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 A B S T R A C T

With their growing popularity, social media platforms have become valuable tools for researchers and health 
professionals, offering new opportunities to identify linguistic patterns associated with mental health. In this 
study, we analyze depression-related symptoms using user-generated posts on social media and the Beck 
Depression Inventory (BDI). Using posts from individuals who have self-reported a depression diagnosis, we 
train and evaluate sentence classification models to assess their ability to detect BDI symptoms. Specifically, 
we conduct binary classification experiments to identify the presence of depression-related symptoms and 
additional tests to categorize sentences into specific BDI symptom types. We also perform a comprehensive 
symptom-level analysis to examine how depressive symptoms are expressed linguistically, linking social media 
data with a clinically validated framework. In addition, we analyze symptom distributions between users with 
and without depression and across platforms, providing insight into how symptoms manifest in diverse online 
contexts. Furthermore, we incorporate a data augmentation strategy that leverages Large Language Models 
to generate clinically grounded synthetic examples and evaluate their effectiveness against human-generated 
data. Our findings indicate that users with depression exhibit a significantly higher prevalence of certain 
BDI symptoms – particularly Suicidal Thoughts, Crying, Self-Dislike, and Changes in Sleeping Pattern – while 
control users predominantly express milder categories such as Sadness or Pessimism. Synthetic data improves 
the detection of underrepresented symptoms and enhances model robustness, although human-generated data 
better captures subtle linguistic nuances. Specialized models outperform general ones, but specific symptom 
categories remain challenging, underscoring the need for more interpretable and clinically grounded detection 
frameworks.
. Introduction

Mental health conditions affect countless individuals worldwide, 
isrupting their thoughts, behavior, and overall quality of life [1]. 
mong psychological disorders, depression is one of the most common 
nd is a leading contributor to suicidal behavior, making it a criti-
al public health concern [2]. Major depressive disorder (MDD) is a 
evere medical condition that negatively impacts emotions, thoughts, 
nd daily activities. Individuals with MDD often experience persistent 
eelings of sadness, hopelessness, emptiness, and a marked loss of 
nterest or pleasure in activities they once found enjoyable. These 
motional challenges frequently extend into physical symptoms, such 
s chronic fatigue or unexplained aches. These psychological barriers 

∗ Corresponding authors.
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can disrupt relationships, careers, and everyday responsibilities [3]. 
Common symptoms of depression include diminished interest in routine 
activities, an increase in feelings of guilt or worthlessness, notable 
changes in weight or appetite, and disturbances in sleep patterns — 
ranging from insomnia to excessive sleeping. If left untreated, these 
symptoms can escalate, leading to severe impairment in an individual’s 
ability to function socially and professionally. Currently, only about 
20% of individuals affected by depression receive the necessary early 
intervention, and a significant portion of mental health funding is di-
rected toward maintaining psychiatric institutions rather than focusing 
on detection, prevention, and recovery efforts [4]. This highlights an 
urgent need to develop effective strategies for the early detection of 
ttps://doi.org/10.1016/j.osnem.2025.100338
eceived 1 July 2025; Received in revised form 8 October 2025; Accepted 8 Octob
vailable online 14 October 2025 
468-6964/© 2025 The Authors. Published by Elsevier B.V. This is an open access a
er 2025

rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/osnem
https://www.elsevier.com/locate/osnem
https://orcid.org/0000-0002-8213-957X
mailto:ezra.aragon@usc.es
mailto:pastor.lopez@cimat.mx
https://doi.org/10.1016/j.osnem.2025.100338
https://doi.org/10.1016/j.osnem.2025.100338
http://creativecommons.org/licenses/by/4.0/


M.E. Aragón et al. Online Social Networks and Media 50 (2025) 100338 
depression, aiming to mitigate harm and improve outcomes for those 
living with this condition.

Given the profound impact of mental health disorders, it is crucial 
to thoroughly understand their symptoms, severity, and progression 
over time. This understanding is crucial in advancing our knowledge 
of these conditions and developing effective models to support mental 
health practitioners. By identifying patterns and changes in symptoms, 
practitioners can provide more personalized and timely interventions, 
ultimately improving the support available to individuals experiencing 
psychological challenges.

The impact of new mental health screening forms goes beyond 
individual care. Computer-based technologies that monitor online ev-
idence provide valuable insights into broader mental health trends, 
enabling the identification of at-risk populations and informing public 
health initiatives. By addressing shared symptoms and experiences, new 
prevention strategies and early intervention programs can be devel-
oped. This can benefit many individuals who may not yet be officially 
diagnosed but are exhibiting signs of mental health concerns.

We live in a digital era where user-generated content is published 
on social media platforms daily, providing researchers with unique 
opportunities to examine how individuals confront different challenges. 
Social media has become a space where humans openly share their 
daily experiences, significant life events, and personal reflections. For 
some, these platforms offer a sense of community and a safe space, 
mainly through anonymity, enabling them to discuss sensitive top-
ics like mental health without fear of judgment [5,6]. This openness 
has created a rich environment for studying how individuals express 
their emotions and manage mental health concerns, thus allowing 
researchers to gain valuable insights about depression.

Most existing studies on depression detection primarily focus on bi-
nary user-level classification, aiming to distinguish between individuals 
with and without depression [5]. While effective in broad categoriza-
tion, these approaches often lack interpretability and fail to identify 
explicit, standardized symptomatology that could be meaningfully in-
tegrated into clinical practice. This limitation significantly hinders their 
applicability in healthcare settings, where a detailed understanding of 
symptom patterns is essential for accurate diagnosis, informed treat-
ment decisions, and effective communication between clinicians and 
patients. Consequently, there is a critical need for models that move 
beyond simple classification to provide symptom-level insights aligned 
with established diagnostic criteria. In 2019, eRisk [7] launched a 
pioneering project to assess the feasibility of automated methods to 
estimate the intensity of specific symptoms of depression. Unlike tra-
ditional approaches, this initiative targeted a fine-grained analysis 
of standardized clinical indicators derived from the Beck Depression 
Inventory [8].

The BDI is a structured psychological inventory. It provides a stan-
dardized and objective approach to evaluating specific aspects of hu-
man behavior [9]. The BDI serves as a comprehensive framework for 
measuring various symptoms associated with depression, making it 
a valuable resource for research and clinical practice. Designed as a 
self-assessment tool, the BDI evaluates typical attitudes and symptoms 
linked to depression. Through 21 multiple-choice questions, it measures 
the intensity and prevalence of emotions such as sadness, hopelessness, 
self-disapproval, indecisiveness, and low energy levels. The BDI prin-
ciple is that negative cognitive distortions play a crucial role in the 
development and persistence of depression [8].

In this study, we build on existing research to analyze depression-
related symptoms by examining user-generated content on social media 
platforms and leveraging the BDI questionnaire to track signs of risk. 
By integrating social media and clinical knowledge, we aim to gain a 
deeper understanding of the connection between online behavior and 
specific clinical symptoms of depression. To achieve this, we employed 
state-of-the-art classification technology to detect depression symptoms 
in social media posts, addressing two main challenges:
2 
1. Symptom detection: Determine whether a sentence reflects any 
of the symptoms of depression.

2. BDI symptom classification: Focuses on fine-grained detection 
of specific symptoms, building 21 independent (binary) classi-
fiers or, alternatively, a single multiclass classifier encompassing 
22 classes (21 corresponding to the BDI questions and one class 
for non-symptoms).

Our goal is to investigate how effectively symptoms can be identi-
fied in online content and to what extent computational tools based on 
clinical questionnaires can help recognize patterns of depression. The 
main focus is on three research questions (RQ1–RQ3), which address 
computational modeling and data augmentation. We also consider 
two exploratory questions (RQ4 and RQ5) on sociological and cross-
platform aspects. These latter questions are intended as preliminary 
analyses to illustrate possible extensions of our framework, with a 
deeper treatment left for future work. These research questions are as 
follows:

• RQ1: Are current text classification models effective in catego-
rizing depression symptoms? Do mental health-adapted models 
outperform more general language models?

• RQ2: Which BDI symptoms are more difficult to detect in social 
media environments, and what are the possible barriers (e.g., data 
scarcity, symptoms expressed in subtle ways, subjectivity, vocab-
ulary diversity)?

• RQ3: How do Large Language Models perform in generating 
synthetic BDI-related examples to train classifiers?

• RQ4: How different are the distributions of depression symptoms 
between users who have been diagnosed with depression and 
those who have not been diagnosed? Are the automated meth-
ods detecting more BDI-related pieces of evidence among users 
suffering from depression?

• RQ5: How does the manifestation of depression symptoms on 
social networks vary across different platforms?

This study aims to inform the design of novel risk assessment tools 
that support decision-making and mental health interventions, while 
laying the groundwork for more extensive cross-platform and sociolog-
ical analyses in future research. We summarize our main contributions 
as follows:

1. A comprehensive analysis of the presence of specific depression 
symptoms on social media. In this study, we leverage the Beck 
Depression Inventory questionnaire as a reference for identifying 
and classifying symptoms in user posts.

2. A detailed study on how synthetically generated data helps in 
detecting symptoms of depression, comparing its effectiveness 
with human-generated sentences.

3. An in-depth exploration of how depression symptoms manifest 
in users with and without depression. This analysis is com-
plemented by exploring these trends on different social media 
platforms.

The remainder of the paper is organized as follows. Section 2 
reviews existing literature on detecting signs of depression through 
social media data. Section 3 outlines the main steps of our method-
ology, providing detailed technical descriptions. Section 4 provides a 
detailed description of the experimental setup, while Section 5 presents 
a thorough analysis of our experiments and results, highlighting the 
key findings. Section 6 offers an evaluation and analysis of the incor-
poration of augmented data. Section 7 presents our study of depression 
symptoms across various social media platforms and user types. Sec-
tion 8 discusses the limitations and ethical considerations of our work. 
Finally, Section 9 concludes the paper, summarizing the main insights 
derived from our study.
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2. Related work

Depression is a mental health disorder characterized by a persistent 
loss of interest in daily activities, leading to significant challenges 
in everyday life. The worldwide mental health crisis has hindered 
access to mental healthcare, resulting in many disorders going un-
treated [10]. Many studies focused on the automatic detection of 
depression, often utilizing information from social media [5]. One 
common approach consists of extracting features from users’ social 
media posts and building predictive models based on the extracted 
features [11]. Some strategies relied on linguistic features, such as 
word frequencies and n-grams, to encode language patterns [12–15]. 
These models typically employed traditional classification algorithms 
like support vector machines, random forests, or neural networks. 
For example, in [16], the authors developed a generalized machine 
learning approach for detecting depression in social media texts, even 
when explicit keywords (e.g., ‘depression’ or ‘diagnosis’) are absent. 
The study explored various text preprocessing methods, textual-based 
features, and machine learning classifiers (both single and ensemble 
models). However, distinguishing users with depression from those 
with no depression can be challenging due to substantial overlap in 
vocabulary usage. More recently, the rise of transformer-based models, 
such as BERT, has offered new possibilities. BERT-based classifiers have 
been fine-tuned to detect signs of various mental health conditions, 
including depression [17–19]. These models generally outperform tra-
ditional approaches in classification tasks, providing a more effective 
means of identifying psychological risks [20].

Recent advances in automated depression detection from social 
media have leveraged deep learning and large language models (LLMs) 
to enhance predictive accuracy and interpretability. Shah et al. [21] 
demonstrated that fine-tuned LLMs, specifically GPT-3.5 Turbo and 
LLaMA2-7B, can achieve high accuracy in detecting depressive content. 
Similarly, Figuerêdo et al. [22] proposed a CNN-based model enhanced 
with fusion strategies and emoticon-based emotion mapping to improve 
early depression detection. Their approach revealed that the semantic 
interpretation of emoticons boosts precision and recall, highlighting the 
importance of affective signals in user-generated content. Pradnyana 
et al. [23] introduced an ensemble model that integrates personality 
traits and sentiment polarity patterns to improve performance and 
explainability. Their hybrid system – combining RoBERTa with RF-
BiLSTM – demonstrated increased accuracy and F1-score over existing 
models. Ilias and Askounis [24] explored the relationship between 
stress and depression through a multi-task learning (MTL) paradigm. 
By jointly modeling these two interlinked conditions using shared and 
task-specific BERT layers, they achieved improved performance over 
single-task and transfer learning baselines.

Various studies have employed self-reported inventories, such as the 
Beck Depression Inventory, to identify social media users potentially ex-
periencing depression [25]. For instance, De Choudhury et al. [26] pio-
neered automated depression detection by gathering data on depression 
prevalence using crowd-sourcing techniques. These authors applied the 
CES-D (Center for Epidemiologic Studies Depression Scale) [27] to 
measure the participants’ depression levels and obtained permission 
to access their public Twitter feeds. In another study [28], Skaik and 
Inkpen utilized the eRisk 2021 data [29] to develop an automated 
system capable of estimating responses to the BDI questionnaire pro-
vided by Reddit users. These authors created specific models for each 
BDI question and integrated the best-performing models into a single 
framework called the ‘‘BDI-Multi-Model’’. This integrated approach 
surpassed the performance of previous state-of-the-art solutions for this 
challenging task. Additionally, Kang et al. [30] utilized an advanced 
deep-learning model to predict BDI scores based on electroencephalo-
gram (EEG) data. Their findings confirmed the potential for accurately 
forecasting BDI scores using EEG signals.

Although a few studies have explored the identification of specific 
depression symptoms through assessment questionnaires or related 
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tools, much remains to be investigated [31]. One noteworthy example 
in this area is the work by [32], which introduces an unsupervised 
method to align content from various mental health-related subreddits 
with DSM-5 categories. This alignment relied on a domain-specific 
lexicon incorporating n-grams associated with mental health disorders 
described in the DSM-5. The lexicon was successfully exploited to 
analyze the relationship between subreddit content and DSM-5 cate-
gories. Similarly, [33] focused on creating a depression-specific lexicon 
that captured common symptoms of depression based on the PHQ-9 
clinical assessment inventory [34]. This lexicon served as background 
knowledge for generating a set of seed terms for each symptom. Lever-
aging these seeds, the authors trained a semi-supervised topic model 
using tweets from users who self-identified as experiencing depression. 
More recently, [35] introduced KoMOS, a Korean mental health dataset 
annotated at the symptom level by experts, and proposed an innovative 
framework for detecting mental disorders by utilizing symptoms and 
their contextual information. This framework leverages large language 
models to extract and analyze context-rich data for symptom detection. 
In [36], Guo et al. presented a dataset from Sina Weibo and approached 
depression detection as a binary classification problem. Employing the 
Dalian University of Technology Sentiment Lexicon (DUT-SL), this team 
developed a specialized depression lexicon with enriched linguistic 
features.

Social media platforms offer textual information and rich metadata, 
providing valuable insights into mental health. For instance, in [37], 
the authors demonstrated how Twitter metadata can be an effective 
tool for the early detection of depression. This team developed a com-
prehensive system with a multi-modal and multi-task approach, where 
detecting depression was the primary goal and recognizing emotions 
was a secondary task. Building on this, Ghosh and Anwar [38] fo-
cused on predicting individuals experiencing depression and assessing 
its severity using Twitter data. Their self-supervised approach gener-
ated preliminary labels by extracting user characteristics, including 
emotional, thematic, behavioral, user-specific, and depression-related 
n-gram attributes. Sadasivuni et al. [39] introduced another innovative 
method by analyzing tweets related to depression topics and proposed 
a novel parameter to quantify the level of depression on any given 
day. Compared with historical data, this parameter becomes a valuable 
tool for social scientists studying the effectiveness of psychotherapy and 
temporal trends in depression prevalence.

In recent work [40], Belcastro and colleagues introduced an effec-
tive and interpretable approach for analyzing depression through social 
media posts. This research marks significant progress by utilizing inter-
pretable AI techniques that provide clear insights alongside accurate 
predictions of depression. In particular, the potential integration of 
Large Language Models (LLMs) offers exciting possibilities for further 
enhancing the explainability of automated screening methods.

Overall, substantial effort has been devoted to identifying and pre-
dicting signs of depression through monitoring online sources, reflect-
ing the growing interest in using digital platforms for depression screen-
ing. Despite these advancements, research focusing on the presence 
and distribution of specific depression symptoms remains compara-
tively limited. Moreover, there is a notable gap in understanding the 
textual characteristics that enable practical and accurate markers of 
depression. To address these gaps, our research closely examines the 
manifestation of depression symptoms in online publications. Specifi-
cally, we aim to explore how standardized BDI symptoms are expressed, 
their frequency and distribution across social media posts, and their 
occurrence patterns, specifically related to individuals who suffer from 
depression. By gaining deeper insights into these aspects, we hope 
to contribute to the understanding of how signs of depression are 
communicated online and inform the development of more effective 
tools for identifying and addressing mental health challenges in digital 
spaces.
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Fig. 1. General diagram. At the top, we illustrate the data augmentation strategy, which involves asking the MentalLlama model to generate relevant sentences. 
At the bottom, we show the domain adaptation of the language model and the downstream task (sentence classification using the original dataset and augmented 
sentences).
3. Methodology

This section describes our methodology for adapting language mod-
els to detect depression symptoms and the data augmentation process 
to generate new training samples. The approach has three main stages: 
data augmentation, domain adaptation, and task adaptation. During the 
first stage, we ask a Large Language Model to generate new samples 
related to the different BDI items. BDI-labeled sentences do not abound; 
thus, it is crucial to assess the ability of LLMs to generate synthetic 
sentences. In the second stage, we use a double-domain strategy to 
adapt a base model from a general domain (e.g., RoBERTa or BERT) 
to a specialized mental health domain. Finally, in the third stage, we 
build a sentence-level classifier using an original collection of sentences 
annotated for depression symptoms and the augmented data. Fig.  1 
illustrates the entire process, including data augmentation, double 
domain adaptation, and the final training for the target task.

3.1. Data augmentation using large language models

Building large datasets, especially in specialized domains like men-
tal health, can be expensive, time-consuming, or ethically challenging. 
These challenges become particularly pronounced when humans are 
needed for annotation purposes. While human labeling is valuable for 
creating high-quality datasets, it poses difficulties arising from human 
limitations, effort, task complexity, and logistic constraints. Therefore, 
generating synthetic samples becomes a practical alternative for en-
riching existing datasets. In our work, a data augmentation procedure 
is applied to expand the eRisk dataset (see Section 4.1 for a detailed 
description), but the synthetic BDI-related sentences generated could 
4 
also be exploited to enrich other corpora of sentences (e.g., collections 
labeled in terms of psychological dimensions).

We begin the process by generating new samples for each symptom 
of the BDI, namely (1) Sadness, (2) Pessimism, (3) Past Failure, (4) 
Loss of Pleasure, (5) Guilty Feelings, (6) Punishment Feelings, (7) Self-
Dislike, (8) Self-Criticalness, (9) Suicidal Thoughts, (10) Crying, (11) 
Agitation, (12) Loss of Interest, (13) Indecisiveness, (14) Worthlessness, 
(15) Loss of Energy, (16) Changes in Sleeping Pattern, (17) Irritability, 
(18) Changes in Appetite, (19) Concentration Difficulty, (20) Tiredness 
or Fatigue, and (21) Loss of Interest in Sex. The synthetic samples are 
sentences conveying BDI symptoms in different ways.

To generate new samples related to the symptoms of depression, we 
employ MentalLlama [41] and the Ollama framework.1 We prompted 
specific instructions to the model, asking it to generate new sentences 
related to each BDI item. The instructions follow the assessment guide-
lines of the original (human-labeled) collections. For example, we 
explicitly indicate that a sentence deemed relevant for a BDI symptom 
should be on-topic and, additionally, offer some insight into the state 
of the person who writes the sentence. At the top of Fig.  1, we present 
an example of the prompt and the model’s answer. The core idea is 
that a relevant sentence should provide evidence about an individual 
suffering from (or not suffering from) the BDI symptom. Note that 
a relevant sentence might positively or negatively inform about the 
individual’s state. For example, for the tiredness/fatigue symptom, ‘‘I 
never get fatigued’’ and ‘‘I am feeling more tired than usual lately’’ 
are both relevant because these two texts are informative about the 
tiredness/fatigue state of the person who wrote this sentence.

1 https://github.com/ollama/ollama

https://github.com/ollama/ollama
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Fig. 2. Distribution of synthetic sentences generated.

Table 1
Augmented data statistics.
 number of sentences 3947  
 average length (# words) 14.95 
 max length (words) 33  
 min length (words) 7  
 vocabulary (# words) 879  

We prompted the model to generate 210 examples for each symp-
tom. Still, depending on the symptom, the model ended up generating 
fewer examples, especially for sentences related to suicidal thoughts 
(BDI item 9). This is somehow expected since LLMs have ethical limita-
tions on generating text about specific topics. In the current implemen-
tation, we did not include real social media posts as examples within 
the prompts used for data augmentation (i.e., we did not implement 
few-shot). This was a deliberate design choice aimed at maintaining 
generalization across symptoms and avoiding overfitting to the specific 
linguistic or topical patterns of the dataset available. Our prompts 
merely described the semantic and emotional characteristics of each 
BDI symptom in natural language, based on the eRisk annotation guide-
lines. While this approach ensured consistency and interpretability, we 
acknowledge that incorporating paraphrased or anonymized examples 
from real posts could enhance the realism and lexical diversity of the 
generated data. We highlight this few-shot alternative as a promising 
direction for future work. Fig.  2 presents the distribution of synthetic 
sentences generated. Table  1 presents additional statistics of the aug-
mented data, e.g., the total number of sentences, their average length, 
and vocabulary size.

3.2. Domain adaptation

For domain adaptation, we adopt the approach proposed in [42,43], 
which extends the model’s pre-training through additional fine-tuning 
of the masked language model. This fine-tuning consists of two stages, 
where the first exploits a general Reddit corpus and the second a 
collection of documents related to mental health. This dual process 
adapts the original model from the general language of Wikipedia and 
book corpora to the more specific language of Reddit and, then, to the 
specifics of mental health-related texts. This training process is essential 
for optimizing the model’s performance in downstream classification 
tasks related to psychological analysis in social media.

Following the methodology [44], we implemented a two-stage do-
main adaptation process using either RoBERTa or BERT as base models. 
In brief, the approach first teaches RoBERTa/BERT with language 
sourced from social media (Reddit) and then further specializes the 
5 
model with expressions from users discussing topics related to mental 
disorders.

The first adaptation stage adjusts the model to the language style 
prevalent in social media. To that end, we used the corpus from [45], 
which contains pre-processed Reddit posts designed for text summa-
rization. For the second adaptation, we used datasets from subreddits 
focused on mental health and depression.2 By concentrating on these 
topics, the model learns to identify how users with mental disorders 
express themselves and the specific language they use on social media.

To improve the learning process, we incorporated additional lexical 
knowledge related to depression. BERT family models randomly mask 
training words to (self-)train the language model. This involves select-
ing a random number of words in a sentence and asking the model 
to predict the hidden word. In this way, the model learns different 
contexts where each word occurs. In our approach, we implemented an 
enhanced variant of masking supported by a depression lexicon. Instead 
of randomly masking words, masking was steered toward depression 
words: if a sentence contained words from the depression lexicon, then 
these words were masked; if the masked words did not reach 20% of the 
total words in the sentence, we added random words to complete the 
required masking. This modified approach helps the model focus more 
on words related to mental disorders. The depression lexicon we used 
is from [46], one of the few publicly available resources specifically 
targeting depression.

We concatenated all examples from the mental health datasets and 
divided the resulting corpus into equal-sized chunks of 128 words each. 
Then, we masked 20% of the words in each batch. We trained the model 
over three epochs during both stages of domain adaptation with a batch 
size of 128 and a learning rate of 2𝑒−5. We utilized an NVIDIA Tesla 
V100 32 GB SXM2 GPU to perform the domain adaptation and fine-
tuning. We elaborate on the details of each step below and refer to the 
final models as DisorROBERTa or DisorBERT, respectively.

3.3. Downstream task adaptation

As mentioned above, our primary goal is to develop a deeper under-
standing of how online behavior is linked to specific clinical symptoms 
of depression. We address different classification challenges to extract 
traces of symptoms. To achieve this, we built multiple models designed 
to detect symptoms of depression in sentences from social media posts. 
We adopted two distinct strategies:

Symptom Detection: This strategy predicts whether a sentence 
conveys any of the symptoms from the BDI questionnaire (regardless 
of the specific symptom). Under this binary classification approach, 
we categorize each sentence as positive if relevant to any depression 
symptom and negative otherwise. The primary objective is to assess the 
effectiveness of various models in identifying markers associated with 
depression.

BDI Symptom Classification: This fine-grained strategy identifies 
specific symptoms as represented in the BDI inventory. To that end, we 
experiment with two alternative methods. The first method builds 21 
independent BDI-item classifiers, where each model detects a specific 
symptom from the BDI questionnaire. Each model is trained using a 1 
vs. all approach (the examples from a given item are taken as positive 
samples, and all examples from the rest of the classes act as negative 
examples, including those from the non-symptom class). The second 
method involves the construction of a single multiclass classifier, with 
22 classes (one class for each BDI item and another class representing 
‘‘no symptom’’). This approach aims to assess the models’ ability to 
differentiate between various symptoms of depression.

Furthermore, we integrated the augmented data into both strategies 
and evaluated the performance of the models with and without syn-
thetic examples. By incorporating additional data, we aimed to enhance 
the models’ ability to detect symptoms related to depression.

2 https://huggingface.co/datasets/ShreyaR/DepressionDetection, https://h
uggingface.co/datasets/hugginglearners/reddit-depression-cleaned, and https:
//huggingface.co/datasets/jsfactory/mental_health_reddit_posts
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4. Experimental settings

4.1. Dataset

For the evaluation, we utilized the datasets provided by the eRisk 
2023 and 2024 evaluation initiatives [47,48]. These shared-data eval-
uation campaigns were designed to encourage advancements in iden-
tifying early indicators of mental health risks on social media. Over 
the years, the eRisk tasks have addressed early risk challenges for 
diverse psychological disorders, including anorexia, depression, gam-
bling, and self-harm. The evolution of the eRisk tasks reflects the 
growing importance of designing proactive approaches that monitor 
mental health in social media spaces [6]. A key innovation introduced 
for the 2023 eRisk campaign [47] was a new challenge focused on 
finding sentence-level evidence for each BDI symptom. Specifically, 
participants were asked to rank sentences (drawn from user-generated 
content) according to their estimated relevance to symptoms from the 
Beck Depression Inventory-II (BDI-II) questionnaire. A sentence was 
considered relevant if it provided positive or negative evidence about 
the user’s state concerning a specific symptom. It is essential to note 
that positive sentences can be considered relevant to a given symptom. 
For instance, a statement such as ‘‘I feel quite happy lately’’ would be 
regarded as relevant to the symptom ‘‘Sadness’’ as it directly reflects 
the user’s emotional state concerning that dimension of depression.

The original datasets provided to the eRisk’s participants were 
formatted according to the TREC standards and consisted of a cor-
pus of sentences derived from eRisk’s previous datasets (social media 
publications). Three expert assessors were asked to annotate a pool 
of sentences associated with each symptom to obtain relevance judg-
ments. The assessors were given detailed instructions to help them 
determine relevance. The dual requirement for relevant sentences, 
topical relevance, plus reflection of the user’s state added a layer of 
complexity beyond traditional relevance assessments. To manage this 
challenge, the assessors developed a robust annotation methodology 
supported by formal assessment guidelines, ensuring consistency and 
accuracy in their judgments. We recommend consulting the task’s 
description paper [47] for a more detailed explanation of the dataset 
creation process and the criteria for selecting relevant sentences.

Although the dataset was initially created for evaluating search 
models, we utilize it here for classification purposes. To that end, we 
extracted each sentence annotated by the assessors and, based on its 
assigned relevance, assigned a label of 1 to indicate relevance or 0 
otherwise (spanning categories 1 through 21, corresponding to the 21 
BDI items). Table  2 provides a comprehensive summary of the main 
statistics of the resulting dataset.

4.2. Training configurations

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

Training and predictions: To determine an appropriate input 
length, we experimented with truncation thresholds of 50, 70, and 
100 tokens. Model performance plateaued at 70 tokens, offering a 
practical balance between context retention and computational effi-
ciency. Importantly, the eRisk dataset predominantly contains short 
user-generated sentences, with an average length of approximately 
20 tokens and a maximum relevant length of around 60. As such, 
truncation at 70 tokens preserved the full content of most inputs and 
had minimal impact on semantic completeness or symptom expression. 
For the symptom detection task, each sentence was labeled as positive 
when deemed relevant for any of the 21 symptoms and negative 
otherwise. Consequently, the positive set contains the union of relevant 
sentences from the 21 BDI symptoms. In constructing 21 independent 
BDI classifiers, we labeled a sentence as positive if it was relevant for 
6 
Table 2
Depression symptom distribution in the eRisk dataset, where #sen represents 
the number of sentences, %sen the percentage of sentences, avglen the average 
length of the sentences (# words), and vocab the number of unique words 
(excluding stopwords) in the sentences from the category.
 # Label #sen %sen avglen vocab  
 0 No Symptom 17,414 63.14% 20.03 10,473 
 1 Sadness 684 2.48% 9.53 354  
 2 Pessimism 567 2.06% 16.64 621  
 3 Past Failure 468 1.70% 12.28 433  
 4 Loss of Pleasure 319 1.16% 14.49 401  
 5 Guilty Feelings 509 1.85% 10.38 420  
 6 Punishment Feelings 212 0.77% 12.00 247  
 7 Self-Dislike 570 2.07% 9.98 404  
 8 Self-Criticalness 391 1.42% 12.66 397  
 9 Suicidal Thoughts 722 2.62% 11.26 451  
 10 Crying 729 2.64% 8.89 429  
 11 Agitation 530 1.92% 12.59 570  
 12 Loss of Interest 299 1.08% 14.61 395  
 13 Indecisiveness 443 1.61% 11.56 348  
 14 Worthlessness 321 1.16% 8.02 223  
 15 Loss of Energy 377 1.37% 12.29 404  
 16 Changes in Sleeping 689 2.50% 16.31 601  
 17 Irritability 441 1.60% 11.59 459  
 18 Changes in Appetite 543 1.97% 14.59 626  
 19 Concentration Difficulty 415 1.50% 13.11 471  
 20 Tiredness or Fatigue 479 1.74% 11.98 471  
 21 Loss of interest in Sex 456 1.65% 17.12 525  

the specific symptom and negative otherwise. Lastly, for the multiclass 
approach (22-class), we assigned to each sentence a symptom (if it was 
relevant to that symptom) or None (if it was non-relevant to all BDI 
symptoms).3 Finally, we applied a 5-fold cross-validation for symptom 
detection and a 3-fold cross-validation for the two other fine-grained 
experiments.

Parameters: For data augmentation, we used the default Ollama 
implementation of MentalLlama,4 with temperature set to 0.7, top-p to 
0.9, and top-k to 40. For each prompt, a single response was generated 
under these fixed parameters, as we aimed to obtain consistent outputs 
for evaluation rather than to compare across multiple generations. No 
additional filtering or post-processing of responses was applied. To 
assess robustness, we manually inspected representative outputs and 
observed that repeated runs with the same prompt and parameters 
yielded highly similar generations, indicating stable model behavior 
under the chosen settings.

For domain adaptation, we employed the frameworks offered by 
HuggingFace v4.24.0 [43] and PyTorch v1.13.0 [49] for model devel-
opment. Specifically, during the training phase, we adopted a batch 
size of 256, Adam optimizer with a learning rate set to 1𝑒−5, and 
cross-entropy as the loss function. The training process spanned three 
epochs.

For the classification experiments, we also utilized the frameworks 
provided by HuggingFace (v4.24.0) and PyTorch (v1.13.0) for the 
downstream task’s training and conducted the training over three 
epochs. We used different hardware configurations for different stages 
of our pipeline based on the computational demands of each task. 
Domain adaptation was performed on an NVIDIA V100 (32 GB) GPU 
due to its higher memory requirements, particularly when fine-tuning 
large language models with massive datasets. For classification experi-
ments, which involved smaller variants and fewer parameters, we used 
a GeForce RTX 3070 (8 GB) GPU.

3 In the resulting corpus, there are no sentences with multiple BDI labels; 
thus, we treat the problem as a single label-multiclass problem.

4 https://ollama.com/vitorcalvi/mentallama2

https://ollama.com/vitorcalvi/mentallama2
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4.3. Classification models

GPT-4 0-shot: This unsupervised approach utilizes GPT-4 under 
a zero-shot setting. To that end, we prompt the model to assign the 
symptom label that best describes the sentence. Since it is a non-
supervised method, it ignores the information available in the training 
splits. This unsupervised baseline helps contextualize the results of the 
other supervised methods.

Bag-of-Words (BoW): We implemented a traditional Bag-of-Words 
approach using word unigrams weighted by TF-IDF. These classical rep-
resentations were then classified by a Support Vector Machine (SVM) 
with a linear kernel. We made preliminary tests with alternative kernels 
and other traditional classification methods, but the linear SVM consis-
tently yielded the best performance among these classic alternatives. 
We therefore adopted it as our reference traditional baseline.

BERT: We utilized a BERT-based (uncased5) classification model, 
applying fine-tuning to adapt the pre-trained model to each specific 
training set.

RoBERTa: Similar to BERT, we employed a RoBERTa-based6 clas-
sification model and fine-tuned it on each training set. The fine-tuning 
process helped RoBERTa leverage its robust pre-training on large 
datasets while tailoring it to our specific context.

DisorBERT: DisorBERT [44] is a customized variant of BERT that 
undergoes a dual-domain adaptation process. First, the model was 
adapted to social media language to capture informal and conver-
sational textual patterns. Next, it specializes in the mental health 
domain, enhancing its ability to recognize domain-specific terminol-
ogy 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.

DisorRoBERTa: Similar to DisorBERT, this represents our double-
domain adaptation of a RoBERTa language model.

GPT-4 embeddings: We extracted sentence embeddings generated 
by GPT-4 and employed an SVM with a linear kernel as the classi-
fier. This combination allowed us to evaluate GPT-4’s capabilities in 
capturing meaningful text representations for classification.

Llama3 embeddings: We used sentence embeddings obtained from 
the Llama3.1 model via the Ollama platform. Similar to the previous 
case, these embeddings were fed into an SVM with a linear kernel for 
classification.

MentalLlama embeddings: MentalLlama [41] is a specialized vari-
ation of the Llama model. It was explicitly trained on mental health-
related data to enhance its understanding of this domain. Using the 
Ollama platform, we extracted sentence embeddings from MentalLlama 
and applied a linear SVM classifier.

5. Evaluation results

In this section, to answer the questions posed by RQ1 –Are current 
text classification models effective in categorizing depression symp-
toms? Do mental health-adapted models outperform more general lan-
guage models?–, we report and analyze the results of the proposed 
models for the two tasks. The first series of experiments did not 
incorporate data augmentation. The discussion on the effect of data 
augmentation is deferred until Section 6.

5 https://huggingface.co/google-bert/bert-base-uncased
6 https://huggingface.co/FacebookAI/roberta-base
7 
Table 3
Symptom detection task (binary classification). F1, Precision (P), and Recall 
(R) results for the positive class. 
 Model P R F1  
 GPT-4 (0-shot) 0.534 ± 0.192 0.821 ± 0.071 0.631 ± 0.142  
 BoW 0.645 ± 0.134 0.756 ± 0.070 0.693 ± 0.102  
 BERT 0.668 ± 0.147 0.889 ± 0.023 0.756 ± 0.095  
 RoBERTa 0.665 ± 0.149 0.914 ± 0.027 0.763 ± 0.103  
 GPT-4 0.712 ± 0.109 0.826 ± 0.073 0.763 ± 0.089  
 Llama3 0.631 ± 0.191 0.734 ± 0.149 0.653 ± 0.109  
 MentalLlama 0.702 ± 0.126 0.719 ± 0.124 0.703 ± 0.102  
 DisorBERT 0.684 ± 0.135 0.898 ± 0.038 0.772 ± 0.094  
 DisorRoBERTa 0.679 ± 0.137 0.916 ± 0.040 0.774 ± 0.097 

5.1. Symptom detection

Table  3 summarizes the results obtained by the different methods 
on the binary classification task of symptom detection (symptom vs 
no symptom). The evaluation metrics include precision, recall, and 𝐹1
score, focusing on the positive class (i.e., depression-related symptoms). 
Notably, the GPT-4 0-shot variant (first row) does not perform task-
based training, whereas all other models are supervised and thus exploit 
the designated training split. To ensure robust evaluation, we employed 
a five-fold cross-validation approach and reported the average per-
formance and standard deviations across the folds. This experimental 
setup enables us to evaluate the consistency and reliability of the 
models across various subsets of the data.

As a first observation, we emphasize the improved performance of 
the adapted models compared to their base counterparts. This outcome 
shows the value of domain-specific models in addressing specialized 
tasks. DisorRoBERTa outperformed the baseline models regarding 𝐹1
and recall, demonstrating its ability to retrieve a higher proportion 
of relevant results. On the other hand, the model based on GPT-4’s 
embeddings yielded the highest precision, followed by MentalLlama’s 
embeddings. The MentalLlama model outperformed the Llama3 model, 
offering a more balanced trade-off between precision and recall. This 
reinforces the benefit of incorporating domain-specific information.

The binary classification results indicate robust performance in risk 
detection, effectively identifying multiple indicators of psychological 
risks. This capability is critical in clinical screening, where high recall 
is essential for comprehensive evidence extraction. However, it is also 
important to consider scenarios where prioritizing precision may be 
more appropriate. For example, in tracking social media to identify 
and address the riskiest behaviors, a precision-oriented approach could 
help minimize false positives and focus interventions where they are 
most needed. Further model adaptations to enhance precision could be 
critical in such contexts, opening future research opportunities.

5.2. Individual BDI symptom classifiers

Fig.  3 plots the F1 performance achieved by each classification 
model for the 21 BDI categorization tasks. Overall, we can highlight that 
DisorRoBERTa achieves the highest mean F1 performance, 0.737. The 
DisorBERT model comes in second, with an average of 0.724, showing 
good performance across most BDI items. The GPT-4 0-shot model 
yields significantly weaker results than fine-tuned models, highlighting 
the importance of task-specific training.

According to our experiments, the symptoms easier to detect are: 
‘‘Loss of energy’’, ‘‘Concentration difficulty’’, ‘‘Guilty feelings’’, ‘‘Cry-
ing’’, and ‘‘Changes in appetite’’. The classification models effectively 
capture the textual nuances associated with these symptoms. In con-
trast, symptoms such as ‘‘self-criticalness’’, ‘‘Sadness’’, or ‘‘Past Failure’’ 
are hard to detect (even the best-performing models struggle, with 
modest F1 scores of 0.677). For ‘‘changes in sleeping pattern’’, Dis-
orRoBERTa performed the best (0.726), but other models, including 

https://huggingface.co/google-bert/bert-base-uncased
https://huggingface.co/FacebookAI/roberta-base
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Fig. 3. Classification results for the 21 BDI symptom classifiers.
Fig. 4. 22-class classification results: macro-average F1 (bottom plot) and per-class F1 (1st, 2nd and 3rd plots).
Llama3 and GPT-4, performed poorly. This suggests that capturing 
subtle textual signals related to some BDI symptoms is challenging. 
Symptoms like ‘‘Suicidal Thoughts’’, ‘‘Crying’’, and ‘‘Agitation’’ show 
wider performance gaps among the models, with DisorRoBERTa again 
outperforming other classifiers.

It is essential to notice that embedding-based models like MentalL-
lama and GPT-4 consistently outperform the zero-shot variant of GPT-4. 
This difference highlights the superiority of fine-tuning models based 
on embedded representations compared with other variants without 
task supervision.

In conclusion, DisorRoBERTa is the strongest performer across 
nearly all symptoms, achieving the highest average F1 score. Other 
models like DisorBERT and RoBERTa also excel, while general-purpose 
or zero-shot models perform significantly worse.
8 
5.3. 22-Class classifier

We now measure the capability of the models in the multi-class 
setting (22 classes: 21 BDI items + no BDI category). Fig.  4 presents 
the results of the different models (including the macro-averaged F1 
and the per-class F1 values). We can observe that, again, DisorRoBERTa 
achieves the highest global average F1 score at 0.798, followed closely 
by DisorBERT with 0.789. Both models consistently outperform other 
methods, showing their robustness for the task.

Among the non-adapted models, RoBERTa stands out, demonstrat-
ing its strong effectiveness as a pre-trained model. MentalLlama also 
performs well, with a global average of 0.737; GPT-4 (0-shot) performs 
poorly, with a global average of 0.362, suggesting that zero-shot models 
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struggle in this 22-class classification task. GPT-4 performs better than 
GPT-4 (0-shot) (0.688 vs 0.362) but still lags behind RoBERTa-based 
methods.

Analyzing the effectiveness for specific symptoms, we can observe 
that symptoms such as ‘‘Pessimism’’, ‘‘Agitation’’, or ‘‘Loss of Interest 
in Sex’’ achieve high F1 scores across all models, particularly with 
DisorRoBERTa and DisorBERT, exceeding 0.85 in most cases. This 
indicates that these classes are easier to identify, possibly due to more 
straightforward language patterns or well-defined linguistic cues.

In contrast, challenging symptoms like ‘‘Loss of Interest’’, ‘‘Changes 
in Sleeping Pattern’’, and ‘‘Changes in Appetite’’ yield low F1 scores, 
especially with Llama3 and GPT-based methods. This suggests that 
these classes are more ambiguous or complex.

Some symptoms present a wide variability in results. For example, 
‘‘Suicidal Thoughts’’ and ‘‘Self-Criticalness’’ show significant perfor-
mance differences among models, with DisorBERT and DisorRoBERTa 
significantly outperforming baseline models.

Embedding-based models (e.g., MentalLlama and GPT-4) gener-
ally outperform zero-shot methods, reinforcing the importance of fine-
tuning or task-specific supervision. Traditional models like Bag-of-
Words (BoW) remain the least competitive, with a global average of 
0.644.

5.4. Error analysis

To address our second research question –‘‘Which BDI symptoms are 
more difficult to detect in social media environments, and what are the 
possible factors (e.g., data scarcity, symptoms expressed in subtle ways, 
subjectivity, vocabulary diversity)?’’– we conducted a detailed analysis 
at the symptom level of the best-performing model, DisorRoBERTa. Fig. 
5 shows a confusion matrix of the model’s predictions for the 22-class 
classifier, offering a comprehensive overview of the errors made.7

Symptoms like ‘‘Crying’’, ‘‘Suicidal Thoughts’’, ‘‘Guilt Feelings’’, and 
‘‘Loss of interest in Sex’’ have the best-performing results, with values 
near or equal to 0.93 or 0.97 on the diagonal. This indicates a high 
precision in the model’s predictions for these categories. Notably, for 
example, ‘‘Worthlessness’’ and ‘‘Loss of Energy’’ also have relatively 
high accuracy, around 0.89 and 0.88, respectively.

Conversely, symptoms such as ‘‘Loss of Pleasure’’ and ‘‘Loss of 
Interest’’ show a noticeable number of off-diagonal values. For instance, 
‘‘Loss of Pleasure’’ is sometimes confused with ‘‘Loss of Interest’’, sug-
gesting the model may struggle to differentiate between these two 
closely related symptoms. Similarly, ‘‘Sadness’’ is somewhat confused 
with ‘‘Pessimism’’ or ‘‘Crying’’, indicating overlap or similarity in how 
these are interpreted or labeled. Another example is ‘‘Past Failure’’, 
which is commonly misclassified as ‘‘Self-dislike’’, suggesting again 
potential ambiguities between these related symptoms.

We can highlight the following areas for improvement: ‘‘Past Fail-
ure’’ has a significant misclassification rate, as do ‘‘Loss of Interest’’ 
and ‘‘Loss of Pleasure’’. These values suggest potential areas where 
the model can improve through better feature extraction or more 
distinctive training data.

‘‘Tiredness or Fatigue’’ and ‘‘Changes in Sleeping Pattern’’ show 
some degree of overlap, suggesting that fatigue or tiredness symptoms 
often interact with sleeping patterns.

Overall, the model performs well, particularly on specific symptoms 
like ‘‘Crying’’ and ‘‘Suicidal Thoughts or Wishes’’. However, the clas-
sification performance could further benefit from strategies targeting 
specific confusions among overlapping categories, particularly those 
associated with losses, self-reflection, and energy-related symptoms.

To deepen this analysis, we examined some misclassified sentences 
by the model (see Table  4). First, we observe that the model struggles 

7 The original counts have been normalized to proportions where the sum 
of each row’s values is equal to 1.
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to distinguish between closely related emotional states and categories, 
resulting in frequent misclassification. Some sentences often reflect am-
biguity, and potentially, multiple symptoms could have been assigned 
to some of these sentences.

For example, in the ‘‘Agitation’’ block, common misclassifications 
are linked to symptoms like sleeping difficulties, irritability, and fa-
tigue. For example, ‘‘I have trouble calming down at night and falling 
asleep’’ was labeled by the model as ‘‘Changes in Sleeping Patterns’’, 
indicating difficulty distinguishing agitation from the derived sleep-
ing problems. Arguably, this sentence is relevant to both categories; 
however, the collection was built using a pooling approach, and as a 
consequence, only the top-ranked sentences for each symptom were 
annotated.

The misclassified sentences for ‘‘Past Failure’’ are tied to self-
perception and emotions such as pessimism, worthlessness, and self-
dislike. Some examples are: ‘‘I feel pathetic and also convinced I 
actually am pathetic’’, which was misclassified as ‘‘Worthlessness’’ 
despite fitting into broader self-critical themes. Regarding ‘‘Loss of 
Interest’’, misclassification is often related to no symptom assignments, 
concentration, or loss of pleasure. For instance, ‘‘I’m bored with my 
life’’ is labeled as ‘‘Loss of Pleasure’’, reflecting the model’s struggle to 
recognize the nuanced distinction between interest and pleasure.

These sentences, therefore, illustrate complex structures in which 
multiple symptoms may coexist. This complexity makes accurate clas-
sification more challenging and causes misclassification issues. For 
example, ambiguity in language, with sentences expressing overlapping 
symptoms, often misleads the model. The subjective nature of the task 
and how individuals self-report their symptoms complicate the assign-
ment of BDI categories. Furthermore, the training data is imbalanced, 
as specific categories are underrepresented, which affects performance.

These results present opportunities for improvement. For example, 
we could refine the model to handle nuanced language more effectively 
(e.g., by incorporating additional context or augmenting the training 
datasets with more diverse examples for specific symptoms). In the 
following section, we explore this second possibility.

6. Data augmentation analysis

Data augmentation is a technique used in machine learning and 
data science to artificially expand the size and diversity of a dataset 
by applying various transformations to the original data [50–52]. By 
creating variations of the existing data or new synthetic examples, data 
augmentation helps models generalize better, improves performance 
on unseen data, and mitigates overfitting. It is especially beneficial 
when collecting additional real-world data is costly, time-consuming, 
or impractical. Nowadays, LLMs have gained popularity in the research 
community due to their capacity in various fields and their ability 
to comprehend and generate coherent text. Therefore, it is natural to 
consider the exploitation of LLMs for data augmentation.

This section addresses our third research question: ‘‘How do Large 
Language Models perform in generating synthetic BDI-related examples 
to train classifiers?’’. Specifically, we explore the ability of LLMs to 
generate new sentences related to the 21 BDI symptoms (Section 3.1). 
For this series of experiments, we begin by training the classifiers 
exclusively on the synthetic data. Then, we combine the generated 
examples with the original training data. These experiments were done 
with the most effective classifier (DisorROBERTa).

The first experiment used only the generated data and tested the 
21 BDI classifiers when trained exclusively with synthetic data. To 
that end, each example was considered positive for the BDI item that 
generated the example and negative for the rest of the BDI items.

Fig.  6 presents the results of this experiment. As expected, the 
original data proved to be more effective than the artificial data. 
Nonetheless, the average performance of the classifier built from syn-
thetic data alone is 0.546, surpassing the 0-shot GPT-4 model and 
approaching traditional methods like BoW. This highlights the potential 
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Fig. 5. Confusion Matrix of the DisorRoBERTa model at symptom level (22-class).
Table 4
Examples of sentences misclassified by the classification model (DisorRoBERTa). In the first column, we show examples of three true categories 
(Agitation, Past Failure, and Loss of interest), and the second column indicates the (wrong) label assigned by the model.

Agitation Predicted as  
 I have trouble calming down at night and falling asleep. Sleeping...  
 Anxiety kind of forces me to multitask and complete things fully and quickly. Concentration  
 I don’t know how people co-sleep, I’m too anxious. Sleeping...  
 I am exhausted and I don’t feel safe falling asleep. Sleeping...  
 It was a restless sleep, and I ended up sleeping in the passenger seat. Sleeping...  
 But I can’t seem to do so – I just end up feeling guilty, restless, and trapped. Guilty  
 I feel like the room is closing in on me, I panic, and everything is extremely irritating to me. Irritability  
 I’m usually stressed out, and tired by nightfall. Fatigue  
 I just feel really depressed and anxious and I wanna sleep but I’m not tired so I can’t force myself. Fatigue  

Past Failure  
 My depression has made me apathetic as a result of my apathy I am going to fail an apprenticeship I have spent the last year doing. Pessimism  
 I feel like a waste of space, a burden, and just someone who makes everyone’s life worse. Worthlessness  
 I feel pathetic and am also convinced I actually am pathetic as that’s how society judges anyone without a social life. Worthlessness  
 I’m proud of myself lmao Self-Dislike  
 I know I dwell in the past a lot and beat myself up over not doing things sooner. Self-Criticalness  
 I have not been proud of myself in several years. Self-Dislike  
 I don’t resent myself, I’ve learned that every mistake I’ve made has put me where I’m at now and I’m happy and content. Self-Dislike  

Loss of interest  
 I have no excitement or thrill of getting to know people. Loss of Pleasure 
 I’m bored with my life Loss of Pleasure 
 I love to talk and meet new people. Non-symptom  
 I have my interests and what I’m looking for, in not much detail. Non-symptom  
 My interests are varied but tbh I can’t focus on much. Concentration  
 I can’t focus, I’ve lost interest in almost everything, and I’ve lost almost all self-confidence. Concentration  
 I’m not as passionate as I used to be, not as outgoing. Non-symptom  
10 
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Fig. 6. F1 results using the original data, the synthetic data, and the combi-
nation of both.

of LLMs in generating BDI-related sentences, saving time and human 
effort in labeling high volumes of data. The combination of original 
and synthetic outperforms or closely matches the original performance 
across all categories. Incorporating synthetic examples led to sub-
stantial improvements over the original F1 for some categories. For 
example, adding synthetic examples to the original data made the BDI 
classifier of ‘‘Sadness’’ go from 0.642 to 0.686, or the BDI classifier of 
‘‘Pessimism’’ go from 0.665 to 0.693.

Our next experiment evaluated the effect of synthetic data on the 
symptom detection task (binary). We compare the original classifier 
with three data augmentation methods, based on adding all generated 
examples or only examples generated for five or seven low-performing 
BDI items.8 This targeted augmentation aimed to alleviate specific 
model predictions’ weaknesses. The results of this experiment are sum-
marized in Table  5. The model yields high recall, demonstrating its 
ability to identify the most positive instances. However, this comes 
at the expense of precision, as all variants show a higher rate of 
false positives. The F1 score reflects a reasonable balance between 
precision and recall but leaves room for improvement. The augmented 
data consistently improved the model’s precision; specifically, the ap-
proach incorporating examples only from five low-performing BDI 
items offered the best outcome.

8 The 5 or 7 BDI categories with the lowest F1 performance in the original 
experiments (please refer to Fig.  5).
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Table 5
Symptom Detection Task (binary classification). F1, Precision (P), and Recall 
(R) results of the original model and three augmented variants.
 Model P R F1  
 DisorRoBERTa .679 ± .137 .916 ± .040 .774 ± .097  
 DisorRoBERTa+Augment(all) .680 ± .136 .915 ± .040 .776 ± .097  
 DisorRoBERTa+Augment(7) .689 ± .128 .907 ± .044 .779 ± .093  
 DisorRoBERTa+Augment(5) .690 ± .128 .912 ± .043 .781 ± .091 

Table 6
22-class classifier. F1 macro average of the 
original model and three augmented variants.
 Model F1 macro 
 DisorRoBERTa 0.798  
 DisorRoBERTa+Augment(all) 0.796  
 DisorRoBERTa+Augment(7) 0.802  
 DisorRoBERTa+Augment(5) 0.806  

Next, we analyze the effect of augmented data on the 22-class classi-
fier. Similar to the previous experiment, we compare the incorporation 
of synthetic examples for all categories with two variants incorporating 
smaller sets of synthetic examples (from the 5 or 7 low-performing 
symptoms). Table  6 reports the macro average results. Again, includ-
ing synthetic examples for low-performing symptoms led to the best-
performing variants. However, the improvements are modest compared 
to those in the symptom detection task.

In summary, targeting specific BDI strategies not handled well by 
the original classifiers seems promising, and a careful selection of 
augmentations can refine the model’s output. These initial results open 
an exciting opportunity to continue exploring these techniques in future 
research.

To contextualize our findings, we compare them now with some 
prior studies. Traditional machine learning approaches using n-gram 
features and ensemble classifiers achieved modest performance levels 
(ranging from .5 to .6 F1 depending on the test collection) for de-
pression detection [14,15], and lacked symptom-level granularity and 
interpretability. More recent methods tackled symptom classification 
directly and reported improved results using specialized models [25]. 
Our approach builds on this by integrating domain-adapted models 
and data augmentation, improving classification task settings, and out-
performing the symptom-level baselines reported. Additionally, while 
other works proposed using LLMs to enhance performance [21], their 
results were not focused on fine-grained BDI classification. Compared 
with these studies, our method performs competitively, specifically 
targeting symptom-level detection. This comparison highlights the nov-
elty and effectiveness of our pipeline, especially in combining clinical 
alignment (via BDI) with LLM-based augmentation and dual-domain 
adaptation.

7. Depression symptom manifestation on social media

The analysis of depression symptoms across different social media 
platforms provides valuable insights into how individuals express their 
psychological states and how they cope with mental health challenges. 
Each platform has distinct features, from text-focused interactions on X 
(formerly Twitter) or Reddit to image sharing on Instagram. These func-
tionalities influence how symptoms such as sadness or low self-esteem 
are communicated. Understanding these platform-specific differences is 
essential for tailoring interventions and support mechanisms.

In this section, we present an exploratory analysis addressing re-
search questions four and five: ‘‘How different are the distributions of 
depression symptoms between users who have been diagnosed with 
depression and those who have not been diagnosed? Are the auto-
mated methods detecting more BDI-related pieces of evidence among 
users suffering from depression?’’ and ‘‘How does the manifestation 
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Fig. 7. Average presence of symptoms over the user’s publications in the 
respective datasets.

of depression symptoms on social networks vary across different plat-
forms?’’. To investigate these questions, we analyze datasets from the 
literature containing user-generated content from diagnosed (positive) 
and non-diagnosed (control) users. We extract all posts for each user 
and label them using our previously trained DisorRoBERTa model (22-
class categorization). The model assigns a BDI symptom label when 
relevant evidence is detected or a ‘‘non-symptom’’ otherwise.

We worked with the collections provided by the eRisk 2018 [53] 
(Reddit data), eRisk 2021 [29] (Reddit data), and CLPsych 2015 [54] 
(X data) campaigns. These initiatives established a common evaluation 
framework to foster research on the automated recognition of signs 
of mental disorders through monitoring social media. Fig.  7 presents 
the average percentages of estimated symptoms in publications from 
depressive and control users. For the three datasets, the depressive 
users present a significantly higher presence of BDI symptoms in their 
posts. However, note that the percentages are low (below 2%), showing 
that most online publications do not contain explicit evidence of a BDI 
symptom. This is somehow expected since most users do not constantly 
talk about psychological issues but instead publish content about dif-
ferent activities and topics (expressing a wide range of emotions or no 
emotions at all).

We now analyze the distribution of specific depression symptoms 
in the users’ posts. Fig.  8 plots the distribution of BDI symptoms 
computed over the set of posts that were assigned a BDI category 
(i.e., removing the ‘‘no symptom’’ class). For depression users (left-
hand side plots), we can observe a higher prevalence of concerning 
symptoms such as ‘‘Suicidal Thoughts’’, ‘‘Crying’’, and ‘‘Self-Dislike’’. 
Furthermore, ‘‘Changes in Sleeping Pattern’’ also exhibit notable trends 
in the depression group. Symptoms such as ‘‘Sadness’’, ‘‘Pessimism’’, 
and ‘‘Crying’’ display a more similar distribution between depression 
and control users. In contrast, for the control groups (right-hand side 
plots), we can observe that ‘‘Sadness’’, ‘‘Pessimism’’, and ‘‘Changes 
in Appetite’’ are the most prominent symptoms across all datasets. 
Overall, control users not only make fewer posts showing evidence of 
signs of depression, but when they do express symptoms, they tend to 
be a much milder category. For example, we observe higher proportions 
of symptoms such as sadness or pessimism, while the proportion of 
suicidal thoughts is much lower.

Table  7 highlights significantly more prevalent symptoms on one 
platform than the other. Notably, users on X (formerly Twitter) exhibit 
a higher presence of symptoms such as crying and tiredness. In contrast, 
on Reddit, symptoms like suicidal thoughts, agitation, and loss of 
interest in sex appear more frequently. This variation may come from 
the differing levels of privacy offered by these platforms. Reddit, which 
allows for more anonymity, might encourage users to disclose more 
sensitive or stigmatized symptoms. In contrast, platforms like X, where 
users often share personal information more openly (and, typically, 
the account profile reveals the user’s name), may lead to a different 
pattern of symptom expression. Furthermore, the length of the posts 
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Table 7
Symptom variation between Reddit and X users.
 High presence in X and low in Reddit  
 Crying, Tiredness  
 High presence in Reddit and low in X  
 Suicidal thoughts, Agitation, Loss of interest in sex 

and the type of posts could also explain the difference between the two 
platforms. Observe that Reddit communities are more focused, as they 
are groups formed to share information about specific topics. These 
findings can potentially inspire new lines of research exploring more 
specialized models for symptom detection of depression or other mental 
disorders.

8. Limitations and ethical considerations

Our primary objective is to advance the understanding of depression 
symptoms, ultimately promoting societal well-being. However, this re-
search is not designed to diagnose mental health conditions for specific 
individuals.

While our study focuses on the technical feasibility of classify-
ing BDI-related symptom expressions, we recognize the ethical and 
practical risks of applying such systems in real-world settings. Au-
tomated mental health screening tools may produce false positives 
or false negatives, which can lead to unintended consequences such 
as unnecessary concern, missed interventions, or even stigmatization 
— particularly if used without clinical oversight. Moreover, our data 
sources are limited to publicly available posts, written in English, 
and derived from Reddit. This introduces demographic and linguistic 
biases, potentially excluding non-English speakers, older adults, and 
individuals from underrepresented communities or from segments of 
the population that are less digitally active. As such, the generalizability 
of our findings is limited, and future work should address these gaps 
by incorporating additional datasets and ensuring that proper ethical 
safeguards, such as user consent, transparency, and human-in-the-loop 
oversight, are incorporated. Nevertheless, our analytical strategies are 
highly adaptable and can seamlessly apply to other languages and data 
sources. This flexibility enables the study of how depression symptoms 
manifest across different countries and cultures, allowing for a deeper 
understanding of the global cultural and societal factors influencing 
depressive behaviors.

While our approach demonstrates the potential of using LLMs to 
generate BDI-aligned symptom descriptions, we acknowledge that syn-
thetic data in the mental health domain demands rigorous validation. 
In this study, we performed limited manual spot-checking of generated 
content – randomly sampling 10–15 sentences per symptom category 
– to ensure alignment with BDI criteria and to confirm the absence 
of clinically implausible or offensive outputs. No significant problems 
were identified in this sample, although this process was not exhaus-
tive. For future work, we recognize the importance of incorporating 
systematic human-in-the-loop evaluation, ideally involving clinicians or 
trained mental health professionals, to ensure clinical validity and miti-
gate risks of hallucinated or overgeneralized symptoms. Such validation 
would enhance the trustworthiness and applicability of synthetic data 
in sensitive domains like mental health.

We acknowledge that the single-label classification setup used in 
our study does not fully reflect the clinical reality, where symptoms 
frequently co-occur and individual sentences may express multiple as-
pects of depression. This design choice was selected due to the structure 
of the eRisk dataset, in which annotations are symptom-specific and 
collected independently, resulting in some sentences being labeled as 
relevant to more than one symptom. However, such multi-label cases 
accounted for less than 3% of the dataset, and for consistency, we 
restricted our analysis to sentences with a single positive label. While 
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Fig. 8. BDI symptom distribution (set of posts that were assigned a BDI category) over the three datasets (eRisk 2018, eRisk 2022, and CLPsych 2015).
this simplification enables a more straightforward modeling setup, it 
overlooks the nuance of overlapping symptoms such as self-criticalness 
and worthlessness, or agitation and sleep disturbances. In this respect, 
multi-label modeling represents a promising direction for future work.

We recognize the ethical complexities of analyzing social media 
content, particularly concerning privacy issues. To address these chal-
lenges, our study relied solely on preexisting, publicly accessible
datasets. We did not interact with or contact social media users at 
any point. The datasets included only public user interactions and 
were used strictly in compliance with the respective collections’ terms 
of service and user agreements. For all datasets, user identifications 
(e.g., account names) were anonymized to ensure individuals’ privacy 
and confidentiality. We only used public data and did not contact social 
media users, and this research project was formally approved by our 
IRB review (USC 65/2024).

The datasets have limited sample sizes (due to the complexities of 
data collection and the need to respect privacy considerations). This 
study took an observational approach and did not collect personal or 
clinical data from participants. While such data is often essential for risk 
assessment in clinical settings, it is beyond the scope of our research.

9. Conclusion

In this study, we investigate depression-related symptoms by ana-
lyzing user posts on social media and exploit the Beck Depression In-
ventory questionnaire to support symptom-level classification. Our goal 
is to advance automated methods for screening depression symptoms.

We conducted experiments through various classification
approaches in two key scenarios: (1) to detect the presence of any 
13 
BDI symptom (binary categorization) and, additionally, (2) to clas-
sify sentences into BDI-induced categories. The series of experiments 
was designed to compare multiple classification methods, including 
supervised models and 0-shot approaches.

Additionally, we implemented a data augmentation strategy using 
large language models to generate synthetic sentences relevant to each 
BDI category. Our evaluation showed the potential of LLMs to enhance 
the detection of specific symptoms. Additionally, we examined the 
distribution of symptoms between users diagnosed with depression and 
those without a diagnosis. The results indicate that combining domain 
adaptation, lexical knowledge, and data augmentation improves the 
detection of depression symptoms. This joint approach outperformed 
state-of-the-art baselines.

For future research, we plan to apply more specialized lexical 
resources tailored to the target tasks and incorporate clinical data 
to train advanced language models. Since emojis play a key role in 
social media analysis, we also aim to integrate them into the training 
process. Furthermore, we are interested in extending this study to 
multiple languages, as much of the research on mental disorders has 
predominantly focused on English.
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