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Abstract

The T2Know project explores the application
of natural language processing technologies to
build a semantic platform for scientific docu-
ments using knowledge graphs. These graphs
will interconnect meaningful sections from dif-
ferent documents, enabling both trend analysis
and the generation of informed recommenda-
tions. The project’s objectives include the de-
velopment of entity recognition systems, the
definition of user and document profiles, and
the linking of documents through transformer-
based technologies. Consequently, the ex-
tracted relevant content will go beyond stan-
dard metadata such as titles and author affilia-
tions, extending also to other key sections of
scientific articles, including references, which
are treated as integral components of the knowl-
edge representation.

1 Introduction

Health research organizations have long stood out
as ideal environments for detecting specific needs
and fostering the emergence of innovative ideas.
These ideas often give rise to new processes, prod-
ucts, and services that not only enhance health out-
comes but also contribute to the sustainability of
healthcare systems. In addition, such organizations
offer valuable insights into their scientific fields of
interest by monitoring environmental and market
trends.

Despite the availability of technological surveil-
lance tools and, in many cases, competitive intelli-
gence systems that enable the configuration of cus-
tomized alerts and advanced information retrieval,
these organizations still face significant challenges.
Specifically, they lack robust solutions that allow
for the systematic analysis of the vast amount of
information required to extract relevant and useful
knowledge. Industry data reveals that medical pro-
fessionals can spend up to 20% of their working

hours searching for information to support their
daily tasks.

In light of this, and with the aim of delivering
greater value to both society and the profession-
als within health research institutes, we propose
the development of a platform capable of advanced
analysis of large volumes of scientific and technical
textual data. This would facilitate systematic infor-
mation processing, environmental analysis, and the
formulation of plausible future scenarios. Such a
tool would greatly support the ongoing transforma-
tion from traditional, reactive healthcare—where
treatment follows the onset of illness—to a more
proactive model. This new model aspires to go
beyond curing diseases by focusing on prevention,
quality of life, personalized care, disease predic-
tion, and placing the patient at the center of care.

This paradigm shift aligns with the principles
of 5P medicine: preventive, participatory, person-
alized, predictive, and population-based. In this
context, health language technologies (HLTs) and
tools like the one proposed in this project play a cru-
cial role by harnessing the potential of health data
collection and the large-scale analysis of health
information.

Effective RDI (Research, Development, and In-
novation) planning that aligns with both organi-
zational goals and environmental context will en-
sure that technological advancements are both so-
cially relevant and strategically implemented. This
alignment will facilitate the integration of innova-
tions into clinical practice through a productive
ecosystem. Moreover, identifying emerging re-
search trends that create new market opportunities
can drive the growth of companies positioned to
meet these demands. Ultimately, this will lead to
tangible improvements in patients’ quality of life,
while fostering economic growth and societal well-
being.
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2 State of the art

The discovery of knowledge from natural language
can be conceptualized as a multi-stage process that
transforms raw textual data into a structured and
semantically rich representation, typically in the
form of an ontology. This pipeline begins with the
manual or semi-automatic creation of annotated
linguistic resources, which requires the definition
or selection of annotation schemes tailored to the
target domain. From these annotated corpora, ma-
chine learning algorithms can be trained to gen-
eralize the annotation process across large-scale
unstructured texts.

Once annotated, relevant entities and relation-
ships are extracted and represented in a semantic
graph. At this stage, post-processing tasks—such
as redundancy elimination, entity normalization,
and inconsistency detection—are applied to en-
hance the coherence of the graph. The result is a
unified semantic structure where the implicit knowl-
edge within the original text is made explicit and
formalized, often in ontology formats such as OWL
or RDF.

Natural language processing (NLP) techniques
have been widely adopted for this purpose. Early
systems such as ISODLE (Weber and Buitelaar,
2006) illustrate the integration of machine learn-
ing with semantic annotation. Rule-based systems
like OntoLT (Buitelaar and Sintek, 2004) proposed
mappings between syntactic structures and ontol-
ogy classes, enabling concept and relation extrac-
tion. In contrast, statistical and probabilistic ap-
proaches emerged to reduce manual intervention.
Notable examples include LEILA (Suchanek et al.,
2006) and Text2Onto (Cimiano and Völker, 2005),
which leverage probabilistic models to identify
concepts and instances. The KnowItAll system
(Etzioni et al., 2004) introduced pointwise mutual
information (PMI) to enhance the relevance of ex-
tracted instances.

Further advances sought to go beyond mere ex-
traction by inferring higher-level structures. Sys-
tems such as OntoGain (Drymonas et al., 2010) and
ASIUM (Faure and Poibeau, 2000) utilized cluster-
ing techniques to induce concept hierarchies in an
unsupervised manner. These approaches marked
a shift toward more autonomous ontology learn-
ing. More recently, lifelong learning frameworks
such as NELL (Never-Ending Language Learning)
(Mitchell et al., 2018) have demonstrated the po-
tential of continuously harvesting knowledge from

web data, iteratively refining and expanding seman-
tic structures.

Recent literature also emphasizes the importance
of deep learning and transformer-based models
(e.g., BERT, RoBERTa) in automating entity and
relation extraction with improved accuracy (De-
vlin et al., 2019; Liu et al., 2019). These models
provide contextual embeddings that enhance the
semantic understanding of textual data, facilitating
more robust ontology population tasks.

In summary, the process of extracting knowl-
edge from text requires the integration of var-
ious NLP techniques, semantic representation
formalisms, storage and reasoning mechanisms,
and quality evaluation metrics. The convergence
of rule-based, statistical, and deep learning ap-
proaches—combined with knowledge graphs and
ontologies—continues to advance the field toward
more scalable, adaptive, and semantically aware
systems.

3 Data analytics and trends

This task focuses on the development of tools
aimed at extracting the maximum amount of sta-
tistical information related to document profiles
over specific time intervals. The objective is to en-
able the identification of trends and the analysis of
topic evolution within the research areas relevant
to the project. To achieve this, machine learning
techniques—such as time series analysis—will be
employed, along with advanced data visualization
methods. These visualizations serve a dual purpose:
(1) they support the generation of new knowledge,
and (2) they illustrate the temporal and statistical
evolution of the information associated with the
identified ontology.

The ontology lifecycle encompasses key pro-
cesses such as creation, management, analysis, and
reuse. These processes are structured as workflows
composed of multiple activities, defined based on
established methodologies for ontology model de-
velopment. To ensure these activities are effectively
executed, they must be supported by appropriate
mechanisms and tools. In particular, robust visual-
ization techniques are essential, as they provide
interactive interfaces that empower users to ab-
stract, conceptualize, understand, represent, and
learn from the underlying knowledge.

A critical component of this task is semantic ex-
ploration and recommendation. With the existence
of a semantic database, it becomes essential to im-
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Figure 1: Data collection

plement mechanisms for navigating the semantic
network. This will be facilitated through query
languages such as SPARQL (https://skos.um.
es/TR/rdf-sparql-query/) and Cypher (https:
//neo4j.com/developer/cypher/). These mech-
anisms will not only enable document retrieval
through metadata filters but also support aggregate
queries for trend discovery. Moreover, they will
allow for the recommendation of profiles—such as
documents, authors, institutions, topics, and named
entities—based on the semantic links that intercon-
nect the network.

4 T2KNOW Platform

The T2KNOW Platform is designed to support the
exploration and analysis of scientific and technical
knowledge across various domains. The figures
below illustrate key functionalities of the platform.

Figure 1 shows the data collection process,
where structured and unstructured sources are gath-
ered to build a comprehensive dataset. In Figure
2, users can access detailed article data, enabling
in-depth examination of individual publications,
including metadata and content.

Figure 3 presents the trend analysis capabilities,
which allow users to detect emerging topics and
monitor their evolution over time. Finally, Figure 4
illustrates the geographical distribution of the arti-
cles, providing insights into regional contributions
and the global reach of scientific production.

Figure 5 showcases a Retrieval-Augmented Gen-
eration (RAG) component integrated into the plat-
form. This feature enables users to interact with the
system through natural language queries, leverag-
ing both large language models and the underlying
document collection to provide accurate, context-
aware answers. By retrieving relevant documents
and combining them with generative capabilities,
the RAG module enhances information accessibil-
ity and supports more intuitive exploration of the
knowledge base.

Figure 2: Article data

Figure 3: Trend analysis

Together, these components demonstrate the plat-
form’s potential to facilitate data-driven research
and informed decision-making.
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