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ABSTRACT

The vast amount of information on the Internet, primarily composed of texts, makes clustering reliable 
information a complicated task. This research aims to improve the automatic clustering of Spanish texts 
by applying embeddings and unsupervised learning algorithms. Five datasets were used, and embedding 
generation techniques such as Word2Vec, FastText, Glove, BERT, and GPT-2 were applied. Models 
like K-means, HDBSCAN, and AutoEncoder combined with K-means were employed for clustering. 
The results showed that the AutoEncoder model combined with the K-means using Glove embeddings 
achieved superior performance with an accuracy of 0.92, NMI of 0.79, and ARI of 0.81 on the BBC News 
dataset. In other datasets, the results varied, but the AutoEncoder with the K-means model consistently 
outperformed other methods. We conclude that neural network models with AutoEncoder and K-means 
layer are highly effective for automatically clustering Spanish texts, especially when using high-quality 
embeddings like Glove.

Keywords: Natural processing language, model analysis, artificial intelligence, datasets.

RESUMEN

La gran cantidad de información en Internet, compuesta principalmente por textos, hace que agrupar 
información confiable sea una tarea complicada. Esta investigación tiene como objetivo mejorar el 
agrupamiento automático de textos en español mediante la aplicación de embeddings y algoritmos de 
aprendizaje no supervisado. Se utilizaron cinco conjuntos de datos y se aplicaron técnicas de generación 
de embeddings como Word2Vec, FastText, Glove, BERT y GPT-2. Para el agrupamiento, se emplearon 
modelos de K-means, HDBSCAN y AutoEncoder combinado con K-means. Los resultados mostraron 
que el modelo de AutoEncoder combinado con K-means utilizando embeddings de Glove obtuvo un 
rendimiento superior con una precisión de 0,92, NMI de 0,79 y ARI de 0,81 en el conjunto de datos de 
BBC News. En otros conjuntos de datos, los resultados variaron, pero el modelo de AutoEncoder con 
K-means consistentemente superó a los otros métodos. Concluimos que los modelos de redes neuronales 
con AutoEncoder y capa de K-means son altamente efectivos para el agrupamiento automático de textos 
en español, especialmente cuando se utilizan embeddings de alta calidad como Glove.

Palabras clave: Lenguaje de procesamiento natural, análisis de modelos, inteligencia artificial, datasets.
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INTRODUCTION

Nowadays, a significant advancement of various 
techniques for text clustering [1], including their 
validation and application, makes our approaches 
increasingly more diverse. Having a model that only 
solves a specific task in a particular text language 
can become a challenge to process. The most recent 
and successful techniques use transfer learning 
through pre-trained embeddings, while traditional 
methods rely on vector representations [2].

One of the most advanced contemporary models is 
word2vec [3]. Algorithms based on this technique 
are constantly evolving, such as FastText [4] or 
BERT [5]. The most common text clustering models 
are K-means [6], Agglomerative Hierarchical 
Clustering [7], and DBScan [8]. Performance 
outcomes depend on the distances chosen and their 
normalisation method for the input data.

Text clustering is becoming a complicated task 
due to the lack of knowledge of our information, 
particularly when applied to the Spanish language. 
The focus of this research is to study some algorithms 
and labelled datasets to validate and obtain results.

The experiments carried out in this research analyze 
and assess embeddings extracted from Spanish datasets 
to compare which gives the best results when applied 
to text clustering models. Five datasets were used; 
three were downloaded from a public web, and the 
others were created using web scraping techniques.

The Clustering results were validated using the 
Clustering Accuracy [9], Normalized Mutual 
Information - NMI [10] and the Adjusted Rand 
Index - ARI [11].

The article starts by describing the embedding 
techniques and the datasets used. The evaluation 
metrics, the models applied, and the results are 
as follows.

Related work
Text clustering has been widely studied in the 
field of natural language processing, for example, 
clustering methods [12], [13], [14], feature distance 
[15], [16], and feature selection [17], [18], [19]. 
Cluster validation [20] allows evaluations to be 
carried out and applied to specific tasks.

Embedding extraction has been used in natural 
language processing and text-mining applications [21].

Recent research has evaluated the use of models for 
extracting embeddings such as Word2Vec, FastText, 
Glove, Bert, and Elmo; when applied to texts such 
as the Turkish language, the outcome has not been 
satisfactory [22]. However, applied to the Polish 
language a favourable result was achieved in the 
FastText model [23]. Another study also showed 
embedding extraction when training models using 
FastText and Word2Vec [24].

Word Embeddings
Embeddings are low-level vector representations that 
are based on semantic similarity and relatedness. 
The models used for embedding extraction are Bert, 
Glove, FastText, Word2Vec and GPT2.

Bert
The BERT model architecture is an unsupervised 
bidirectional transformer encoder [25] published 
in the tensor library [5]. As the Spanish version of 
Bert, Beto was born and trained in the whole-word 
masking technique. Therefore, Figure 1 shows a 

Source: Devlin et al. [5]

Figure 1. Representation of BERT input.
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representation of the BERT model, where both 
token embeddings, segmentation and position are 
summed.

Input embeddings are the sum of token embeddings, 
segmentation embeddings and position embeddings. [5].

Glove
This algorithm is based on the occurrence matrices, 
representing the occurrence frequency of the words 
with each other. Glove follows equation (1) to get 
Word embeds:

Jθ = f xlj( ) wiT w! j +bj +b! j − log xlj( )
2

i, j=1

v
∑ (1)

Where element value xlj in the co-occurrence matrix 
X corresponds to the number of times the word l 
appears next to the word j [23], [26].

The Glove model has 300 dimensions and 855 380 
vectors applied to a Spanish corpus - Corpora [27].

FastText
FastText uses n-gram characters to represent words 
as the smallest element. Each word is divided 
into n-gram characters where: 3 ≤ n ≤ 6. FastText 
learns from embeddings and can be used for text 
classification [23].

The FastText model has 300 dimensions and 1 313 
423 vectors applied to a Spanish corpus. In addition, 
it was developed using the Corpora corpus, which 
has a weight of 3 billion words [27].

Word2Vec
Word2vec is probably the most integrated major model 
that started a new trend in distributed semantics. The 
Word2vec algorithm is based on applying a neural 
network model where it learns word associations 
with information from text corpora [23].

The Word2Vec model has 300 dimensions and 1 000 
653 vectors applied to a Spanish corpus. In addition, 
it was developed using the Corpora corpus, which 
has a weight of 1.4 billion words [27].

GPT-2
GPT-2 was trained on Spanish Wikipedia using 
Transfer Learning and Fine-tuning techniques. The 
model was fitted from the pre-trained English model 

using the Hugging Face libraries (Transformers and 
Tokenizers) wrapped in the fastai v2 deep learning 
framework [28]. The data used for this model comes 
from Wikipedia in Spanish, which contains several 
unfiltered content [3].

EXPERIMENTS

Datasets
Five datasets were used for the following research, 
which are presented below:

IMDB
This dataset contains the sentiment analysis of film 
reviews with 50 000 labelled reviews of high polarity. 
Each of the labelled opinions has a binary sentiment 
label, i.e., “pos” for a positive review or “neg” for 
a negative review [29]. Table 1 shows an example:

BBC News
Table 2 shows the dataset, which contains BBC 
News, and is classified into five categories (business, 
entertainment, politics, sports, and technology) and 
has 2225 data points [30].

Peruvian Food Reviews
This Spanish-language dataset contains food reviews 
of 8791 Peruvian restaurants, 20 categories and 1 
160 666 reviews data [31]. In this example from 
Table 3, a polarity was applied using TextBlob:

Consumer Complaint
Table 4 shows the data set containing consumer 
complaints about financial products and services 

Table 1.	 Sample extracted from IMDB.

Sentiment Quantity

Negative 1500
Positive 1500

Table 2.	 Sample extracted from BBC News.

Category Quantity

Sport 491
Entertainment 366
Business 500
Policy 394
Technician 334
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sent to companies for response, with 19 categories 
and 125 010 data points [31].

Table 4. Sample extracted from Consumer Complaint.

Abstracts Scopus 2021
Table 5 shows a self-made dataset extracted from the 
Scopus database containing summaries of scientific 
articles labelled in 6 categories (agriculture, culture, 
sports, economics, health, and technology) and 2 
754 data points.

Evaluation Metric
Unsupervised evaluation metrics were used to validate 
the results. Clustering Accuracy, NMI and ARI.

Clustering accuracy
Equation (2) is used to obtain the clustering accuracy.

ACC =
δ li = m ci( )( )i=1

n
∑

n
(2)

Where li is the true label, ci is the cluster mapping 
produced by the algorithm, and m encompass all 

possible one-to-one assignments between clusters 
and labels. The Hungarian algorithm [32] should 
be used to improve efficiency.

Normalized Mutual Information
Normalized mutual information (NMI) is a 
normalization of the mutual information score, in 
which the results are scaled between 0 (no mutual 
information) and 1 (perfect correlation).

NMI α,β( ) =
I α,β( )

H α( )H β( ) (3)

In equation (3), I is the mutual information, and H 
is the entropy. When the NMI value is higher, the 
closer the two divisions are. However, once the NMI 
reaches the maximum value, the cluster number is 
the optimal number for the model [33].

Adjusted Rand Index
The Rand index (equation (4)) calculates a similarity 
measure between two clusters by considering all 
pairs of samples and counting pairs where they are 
mapped into the same or different groupings in the 
predicted and actual clusters.

ARI =
RI −Expected _RI( )

max RI( ) −Expected _RI (4)

The ARI score is guaranteed to have a value close 
to 0 for random labelling, regardless of cluster 
numbers and samples, and precisely 1 when clusters 
are identical up to a permutation [11].

Models
The research used TensorFlow was used as the 
library, and the algorithm employed the AutoEncoder 
architecture over K-means. As seen in the figure, the 
hyperparameters were configured with six layers for 
the encoder and five for the decoder. The first layer 

Table 3.	 Sample extracted from Peruvian Food 
Reviews.

Sentiment Quantity

Negative 430
Neutral 430
Positive 430

Table 4.	 Sample extracted from Consumer 
Complaint.

Product Quantity

Debt collection 1000
Consumer credit 1000
Bank account or service 1000
Checking or savings account 1000
Mortgage 1000
Credit reports 1000
Payday loan 1000
Vehicle loan or lease 1000
Student loans 1000
Credit card 1000
Prepaid card 1000
Money transfers 1000

Table 5.	 Scopus 2021 abstracts categories.

Product Quantity

Agriculture 369
Culture 500
Sport 500
Economy 500
Health 408
Technology 477
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representing the dimension of the embeddings, had 
a weight of 300, while the other layers increased 
with weights of 500, 2000, 5000, and 10000. The 
final layer of the encoder was extracted into 100 
features. The weights of the decoder layers were 
the inverse of those of the encoder.

In this case, it was considered to work with two 
models and a third model based on and re-adjusted 
using the K-means model.

K-means
James Macqueen introduced the k-means algorithm 
around 1965 to minimize the objective function. It 
starts from a set of “n” observations in “z” groups, 
in which each observation belongs to the group 
whose mean value is closest [12].

HDBSCAN
Also known as hierarchical spatial clustering based 
on the density of noisy applications, it is based on 
the DBSCAN algorithm [8]. It generates a complete 
clustering hierarchy from which a simplified hierarchy 
composed of only the most significant clusters can 
be easily extracted [34].

AutorEncoder + K-means
This algorithm is an application of the autoencoder 
neural network model used in unsupervised learning. 
It first encodes the data into a smaller dimension 
and then decodes it back into the original data.

The input data for the autoencoder are the embeddings; 
these data are passed to the encoder and processed by 
the activation function. The result of the encoding is 
fed into the decoder, and finally, the resulting vector 
is obtained after reconstruction. For the creation of 
the custom layer in TensorFlow, equation (5) and 
equation (7) are added:

•	 Calculation of the probability assigned to each 
central point of the cluster:

qij =
1+ zi −u j( )−1

j’∑ 1+ zi −u j’
2( )
−1 (5)

Based on the t-SNE algorithm [35], the similarity 
between the embedded points zi and the centroids 
µj are measured. The result qij is the assignment of 
embeddings to centroids [36].

•	 Calculation of probabilities in the distribution 
(equation (6)).

pij =
qij
2 / i’qi’ j∑

j’∑ qij
2 / i’qi’ j∑( ) (6)

This calculation prevents large clusters from skewing 
the hidden feature space [37].

•	 Calculation of loss function – KL Divergence

L = KL P Q( ) = pij
j
∑

i
∑ log

pij
qij (7)

In the autoencoder architecture (Figure 2), six 
layers were configured for the encoder and five 
for the decoder. The first layer has a weight of 
300, representing the embedding dimension, and 
the other layers keep increasing from 500, to 2000, 
5000, and 10000. Then, the final layer of the encoder 
is extracted from 100 features. The weights of the 
decoder layers are the inverse of the encoder.

The algorithm below was used to cluster the texts. The 
algorithm’s input is the Embedded Texts with their 
respective dimensions. In the first and second steps, 
the autoencoder model is trained with Embeddings 
(Figure 1). In the third step, the characteristic vectors 
of the encoder layer are extracted. In the fourth and 
fifth steps, the K-means model is trained with the 
original embeddings, and then the weights assigned 
to each cluster centroid are extracted. In the sixth step, 
the customised layer is configured on TensorFlow, in 
which the vectors extracted from the Encoder are passed 
as input. In step seven, the weights extracted from the 
K-means training result are assigned. In step eight, the 
equations are assigned equation (5) and equation (7), 
in steps nine to twenty-three, are trained and predicted 
in batches, set up 100 iterations, a batch size of 512, an 
update interval of 140 and a tolerance threshold of 1e-3. 
Once the batch training is done, the results are validated 
using the performance metrics shown in Figure 3.

RESULTS

Clustering performance was evaluated based on 
the correspondence between clusters and partitions 
according to the class labels assigned to each text.
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Source: Self-made

Figure 2.	 Autoencoder + K-means clustering.

Algorithm 1: Autoencoder + K-means Clustering

Result: Enhancing clustering
Input: Embeddings with their vector dimensions
01 Pass the embeddings E to the autoencoder;
02 Train autoencoder model;
03 Extract result vectors from the encoder layer RE;
04 Pass E to K-means model;
05 Extract the weights W from the K-means result RK;
06 Configure RE as output in the custom layer;
07 Configure W in the custom layer;
08 Configure Eq. 05 and Eq. 07 in the custom layer;
09 Set the iterations number I = 100I = 100;
10 Set batch size BS = 512BS = 512;
11 Set update interval UI = 140 UI = 140;
12 Set the tolerance threshold to stop training T = 1e – 3T = 1e – 3;
13 For iter in range from elements of E do;
14 | If the rest between iter and UI is 0 then;
15 | | Define q with result on predict model with E;
16 | | Update auxiliary target distribution with q and Eq. 06;
17 | | Calculate delta label from sum (q! = RK)/q;
18 | | If iter > 0 and delta label < T then;
19 | | I break;
20 | | end;
21 | end;
22 | Train on batch assign BS;
23 end;
24 Validate results with metrics;

Figure 3.	 Hybrid clustering process.
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In Table 6, Glove Embedding is slightly more 
successful when applied to the Autoencoder model. 
However, with a baseline, K-means GPT2 also 
achieves an appropriate prediction, slightly better 
than Glove.

From the distribution in Figure 4, the variable Y is 
highly correlated to the variable Y’.

In Table 7, W2V Embedding has a better Accuracy, 
although the NMI and ARI scores were very low. The 
autoencoder model could not find any improvement 
over the base K-means. The noise-based HDBSCAN 
model also performed poorly.

The Y distribution in Figure 5 shows that the 
information is not clearly clustered; this could 
also be an indicator to check how the autoencoder 
algorithm behaves in Y’.

In Table 8, Glove Embedding is slightly more 
successful when applied to the Autoencoder model. 
However, the NMI and ARI scores are quite low. The 
dataset was labelled in three categories, whereas the 
Y-distribution in Figure 6 shows that the negative 
category is not well distributed.

The results in Table 9 could have been better; only 
Fast-Text achieved a quick performance. This bad 
result could be caused by the categories’ too-strongly 

Table 6.	 BBC News dataset results.

Model Embedding ACC NMI ARI

AE K-means

Glove 0.92 0.79 0.81
Fast-Text 0.90 0.76 0.77
W2V 0.90 0.74 0.76
Bert 0.89 0.73 0.74
Gpt2 0.87 0.69 0.70

K-means

Gpt2 0.88 0.71 0.71
Glove 0.87 0.70 0.71
Fast-Text 0.87 0.69 0.70
Bert 0.85 0.67 0.67
W2v 0.85 0.67 0.66

HDBSCAN

Glove 0.33 0.15 0.04
Fast-Text 0.30 0.07 0.03
Bert 0.28 0.07 0.03
Gpt2 0.28 0.05 0.01
W2v 0.27 0.05 0.02

Source: self-made

Figure 4.	 Clustering BBC news.

Table 7.	 IBDB dataset results.

Model Embedding ACC NMI ARI

AE K-means

W2V 0.68 0.10 0.13
Fast-Text 0.67 0.09 0.12
Glove 0.66 0.08 0.11
Bert 0.53 0.00 0.00
Gpt2 0.52 0.00 0.00

K-means

W2v 0.68 0.10 0.13
Glove 0.65 0.07 0.10
Fast-Text 0.65 0.07 0.09
Bert 0.54 0.00 0.00
Gpt2 0.51 0.00 0.00

HDBSCAN

Fast-Text 0.54 0.02 0.01
Gpt2 0.51 0.01 0.00
Glove 0.50 0.00 0.00
W2v 0.50 0.00 0.00
Bert 0.50 0.00 0.00
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Source: self-made

Figure 5.	 Clustering IBDB.

Table 8.	 Peruvian Food dataset results.

Model Embedding ACC NMI ARI

AE 
K-means

Glove 0.58 0.31 0.28
W2v 0.57 0.30 0.27
Fast-Text 0.51 0.23 0.21
Gpt2 0.48 0.19 0.17
Bert 0.41 0.02 0.02

K-means

Glove 0.57 0.27 0.28
Fast-Text 0.54 0.21 0.23
W2v 0.53 0.20 0.21
Gpt2 0.47 0.20 0.18
Bert 0.41 0.02 0.02

HDBSCAN

Gpt2 0.35 0.02 0.00
Fast-Text 0.34 0.01 0.00
Glove 0.34 0.01 0.00
W2v 0.34 0.02 0.00
Bert 0.00 0.00 0.00

Source: self-made

Figure 6.	 Clustering Peruvian food.
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coupled Y-distribution in Figure 7, which shows a 
lot of noise.

In Table 10, GPT2 Embedding is slightly more 
successful when applied to the Autoencoder model. 
However, the NMI and ARI scores are quite low in 
Accuracy. The dataset was labelled into six categories, 
and the Y distribution in Figure 8 illustrates that 
some categories are not well clustered; this is 
another clear example of how the autoencoder 
model behaves in noisy data.

The results of this research highlight the effectiveness 
of using embeddings and unsupervised learning 
models for clustering Spanish texts. In particular, 
the AutoEncoder model combined with K-means 
demonstrated superior performance compared to other 
methods. This superior performance is consistent 

Table 9.	 Consumer Complaint dataset results.

Model Embedding ACC NMI ARI

AE 
K-means

Fast-Text 0.28 0.18 0.09
Glove 0.28 0.19 0.09
W2v 0.27 0.17 0.08
Gpt2 0.19 0.07 0.03
Bert 0.10 0.01 0.00

K-means

Glove 0.21 0.10 0.05
Fast-Text 0.20 0.09 0.04
W2v 0.20 0.08 0.04
Gpt2 0.18 0.06 0.03
Bert 0.10 0.01 0.00

HDBSCAN

Gpt2 0.10 0.02 0.00
Glove 0.09 0.02 0.00
W2v 0.09 0.01 0.00
Fast-Text 0.09 0.02 0.00
Bert 0.09 0.00 0.00

Table 10.	 Peruvian Food dataset results.

Model Embedding ACC NMI ARI

AE 
K-means

Gpt2 0.44 0.20 0.13
Fast-Text 0.44 0.20 0.14
Glove 0.44 0.20 0.14
W2v 0.42 0.18 0.13
Bert 0.22 0.02 0.01

K-means

Glove 0.42 0.19 0.13
Gpt2 0.41 0.19 0.12
W2v 0.41 0.19 0.13
Fast-Text 0.39 0.18 0.12
Bert 0.21 0.02 0.01

HDBSCAN

Gpt2 0.20 0.04 0.00
Glove 0.20 0.03 0.00
Fast-Text 0.20 0.03 0.00
W2v 0.20 0.03 0.00
Bert 0.19 0.01 0.00

Source: self-made

Figure 7.	 Clustering abstracts consumer complaint.

with previous studies that have noted the capability 
of AutoEncoders to reduce dimensionality and 
capture essential features of textual data, facilitating 
the clustering process [37]. However, our study 
goes further by utilizing a variety of embeddings, 
showing that high-quality embeddings like Glove 
can significantly improve clustering results; this is 
consistent with the findings of Giordano et al. [21], 
who found that the quality of embeddings is crucial 
for the success of natural language processing tasks.

Furthermore, comparing our findings with 
similar research in natural language processing 
of Spanish texts, a consistent trend towards 
using transformer-based models such as BERT 
and GPT-2 is observed. Although these models 
have shown promising results in other NLP 
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applications, our study suggests that for specific 
text clustering tasks, traditional methods like 
K-means, when combined with dimensionality 
reduction techniques such as AutoEncoders, can 
offer significant advantages. For example, Carrera 
and Obregon [28] found that while GPT-2 is 
effective for text generation, its performance in 
clustering tasks does not surpass more traditional 
methods when specific embeddings are applied. 
This performance highlights the need to consider 
the task’s nature and the data’s quality when 
choosing the most suitable NLP approach [38].

CONCLUSIONS

The collection of five Datasets from different sources 
allowed the analysis of NLP techniques for data 
cleaning and normalization. The library used to 
process the text is NLTK in Spanish. Duplicates, 
Nulls, StopWords and special characters were 
eliminated. LabelEncoder and StandardScaler were 
used to normalize the data.

The generation of Embeddings in the Datasets allowed 
the comparison of five Embeddings: W2V, Glove, 
FastText, Bert and GPT2, which resulted in the best 
performance in the news Dataset “BBC News”. The 
glove was the highest-quality embedding applied to 
the unsupervised AutoEncoder + K-means model 
with ACC 0.92, NMI 0.79, and ARI 0.81.

As a result, it is not easy to know which embedding 
behaves better for all the datasets because, as the 

results show, the correct clustering depends on the 
type of information processing because the texts may 
have semantics in common. It can be determined 
that the models implemented with Genism and 
applied to neural network models with Autoencoder 
and K-means layer give better results than Bert 
and GPT2 based on transformers. The categories’ 
numbers affected the models’ results because some 
categories had semantics in common with others; 
this could be determined with the Elbow, Silhouette, 
and Calinski Harabasz methods scores.

RECOMMENDATIONS

The progress in the study of natural language 
processing has led to the emergence of new 
techniques; however, the Spanish language is not 
as standardized as the English language, which has 
made significant progress in this area.

On the one hand, to improve the autoencoder model 
further, it is recommended that well-labelled datasets, 
such as BBC News, be worked with, which will 
not generate losses at validation time. On the other 
hand, to improve the other results on the rest of 
the datasets presented in this research, it could be 
possible to apply different weights and fine-tunby 
adding some more layers.

In contrast with other clustering techniques, 
semantic-based clustering and implementing a 
different embedding technique could be useful. It 
is important to analyze the Elbow, Silhouette and 
Calinski Harabasz method scores to validate whether 

Source: self-made

Figure 8.	 Clustering abstracts scopus 2021.
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the chosen clusters are correct and thus discard 
in a labelled Dataset, which categories allow for 
improvement of the model.
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