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Abstract

This work presents the participation of team BUAP_01 in the MentalRiskES 2024 competition,
covering Task 1, which consists of detecting depression and anxiety in Telegram group messages.
The task was addressed using features related to sentiment classification along with probabilistic
features derived from information such as POS tagging, lemmatization, and message sending time.
The results place the best model at position 17 using the macro-F1 metric to evaluate participants'
results.

Keywords

Depression detection, anxiety detection, sentiment features

1. Introduction

It is estimated that approximately one in eight people worldwide faces some form of mental
disorder, which causes notable alterations in cognition, emotional regulation, and behavior,
with many of them associated with functional disabilities in various areas [13]. Among the most
common mental disorders are anxiety and depression, although there are also others such as
bipolar disorder, post-traumatic stress disorder, schizophrenia, etc. [3] mentions that currently
it is estimated that approximately one billion people live with a condition that affects their
mental health worldwide.

Suicide is closely related to mental health problems such as anxiety, depression, and chronic
stress, with chronic stress being a significant risk factor [2] and depression being able to lead
to suicide as mentioned in the work of [4]. According to a recent report by the World Health
Organization, suicide is the fourth leading cause of death among young people aged 15 to 29
years. The organization considers early identification to be a key effective intervention in
preventing these problems.
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The potential of social networks in the context of depression is highlighted by the fact that
patients with this condition may feel more comfortable sharing episodes of their life and
communicating with others through these platforms [10].

Anxiety disorders are characterized by excessive fear and worry, as well as the onset of other
related disorders [14]. Depression, unlike a common mood disturbance, is characterized by a
depressed mood or a loss of enjoyment or interest in activities, most of the day, almost every
day, for at least two weeks [15].

This responds to a demand from society due to the significant increase in these problems
among the population, in several types of mental risks: eating disorders, dysthymia, anxiety,
depression, suicidal ideation, and others. Currently, relevant evaluation campaigns such as the
Cross-Lingual Evaluation Forum (CLEF) have hosted during the last years the Early-Risk
Identification task (eRisk). Unfortunately, these campaigns have focused mainly on English,
leaving aside other languages, like Spanish.

MentalRiskES 2024 [8] of IberLEF 2024 [1] is a task focused on the early identification of
mental disorder risks in Spanish social media comments. This is the second edition, following
last year's inaugural event at the IberLEF evaluation forum as part of the SEPLN 2023.

MentalRiskES 2024 [8] tackled the challenge of detecting mental disorders in an online
setting, aiming to identify potential risks as early as possible within a continuous data stream.
As a result, success depended not only on the accuracy of the systems but also on their speed
in detecting issues. The second edition introduces three tasks: the first involves identifying the
disorder itself, the second entails recognizing contextual cues associated with the disorder, and
the third focuses on detecting suicidal ideation.

In this work, characteristics based on feelings are explored. There are works such as [5] and
[11] in MentalRiskES 2023[6], which obtain good results when using Pysentimiento [12] to
detect depression.

In this work, the methodology will be shown first, followed by the results, and finally the
conclusions.

2. Task description and Methodology

This section will describe the task addressed and the methodology used.
2.1. Task 1 - Disorder detection

The task 1, "Disorder detection"[8], consists of detecting whether a user is suffering from
depression, anxiety, or none of the above. It is a multiclass classification task, with the three
classes mentioned previously.

e Depression: A user Is perceived as suffering from depression when he or she expresses
everyday situations, desires, or actions related to the suffering of this pathology.

e Anxiety: A user Is recognized as suffering from anxiety when he or she expresses
everyday situations, desires, or actions related to the suffering of this pathology.

e None: The user does not present evidence of suffering from any of the aforementioned
disorders.



The corpus is divided into two collections: one for tasks 1 and 2, and another for task 3.
Each subcorpus has an average of 50 messages per user. The corpus for task 1 includes a
total of 894 users (20 for trial, 464 for training, and 400 for testing).

In Table 1, the number of users per class in each corpus is shown. It can be observed that the
classes are not balanced.

Table 1
Number of users per class
Corpus None Depression Anxiety
Trial 10 5 5
Train 223 169 93
Test 200 100 100

2.2. Methodology

The following stages have been carried out for the completion of this work:

2.2.1. Features

A set of numerical features was created to address the detection of depression and anxiety. For
this purpose, information that might be relevant to the detection of depression was collected.
This information is described below.

1. Sentiment information: This information involves labeling a text as "Positive",
"Negative", or "Neutral" sentiment. To achieve this labeling, Pysentimiento [12], a
Python toolkit for Sentiment Analysis and Social NLP tasks, is used.

2. Average nocturnal activity of a user: Messages sent between 10 PM and 4 AM are found,
and the average number of nocturnal messages per day for a specific user is obtained.

3. Average daily activity on social networks: This is the average number of messages per
day for a specific user.

4. Average message length: The average length of all messages for a specific user is
obtained from the lengths of these messages.

5. Difference in days (between the user's first and last message): This is the number of
days between the user's first and last message.

6. Spacy information: "Spacy" and the "es_core_news_lg" model were used to obtain the
tokenization, POS (Part-of-speech) labels, and lemma labels of each text. Each word is
counted according to the number of appearances it has in each class to estimate the
probabilities of appearance of each label per class.

Table 2 shows the characteristics used for each run in the competition. The combination of
features was obtained from a grid search algorithm.



Table 2
Characteristics per run

Run/Feature Sentiment Average  Average Average Difference Spacy
information = nocturnal daily message in days Information
activity activity length
0 v v v
1 v v v
2 v v v v v

2.2.2. Models Development

A multilayer perceptron neural network was used as the classifier model, and 3 combinations
of characteristics were selected for three runs. To adjust the hyperparameters of the multilayer
perceptron network, a grid search has been performed with the training corpus.

Run 0: This proposal uses an average of the quantities of each Pysentimiento label obtained
per user. This feature is combined with the average nocturnal activity and Spacy information.
The configuration of the multilayer perceptron neural network is as follows:

e Activation = "logistic"

e Learning rate_init = 0.002,

e Hidden_layer_sizes = (25, 29)
e Max iter =175

e Solver ='adam’

Run 1: Unlike Run 0, this proposal uses Pysentimiento's tagging but represents the
information according to the number of appearances per class (a probability of occurrence). The
configuration of the multilayer perceptron neural network is as follows:

e Activation = "logistic"

e Learning rate_init = 0.004,
e Hidden_layer_sizes = (25,27)
e Max_iter = 233

e Solver = 'adam'

Run 2: Proposal 2 uses an average of the Pysentimiento labeling combined with the average
nocturnal activity, average daily activity on social networks, average message length, and



difference in days. The configuration of the multilayer perceptron neural network was as
follows:

e Activation = "logistic"

e Learning_rate_init = 0.0035,
e Hidden_layer_sizes = (25, 27)
e Max iter = 143

e Solver = 'adam'

2.2.3. Evaluation

Task 1 will be evaluated from different perspectives: multi-class classification using the macro-
Fi-score metric, and the ERDE30 [9] metric aimed at evaluating how quickly depression
symptoms are detected. Cross-validation was used to select the models to participate. Due to
the limited number of classified users with anxiety (98 users, 5 trials + 93 training), the data
corpus was divided into two sets (set 1 and 2, see Table 3) for the corresponding tests.

Table 3
Results of the different sets created, using macro-F;-score and standard deviation (Devest)
Run Macro-F, Macro-F;  Devest
Set 1 Set 2
0 0.4526 0.4732 0.0145
1 0.5805 0.5776 0.0020
2 0.6328 0.6314 0.0009

In Table 3, it can be observed that Run 2 seems to have very good results, followed by
Run 1, because the standard deviation is lower and the results of the macro-F; metric are higher.
Run 0 performed poorly because the input to the multilayer perceptron network had two
different types of data (average data and percentage data). Run 1 does not have this problem
and only uses probabilistic data. Run 2, has a greater number of features and had the best
performance on the training set.

3. Results

The results obtained are shown in Table 4, where it can be observed that Run 1 had the best
results out of the Run 0 and 2, which is very different from what is shown in Table 3. This is
probably because the characteristics of Run 2 overfit the model for the training set.

Table 4
Classification-based evaluation in Task 1. Metric ranking: Macro-F1
Rank Team Run  Accuracy Macro_ P Macro R Macro_F1
1 ELiRF-UPV 2 0.890 0.875 0.880 0.874
3 BaseLine - Roberta Base 2 0.853 0.840 0.843 0.834

14 BaseLine - Roberta Large 1 0.670 0.786 0.708 0.682



17 BUAP 01 1 0.620 0.692 0.662 0.632
18 BaseLine - mDeberta 0 0.710 0.748 0.645 0.623
23 BUAP 01 0 0.427 0.650 0.557 0.411
24 BUAP_01 2 0.393 0.348 0.352 0.348

Table 5 shows that run 1 performs better compared to the previous table, where it managed
to position itself in 14th place. This is due to the evaluation based on the ERDE30 metric.

Finally, the carbon emissions for run 1 have a mean duration of 132.464 with a mean emission
of 9.27E-04 and a deviation of 9.23E-04.

Table 5

Latency-based evaluation in Task 1. Metric ranking: ERDE30
Ran Team Run ERDE ERDE30 latency speed latency-
k 5 TP weightedF1
1 BaseLine - Roberta Base 2 0.162 0.042 3 0.969 0.909
ELiRF-UPV 2 0.405 0.045 8 0.891 0.845
9 BaseLine - mDeberta 0 0.211 0.102 1 1.000 0.891
13 BaseLine - Roberta Large 1 0.205 0.133 1 1.000 0.811
14 BUAP_01 1 0.282 0.134 3 0.969 0.769
25 BUAP_o01 0 0.272 0.240 1 1.000 0.676
26 BUAP_01 2 0.363 0.359 1 1.000 0.522

4. Conclusion

This work has reviewed the 3 proposals for Task 1 of MentalRiskES 2024 [8], which addresses
the task of detecting depression and anxiety in Telegram message texts.

The purpose of this work was to explore the combination of different features primarily
aimed at detecting depression. The results show that only 1 of the 3 proposals has had an
acceptable performance, which is probably due to the features being selected based on a corpus
that contained more users from the "depression” and "none" classes, which would lead to
overfitting in the final model, despite cross-validation being performed to obtain reliable results.

As mentioned earlier, an area for improvement would be to balance the classes before
adjusting the model parameters. Similarly, no features related to the detection of depression
were included, which could have affected the model. These aspects are expected to be addressed
in future work.
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