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Abstract

This article proposes an automated approach, based on artificial intelligence techniques,
for detecting indicators of depression in texts written in Spanish. Among the main con-
tributions is the construction of a new specialized corpus, supervised by mental health
professionals and based on the Beck Depression Inventory. Text processing included lin-
guistic techniques such as lemmatization, stopword removal, and structural transformation
using trigrams. As part of the work, SpADE-BERT was designed, a model based on
multilingual BERT with a tokenization scheme adapted to incorporate trigrams directly
from the input phase. This modification allowed for more robust interaction between the
local context and semantic representations. SpADE-BERT was evaluated against multiple
approaches reported in the literature, which employ algorithms such as logistic regression,
support vector machines, decision trees, and Random Forest with advanced configurations
and specialized preprocessing. In all cases, our model showed consistently superior perfor-
mance on metrics such as precision, recall, and Fl-score. The results show that integrating
deep language models with adapted tokenization strategies can significantly strengthen the
automated identification of linguistic signals associated with depression in Spanish texts.

Keywords: depression; natural language processing; multilingual BERT; trigram-based
tokenization; transfer learning; Spanish clinical corpus

1. Introduction

Natural language processing (NLP) and artificial intelligence (AI) have become in-
creasingly relevant in the medical field, particularly as tools to support analysis, prediction,
and clinical classification tasks. In the field of mental health, these technologies make it
possible to detect linguistic patterns that may be associated with disorders such as depres-
sion, anxiety, or impulsivity. Techniques such as machine learning (ML) and deep learning
(DL) have proven effective in the automatic classification of texts, thus facilitating the early
identification of emotional or cognitive signals that may require professional attention [1-3].

Recent studies have analyzed social media posts, personal diaries, and open-ended
questionnaire responses, demonstrating that written language can reflect relevant psycho-
logical states. This opens up the possibility of using spontaneous texts as a complementary
source of information for screening clinical conditions in a non-invasive and scalable way.
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However, a significant limitation of this approach is the availability of specific corpora in
languages other than English. Most of the available datasets are constructed from Anglo-
Saxon texts, which makes it difficult to generalize models to other languages. For this
reason, it is essential to develop linguistic resources adapted to specific contexts, such as
Spanish, that allow the full potential of NLP to be exploited in clinical applications. One of
the most widely used tools for assessing depression is the Beck Depression Inventory (BDI),
developed by psychologist Aaron T. Beck. This clinical instrument consists of 21 items cov-
ering emotional, cognitive, and somatic symptoms associated with depressive disorder. For
each item, the patient must select the statement that best describes how they have felt dur-
ing the last two weeks, thus generating a total score that allows the severity of depression
to be classified into levels such as mild, moderate, or severe [4]. The BDI has demonstrated
high validity and reliability in various clinical and research studies, establishing itself as a
benchmark in the assessment of depression [4]. However, it should be emphasized that it
does not constitute a medical diagnosis on its own, but rather an assessment tool that must
be complemented by clinical interviews and other professional evaluations [5].

Although its usefulness in individual contexts is widely recognized, its widespread
application has significant limitations. It requires adequate privacy, reading comprehension
on the part of the patient, professional supervision, and sufficient time for analysis and
interpretation. These requirements make it difficult to implement in settings with limited
human resources or where a large number of people need to be assessed in a short period
of time. This problem has encouraged the search for technological alternatives that allow
for the automated and effective detection of possible signs of depression, without replacing
clinical diagnosis, but facilitating initial screening in broader population contexts. Given
the limitations inherent in the widespread application of the Beck Depression Inventory,
this study proposes an automated tool based on artificial intelligence, aimed at the early
detection of linguistic signs associated with depression in texts written in Spanish. Far
from seeking to replace standardized clinical instruments, the proposal aims to offer a
complementary screening mechanism that facilitates the preliminary identification of
possible cases in contexts where direct psychological evaluation is not feasible [4,5].

The model developed is based on the multilingual BERT (mBERT) architecture,
adapted using a specific preprocessing scheme that transforms texts into sequences of
trigrams. This transformation allows the capture of relevant local semantic and syntactic
patterns and is integrated into the model’s tokenizer to optimize its performance in the
classification task. Previous models have demonstrated the effectiveness of BERT and its
variants in clinical text analysis and depressive symptom detection tasks [3,6], but they do
not address the direct modification of the tokenizer or the explicit integration of trigrams
as proposed in this study. In addition, a specialized corpus of Spanish texts related to
depression was constructed, supervised and validated by mental health professionals,
ensuring greater fidelity between the textual content and the associated clinical labels [7,8].
Such expert validation is rare in other datasets, especially in Spanish [9]. The results ob-
tained show that the proposed model outperforms various traditional classifiers in metrics
such as accuracy and Fl-score, suggesting its viability as a support tool for automated
screening [10-12]. This proposal represents a concrete contribution to the development of
accessible and culturally adapted technologies that strengthen early diagnosis and mental
health care. Various studies have explored alternative approaches to depression detection
using machine learning and text analysis techniques, with promising results. Models
such as Random Forest [13], AdaBoost [14,15], and K-Nearest Neighbors [16] have been
used in classification tasks on texts extracted from social networks or clinical interviews.
Likewise, feature extraction methods such as TF-IDF, Doc2Vec, and entropy measures have
been applied to represent the texts before training [10,17]. In more recent studies, hybrid
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strategies combining neural models with classical classifiers have been used, as in the case
of BETO+SVM [18]. However, most of these studies have been developed on English-
language corpora and lack direct validation by mental health specialists, which limits their
applicability in real clinical contexts and in languages other than English. This research
seeks to contribute to this gap with a clinically validated technical proposal designed
specifically for the Spanish language.

2. State of the Art (Background or Related Work)

This section describes some of the work related to text analysis using machine learning
and deep learning algorithms. As mentioned above, there is growing interest in devel-
oping an objective method for identifying and measuring the level of depression using
artificial intelligence (AI) [19]. It also presents some datasets generated specifically for
analyzing depression.

With the aim of assessing and analyzing the progress made in identifying mental
disorders between 2017 and 2023, Figure 1 was created based on the information presented
in [9]. The mental illnesses that have been detected using text analysis appear in the first
column, which is linked to the second column describing the origin of the text analyzed,
mainly from social media and interviews. Subsequently, the third column describes the
languages in which the identification of mental illnesses was carried out and, finally, the
fourth column shows the Al approach used to analyze the texts. The thickness of the lines
indicates the prevalence of each combination. For Figure 1, 450 articles aimed at identifying
mental disorders were considered, of which 130 focused on the detection of depression.
Analyzing texts in English, 75 studies use ML techniques and 57 use Deep Learning, in
contrast to 14 that use ML and 8 that use DL in Spanish. It is important to mention that in
Figure 1, it can be clearly seen that the languages in which mental illness analysis has been
most widely conducted are English and Chinese, while a small portion was conducted in
Spanish. This reflects the fact that currently, there are few resources available in Spanish,
which are necessary to analyze texts considering the characteristics of the language.

Sankey Diagram: English dominance vs. Spanish scarcity

Depression

Anxiety

Bipolar disorder

PTSD.

Other-mental, disorders.

Clinical / instrument-based text

English Deep Learning / Transformers

Social media / online text

Spanish

Classical ML

|other languages

Figure 1. Sankay diagram, where each flow connects the analyzed aspects of the reviewed works,
including Sector 1: mental disorder, Sector 2: origin of the samples, Sector 3: language, and Sector 4: Al
technique, while the thickness between the sectors indicates the volume of each combination.
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2.1. Construction and Use of Corpora for the Study of Depression

One of the challenges in studying depression through NLP is the collection of relevant
data. In this context, Losada et al. [7] propose the creation of a dataset extracted from
the social network Reddit, in which users with depression were identified by detecting
self-reported phrases. Up to 1000 messages per user were collected, ultimately selecting
137 users with depression and 755 as a control group. In addition, this study introduced the
task of “early prediction detection,” a metric that measures the time it takes for a system to
validate a decision, which has influenced the development of more efficient models.

The importance of this dataset has transcended internationally, becoming a key ref-
erence in the eRisk competition, which since 2017 has promoted research in mental risk
detection through PLN. Studies such as “Overview of MentalRiskES at IberLEF 2023” [8]
have explored various strategies applied in eRisk, including models based on pre-trained
neural networks, hybrid models, and conventional classifiers such as Random Forest,
Logistic Regression, and K-Nearest Neighbors (K-NN).

Other studies have analyzed different approaches to data collection. Jiayi and
Zhaowey [18] developed a web crawler to analyze the perception of depression in on-
line communities, allowing psychologists to better understand users’ experiences and
provide more effective interventions. Similarly, Tobin et al. [17] investigated the use of
words in reports by young people with depression, applying frequency analysis, clustering,
and keyword detection in textual corpora.

2.2. Machine Learning Algorithms in Depression Detection

Various machine learning models have been used to classify depression based on text.
The most relevant are presented below:

Logistic Regression: It has been widely used in the classification of clinical texts,
showing significant improvements when combined with vectorization techniques such as
TF-IDF and Word2Vec [10-12].

Random Forest: Its ability to handle structurally complex and noisy data—that is,
information containing outliers, inconsistencies, or irrelevant features that can hinder
classification—has made it a benchmark model in the analysis of mental disorders. In
recent studies [13,20,21], it has been combined with preprocessing and vector representation
techniques to improve its performance in detecting depression.

Support Vector Machines (SVM): These have been used in combination with neural
networks to improve the classification of clinical texts. For example, in [22], BETO, a
BERT-based model, was used to extract textual representations and feed an SVM as the
final classifier.

AdaBoost: Used in multiple studies on mental illness detection [14-16], its adaptive
learning capability has shown good results on nonlinear data.

K-Nearest Neighbors (K-NN): Its approach based on the distance between instances
has proven useful in the classification of psychological disorders, especially when combined
with dimensionality reduction techniques [23-25].

Decision Trees: These have been widely used in the detection of symptoms of depres-
sion, integrated into ensemble methods such as Random Forest and Gradient Boosting to
improve model accuracy [26-28].

A notable study in this area is “Exploring the Performance of Baseline Text Mining
Frameworks for Early Prediction of Self-Harm Over Social Media” [10], which evaluated
several classifiers in the eRisk corpus. This work analyzed models such as SVM, Random
Forest, and Logistic Regression, combining them with feature extraction techniques such as
Doc2Vec, TF-IDF, and entropy measures. It was found that the best accuracy was achieved
with SVM and entropy-based features, achieving an F1 score of 0.89.
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2.3. Pre-Trained Models and Multilingual Transfer in Depression Classification

With the advancement of deep learning models, the use of pre-trained models has
become highly relevant in text classification [29]. One of the most promising approaches
is the use of BERT (Bidirectional Encoder Representations from Transformers) and its
multilingual variants [6,30,31].

In particular, Multilingual BERT (mBERT) has been widely studied due to its ability
to handle texts in multiple languages. Unlike BERT, which was trained exclusively in
English with Wikipedia and BooksCorpus corpora, mBERT was trained with texts from
104 languages, giving it significant cross-language transferability (zero-shot learning).

Recent studies [32] have shown that mBERT has improved performance in text classi-
fication, sentiment analysis, and entity detection tasks in multiple languages, surpassing
traditional supervised learning methods. In architectural terms, mBERT has 768 hidden
units, 12 transformer blocks, and 12 self-attention heads, optimizing the contextual repre-
sentation of language.

In this work, we chose to use mBERT, given that the dataset included text in several
languages, which required a model with multilingual capabilities. The tests performed
confirmed that the use of mBERT with the AdamW optimizer significantly improved
classification accuracy, thanks to its ability to capture deep semantic relationships in
multiple languages.

3. Methodology

In this article, we propose the following three-stage methodology: corpus construction,
preprocessing, and model creation. In the first stage, Corpus Creation, we will detail the
steps followed for its construction, such as searching for associations that work with people
suffering from depression to collect information, applying a test endorsed by psychologists,
and, finally, collecting a written statement from people diagnosed with depression. In the
second stage of preprocessing, we apply three techniques to the samples: stopword removal,
lemmatization, and n-grams. Together, these techniques allow us to avoid redundancy in
the text information. Finally, in the model creation stage, we used a combination of two
elements: preprocessing and transfer learning. This allowed us to leverage the knowledge
previously acquired by the model and refine it using preprocessing techniques to improve
its performance.

3.1. Corpus Construction

The corpus construction process is shown in Figure 2. It is important to mention
that we had the advice of psychologists at every step, who guided us on issues related to
psychology, the management of participants in the sampling process, and the appropriate
treatment of individuals.

Sampling was carried out through an individualized process(see Figure 3), in which
each participant was evaluated by professional psychologists under controlled conditions
using two components: (1) they wrote a free-form text response to the question “How are
you feeling today?”, in which they described their mood, and (2) they completed the Beck
Depression Inventory, developed by psychologist Aaron T. Beck [33].

The Beck Depression Inventory has been widely used and has proven its validity and
effectiveness in numerous clinical and research studies [4]. It was chosen for its carefully
designed structure, together with its multidimensional approach, which allows for a
comprehensive assessment of depressive symptoms, including their cognitive, emotional,
and physical aspects. When collecting samples, the confidentiality and privacy of each
participant’s data was guaranteed. The Beck Depression Inventory consists of five levels.
Levels 1 and 2 were considered non-depressive because, according to the test, these levels
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indicate that the person does not need psychological help. In contrast, levels 3 to 5 are
considered to require therapy and are therefore considered to be depressive.

Model Comparisson

Preprocessing
1
1
Tokenization
Corpus > N
Construction A

Lemmatization
Stopwords

» Classic models

Deep learning models

A 4

Test Set 15%

Evaluate Metrics

Accuracy

Precision
Recall
F1 Score

Figure 2. Diagram of the methodology used.
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Awritten sample is
taken from the person =]

Application of the Beck '|

Test /

e Awritten sample is
taken from the person
No Depression ha

(Label 0)

Corpus

Section Aand B are
compared, if they are
congruent, the sample is
added to the corpus
together with the label of
depression or no
depression.

IT the samples are not
congruent the sample is
stored in a different
section, together with the
assigned label.

—Applied by psychologists—>

Figure 3. Corpus creation process.

—Applied by psychologists—>

The Beck Test assessment can be defined as follows:
Let P be a function that determines the degree of depression

n
P = in
i=1

where

- P is the total score obtained on the test.

- x; is the score for the i-th response (with values typically ranging from 0 to 3, depend-

ing on the severity of the reported symptom:s).

- nis the total number of items in the test (21).

The range of P is from 0 to 63, given that there are 21 questions and each one can have
a maximum value of 3 points. Thus, the degrees of depression are identified by classifying

the values of P as follows:

- If P € [0,13], then Level of depression = Minimal absence or mild depression
- If P € [14,19], then Level of depression = Mild to moderate depression
- If P € [20,28], then Level of depression = Moderate to severe depression
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- If P € [29,63], then Level of depression = Severe depression

The texts are analyzed by a psychologist, who evaluates the congruence between the
Beck test and the “free text.” In this process, the expert reviews the text associated with
each case and compares its content with the result obtained in the Beck Inventory. If both
results are consistent, the text is labeled and stored in the main section of the corpus. If
there is a discrepancy between the expert’s assessment and the test result, the text is labeled
and stored in a secondary section of the corpus for further analysis.

The above can be defined as follows:

Let T be the free text response to the question “How are you feeling today?”.

Let P be the Beck Depression Test score associated with the individual.

Let E(T,P) be the assessment of congruence made by the expert psychologist between
the text T and the score P. Then:

- E(T,P)=1, E(T,P) = 1if the text and the score are congruent.
- E(T,P) =0, E(T,P) = 0 if the text and score are incongruent.

If the result of the evaluation is congruent (E(T,P) = 1), then the text T is labeled as
“congruent” and stored in the main section of the corpus.

If the evaluation result is inconsistent (E(T,P) = 0), then the text T is labeled as “incon-
sistent” and stored in the secondary section of the corpus.

The corpus can be consulted at the following link, see Figure 4.

Figure 4. Link to the dataset.

3.2. Preprocessing

During the text preprocessing phase, several techniques are applied to process and
improve the quality of the collected data. These techniques include tokenization, lemmati-
zation, stopword removal, and the use of n-grams. Below, we show the process by which
words are received in this phase (see Figure 5).

Preprocessing
stage

Tokenization Stopword Removal » Lemmatization n-Grams

Figure 5. Stages of preprocessing.

Tokenization is the process of segmenting a text into smaller linguistic units, commonly
referred to as tokens. These units can be words, characters, or subwords, depending on the
approach taken. In natural language processing (NLP) tasks, tokenization is a fundamental
step that allows unstructured text to be converted into a computationally manipulable
sequence. This transformation facilitates statistical and semantic analysis, as it allows
the occurrence, co-occurrence, or position of significant elements within the text to be
identified. For this work, word-oriented tokenization was used, whereby each sentence
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was divided into individual words. This segmentation prepares the text for subsequent
stages of cleaning, lemmatization, and pattern analysis, such as n-gram generation. This
process can be formally represented as follows:

- Let D be a natural language document composed of a sequence of characters.

- Let tokenize(D) be a segmentation function that transforms D into a sequence
of tokens.

- The resulting sequence is denoted as:

T = tokenize(D) = {wq, wo, ..., Wy},

where w; represents the i-th token of the document and n is the total number of
tokens generated.

Stopwords are common and frequently used words in natural language, such as
articles, pronouns, and conjunctions, which do not contribute significant semantic value to
the analysis and can introduce noise into the data [34]. Therefore, to reduce the influence of
irrelevant words in the analysis, stopwords are removed. The process consists of identifying
and removing stopwords from the text, for which linguistic resources such as predefined
lists of stopwords in Spanish were used. Preserving the most relevant and significant terms
for the detection of depression, words such as “the,” “of,” “and,” “but,” “because,” and “this”
are removed, as they do not contribute useful information to the analysis. This process is
formalized as follows:

- LetT ={wy, wy, ..., wy} be the original text, where w; is the i-th word in the text, and n
is the total number of words.
- Let S be the set of stopwords, i.e., common and insignificant words.

The text filtered by removing the stopwords Tgy;, is the text T without the words
belonging to the set S, as follows:

Tﬁlt={wi€T|wi€S}

Lemmatization is a linguistic process whose objective is to reduce words to their base
form or lemma, so that the different forms of the same word are represented in a single form,
in this case its lemma [35]. This technique is especially useful for normalizing vocabulary
and grouping different variants of words into a unified representation. For example, words

i

such as “running,” “ran,” and “runs” would be reduced to their base form “run.” This
facilitates analysis by reducing redundancy and ensuring that different word variants are
considered the same entity. The lemmatized text Ty, is the filtered text T(s,) where each

word wy;) has been replaced by its lemma

Tiem = {L(w;) | w; € Tgyy)

Therefore, L(w;) returns the lemmatized version of the word w;.

Subsequently, a fundamental technique is used: n-grams, which are sequences of
adjacent words in a text, and the number of segments represents the length of each n-gram.
This technique has proven effective in capturing word combinations that could have a
greater impact on the detection of depression [36]. N-grams of length 3 (trigrams) were
used to improve performance with the dataset used, since capturing sequences of three
consecutive words captures more complex contextual relationships in the text. This allowed
for a more accurate analysis of the context and coherence of the expressions used in the
Spanish documents [37]. To obtain the n-grams of size k = 3, we applied the function
N (T (temy), which returns a set of contiguous sequences of k words from the lemmatized
text T(lem):

Ni(Tiem) = {(wi, wir1, Wis2) | w; € Ty and 1 <i < n — 2}
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At the end of this stage, we obtain the processed text, free of stopwords, with all words
reduced to their base form through lemmatization and finally organized into strings of
three words (trigrams). This allows us to standardize the text, achieving several benefits:
the elimination of stopwords reduces noise by removing words without relevant meaning;
lemmatization decreases linguistic variability by grouping words with the same root; and
the use of n-grams facilitates the detection of key combinations within the text. With stan-
dardized texts, the model that is implemented will be able to identify patterns more easily.

Together, these techniques allow us to generalize the data and reduce its dimensional-
ity, which improves efficiency in subsequent processes. In addition, by applying machine
learning algorithms, these will be able to detect word sequences in short sentences with
greater accuracy, thus optimizing the identification of relevant patterns in text analysis.

3.3. Model Creation

In our study, we reviewed several algorithms to address the task of classifying Spanish
texts, with a special focus on detecting depression [2-5,7,13,14,18,20,28,38-45]. We con-
sidered classic classification methods such as support vector machines (SVM) [22,46,47],
random forests [13,20,21], and logistic regression [10-12]. These algorithms have proven
effective in various natural language processing (NLP) applications. However, after ana-
lyzing their capabilities and limitations, we decided to explore more advanced techniques,
particularly neural networks, due to their ability to handle complex data and their high
performance in classification tasks. Within this category, models based on Transformer
architectures, widely adopted in the state of the art, stand out, as well as the use of transfer
learning strategies, which allow pre-trained models on large corpora to be reused and effec-
tively adapted to specific tasks with reduced volumes of annotated data [6,29,31,32,48-54].

In the field of deep learning, several techniques have been experimentally tested,
including transfer learning, which allows the model to leverage previously acquired knowl-
edge, thus facilitating the task of classifying information.

SpADE-BERT, Spanish Analysis for Depression with Enhanced BERT

During the development of our model, we identified that, when applying transfer
learning, it was necessary to use the specific tokenizer corresponding to each pre-trained
model. In this process, we experimented with different models and analyzed the perfor-
mance of their tokenizers. Although some accepted the text resulting from our preprocess-
ing, we considered the possibility of adjusting the tokenizer to better integrate with this
processing and thus improve the model’s performance.

The pre-trained models used consist of four stages: Input Embeddings, Positional
Encoding, stacked encoders, and the encoder output. At each of these stages, we made
adjustments to optimize the model’s analysis. In the Input Embeddings stage, each word is
assigned a position within the text, and that position is represented by a vector that allows
contextual relationships between nearby words to be captured.

To align this stage with our preprocessing, we decided to modify the way these
relationships are represented: instead of analyzing them word by word, they were grouped
into strings of three words (trigrams). This decision aims to ensure that the model learns
semantic and syntactic patterns consistent with the approach adopted in preprocessing.
This modification is illustrated in Figure 6.
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Figure 6. Input Embeddings.

In the second step, Positional Encoding, we seek to identify the order or position of
words within the text. To achieve this, a signal is added to each word, in our case to each
trigram, which allows its position to be encoded. This signal is generated using sine and
cosine functions, which makes it possible to represent trigrams as vectors. These vectors
reflect the specific position of each trigram within the sequence, making it easier for the
model to detect relationships between them. The values generated by these functions range
from —1 to 1, which helps the model understand the relative location of each trigram within
the text, as illustrated in Figure 7.

iloveyou —x1 -+

Word Positional Embedding
with

Vector Encoding ey
positional

context

Figure 7. Positional Encoding.

In the third step, corresponding to the stacked encoder layers, multiple layers are applied
that allow the model to process the trigrams in an increasingly deeper way. Each of these
layers includes an attention mechanism that allows the model to focus on different parts of
the text to identify contextual relationships between trigrams, as well as a neural network
that transforms the information to generate more complex representations. By working
with trigrams rather than individual words, these layers help capture key combinations
of terms and language patterns that, in this particular case, could be associated with
symptoms of depression. The accumulation of these layers allows the model to generalize
better, understand the emotional context of the text, and learn to detect subtle signals
throughout the processed sequence, see Figure 8.

EMDadied Ml = o i e s e i o g g s y
with positional 2 Encoder input
context ¢, + . representation

e L

zl

= : 3 =3
Multi-Head  ADD and Faed Eorward ADD and

Attention Maorm MNarm

Figure 8. Stacked Encoder Layers.
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No substantial modification was made to the Multi-Head Attention layer, as the
trigram previously processed during the previous phases is used at this stage. From this
point on, the model follows the classic Transformer architecture. The next step is the Add &
Norm layer, where the information is normalized and the residual attention output is added.
This operation helps stabilize training and mitigate problems such as gradient vanishing.

A particularly important layer in our case is the Feed Forward layer. After applying
attention to each trigram, this layer transforms the information locally, i.e., it processes
each trigram independently to generate a richer representation. Thanks to this nonlinear
transformation, the model is able to capture more abstract and complex patterns that may
be associated with typical word combinations in depressive expressions. Thus, not only is
the global context provided by attention leveraged, but the semantic value of each trigram
is reinforced, allowing the model to refine its ability to detect linguistic signals related
to depression.

The last stage of our model corresponds to the encoder’s output block, which provides
the output embeddings resulting from all the processing previously applied to the trigrams.
These embeddings contain deep representations that combine semantic, contextual, and
structural information acquired throughout the model’s multiple layers. Thanks to the
attention mechanisms and feed forward layers, each trigram has been transformed into an
enriched vector that reflects both its individual meaning and its relationship to the rest of
the text.

Throughout this process, positional encoding has made it possible to preserve the
order of appearance of the trigrams, which is essential for maintaining the coherence of the
discourse and capturing linguistic nuances that may be key in detecting signs of depression.
This encoding ensures that the model focuses not only on isolated words, but also on how
they are combined and in what context they appear.

Once the encoder has generated the final representations, they are transferred to a
stack of decoder layers, which interpret these embeddings and transform them into specific
outputs. In our case, the expected output is a binary classification related to the detection
of indicators of depression in the text.

To do this, a linear classifier is used, a fully connected layer that takes the vectors
generated by the encoder as input and projects them into a lower-dimensional space, where
each component represents a possible class. In this work, we define classes as text with
signs of depression and text without signs of depression. This classifier acts as a bridge
between the complex numerical representation that the model has learned and the practical
interpretation we need for clinical-linguistic analysis.

Finally, a Softmax function is applied, which converts the classifier values into a
probability distribution. This allows us not only to identify the most probable class, but
also to know the model’s degree of confidence in each prediction. This information can be
particularly useful in sensitive contexts such as mental health, where not only the prediction
itself matters, but also the confidence with which it is made.

This design, as a whole, allows the model to process Spanish texts robustly, taking
into account key word combinations (trigrams), and offer informed predictions to support
the analysis of possible cases of depression. Furthermore, by adjusting the architecture to
work directly with three-word units, we aligned the entire model structure with our initial
preprocessing, ensuring consistency and improving the overall effectiveness of the system.
Figure 9 illustrates the internal structure of SpaDE-Bert.

Preprocessing: Modified mBERT Encoder: o
N - Tokenization — - Input Embeddings " itput:
e, - Stopword Removal T e - Positional Encoding et Sl Depression / No Depression
oF : - Lemmatization IR, AWSTS NP EoIM - Multi-Head Attention (Confidence Score)
Trigrams FEN Layers

Figure 9. SpaDE-Bert Operation.
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4. Experiments

In order to evaluate the performance of our proposed model, SpADE-BERT, several
comparative experiments were conducted using a selection of classification algorithms
widely reported in the literature. These algorithms include logistic regression [10-12],
support vector machines (SVM) [22,46,47], Random Forest [13,20,21], AdaBoost [14-16],
K-Nearest Neighbors (KNN) [23-25], and decision trees [26-28].

The choice of these models was not limited solely to the name of the algorithm, but
also considered robust configurations described in the literature, including the use of
traditional vector representations such as Bag of Words, and weighting schemes such as
TF-IDF, as well as additional techniques such as pre-trained word embeddings (Word2Vec,
GloVe), frequency-based attribute selection, dimensional reduction using PCA, and lexical
normalization. These configurations were carefully replicated based on the referenced
studies, prioritizing those that shared experimental methodologies similar to the proposal
of this work.

To ensure the validity of the comparison, studies were selected whose experiments
used methodological configurations similar to those used in this study, replicating these
approaches under controlled conditions. In particular, two datasets were used: our clinical
corpus in Spanish, and the standardized corpus by Losada et al. [7], commonly used in
tasks of detecting depression from text. This dual- mplementation allowed us to observe the
performance of each algorithm under different data sources but with a homogeneous experi-
mental methodology, which facilitates a fair comparison between both models and corpora.

In order to analyze the impact of the proposed preprocessing—particularly the gener-
ation of trigrams—experiments were conducted with each of the selected algorithms using
two configurations: one with complete linguistic preprocessing (tokenization, stopword re-
moval, lemmatization, and trigram formation), and another without applying this scheme.
This comparison allowed us to observe the direct effect of preprocessing on the performance
of each classifier. In several cases, there was a substantial improvement in metrics such as
accuracy and Fl-score when preprocessing was applied, suggesting that a richer semantic
representation brings advantages even to models not based on neural networks.

The results presented in Table 1 correspond to this series of replicated experiments on
our corpus, using both configurations with and without complete preprocessing, in order
to evaluate the behavior of the classifiers under uniform conditions.

Table 1. Performance comparison of classical machine learning algorithms under different linguistic
preprocessing configurations.

With Linguistic Preprocessing (Tokenization,

Without Linguistic Preprocessing (Trigrams Only)

Algorithm Stopword Removal, Lemmatization, Trigrams)
Accuracy F1 Score Accuracy F1 Score

Logistic regression 0.87 0.87 0.76 0.77
Random forest 0.64 0.67 0.70 0.70
SVM 0.84 0.84 0.75 0.74
Adaboost 0.70 0.68 0.63 0.64
Nearest neighbor 0.67 0.72 0.63 0.59
Decision tree 0.81 0.76 0.75 0.78

Table 2 presents a comparison between the classic algorithms replicated in this
work—such as logistic regression, SVM, Random Forest, among others—run on our clinical
corpus and on the corpus of Losada et al. [7]. This comparison allows us to observe the
behavior of each classifier under similar conditions but with different data sources. To
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contrast these results, experiments reported in representative studies in the field were
reviewed, such as the article, A natural language processing-based risk prediction framework
for pathological gambling [12], in which several of these same algorithms were evaluated
using the F1 metric. Although there are numerous additional studies, those that allow for
consistent methodological comparisons were selected. It should be noted that the F1-score
metric was prioritized in this comparison because it is the most commonly reported metric
in the reviewed articles, which facilitates an objective analysis between approaches.

Table 2. Second experiments, compared to the state of the art.

Algorithms in Our Dataset Algorithms in the Losada Dataset

Algorithm
F1 Score F1 Score

Logistic regression 0.87 0.67
Random forest 0.67 0.65
SVM 0.84 0.76
Adaboost 0.68 0.71
Nearest Neighbor 0.72 0.33
Decision tree 0.76 0.57

The results presented in Table 3 correspond to the experiments carried out with pre-
trained neural network models, applied after the preprocessing described above. When
analyzing the most prominent state-of-the-art proposals in depression detection using NLP,
it was identified that a large proportion of the most recent works are based on Transformer-
type architectures, particularly variants of the BERT model, due to their ability to capture
deep contextual dependencies in language. Based on this, several relevant pre-trained
models were selected: BERT-base, as it is the most influential and widely adopted model in
NLP tasks; BETO, as it is specifically trained on Spanish corpora; DistilBERT, as it offers
a lighter and more efficient version of BERT without losing too much performance; and
mBERT, for its multilingual approach, useful for verifying the generalization of results in
contexts with linguistic variability.

Table 3. Experiments with transformer models.

Parameter

Options

Multilingual

Berth Berth Beto Distilberth Spade-Bert

Lot size
Maximum
sequence
Learning rate
Period
Optimizer

Epsilon

Accuracy
with
preprocessing
Accuracy
without
pre-treatment

[16, 32, 64] 16 32 32 64 16
[256, 512] 256 256 512 512 256

[2 x1075,3 x 1077] 2.00 x 107> 3.00 x 10~° 2.00 x 107> 3.00 x 10~° 2.00 x 107>
[3,4,5] 5 3 4 5 3
[Adam, Adamw] Adamw Adam Adam Adamw Adamw

[1x 1078, not
applicable]

1.00 x 108 not applicable not applicable 1.00 x 10~8 1.00 x 108

0.8642 0.8312 0.8411 0.6477 0.9512

0.7731 0.6254 0.7913 0.7645 0.8423

Given the widespread use of models based on Transformer architectures in natural lan-
guage processing tasks, additional experiments were conducted using pre-trained models
such as BERT-base, BETO, DistilBERT, and mBERT to establish a benchmark comparison.
However, the central proposal of this work is SpADE-BERT, a model based on mBERT that
incorporates a modified tokenization strategy to directly integrate trigrams into the model
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input. This modification seeks to better capture the linguistic sequences associated with
indicators of depression in texts written in Spanish.

The results of these experiments are presented in Table 3, where it can be seen that
SpADE-BERT consistently outperforms the other models evaluated, achieving an accuracy
of 95.12% with complete preprocessing. It should be noted that, in the case of SpADE-
BERT, the “no preprocessing” option retains the trigram-based tokenization integrated
directly into the model, but omits the previous linguistic processing steps such as stopword
removal and lemmatization. This allows the impact of these external techniques to be
isolated without removing the internal mechanism proposed by the model.

In order to clearly visualize the performance of the evaluated models, Figure 10 shows
a direct comparison of the accuracy values obtained by each of them using complete pre-
processing. The graph highlights that SpADE-BERT, the model proposed in this work,
achieves the highest accuracy (0.9512), surpassing both traditional models and pre-trained
variants of BERT. Even without external preprocessing, SpADE-BERT maintains compet-
itive performance (0.8423), demonstrating that the incorporation of trigrams as part of
the internal tokenizer contributes significantly to its classification ability. These results
empirically validate the effectiveness of combining adapted linguistic representations with
deep architectures for the detection of depressive symptoms in Spanish-language texts.

SpADE-BERT (with preprocessing) f= =
SpADE-BERT (without preprocessing)
BETO (with preprocessing)

BERT (with preprocessing) f

SVM (with preprocessing)

Random Forest (with preprocessing)

Logistic Regression (with preprocessing)

0.0 0.2 0.4 0.6 0.8
Accuracy

Figure 10. Comparison between models.

After observing the overall performance of the evaluated models, it is pertinent to
analyze in greater detail the metrics obtained specifically by the proposed SpADE-BERT
model, given that it performed best in most of the experiments conducted. Table 4 below
summarizes the precision, recall, and F1-score values obtained by SpADE-BERT with and
without complete linguistic preprocessing. This analysis allows us to quantify the real
impact of preprocessing techniques on model performance and to delve deeper into the
robustness of its behavior under different configurations.

Table 4. SpaDE-Bert.

Model Accuracy Precision Recall F1-Score
. SpADE-BERT 0.9515 0.9424 0.9477 0.945
(with pre-processing)
SpADE-BERT (without 0.8423 0.8911 0.8836 0.8873

preprocessing)

The results presented in Table 4 allow us to observe more clearly the effect of prepro-
cessing on the performance of the SpADE-BERT model. When the complete preprocessing
configuration is applied—including tokenization, lemmatization, stopword removal, and
trigram formation—the model achieves an accuracy of 95.12%, along with high and bal-
anced values in precision (94.24%), recall (94.77%), and Fl-score (94.5%). These metrics
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reflect not only the accuracy of the model, but also its ability to correctly identify positive
cases without overfitting.

On the other hand, even without applying external preprocessing techniques, Sp ADE-
BERT maintains competitive performance, with an Fl-score of 88.73%, indicating that
the proposed architecture—particularly its trigram-based tokenization integrated into
the model—allows it to retain much of its discriminatory power. This robustness
suggests that the model can adapt to real-world situations where text may not be
structured or clean, which is especially useful in clinical contexts and applications in
uncontrolled environments.

5. Conclusions

A new corpus was presented, compiled with the collaboration of psychologists and
validated by them, ensuring its reliability and robustness as a resource for research in
the field of depression detection. In general, the scarcity of available datasets in Spanish
underscores the importance of creating and making datasets in this language available to
the community. It was found that many of the most advanced datasets with the desired
characteristics were unavailable or inaccessible. Attempts to contact the authors were
unsuccessful. This highlights the need for Spanish-language data for research in this
field. This paper presented an architecture based on Transformer models called SpADE-
BERT, which incorporates a trigram-sensitive tokenization scheme specifically adapted
for Spanish-language texts. As a fundamental part of this proposal, a new clinical corpus
supervised by psychologists was developed, structured from free responses and scores
from the Beck Depression Inventory. This dual validation, both automatic and professional,
strengthens the reliability of the dataset and allows for progress in the detection of linguistic
indicators of depression with a clinically relevant approach.

The experiments carried out showed that SpaDE-BERT consistently outperforms
widely used classical models such as SVM, Random Forest, and logistic regression, both in
our corpus and in previously established sets such as that of Losada et al. Likewise, the
proposed model obtained better results compared to pre-trained variants such as BERT-
base, DistilBERT, BETO, and mBERT, reaching an accuracy of 0.9512, along with balanced
metrics in precision (0.9424), recall (0.9477), and F1-score (0.945). Even without external
preprocessing, the model maintained robust performance, highlighting the effectiveness of
trigram integration from the tokenizer.

In addition to the performance achieved, this work shows that knowledge transfer
from multilingual models such as mBERT to specific clinical domains in Spanish can be
achieved effectively, even with limited resources. This approach not only takes advantage
of prior massive training, but also facilitates specialization through curated and technically
designed corpora. Unlike previous approaches that use only word-based representations
or conventional embeddings, this work shows that a modification to the tokenizer can
improve the capture of complex and relevant linguistic structures in clinical contexts. This
modification represents a key methodological contribution to natural language processing
in Spanish. Due to its accuracy, robustness, and adaptability, SpADE-BERT could be
integrated into mental health-oriented technological tools, such as automatic screening
systems or conversational assistants that operate on written Spanish. This positions it as a
promising solution to support early detection processes in clinical and non-clinical settings.

Finally, it is recognized that, although the results are promising, it is necessary to
validate this architecture on other Spanish-language datasets and evaluate its performance
in uncontrolled environments. In the future, we plan to extend this line of work to texts
from social networks and digital platforms, as well as integrate it into clinical diagnostic
support tools.
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