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Abstract

The scientific papers are written in natural language, with a significant proportion being in Spanish, and
have no structure processable by computers, which results in tedious and time-consuming manual
analysis. Thus, managing scientific texts in Spanish is a challenge that requires advanced computational
methods. Therefore, this paper presents a novel methodology that includes three Information Retrieval
(IR) approaches based on Natural Language Processing (NLP). The main aim is the information
management from scientific documents in Spanish. The IR approaches implemented in the methodology
are based on textual, probabilistic, and semantic similarity to retrieve documents regarding a question.
The proposed methodology is applied to the scientific Spanish literature generated during the COVID-19
pandemic. An evaluation process based on 100 queries over 249,474 scientific documents to accurate the
recoverability of relevant documents was carried out. The results show that the probabilistic approach
implemented in the methodology achieved an 85% f-measure, supported by the Latent Dirichlet
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Allocation (LDA) topic discovery algorithm. Finally, the proposed methodology is considered domain-
independent to retrieve documents in Spanish.

JEL Code: C63,C67,112, L86
Keywords: information management; natural language processing in spanish texts; text-similarity, semantic and
probabilistic approaches; recovering scientific documents

Resumen

Los articulos cientificos estan escritos en lenguaje natural, una proporcion significativa en espaiiol, y
carecen de una estructura procesable por las computadoras, lo que provoca un analisis manual tedioso,
laborioso y lento. De este modo, la gestion de textos cientificos en espafiol es un reto que requiere métodos
computacionales avanzados. Por ello, este trabajo presenta una metodologia novedosa que incluye tres
enfoques de Recuperacion de Informacion (RI) basados en el Procesamiento del Lenguaje Natural (PLN).
El objetivo principal es la gestion de informacion a partir de documentos cientificos en espaiiol. Los
enfoques de RI implementados en la metodologia se basan en la similitud textual, probabilistica y
semantica para recuperar documentos en relacion con una pregunta. La metodologia propuesta es aplicada
a la literatura cientifica en espaiiol generada durante la pandemia de COVID-19. Ademas, se lleva acabo
un proceso de evaluacion basado en 100 consultas sobre 249.474 documentos cientificos para precisar la
recuperabilidad de los documentos relevantes. Los resultados muestran que el enfoque probabilistico
implementado en la metodologia alcanza una medida F del 85%, apoyado en el algoritmo de
descubrimiento de topicos Latent Dirichlet Allocation (LDA). Por ultimo, la metodologia propuesta se
considera independiente del dominio para recuperar documentos en espafiol.

Codigo JEL: C63,C67,112,L86
Palabras clave: gestion de informacion; procesamiento de lenguaje natural en textos en espaiol; enfoques de
similitud textual, seméntica y probabilistica; recuperacion de articulos cientificos

Introduction

Scientific article repositories such as PubMed, IBECS, SCIELO and LILACS provide an excellent source
of knowledge for the research community, which needs to manage accurate information quickly and
efficiently. The PubMed database is estimated to contain more than 19 million documents and searching
for information on a specific topic in this large volume of text can be very time-consuming. This paper
proposes a methodology for managing scientific literature in Spanish through Information Retrieval
approaches using Natural Language Processing. Three IR models have been implemented based on
probabilities, semantics and vector spaces. PLN techniques have been used to reduce the information
search space to retrieve documents relevant to a query in a minimum time and efficiently. The proposed
methodology is applied to scientific documents in Spanish generated during the COVID-19 pandemic

period, showing promising accuracy.
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Formal description

Given a set of scientific documents in Spanish D = {d1, d2, ..., dn}, and a set of user queries Q = {q1, g2,
..., qm}, the objective of an IR methodology is to return an ordered list of documents such that the
documents placed at the top are more relevant to a given q [ Q than those placed at the bottom. The
relevant documents are what the user is looking for and can be considered to contain the expected
information to the query.

As a solution to the stated issue, the present paper outlines a methodology that implements,
evaluates and compares three approaches based on IR, NLP and Topic Discovery, with the aim of
managing scientific literature in Spanish.

Baeza-Yates & Ribeiro-Neto (1999) defines IR as representing, storing, organizing, and
accessing information items and Korfhage (1997) mentions that it is the location and presentation to a
user of relevant documents to an information need expressed as a question. IR can be said to provide users
with a ranked list of documents that meet their information needs. On the other hand, NLP provides well-
known techniques for syntactic, semantic, and morphological analysis of scientific literature to reduce its
dimensionality and find relevant information in real time.

The rest of this paper is organized as follows. Section 2 presents the related work, analyzing
algorithms, approaches, and techniques for IR. Section 3 exhibits the proposed methodology based on IR
models and NLP techniques to recover scientific documents in Spanish. Section 4 presents the
methodology applied over documents generated during the COVID-19 pandemic. Finally, Section 5

provides conclusions and future work of this paper.

Related work

This section presents research advances in retrieving relevant documents from large amounts of digital
information. It describes work based on datasets in different domains and languages, and discusses the
methods, algorithms, approaches, and techniques used.

COVIDASK is a system that combines biomedical text mining and IR techniques to provide
documents for natural language queries. Its evaluation is performed with a dataset manually created by
COVID-19 experts and based on information from various sources such as: the Center for Disease Control
and Prevention (CDC) and World Health Organization (WHO) (Jinhyuk et al., 2020). A SemBioNLQA
semantic system for answering biomedical questions in natural language. The task IR is implemented with

lexical-syntactic patterns and a probabilistic level text analysis using the BM25 algorithm. The evaluation
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consists of 30 questions: 10 fact-type, 11 list-type, and 9 yes/no questions. They achieve a 60% precision
(Sarrouti & El Alaoui, 2020).

In Burak Ozyurt et al. (2020), the Bio-AnswerFinder system is presented that locates relevant
documents in biomedical texts. IR is performed iteratively by querying in English and using improved
keywords from a traditional search engine. The system was evaluated by experts in the biomedical field
and achieved 71% precision.

AskHERMES provides relevant documents corresponding to clinical question searches based
on a dataset obtained from abstracts of scientific articles from MEDLINE, PubMed, eMedicine, and
Wikipedia texts. It integrates the latest version of the BM25 model because of its simplicity, interpretation,
and computational speed. This system was evaluated on a scale of 1 to 5 based on 60 questions asked by
three experts and obtained the following results: Ease of Use 4, Quality of Answers 2.5, and Overall
Performance 3 (Cao et al., 2011).

CAIRE-COVID is a COVID-19 text information retriever system. It won one of the ten tasks in
the Kaggle COVID-19 Open Research Dataset Challenge. It is IR engine uses classification algorithms
such as Bag-of-Words and BM25 (Su et al., 2020). In MiPACQ, the IR is implemented with the Lucene
index, which uses the vector space model with normalized TF-IDF parameters created from documents
of scientific articles from Medpedia (Cairns et al., 2011).

The IR task in Xu et al.(2018) is performed with documents from the biomedical domain. Two
strategies are proposed: the first being document labeling that combines several traditional models such
as BM25 and vector space. In addition, a second approach is used, based on machine learning methods,
since there is a wealth of specific terminologies in the biomedical domain. In A. Taan et al. (2021) a
CrossLingual Information Retrieval (CLIR) system is proposed that provides an answer in a language
other than the query language, in this case between Arabic and English. It uses Quran as a dataset and
performs a query expansion technique to improve the performance impact of the methods of IR (Boolean,
Vector Space, and BM25).

Articles Otegi et al. (2022), Zhang et al. (2020) and Esteva et al. (2021) use the Allen Institute
open research dataset, CORD-19. An Information Retrieval System (IRS) response to sanitary experts
queries on COVID -19 is presented in Otegi et al. (2022). The approach used for IR is based on language
models, feedback, and Bayesian networks. Zhang et al. (2020) shows the Covidex information search
engine that provides a robust infrastructure based on English language keywords and machine learning
techniques. The system was evaluated in the TREC-COVID challenge and received the highest score.
Finally, CO-Search, a multi-level semantic search system, is designed to handle coronavirus queries. It

includes a keyword retriever that accepts an input query and returns an ordered list of relevant documents.
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It uses a deep learning approach along with models BM25 and TF-IDF. The TREC competition dataset
was used to evaluate the effectiveness of the search system (Esteva et al., 2021).

In Badenes Olmedo et al. (2021), an investigation of the influence of text length on IR tasks is
shown using a Probabilistic Topic Model (PTM). The goal is to reduce the dimensions of the vectors in
IR models to simplify the operations without affecting the system performance. The paper Berger &
Lafferty (2017) shows a new probabilistic IR approach based on statistical machine translation methods.
The main idea is to transform a document into an ideal query. The TREC competition dataset is used to
evaluate this work.

The medical information retrieval system Wang et al. (2017) considers semantic associations
and applies a heuristic approach to query feedback to improve retrieval in structured knowledge bases.
The authors use the PubMed digital database for Information Retrieval. The performance of the BM25
model was compared with the Boolean model and the vector space model in Asnath Tinega et al. (2018).
The results showed that the documents best ranked as relevant were determined using the OkapiBM25
probability-based ranking algorithm.

COSE is a search engine for a corpus of scientific publications. It contains an algorithmic system
that returns relevant documents to COVID -19 queries based on TF-IDF and a Transformers model,
achieving 71.45% precision (Raza, 2022).

CovBERT proposes to perform IR using a deep learning-based text classifier. It uses the pre-
trained Bert language model and performs fine tuning using the COV-Dat-20 dataset consisting of 4304
articles divided into four categories: COVID-19, Virology, Public Health and Mental Health. CovBERT
achieved an accuracy of 94% in the text classification task for IR (Khadhraoui et al., 2022).

In Mahmood et al. (2019), multimedia information retrieval (image, audio, video, and text) is
used. Document retrieval is performed using vector space models, LSI, and a neural network approach.
On the other hand, in Gong et al. (2021) visual semantic embedding (VSE) networks are used in the image-
text retrieval task on a Flickr30K dataset. The proposed UNITER network achieved 61.5% recall for the
task of retrieving the relevant text descriptions in the images. While the traditional networks VSRN,
SCAN and VSE++ achieved 50.3%, 47.1% and 29.4% recall respectively for the same task. Finally, in
the paper Rodriguez & Carver (2019), a comparison is made to evaluate the performance of vector space
IR, probabilistic, and LSI algorithms. The results show that the LSI technique has low precision and recall
compared to the probabilistic and vector models.

Table 1 presents a synthesis of the works described in this section. It shows that vector space,
probabilistic BM25, and semantic LSI models are currently widely used for information retrieval tasks
involving large volumes of documents of documents in different languages and domains. On the other

hand, most work focuses on the study of documents in English, but Spanish is one of the five most widely
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spoken languages in the world (Gordon, 2005). Therefore, there is a need for the management and retrieval

of scientific texts in Spanish.

This paper presents a methodology based on IR approaches: textual similarity, probabilistic and

semantic, as well as text processing variants and a topic discovery algorithm for adequate and optimized

information retrieval, management, and use, whether at a personal or organizational level.

Table 1
Related works comparison.
Reference Language  Dataset/Source Technique/approach Evaluation
(Sarrouti & El Alaoui, Enclish 3:)211;(1152 Lexical-syntactic Precision
2020) & PubMed patterns 60%
BM25 algorithm
(Burak Ozyurt et al., Enelish B;gz:readcltcsal Improved keywords Precision
2020) & PubMed from a traditional search 71%
ubMe engine
. Scientific Precision
(Caoet al., 2011) English articles from BM25 model 60%
MEDLINE
Precision
10%
(Su et al., 2020) Enelish CO%ES—;:rCCgpen Anserini with Lucene Recall 22%
” & Dataset index, BM25 model F-measure
13%
. Lucene index ..
(Caims etal, 2011)  English Medpedia TF-IDF Pr;‘j:;‘"’“
ot P2l
(Xuet al., 2018) English documents & NA
methods
. Quran Boolean, Vector Space, Precision
(A. Taan et al., 2021) Arabic and BM25 72%
. . Language models, o
(Otegi et al., 2022) English CORD-19 feedback, and Bayesian Recall 85%
networks
(Berger & Lafferty, Enclish conTchii(‘fion Probabilistic approach Precision
2017) & daI:ase + based on statistical 71%
machine translation
Medical Precision
ang et al., nglis nowledge euristic approac
Wang et al., 2017 English Knowledg Heuristic approach 41%
bases
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Precision
(Asnath Tinega et al., . . 62.2%
2018) English PubMed digital BM25 model Recall 78.5%
. Scientific TF-IDF precision
(Raza, 2022) English publications Transformers model 71.45%
(Khadhraoui et al., . COVID-19 Deep leamlng-based Accuracy
2022) English Research text classifier 04%
Dataset
1ma%?(,i2(1)1d10, vector space models,
(Mahmood et al., 2019) English (Flickr30K LSI, and a neural Recall 61.5%
dataset) network

Source: Author’s own.

Proposed methodology

This section outlines a methodology for managing scientific literature in any field of research in Spanish,
through Information Retrieval approaches using Natural Language Processing. The methodology is
organized by phases that are detailed described below, starting with the search and selection of suitable
documents in Spanish from which to extract information. Subsequently, it is necessary to carry out the
processing of the texts in order to clean up the set documents and to prepare them for better management
and thus reduce processing time and computing resources. After cleaning the document text, document
retrieval is realized to transform them into vectors as input to the algorithms; they categorize the retrieved
document according to their relevance. Finally, an automatic evaluation based on queries is carried out.
Figure 1 depicts the general methodology for recovering Spanish scientific documents related to an input

question.
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Text processing
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Results
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Figure 1. Proposed methodology to retrieve Scientific documents in Spanish.
Source: Author’s own.

Search and selection of the dataset

In this phase, a dataset is selected from repositories of scientific documents in unstructured format
containing a large amount of information in any area of interest, such as social sciences, arts and

humanities, life sciences and biomedicine, physical sciences, or technology.

Text processing

Text processing aims to clean up documents and queries to manage information and thus reduce
processing time and computing resources. The tasks of tokenization, conversion to lowercase, and removal
of noise and stop words are performed. Lemmatization and stemming techniques are also applied in this
phase.
e  Tokenization. Divides documents into basic units or words to reduce complexity and simplify
further processing.
e  Noise removal. Removes any fragments, words, or characters that are not relevant to the context

of the data and are commonly referred to as noise that affects algorithm performance.
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Elimination of stop words. Deletion of words that are commonly used in the language and have
low semantic content.

Conversion to lowercase. This task is responsible for converting texts into lower-case letters to
standardize them.

Lematization. It converts nouns to their singular form in the masculine gender and verbs to the
infinitive. The goal of this task is to standardize and unify the different inflections or
conjugations, reducing the vocabulary of scientific documents. Morphological analysis and
Spanish dictionary are used for this task.

Stemming. The roots of words are determined to reduce the vocabulary of Spanish texts. The

Snowball Stemmer is used for this task.

NLP processing configurations

In the text processing phase, different text configurations are used to test their impact on the retrieval of

relevant documents. In particular, the following combinations will be examined:

a)

b)
<)

Simple processing consisting of tokenization, lower case conversion, removing noise and stop
words.

Processing and lemmatizing

Processing and stemming

The purpose of implementing lemmatization and stemming techniques in Scientific texts is to

reduce the search space for retrieving relevant documents that meet the information needs of researchers.

This is achieved by reducing morphological variants of word forms to common roots or lexemes, thereby

improving the ability to search and respond to queries in real time.

Documents retrieval

In this phase, relevant documents are retrieved in relation to a particular question. A document is deemed

relevant if it satisfies the information requirements of a user request, meaning it offers comprehensive,

precise, and prompt responses to the inquiry made (van Rijsbergen, 1998). Additionally, a topic discovery

algorithm is utilized to decrease the dimensionality of the texts. This process necessitates employing an

algorithm to determine the similarity (or distance) between the set of documents and the question. This

methodology implements three approaches to retrieve documents regarding a question: textual,
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probabilistic, and semantic similarity. Both, a topic discovery process and the IR approaches are described

as follow.
Topic discovery algorithm

The methodology incorporates innovative features by integrating IR techniques with a topical discovery
algorithm. It is employed to narrow down the search area for pertinent data, as not all records in the dataset
pertain to the sought-after subject. The Latent Dirichlet Allocation (LDA) algorithm is implemented for
this task because according to the literature it is one of the most efficient algorithms. It is based on a simple
assumption of interchangeability of words and topics in a document. It is a dimensionality reduction
technique with probabilistic semantics (Blei et al., 2003). The algorithm has been implemented using the

techniques described in the STTM paper Jipeng et al. (2022).
Text-based similarity approach

It was proposed and developed by Salton et al. (1975). It uses a matrix containing the vocabulary of a
collection of documents and the query. The main idea is to calculate the similarity between the query
vector and the document vectors. Different distance formulas are used for this task: the cosine similarity,
Jaccard similarity and the Dice coefficient. The implementation of the cosine similarity metric in this
phase is due to its proficiency in handling data of variable length, including a scientific article and a
question. The approach Equation 1 considers a vector space consisting of N documents Di, each identified
by one or more terms Cim that can be set between 0 and 1 depending on the degree of relevance (Wong

et al., 1985). A document is a vector that relates to each occurrence of words within the text.

Dy —d = (Ci1, iz, Cim)
()]
Equation 2 is used to calculate the weight value of each term in the document collection, which expresses
the numerical measure of the frequency of words in the documents between the inverse frequency of the

term in the collection, also known as TF-IDF.

N
tfldfl,] = tfi’]' X lOgE
1

@
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Equation 3 is utilized to calculate the cosine angle similarity. This normalizes the vectors with respect to
their length, if the cosine of the angle is 1, it means that the query and the document are equal (the vectors

are parallel), otherwise it means that the vectors are orthogonal and there is no relationship between them.

similarity = cos(8) = TATBI =

i=1"1i

3)
Probabilistic similarity approach

It is based on the principle of sorting by probabilities, where documents are classified as relevant or
irrelevant based on a query (Ross, 2014). It assumes that if there is an ideal answer to the query posed, it
will be found in the relevant documents. The ideal answer is initially unknown, but it is known to be in a
probability combination between 0 and 1. For this approach, the initial default values are 0.5 and are called
"Maximum Uncertainty", which means that the document with the answer can be in the relevant or
irrelevant set.

This phase implements the Okapi probabilistic model, which considers the relative information
of the term frequency with respect to the documents and the query from a probabilistic point of view using
the 2-Poisson distribution (Trotman et al., 2014). Given a query Q with keywords ql, ..., qn, the BM25

score of a document D is defined as follows (see Equation 4).

score(D,Q) = Z IDF(q;) - f(q;, D) - (ky +1)

D
& £(qp, D) + K, - (1 “b4b- al/g'(ﬂ)

(C))
Where f(qi, D) is the frequency of the term qi in document D, [D| is the number of words contained in
document D, avgdl is the average number of words present in the document collection, k1 and b are
parameters that have default values of 1.2 and 0.75, respectively. Finally, IDF (qi) is the inverse frequency
of the query term qi and is calculated using Equation 5.

IDF(q;) = In (w 1)

n(q;) + 0.5
(%)
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Where N is the number of documents in the corpus and n(qi) is the number of documents containing the

query term qi (Lee, 2007).

Semantic similarity approach

In this phase, is implement a semantic approach to information retrieval (IR), utilizing the latent semantic
indexing (LSI) method. which is based on indexing terms, placing them in a semantic context to avoid
phenomena such as synonymy or polysemy. It allows retrieving information about the meaning of a
document, overcoming the problems of lexicon matching. It assumes that there is an underlying or latent
structure in the use of a word that is partially hidden by the variability in the choice of terms (Deerwester
et al.,, 1990). LSI is a statistical method that estimates a latent structure and uses singular value
decomposition, which segments a large matrix of term-document association data and allows the
construction of a "semantic space" (Singular Value Decomposition SVD) (Forsythe et al., 1977). Equation
6 shows the SVD, where M is the word frequency matrix, K is the orthogonal matrix, S is the diagonal
matrix, and D is the transposed matrix. The SVD provides an orthogonal matrix of the word vector, a
transpose representing the document vector, and a diagonal representing the singular value of the word-

document correspondence.

M = KSD*
(6)

Evaluation

The presented automatic evaluation is based on the Precision, Recall and F-measure metrics. The
evaluation process uses a set of questions in Spanish, a collection of documents and a file with the
similarity coefficients generated from the previous phase. Different configurations of experiments are also
used to obtain the best results, combining IR approaches, topic discovery process, NLP text processing

tasks and the number of top documents to be retrieved.

Evaluation metrics

In this phase the performance of information retrieval needs to be evaluated, the level of performance

needs to be measured against some scale, some parameters to measure performance are effectiveness and
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efficiency. Metrics are used to provide a measure of the degree of retrievability of scientific texts. The
retrievability of documents does not provide an exact answer to the given query and must be ranked
according to their degree of relevance to the query (Cyril & Michael, 1966). The evaluation of this ranking
is achieved by means of metrics such as Precision, Recall and F-measure, which are well-known in the
literature and widely used in the IR task to enable accurate and efficient information management.
Precision is defined as the fraction of retrieved documents that is relevant and provides a

measure to avoid irrelevant documents or commonly called noise; Equation 7 is used.

#(relevant items retrieved)

Precision = - -
#(retrieved items)

@)
Recall is the fraction of relevant documents that were retrieved and is a measure for the retrieval of
relevant documents, or commonly referred to as silence (see Equation 8). For this metric, a term has been

added to determine if the relevant document is in the top ranked list.

#(relevant items retrieved)

Recall =
e #(relevant items)
(®)
The F-measure (Equation 9) is a harmonic measure combining the metrics of precision and recall.
2 X Precision X Recall
F measure = —
Precision + Recall

©)

Experimental setup

To evaluate the retrievability of documents, the following experiments and configurations are performed
based on a query:

1. Similarity-LDA. The textual similarity approach was configured with processed, processed-
lemmatization, processed-stemming. Also, top candidates or best-positioned documents are
tested in 3, 5, 10, 15 and 20 with LDA.

2. Probabilistic-LDA. The probabilistic similarity approach was configured with processed,
processed-lemmatization, processed-stemming. Also, top candidates or best-positioned

documents are tested in 3, 5, 10, 15 and 20 with LDA.
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3. Semantic-LDA. The semantic similarity approach was configured with processed, processed-
lemmatization, processed-stemming. Also, top candidates or best-positioned documents are
tested in 3, 5, 10, 15 and 20 with LDA.

Case study methodology in COVID-19 Spanish documents

The proposed methodology can be applied to any research area for effective management of scientific
documents in Spanish. A digital repository with a large volume of documents is required to find timely,
accurate, complete, and relevant information in response to user requests. This article presents a case study
on the COVID-19 pandemic. During this period, researchers' information needs increased due to the large
number of scientific articles published in a short time. The study aims to provide insights into the
challenges faced by researchers in managing the overwhelming amount of information available.

For the search phase of the dataset, the BioASQ archive of scientific literature in Spanish was
selected. This dataset consists of 249,474 articles from the medical domain, which have been human
validated and constructed using publications from different scientific repositories such as IBECS and
LILACS. The scientific texts are formatted in JSON and comprise the following tags: id, title, year,
abstractText, db, and decsCodes. A sample of the BioASQ dataset is illustrated in Figure 2.

{"articles™: [

{"id": "ibc-ETEé-1764",

"title": "La Quercetina como un potencial nutracéutico contra la enfermedad por corcnavirus 2019 (COVID-19)",
"abstractText": "INTRODUCCION: La enfermedad del coronavirus 2019 (COVID-19) es una enfermedad viral que afecta

a varios érganosy sistemas. Los tratamientos preventivos o profilacticos son especialmente at en enfermedades
osas emergentes como COVID-19 porque reducen la necesidad de hospitalizacién y el gasto en salud pablica.
RAunque el efecto preventive del SARS-CoV-2 de varios agentes terapéuticos (e.g., hidroxicloroquina/cloroquina,
remdesivir, lopinavir y ritonavir) se ha evaluado ampliamente, ninguno de ellos ha demostrade una gran eficacia
clinica. METODO: Por lo tanto, aqui nuestro objetivo es abordar vy discutir los estudios publicados recientemente
sobre el potencial quimioprofilatico de la quercetina contra el SARS-CoV-2. METODOLOGIA: Se realizd una biisqueda

de la literaturaen bases comc PubMed/MEDLINE,Scielc, Scorpus, Web of Science, Cochrane Library y Clinical Trials.gov.
Se incluyeron y evaluaron criticamente estudios que abordan la quercetina contra el SARS-CoV-2 u otros tipos
decorcnavirus. RESULTADOS: Alguno:
que se utiliza como agente antioxidante y antiinflamatorio, inhibe la entrada del coronavirus (SARS-CoV) en la célula
huésped.Ademds, un estudio in silico mostrd gue la guercetina es un potente inhibidor de la proteasa principal del
SARSCoV-2 (Mpro),lo gque sugiere que este flavonoide también es activo contra COVID-19. CONCLUSIONES: Debido a que la
quercetina podria prevenir y disminuir la duracién de las infecciones por SARSCoV-2, es plausible suponer que el uso
profilactico de este flavonoide produce varios benefici clinicos. Perc, estas pruebas preliminares deben ser

infecc

studios han demostrade que la guercetina, un flavonoide aprobado por la FDA

confirmadas mediante ensayos in vitro y, posteriormente, en un ensayo clinico aleatorizade",

ournal™: "Ars pharm",

sar”: 2021,
nab": "TRECSY,
"decsCodes": ["D0O0680L™,"D018352", "D015203", "DO19587", "DO65129", "DO009ISE™, "DO114B0", "DO11794" ]

Figure 2. Scientific text from the BioASQ dataset.
Source: Author’s own.

After selecting the dataset, the text processing phase is initiated. Special characters and

punctuation marks’ SuCh as lv?n, u(.)vv, ”i": u!u’ lv/ll’ u.u, vl;n, n:n’ n*n, ncn’ n$|v’ and vl&u, are remOVed.

Additionally, common Spanish empty words like prepositions and determiners, including "es" (is), "yo"
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(D, "ta" (you), "de" (of), "en" (in), "para" (for), "por" (by), "y" (and), "o" (or), "esto" (this), "esos" (those),
and "todo" (all), are eliminated.

On the other hand, the documents have been lemmatized and the words have been preserved in
their canonical form. For example: vacund (vaccinated), vacunara (will vaccinate), vacunaste (vaccinate)
and vacunado (vaccinated), their lemma is vacunar (vaccinate). For stemming, word roots were identified,
e.g.: vacuno (vaccinated), vacunara (will vaccinate), vacunaste (vaccinate), and vacunado (vaccinated) is
vacun.

The LDA topic discovery algorithm was implemented to reduce the search space. After filtering,
the number of documents was reduced by 60% and the top 10 subject words in the COVID-19 period are
as follows: “coronavirus”, “SARS-CoV2”, “pandemia” (pandemic), “vacuna” (vaccine), “covid”,
“paciente” (patient), “infeccion” (infection), “virus” y “tratamiento” (treatment). The word cloud for

processing scientific texts in Spanish is shown in Figure 3.

sifidrma @
~realizar

existir an'l;“,”z
'r

comendacion protesonal enconfran (}al grabe
Jnformaménw "GO

coNJyHandéemiardz
g @.%ﬁ‘zaf\ dato.r}s’re‘_smu!tagg 5

e A

2N "l A QA= COV 2~ Sanitario

Figure 3 Scientific text word cloud
Source: Author’s own.

After text processing and the reduction of the dimensionality, numerical vectors were obtained
for each text and query, using the tf-idf measure. Table 2 shows the vector values from the BioASQ
dataset. The query used was “;Qué quimioprofilactico se puede utilizar contra el SARS-CoV2?" (Which
chemoprophylactic can be used against SARS-CoV2?).
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Table 2
TF-IDF values obtained.
clinic cloroquin  cobertur cochran cohort coinfeccion colaps

D1 0.10926 0 0.65232 0 0 0 0.10236
D2 0.0516 0.06148 0 0.083782 0 0 0.55257
D3 0.41314 0.05398 0 0 0 0.32162 0
D4 0 0 0.45987 0 0 0 0
D5 0 0 0 0 0.07104 0.23613 0
D6 0.16417 0.27772 0.37018 0 0 0 0.69844
D7 0.93866 0 0.04762 0.2365 0 0 0
D8 0 0 0 0 0 0 0
D9 0.055951 0 0 0 0.18365 0.05985 0.03961
D10  0.117591 0.26657 0.23652 0.3651 0 0 0
D11 0 0 0 0 0 0 0.04722
D12 0.042278 0 0 0 0.69852 0 0
D13 0.12577 0 0 0.59685 0 0.63685 0
D14 0.08989 0.12634 0.36589 0 0 0 0.03793
D15 0.110221 0.36454 0 0 0 0.10886 0

Source: Author’s own.

The cosine angle similarity is then calculated. Figure 4 shows the similarity coefficients obtained

with respect to the question.

[0.51798, 0.37671, 0.34602, 0.34303, 0.27589,
0.26553, 0.24317, 0.24315, 0.23133, 0.22982,
0.22890, 0.21926, 0.17992, 0.17507, 0.16103,
0.15403, 0.15041, 0.13591, 0.13525, 0.13329]

Figure 4. 1.2.1 Cosine similarity coefficients.
Source: Author’s own.

Moreover, Figure 5 presents the similarity coefficients using the BM-25 ranking function of the

probabilistic approach.

[0.84636, 0.82860, 0.80777, 0.80308, 0.77788,
0.77645, 0.77427, 0.75500, 0.75495, 0.75148,
0.73185, 0.72687, 0.72449, 0.71406, 0.70642,
0.699%6, 0.69060, 0.68356, 0.67987, 0.67805]

Figure 5. Bm25 similarity coefficients.
Source: Author’s own.
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To calculate the similarity coefficients of the semantic approach, the frequency matrix of the

texts and the question presented in Table 5 is applied, together with the implementation of the LSI method.

Table 3
Frequency matrix of terms.
Terms Dl D2 D3 D4 D5 D6 D7 D8 D9
cloroquina 0 0 1 0 0 1 0 0 0
virus 1 0 1 1 1 0 1 1 0
vacuna 0 1 0 0 1 1 1 1 1
paciente 0 1 0 0 0 1 0 0 0
enfermedad 1 1 0 1 1 1 1 1 1
China 0 0 1 0 0 0 0 0 1
covid 1 0 1 1 0 1 1 1 0
contagio 0 1 0 0 0 0 0 1 1
Sars-Cov 1 0 1 0 1 1 1 0 0
Wuhan 0 0 1 0 0 0 0 0 1
moderna 0 1 0 0 1 1 1 0 0
muerte 1 1 1 0 1 0 0 0 1
tratamiento 1 1 1 1 1 1 1 0 0
fiebre 1 0 1 0 1 0 1 0 0
casos 0 0 1 0 0 0 0 0 0

Source: Author’s own.

Figure 6 illustrates the similarity coefficients when querying the reduced dimensional SVD

matrix of the LSI method.
[0.89885, 0.85362, 0.810604,
0.51873, 0.49105, 0.42096,
0.31985, 0.20645, 0.20226,
0.11632, 0.11552, 0.10947,

o O O

0

.71477,
.29095,
.18050,
.01560,

Figure 6. LSI similarity coefficients.

Source: Author’s own.

(@ eNele]

.53148,
.35269,
.16392,
.00236]

For the evaluation phase, a dataset consisting of a number of scientific texts of 249,474, a word

count 0f 45,322,119 and a vocabulary of 373,851 was used. In addition, 100 questions in JSON format in

Spanish were required in the pandemic period with the following tags: "id_Question",

and "texto_Pregunta". An example is shown in Figure 7.

non

id_Documento"
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{"PreguntasCovid": [
{"id_Pregunta": 1,
"TextoPregunta™: ";Qué quimioprofildctico se puede utilizar contra el SARS-CovV-27 "
"id_Documento": "ibc-ET6-1764"},
{"id_Pregunta": 2,
"TextoPregunta™: ";Qué atencién requieren los pacientes con FRA?",
"id_Documento": "ibc-194912"},
{"id_Pregunta": 3,
"TextoPregunta™: ";Qué manifestaciones oculares se pueden presentar con el COVID-19?2",
"id_Documento": "ibc-192560"},
{"id_Pregunta": 4,
"TextoPregunta™: ";Existen estudios de glucccorticoides y COVID-19?",
"id_Documento": "ibc-196134"})

Figure 7. Spanish questions.
Source: Author’s own.

Evaluation and results

The results of applying the methodology to a case study of Spanish scientific documents generated during
the COVID-19 pandemic are presented below. Table 4 shows the results of the textual similarity LDA
experiment on the reduced dataset. The results are sorted in descending order by the value of the F-
measure. The best ranking configuration for this approach was to apply processing with stemming and

retrieve the top 20 documents. A precision of 87%, a recall of 69% and an F-score of 77% were achieved.

Table 4
Textual Similarity-LDA experiment Results.
Experimental setup Top N Precision Recall F-measure
processed-stemming 20 0.87 0.6957 0.7731
processed 20 0.83 0.7007 0.7599
processed-stemming 15 0.82 0.6952 0.7525
processed 15 0.83 0.6773 0.7459
processed-stemming 10 0.82 0.6722 0.7388
processed-lemmatization 20 0.83 0.6438 0.7252
processed-lemmatization 15 0.81 0.6337 0.7111
processed 10 0.76 0.6616 0.7074
processed-lemmatization 10 0.78 0.6194 0.6905
processed-stemming 5 0.75 0.6324 0.6862
processed 5 0.71 0.629 0.667
processed-lemmatization 5 0.72 0.5897 0.6484
processed-stemming 3 0.59 0.5264 0.5564
processed 3 0.57 0.5329 0.5508
processed-lemmatization 3 0.58 0.5039 0.5393

Source: Author’s own.
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The results of the application of the probabilistic LDA experiment of the proposed methodology
are shown in Table 5. The best result was obtained with 89% precision, 82% recall and an F-measure of

85% using processing, stemming and retrieval of the top 20 documents.

Table 5
Probabilistic-LDA experiment Results.
Experimental setup Top N Precision Recall F-measure
processed-stemming 20 0.89 0.827 0.857
processed 20 0.87 0.814 0.841
processed-stemming 15 0.86 0.807 0.832
processed 15 0.85 0.803 0.826
processed-stemming 10 0.85 0.801 0.825
processed-lemmatization 20 0.85 0.792 0.82
processed 10 0.84 0.794 0.816
processed-lemmatization 15 0.83 0.78 0.804
processed-stemming 5 0.82 0.78 0.799
processed-lemmatization 10 0.81 0.766 0.787
processed-lemmatization 5 0.79 0.751 0.77
processed 5 0.78 0.751 0.765
processed-stemming 3 0.75 0.726 0.737
processed-lemmatization 3 0.73 0.703 0.716
processed 3 0.72 0.702 0.711

Source: Author’s own.

Table 6 shows the results of the Semantic-LDA experiment. The best values were achieved with

88% precision, 78% recall and 83% F-measure, using processed-stemming and the top-20 documents.

Table 6
Semantic-LDA experiment results.

Experimental setup Top N Precision Recall F-measure
processed-stemming 20 0.88 0.786 0.83
processed-stemming 15 0.86 0.784 0.82

processed-lemmatization 20 0.85 0.744 0.793
processed-stemming 10 0.82 0.766 0.792
processed-lemmatization 15 0.81 0.741 0.774
processed 20 0.83 0.7 0.76
processed 10 0.77 0.727 0.748
processed 15 0.8 0.698 0.746
processed-stemming 5 0.74 0.713 0.726
processed 10 0.75 0.683 0.715
processed-lemmatization 5 0.71 0.686 0.698
processed-stemming 3 0.65 0.638 0.644
processed 5 0.63 0.606 0.618
processed-lemmatization 3 0.62 0.611 0.615
processed 3 0.56 0.548 0.554

Source: Author’s own.
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Finally, Table 7 shows the 3 best F-score values in descending order for each of the Top N. The
probabilistic-similarity (OkapiBM25 algorithm) with the configuration processed-stemming is the best

positioned with a value of 83%.

Table 7
Final results. The 3 better of every top are shown.

Approach Method Top N Precision  Recall F-measure
Probabilistic processed-stemming 20 0.89 0.827 0.857
Probabilistic processed 20 0.87 0.814 0.841

Semantic processed-stemming 20 0.88 0.786 0.83
Probabilistic processed-stemming 15 0.86 0.807 0.832
Probabilistic processed 15 0.85 0.803 0.825

Semantic processed-stemming 15 0.86 0.783 0.819
Probabilistic processed-stemming 10 0.85 0.801 0.825
Probabilistic processed 10 0.84 0.794 0.816

Semantic processed-stemming 10 0.82 0.765 0.791
Probabilistic processed-stemming 5 0.82 0.78 0.799
Probabilistic processed-lemmatization 5 0.79 0.751 0.77
Probabilistic processed 5 0.78 0.751 0.765
Probabilistic processed-stemming 3 0.75 0.726 0.737
Probabilistic processed-lemmatization 3 0.73 0.702 0.716
Probabilistic processed 3 0.72 0.702 0.712

Source: Author’s own.

Figure 8 shows the overall results, ordered by F-score. The lowest scores for each approach
implemented in the methodology, were obtained when retrieving the 3 main documents. Textual similarity
achieved an F-score of 55%, LSI 64% and probabilistic 73%. On the other hand, the highest value obtained
in the retrieving for the top 20 documents was for the textual-similarity of 77%, the semantic of 83% and

the probabilistic of 85%.
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Figure 8. Overall results of retrieving relevant documents from the scientific literature using similarity
approaches based on PLN techniques.
Source: Author’s own.

Discussion

This section presents a comprehensive analysis of the results of the paper, aimed at understanding its
relevance in the discipline of Information Retrieval. The proposed methodology was tested using 249,474
scientific documents in Spanish, and different experimental combinations were used, including three PLN-
based IR approaches and a topic discovery algorithm.

The results show that the configuration, which includes the implementation of the LDA
algorithm, PLN techniques such as text processing, word root extraction using stemming, and combination
with the probabilistic BM25 approach, achieved a precision of 89%, a recall of 82% and an F-measure of
85%. These values are higher than those reported by Cao et al. (2011) and Asnath Tinega et al. (2018),
who also used the probabilistic Okapi BM25 ranking function but combined it with lexico-syntactic
patterns, inverted Lucene index, or machine learning methods. Although scientific papers from the same
Pubmed data source were used, this work demonstrated a significant improvement by applying keyword
filtering through the topic discovery algorithm and reducing the search space using text processing.
Consequently, our proposed methodology outperforms a heuristic approach used in Wang et al. (2017)

and compares favorably with Bayesian networks and language models proposed by Otegi et al. (2022).

100



J. Padilla Cuevas, et al. / Contaduria y Administracion, 71(2), 2026, e552
https://doi.org/10.22201/fca.24488410e.2026.5282

Finally, the methodology has yielded promising results in retrieving scientific texts in Spanish, as
compared to the research conducted in English by Khadhraoui et al. (2022), which employs a deep
learning-based text classifier and requires more computational resources.

The contributions of this paper are novel in that the interaction between NLP techniques, textual
similarity, probabilistic and semantic approaches, and the topic discovery algorithm increases the
precision of document retrieval from large digital repositories and facilitates the correct management of
information. Throughout the IR process, the practical and theoretical implications of the results are
highlighted, as well as the limitations of the study that need to be considered, such as the processing time
of a large number of digital documents and the implications of using more computing resources.

The methodology described can be replicated by following the phases outlined. Although the
use case tested documents from the medical domain on COVID-19, the methodology can be implemented
for documents from other domains, such as administrative, accounting, and economic. Documents can be
extracted from UNAM institutional repositories, specifically from the area of Accounting and
Administration from 2010 to 2024, and the importance of the types of observations in the results of audits
carried out by bodies such as the superior audits of the states in Mexico can be analyzed using the number
of complaints made by the supreme audit institutions or the amounts recovered for damages to employers
determined by the higher auditing organizations in Mexico. These topics can also be extracted from the
electronic portals of the Chief Audit Office of Mexico (Auditoria Superior de la Federacion in spanish)
and the digital libraries of various academic institutions. The process of document retrieval would be the
same as described in the methodological section of this article.

The methodology presented in this article can be applied to any field of knowledge due to the

increasing digitisation of information and the need to access relevant information.

Conclusions

This paper has presented a methodology for managing scientific literature in Spanish employing
Information Retrieval approaches and Natural Language Processing. The methodology based on IR
approaches retrieves relevant documents regarding an input question in natural language. Several
domains, such as financial auditing, public administration, or government legislation can be encompassed
by the proposed methodology. An evaluation process using several experiments combining the LDA with
three proposed approaches for document retrieval: cosine similarity, probabilistic, and semantics was

carried out.
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The main contribution of this work is the creation of a methodology that involves the analysis,
implementation, and combination of the three IR approaches with variants of text processing using cosine
similarity, probabilistic document search and context-based semantics.

Experimental setups for each approach using NLP techniques and the LDA algorithm; an
evaluation was carried out to compare the results and obtain the best setup. The creation and management
of a dataset of questions in Spanish and the acquisition of the scientific text dataset were carried out.

The LDA algorithm was used to manage and reduce the number of documents to be analysed,
omitting documents unrelated to the search topic. An application of the proposed methodology was
performed, and it notes that the best result is achieved using the probabilistic-similarity (Okapi BM25
algorithm) with LDA and NLP techniques, such as processing and stemming texts, achieving an F-score
of 85% as the highest result. The OkapiBM25 algorithm based on probabilistic can be used to retrieve
Scientific documents that are relevant for an input question over large amounts of text with efficient
results.

Furthermore, it is essential to mention that, according to the experiments carried out in this
paper, the stemming technique outperformed lemmatization in the management and retrieval of
documents from the scientific literature. We rely on that it is due to the nature of the stemming task, which
involves the root of the word instead of the canonical form, as in the lemmatization task.

The corpus used in the application of the methodology of this article can be variable. Therefore,
the proposed approaches to document retrieval can obtain relevant information in any domain from a new
question without changing the methodology phases.

The approaches proposed in this paper have an advantage for a question-answering system since
ranking the relevant documents. It reduces the time involved in the answers search in all collections in
Spanish.

As future work, it is proposed to use deep learning algorithms to retrieve relevant documents
from sets of Spanish texts. Also, it is recommended to try the enrichment of the space vector model with
linguistic and WordNet-based features. Finally, a semantic annotation using MedLexSP will be applied

to process the documents and questions to improve the results.
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