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I INTRODUCTION

Personality Traits and Demographics Analysis
in Online Mental Health Discourse
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Abstract—Social media provides valuable insights into users’
thoughts, behaviors, and emotions, offering opportunities for
mental health research. In this work, we explore how personality
traits and demographic attributes manifest in the online behavior
of individuals suffering from mental disorders. Focusing on the
Big-5 personality dimensions, we analyze social media users asso-
ciated with four mental health disorders (Anorexia, Depression,
Gambling, and Self-harm), investigating how these traits differ
across groups. Using the PANDORA dataset —which supplies
annotations for personality traits, age, and gender—, we train
models for personality prediction and author profiling. These
models are subsequently transferred to various eRisk collections.
Besides confirming known trends (e.g., high association between
anorexia and certain young female groups, or between gambling
and young males), our analysis reveals intriguing personality
traits. For example, we found high neuroticism and agreeable-
ness, and low extraversion and conscientiousness shared across
most disorders. These trends underscore the relevance of these
personality traits for these mental health problems. Finally,
we conclude by analyzing demographic biases in risk detection
systems, showing that the accuracy of alerts differs significantly
across demographic groups.

Index Terms—Personality Analysis, Author Profiling, Big-5, Men-
tal Disorders, Social Media, Bias Analysis.

I. INTRODUCTION

NDERSTANDING human personality has long been a

cornerstone of psychological research, offering valuable
insights into individual differences in behavior, emotion, and
cognition [[1]-[4]. The Big-5 model [3], [5], [6], one of
the most widely accepted frameworks for studying human
personality, conceptualizes personality along five broad dimen-
sions: Openness to Experience, Conscientiousness, Extraver-
sion, Agreeableness, and Neuroticism (commonly abbreviated
as OCEAN). Each dimension represents a continuum along
which individuals may vary [7]. These five dimensions provide
a structured and empirically validated means of capturing the
variability in human personality [§8]]. Big-5 traits have been
found to be predictive of various life outcomes, including
academic performance, interpersonal relationships, and phys-
ical and mental health. However, personality traits are not
isolated from other factors (e.g., demographics). Gender and
age, for instance, have been shown to influence both the
expression of personality traits and the prevalence of mental
health disorders [9]-[11]. As such, any investigation into
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the psychological correlates of mental illness must take into
account the relative prevalence of disorders across gender and
developmental stages, as well as how these factors may interact
with personality.

In recent years, there has been a growing interest in exploring
the intersection between personality traits and mental health
disorders [12]-[15]. Research suggests that specific person-
ality profiles may predispose individuals to mental health
conditions such as depression, anxiety, bipolar disorder, and
schizophrenia [[16]. For instance, high levels of Neuroticism
have been consistently associated with mood and anxiety
disorders, while low Conscientiousness and Extraversion have
been linked to depressive symptoms and social withdrawal.
Understanding these associations has practical implications for
early detection, prevention, and personalized treatment.

The proliferation of social media platforms has opened new
avenues for psychological research by providing access to
vast quantities of real-time, user-generated data [|17]—[21].
People often express their thoughts, emotions, and behaviors
on platforms like Twitter, Facebook, and Reddit, inadvertently
revealing underlying personality traits and potential signs
of psychological distress. Researchers can analyze linguistic
patterns and behavioral indicators by leveraging computational
methods such as Natural Language Processing (NLP) and
Machine Learning to infer personality dimensions and possible
mental health issues from digital footprints.

Despite the growing adoption of computational approaches in
mental health research, concerns remain about the potential
biases embedded in algorithmic models. In particular, gender
and age can significantly influence the accuracy of model
predictions. For instance, models trained on imbalanced de-
mographic data may exhibit systematic performance disparities
across groups, potentially under-representing or misclassifying
symptoms expressed by women, men, or by individuals at
certain life stages. These biases affect the validity of predictive
models and raise ethical concerns when such tools are pro-
posed for real-world mental health screening or intervention
settings. Consequently, it is essential to evaluate whether
classification outcomes are equitably distributed across gender
and age groups and to account for these factors when inter-
preting the associations between personality traits and mental
disorders.

In this work, we aim to explore the personality traits of
individuals suffering from mental disorders as manifested in
their social media publications. By examining how individuals
with different diagnoses express themselves online, we can
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better understand the personality dimensions that may be cor-
related with specific disorders. Additionally, we consider how
gender and age may relate, acknowledging their critical role
in shaping personality and mental health. This research not
only contributes to theoretical knowledge at the intersection of
Personality Psychology and Psychopathology but also holds
promise for developing automated tools for mental health
monitoring and intervention. We can summarize our main
contributions as follows:

o We analyze the Big-5 personality traits of social media
users suffering from four mental health disorders and
perform additional author profiling on these individuals.
This provides valuable insights into the psychological and
demographic characteristics of people undergoing mental
health difficulties and reveals intriguing patterns about
how their problems reflect on social media.

o We study the bias of numerous classification systems that
were designed to trace signs of risk from user-generated
publications. This sheds light on the relative performance
of their detection mechanisms when presented with data
from individuals of different genders, age groups, or
personalities.

o Using the PANDORA dataset [22[], we train predic-
tive models targeting personality traits, gender, and age,
and validate their generalizability on the eRisk datasets,
thereby supporting the viability of cross-domain person-
ality and demographic analysis.

II. RELATED WORK

Researchers in Psychology have extensively studied human
personality as a main factor influencing individuals [1]], [2],
[4]]. One of the most accepted frameworks is the Big-5 model.
In a seminal work, Tupes and Christal identified five person-
ality dimensions in reports analyzing co-workers’ personality
descriptions [S]]. Goldberg first coined the term “Big-5 and
the acronym OCEAN [6]. However, the current version of the
model, in conjunction with the NEO Personality Inventory-
Revised (NEO-PI-R) questionnaire, was popularized later by
Costa and McCrae [3]]. Another recognized model is the
Myers-Briggs Type Indicator (MBTI), based on Carl Jung’s
psychological theory and consisting of eight personality types
[23]]. Questionnaires play a crucial role in personality research,
representing validated tools for diagnosis and research.

Our work is closely related to Text-Based Personality Com-
puting (TBPC), which aims to infer personality traits from
user-generated text (e.g., social media publications) [24].
This research area builds upon early studies of language
and personality, particularly those by Pennebaker [25]]. As
noted in the recent review by Fang et al. [26]], TBPC has
evolved significantly over time. Initial approaches relied on
bag-of-words (BoW) models and psycholinguistic tools such
as LIWC [27] and the MRC Psycholinguistic Database [28].
More recent methods use contextual embeddings that better
capture semantic nuances. One of the foundational datasets in
this domain is the Essays dataset, consisting of 2,468 English
essays [29]]. This corpus is frequently cited in early TBPC

research for its richness and coherence, which enable the
extraction of stable linguistic patterns. However, its formal
and controlled writing style limits its ability to reflect natural,
spontaneous user interactions.

As TBPC research has progressed, there has been a growing
trend toward using large-scale datasets collected from social
media [30]. For example, the PANDORA dataset contains
Reddit posts from users annotated with personality traits
[22]. PANDORA includes user labels for multiple personality
models, including the Big-5, MBTI, and HEXACO, making
it particularly valuable for diverse research applications. The
original PANDORA study benchmarked multiple machine
learning models for predicting personality and demographic
attributes from Reddit text, exploring representations based
on n-grams, psycholinguistic dictionaries, named entities, and
part-of-speech features. These benchmarks served as refer-
ence baselines for training personality inference models in
downstream social media studies. Another valuable resource
is the dataset compiled by Rangel et al. [31]], which includes
multilingual data (English, Spanish, Italian, and Dutch) from
X (formerly Twitter) and is annotated with Big-5 personality
scores. Besides personality classification, scientists have in-
creasingly explored the links between personality traits and
mental health conditions [12]—[15]]. Prior findings suggest that
specific personality profiles may predispose individuals to
certain disorders such as depression, anxiety, bipolar disorder,
and schizophrenia [[16]. However, recent work raises concerns
about gender bias in personality prediction systems, highlight-
ing the need for fairness-aware approaches [32]. Our research
is also related to the author profiling literature [31]], [33]-
[35], which analyzes texts to infer authors’ demographic or
psychological characteristics. Related to this, we exploit the
PANDORA dataset not only for personality trait prediction,
but also for training classifiers of gender and age. In parallel,
a separate line of research has focused on mental health risk
detection from Reddit data. The eRisk shared tasks released
curated Reddit collections for early detection of conditions
such as depression, anorexia, self-harm, and gambling disorder
[36]-[38]]. Work on eRisk has primarily investigated classi-
fication architectures for early risk detection and temporal
modeling of user posts, but these datasets do not provide
explicit personality annotations.

Prior research on text-based personality and mental health
risk detection has largely evolved along separate lines. A few
studies have explored associations between personality traits
and mental health conditions. However, they typically focus
on single datasets, specific disorders, or rely on self-reported
personality assessments. In this work, we go beyond these
settings by proposing a cross-domain computational frame-
work that transfers personality and demographic prediction
models trained on PANDORA to multiple independent eRisk
collections. To the best of our knowledge, this is the first work
to conduct this specific exploration. This enables a unified
and large-scale comparative analysis of Big-5 personality traits
across four mental health conditions. Additionally, we examine
demographic factors and systematically analyze biases in state-
of-the-art early risk detection systems, thereby linking person-
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ality analysis with issues of demographic representativeness
and fairness in social media—based mental health research.

III. METHODOLOGY

Our methodology consists of two main stages: i) training
models with a large base of social media users, and ii)
transferring the models to monitor personality dimensions and
demographic factors in users affected by diverse mental health
conditions. Specifically, we leverage the annotated PANDORA
dataset to build predictive models and apply them to the
eRisk dataset for analyzing users with mental disorders. The
overall process is illustrated in Figure [I]

Author Profiling

T 605@
B op i A
PANDORA Models j :

Extraversion
- Q
dataset Y

&>

.

Openness Neuroticism

Fig. 1: The framework involves training models with the
PANDORA dataset, followed by predicting demographic and
personality traits among users from the eRisk data collections.

A. Training models using PANDORA

We begin by training machine learning models on the PAN-
DORA dataset, a Reddit-based corpus with user-level annota-
tions for personality traits, age, and gender. The PANDORA
dataset is constructed by linking Reddit users to exter-
nally completed personality questionnaires: dataset creators
collected users who publicly shared links to their personality
test results or self-reported personality scores, and associated
their Reddit posting histories with these questionnaire-derived
labels. For the Big-5 model, PANDORA provides normalized
trait scores in the 0—100 range (in increments of 10), derived
from standardized personality inventories. Demographic at-
tributes such as age and gender are obtained from explicit
self-disclosures in user posts or profiles. The final dataset
comprises 1,600 users annotated with Big-5 traits, with subsets
additionally labeled for age and gender, as reported in the
original PANDORA study.

PANDORA is a well-known resource in computational person-
ality analysis and also supports other personality models (e.g.,
MBTTI and Enneagram). Its significance lies in enabling large-
scale personality analysis across platforms. The creators of
PANDORA demonstrated its utility through three experiments:
i) using MBTI and Enneagram labels to infer Big-5 traits,
ii) detecting bias in gender classification models based on
associated personality traits, and iii) revealing how psycho-
demographic variables can predict interests among Reddit
users.

We extract multiple features from the users’ posts, such as
linguistic cues, lexical patterns, and embedding-based repre-
sentations, and we exploit these features to train models that
predict the Big-5 personality traits and demographic attributes
such as age group and gender.

Our first analysis focuses on the task of gender prediction.
Figure [2| shows the gender distribution in the original datasetﬂ
We reproduced the same classical prediction methods imple-
mented in [22]]: a Support Vector Machine (SVM) classifier
with TF-IDF representations of word n-grams. The original
paper reported a test accuracy of 89.3% in gender classifica-
tion. However, the dataset does not provide predefined training
and testing splits. We performed 5-fold cross-validation using
the entire dataset, obtaining an average accuracy of 87.5%,
which demonstrates the model’s reliability. Consequently, we
adopted the resulting model to perform gender classification
in our mental health dataset.
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Fig. 2: PANDORA dataset gender distribution
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The second analysis targets age prediction. In contrast to
gender, the original PANDORA paper did not approach age
prediction as a classification task. Instead, age labels were
used as supplementary demographic information, primarily in
bias-related experiments. For our purposes, we formulated age
prediction as a multi-class classification problem and binned
users into four age groups: 10-19, 20-29, 30-39, and 40+. We
show the age distribution in Figure 8] We trained a multi-class
SVM classifier using TF-IDF representations of word n-grams
and evaluated the model using 5-fold cross-validation. The
resulting weighted average F1-score was 0.618. While overall
performance is limited, primarily due to class imbalance,
the model nonetheless captures relevant age-related patterns,
supporting its potential as a meaningful predictor of age.

In our final analysis, we examine the prediction of personality
traits using the Big-5 model. For this task, we treated per-
sonality estimation as a regression problem and trained five
models to predict the scores for each trait. We experimented
with a wide range of model architectures and input repre-
sentations, from traditional methods such as Bag-of-Words
to advanced neural models, including Convolutional Neu-
ral Networks (CNNs), Long-Short-Term Memory networks
(LSTMs), Bidirectional LSTMs (with and without attention

I'The original dataset included a third gender label denoted as “t”, which the
original authors neither defined nor discussed. Due to the lack of information
about this label, we discarded these cases and built a two-class classifier from
the remaining examples.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Transactions on Affective Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TAFFC.2026.3674676

III METHODOLOGY

TABLE I: Regression results for Big-5 traits over the original data (PANDORA). The table reports the Mean Squared Error
(MSE), the Mean Absolute Error (MAE), and the Pearson correlation coefficient. “Paper best” shows the best Pearson scores

reported in the original study.

MSE MAE Pearson ‘
BoW DisorBERT mpnet | BoW DisorBERT mpnet | BoW DisorBERT mpnet | (Paper best)
Openness 0.074 0.090 0.091 | 0.220 0.256 0.253 | 0.310 0.135 0.115 | 0.265
Conscientiousness | 0.091 0.098 0.107 | 0.249 0.263 0.267 | 0.268 0.158 0.084 | 0.273
Extraversion 0.088 0.102 0.104 | 0.244 0.261 0.271 | 0.326 0.167 0.073 | 0.387
Agreeableness 0.096 0.106 0.108 | 0.260 0.276 0.281 | 0.274 0.129 0.109 | 0.270
Neuroticism 0.108 0.108 0.117 | 0.279 0.284 0.295 | 0.232 0.188 0.127 | 0.283
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Fig. 3: PANDORA dataset age distribution.

mechanisms), and Transformer-based models. We selected the
three top-performing models based on validation performance
from these experiments. The experimental settings section
details the specific configurations of these models, including
hyperparameters and training procedures.

We begin our analysis by examining the distribution of per-
sonality traits in the PANDORA dataset. Figure {4 displays
the distribution for each of the Big-5 personality traits. Each
subplot represents the number of users (y-axis) assigned a
given trait probability (x-axis).

Openness

Conscientiousness Extraversion

Agreeableness Neuroticism

ot
5 % 8 &8 8 8 3

Fig. 4: PANDORA dataset Big-5 distribution.

The distribution for Openness is left-skewed, indicating many
users were predicted to have high levels of openness. In
contrast, Conscientiousness, Extraversion, and Agreeableness
all exhibit right-skewed distributions, suggesting that lower
levels of these traits are more prevalent among users in the
dataset. Notably, Neuroticism exhibits a bimodal distribution,
with peaks at high and low probability levels, which may

reflect divergent emotional stability levels within the Reddit
user base. These distributions align with established patterns
of online behavior. Platforms such as Reddit commonly attract
user populations that display greater openness to experience
but reduced levels of agreeableness and conscientiousness.
This initial trait profiling serves as a foundation for further
downstream analyses and facilitates transfer to additional
datasets, including eRisk.

Table [I| presents the regression results on the original PAN-
DORA dataset for the three best-performing models —-BoW
(Bag-of-Words), DisorBERT, and mpnet— evaluated using
Mean Squared Error (MSE), Mean Absolute Error (MAE), and
Pearson correlation coefficient. Across all traits and metrics,
the BoW model consistently outperforms both DisorBERT
and mpnet. Specifically, BoW achieves the lowest MSE and
MAE values across all five traits, indicating better capacity
to estimate trait scores. Regarding Pearson correlation, which
captures the linear association between predicted and ground-
truth values, BoW obtains the highest scores across all di-
mensions. For example, BoW achieves a Pearson score of
0.326 for Extraversion, compared to 0.167 (DisorBERT) and
0.073 (mpnet). This pattern is consistent across the remaining
traits, suggesting that BoW predicts values closer to the ground
truth and preserves the correct relative ordering of samples
more effectively than the other models. The table includes
a “Paper best” column reflecting the highest reported Pearson
correlation for each trait in the original PANDORA study [22].
These values are taken directly from the original publication
and are included for reference, while all other results in the
table correspond to our reproduced 5-fold cross-validation
experiments on the full PANDORA dataset following the
same evaluation protocol. The authors used multiple textual
representations in the original study, including n-grams, psy-
cholinguistic dictionaries, named entities, and part-of-speech
patterns. The goal of this experiment is not merely to replicate
prior results, but to identify a reliable personality-prediction
model that can be transferred to the eRisk datasets. Notably,
our BoW variant outperforms this model on two traits (under-
lined scores) and, overall, is competitive with the best Big-5
predictor proposed by the authors of PANDORA. For instance,
the best previously reported Pearson score for Extraversion
is 0.387, while BoW achieves a competitive 0.326 without
task-specific fine-tuning or additional supervision. Despite its
simplicity, BoW exhibits solid robustness, as evidenced by this
comparison.
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In contrast, DisorBERT and mpnet, which are embedding-
based sentence representation models, underperform signifi-
cantly. Although these models have shown promise in a range
of NLP tasks, their relatively poor performance in this set-
ting suggests a mismatch between their sentence embeddings
models and the task of predicting personality traits. This
underperformance may be attributed to the lack of fine-tuning
on domain-specific data and the potential inadequacy of pre-
trained semantic representations to capture subtle personality
cues in text.

Among the five traits, Extraversion consistently yields the
highest Pearson correlations across all models, implying that
linguistic indicators of Extraversion are more salient and
readily learnable. In contrast, traits like Neuroticism and
Agreeableness exhibit lower correlations, indicating that these
personality dimensions are more challenging.

These findings lead to some key insights. First, the widely
cited quote “Simplicity is the ultimate sophistication” proves
to be applicable here. The performance of the BoW model
reinforces the value of employing simpler, more interpretable
methods in personality prediction tasks. Lexical features ap-
pear well-suited to capturing personality-related signals in text.
Second, neural embeddings are suboptimal: the relatively
poor results of the embedding representations suggest that off-
the-shelf embeddings lack the granularity or domain alignment
required for accurate personality assessment. Third, model
generalization matters: the Pearson metric reveals that while
errors (MSE, MAE) might be comparable, BoW better cap-
tures the ranking and relative order of cases in personality
trait analysis. This indicates a potential generalization gap in
embedding models concerning ordinal consistency.

B. Cross-domain prediction

Once the models were trained using the PANDORA dataset,
we transferred them to monitor users from a collection in a
different domain, focused on early risk detection (eRisk). The
eRisk datasets contain publications from Reddit users, who are
grouped into a positive group (users suffering from a certain
mental health condition) and a control group (general users
from the platform). Unlike PANDORA, the eRisk datasets
do not include explicit annotations for personality traits or
demographic information. Therefore, we leverage the models
trained with PANDORA to infer these attributes from the
posting histories of the eRisk users. This allows us to extract
estimates of personality dimensions (Big-5 traits), age groups,
and gender.

This stage aligns with the broader task of author profiling,
which involves characterizing individuals based on both psy-
chological and demographic dimensions. The inferred person-
ality traits offer insights into the users’ cognitive and emotional
patterns, shedding light on how certain characteristics correlate
with specific mental health conditions. Similarly, demographic
predictions —particularly those related to age and gender—
enable subgroup analyses, revealing population-specific trends
or disparities.

By combining psychological and demographic profiling, we
aim to build a comprehensive representation of users within
the eRisk collection. This holistic perspective allows for a
more nuanced interpretation of how mental health challenges
manifest in online behavior and supports more targeted and
ethical computational mental health research on social media
platforms.

IV. EXPERIMENTAL SETTINGS

A. Test Datasets (eRisk)

We employed datasets from the eRisk evaluation tasks con-
ducted between 2017 and 2023 [36]]—[42]]. These initiatives
were designed to promote the early detection of signs of
mental health disorders such as anorexia, depression, gambling
addiction, and self-harm. In Table we present an overview
of the datasets, including the distribution of classes.

TABLE II: eRisk datasets users distribution.

Positive  Control
Anorexia 134 1153
Depression 312 2795
Gambling 348 6253
Self-harm 297 1914

The eRisk datasets contain numerous publications from Reddit
users (including comments and posts). Each dataset is divided
into two categories: i) users identified as experiencing one of
the target conditions (anorexia, depression, gambling, or self-
harm), and ii) a control group made up of individuals not
affected by these disorders. Positive cases were determined
based on explicit self-reports of a clinical diagnosis (textual
instances in which users stated that a medical professional had
diagnosed them) The control group includes random users
from various subreddits and other individuals who discuss the
target conditions, including clinicians who offer support and
guidance in mental health communities. This means simple
keyword-based detection is insufficient; effective systems must
interpret users’ behavior and context more deeply. Such data
collection methodology thus results in test collections that
better capture real-world complexity and variability.

B. Training Configuration (PANDORA)

Preprocessing: We began with basic text preprocessing, con-
verting all words to lowercase and removing elements such
as URLs, emoticons, and hashtags. This step was designed
to eliminate non-essential components that do not contribute
meaningfully to our analysis.

Training and prediction: For the age and gender prediction
tasks, we obtained the complete representation of the post
history of the users using TF-IDF of word unigrams and
trained an SVM classifieff]

For the regression task (Big-5), we used unigrams and bigrams
and selected the most relevant features (200,000) employing

2Vague statements such as “I think I have depression” or “I am depressed”
were not treated as sufficient evidence of diagnosis.
3The GitHub link will be shared upon acceptance.
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the SelectKBest method (from the sklearn library [43]]). The
model is a feedforward neural network with three fully con-
nected layers. It maps the input features to 128 units, then to
64, and finally to a single output. Each hidden layer employs
ReLU activation and a 0.3 dropout rate for regularization. A
sigmoid activation in the output layer enables binary classifi-
cation. We used the Adam optimizer with a learning rate of
le—3 and binary cross-entropy as the loss function. For the
embedding models, the best approach is to encode the entire
sentences for each user and then compute the mean, max, and
min values across the entire post history.

Parameters: We employed the frameworks offered by scikit-
learn v1.7 [43], HuggingFace v4.24.0 [44], and PyTorch
v1.13.0 [45]] for the downstream task’s training and conducted
the training over 100 epochs on a GeForce RTX 3070 with
8GB memory.

C. Classification Models

This subsection describes the alternative representations used
for the different tasks.

Bag-of-Words: (BoW) We implemented a traditional Bag-
of-Words model using unigram (and bigrams for regression)
features weighted by TF-IDF. These features were classified
using an SVM with a linear kernel. While we initially tested
other kernels and conventional classifiers, the linear SVM
consistently outperformed them. As a result, we selected it
as our reference baseline for traditional methods.

DisorBERT: DisorBERT [46] is a customized variant of
BERT that underwent a dual-domain adaptation process. First,
the model was adapted to social media language to capture in-
formal and conversational textual patterns. Next, it specializes
in the mental health domain, enhancing its ability to recognize
domain-specific terminology and linguistic patterns related to
psychological disorders. Both adaptation steps used a domain-
specific lexicon to guide the masking process, ensuring the
model focuses on relevant language features during training.

Mpnet: It is a pre-training method [47] that exploits the ad-
vantages of masked language modeling and permuted language
modeling for Natural Language Understanding.

Given its simplicity, we experimented with BoW for the three
tasks, while DisorBERT and Mpnet were used exclusively for
the personality analysis task.

V. EVALUATION RESULTS AND DISCUSSION

Figure [5] presents the gender predictions across several mental
health categories of the eRisk dataset using the best performing
models (discussed in Section [[IT). We can observe a consistent
trend: the model predicts the female category as the most
prevalent in most of the positive classes (i.e., users suffering
from a mental disorder). In contrast, the male category tends
to dominate within the control classes. The gambling dataset
represents the only exception to this trend. Specifically:

o In the Anorexia dataset, 76% of positive cases are pre-
dicted as female and 24 %, compared to only 9% female

6

and 91% male in the control group. This imbalance
naturally derives from the characteristics of individuals
suffering from this eating disorder.

o In Depression, 58% of positive users are classified as
female and 42% as male, whereas the control group is
87% male and 13% female.

o For Gambling, positive cases are overwhelmingly male
(91%), and the control group also skews male (82%).

e In the Self-harm datasets, 68% of positive users are
predicted as female and 32% as male, while the control
group consists of 86% male predictions.

Female 87% 86%
Male 82%
80 76%

68%

58%

=)
=}

42%

Percentage
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Fig. 5: Gender predictions over the eRisk collections

Figure [6] displays the age distribution across the data col-
lections. The age distribution across positive cases indicates
that the majority of users are concentrated in the 20-29 age
range, particularly within Gambling (80%), Anorexia (76%),
and Depression (69%). Self-harm presents a notable deviation
from this pattern, with a comparatively larger proportion of
younger users (41% aged 10-19) alongside 54% in the 20-29
group.

The control groups, in contrast, tend to show a less skewed age
distribution, with more presence of people from the two oldest
groups (30-39 and 40+). In any case, all age distributions show

a strong presence of young individuals, which is a natural
feature of social media activity.
100 % . 5% 5% % 3% 4%
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Fig. 6: Age predictions over the eRisk collections

A. Comparison with Real-World Trends

The gender and age distributions inferred by our models
closely mirror well-established mental health patterns, support-
ing the validity of the datasets and the models used.

Gender Differences: The gender predictions are consistent
with trends published in the mental health literature:
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o Anorexia is more prevalent among females and it par-
ticularly affects adolescents and young adults (epidemi-
ological data suggest that most anorexia cases occur in
femaleﬂ. Our model reflected this, with 76% of positive
cases classified as female.

« Women experience higher rates of depression diagnoses,
shaped in part by underlying psychological and societal
dynamics. The 58% female representation in depression-
positive cases aligns well with global prevalence ratesﬂ

o Gambling disorders typically have a higher prevalence in
men and are often associated with impulsivity and risk-
taking factors [48]]. Again, our models were consistent
with this trend, predicting 91% of positive gambling users
as male.

o Adolescent females have been shown to exhibit higher
rates of non-suicidal self-injury compared to their male
peers [49]. The 68% female classification in self-harm
positive cases supports this pattern.

The respective control groups are estimated to be over-
whelmingly populated by males. This partially reflects the
demographic imbalance in Reddit usage (gender-based data
from 2025 indicate that males make up a substantially greater
portion of users compared to females)ﬂ

Age Trends: Our age predictions also align with known age-
related vulnerabilities [50]:

o Many mental health disorders begin before the age of 30,
particularly during adolescence and early adulthoodm The
concentration of anorexia, depression, and self-harm in
the 10-29 year-old range is consistent with findings from
global mental health surveys and clinical observations.

o The gambling data show a broader age distribution,
including 18% of the cases in the 40+ range, which
may reflect the chronic nature of gambling behaviors or
delayed disorder manifestation [51].

o Self-harm peaks in teenage years, explaining why 41%
of the positive users fall into the 10-19 age group.

These findings confirm the predictive capability of our models,
with gender and age predictions from the PANDORA-trained
models on the eRisk collection aligning with known real-world
distributions of mental health disorders. This underscores
the potential of demographic inference in understanding the
context of mental health within online communities.

B. Big-5 Analysis in Mental Disorders

For our following analysis, we leverage the best-performing
model and present an analysis of the distribution of the Big-
5 personality traits among individuals with mental health
disorders, including anorexia, gambling, depression, and self-
harm, compared to control groups. The box plots (Figures [7}

4https://withinhealth.com/learn/articles/anorexia- nervosa-an- statistics-
gender-race-and-socioeconomics

Shttps://www.who.int/news-room/fact-sheets/detail/depression

Shttps://explodingtopics.com/blog/reddit-users

https://www.brainsway.com/knowledge-center/depression-across-age-
groups/

Bl PL [I0} and [TT) illustrate the predicted probabilities for each
trait across the disorders, revealing distinct patterns and trends.
To provide statistical evidence on the difference between the
positive and control group, we apply the Mann—Whitney U
test and report in the figures the resulting p-values. The
Mann—Whitney U test is a non-parametric statistical test used
to determine if there is a significant difference between the
distributions of two independent groups. A small p-value
(usually less than 0.05) indicates sufficient evidence to claim
that the positive group differs systematically from the control
group.

Key Trends and Observations:

Openness:

1) There is no consistent trend across disorders. Some groups
(e.g., anorexia) show slight elevations, while others (e.g.,
depression) exhibit minimal differences from controls.

2) This suggests openness may not be a primary trait linked
to these specific disorders or may interact with other factors.

Openness
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Fig. 7: Openness distribution over the eRisk collections.

Conscientiousness:

1) Lower levels are observed in individuals from the positive
groups of the four disorders. This indicates impulsivity and
reduced self-regulation associated with these groups of indi-
viduals.

2) Control groups not only show higher medians but also more
variability and extreme cases.

Extraversion:

1) The positive groups (with the exception of Gambling)
show lower levels of extraversion compared to the respective
control groups. This supports the idea that social withdrawal
and low positive affect are features associated with anorexia,
depression, and self-harm.
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Agreeableness:

1) For the four disorders, the levels of agreeableness are
higher for the positive groups, compared to their control group
counterparts.

Neuroticism:

1) This trait is consistently elevated across most disorders
(anorexia, depression, self-harm) compared to controls, sug-
gesting a strong association between high neuroticism and
these mental health conditions.

2) The difference observed aligns with existing literature
linking neuroticism to emotional instability, vulnerability, and
mood disorders.

This work is licensed under a Creative Commons Attribution 4.0 License.
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Summing up, we found high neuroticism & agreeableness
but low extraversion & conscientiousness shared across most
disorders. These trends underscore the relevance of these
personality traits for these mental health problems.

Let us compare these findings with studies about the Big-5
personality traits in the literature. Some common patterns exist
between our analysis and the trends discussed in previous stud-
ies. We found elevated Neuroticism across all disorders, align-
ing with the well-established role of this trait as a predictor
of poor mental health outcomes. In fact, individuals with high
levels of Neuroticism are more likely to experience negative
emotions, have difficulty coping with stress, and may struggle
with impulsivity and psychological distress [[I5]. Similarly, our
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findings on low Conscientiousness among individuals with
psychological disorders align with the literature. In clinical
studies, people who score low in Conscientiousness have been
found to have worse psychological outcomes [[15], [52]-[54].
In the literature, a negative association between Extraversion
and psychological disorders was found [15] (extroverts tend to
enjoy social interactions, experience positive emotions more
easily, and have better mental health outcomes). In our study,
the positive groups (except Gambling) show lower extraver-
sion levels than the respective control groups. Regarding
Openness, we find inconsistent results in the literature. Kang
et al. [[15] argued that low Openness levels are associated
with depression and anxiety, but [55] suggested a positive
association between this trait and depression. Our results for
this trait are also inconclusive, as we did not observe clear
differences between the positive and control groups. Finally,
our results on Agreeableness differ from the findings from
prior research, which typically report low or unaffected levels
in people suffering from psychological problems. Our data
reveal otherwise: individuals in the positive groups tend to
show higher levels of Agreeableness. We hypothesize that this
might be due to the peculiarities of social media users partic-
ipating in mental health support communities. Users on social
networks (especially Reddit communities related to mental
health) tend to exhibit a heightened sense of community and
social cohesion, thus reflecting higher levels of agreeableness
in their interactions with other social media users.

VI. BIAS ANALYSIS

Understanding how machine learning models behave across
different demographic groups is essential to ensure fair and
reliable outcomes. In particular, bias analysis helps uncover
whether certain user groups benefit disproportionately from
better performance, while others may be systematically disad-
vantaged. With this motivation in mind, we carried out a bias
analysis on the eRisk data collections used in our study.

To conduct this analysis, we analyzed the predictions of the
different systems submitted by the participants of eRisk
Our goal was to investigate whether these predictive systems
exhibited biases in favor of specific demographic groups (e.g.,
users of a particular gender or age). To this end, we first
labeled the positive group of each collection using the gender
and age classifiers described above (see Section [II). Next,
we split the positive group into demographic categories (e.g.,
female positive users and male positive users) and evaluated
the performance of each system within each group using the
F1 metric. This allowed us to identify which user groups were
more easily and accurately classified, thereby shedding light
on potential biases in model behavior.

Figure [12| shows the F1 scores achieved by participant models
across three eRisk tasks broken down by gender. Each system

8We would like to thank the organizers of eRisk for providing us with access
to these predictions. Specifically, we had access to the system’s predictions
for three of the eRisk tasks (self-harm, anorexia, and gambling). In the case
of self-harm, we had access to systems’ predictions for several editions of
the task. In the case of anorexia and gambling, we had access to systems’
predictions for one edition.

is represented as a point (z,y) whose coordinates are the F1
values for males and females, respectively. The diagonal line
represents equal performance for male and female users. Points
above the diagonal indicate higher performance for positive
female users, while points below indicate better detection of
positive male users.
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Fig. 12: Gender bias of the participants over different eRisk
collections.

In anorexia and self-harm, all systems show a clear tendency
to be more accurate on the female cases (most points cluster
above the diagonal, often with significant performance gaps
compared to those achieved for the male cases). This means
that, when a user exhibits signs of anorexia or self-harm, the
risk is more likely to be detected if the user is a woman. For
gambling, instead, the systems show higher accuracy for the
positive male cases.

These results suggest that models trained on eRisk collections
are biased toward specific gender groups. One possible ex-
planation relates to the underlying data distribution: disorders
such as anorexia and self-harm have a higher prevalence
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among women, both in epidemiological studies and in online
communities. Consequently, models could implicitly learn
patterns more strongly associated with female users, reducing
sensitivity for male cases. We can observe this trend in Figure
E} for instance, 76% of anorexia-positive users and 68%
of self-harm—positive users are female, while control groups
are predominantly male (e.g., 91% of anorexia controls and
86% of self-harm controls). Such imbalances likely reinforce
gender-specific signal learning, amplifying disparities in model
performance.

Figure[I3|presents the distribution of F1 scores across different
age groups for the anorexia, gambling, and self-harm tasks.
Each boxplot summarizes the performance of the participating
systems for a given age group, allowing us to compare how
consistently systems detect positive cases across the lifespan.
For anorexia and self-harm, the systems perform best for users
in the first two age groups. The most accurate predictions for
gambling are in the ranges 20-29 and 30-39. As with gender,
this might be related to the distribution of positive and negative
cases across age groups.
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Fig. 13: Age bias of the participants over different eRisk
collections.

Overall, this analysis indicates a potential age-related bias
in detection effectiveness. Younger and middle-aged users
suffering from these disorders are more accurately identi-
fied, whereas older users are consistently harder to detect
across tasks. This may stem from differences in language
use: younger individuals might express symptoms or risky
behaviors more openly, making them easier for models to
capture. At the same time, older users may communicate in
subtler or less typical patterns, leading to under-detection. This
interpretation aligns with the dataset distribution (see Figure
[6): eRisk collections are dominated by younger participants,

while older users are comparatively underrepresented. As a
result, models are more exposed to linguistic patterns typical
of younger groups during training, thereby reinforcing their
sensitivity to these age groups and reducing their effectiveness
in later adulthood cases.

Our findings show that eRisk systems tend to perform better
for female and younger users, while male and older users are
comparatively harder to detect. From a medical perspective,
this is concerning, as it mirrors well-known clinical gaps
[S56]: men are often underdiagnosed, and mental health issues
in later adulthood frequently go unnoticed or untreated. For
gambling, the consistently low performance across age groups
highlights both the difficulty of the task and the diverse
profiles of those affected. These disparities emphasize the need
for balanced datasets and bias-aware methodologies, ensuring
that early detection systems can capture the linguistic and
behavioral markers of all demographic groups and provide
equitable support.

VII. LIMITATIONS AND ETHICAL CONSIDERATIONS

Here, we highlight some of the most critical limitations of our
research:

Dataset Biases and Generalizability: The PANDORA and
eRisk datasets are derived from Reddit, a platform with
well-known demographic and participation skews. This may
limit the generalizability of our findings to broader popula-
tions, including older adults, non-English-speaking users, and
individuals from marginalized, culturally diverse, or lower-
connectivity communities who are less likely to participate
in Reddit discussions or to express mental health concerns in
comparable ways. Moreover, linguistic markers of personality
and psychological distress can vary across cultures and social
contexts. Annotations rely on self-reported or inferred labels,
which may introduce noise or inaccuracies in personality and
mental health classifications. Therefore, future work should
examine these trends using datasets from other sources and,
ideally, written in multiple languages. In addition to demo-
graphic skews, Reddit exhibits platform-specific dynamics that
may further affect data representativeness. Certain subreddits
are shaped by political or ideological orientations, content
visibility is influenced by reward mechanisms, and a non-
negligible fraction of accounts may be automated or semi-
automated. These factors can alter posting behavior, topic
prevalence, and linguistic style, thereby introducing additional
noise or biases in the inferred personality and mental health
signals.

Model Performance: While the Bag-of-Words (BoW) model
outperformed advanced neural architectures in personality pre-
diction, its reliance on lexical features may miss subtle linguis-
tic cues (e.g., sarcasm, context) relevant to mental health. Age-
and gender-prediction models demonstrated modest accuracy
(e.g., F1-Scores of 0.618 for age groups), suggesting potential
for improvement in demographic inference. Since the eRisk
datasets do not provide demographic ground truth labels, we
conducted a small-scale manual check to assess the plausibility
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of cross-domain gender predictions transferred from PAN-
DORA. For each mental health condition, we selected the five
users with the highest predicted probability of being male and
the five with the highest predicted probability of being female,
as determined by the PANDORA-trained gender classifier.
Two people independently annotated the gender of these
users based on their Reddit posts. The inter-rater agreement
(Cohen’s x) between the two annotators is reported in Table
Furthermore, we observed high agreement between human
annotations and model predictions (ranging from 80% to 100%
correct predictions per dataset). These results support the use
of transferred demographic predictions for exploratory analy-
sis, while underscoring the need for annotated target-domain
data to rigorously evaluate cross-domain generalization.

TABLE III: Cohen’s inter-rater agreement.

Task
Cohen’s

Anorexia
0.80

Depression
1.00

Gambling SH
0.80 0.78

Cross-Dataset Variations: Applying models trained on PAN-
DORA to eRisk assumes that language patterns are compara-
ble across datasets. Divergences in user behavior or platform-
specific norms (e.g., subreddit communities) could affect this
transferability. Although both datasets originate from the same
source, we will continue validating these models to ensure
their transferability across different communities, forums, and
user segments.

Trait Interpretation: The study has focused on broad Big-
5 dimensions and general demographic characteristics, poten-
tially overlooking disorder-specific substrates or interactions
between traits. Therefore, our current work will be extended by
developing more fine-grained methods that can, for instance,
track more specific psychological and personality traits.

The nature of our work presents the following Ethical Con-
siderations:

Privacy and Consent: We acknowledge the ethical challenges
of analyzing social media content, particularly regarding user
privacy. To address these concerns, our study exclusively
utilized publicly available, pre-existing datasets. At no point
did we engage directly with or contact social media users. The
dataset included only public user interactions, which were used
in full compliance with the original platforms’ terms of service
and user agreements.

Stigmatization and Harm: Associating personality traits with
mental disorders risks reinforcing stereotypes (e.g., labeling
individuals with high neuroticism as “unstable”). Our findings
should be framed cautiously to avoid deterministic inter-
pretations. Furthermore, predictive models could be misused
for surveillance or profiling vulnerable groups. Therefore,
the actual implementation of this type of analysis should
fully consider all these ethical aspects and incorporate the
corresponding safeguards.

Bias and Fairness: Gender and age prediction imbalances
are a natural consequence of the biases in training data or
platform demographics (e.g., male-dominated control groups).

Future work should continue to audit models for fairness
across subgroups. The exclusion of the ambiguous gender label
(“t”) may inadvertently marginalize non-binary users, and,
therefore, our work needs to be complemented by new studies
that take a broader account of the gender identities present
in our society. Finally, the exclusion of underrepresented
groups from both data collection and model evaluation may
inadvertently reinforce existing disparities in mental health
research and technology-based interventions. Ensuring that
computational mental health tools are developed and validated
across diverse cultural and social contexts remains an essential
challenge for future research.

Clinical Utility: While this study has identified some correla-
tions, it cannot establish causality between traits and disorders.
A formal clinical screening would require further validation
against diagnostic criteria and direct involvement of mental
health professionals.

VIII. CONCLUSION

This study has explored the intersection of Big-5 personality
traits and mental health disorders through the lens of social
media language, leveraging the PANDORA and eRisk datasets
to analyze users with anorexia, depression, gambling disorder,
and self-harm tendencies. Our findings revealed distinct per-
sonality profiles associated with these conditions. For example,
we found notably elevated neuroticism and reduced extraver-
sion across disorders, as well as lower conscientiousness and
agreeableness in specific groups (e.g., gambling and self-
harm). Demographic trends derived from our data, such as the
predominance of younger females in anorexia and self-harm
communities, are well aligned with the clinical literature. This
alignment underscores the value of these computational meth-
ods for mental health studies. However, dataset biases (e.g.,
Reddit’s demographic skew) and the limited performance of
certain profiling models point to the need for more diverse data
and improved modeling approaches. Future work could also
include conducting longitudinal studies to assess the stability
of personality traits and explore causal relationships, as well
as expanding this research to underrepresented disorders and
populations.
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