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Abstract

Social media data has become a vital resource for studying mental health, offering real-time insights into thoughts,
emotions, and behaviors that traditional methods often miss. Progress in this area has been facilitated by benchmark
datasets for mental health analysis; however, most existing benchmarks have become outdated due to limited
data availability, inadequate cleaning, and the inherently diverse nature of social media content (e.g., multilingual
and harmful material). We present a new benchmark dataset, MindSET, curated from Reddit using self-reported
diagnoses to address these limitations. The annotated dataset contains over 13M annotated posts across seven
mental health conditions—more than twice the size of previous benchmarks. To ensure data quality, we applied
rigorous preprocessing steps, including language filtering, and removal of Not Safe for Work (NSFW) and duplicate
content. We further performed a linguistic analysis using Linguistic Inquiry and Word Count (LIWC) to examine
psychological term frequencies across the eight groups represented in the dataset. To demonstrate the dataset’s
utility, we conducted binary classification experiments for diagnosis detection using both fine-tuned language models
and Bag-of-Words (BoW) features. Models trained on MindSET consistently outperformed those trained on previous
benchmarks, achieving up to an 18-point improvement in F1 score for Autism detection using XGBoost. Overall,
MindSET provides a robust foundation for researchers exploring the intersection of social media and mental health,

supporting both early risk detection and deeper analysis of emerging psychological trends.
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1. Introduction

Traditionally, mental health diagnoses have re-
lied on clinical interviews, self-report question-
naires, and standardized assessments. While
these methods are effective, they are often time-
consuming and may fail to capture real-time fluc-
tuations in an individual’s mental state. In con-
trast, user-generated content on social media plat-
forms offers a valuable alternative, reflecting users’
thoughts, emotions, and behaviors as they natu-
rally occur (Reece and Danforth, 2017; Park et al.,
2013). Consequently, linguistic analysis of social
media posts to identify patterns indicative of men-
tal health conditions has become an increasingly
prominent area of research (Reece and Danforth,
2017). Such approaches enable continuous moni-
toring and early intervention, potentially reaching
individuals who might not engage with traditional
mental health services (Park et al., 2013).
Effective mental health analysis using social
media data requires comprehensive, annotated
datasets that capture diverse conditions and en-
sure sufficient sample sizes to enhance the relia-
bility of findings. Historically, datasets such as the
Social Media and Mental Health Dataset (SMHD),
which includes data for nine mental health condi-
tions (Cohan et al., 2018), provided a strong bench-
mark for research due to their scale and method-
ological rigor. Using the SMHD dataset, (Dinu
and Moldovan, 2021) achieved state-of-the-art per-

formance with an F1 score of 81 for diagnosing
eating disorders. Other notable datasets include
the CLPsych 2015 Shared Task dataset, which fo-
cused on detecting depression and Post-Traumatic
Stress Disorder (PTSD) from Twitter data (Copper-
smith et al., 2015); the Reddit Self-Reported De-
pression Diagnosis (RSDD) dataset, designed for
identifying depression based on self-reported diag-
noses (Yates et al., 2017a); and the eRisk dataset,
which supports early detection of mental illness
through longitudinal user interactions (Losada et al.,
2016).

Despite the availability of prior resources, two
significant limitations remain. First, these datasets
relied on Pushshi ft, the official Reddit API, which
is currently discontinued by Reddit, preventing shar-
ing and use of such datasets."

Second, social media content on Reddit often
contains substantial noise, including repeated sub-
missions (users reposting the same content to at-
tract more responses), Not Safe for Work (NSFW)
material (e.g., pornographic or sexually explicit con-
tent, which is particularly common due to Reddit’s
anonymity), and multilingual posts that conflict with
English-focused analyses.? Without rigorous pre-
processing, models risk learning spurious correla-

"We confirmed this limitation through correspondence
with the original authors of SMHD.

20ur goal is to build a dataset exclusively focused on
English content.

11241

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 11241-11251
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



1. Reddit

Download posts from
relevant subreddits

___________ [ —

| Lists of raw subreddit |

| posts & comments

2. Initial Cleaning

Pick relevant post
properties e.g., selitext,
author, subreddit

Exclude posts with
URLs, Emajis, and short
posts.

___________ [ —

| Cleaned list of posts for .

each condition

3. Self Diagnosis

Pattern Matching

Identify posts containing positive
diagnosis pattern

Exclude posts maiching negative
diagnosis pattern

Mental Health Exclusion

Exclude posts containing mh
related content

Exclude posts from mh subreddits

Exclude users with less than
35 non-mh posts remaining

___________ [—

| Diagnose users and |
i their non-mh posts

6. Final Dataset

Obtain final dataset

___________ [ —
mindset_diagnosed.ji
_____________________ |
| mindset_controljl |

4. Control Matching
Find Candidates
Find candidate controls users that
match diagnosed's posting habits

Filter Candidates

Exclude controls with mh content

Exclude confrols with less than
30 posts

__________ [ —

Control users and their

5. Rigorous Data Cleaning

Duplicated content

Remove repeated posts
between conditions

Non-english content
Exclude users with < 30 posts

Exclude posts from mh subreddits

NSFW content

Exclude posts tagged as over_18

Exclude posts matching accurate
keywords pattern

Figure 1: Step-by-step end-to-end pipeline for dataset construction. The output of each stage is shown in

the blue rectangles below.

tions rather than meaningful indicators of mental
health conditions (Olteanu et al., 2019; Chancellor
and De Choudhury, 2020). Moreover, such harm-
ful content poses ethical and safety concerns for
researchers handling the data, study participants,
and end users of downstream systems, as high-
lighted in prior work (Kirk et al., 2022). Accord-
ingly, we apply strict filtering to exclude this type
of content. To the best of our knowledge, prior
datasets have not systematically addressed these
challenges (Chancellor and De Choudhury, 2020;
Yates et al., 2017a,b; Coppersmith et al., 2015).

We introduce MindSET, a large-scale and rig-
orously cleaned dataset designed to advance re-
search in social media—based mental health anal-
ysis. MindSET fills key gaps in existing resources
by offering a dataset nearly twice the size of prior
benchmarks, while ensuring high data quality and
integrity. Our main contributions are summarized
as follows:

* We compile a large-scale Reddit dataset for
mental health research, exceeding the size of
existing benchmarks by more than twofold.

« We apply comprehensive preprocessing
steps—including language filtering, duplicate
detection, and NSFW content removal—to
ensure data reliability and reduce noise.

» We establish new state-of-the-art benchmarks

for social media—driven mental health analysis
through the combination of high-quality data
and improved model performance.

2. Related Work

Recent research has increasingly leveraged so-
cial media data for the early diagnosis and anal-
ysis of mental health conditions. (Coppersmith
et al., 2015) demonstrated the effectiveness of us-
ing Twitter data for detecting depression and PTSD,
highlighting social media platforms as valuable re-
sources for mental health research. Their dataset
comprised approximately 1,800 Twitter users with
self-identified diagnoses of depression and PTSD,
collected through user statements and interactions.
The SMHD (Shared Mental Health Dataset) fur-
ther advanced this line of work by providing labeled
social media posts for multiple mental health condi-
tions, establishing a strong foundation for training
machine learning models to detect disorders such
as depression and anxiety (Cohan et al., 2018).
Expanding on crisis-related research, CLPsych in-
troduced annotated Reddit posts from shared tasks
focused on suicide prevention and crisis identifica-
tion, offering a critical resource for studying urgent
mental health scenarios (Milne et al., 2016). Simi-
larly, the RSDD (Reddit Self-Reported Depression
Diagnosis) dataset specifically targets depression
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Condition SMHD, Cohan SMHD, Dinu MindSET, BERT MindSET, XGBoosts
Depression 53 70 76 (+6) 86 (+16)
OCD 44 75 77 (+2) 85 (+10)
Bipolar 57 75 78 (+3) 89 (+14)
ADHD 47 71 75 (+4) 85 (+14)
PTSD 57 76 80 (+4) 89 (+13)
Autism 49 71 77 (+6) 89 (+18)
Anxiety 54 73 77 (+4) 87 (+14)

Table 1: Binary Classification Performance from previous baselines (Cohan et al., 2018; Dinu and
Moldovan, 2021), and ours. Our models consistently outperform both baselines across all conditions,
with biggest improvement on Autism detection by +18 F1 points. It is worth noting that we achieved this
score using XGBoost trained on BoW features, while previous best performance was achieved using

BERT-based classifier

detection, utilizing self-reported diagnosis posts to
enable more accurate predictive modeling of de-
pressive behaviors (Yates et al., 2017b). In parallel,
the eRisk initiative proposed datasets for early risk
detection, structuring challenges that evaluate algo-
rithmic performance over time in predicting mental
health deterioration (Losada et al., 2016).

This approach automatically detects users who
self-disclose a mental health diagnosis by scan-
ning their text for specific diagnostic terms and
patterns. First established by Coppersmith et al.
(2015) and later enhanced by researchers like
Yates et al. (2017a) and Cohan et al. (2018), this
method enabled the creation of large-scale, anno-
tated datasets from platforms like Reddit without
manual effort, solving key scalability issues. Its util-
ity extends beyond English; for example, Zanwar
et al. (2023) successfully adapted the technique for
German, achieving promising results (e.g., an F1
score of 56.12 for bipolar disorder classification).
This proven adaptability underscores the method’s
robustness and motivates its application to under-
represented languages like Arabic.

Several benchmark datasets have been intro-
duced to support mental health diagnosis research
using social media data. The SMHD dataset (Co-
han et al., 2018) provides a comprehensive re-
source constructed from self-reported diagnoses
across multiple conditions. Subsequent work by
(Dinu and Moldovan, 2021) established stronger
baselines, achieving higher accuracy scores us-
ing a pretrained BERT model trained on a smaller
subset of SMHD data. Furthermore, (Shing et al.,
2018) used self-reported diagnosis to establish a
baseline rubric for assessing suicide risk through
crowd sourcing and expert annotations of Reddit
data.

However, since most of these datasets were built
using the Pushshift API, which has since been re-
stricted by Reddit, many of these resources are
now obsolete and unavailable for reuse. To over-
come this limitation, we constructed our dataset
directly from Reddit using an alternative API that
complies fully with Reddit’s current privacy policies.

We adopt the self-reported diagnosis patterns intro-
duced by Coppersmith et al. (2018). Furthermore,
we implement rigorous data-cleaning procedures,
including non-English content filtering, duplicate
removal, and NSFW (Not Safe For Work) content
exclusion, to minimize bias and enhance dataset
reliability.

3. Dataset Construction

Using the Arctic Shift API®, we collect Reddit contri-
butions made between January 2018 and Septem-
ber 2024 to a list of mental health related subred-
dits. We then apply a modified version of the self-
diagnosis pattern introduced by Coppersmith et al.
(2018) and later enhanced by Yates et al. (2017a)
and Cohan et al. (2018) to identify users who ex-
plicitly self-report a diagnosis of a mental health
condition (Subsection 3.1). Each self-diagnosed
user is then matched with a set of control users
exhibiting similar posting habits (Subsection 3.2).
Finally, we apply a three-step cleaning procedure
to mitigate potential sources of bias and enhance
dataset integrity (Sections 4).

3.1.

We employ a high-precision self-diagnosis pat-
tern to identify users with mental health condi-
tions. The patterns consist of two components:
one that matches a self-reported diagnosis (e.g.,
“diagnosed with”), and another that maps relevant
keywords to the 7 mental health disorders (e.g.,
ADHD and Anxiety). As shown in Step 3 of Figure 1,
we detect users who explicitly state that they have
been diagnosed by matching their posts against
patterns similar to Statement 1 in Figure 2. It is
important to distinguish this from tentative or self-
suspected cases, where users merely express un-
certainty about their condition (as in Statement 2
of Figure 2), rather than reporting an established
diagnosis. The pattern is designed to capture self-

Identification of Diagnosed Users

*https://github.com/ArthurHeitmann/
arctic_shift
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diagnosis statements with an accuracy of 96.4% ac-
cording to Coppersmith et al. 2018*. In absence of
clinical ground truth, we treat this as gold labels, fol-
lowing previous established literature (Shing et al.,
2018; Cohan et al., 2018).

Statement 1: "I was officially diagnosed with
depression by my doctor"”

Statement 2: "I think | might have depression”

The previous two factors pose a significant chal-
lenge obtaining control users as they diminish the
control group significantly (Cohan et al., 2018). To
combat this, we kept the previous two conditions
but relaxed the limit on the number of posts from
50 to 35 compared to SMHD, which enabled us
to around 4-5 control users per diagnosed user
compared to 9 users SMHD obtained.

4. Dataset Cleaning

Figure 2: Distinction between confirmed self-reported We implemented a rigorous data cleaning pipeline

diagnoses (Statement 1) and tentative or uncertain
expressions (Statement 2). Only patterns resembling

Statement 1 were used.

A key step in Cohan et al. (2018)’s implementa-
tion of self-reported diagnosis, which we thereafter
adopted, is the exclusion of mental health content
from the dataset. This is to prevent making the
task of identifying mental health conditions trivial
(e.g., by accidentally including a data document
where users say "life is very depressing"”). We ex-
panded the exclusion pattern by updating the list
of subreddits considered as Mental Health forum.
For example, adding r/AnxietyRecovery and
r/schizoaffective, with 133K and 110K mem-
bers respectively, were included to ensure that the
dataset minimizes explicit mental health discus-
sions. This same list is also applied when identify-
ing potential control users (see Section 3.2).

3.2. Control Matching

Prior research has emphasized the importance of
constructing control groups that closely match the
posting habits and frequency of diagnosed users to
enable balanced and unbiased discriminative anal-
ysis (Cohan et al., 2018; Dinu and Moldovan, 2021;
Coppersmith et al., 2015). Following this approach,
we construct a large control group designed to mir-
ror the behavioral characteristics of the diagnosed
cohort.

To ensure comparable posting activity, the num-
ber of posts made by each control user is con-
strained to fall within a defined range relative to
their matched diagnosed user, consistent with pre-
vious literature (Coppersmith et al., 2018). Addi-
tionally, we exclude and remove all users who post
any mental health—related content using a keyword-
based detection pattern. This step minimizes the
likelihood of mistakenly including diagnosed indi-
viduals in the control group, similar to our approach
in excluding MH content from the diagnosed group
(Section 3.1).

*The pattern also accounts for negative diagnosis,
where users say "l was not diagnosed with". False posi-
tive cases are instance when the user is referring to or
quoting someone else, e.g., "my brother was diagnosed".

(Figure 3) to filter out harmful or low-quality content
that may introduce noise and obscure meaningful
mental health signals. Figure 3 shows examples of
such content. Although such datasets are derived
from open discussions, where user-generated con-
tent is inherently difficult to regulate, we aimed to
enhance both data integrity and ethical standards
through systematic filtering. Figure 3 outlines our
cleaning process, which is described in detail in the
following subsections.

4.1. Non-English Content

Given the multilingual nature of Reddit, it was es-
sential to assess the extent of non-English content
across the dataset. We employed the 1angde-
tect Python library® to identify non-English posts
for each condition. As shown in The proportion of
non-English content was relatively low among di-
agnosed users but higher among controls (3.02%).
This difference likely reflects the broader and more
diverse nature of discussions within the control
group, compared to the more focused discourse of
diagnosed users.

Ensuring linguistic uniformity is crucial, as even a
small proportion of non-English text can introduce
noise, diminishing the effectiveness of natural lan-
guage processing tasks such as sentiment analysis
and topic modeling (Baldwin and Lui, 2010). Con-
sequently, all non-English content was removed
from the final dataset.

4.2. Duplicated Posts

During preprocessing, we identified a substantial
proportion of duplicated posts arising from two main
causes: (1) Reddit users frequently resubmit identi-
cal posts to enhance visibility, and (2) control users
are often matched to multiple diagnosed users
across conditions, leading to repeated instances of
the same post.

Eliminating duplicates is crucial to ensure data
validity and analytic reliability. Retaining them could
artificially inflate certain linguistic patterns, biasing

Shttps://pypi.org/project/langdetect/
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Figure 3: Cleaning pipeline. Each step shows the percentage decrease in data volume. Example content
filtered at each stage is displayed, except for the middle step, which contains inappropriate material.

models toward overrepresented content and dimin-
ishing generalizability (Lee et al., 2021). Conse-
quently, all duplicated content was removed from
the final dataset to uphold data integrity and robust-
ness.

4.3. NSFW Content

The inclusion of NSFW (Not Safe For Work) mate-
rial in mental health datasets poses serious ethical
and methodological challenges. Such content in-
troduces noise. For instance, NSFW content was
significantly more prevalent in the control group
than the diagnosed groups in our dataset which
could bias model learning toward irrelevant fea-
tures in addition to posing a potential risk towards
researchers and research participants who are us-
ing the dataset (Kirk et al., 2022). To ensure the
dataset’s ethical soundness and analytical rigor, we
employed a two-stage filtering strategy to identify
and exclude NSFW content.

» Reddit API flag: We used the over_18 at-
tribute provided by the Reddit API to automat-
ically exclude all posts flagged as over 18,
along with all comments associated with such
posts.

 Pattern-based filtering: We constructed an
automatic keyword filter comprising 238 terms
(derived from the control dataset) that are fre-
quently associated with explicit or adult con-
tent.

Applying over_18 flag identified 3.45% of posts
from diagnosed users and 2.70% from control users
as NSFW. Following this, the keyword-based filter
was applied, matching each post against the sen-
sitive term list. Posts with one or more matches
were excluded from the final dataset, corresponding
to the highest proportion of NSFW content. Com-
bining both detection methods reduced the final
dataset by 9.68% and 6.14% for the diagnosed
and control groups, respectively. Although this re-
duction is substantial, it was essential to maintain

high data quality. Even after filtering, our dataset
remained more than twice as large as previous
benchmarks, underscoring its robustness and scal-
ability.

5. Dataset Exploration

We analyze the collected dataset to assess its
scale and lexical characteristics across both self-
diagnosed and control groups. Section 5.1
presents descriptive statistics of the cleaned
dataset, while Section 5.2 details our psychological
term frequency analysis.

5.1.

Table 2 summarizes the statistics of the final
dataset across seven diagnosed conditions and
the control group after all three cleaning stages. As
shown, the most prevalent conditions in the dataset
are ADHD, Autism, and Bipolar.

The ADHD and Autism groups exhibit higher av-
erage text and word counts per user compared to
other conditions, suggesting a greater degree of
engagement and textual output. While the average
number of sentences per text remains relatively
consistent across conditions, variations in average
word counts per text may reflect differences in lin-
guistic style, expression length, or cognitive pro-
cessing patterns.

Descriptive Statistics

5.2. Psychological Term Category
Analysis

LIWC (Pennebaker et al., 2003) is a widely
used psycholinguistic tool that extracts category-
specific lexical features with psychological rele-
vance. These categories capture both linguistic
style and psychological dimensions of language
use (e.g., cognitive and affective attributes). For
each user, we compute LIWC category scores from
their posts and compare these across diagnosed
and control users using Welch’s t-test (Welch,
1947), as per (Cohan et al., 2018). To control for
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Condition Users Texts Sentences Words Texts/User Sentences/Text Words/Text
Control 170,611 31.9M 131.9M 1.6B 187.23 413 51.46
ADHD 18,669 4.9M 26.1M 381.4M 260.23 5.37 78.50
Autism 9,008 2.4M 12.6M 186.9M 262.75 5.32 78.96
Bipolar 7,162 1.7M 9.3M 130.9M 236.12 5.48 77.38
Depression 6,530 1.5M 8.2M 117.8M 236.50 5.32 76.30
Anxiety 3,772 1.0M 5.7M 81.5M 278.23 5.42 77.64
OCD 2,412 639K 3.2M 47.8M 265.12 5.08 74.74
PTSD 2,391 616K 3.4M 48.6M 257.72 5.54 78.95
Table 2: Post-level statistics of the final cleaned dataset.
eature nxiety utism ipolar epression

Affect

Analytic

Authentic

Cognition

Emotion

Tone

Past

Present 0.15

Future

o owom

Friends 0.12 0.14

Confidence

Power —0.07 —0.08

Risk

Anger

Sadness —0.12

o o

Table 3: Effect sizes (Cohen’s d) of LIWC features comparing diagnosed and control groups. Green
shading indicates features more prevalent in the diagnosed group, and red shading indicates features

more prevalent in the control group.

multiple comparisons, we apply the Bonferroni cor-
rection to adjust p-values, and report Cohen’s d
effect sizes (Cohen, 2013) to quantify the magni-
tude of group differences. Table 3 presents per-
condition term categories and their corresponding
effect sizes. Larger effect sizes indicate stronger
discriminative power between diagnosed and con-
trol users.

Overall Insights. Several LIWC categories ex-
hibit varying effect sizes (Cohen’s d) distinguish-
ing diagnosed and control groups. Control users
consistently show higher usage of Analytic lan-
guage, aligning with findings from (Cohan et al.,
2018), where the Numbers category also showed a
large effect size. Conversely, all diagnosed groups
demonstrate a consistent increase in Authentic

language, reflecting more personal, honest, and
self-disclosing expression compared to controls,
a pattern supported by prior research (Bucci and
Freedman, 1981; James W. Pennebaker and Black-
burn, 2015; Watkins and Brown, 2002; Van der
Zanden et al., 2014).

Furthermore, categories related to social con-
nectedness and confidence—such as Social,
Friends, and Confidence—are more prevalent
among diagnosed users, including those matched
against Anxiety and Depression groups. This aligns
with earlier work by (Murphy et al., 1991) and cor-
roborates similar findings reported in (Cohan et al.,
2018).

Next, we examine each diagnosed group in the

dataset in greater detail: o
Autism.” The Autism group exhibits the most
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distinctive overall profile, with pronounced differ-
ences in social language, temporal orientation, and
specific emotional expressions relative to other con-
ditions, which is consistent with existing literature
that showed the diverse social and emotional chal-
lenges of Autistic people on Reddit (Fong et al.,
2025). Large effect sizes are observed for de-
creased Analytic thinking (d = —0.83) and in-
creased Cognition (d = 0.72), Social refer-
ences (d = 0.60) and emotional features includ-
ing Anger (d = 0.75), Sadness (d = 0.59), and
notably Anxiety (d = 0.78). This group also dis-
plays substantially lower Tone (d = —0.77) and
increased focus on Past (d = 0.42) and Present
(d = 0.33) time frames.

ADHD. The ADHD group exhibits a moderate
decrease in Analytic thinking (d = —0.63) and
moderate increases in Authentic (d = 0.38) and
Cognition (d = 0.52) features. Other effects are
generally small, with minimal differences in tempo-
ral focus, social domains, and emotional expression
compared to controls.

Anxiety. The Anxiety group shows a large
decrease in Analytic thinking (d = —0.99)
alongside large increases in Emotion (d = 0.82)
and moderate increases in Authentic (d = 0.59),
Affect (d=0.34),and Cognition (d = 0.54).
Effects within temporal and social domains remain
small, though slight increases are observed across
most emotional categories.

Depression. The Depression group exhibits a
pattern similar to Anxiety, characterized by a large
decrease in Analytic thinking (d = —0.97) and
increases in Emotion (d = 0.76), Cognition
(d = 0.58), and Authentic (d = 0.47). Moder-
ate effects are found for aAffect (d = 0.40) and
social domains, with minimal variation in tempo-
ral focus. The similarity between Depression and
Anxiety profiles is consistent with prior findings in
the literature, as (Cohan et al., 2018; Murphy et al.,
1991) observed.

Bipolar. The Bipolar group shows a large de-
crease in Analytic thinking (d = —0.87) accom-
panied by increases in Emotion (d = 0.78), Au-
thentic (d = 0.51), and Affect (d = 0.37). A
moderate increase in Cognition (d = 0.44) is also
observed, while temporal and social domains show
minimal differences from controls.

6. Experiments

To demonstrate how the mental health signal em-
bedded in the dataset can be effectively utilized, we
conduct two classification experiments using pre-
trained models finetuning and shallow classifiers
trained on Bag of Word features. Both experiments
are balanced binary classification where we sam-
ple same number of samples from diagnosed class
and the control class.

6.1. Bag of Words Features (BoW)

Condition Model Acc. Prec. Rec. Fi
ADHD SVM 86 86 84 85
Depression SVM 86 88 83 86
Anxiety SVM 87 87 87 87
Bipolar XGBoost 89 90 87 89
OCD XGBoost 86 89 82 85
PTSD XGBoost 90 91 87 89
Autism XGBoost 89 91 87 89

Table 4: Best model performance per condition
using TF-IDF weighted Bag-of-Words features.

We motivated training three classifiers—svM,
XGBoost, and Logistic Regression—using
BoW features as per (Cohan et al., 2018). User
posts were aggregated, tokenized into individual
words, lowercased, and filtered to remove frequent
terms. The remaining tokens were statistically
weighted and normalized to emphasize the most
distinctive features. Our results are shown in Table
4,

6.2. PLM Finetuning

Label Acc. Prec. Rec. F1

PTSD 86|81 83|80 90|84 86|82
Depression 82|77 79|74 87|83 83|78
Bipolar 84|80 82|78 88|84 85|81
Anxiety 83|78 81|75 85|84 83|79
ADHD 82| - 77| - 89| - 83| -
Autism 85|79 85|77 86|84 85|80

Table 5: Model performance comparison: user-
level fine-tuning (left of “|”) vs. post-level fine-tuning
(right of “|”). Values shown in %. User-level mod-
els use roberta-base, while post-level models
use mental-roberta-base. Post-level ADHD,
the largest condition by post count, could not be
implemented due to computational constraints.

We fine-tuned pretrained language models to
classify each mental health condition individually.
We employed the same hyperparameter as in (Dinu
and Moldovan, 2021).%

Finetuning was performed at two levels: (1) the
user level, where all posts by a single user were
concatenated into one document, and (2) the post
level, where each individual post was treated as a
separate document. Following (Dinu and Moldovan,
2021), we use RoBERTa-based models to classify
individual posts, while the user-level concatena-
tion approach is adapted from (Cohan et al., 2018;
Shing et al., 2018; Zirikly et al., 2019), where the
combined posts of each user serve as the input to
predict their overall label. Results are shown in 5

Smax length: 256. Batch size: 3, 8; weight decay: 0.0,
0.01; learning rate 2e-f; adam betai1: 0.9; adam beta2:
0.999.
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6.3. Baseline

The current State-Of-The-Art (SOTA) benchmark is
established by (Dinu and Moldovan, 2021), achiev-
ing an F1 score of 81 on eating disorder classifica-
tion using 100k posts from the SMHD dataset. We
replicated their setup using identical hyperparame-
ters and sample sizes, fine-tuning three RoBERTa-
based models on 100k sampled posts from our
dataset instead of SMHD. Our comparative results
are shown in Table 6.

7. Results and Discussion

Label Acc. Prec. Rec.s F1
ADHD 74 72 78 71|75
Anxiety 76 74 80 73|77
Autism 77 75 80 71178
Bipolar 78 76 82 75179
Dep. 75 72 80 70|76
OCD 76 75 80 75|77
PTSD 80 79 83 76| 81

Table 6: Fine-tuning RoBERTa-based models on
100k samples per condition. Our models consis-
tently outperform F1 scores from the current base-
line (left of “|").

A New Mental Health Benchmark. We intro-
duce MIindSET, a large-scale benchmark dataset
for social media—based mental health research that
spans seven diagnosed conditions and a matched
control group. With over twice the volume of prior
datasets and enhanced linguistic diversity, Mind-
SET provides a stronger empirical foundation for
modeling psychological signals at scale. Our mul-
tistage preprocessing pipeline, covering language
verification, NSFW filtering, and deduplication, en-
sures exceptional data integrity and replicability,
addressing long-standing issues of noise and im-
balance in earlier benchmarks such as SMHD.

Revealing Mental Health Language on So-
cial Media. The LIWC-based analysis highlights
condition-specific linguistic and emotional mark-
ers that differentiate diagnosed users from con-
trols. Across conditions, decreased Analytic
scores and increased Authentic, Cognitive,
and Emotional language use emerge as consis-
tent indicators of mental health—related discourse.
Notably, Autism and PTSD display distinct lexical
patterns with elevated emotional expression and
temporal focus shifts, suggesting deeper cogni-
tive and affective engagement. These findings
underscore MindSET’s ability to capture evolving
psychological language on Reddit, reflecting post-
pandemic discourse shifts and enabling longitudi-
nal tracking of mental health narratives online.

Advancing State-of-the-Art Performance. We
benchmarked MindSET using multiple classifica-
tion architectures, including traditional models

(SVM, XGBoost) (Section 6.1) and transformer-
based finetuning approaches. Across all seven
conditions, our models surpass existing state-of-
the-art (SOTA) performance by an average of seven
F1 points, with the highest gain of 18 points for
Autism classification Table 6.3. This demonstrates
that MindSET not only improves raw performance
metrics but also provides cleaner, more discrimi-
native features that generalize better across con-
ditions. The consistent performance gain across
diverse models indicates that the dataset’s scale
and cleanliness substantially enhance signal qual-
ity for mental health prediction tasks.

Interpretable Machine Learning Insights. Be-
yond performance, feature-level inspection reveals
interpretable associations between linguistic mark-
ers and diagnostic categories. For instance, higher
frequencies of Cognition and Authentic terms
strongly correlate with depression and anxiety pre-
dictions, while Social categories contribute most
to differentiating Autism and PTSD users. Such
transparency supports the use of MindSET not
merely as a predictive benchmark but as a resource
for hypothesis-driven mental health linguistics.

Implications for Future Research. MindSET
establishes a reproducible and ethically curated
foundation for computational mental health stud-
ies. Its rich metadata (e.g., temporal and user-level
granularity) supports research on progression, re-
lapse, and recovery patterns. Future extensions
may include multimodal integration (e.g., image
or emoji use), cross-platform validation, and di-
achronic analyses to capture how online mental
health expression evolves over time.

7.1.

We release MIindSET to foster transparent and col-
laborative progress in mental health NLP. Access
to the dataset and trained models is available upon
reasonable request under a Data Use Agree-
ment (DUA), following precedents such as (Cohan
et al., 2018). Standardized user-level train, dev,
and test splits are provided to ensure consistent
benchmarking and comparability across future stud-
ies.

Data Distribution and Use

8. Conclusion

We present MindSET, a high-quality benchmark for
computational mental health research. Rigorous
preprocessing—such as filtering non-English and
NSFW content—ensured data integrity and ethi-
cal compliance. Linguistic analysis revealed clear
psycholinguistic markers using LIWC-derived fea-
tures and Cohen’s d effect sizes. Classifier exper-
iments across diverse architectures demonstrate
the dataset’s robustness and potential for down-
stream mental health analysis. MindSET offers a
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scalable foundation for future research in early de-
tection, large-scale monitoring, and psycholinguis-
tic modeling of mental health. Future work should
explore longitudinal patterns, demographic effects,
and interpretable, personalized models for early
intervention.

9. Limitations

Despite its contributions, this study presents sev-
eral limitations. The dataset may not fully repre-
sent the diversity of mental health discourse across
populations, as it is derived from Reddit—a plat-
form that tends to be demographically skewed (e.g.,
male-dominated, English-speaking). This intro-
duces potential sampling bias that may limit gen-
eralizability. Additionally, while the applied models
achieved strong predictive performance, they may
not capture subtle or context-dependent nuances
of mental health language. Furthermore, due to
resource constraints, we did not discuss comor-
bidity, phenomenon where multiple a single user
is diagnosed with several conditions. As of now,
we excluded users present across multiple diag-
nosed groups and ensured they are presented only
in one group. Future studies should integrate con-
textualized embeddings, cross-lingual data, and
demographic balancing to improve robustness and
inclusivity.

10. Ethical Considerations

All user identifiers were anonymized prior to analy-
sis, and no attempt was made to contact or interact
with individuals whose posts appear in the dataset.
The use of social media data for research intro-
duces important ethical considerations, particularly
regarding informed consent and responsible stew-
ardship of user-generated content. Although the
Reddit posts analyzed in this study are publicly
accessible’, users may not necessarily anticipate
that their contributions will be used in academic
research. For this reason, our data collection and
processing procedures emphasized privacy preser-
vation, minimal exposure of sensitive information,
and adherence to institutional and platform-specific
ethical guidelines.

To protect user anonymity, identifying metadata
such as user IDs, usernames, and post identifiers
were replaced with randomly generated numeric
values. Due to the scale of the dataset, we did
not conduct exhaustive automated detection of all
potentially identifying text within posts; however,

"Reddit permits third-party access to publicly avail-
able content through its official API. See https://
www.reddit.com/policies/privacy-policy for
further details.

careful preprocessing was applied to reduce the
risk of exposing personally identifiable information.
The dataset therefore contains de-identified content
obtained through the Reddit API, which may still fall
under broader data protection frameworks such as
the General Data Protection Regulation (GDPR).

Consistent with ethical research practices, no
effort was made to re-identify users, link accounts
across platforms, or contact individuals repre-
sented in the dataset. To further safeguard partici-
pant privacy, we plan to distribute the dataset only
under a formal Data Usage Agreement. Access will
be restricted to qualified academic researchers who
agree to comply with strict conditions governing re-
sponsible data use, including prohibitions against
re-identification, redistribution of raw content, or
any attempt to contact Reddit users represented in
the data.
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