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Abstract

We introduce ADHD-Lang, a large-scale language resource derived from Reddit to advance computational
phenotyping of adult ADHD. The corpus is constructed using a high-precision self-disclosure pattern to confirm
ADHD diagnoses and a matched control cohort, comprising 12,070 ADHD users (317,073 posts; 2.83M sentences)
and 12,070 controls (174,765 posts; 1.27M sentences). In releasing ADHD-Lang to the research community,
we also provide the first comprehensive baseline results, systematically examining the accuracy—transparency
trade-off across three model families: (1) interpretable shallow machine learning models trained on clinically
meaningful, expert-engineered language biomarkers; (2) a deep BiLSTM network trained on the same feature
representations to capture temporal dynamics across users’ posts; and (3) black-box transformer-based models
(BERT, RoBERTa, MentalRoBERTa) leveraging contextual embeddings—non-interpretable, high-dimensional
representations. ADHD-Lang is released as a standardized benchmark to promote reproducible research and
accelerate progress toward digital verbal-behavior phenotyping for adult ADHD.

Keywords: language resources, ADHD, mental health, social media, interpretability, transformers, bench-

marking

1. Introduction

Attention-deficit/hyperactivity disorder (ADHD) is
one of the most prevalent mental health disorders,
characterized by persistent patterns of inattention,
impulsivity, and hyperactivity, as defined in the Di-
agnostic and Statistical Manual of Mental Disorders,
Fifth Edition, Text Revision (DSM-5-TR; American
Psychiatric Association, 2022). Once considered a
childhood condition, ADHD is now recognized as
a lifespan disorder, with symptoms enduring into
adulthood for a substantial proportion of individuals
(Faraone et al., 2021). Epidemiological evidence
indicates an adult ADHD prevalence of approxi-
mately 2—5%, with significant underdiagnosis and
delayed recognition worldwide (Ayano et al., 2023).
Despite its prevalence, ADHD in adults remains
comparatively under-investigated, largely due to
diagnostic biases favoring pediatric populations
and the historical absence of validated adult di-
agnostic criteria (Posner et al., 2020). Adult ADHD
imposes a substantial economic burden. In the
United States alone, the annual societal cost is
estimated at $122.8 billion, driven predominantly
by unemployment, lost productivity, and excess
healthcare expenditures (Schein et al., 2022). Be-
yond its economic impact, ADHD is associated
with substantial disruption across multiple life do-
mains. The disorder is linked to impairments in
academic achievement, social relationships, and

adaptive functioning, with lasting adverse effects
on educational attainment, career progression, in-
terpersonal connections, and overall mental health
(Shaw et al., 2012; Faraone et al., 2021). It is also
associated with elevated risks of chronic physical
health conditions—most notably obesity—collectively
constituting a substantial personal, familial, and so-
cioeconomic burden (Cortese et al., 2016; French
et al., 2024).

Current ADHD screening and diagnostic meth-
ods in adults primarily rely on the DSM-5 (American
Psychiatric Association, 2022) or ICD-11 (World
Health Organization, 2019), applied through struc-
tured clinical interviews and standardized behav-
ioral rating scales regarded as the gold standard
for assessment (Posner et al., 2020; Marshall et al.,
2021). Among the most commonly used self-report
rating scales are the Adult ADHD Self-Report Scale
(ASRS-v1.1) (Kessler et al., 2005) and the Barkley
Adult ADHD Rating Scale—IV (BAARS-IV) (Barkley,
2011), which quantify symptom severity and func-
tional impairment across daily life domains. This
current gold standard faces significant limitations.
Its reliance on retrospective self-report and subjec-
tive evaluation renders it vulnerable to recall bias,
response distortion, variability in subjective percep-
tion, and episodic memory limitations (Podsakoff
et al., 2003; Brevik et al., 2020). For example, cog-
nitive heuristics such as the peak—end rule can
distort recall by causing disproportionate weighting
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of the most intense and recent symptoms during
self-report (Horwitz et al., 2023). Adult ADHD as-
sessment and diagnosis are further complicated
by the fact that the DSM-5 and ICD-11 diagnostic
frameworks were originally developed for pediatric
populations, emphasizing overt hyperactivity and
impulsivity. In contrast, the clinical presentation of
adult ADHD is more complex and heterogeneous,
encompassing internalized hyperactivity, disorga-
nization, and emotional dysregulation (Asherson
et al., 2016; Maltezos et al., 2020). Compared to
children, adults typically possess higher verbal abil-
ities and employ compensatory or camouflaging
strategies that mask underlying attentional and self-
regulatory deficits, further complicating diagnostic
accuracy (van der Putten et al., 2024). These limita-
tions underscore an urgent need for more nuanced
and multifaceted assessment approaches that inte-
grate behavioral, cognitive, and digital phenotyping
strategies to derive ecologically valid, quantifiable,
and objective indicators from complementary data
sources (see Section 2: Related Work on emerging
digital phenotyping modalities).

Against this background, social media mining
has emerged as a promising avenue for mental
health research, offering ecologically valid, large-
scale, and computationally derived data that cap-
ture behavioral signals shown to be informative
across diverse mental health prediction and assess-
ment tasks (Chancellor and De Choudhury, 2020;
Correiaetal., 2020; Garg, 2023). The ubiquity of so-
cial media platforms has transformed how individu-
als externalize internal states: users routinely share
their interests (Zarrinkalam et al., 2018), daily ex-
periences (Saha et al., 2022), and emotions (Prieto
et al., 2014), generating abundant, naturally occur-
ring data that reflect everyday self-expression and
affective dynamics (Fassi et al., 2025; Baydili et al.,
2025). These digital footprints complement conven-
tional assessment approaches by revealing subtle
behavioral and linguistic markers often inaccessible
in structured clinical contexts (Zarate et al., 2022).
Building on this foundation, research has increas-
ingly focused on digital phenotyping—the computa-
tional translation of digital behavior into measurable
indicators of mental health (Jain et al., 2015; Insel,
2018). Advances in artificial intelligence (Al), par-
ticularly natural language processing (NLP) and
machine or deep learning (ML/DL), now enable
the modeling of mental health-relevant features
from large-scale, unstructured social media data.
Leveraging user-generated content through these
approaches, researchers are developing unobtru-
sive, scalable techniques for identifying risk fac-
tors, supporting population-level screening, and
informing personalized mental health care. To-
gether, these computational frameworks are shap-
ing a new paradigm in psychiatry—one in which

digital phenotyping augments traditional diagnos-
tics to enable earlier detection, continuous mon-
itoring, and personalized, adaptive interventions
(Fischer et al., 2025). A critical driver of scien-
tific progress in the research area of computational
psychiatry has been the emergence of benchmark
datasets that enable standardized evaluation, repli-
cation, and cross-model comparison (Paulus et al.,
2016). Yet, existing language resources primarily
focus on depression, anxiety, or suicidality (Garg,
2023; Rissola et al., 2021), leaving adult ADHD
markedly underrepresented. This absence limits
systematic exploration of how ADHD-specific lin-
guistic and behavioral signatures manifest in natu-
ralistic discourse. Building on these considerations,
the present paper makes three main contributions:

1. Resource: We introduce ADHD-Lang, a large-
scale Reddit corpus for adult ADHD research
with ground truth labels for positively anno-
tated (diagnosed) users. Both ADHD and con-
trol users were identified following established
protocols and procedures reimplemented from
prior social media mental health benchmark
datasets to ensure methodological consis-
tency. ADHD-Lang will be released for non-
commercial research use to promote trans-
parency, reproducibility, and scientific progress
in computational psychiatry.

2. Baselines: Accuracy-Transparency Trade-
offs: We provide comprehensive baseline re-
sults on ADHD-Lang using three model fami-
lies: (1) interpretable shallow machine learn-
ing (ML) models trained on clinically meaning-
ful, expert-engineered linguistic features; (2)
a deep BiLSTM network trained on the same
feature representations to capture temporal dy-
namics across users’ posts; and (3) black-box
transformer-based models (BERT, RoBERTa,
MentalRoBERTa) leveraging high-dimensional
representations.

3. Interpretability: Linguistic Signatures of
Adult ADHD: We conduct a feature impor-
tance analysis on the best-performing shal-
low ML model to identify the linguistic features
most indicative of ADHD. Extending beyond
the lexicon-based feature paradigms that have
dominated prior ADHD research, we integrate
content-agnostic metrics of linguistic sophisti-
cation, structural complexity, and communica-
tive precision, grounded in multidisciplinary
cognitive and behavioral science.

2. Related Work

As outlined in the Introduction, traditional ADHD
diagnostic practices grounded in clinical interviews

7280



and DSM-5 or ICD-11 rating scales face well-
documented limitations in objectivity and ecologi-
cal validity. Recent advances in neuroimaging and
electrophysiological methods, such as magnetic
resonance imaging (MRI) and electroencephalogra-
phy (EEG), have contributed to the development of
objective clinical biomarkers for ADHD (Cao et al.,
2023). While these clinic-based modalities have
significantly advanced the objectivity and biologi-
cal grounding of ADHD diagnostics, they remain
resource-intensive, expert-dependent, and limited
in scalability (Sibley, 2021; Mulraney et al., 2022).
To extend this progress beyond specialized clini-
cal contexts, digital phenotyping has emerged as
a complementary paradigm for identifying behav-
joral biomarkers from naturalistic, real-world data.
These approaches include wearable eye-tracking
devices, revealing atypical visual attention dynam-
ics in adults with ADHD (Jiang et al., 2024); wear-
ables equipped with accelerometers, capturing real-
world sleep and physical activity patterns predictive
of ADHD (Rahman, 2025; Olinic et al., 2025); and
voice biomarkers, reflecting prosodic and articula-
tory patterns linked to executive function deficits
(von Polier et al., 2025). Collectively, these modali-
ties demonstrate the feasibility of digital biomarkers
for ADHD outside clinical settings.

In addition to sensor- and task-based ap-
proaches, a growing body of work highlights so-
cial media mining as a complementary modality
for digital behavioral phenotyping (see reviews in
the Introduction). Platforms such as Twitter and
Reddit offer large-scale, naturally occurring lan-
guage datasets with unprecedented sample sizes
and temporal granularity compared to traditional
lab- or clinic-based studies. While fewer studies
have examined ADHD than other mental health
conditions, existing work provides converging evi-
dence that social media—derived digital footprints
can distinguish adults with ADHD from neurotypi-
cal controls. Guntuku et al. (2017) analyzed posts
from 1,399 Twitter users with self-reported ADHD
and matched controls, finding that ADHD users
posted more frequently and used more negative
emotion, anger, and anxiety words, alongside self-
referential and tentative language. Topic model-
ing revealed themes of disorganization, mental fa-
tigue, failure, and stimulant use, aligning with clin-
ical symptoms of inattention and emotional dys-
regulation. Cohan et al. (2018) examined 10,098
Reddit users, showing that individuals with ADHD
produced more informal and impulsive language,
expressed greater emotional intensity, and more
often referenced attention difficulties and cogni-
tive frustration than matched controls. Chen et al.
(2023b) analyzed Twitter data from 3,135 ADHD
users and 3,223 controls, replicating earlier find-
ings of negative affect, self-referential language,

and cognitive-effort themes, while additionally iden-
tifying increased nocturnal posting and stronger
emotional intensity, interpreted as indicators of af-
fective volatility and circadian disruption. Together,
these studies provide the first systematic evidence
that language patterns in naturalistic online commu-
nication can serve as a basis for developing digital
verbal behavior biomarkers of ADHD.

3. Dataset Construction

In this section, we introduce the construction of the
ADHD-Lang dataset. Section 3.1 describes the
data collection procedure, including the systematic
identification of users who publicly self-reported
an official ADHD diagnosis and the selection of
matched control users. Section 3.2 outlines the pre-
processing pipeline, which adheres to established
standards in social-media—based mental health re-
search by removing platform-specific artifacts, nor-
malizing text representations, and filtering super-
ficial linguistic cues that might trivially distinguish
diagnostic groups. Section 3.3 presents corpus
statistics and the dataset split prepared for bench-
marking and reproducible evaluation.

3.1.

We developed the ADHD-Lang corpus by reim-
plementing and refining the data collection pro-
cedure of the Self-reported Mental Health Diag-
noses (SMHD) corpus (Cohan et al., 2018), a
widely used Reddit benchmark that includes multi-
ple mental health conditions but is limited to data
collected before 2018. To obtain a more recent and
condition-specific dataset, we adapted SMHD'’s
high-precision identification framework to focus ex-
clusively on attention-deficit/hyperactivity disorder
(ADHD). Reddit users and their posts were ob-
tained from the Arctic Shift Project’, a compliant
and sustainable archive providing public access to
Reddit data. This choice was motivated by the 2023
Reddit API policy changes, which introduced usage
fees and restricted third-party access, rendering
prior sources such as Pushshift largely inacces-
sible. Arctic Shift offers a sustainable alternative
through large-scale data dumps and a limited API
aligned with current platform policies. Reddit?, an
anonymous discussion platform structured around
topic-specific communities known as subreddits,
provides longer, context-rich user-generated text
compared with microblogging platforms such as
Twitter (now X)3, enabling the extraction of high-
resolution digital markers of verbal behavior rele-
vant to computational phenotyping.

Data Collection

"https://arctic-shift.org
2hnttps://www.reddit.com
*https://x.com
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1. Identify
Diagnosed Users

« Identify posts showing positive
diagnosis patterns near disorder
terms and lacking negative
diagnosis cues (e.g. ‘| was
diagnosed with a.d.h.d.”)

« Store user id’s of diagnosed users
with at least 50 total posts +
comments

12,070 Users
~175K Texts
~1.3M Sentences

12,070 Users
~317K Texts

~2.8M Sentences id341027

A clean posts A clean posts

3. Identify
Potential Controls

posts from
ADHD
subreddits

diagnosed
posting
habits

potential
control
userid's

diagnosed
user id's

4. Match Controls
and Extract Data

2. Extract and Filter
Diagnosed Data

« Identify potential control users in
subreddits frequently posted in
by diagnosed users

« Store user id’s of control users
with at least 50 total posts +
comments

 Exclude users who have either posted
a text containing a MH pattern or
posted in any MH subreddit

» Match each diagnosed user with
controls showing similar posting habits
(¥%-2x total posts + comments)

» Store preprocessed control user texts
containing more than three sentences

« Remove texts mentioning MH
patterns. (e.g. “ocd”) or posted in
MH subreddits (e.g. “r/depression”)

« Store preprocessed diagnosed user
texts containing more than three
sentences

Figure 1: ADHD-Lang cohort construction and ecological sampling. We re-implemented the SMHD
high-precision self-disclosure procedure on Reddit. A user is labeled ADHD only when a diagnosis phrase
(e.g., “diagnosed with,” “officially diagnosed”) co-occurs with an ADHD keyword within <40 characters
in the same post. Negations and hypotheticals are filtered (e.g., “never clinically diagnosed,” “I think |
might have...,” “going to get a diagnosis”). After identifying diagnosed users, we collect their posts from
non-mental-health subreddits and exclude mental-health communities, yielding more ecologically valid

samples of everyday verbal behavior beyond r/ADHD.

Diagnosed ADHD users were identified using
a high-precision pattern-matching procedure de-
signed to capture only individuals who publicly dis-
closed an official diagnosis. Each detection pattern
combined (1) diagnostic expressions (e.g., “l was
diagnosed with”) and (2) ADHD-related keywords,
including common spelling and orthographic vari-
ants such as “adhd,” “a.d.h.d.,” or “add.” A user was
labeled as ADHD if a keyword occurred within 40
characters of a diagnostic expression, and all such
disclosures were searched within mental-health-
related subreddits where formal diagnoses are typ-
ically discussed. For each identified user, we then
retrieved their complete posting history and applied
a two-stage filtering process.

First, posts originating from mental-health-
related or support-oriented subreddits were re-
moved, covering 110 communities in total (the 78
used in SMHD plus 32 newer ones introduced after
2020). Second, posts containing explicit mental-
health vocabulary (e.g., “diagnosis,” “therapy,” “de-
pression”) were filtered out to prevent label leakage
and ensure that features were derived solely from
general, non—mental-health discourse. Users with
fewer than 50 remaining posts after filtering were
excluded to maintain sufficient linguistic data for
analysis. Control users were randomly sampled
to match the ADHD cohort in posting volume and
subreddit participation but were excluded if they
mentioned ADHD or engaged in mental-health dis-
cussions. Manual validation of 500 detected in-
stances confirmed a labeling precision of 97%, ex-
ceeding the 93% reported for SMHD. All detection
patterns, keyword variants, subreddit lists, and filter-
ing resources are publicly available in the project’s

GitHub repository.*

3.2. Data Preprocessing

The preprocessing pipeline standardized the text
and removed platform-specific noise (e.g., URLs,
markup remnants, and link/media placeholders) to
improve consistency across samples. Implementa-
tion was carried out in Python (v3.10) using regular
expressions to systematically clean and normalize
text. All text was lowercased, and hyperlinks, HTML
tags, HTML entities (including zero-width spaces),
and user mentions were removed. Hashtags were
normalized by deleting the hash symbol while re-
taining the lexical token (e.g., “#focus” — “focus”).
Non-alphanumeric characters were stripped, ex-
cept for a restricted set of punctuation marks (pe-
riods, commas, apostrophes, exclamation marks,
question marks, semicolons, and hyphens). Con-
secutive whitespace was collapsed, and leading
or trailing spaces were trimmed. Sentence bound-
aries were determined using punctuation cues (pe-
riods, exclamation marks, question marks), and
sentence fragments shorter than two characters
were discarded. Repeated or redundant punctua-
tion (e.g., multiple exclamation marks or ellipses)
was reduced to a single instance, and missing termi-
nal punctuation was appended when necessary to
ensure consistent sentence termination. Cleaned
sentences were concatenated into normalized text
strings while preserving sentence boundaries. The
complete Python implementation is available in the
project’s GitHub repository to ensure transparency
and reproducibility.

*https://github.com/Eddi005/LREC_2026_
ADHD.
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3.3. Data Analysis

The final ADHD-Lang dataset comprises 12,070
users who publicly disclosed an official ADHD di-
agnosis and an equal number of matched con-
trol users. Table 1 summarizes the dataset
composition after all preprocessing and filtering
steps. To support reproducible modeling and
standardized benchmarking, an official user-level
train/validation/test split is provided. Users were
partitioned by stratified random sampling (80/10/10)
to preserve class balance between ADHD and con-
trol groups. All partitions are strictly user-disjoint,
ensuring that each individual and their complete
posting history appear in only one subset. This
design eliminates information leakage across data
partitions and guarantees that model evaluation
reflects generalization to unseen users.

4. Experimental Setup

This section describes the experimental framework
developed to evaluate automated ADHD detection
within the broader context of social media mining for
mental health. The task is formulated as a binary
user-level classification problem, in which models
predict diagnostic group membership from prepro-
cessed social media text. The experiments are
designed to provide a comparative assessment
of approaches along the interpretability spectrum,
quantifying trade-offs between machine learning
and deep learning methods. Section 4.1 outlines
the evaluation metrics used for benchmarking, and
Section 4.2 details the baseline architectures and
configurations.

4.1. Evaluation Metrics

Model performance was assessed using standard
metrics for binary text classification. The primary
evaluation metric was the F1-score for the ADHD
(positive) class, calculated as the harmonic mean
of precision and recall to balance false positives
and false negatives. For comprehensive bench-
marking and comparison with prior work in social
media—based mental health research, we also re-
port precision, recall, and overall accuracy.

4.2. Baseline Models

We evaluated ADHD-Lang using three model fam-
ilies: (1) interpretable shallow machine-learning
models—Logistic Regression (Hosmer et al., 2013),
Support Vector Machines (Cortes and Vapnik,
1995), Random Forests (Breiman, 2001), and
Gradient Boosting (Friedman, 2001)—trained on
clinically meaningful, expert-engineered linguis-
tic features; (2) a deep Bidirectional Long Short-
Term Memory (BILSTM) network (Schuster and

Paliwal, 1997) trained on the same feature rep-
resentations to capture temporal dependencies
across users’ posts; and (3) transformer-based
models—BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019), and MentalRoBERTa (Ji et al.,
2022)—leveraging contextual embeddings.

Together, these baselines illustrate the trade-
offs between interpretability and accuracy in
high-stakes domains such as healthcare, where
transparency is as critical as predictive perfor-
mance (Kerz et al., 2023; Ding et al., 2025). All mod-
els were implemented in Python 3, using pandas for
data handling, scikit-learn (Pedregosa et al., 2011)
for machine-learning algorithms, PyTorch (Paszke
et al., 2019) for deep-learning architectures, and
the Transformers library (Wolf et al., 2020) for pre-
trained encoders. All hyperparameters were tuned
on the validation set, with the final configurations
summarized in Table 2. All code and documen-
tation are available in the project’s GitLab reposi-
tory, ensuring full reproducibility of the ADHD-Lang
baseline framework.

Model families (1) and (2) were trained on quanti-
tative metrics extracted with EXAIA CYMO v1.0.0-
beta®, a proprietary end-to-end text-mining and an-
alytics platform for high-throughput data processing.
CYMO employs a distributed architecture with par-
allel processing and dynamic resource allocation,
enabling efficient annotation of large-scale datasets
(491,838 text files in this study). Using a sliding-
window approach, it computes sentence-level met-
rics that capture fine-grained distributions of indi-
cators within text. Built on spaCy for core NLP
operations—tokenization, lemmatization, POS tag-
ging, dependency parsing, and sentence segmen-
tation—CYMO provides a scalable, reproducible
environment for transparent, high-resolution data
analysis. The software is proprietary but freely ac-
cessible for research use, with public documenta-
tion and tutorials available online. CYMO currently
supports 344 quantitative metrics grounded in mul-
tidisciplinary research on how humans learn and
process language across the lifespan. The frame-
work integrates theoretical and empirical insights
from cognitive, affective, and behavioural neuro-
science, computational and psycholinguistics, and
educational research. These metrics are organized
into two main classes: The first class, referred to as
core metrics, is content-agnostic and quantifies the
structural organization and informational density of
language, reflecting variation in cognitive effort and
planning. It comprises seven categories: Syntactic
Complexity (17 metrics), Lexical Diversity (15), Lex-
ical Density (1), Lexical Sophistication (116), Lexi-
cal Overlap (54), and Information-Theoretic Mea-
sures (1). The second class, lexicon-based metrics,

Shttps://github.com/exaiatech/
cymo—tutorial
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User Group Users Texts Sentences Total Words Mean Texts Mean Words
per User per Text
Diagnosed 12,070 317,073 2,830,661 45,343,408 26.27 143.01
Control 12,070 174,765 1,266,155 18,021,569 14.48 103.12
Table 1: Statistics of the ADHD-Lang dataset.
Model Hyperparameter Settings ated taxonomy of emotional states, as operational-
LR Regularization strength ' = 1; L2 ized in the emotion metrics described above. This
penalty _ expanded framework, together with the extended
SVM bcal;cléc:'”ear kernel; class weight = topical domains, enables a more nuanced and com-
RE 500 trees: max deoth = 12: mi i prehensive characterization of affective and seman-
; p ; min sam . s
ples split = 2 tic variation |r1.ADHD-reIated Iangugge use.
GB 500 estimators; learning rate = 0.05; Model families (1) and (2) operationalized these
max leaves = 128 hypotheses at different representational levels. The
BiLSTM Hidden units per direction = 256; 3 lay- first family used text-level aggregates of all CYMO-
ers; dropout = 0.2; learning rate = 0.001 derived metrics to model users’ overall linguistic
TRF Learning rate = 2 x 10~°; weight decay profiles, emphasizing global patterns of lexical and

= 107°; batch size = 16; epochs = 5

Table 2: Hyperparameter settings used in the
ADHD-Lang experiments. Abbreviations: LR = Lo-
gistic Regression; SVM = Support Vector Machine;
RF = Random Forest; GB = Gradient Boosting; BilL-
STM = Bidirectional Long Short-Term Memory; TRF
= Transformer-based models.

follows a closed-vocabulary approach and captures
semantic, affective, and functional dimensions of
word use. These include LexEmo (28 emotion
metrics derived from the revised Hourglass Model;
Susanto et al. 2020), LexGram (83 grammatical-
pattern metrics describing function-word usage),
and LexTopic (15 topical domains such as Health,
Relationships, and Science). A full description of
all 344 metrics, including definitions and computa-
tional formulas, is available in the project’s GitLab
repository.

In the context of the present study, which investi-
gates the verbal behavior of adults with ADHD, the
core metrics were used to explore hypotheses de-
rived from Barkley’s (1997) unified model of ADHD.
This model attributes the disorder’s cognitive and
behavioral symptoms to deficits in executive func-
tion, inhibitory control, and self-regulation. Such
impairments are hypothesized to manifest in text as
less precise, more generic, and more repetitive lan-
guage use—characterized by greater lexical over-
lap, lower lexical sophistication, and reduced struc-
tural complexity. For the lexicon-based (closed-
vocabulary) metrics, our analyses test whether pre-
viously reported linguistic patterns in adults with
ADHD—such as increased self-referential expres-
sion and elevated use of negative emotional lan-
guage linked to emotional dysregulation—replicate
and extend in our dataset. Beyond replication, we
broaden the affective scope by moving past Ek-
man’s six basic emotions toward a more differenti-

structural organization. The second, a bidirectional
long short-term memory (BiLSTM) network, was
trained on sentence-level metric sequences to cap-
ture temporal dependencies and within-user vari-
ability in linguistic behavior across posts.

5. Results and Discussion

Table 3 summarizes the performance of the eight
binary classification models across standard evalu-
ation metrics, including accuracy, precision, recall,
and F;-score.

Model Acc. P R F1

LR 74.21 73.91 74.86 74.38
RF 76.12 74.49 79.45 76.89
SVM 76.47 75.91 77.55 76.72
GB 76.52 75.33 78.46 76.86
BiLSTM 76.33 74.83 79.33 77.02
BERT 74.46 73.67 76.14 74.88
RoBERTa 75.72 75.14 76.88 76.00
MRoBERTa 76.01 74.51 79.08 76.73

Table 3: Performance metrics for binary ADHD
classification. Accuracy (Acc.), Precision (P), Re-
call (R), and F1-score (F1) are reported for the
ADHD class (%).

Model Family 1: Shallow machine-learning
models. Among the interpretable classifiers, the
Random Forest (RF) achieved the highest F;-score
(76.89%), followed closely by Gradient Boosting
(GB, 76.86%) and SVM (76.72%). Logistic Re-
gression (LR) performed lowest (74.38%). The
similar F;-scores of RF, GB, and the (linear-kernel)
SVM suggest that most of the predictive signal is
already well captured by the chosen feature repre-
sentations, while the tree-based models may addi-
tionally benefit from feature interactions, yielding
a consistent improvement of about 2.5-2.7% over
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the linear baseline. Model Family 2: Deep BiL-
STM model. The BIiLSTM achieved the highest
F1-score overall (77.02%), improving upon the best
shallow model (RF) by 0.13 percentage points. Al-
though the difference is small, it reflects a measur-
able benefit from processing sentence-level fea-
ture sequences, which preserve variation across
discourse segments instead of relying solely on text-
level aggregates. Model Family 3: Transformer-
based models. Among the transformer architec-
tures, MentalRoBERTa (M-RoBERTa) reached the
best F;-score (76.73%), outperforming RoBERTa
(76.00%) and BERT (74.88%). The results in-
dicate that domain adaptation enhances trans-
former performance, as M-RoBERTa—pretrained
on mental health—related text—generalized better
to ADHD language than general-purpose models.
Nevertheless, the gains remained modest, sug-
gesting that task-specific fine-tuning alone can-
not fully capture the linguistic markers of ADHD
without domain-informed feature representations.
Comparative assessment across model fami-
lies. Performance across model families was gen-
erally comparable, with F;-scores ranging between
76-77%. The Random Forest (RF) emerged as the
most balanced and interpretable model, achieving
competitive performance relative to both the Bil-
STM and transformer-based architectures. Given
its strong accuracy and transparent decision struc-
ture, subsequent analyses focus on the RF model
to examine which linguistic features most strongly
contribute to ADHD classification and to provide
interpretable insights into the underlying language
markers. These findings suggest that interpretabil-
ity and predictive accuracy are not mutually exclu-
sive. The interpretable models in Family 1 (shallow
machine learning) outperformed the transformer-
based models in Family 3, demonstrating that trans-
parent, linguistically grounded systems can achieve
high predictive performance without reliance on
opaque “black-box” architectures. More broadly,
this work contributes to an emerging body of evi-
dence indicating that the trade-off between inter-
pretability and accuracy is less pronounced than
often assumed. Similar results have been reported
for other mental health conditions—including de-
pression, bipolar disorder, anxiety, and personal-
ity disorders—nhighlighting the importance of inter-
pretable modeling approaches for understanding
and diagnosing psychiatric disorders (Kerz et al.,
2023; Ding et al., 2025).

Building on these results, we next examine fea-
ture importance within the Random Forest model
to identify the features most predictive of ADHD.
This analysis provides an interpretable view of the
verbal behavior patterns that drive model decisions
and highlights which feature categories contribute
most to classification performance. In doing so, it

offers insights into the linguistic signatures underly-
ing ADHD within a digital phenotyping framework.

Feature importance was quantified using the
Mean Decrease in Impurity (MDI), a model-intrinsic
measure that estimates each feature’s contribution
to reducing classification uncertainty. At each split
in the decision trees, the reduction in Gini impurity
attributed to the selected variable was computed
and weighted by the proportion of samples reach-
ing that node. These weighted impurity reductions
were then averaged across all trees in the ensemble
to yield a global estimate of each feature’s relative
importance.

Figure 2 presents the 20 most discriminative met-
rics ranked by Mean Decrease in Impurity (MDI).
The highest-ranking features spanned both major
classes of linguistic measures introduced in Sec-
tion 4.2. Among these, emotion-related metrics
were most frequent (9), followed by lexical over-
lap (6), grammatical (2), lexical sophistication (2),
and topical (1). Collectively, these results show
that the most predictive dimensions integrate core,
content-agnostic markers of structural and lexical
organization with lexicon-based features capturing
affective, grammatical, and thematic aspects of lan-
guage use.

As outlined in Section 4.2, our feature selec-
tion and engineering were guided by hypotheses
targeting core, content-agnostic metrics, a dimen-
sion largely neglected in prior linguistic research
on adult ADHD. These metrics were expected
to capture structural manifestations of executive
dysfunction—specifically greater lexical overlap,
lower lexical sophistication, and reduced struc-
tural complexity. Consistent with these expecta-
tions, individuals with ADHD showed markedly
higher lexical overlap across sentences than con-
trols. The six top-ranked overlap measures quan-
tified the recurrence of identical lexical content
within or between utterances, indexing repetitive-
ness in discourse. Two further high-ranking fea-
tures—normalized bigram (2GNLF) and trigram fre-
quencies (3GNLF)—indexed reliance on frequent,
formulaic multiword sequences. Elevated values in
ADHD therefore indicate a preference for generic,
high-frequency phrasing and reduced contextual
adaptability. Within theoretical accounts linking
ADHD to deficits in executive control and self-
regulation, this pattern reflects limitations in the
maintenance and updating of lexical representa-
tions. Consequently, individuals with ADHD rely
more heavily on familiar, low-information expres-
sions, yielding reduced linguistic variability and in-
formational density.

Turning to the lexicon-based (closed-vocabulary)
metrics, the results largely replicate and extend
previous findings on emotion-related language use
in adult ADHD. Consistent with earlier studies by
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EMOloa | 1ADHD
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EMOdsg | | +ADHD

N2SPO | | +ADHD

EMOter | | +ADHD
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EMOanx- | 1 ADHD

NSFWO | tADHD

EMOann-| | tADHD

EMOang - | 1 ADHD

EMOfea | +ADHD

PRNref| | 1 ADHD

EMOds! - | 1 ADHD

3GNLFf- | 1 ADHD

2GNLFf+ | 1 ADHD

NSAdvO | +ADHD

Categories

] Emotion Categories
D Lexical Overlap

] Grammatical Categories
] Topical Categories

D Lexical Sophistication

T T
0 0.005 0.01
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0.015 0.02 0.025

Feature Importance: Mean Decrease in Impurity (MDI)

Figure 2: Top 20 linguistic features ranked by mean decrease in impurity (MDI) for adult ADHD classi-
fication using the Random Forest model. Emotion-related features (Loathing, Disgust, Anxiety, Anger,
Fear) reflect the relative frequency of affective word use. Lexical Overlap features capture repetition
across sentences, Grammatical features indicate pronoun usage, Topical features represent health-related
vocabulary, and Lexical Sophistication features measure the normalized frequency of common n-grams.
Arrows denote higher feature values in the ADHD group.

Guntuku et al. (2019) and Cohan et al. (2018), indi-
viduals with ADHD produced proportionally more
negative emotion words—including terms related
to anger, anxiety, fear, disgust, and loathing—than
controls. This linguistic signature converges with
the growing consensus that emotion dysregulation
constitutes a core clinical dimension of ADHD. Al-
though not yet a formal diagnostic criterion in the
DSM-5, emotion dysregulation is increasingly rec-
ognized as central to the disorder’s phenotype and
is being actively considered for inclusion in future
nosological revisions (Shaw et al., 2014; Thorell
et al., 2020).

In addition, topical features (TOPhea) reflect-
ing health-related vocabulary were more preva-
lent in ADHD language. Notably, this pattern
persisted even when verbal behavior was drawn
from non—mental-health-related subreddits (e.qg.,
soccer), suggesting a persistent preoccupation
with health-related themes across contexts (Chen
et al., 2023a). Finally, language in adult ADHD
was characterized by elevated use of reflexive
and first-person singular pronouns (e.g., my-
self, I, me), echoing findings by Guntuku et al.
(2019) and Cohan et al. (2018). Increased self-
referential language has been interpreted as re-
flecting heightened self-focus, internalized emo-
tional processing, or reduced social-attentional en-
gagement—patterns consistent with broader pro-
files of executive and socio-emotional dysregulation

in ADHD.

Together, these findings lay the groundwork for
establishing digital phenotypes of ADHD derived
from naturally occurring verbal behavior on social
media. The present results provide a conceptual
and empirical foundation for future work using the
ADHD-Lang framework to identify, track, and poten-
tially predict clinically relevant cognitive—affective
states from language in ecologically valid, large-
scale contexts.

6. Conclusion

We presented ADHD-Lang, a large-scale lan-
guage resource for social media mining in mental
health, constructed from Reddit to advance compu-
tational modeling and digital phenotyping of adult
ADHD. The dataset was developed through a high-
precision self-disclosure identification framework
that ensures reliable ground-truth labels for diag-
nosed individuals and a rigorously matched con-
trol cohort. Combined with a transparent, stan-
dardized preprocessing pipeline, ADHD-Lang pro-
vides a high-quality and reproducible foundation
for research on language-based markers of ADHD.
To enable systematic and transparent benchmark-
ing, we provide comprehensive baseline experi-
ments across multiple model families, establish-
ing reference points for future work examining the
trade-offs between interpretability and predictive
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performance. These baselines are designed to
support reproducible evaluation and to facilitate the
development of explainable computational models
in mental health NLP. By releasing ADHD-Lang
with comprehensive documentation, ethical safe-
guards, and standardized evaluation splits, we aim
to catalyze community-driven progress toward inter-
pretable and clinically meaningful NLP models for
mental health research. The resource is intended
exclusively for academic research use under a con-
trolled data-sharing agreement. Beyond ADHD,
this work highlights the broader potential of inter-
pretable computational linguistics to bridge digital
behavior and clinical insight—enabling the devel-
opment of transparent, ethically grounded tools for
early detection, monitoring, and intervention across
mental health conditions.

7. Ethical Considerations and Data
Availability

This study relies on publicly available Reddit posts
in full compliance with the platform’s Privacy Pol-
icy® and Terms of Service. Reddit’s policies explic-
itly allow third-party research access to public con-
tent through its APl and similar technologies, pro-
vided users’ privacy and data rights are respected.
All user information was de-identified by replacing
usernames with randomly assigned numeric identi-
fiers. No attempts were made to contact users, link
pseudonymous accounts across platforms, or re-
cover personally identifiable information. Following
established best practices for ethical and responsi-
ble social media and mental health NLP research
(Hovy and Spruit, 2016; Losada et al., 2017; Cohan
et al., 2018), the data collection and preprocess-
ing process was designed to minimize any risk of
re-identification or privacy breach.

This work is intended solely for scientific research
and must not be used for individual diagnosis, risk
assessment, or clinical decision-making. Auto-
mated models trained on social media data should
not be deployed in clinical or public settings without
rigorous validation, ethical oversight, and expert in-
terpretation. The proposed methods are designed
to complement—rather than replace—clinical ex-
pertise by providing interpretable, population-level
insights into linguistic and cognitive markers of adult
ADHD.

Data Availability. The processed dataset used
in this study is available to qualified academic re-
searchers upon request under a data use agree-
ment, following the model of the SMHD benchmark
introduced by Cohan et al. (2018). In line with
ethical research standards, no raw Reddit data or

Shttps://www.reddit.com/policies/
privacy-policy

user-generated text will be publicly released. Ac-
cess is restricted to non-commercial research pur-
poses, and requesters must provide proof of in-
stitutional affiliation and confirm approval (or an
exemption) from their relevant ethics board/IRB for
research involving sensitive mental-health—related
content. The data use agreement further prohibits
any attempt to re-identify individuals, link records
to external profiles, or contact Reddit users, and it
requires that derived models, analyses, and publi-
cations report only aggregated results and refrain
from reproducing verbatim excerpts that could facil-
itate identification. We distribute only de-identified,
preprocessed feature representations and dataset
splits necessary to reproduce the analyses reported
in this paper, and we provide code for the full prepro-
cessing to support transparency and replicability
without exposing user-generated text.

8. Limitations and Future Work

Despite its methodological rigor and scope, several
limitations of the present work suggest directions
for future research.

+ First, ADHD-Lang may reflect selection biases
inherent to individuals who publicly disclose
an official ADHD diagnosis on Reddit. Such
users may differ systematically from undiag-
nosed or non-disclosing individuals in demo-
graphic, psychological, or communicative char-
acteristics, potentially shaping the linguistic
patterns observed. Future work should there-
fore explore sampling strategies or comple-
mentary data sources to mitigate disclosure
bias and evaluate the representativeness of
ADHD-related language across broader popu-
lations.

» Second, the present study provides initial
baseline models for benchmarking rather than
optimized systems. While these results estab-
lish a reproducible foundation for model com-
parison, predictive accuracy can be further im-
proved. Future research should investigate
more advanced model architectures, includ-
ing early- and late-fusion designs, stacking
approaches, and hybrid ensemble architec-
tures that capture complementary information
across representational levels.

« Third, the present analysis of feature impor-
tance was limited to Gini impurity within a Ran-
dom Forest framework, offering model-specific
but global insights. Future work should ex-
pand interpretability using a broader range
of explainable Al (XAl) techniques—spanning
model-specific and model-agnostic, local
and global, and ante-hoc and post-hoc ap-
proaches—to obtain a more comprehensive
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understanding of model mechanisms and fea-
ture relevance.

» Fourth, ADHD-Lang captures language use in
a cross-sectional manner. Incorporating longi-
tudinal data would allow for temporal modeling
of intra-individual variation, enabling the study
of how linguistic markers evolve over time.

Collectively, these extensions will advance
ADHD-Lang toward a more accurate, interpretable,
and temporally informed framework for digital be-
havioral phenotyping in adult ADHD.
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