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Abstract: Depression is a common mental illness magnified by the COVID-19 pandemic. In this path,
its early detection is pivotal for the public health systems. Various works have addressed depression
detection in social network data. Nevertheless, they used data before the pandemic and did not exploit
transformers’ architecture capabilities for realizing binary classification on extensive dimensional data.
This paper introduces DEENT, an approach with a depression-oriented dataset built with BERT and
K-means from a previous Twitter dataset labeled for sentiment analysis, and two models called DEENT-
Generic and DEENT-Bert for classifying depressive and non-depressive tweets effectively. DEENT
was evaluated extensively and compared to Random Forest, Support Vector Machine, XGBoost, and
Recurrent and Convolutional Neural Networks. Results revealed that DEENT outperforms baseline
models regarding accuracy, balanced accuracy, precision, recall, and F1-Score. We argue that these
results are due to the DEENT leveraging the encoder-only transformer architecture and fine-tuning to
detect depression in large Twitter data effectively. Therefore, we concluded that DEENT is a promising
solution for detecting depressive and non-depressive tweets.

Keywords: depression classification; social network; COVID-19; machine learning; natural language
processing; transformers

1. Introduction

In 2019, according to the World Health Organization (WHO), one in eight individuals in the
world had depression or anxiety. The COVID-19 pandemic affected many people around the globe,
perturbing their mental health due to isolation, quarantine, and deaths, raising depression worldwide.
In this regard, WHO reported that in 2020, during the COVID-19 pandemic, the number of individuals
experiencing depressive disorder increased by 28% [1]. This raising shows that early depression
detection is essential because this illness is associated with suicidal behavior [2] that can result in a
high economic cost to health systems [3].

Processing social network data from Twitter, Reddit, and Weibo with Machine Learning (ML),
Deep Learning (DL), and Natural Language Processing (NLP) techniques has helped detect depression
early; it is noted that users usually express their sentiments through publications with words related
to depression in social networks. The works [4,5] analyzed sentiment in social network data to raise
statistics about depression-related messages; they do not focus on classifying tweets as depressive or
non-depressive. The investigations [6—10] used Random Forest (RF) [11], Support Vector Machines
(SVM) [12], Extreme Gradient Boosting Machines (XGBoost) [13], Recurrent Neural Networks (RNN)
[14], Convolutional Neural Networks (CNN) [15], and Hierarchical Attention Networks (HAN) [16]
to detect depression and other mental diseases; notably, these works employ few depression-related
data. The work [17] classified depression, anxiety, suicide, and bipolar behavior in a large dataset
collected before the COVID-19 pandemic in the Reddit social network, using the Bidirectional Encoder
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Representations from Transformers (BERT) [18]; this BERT-based solution did not focus on depression
classification and, consequently, involved few depression data.

This paper introduces Depression dEtection Based on Encoder-oNly Transformer (DEENT), an
approach for depression detection from Twitter data collected during the COVID-19 pandemic. DEENT
includes a tweets dataset labeled as non-depressive and depressive with BERT and K-means, and
two flavors: DEENT-Generic and DEENT-Bert. The flavors leverage the encoder-only architecture of
transformers to detect depressive tweets on high-dimensional data by processing depression-related
words effectively through attention mechanisms. DEENT-Bert is based on a pre-trained model built
for classifying tweets, while DEENT-Generic uses the encoder-only architecture without previous
training. An extensive evaluation using labeled depressive tweets reveals that DEENT outperforms RE,
XGBoost, SVM, RNN, and CNN models in detecting depression disease. In particular, DEENT-Generic
got higher accuracy, balanced accuracy, precision, recall, and fl-score than baseline models. In turn,
DEENT-Bert outperforms DEENT-Generic regarding all evaluation metrics. The results reveal that
DEENT is a promising solution for depression detection expressed in tweets.

To sum up, the main contributions of this paper are:

e  Two encoder-only-based models (DEENT-Generic and DEENT-Bert) able to estimate effectively,
regarding accuracy, balanced accuracy, precision, and fl-score, the depression during the COVID-
19 pandemic from a Twitter dataset.

e A labeled dataset, built using BERT and K-means clustering, containing non-depressive and
depressive tweets.

The rest of this paper is organized as follows. Section 2 describes the background. Section 3
presents the related work. Section 4 introduces DEENT-Generic and DEENT-Bert as well as the labeled
tweets dataset. Section 5 presents and discusses the evaluation results. Section 6 concludes the paper
and presents implications for future work.

2. Background

In 2019, 280 million individuals were affected by depression mental illness, including 23 million
children and adolescents [19]. Depression refers to a condition that manifests differently from the
typical fluctuations in mood and sentiments associated with the changes in daily life [20]. This disease
can impact all facets of an individual’s life, including familiar, social, and communal relationships; those
who have experienced abuse, severe loss, or stressful events are susceptible to suffering depression.
During a depressive episode, the individual may experience a depressed mood, characterized by
feelings of sadness, irritability, or emptiness, or a loss of pleasure or interest in activities [21,22].
Additionally, several other symptoms may manifest, including difficulty concentrating, a sense of
overwhelming guilt or low self-esteem, a lack of hope regarding the future, recurrent thoughts of death
or suicide, sleep disturbances, changes in appetite or weight, and feelings of profound fatigue or lack
of energy. It is important to note that individuals with depression are at an increased risk of suicide
[19].

Detecting depression in social network data is a binary classification problem; this paper explores
using the encoder-only Transformer’s architecture for this purpose since tweets expressing depression
messages rose exponentially during the COVID-19 pandemic, and such an architecture has resulted
particularly effective for tasks requiring text comprehension [23,24] instead of text generation. In
particular, the encoder-only transformer architecture comprises five elements [18,25,26]: Input Embed-
ding, Positional Encoding, Multi-head Attention, Feed Forward, and Add & Norm. Input embedding
represents in a vectorial way the input text in which a token represents a word; it helps a model
to process and understand patterns from the text input data. The Positional Encoding occurs after
input word embedding and before the encoder. This encoding is necessary since, without positional
information, an encoder-only model might believe that two sentences have the same semantics.

Multi-head Attention involves implementing attention mechanisms in parallel; an attention mech-
anism improves model performance by focusing on relevant information, meaning the Transformer
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selectively attends to different parts of the input text data by assigning weights according to the
relevance of features for the model’s output. Each head attention processes the input independently,
allowing it to capture the different aspects of the relationships between words. The Feed Forward
consists of two linear neural networks separated by a nonlinear activation function helpful to learn
more complex patterns. Add & Norm combines a residual connection (Add) and a normalization layer
(Norm). Add facilitates the training of deep networks by mitigating the problem of vanishing gradient,
providing an alternative path for data to ensure that gradients during backpropagation do not become
too small, seeking to improve training performance. Norm is crucial to keeping the model’s stability
and avoiding problems, such as exploding gradient, and helps to make the model less sensitive to the
input scale values for faster and more robust training.

3. Related Work

In [4], the authors explored the effects of COVID-19 on people’s mental health using Weibo data
(a Chinese social network). They used Online Ecological Recognition [27] that uses Naive Bayes
(NB) [28] and Linear Regression [29] to detect psychological problems. The work [5] used Latent
Dirichlet Allocation [30] to group behavior profiling from emotions (i.e., anger, fear, sadness, disgust,
joy, anticipation, trust, and surprise) expressed in Twitter during the COVID-19 pandemic. The authors
used Markov chains [31] to represent the transition between emotions. These works focused on
analyzing positive and negative sentiments or emotions without employing ML models to classify
depression.

The work [6] identified depression and anxiety in the Brazilian population using RF and XGBoost
models trained with data collected via a web survey requesting information about lifestyle behavior
during the COVID-19 pandemic. Notably, these algorithms had been pre-trained with data collected
in Spain. [7] detected the effects of depression suffered by the USA population during the COVID-
19 pandemic using SVM and RF models trained with data collected via a web survey looking for
indicators suggesting a predisposition to suffer mental disorders. [8] classified depression using SVM,
RF, and NB algorithms trained with a few data (1,000 samples) collected from Reddit’s social network
during the COVID-19 pandemic. [9] proposed a model based on SVM and k-Nearest Neighbor (KNN)
to classify depression and compared it to SVM, RE, XGBoost, and CNN. The algorithms were trained
using a few data (4,996 samples) from Reddit’s social network. The SVM+KNN model Outperformed
SVM, RE, XGBoost, and CNN.

The work [10] used a Multi-Aspect Depression Detection with Hierarchical Attention Network
(MDHAN) to estimate depression using tweets and user behavior data collected before the COVID-19
pandemic. MDHAN got better accuracy than SVM, BiGRU, MBiGRU, CNN, MCNN, and HAN. In [17],
the author performed a benchmark between XGBoost, RF, CNN, Long Short-Term Memory (LSTM),
BERT [18], and MentalBERT [32] when used to predict anxiety, bipolar, depression, and suicide watch
from a small dataset composed by Reddit messages (16.205 samples related to depression) gathered
before the COVID-19 pandemic; solutions based on BERT got better accuracy than other algorithms.
Also, it is noteworthy that [17] did not show the process to label the mental illnesses dataset.

The works aforecited (see Table 1) share two pivotal shortcomings. First, they trained the ML
models with a few depression-related data mainly collected before the COVID-19 pandemic, limiting
their learning. Second, they did not use a specific metric to measure the model performance in
unbalanced datasets. Third, they did not present the process to label the depression-oriented dataset.
Conversely, DEENT shows how to build a depression-oriented dataset with 123,984 tweets collected
during the COVID-19 pandemic, during which the depression disease grew exponentially; the labeling
is performed using a BERT-based model and K-means clustering. Also, DEENT introduces two
models based on encoder-only Transformer architecture to improve depression detection; the balanced
accuracy and fl-score metrics measure their effectiveness in the unbalanced dataset built.
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Table 1. Related work - Comparison.
Collection Transformer
Reference Data Source Samples Time Domain Algorithm Metric Architec-
ture
Naive
. During Sentiment Bayes,
41 Weibo 17864 COVID-19 Analysis Linear
Regression
. . Latent
. During Sentiment .
[5] Twitter 73,000 COVID-19 Analysis D1r1ch!et
Allocation
Depression Balanced
6] C;%iill ¢ 22 562 During and Anxiety RE XGBoost Accuracy,
g COVID-19 Classifica- ! Sensitivity,
Survey . Lo
tion Specificity
Mental Accuracy,
71 C;O(I)fie 17 764 During IlInesses RE SVM Sensitivity,
G ’ COVID-19  Classifica- ’ Specificity,
urvey tion AUROC
5,877 msgs; Mental Precision
. 1,000 related During Illnesses SVM, RF, ’
(8] Reddit o COVID-19  Classifica- NB Recall,
. . F1-Score
depression tion
12,911 msgs; Depression SVM, RF, ?:Clgriacr}:’
[0] Reddit 4,996 During and Suicide XGBoost, Iggcsal(l) !
related to COVID-19 Classifica- CNN, Fl—Scor,e
depression tion SVM+KNN AUROC
MDHAN,
SVM
Before . i Accuracy,
: covip-19 ~ Depression - BIGRU, Precision,
[10] Twitter 447 856 Classifica- MBiGRU,
(2009 to . Recall,
2016) tion CNN, F1-Score
MCNN,
HAN
XGBoost,
46,103 msgs; Mental RFE, CNN, Accuracy,
[17] Reddit 16,205 were Before Illnesses LSTM, Precision, Encoder-
related to COVID-19 Classifica- BERT, and Recall, only
depression tion Mental- F1-Score
BERT
Accuracy,
1;22?3 During Depression DEENT- Balanced
DEENT Twitter 53,475 COVIDLY Cpgsifica- ~ Ccnericand - Accuracy,  Encoder-
related to (Dec 2019 to tion DEENT- Precision, only
depression Dec 2020) Bert Recall,
P F1-Score
4. DEENT

This section presents DEENT, an approach based on the encoder-only Transformer architecture

to detect depression from Twitter data collected during the COVID-19 pandemic. DEENT comprises

DEENT-Generic, DEENT-Bert, and a tweets dataset built for evaluation purposes and labeled (non-

depressive and depressive) with BERT and K-means.
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4.1. Pipeline

We build up DEENT following the first four phases of CRISP-ML(Q) methodology [33]: (i)
Business and data understanding to define the DEENT’s scope and goal. (ii) Data engineering to
produce a tweets dataset with depressive and non-depressive labels. (iii) Machine Learning model
engineering to build DEENT flavors and the baseline ML models. (iv) Quality assurance for Machine
Learning applications to evaluate and compare the performance of all built models. The results of
enforcing the above-mentioned phases are discussed hereinafter.

4.2. Business and Data Understanding

DEENT aims to detect depression using social network data during the COVID-19 pandemic. As
there is no open dataset labeled for depression detection, we built it. We constructed our dataset from
a dataset labeled from a sentiment analysis perspective, containing 134,348 tweets collected during
the pandemic and publically available on IEEEDataPort [34]. Such a public dataset included three
columns: index, text (i.e., tweet), and sentiment (i.e., the score calculated using TextBlob: cero for
positive tweets and one for negative ones), Table 2 exemplifies five instances. The following items
describe the data engineering and labeling process.

Table 2. Twitter dataset, sentiments-oriented.

index text sentiment*
0 rising cases of covid does not alarm me rising death rate does 1
more testing capacity means more cases are detected earlier and
asymtomatics and mild cases are identified india is in scary place
go check out their graphs

1 please vote for chicagoindiaresolution marking india independence 0
shared values of democracy human rights secularism

2 wishing all of you eidaladha hazrat ibrahim as ki sunnah aap sab 1
ko mubarak in most parts of india

3 daily coronavirus cases in india top for first time covid 1

4 sitting here india style watching the raindrops hit this big ass pond
listening to amy winehouse finallay understand what zahree was
talking about

* 0: positive; 1: negative

4.3. Data Engineering

In data engineering, we carried out three steps to process the sentiment-oriented dataset (see
Figure 1): convert tweets to lowercase, clean tweets (i.e., delete empty, duplicates, and stop words),
and re-index the whole dataset. (i) All tweets were converted into lowercase to reduce the data
dimensionality; uppercase letters can cause words with the same meaning to be taken by the model
as different, increasing the dimensionality. (ii) The first instance was deleted because it contained no
tweet but a dataset description. Eighteen empty instances (NaN) and 10,314 duplicates were removed.
Also, we deleted the stop words (special characters) and URLs to avoid learning problems. After such
removal, we obtained 31 empty instances that were also removed. (iii) The dataset was re-indexed
because the indexes were not continuous due to previous steps. After cleaning, the final dataset
included 123,984 tweets, which is greater than related work on depression detection. We developed
data engineering with the NLTK 3.8.1 library version.
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Figure 1. Cleaning Twitter Dataset Steps.

4.4. Depression Twitter Dataset
We obtained the depression-oriented Twitter dataset as follows, see Figure 2.

* A pre-trained model, called covid-twitter-bert-v2-mnli [35] (available on HugginFace [36]) and
based on BERT, was used to find the probability score of each tweet (just the text column of
the sentiment-oriented dataset was used) of belong to two candidate labels (depressive and
non-depressive); this model was used since it was already fine-tuned for classification problems
related to COVID pandemic, note that had not been used for mental illness classification as we
do in this paper. In this process, the Transformer library version 4.40.2 of HuggingFace was
used to download the covid-twitter-bert-v2-mnli that computes the probability scores related to
depression.

*  The K-means clustering algorithm was enforced on the dataset containing the probability scores
obtained in the previous step. In particular, we varied the number of clusters k from 2 to 9 and
evaluated the K-Means outcome with the Silhouette coefficient (near values to 1 are desirable) to
determine the clustering process quality. Results revealed that the coefficient (0.613) was highest
when K-means operated with k=2. Remarkably, K-means grouped the tweets as depressive
(label = 1) and non-depressive (label=0) and, consequently, got a dataset for binary depression
classification. The resultant dataset (see Table 3) was imbalanced, including 70,509 (56.87%)
non-depressive tweets and 53,475 (43.13%) depressive. In this process, the Scikit-learn 1.4.1 was
used to build the K-means clustering model and Matplotlib 3.7.1 to plot the figures and analyze
the results.
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Figure 2. Labeling Twitter Dataset steps.

Table 3. Twitter dataset, depression-oriented.

index text target*
0 rising cases covid alarm rising death rate testing capacity means 0
cases detected earlier asymtomatics mild cases identified india
scary place go check graphs

1 please vote chicagoindiaresolution marking india independence 1
shared values democracy human rights secularism

2 wishing eidaladha hazrat ibrahim ki sunnah aap sab ko mubarak 0
parts india

3 daily coronavirus cases india top first time covid 1

4 sitting india style watching raindrops hit big ass pond listening

amy winehouse finallay understand zahree talking
* 0: non-depressive; 1: depressive

4.5. DEENT-Generic

The DEENT-Generic model classifies tweets into depressive and non-depressive. This model was
trained and tested using the depression-oriented Twitter dataset. For building DEENT-Generic, the
dataset was tokenized, the dataset was balanced, and the model structure was set up. Tokenizing
tweets. We tokenized the depression-oriented Twitter dataset since a transformers-based solution, such
as DEENT-Generic, needs an understandable numerical sequential representation. Here, the Keras
tokenizer was used to obtain a numerical value interpretable by the generic encoder-only architecture
input.

Balancing Depression Twitter dataset. As the depression-oriented Twitter dataset is imbalanced,
we balanced the training part (training dataset with total samples 99,187 with 56,407 non-depressive
and 42,780 depressive) with SMOTE. Recall that SMOTE [37] is a common technique used to balance
data on binary text classification tasks compatible with the baseline models (i.e., RF, XGBoost, SVM,
RNN, and CNN) and DEENT-Generic. In particular, we set up SMOTE to increase the minority class
to the majority one, resulting in 56,407 samples for each class.

Model Structure. DEENT-Generic was structured with Input Embedding, Positional Encoding,
Multi-head Attention, Feed Forward, and Add & Norm layers (see Figure 3). (i) Input Embedding,
the tweet sequences were converted into vectorial representations to be processed by the following
layers. (ii) Positional Encoding, the embedding returns each word in a tweet with its position, which
helps the models understand the relative position of each word in the sequence. (iii) Multi-head
Attention, the model learns complex relationships between words from the tweet sequence. (iv) Feed
Forward allows the model to learn more complex relationships after the attention block. (v) Add
& Norm, helps to mitigate the problems related to gradients in the backpropagation. A dropout
layer was also included with a value of 0.1 after the generic encoder-only structure to regularize the
model and prevent overfitting. After dropout, a fully connected layer was constructed to convert
the DEENT-Generic output into probabilities for the depression binary classification. The first dense
layer contains 32 neurons, the second 8 with a Tanh activation function to avoid linearity. In the last
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layer, we use a single neuron and the Sigmoid activation function, which is the most used for binary
classification tasks.

, N N
/ \ : The embedding was configured from

Input Embedding the Keras library (Embedding)

The Embedding Keras library returns
the token and its position

Positional Encoding

Was configured using the Keras library thThrere e :hree3|32ense Iayertsr;
(MultiHeadAttention) with 2 heads and © il IS S22 MRS, i

Multi-head Attention 128 embedding dimensions ! . [second 8 with activation function
: S 1 Tanh, and the third one neuron
] ' © | with activation function Sigmoid

~

There are two Dense layers, the first
contains 32 neurons and activation
function Relu, second 128 neurons

Feed Forward Fully connected

N
Was configured using the Keras library

Add & Norm : (LayerNormalization)
Encoder-Only Architecture \ Generic Encoder-Only
\ / S Architecture

DEENT-Generic

Figure 3. DEENT-Generic Structure.

4.6. DEENT-Bert

The DEENT-Bert model classifies tweets into depressive and non-depressive using a pre-trained
model called tiyal012/swmh4_bert [38] and its inner tokenization. DEEN-Bert was trained and tested
using the depression-oriented Twitter dataset. The dataset was balanced, and the model structure was
set up to build DEENT-Bert. Balancing Depression Twitter dataset. As the depression-oriented Twitter
dataset is imbalanced, we balanced the training part with the weighted loss function; this function
helps the model pay more attention to the minority class, thus improving performance on imbalanced
datasets. Remarkably, we did not use SMOTE since it is incompatible with tiyal012/swmh4_bert.

Model structure. For building up DEEN-Bert, we fine-tuned tiyal012/swmh4_bert [17], a pre-
trained model previously used to classify depression using data collected from the Reddit social
network before the COVID-19 pandemic. By such a tuning, DEENT-Bert was expected to understand
better the words related to depression. As tiyal012/swmh4_bert is an encoder-only model, it had
already included the corresponding architectural elements (see Figure 4). We did the fine-tuning with

the Torch library.
Bert Model
Encoder-Only Pre-trained Bert Model
Architecture (tiya1012/swmh4_bert) DEENT-Bert

Bert Model

Tokenizer

Figure 4. DEENT-Bert Structure.

5. Evaluation

Using the built depression-oriented dataset, we evaluated DEENT-Generic and DEENT-Bert
performance regarding accuracy, balanced accuracy (over epochs), precision, recall, f1-score, and loss
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(over epochs). Furthermore, we compared DEENT flavors with ML baseline models, namely, RE, SVM,
XGBoost, CNN, and RNN.

5.1. Performance Metrics

We compared DEENT to baseline models regarding accuracy, balanced accuracy, precision, recall,
and fl-score. Accuracy [39] is the fraction of predictions that the model got right (see Equation 1).
Accuracy involves True Positives (TP) and True Negatives (TN) when the model correctly predicts the
non-depressive and depressive tweets, respectively, and False Positives (FP) and False Negatives (FN)
when the model incorrectly predicts the non-depressive tweets and depressive tweets, respectively.

TP+ TN
TP+TN+FP+FN

Balanced accuracy [40] assesses the performance of classification models on imbalanced datasets,

Accuracy =

)

ensuring that both minority and majority classes are important during evaluation. Balanced accuracy
is computed by Equation 2) where specificity represents the proportion of actual depressive tweets
correctly identified, and recall [39] indicates the correct identification of the proportion of actual
non-depressive tweets (see Equation 3). Notably, in the evaluation, we considered recall as a separate
metric to analyze each class behavior (see Equation 3).

Balanced Accuracy = Recall + Szpeczflczty @)
TP
Recall = TP EN 3)

Fl1-score [39] is commonly used in binary classification problems to analyze and understand
better the model performance in front of unbalanced data; this metric is given by Equation 4 that
computes the harmonic mean of recall and precision (see Equation 5). Precision [41] points out the
correct prediction of non-depressive tweets.

F1 — score = -2 4)
1 1
precision + recall
TP
Precision = TP+ I[P 5)

5.2. DEENT Training

DEENT-Generic and DEENT-Bert were trained with the Adam optimizer [42] and BinaryCrossEn-
tropyLoss [43] because they have shown excellent results in binary classification. Both models were
trained for up to 50 epochs, with early stopping to save the best models’ results, meaning the models
stopped the training when the validation accuracy did not improve for ten consecutive epochs. Early
stopping helps prevent overfitting and reduces unnecessary computations. The learning rate was
defined via experimentation by ranging its values from le-1, le-2, 1e-3, and 1le-4. The accuracy of
DEENT-generic for these values was 0.568, 0.568, 0.807, and 0.813. In turn, the accuracy obtained by
DEENT-Bert for these values was 0.568, 0.568, 0.568, and 0.855. We developed DEENT-generic using
Python 3.10, Tensorflow 2.15.0, and Keras 2.15.0. DEENT-Bert was developed with Torch version
2.4.14+cul21 and the Transformer library version 4.40.2.

5.3. Baseline

We considered SVM, RE, XGBoost, RNN, and CNN as baseline models since they have been
used in several works [6-10,17] for depression classification. SVM [12] analyzes the training data and
identifies the separation between the support vectors and the optimal hyperplane (i.e., two classes for
binary classification). SVM was configured using a linear kernel.
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RF [11] is an ensemble ML algorithm that combines many decision tree predictors and aggregates
their outputs to achieve more accurate and robust predictions. This algorithm was configured with
100 estimators, a maximum tree depth of 150, and a random state equal to 42 to ensure reproducibility.
XGBoost [13] is an optimized distributed gradient boosting algorithm designed for efficient and
scalable ML model training, combining predictions from multiple weak models to produce a more
robust prediction. This algorithm was trained with a learning rate equal to 0.1, a maximum tree depth
of 15, and 150 estimators.

RNNs [14] are feedback-connected neural networks, which allows them to have internal states.
These internal states give a memory that can hold information about previous inputs. We set up an
LSTM with embedding and dense layers, an Adam optimizer with a learning rate equal to 0.001, and
a BinaryCrossEntropyLoss function. The LSTM included 64 neurons, dropout equal to 0.5, a first
dense layer with 32 neurons, a second with 8, a third with 2 (all using Tanh activation function), and
the last layer with a single neuron with a Sigmoid activation function. CNN [15] has convolutional
and pooling layers. Each convolutional layer computes dot products between the weights of output
neurons called filters and a local region in the input volume of the layer to which they are connected.
A pooling layer is placed between the convolutional layers to reduce the number of parameters and
computations. We trained a CNN with an embedding, Conv1D, dense layer, Adam optimizer with a
learning rate equal to 0.001, and BinaryCrossEntropyLoss function. The Conv1D layer included 64
neurons activated with the Tanh function. Before the dense layer, a dropout equal to 0.5 was set up to
prevent overfitting during training. The first dense layer included 32 neurons, the second 8, and the
third 2 with Tanh activation function. The last layer used a single neuron with a Sigmoid activation
function.

We used the Scikit-learn 1.4.1 version to construct RF and SVM models and the Xgboost 2.0.3
version library to build the XGBoost model. The RNN and CNN models were developed using the
Tensorflow 2.15.0 and Keras 2.15.0 versions. Remarkably, all models, including DEENT, were compiled
using the T4 Google Colab machine. This GPU machine has 16GB of GDDR6 memory and 2,560 CUDA
cores.

5.4. Results and Analysis

Figure 5 shows the accuracy and balanced accuracy obtained by DEENT and the baseline models
in the test imbalanced depression-oriented dataset (i.e., 14,102 non-depressive tweets and 10,695
depressive tweets). Results reveal DEENT had better accuracy and balanced accuracy than RF (80.17%
and 79.68%), SVM (80.63% and 80.33%), XGBoost (80.31% and 79.28%), RNN (80.91% and 80.90%),
and CNN (80.72% and 80.39%); DEENT-Bert achieved (84.54%, 84.06%) and DEENT-Generic (81.23%,
81.17%). These results revealed, first, that the attention mechanism used by DEENT helped it to learn
more complex relationships between words associated with depression disease than non-transformers-
based models. Second, thanks to the fine-tuning, DEENT-Bert outperformed DEENT-Generic. Third,
DEENT-Generic and DEENT-Bert are robust models when processing unbalanced data since the
difference between accuracy and balanced accuracy is negligible; DEENT-Generic obtained a variation
around 0.06%, and DEENT-BERT obtained a variation near 0.48%. On the other hand, the model
proposed by [17] that detected depression in Reddit messages before the COVID-19 pandemic achieved
an accuracy near 76.62%, and DEENT got more promising results in a larger dataset built from tweets.
It is also to remark that the work [17] did not measure the robustness of its model in front of unbalanced
data.
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Figure 5. DEENT vs Baseline models - Accuracy and Balanced Accuracy.

Figure 6 shows the precision, recall, and fl-score obtained by DEENT and baseline models in
the test imbalanced depression-oriented dataset. DEENT-Generic (80.72%) and DEENT-Bert (80.54%)
achieved a higher recall than RF (75.82%), SVM (78.16%), XGBoost (71.81%), RNN (80.38%), and CNN
(77.92%), meaning DEENT detected better depressive tweets than the other models. DEENT-Bert
(83.10%) outperformed RF (77.68%), SVM (77.20%), XGBoost (80.44%), RNN (76.61%), CNN (77.53%),
and DEENT-Generic (76.90%) regarding precision; highlighting DEENT-Bert ability to classify non-
depressive tweets. DEENT-Bert (81.80%) and DEENT-Generic (78.47%) accomplished better results
regarding the f1-score than the baseline models (RF - 76.74%, SVM - 77.68%, XGBoost - 75.88%, RNN -
78.10%, CNN - 77.38%), remarking DEENT as the most robust model solution to detect depressive and
non-depressive tweets. Similarly to the accuracy and balanced accuracy results, the ones regarding
precision, recall, and fl-score corroborated, first, that the attention mechanism used by DEENT
allowed DEENT-Generic and DEENT-Bert to learn better the complex words related to depressive
tweets and non-depressive tweets, respectively. Second, thanks to the fine-tuning, DEENT-Bert
outperformed DEENT-Generic regarding the fl1-score since the former has already learned complex
linguistic representations.
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Figure 6. DEENT vs Baseline models - Precision, Recall, and F1-Score.
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Figure 7a,b show the accuracy and loss obtained by DEENT, RNN, and CNN over epochs; note
that RF, SVM, and XGBoost were omitted because they did not operate with epochs. DEENT-Bert
(a: 84.54%, 1: 0.3563) and DEENT-Generic (a: 81.23%, 1: 0.4820) achieved the highest accuracy and
the lowest loss in the second epoch. These accuracies were better than those of CNN (a: 80.72%, 1:
0.5456) and RNN (a: 80.91%, I: 0.5456). The results in accuracy and loss over epochs corroborated the
DEENT’s robustness since it stabilizes faster than the other models.

920

—— DEENT-Bert
88 —— DEENT-Generic
—— RNN

—— CNN

Accuracy

78

76

Epochs

(a) Accuracy over Epochs
0.8

—— DEENT-Bert
—— DEENT-Generic
0.7 —— RNN

—— CNN

0.6

Loss

0.5 T

o -

0.3

Epochs

(b) Loss over Epochs

Figure 7. DEENT vs DL Baseline models - Accuracy and Loss.

From the above results regarding accuracy, balanced accuracy, precision, and f1-score, we con-
cluded that DEENT-Generic and DEENT-Bert are promising solutions to identifying depressive and
non-depressive. In particular, DEEN-Generic learns better to identify depressive tweets, while DEEN-
Bert is more appropriate to classify non-depressive tweets. Furthermore, remarkably, they stabilize
faster than the baseline models.

6. Conclusions and Future Work

This paper presented DEENT, an approach based on encoder-only transformer architecture
to detect depressive and non-depressive tweets. The proposed approach introduced a depression-
oriented dataset built with BERT and K-means from a previous one that included tweets labeled for
sentiment analysis and DEENT-Generic and DEENT-Bert. The DEENT flavors achieved prominent
accuracy, balanced accuracy, precision, recall, and F1-Score, showing their ability to classify tweets
into depressive and non-depressive. Regarding the above-mentioned evaluation metrics, DEENT
outperformed the baseline ML models (i.e., RE, SVM, XGBoost, RNN, and CNN). These results are
due to DEENT is based on the encoder-only architecture, attention mechanism, and fine-tuning.
Furthermore, thanks to the balanced accuracy metric, it was corroborated that DEENT is a robust
model using imbalanced data since the difference between accuracy and balanced accuracy was
negligible. Overall, we concluded that DEENT is a promising solution to address depression detection
using social network data.

In future work, we plan to explain and improve DEENT using explainable artificial intelligence
techniques, such as Local Interpretable Model-Agnostic Explanations and Shapley Additive ExPla-
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nations. We also intend to strengthen DEENT’s performance via hyperparameter tunning and text
preprocessing optimization.
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