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Abstract

Depression is a pressing global issue that im-
pacts millions of individuals worldwide. This
prevailing psychological disorder profoundly
influences the thoughts and behavior of those
who suffer from it. We have developed De-
pressMind1, a versatile screening tool designed
to facilitate the analysis of social network data.
This automated tool explores multiple psycho-
logical dimensions associated with clinical de-
pression and estimates the extent to which
these symptoms manifest in language use. Our
project comprises two distinct components:
one for data extraction and another one for anal-
ysis. The data extraction phase is dedicated
to harvesting texts and the associated meta-
information from social networks and trans-
forming them into a user-friendly format that
serves various analytical purposes. For the anal-
ysis, the main objective is to conduct an in-
depth inspection of the user publications and
establish connections between the posted con-
tents and dimensions or traits defined by well-
established clinical instruments. Specifically,
we aim to associate extracts authored by indi-
viduals with symptoms or dimensions of the
Beck Depression Inventory (BDI).

1 Introduction

Psychological analysis is a multifaceted discipline
dedicated to the study of human behavior and the
intricacies of related mental processes. This field
holds immense significance as it helps to gain
deeper insights into individuals and the function-
ing of their minds. Such insights are instrumen-
tal in both the treatment and prevention of men-
tal health issues. Among the most pressing con-
cerns within psychological analysis is depression,
a pervasive mood disorder that affects countless
individuals worldwide (World Health Organization,
2023). Depression constitutes a serious affliction

1A demonstration video of DepressMind is available at:
https://youtu.be/rd6ZVWbxYrM

that significantly diminishes a person’s quality of
life and can have profound consequences on his
physical and mental well-being. Although there is
a wide range of available therapeutic approaches,
ranging from psychotherapy to pharmaceutical in-
terventions, the burden of inadequately treated or
unrecognized depression is still substantial (Evans-
Lacko et al., 2018). Recent years have witnessed
a noticeable increase in the global prevalence of
depression (World Health Organization, 2022), re-
flecting the need for further research and design of
new screening tools.

The Internet and Social Media (SM) have
sparked a revolutionary transformation in the way
we communicate. Online sources have also opened
up new possibilities in psychological analysis, par-
ticularly for extracting behavioral patterns from
specific demographic groups. One of the primary
advantages is the availability of a large amount
of data and multiple pieces of evidence about hu-
man behavior. These valuable resources can be
exploited to perform observational studies that sup-
port mental health research. SM platforms are
spaces where individuals can freely express them-
selves and publicly share their thoughts, feelings,
and opinions. Some popular sites and forums
have become meeting points for disclosing per-
sonal preoccupations. Notably, online communi-
ties focused on topics like depression and other
mental health issues have emerged, enabling in-
dividuals to share their personal experiences and
receive support from others who have navigated
similar challenges (Skaik and Inkpen, 2020; Rís-
sola et al., 2021; Crestani et al., 2022).

It is crucial to develop new screening mecha-
nisms to early detect the increasing severity of
depressive symptoms and provide explanatory ex-
tracts of the evidence found. To that end, we exploit
advanced Natural Language Processing (NLP) so-
lutions to analyze patterns and trends of depression.
Such automated screening would allow to moni-
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Figure 1: General diagram of DepressMind’s architecture. First, it collects data from different sources (social
networks), and then, it analyzes the levels of intensity and relevance in depression according to the BDI test.

tor a large number of people and identify those
who may be at risk of developing a mental disor-
der. In practice, this could lead to interventions that
provide individuals with the right support in time.
Alternatively, the insights gained by our tool could
inform preventive measures and help detect risk
factors. For example, by understanding the evolu-
tion of depressive symptoms in specific segments
of the population (e.g. individuals of a certain age)
we could instigate the definition of new commu-
nication or mitigation measures by relevant health
authorities. In any case, this exploitation would
have to be done with proper ethical and privacy
precautions. The goal of this paper is to exem-
plify the potential contributions of this technology,
while its actual deployment is beyond the scope
of the present project. Furthermore, DepressMind
is available for research purposes and, thus, those
interested in extracting and analyzing online data
from a BDI perspective can get access to this new
screening tool2.

DepressMind stands on a retrieval method that
supports a semantic representation for each cate-
gory of the BDI-II questionnaire. BDI (Beck et al.,
1961) is a recognized clinical instrument designed
to assess the manifestation of 21 depressive symp-
toms, such as sadness, pessimism, or loss of energy.
Given a textual excerpt, DepressMind computes
two different metrics, relevance, and intensity, with
respect to each BDI symptom. The whole process
is depicted in Figure 1. We can summarize our
contributions as follows:

• Development of a Reddit and Twitter extrac-
tion module designed to compile a compre-
hensive collection of online publications us-
ing specific filtering criteria (e.g., keywords,
user accounts, communities, etc.).

• Implementation of an advanced analytical tool
capable of assessing psychological dimen-

2https://github.com/roque-fernandez/
DepressMind

sions and their temporal evolution. This analy-
sis leverages semantic similarity estimates and
linguistic models to provide valuable insights
into user-generated content.

• Integration of the above components into a
user-friendly web application that streamlines
the process of analyzing Beck Depression
Inventory (BDI) dimensions over a precom-
piled dataset of social media posts. This
application allows users to visualize results
through graphs and statistical representations
for a more comprehensive understanding of
the data.

2 Related Work

In recent times, the field of digital mental health
analysis has experienced significant expansion. Au-
tomated NLP techniques have emerged as effective
means for identifying traces of mental health disor-
ders from user-generated online publications. For
instance, in a pioneering study, Choudhury et al.
(2013) conducted initial research on automatically
detecting depression. These researchers collected
reliable data on depression through crowd-sourcing,
employing the CES-D (Center for Epidemiologi-
cal Studies Depression Scale) inventory to assess
depression levels (Radloff, 1977).

Gaur et al. (2018) introduced an unsupervised
method aimed at aligning the content from different
mental health-related subreddits with the most suit-
able DSM-5 (Diagnostic and Statistical Manual of
Mental Disorders - 5th Edition) categories (Asso-
ciation, 2013). Given the knowledge encoded into
the DSM-5 manual and other meticulously curated
medical resources, a specialized lexicon was con-
structed. This language resource included n-grams
associated with each mental health disorder listed
in the DSM-5. Additionally, the authors enhanced
an existing ontology related to drug abuse, incorpo-
rating terminology and slang expressions derived
from Reddit. The resulting lexicon was exploited
to quantify the connection between the content of
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the subreddits and the DSM-5 categories.
In a study conducted by Perez et al. (Pérez et al.,

2022), an innovative approach was introduced to
automatically measure the severity of depression
among social media users. This research team ad-
dressed the challenge of quantifying the intensity
of depression indicators and explored the appli-
cation of neural language models to capture var-
ious aspects of the user-generated content. This
team presented two alternative methods for evalu-
ating depression symptoms, based on the individ-
ual’s willingness to openly discuss them. The first
method relied on analyzing global language pat-
terns present in the user’s posts, while the second
method focused on identifying direct mentions of
symptom-related concerns. Both approaches re-
sulted in automatic estimates of the overall BDI-II
score.

In a related vein, Pérez et al. (2023) introduced
a platform designed to assist in the assessment and
monitoring of depression symptoms among social
media users. The tool aimed at capturing a broad
context of the individuals by incorporating user
profiling capabilities. The authors claimed that the
platform could assist professionals in labeling data
and utilizing depression estimators and profiling
models.

These initiatives have piqued our interest in ex-
ploring the potential of semantic matching between
relevant medical questionnaires and user-generated
publications. Our system, DepressMind, allows us
to extract and visualize BDI-related extracts and we
present here a preliminary evaluation that shows its
potential to automatically estimate an individual’s
response to the BDI-II items.

3 Design and Implementation

3.1 Data collection
To facilitate data collection, we developed a dedi-
cated module that allows us to gather information
from Twitter and Reddit. This module serves as
an intermediary, streamlining the process of pars-
ing user-generated content. The tracking process
adapts based on the data source. In the case of
Twitter, our module utilizes the free access Twint
library3 to connect with Twitter’s API and retrieve
a specified number of tweets based on user-defined

3At the time of building DepressMind, Twint allowed free
access to publications and downloads. Due to changes in
Twitter’s policies (now referred to as "X"), this module is
temporarily disabled. We are actively monitoring for future
updates that may reinstate its functionality.

Figure 2: DepressMind’s extraction interface.

filters. The collected data is then stored in a JSON
file. For Reddit, we have implemented a custom
tracker designed specifically for this platform. This
tracker retrieves Reddit posts, applies the necessary
filters, and stores results in JSON format. Further-
more, our system produces a separate file designed
for recording statistics for the resulting collection.

The Reddit crawler parses the HTML code and
extracts class patterns and tags associated with Red-
dit posts. To that end, we employ BeautifulSoup,
a Python library that simplifies the parsing and
data extraction from XML and HTML documents.
Given the evolving nature of Reddit, consistent
data extraction has become challenging. Our ex-
traction works from the OldReddit interface. In
May 2018, Reddit introduced a new interface and
appearance that met with significant disapproval
(over 80% of users). Consequently, the site decided
to maintain the old interface on a separate domain.
To this day, approximately 15% of users continue
to access Reddit via the old interface, with no plans
to discontinue. This legacy interface provides us
with a unique advantage, as its HTML structure is
more amenable to automated crawling.

DepressMind supports four extraction possibili-
ties: by subreddit, by user account, by keywords,
and a general (unrestricted) extraction. These ex-
traction options share certain parameters, such as
the maximum number of posts to be retrieved, and
the range of dates of the extracted publications.
Figure 2 shows an instance of the subreddit-based
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Figure 3: Example of the output after the extraction
(the user posts and accounts have been pixelated for
privacy reasons).

option. After the extraction, DepressMind displays
the number of posts found, a word cloud, some
example posts, and other general statistics (see Fig-
ure 3).

3.2 Analysis of Psychological Dimensions

The extraction functionalities described above al-
low any user to produce and download a JSON-
formatted dataset and, thus, DepressMind can be
employed by researchers or practitioners to build
their collections. In any case, our primary goal was
to make a depression screening tool and, thus, De-
pressMind includes a BDI-based analytical module.
To that end, DepressMind assesses the semantic
proximity between the texts gathered from social
media and the textual content of the BDI question-
naire. Each BDI item contains a title (e.g. “Guilty
Feelings”) and some possible responses (e.g. “0.
I don’t feel particularly guilty”, “1. I feel guilty
a good part of the time”, “2. I feel quite guilty
most of the time”, or “3. I feel guilty all the time”).
These texts are used to assess the relevance and
intensity of each topic, as described below.

3.2.1 Relevance
This analysis aims to address the question: How rel-
evant are individual depression symptoms within

Figure 4: Relevance analysis and evolution over time of
each BDI topic.

our collection? Given a collection of posts, De-
pressMind outputs an array of 21 values, one for
each BDI symptom. Each element in the array esti-
mates the topical presence of the BDI item in the
corpus. These estimates are produced as follows.
First, DepressMind transforms each question from
the BDI into an embedding representation utilizing
SentenceBERT (Reimers and Gurevych, 2019), an
adaptation of the pre-trained BERT model designed
to produce semantically meaningful sentence em-
beddings4. For every topic, we generate embedding
representations of the title of the corresponding
BDI item and each potential response. The simi-
larity between a sentence in the corpus and a BDI
item is computed as the maximum similarity (us-
ing cosine similarity) between the embedding of
the sentence (es) and the embeddings of the BDI
title and the BDI responses: scorerel(s,BDIn) =
max{sim(es, etitlen), sim(es, eresponse1n), ...}.

The relevance of a BDI item in the corpus (C)
is computed as the average relevance computed
over the entire set of sentences: rel(BDIn, C) =

4More specifically, with the all-MiniLM-L6-v2 model
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Figure 5: Intensity analysis.

avgs∈C scorerel(s,BDIn). Figure 4 shows an ex-
ample of this analysis.

3.2.2 Intensity
This metric estimates the intensity of each depres-
sion symptom in the input corpus. While the rel-
evance of a symptom informs us about topicality
(i.e., the presence of sentences related to the BDI
item), intensity provides insight into the level of
severity. Many relevant sentences might induce
different intensity levels. For instance, “I never
sleep” and “I have occasional sleeping problems”
are both relevant to the BDI item on sleeping prob-
lems but the first one should be assigned a higher
intensity score. Given a collection of posts, De-
pressMind outputs an array of 21 intensity values,
one for each BDI symptom. These scores are inte-
ger values ranging from 0 to 3. This is the standard
ordinal scale of the responses in the BDI question-
naire. These estimates are produced as follows.

For each BDI item, we only consider
as candidates the sentences whose relevance
scorerel(s,BDIn) is greater than a given thresh-
old. For each candidate sentence, we try to align
it with the possible responses of the BDI item. To
that end, we employ an entailment model5 with
three possible output categories: contradiction, en-
tailment, neutral. If the candidate sentence does
not entail the response (output category is contra-
diction or neutral) then the alignment is discarded.
Otherwise, we apply a softmax function to the en-

5We used the cross-encoder/nli-deberta-v3-base model.

Figure 6: Top scoring sentences for two BDI items
(sadness and pessimism). For privacy reasons, texts
have been paraphrased.

tailment value, which returns the probability that
the sentence s supports the response. DepressMind
aligns the sentence with the response that has the
highest probability of entailment and outputs the re-
sponse’s severity level, valint(s,BDIn) ∈ {0, 3}.
For example, for the “Suicidal thoughts” symptom,
a sentence such as “I want to kill myself” would be
aligned with the response “I would kill myself if I
had the chance” and, thus, it would be assigned an
intensity value of 3. Finally, the BDI item’s inten-
sity score of the entire corpus is computed as the
maximum intensity over the available sentences:
int(BDIn, C) = maxs∈C valint(s,BDIn). The
rationale is that a single severe sentence should be
a matter of concern. Figure 5 shows an example
of the intensity analysis. DepressMind also shows
explanatory evidence, by presenting the sentences
that led to the final intensity estimation (see Fig 6).

4 Empirical Evaluation

To validate the tool, we utilized the eRisk eval-
uation datasets (2019, 2020, and 2021) (Losada
et al., 2019, 2020; Parapar et al., 2021). These
evaluation tasks aim to estimate the severity of the
21 BDI symptoms for a set of social media users.
For each user, the datasets include a self-report
BDI questionnaire and the user’s history of publi-
cations (participants gave their consent for tracking
of their public posts). We fed each user’s collection
to DepressMind, obtained the estimated levels of
severity, and compared them with those filled by
the users. The next subsection describes the four
effectiveness metrics. Further details about them
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method AHR ACR ADODL DHCR
eRisk 2019

ours 0.3143 0.6492 0.7476 0.2000
participants 0.3345 0.6416 0.7454 0.2611

eRisk 2020
ours 0.3156 0.6574 0.7481 0.2571
participants 0.3432 0.6688 0.7963 0.2807

eRisk 2021
ours 0.2601 0.6319 0.7383 0.3375
participants 0.3107 0.6555 0.7586 0.2196

Table 1: Effectiveness results over the three datasets.
The lower result reports the mean performance achieved
by the participants in the eRisk shared task.

are available at (Losada et al., 2019, 2020; Parapar
et al., 2021).

4.1 Metrics

Average Hit Rate (AHR): AHR measures how of-
ten the automated questionnaire produces identical
responses to the real questionnaire.
Average Closeness Rate (ACR): ACR takes into
consideration the ordinal scale and penalizes more
the errors where the system’s response deviated
significantly from the actual user’s response.
Average Difference in Overall Depression Levels
(ADODL): While the previous metrics focus on
effectiveness at the BDI item level, ADODL cal-
culates the total depression level, which is the sum
of all responses, for both the real and automated
questionnaires, and measures the difference.
Depression Category Hit Rate (DCHR): DCHR
considers the four possible overall depression lev-
els (0–13: minimal depression, 14–19: mild depres-
sion, 20–28: moderate depression, 29–63: severe
depression) and measures the proportion of users
for whom DepressMind assigned a depression cat-
egory that matches the category determined by the
real questionnaire.

4.2 Results and Analysis

Table 1 shows the results of DepressMind and com-
pares them with the mean results of the participants
in the three evaluation campaigns. In general, our
approach yields competitive results in comparison
with the systems implemented by the participat-
ing teams. Furthermore, the participants’ systems
employed extensive feature engineering leading to
black-box models, while DepressMind visually ex-
plains its decisions and presents evidence that can
be validated by an expert. We leave the exploration
of more complex solutions (e.g., other sentence em-
bedding models) for future work. Regardless, there

exists potential for enhancing the structure of our
model and integrating further methods to narrow
the performance gap between the current version of
DepressMind and the most effective eRisk systems.
In any case, the challenge is intrinsically difficult,
as most users do not publicly disclose information
about many BDI topics. From our perspective, the
most compelling feature of this screening technol-
ogy is not its capacity for automatic diagnosis, but
rather its proficiency in highlighting the most sig-
nificant concerns, discerning temporal trends, and
providing valuable insights to expert users (e.g., to
psychologists).

To further analyze these collections, let us focus
on the individual influence of specific BDI items.
To this end, Figure 7 plots the percentage of users
with relevant evidence for each BDI item (blue
bars) and the percentage of intense sentences for
each BDI item in the collection (orange bars). This
helps to shed light on the BDI items that are more
prominently discussed on social media. Topics
such as feelings of worthlessness, sadness, agita-
tion, and punishment are the most recurrent and
also produce most of the severe sentences. In con-
trast, topics like crying, self-criticism, and loss of
interest in sexual activities have little presence and
intensity. Notably, in all the datasets, most top-
ics have less than half of the users with relevant
evidence. This underscores how challenging it is
to infer depression symptoms from social media
evidence. With no relevant information on these
topics, a model can hardly provide a reliable as-
sessment. In such cases, DepressMind assumes a
score of 0, potentially leading to an underestima-
tion of the individual’s state. In the future, it would
be worthwhile to explore alternative imputation
approaches, such as estimating overall depression
scores based on partially completed questionnaires
or estimating missing BDI symptoms based on re-
lated topics.

5 Conclusion

In this study, we try to contribute to the understand-
ing of a pressing global issue: the prevalence of
depression. Our main goal was to make a positive
contribution in the area of automated methods for
screening depression. To that end, we introduced
DepressMind, an analytical tool that extracts social
media posts and assesses their relevance and sever-
ity concerning the 21 standardized BDI symptoms.
An evaluation of several depression datasets has
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Figure 7: Intensity and Relevance of the 21 BDI items.

produced promising results, highlighting the poten-
tial to enhance our understanding, assessment, and
management of various depression symptoms. This
work represents an initial advancement towards har-
nessing the power of data to address mental health
challenges on a broader scale. In our future work,
we aim to explore the use of specialized lexical
resources for more effective sentence extraction
and to exploit clinical data for training more spe-
cialized language models. We are also interested
in expanding this study to different languages, as
most of the research studies on mental disorders
have been centered on English.

Ethics Statement and Limitations

This form of analysis aims to support the develop-
ment of emerging technologies designed to alert
about early signs of depression and provide sub-
stantial supporting evidence. As highlighted by
Neuman et al. (2012), it is important to view these
novel screening methods not as “magic replace-
ments for human experts”, but rather as compu-
tational tools that can significantly alleviate the
workload on public health systems, especially in
terms of facilitating regional preventive measures.
This project did not involve any interaction with
social media users, such as interventions to provide

health-related recommendations. Instead, it is an
observational study focused on publicly accessible
data and available research collections. The three
evaluation datasets are publicly available and trans-
parent, and our research strictly adhered to ethical
guidelines, specifically those related to AI ethics
by design. For instance, the data collections are
anonymized. Furthermore, we put in place strin-
gent measures to safeguard sensitive information
(e.g., the example sentences reported in the paper
were paraphrased). Our ultimate goal is to make a
positive contribution to society, with a key empha-
sis on improving our understanding of depression.

Another limitation is that at the time of building
the system, Twint allowed free access to Twitter
publications and downloads. Due to changes in
Twitter’s policies (now referred to as "X"), the Twit-
ter feature is temporarily inactive. We are continu-
ously observing for potential revisions that could
restore its operation.

Additionally, it is essential to acknowledge that
the datasets retrieved using DepressMind or those
used to evaluate the tool may exhibit inherent bi-
ases typical of social media data. For example,
gender, age, or sexual orientation biases. Any re-
searcher or practitioner using DepressMind to col-
lect and analyze data should bear this in mind and
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apply proper fairness and bias correction measures.
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