
Mental Health Communities: Insights from Reddit. Computers in 
Human Behavior 165: 108544. 
doi.org/10.1016/j.chb.2024.108544. 
Müller-Vahl, K. R.; Pisarenko, A.; Jakubovski, E.; and Fremer, C. 
2022. Stop That! It’s Not Tourette’s but a New Type of Mass So-
ciogenic Illness. Brain 145(2): 476–80. 
doi.org/10.1093/brain/awab316. 
Munoz, I. B.; Liu-Zarzuela, J.; Oorjitham, N.; and Jacob, D. 2024. 
YouTube and TikTok as a Source of Medical Information on Dis-
sociative Identity Disorder. Journal of Affective Disorders Reports 
15: 100707. doi.org/10.1016/j.jadr.2023.100707. 
O’Connor, C.; Brown, G.; Debono, J.; Suty, L.; and Joffe, H. 2024. 
How Trauma Is Represented on Social Media: Analysis Of# 
Trauma Content on TikTok. Psychological Trauma: Theory, Re-
search, Practice, and Policy. 17(S1), S132–S138. 
doi.org/10.1037/tra0001792. 

1169



O’Dea, B.; Wan, S.; Batterham, P. J.; Calear, A. L.; Paris, C.; and 
Christensen, H. 2015. Detecting Suicidality on Twitter. Internet In-
terventions 2(2): 183–88. doi.org/10.1016/j.invent.2015.03.005. 
Olvera, C.; Stebbins, G. T.; Goetz, C. G.; and Kompoliti, K. 2021. 
TikTok Tics: A Pandemic within a Pandemic. Movement Disor-
ders Clinical Practice 8(8): 1200–1205. 
doi.org/10.1002/mdc3.13316. 
Owen, D.; Lynham, A. J.; Smart, S. E.; Pardiñas, A. F.; and Colla-
dos, J. C. 2024. AI for Analyzing Mental Health Disorders among 
Social Media Users: Quarter-Century Narrative Review of Pro-
gress and Challenges. Journal of Medical Internet Research 26: 
e59225. doi.org/10.2196/59225. 
Park, A.; Conway, M.; and Chen, A. T. 2018. Examining Thematic 
Similarity, Difference, and Membership in Three Online Mental 
Health Communities from Reddit: A Text Mining and Visualiza-
tion Approach. Computers in Human Behavior 78: 98–112. 
doi.org/10.1016/j.chb.2017.09.001. 
Pavelko, R.; and Myrick, J. G. 2016. Tweeting and Trivializing: 
How the Trivialization of Obsessive–Compulsive Disorder via So-
cial Media Impacts User Perceptions, Emotions, and Behaviors. 
Imagination, Cognition and Personality 36(1): 41–63. 
doi.org/10.1177/0276236615598957. 
Pruccoli, J.; De Rosa, M.; Chiasso, L.; Perrone, A.; and Parmeg-
giani, A. 2022. The Use of TikTok among Children and Adoles-
cents with Eating Disorders: Experience in a Third-Level Public 
Italian Center during the SARS-CoV-2 Pandemic. Italian Journal 
of Pediatrics 48:138. doi.org/10.1186/s13052-022-01308-4. 
Richter, D.; Wall, A.; Bruen, A.; and Whittington, R. 2019. Is the 
Global Prevalence Rate of Adult Mental Illness Increasing? Sys-
tematic Review and Meta-Analysis. Acta Psychiatrica Scandina-
vica 140(5): 393–407. doi.org/10.1111/acps.13083. 
Ringwald, W. R.; Norel, R.; Bauer, B. W.; Cecchi, G.; and Kotov, 
R. 2025. Uncovering the Structure of Psychopathology through 
Large Scale Text Analysis. Preprint, PsyArXiv. 
doi.org/10.31234/osf.io/bx4pd_v1. 
Russell, G.; Stapley, S.; Newlove‐Delgado, T.; Salmon, A.; White, 
R.; Warren, F.; Pearson, A.; and Ford, T. 2022. Time Trends in 
Autism Diagnosis over 20 Years: A UK Population‐based Cohort 
Study. Journal of Child Psychology and Psychiatry 63(6): 674–82. 
doi.org/10.1111/jcpp.13505. 
Salter, M.; Brand, B. L.; Robinson, M.; Loewenstein, R.; Silberg, 
J.; and Korzekwa, M. 2025. Self-Diagnosed Cases of Dissociative 
Identity Disorder on Social Media: Conceptualization, Assess-
ment, and Treatment. Harvard Review of Psychiatry 33(1): 41-48. 
doi.org/10.1097/HRP.0000000000000416. 
Shen, J. H.; and Rudzicz, F. 2017. Detecting Anxiety through Red-
dit. In The Proceedings of the Fourth Workshop on Computational 
Linguistics and Clinical Psychology—From Linguistic Signal to 
Clinical Reality. Vancouver: Association for Computational Lin-
guistics. 58–65. doi.org/10.18653/v1/W17-3107. 
Starvaggi, I.; Dierckman, C.; and Lorenzo-Luaces, L. 2024. Mental 
Health Misinformation on Social Media: Review and Future Di-
rections. Current Opinion in Psychology 56: 101738. 
doi.org/10.1016/j.copsyc.2023.101738. 
Sparck Jones, K. 1972. A Statistical Interpretation of Term Speci-
ficity and Its Application in Retrieval. Journal of Documentation 
28(1): 11–21. doi.org/10.1108/eb026526. 
Stenning, A.; and Rosqvist, H. B. 2021. Neurodiversity Studies: 
Mapping out Possibilities of a New Critical Paradigm. Disability 

& Society 36(9): 1532–1537. 
doi.org/10.1080/09687599.2021.1919503. 
Stupinski, A. M.; Alshaabi, T.; Arnold, M. V.; Adams, J. L.; Minot, 
J. R.; Price, M.; Dodds, P. S.; and Danforth, C. M. 2022. Quanti-
fying Changes in the Language Used Around Mental Health on 
Twitter Over 10 Years: Observational Study. JMIR Mental Health 
9(3): e33685. doi.org/10.2196/33685. 
Tan, Y. T.; Rehm, I. C.; Stevenson, J. L.; and De Foe, A. 2021. 
Social Media Peer Support Groups for Obsessive-Compulsive and 
Related Disorders: Understanding the Predictors of Negative Ex-
periences. Journal of Affective Disorders 281: 661–72. 
doi.org/10.1016/j.jad.2020.11.094. 
TeBlunthuis, N.; Kiene, C.; Brown, I.; Levi, L.; McGinnis, N.; and 
Hill, B. M. 2022. No Community Can Do Everything: Why People 
Participate in Similar Online Communities. In The Proceedings of 
the ACM on Human-Computer Interaction. New Orleans: Associ-
ation for Computing Machinery 6: 1–25. 
doi.org/10.1145/3512908. 
Tse, J. S. Y.; and Haslam, N. 2024. Broad Concepts of Mental Dis-
order Predict Self-Diagnosis. SSM-Mental Health 6: 100326. 
doi.org/10.1016/j.ssmmh.2024.100326. 
Wang, T.; Brede, M.; Ianni, A.; and Mentzakis, E. 2017. Detecting 
and Characterizing Eating-Disorder Communities on Social Me-
dia. In The Proceedings of the Tenth ACM International Confer-
ence on Web Search and Data Mining. Cambridge: Association for 
Computing Machinery, 91–100. 
doi.org/10.1145/3018661.3018706. 
Weigle, P. E.; and Shafi, R. M. A. 2024. Social Media and Youth 
Mental Health. Current Psychiatry Reports 26(1): 1–8. 
doi.org/10.1007/s11920-023-01478-w. 
WHO. 2022. Mental Disorders. World Health Organisation, Ac-
cessed: 2025-06-08. https://www.who.int/news-room/fact-
sheets/detail/mental-disorders. 
Wittgenstein, L. 1953. Philosophical Investigations. Oxford: Basil 
Blackwell. 
Xiao, Y.; Baes, N.; Vylomova, E.; and Haslam, N. 2023. Have the 
Concepts of ‘Anxiety’ and ‘Depression’ Been Normalized or 
Pathologized? A Corpus Study of Historical Semantic Change. 
PloS One 18(6): e0288027. doi.org/10.1371/jour-
nal.pone.0288027. 
Xu, X.; Yao, B.; Dong, Y.; Gabriel, S.; Yu, H.; Hendler, J.; 
Ghassemi, M.; Dey, A. K.; and Wang, D. 2024. Mental-LLM: Lev-
eraging Large Language Models for Mental Health Prediction via 
Online Text Data. Proceedings of the ACM on Interactive, Mobile, 
Wearable and Ubiquitous Technologies. Melbourne: Association 
for Computing Machinery. 8(1): 1-32. doi.org/ 10.1145/3643540. 
Yeung, A.; Ng, E.; and Abi-Jaoude, E. 2022. TikTok and Atten-
tion-Deficit/Hyperactivity Disorder: A Cross-Sectional Study of 
Social Media Content Quality. The Canadian Journal of Psychia-
try 67(12): 899–906. doi.org/10.1177/07067437221082854. 
Zhang, J.; Hamilton, W.; Danescu-Niculescu-Mizil, C.; Jurafsky, 
D.; and Leskovec, J. 2017. Community Identity and User Engage-
ment in a Multi-Community Landscape. In The Proceedings of the 
International AAAI Conference on Web and Social Media. Mon-
treal:  The Association for the Advancement of Artificial Intelli-
gence. 11: 377–86. doi.org/10.1609/icwsm.v11i1.14904. 
 

1170



Paper Checklist 
1.  For most authors... 

(a) Would answering this research question advance science 
without violating social contracts, such as violating privacy 
norms, perpetuating unfair profiling, exacerbating the socio-
economic divide, or implying disrespect to societies or cul-
tures? Yes. 

(b) Do your main claims in the abstract and introduction accu-
rately reflect the paper’s contributions and scope? Yes. 

(c) Do you clarify how the proposed methodological approach is 
appropriate for the claims made? Yes, see the Methods sec-
tion. 

(d) Do you clarify what are possible artifacts in the data used, 
given population-specific distributions? Yes, see the Data 
section where we provide information about the dataset e.g., 
the subreddits that were selected, number of posts and com-
ments, and time period. 

(e) Did you describe the limitations of your work? Yes, in the 
Limitations section. 

(f) Did you discuss any potential negative societal impacts of 
your work? Yes, in the Ethical Statement section. 

(g) Did you discuss any potential misuse of your work? Yes, in 
the Ethical Statement section. 

(h) Did you describe steps taken to prevent or mitigate potential 
negative outcomes of the research, such as data and model 
documentation, data anonymization, responsible release, ac-
cess control, and the reproducibility of findings? Yes, see the 
Ethical Statement section. We adhered to ethical guidelines 
for analyzing publicly available social media data. All anal-
yses used aggregated data, and no personally identifiable in-
formation was collected or reported. 

(i) Have you read the ethics review guidelines and ensured that 
your paper conforms to them? Yes. 

2.  Additionally, if your study involves hypotheses testing... 
(a) Did you clearly state the assumptions underlying all theoret-

ical results? NA 
(b) Have you provided justifications for all theoretical results? 

NA 
(c) Did you discuss competing hypotheses or theories that might 

challenge or complement your theoretical results? NA 
(d) Have you considered alternative mechanisms or explanations 

that might account for the same outcomes observed in your 
study? NA 

(e) Did you address potential biases or limitations in your theo-
retical framework? NA 

(f) Have you related your theoretical results to the existing liter-
ature in social science? NA 

(g) Did you discuss the implications of your theoretical results 
for policy, practice, or further research in the social science 
domain? NA 

3.  Additionally, if you are including theoretical proofs... 
(a) Did you state the full set of assumptions of all theoretical re-

sults? NA 

(b) Did you include complete proofs of all theoretical results? 
NA 

4.  Additionally, if you ran machine learning experiments... 
(a) Did you include the code, data, and instructions needed to 

reproduce the main experimental results (either in the supple-
mental material or as a URL)? NA 

(b) Did you specify all the training details (e.g., data splits, hy-
perparameters, how they were chosen)? NA  

(c) Did you report error bars (e.g., with respect to the random 
seed after running experiments multiple times)? NA 

(d) Did you include the total amount of compute and the type of 
resources used (e.g., type of GPUs, internal cluster, or cloud 
provider)? NA 

(e) Do you justify how the proposed evaluation is sufficient and 
appropriate to the claims made? NA 

(f) Do you discuss what is “the cost” of misclassification and 
fault (in)tolerance? NA 

5.  Additionally, if you are using existing assets (e.g., code, data, 
models) or curating/releasing new assets, without compromising 
anonymity... 
(a) If your work uses existing assets, did you cite the creators? 

NA 
(b) Did you mention the license of the assets? NA 
(c) Did you include any new assets in the supplemental material 

or as a URL? NA 
(d) Did you discuss whether and how consent was obtained from 

people whose data you’re using/curating? NA. Because the 
data were public and non-identifiable, the ethics committee 
granted a waiver of informed consent. 

(e) Did you discuss whether the data you are using/curating con-
tains personally identifiable information or offensive con-
tent? Yes, in the Ethical Statement section. 

(f) If you are curating or releasing new datasets, did you discuss 
how you intend to make your datasets FAIR? NA 

(g) If you are curating or releasing new datasets, did you create 
a Datasheet for the Dataset? NA 

6.  Additionally, if you used crowdsourcing or conducted 
research with human subjects, without compromising 
anonymity... 
(a) Did you include the full text of instructions given to partici-

pants and screenshots? NA 
(b) Did you describe any potential participant risks, with men-

tions of Institutional Review Board (IRB) approvals? Yes, in 
the Ethical Statement section 

(c) Did you include the estimated hourly wage paid to partici-
pants and the total amount spent on participant compensa-
tion? NA 

(d) Did you discuss how data is stored, shared, and deidentified? 
NA 

  

1171



Appendix 

Subreddit 1 Subreddit 2 B p 
ADHD DID 0.017 0.000 
ADHD OCD 0.015 0.000 
ADHD dyspraxia 0.009 0.000 
ADHD Tourettes 0.010 0.002 
ADHD BPD 0.011 0.002 
ADHD ptsd 0.006 0.002 
ADHD Dyslexia 0.007 0.003 
ADHD autism 0.041 0.003 
ADHD depression -0.011 0.008 
ADHD Anxiety -0.001 0.386 
ADHD schizophrenia -0.002 0.439 
ADHD socialanxiety 0.001 0.539 
ADHD bipolar 0.001 0.712 
Anxiety depression -0.038 0.000 
Anxiety socialanxiety -0.011 0.000 
Anxiety bipolar -0.017 0.000 
Anxiety autism 0.013 0.002 
Anxiety OCD 0.007 0.005 
Anxiety dyspraxia 0.003 0.006 
Anxiety Tourettes 0.006 0.011 
Anxiety DID 0.006 0.017 
Anxiety schizophrenia -0.009 0.021 
Anxiety BPD -0.007 0.075 
Anxiety ptsd -0.003 0.141 
Anxiety Dyslexia 0.000 0.854 
autism dyspraxia 0.009 0.000 
autism ptsd 0.009 0.002 
autism depression 0.012 0.004 
autism socialanxiety 0.013 0.008 
autism bipolar 0.012 0.015 
autism schizophrenia 0.005 0.037 
bipolar depression -0.031 0.000 
bipolar socialanxiety -0.011 0.001 
bipolar dyspraxia 0.003 0.001 
bipolar ptsd -0.003 0.025 
bipolar schizophrenia -0.005 0.146 
BPD autism 0.018 0.000 
BPD DID 0.012 0.001 

BPD OCD 0.008 0.005 
BPD dyspraxia 0.003 0.005 
BPD Tourettes 0.005 0.014 
BPD socialanxiety -0.003 0.029 
BPD bipolar -0.006 0.053 
BPD depression -0.012 0.091 
BPD Dyslexia 0.001 0.095 
BPD schizophrenia -0.004 0.154 
BPD ptsd 0.002 0.367 
depression socialanxiety -0.023 0.000 
depression schizophrenia -0.015 0.012 
depression dyspraxia 0.003 0.033 
depression ptsd -0.006 0.045 
DID OCD 0.010 0.000 
DID autism 0.018 0.000 
DID dyspraxia 0.003 0.000 
DID Dyslexia 0.003 0.001 
DID socialanxiety 0.004 0.001 
DID Tourettes 0.006 0.001 
DID ptsd 0.008 0.002 
DID bipolar 0.006 0.006 
DID depression 0.006 0.111 
DID schizophrenia 0.003 0.119 
Dyslexia autism 0.006 0.000 
Dyslexia Tourettes 0.002 0.005 
Dyslexia OCD 0.002 0.009 
Dyslexia ptsd 0.001 0.087 
Dyslexia socialanxiety 0.001 0.180 
Dyslexia bipolar 0.000 0.303 
Dyslexia schizophrenia 0.000 0.545 
Dyslexia depression -0.001 0.553 
Dyslexia dyspraxia -0.001 0.661 
dyspraxia socialanxiety 0.003 0.000 
dyspraxia ptsd 0.002 0.003 
dyspraxia schizophrenia 0.001 0.004 
OCD dyspraxia 0.003 0.001 
OCD autism 0.017 0.002 
OCD ptsd 0.005 0.005 
OCD Tourettes 0.007 0.008 
OCD bipolar 0.002 0.012 
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OCD socialanxiety 0.001 0.188 
OCD schizophrenia 0.000 0.763 
OCD depression 0.000 0.964 
ptsd socialanxiety -0.002 0.004 
ptsd schizophrenia -0.002 0.070 
schizophrenia socialanxiety -0.006 0.017 
Tourettes autism 0.011 0.000 
Tourettes dyspraxia 0.003 0.002 
Tourettes socialanxiety 0.003 0.006 
Tourettes bipolar 0.004 0.007 
Tourettes schizophrenia 0.002 0.007 
Tourettes ptsd 0.003 0.010 
Tourettes depression 0.003 0.151 

Table 1. Slope coefficients reflecting the average annual 
change in similarity (2015-2022) between subreddit pairs 
using text-based TF-IDF representations.  

 
Subreddit 
1 Subreddit 2 B p 

ADHD BPD 0.010 0.000 
ADHD ptsd 0.008 0.000 
ADHD socialanxiety 0.006 0.000 
ADHD DID 0.003 0.001 
ADHD autism 0.031 0.002 
ADHD OCD 0.007 0.002 
ADHD dyspraxia 0.004 0.002 
ADHD bipolar 0.005 0.008 
ADHD Dyslexia 0.006 0.008 
ADHD schizophrenia 0.002 0.012 
ADHD Tourettes 0.005 0.013 
ADHD Anxiety 0.003 0.059 
ADHD depression -0.003 0.071 
Anxiety depression -0.026 0.000 
Anxiety autism 0.004 0.001 
Anxiety bipolar -0.004 0.004 
Anxiety socialanxiety -0.005 0.005 
Anxiety OCD 0.008 0.005 
Anxiety schizophrenia -0.001 0.019 
Anxiety ptsd -0.002 0.024 
Anxiety dyspraxia 0.001 0.094 
Anxiety BPD -0.001 0.105 
Anxiety Tourettes 0.001 0.174 
Anxiety DID 0.001 0.362 
Anxiety Dyslexia 0.000 0.611 
autism socialanxiety 0.007 0.000 
autism depression 0.004 0.002 

autism dyspraxia 0.003 0.012 
autism ptsd 0.004 0.048 
autism bipolar 0.002 0.100 
autism schizophrenia 0.001 0.391 
bipolar depression -0.012 0.000 
bipolar ptsd 0.003 0.020 
bipolar schizophrenia 0.008 0.037 
bipolar dyspraxia 0.000 0.229 
bipolar socialanxiety -0.001 0.487 
BPD autism 0.008 0.001 
BPD OCD 0.006 0.001 
BPD socialanxiety 0.002 0.008 
BPD DID 0.005 0.009 
BPD dyspraxia 0.001 0.019 
BPD depression -0.004 0.023 
BPD Tourettes 0.001 0.052 
BPD Dyslexia 0.001 0.062 
BPD bipolar -0.002 0.134 
BPD schizophrenia 0.000 0.899 
BPD ptsd 0.000 0.907 
depression schizophrenia -0.005 0.014 
depression ptsd -0.003 0.021 
depression socialanxiety -0.011 0.043 
depression dyspraxia 0.000 0.660 
DID Tourettes 0.010 0.001 
DID autism 0.011 0.001 
DID socialanxiety 0.001 0.002 
DID OCD 0.004 0.005 
DID Dyslexia 0.001 0.016 
DID dyspraxia 0.001 0.048 
DID bipolar 0.002 0.286 
DID ptsd -0.001 0.303 
DID depression 0.000 0.958 
DID schizophrenia 0.000 0.963 
Dyslexia Tourettes 0.002 0.013 
Dyslexia OCD 0.001 0.201 
Dyslexia depression -0.001 0.229 
Dyslexia dyspraxia -0.003 0.253 
Dyslexia bipolar 0.000 0.297 
Dyslexia ptsd -0.001 0.392 
Dyslexia socialanxiety 0.000 0.466 
Dyslexia schizophrenia 0.000 0.482 
Dyslexia autism 0.002 0.526 
dyspraxia socialanxiety 0.002 0.004 
dyspraxia ptsd 0.001 0.067 
dyspraxia schizophrenia -0.001 0.088 
OCD socialanxiety 0.005 0.000 
OCD autism 0.010 0.000 
OCD ptsd 0.004 0.006 
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OCD dyspraxia 0.001 0.009 
OCD bipolar 0.004 0.012 
OCD schizophrenia 0.001 0.082 
OCD depression 0.002 0.259 
OCD Tourettes 0.002 0.604 
ptsd schizophrenia 0.002 0.050 
ptsd socialanxiety 0.001 0.238 
schizo-
phrenia socialanxiety 0.000 0.458 
Tourettes autism 0.011 0.003 
Tourettes bipolar 0.002 0.008 
Tourettes ptsd 0.003 0.011 
Tourettes dyspraxia 0.001 0.018 
Tourettes socialanxiety 0.001 0.264 
Tourettes depression -0.001 0.290 
Tourettes schizophrenia 0.000 0.756 

Table 2.  Slope coefficients reflecting the average annual 
change in similarity (2015-2022) between subreddit pairs 
using user-based TF-IDF representations.  
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