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Abstract—Today, medical studies enable a deeper understand-
ing of health conditions, diseases and treatments, helping to
improve medical care services. In observational studies, an
adequate selection of datasets is important, to ensure the study’s
success and the quality of the results obtained.

During the feasibility study phase, inclusion and exclusion cri-
teria are defined, together with specific database characteristics to
construct the cohort. However, it is not easy to compare database
characteristics and their evolution over time during this selection.
Data comparisons can be made using the data properties and
aggregations, but the inclusion of temporal information becomes
more complex due to the continuous evolution of concepts over
time.

In this paper, we propose two visualisation methods aiming for
a better description of data evolution in clinical registers using
biomedical standard vocabularies.

Index Terms—Biomedical Data, Temporal Data, Data Visuali-
sation, Evidence-based Medicine, Ontology Evolution

1. INTRODUCTION

When assembling a cohort for an observational study, med-
ical researchers need to choose and access the most suitable
databases for their purposes. This task becomes simpler when
database catalogues oriented to the researcher’s interests are
available [1]. It is even more necessary to use these resources
in the case of multicentre studies, where the study objectives
imply challenges in terms of research protocol development,
work management, and harmonised access to data [2].

Biomedical database catalogues are increasingly in everyday
use among communities of researchers who share common
ground because they can take advantage of third-party data
and publish their data for the benefit of all [3]. Data own-
ers use catalogues to publish descriptive information about
their databases. They provide database fingerprint information,
characteristics of the database content, which include institu-
tional details, access policies and governance rules [4].

Medical data are constantly evolving [5]. Therefore, the
time dimension is of interest for the data selection process.
It is useful to store information about insertions, deletions,
and data changes. Historical data could increase the range of
possible options in database selection, considering that it is
not uncommon for biomedical data catalogues to have a log
system that allows tracking data over time. However, these
data are only used to verify the sanity of the solution or carry
out data restoration actions in case of system disruptions [6].

Using information visualisation helps improve decision pro-
cesses. Adding visualisations to biomedical database cata-
logues allows a better analysis and comparison of data from
a single database or assessing the network level of sev-
eral databases. Incorporating the concepts’ temporal evolution
into these two visualisation levels can mitigate possible data
scarcity.

This paper proposes two types of visualisation that show
the temporal evolution of semantic data. The first proposal
presents the data at the database level and shows the temporal
evolution of a particular selected element. The second proposal
aims to visualise the temporal evolution of the data at the
semantic network level. The main goal of these visualisations
is to improve the use of biomedical data catalogues to help
researchers make better data choices for their research studies.

II. BACKGROUND

Our proposal addresses the temporal visualisation chal-
lenges from two points of view. Therefore, we conducted a
background analysis, subdividing this issue into 1) standard
biomedical vocabularies and 2) time-evolving semantic data.

A. Standardised medical and biomedical vocabularies

When making claims about data resources, a model is
defined as a starting point for building a knowledge base.
Furthermore, it is necessary to consider mechanisms that allow
representing domains of interest, giving semantic meaning
to the identifiers of the different resources. New concepts
are added by semantic extension [7]. This strategy makes
it possible to present specific logical-linguistic constructions
to make assertions as unique elements for future use with
a precise meaning. The most elementary form of knowledge
organisation in this context involves the definition of vocabu-
laries. A vocabulary is a set of identifiers that establish entities
and relationships (referred to as terms) used to describe an area
of interest.

Using standard vocabularies and ontologies, the semantic
modelling of shared conceptualisations of knowledge domains
allows the establishment of generic entities, concrete objects,
and relationships [8]. Standardised vocabularies’ reuse permits
greater efficiency in semanticising new domains as mapping
data to established elements reinforces the interconnection
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and takes greater advantage of the opportunities to infer new
knowledge.

A dataset uses a vocabulary if a term in that vocabulary
appears in the predicate position of a triple or in the object po-
sition of a triple whose predicate is rdf : t ype [9]. Regarding
life sciences, several examples of standardised vocabularies
can be mentioned, such as Orphanet Rare Disease Ontology
(ORDO) for rare disease data annotation [10], Gene Ontology
(GO) for describing genes [11], and the Human Phenotype
Ontology (HPO) vocabulary for phenotypic abnormalities [12].

B. Time-evolving semantic data

Temporal data management allows querying, access and
navigating through different data versions to understand their
evolution or choose pieces of information from a given mo-
ment that are more suited to the user’s interests [13]. Within
the scope of relational databases, the temporal dimension is
considered by creating specialised data structures to optimise
accesses. The same principle is valid for pure graph databases.
For instance, Khurana and Deshpande [14] proposed a histor-
ical graph store for large scale volumes of data integrating
a new temporal graph index and a temporal graph analysis
framework to perform complex temporal analytical tasks.

Time coding strategy can be divided into copy systems or
log systems [15]. With each change, the updated full copy of
the data is saved in the copy approach. In the log approach,
the first complete version of the data is kept, and changes
are recorded in a log. Hybrid systems that consider both
approaches can also be adopted.

Querying data that evolves can follow alternative pat-
terns [16]. The first considers a time interval and extracts valid
entities for that time interval. Another querying approach takes
a time interval and a set of entities to retrieve those entities’
temporal evolution. Finally, we can take just a collection of
entities and check their entire evolutionary history.

The visualisation of semantic data considering the temporal
dimension allows observing patterns and determining when
there is a greater concentration of entities of interest. Time-
oriented data visualisation techniques can be classified from
the arrangement point of view as linear or cyclic and from
the time primitives point of view as instant oriented or
interval [17].

The discovery and study of patterns are facilitated when us-
ing time curves, violating the linearity of the spatial provision
of the most usual timelines. Bach et al. [18] consider a non-
linear time tape curving according to data similarity at each
moment, with the advantage of being possible to ascertain the
depth of the changes to the concepts.

III. DATABASE-LEVEL VISUALISATION

Semantic database descriptions are guided by ontologies es-
tablished by the community and allow the creation of database
catalogues. Semantic data related to each database considered
separately allows for studying the adequacy of data used in
any particular research. Using data relating to the evolution
of concepts over time requires specialised technical solutions.
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The system must be able to store the data in an acceptable
way to take into account the temporal dimension. In addition,
it must be possible to visualise the data at the database level,
considering the temporal dimension as one more element that
allows researchers to make better decisions when choosing
data for their studies.

A. Temporal knowledge bases

It is necessary to define a data structure to capture the
temporal evolution of the entities and relationships of an
ontology. We start by defining the concept of a knowledge
graph, and then add the time dimension.

Definition 1. A Knowledge Base (KB) is an edge labelled
multi-digraph K = (V, E*) that is defined by a node set V =
V1UV5 and a labelled arc set E* (v1,l,v2) :v1 € V1,09 €
Va,l € L}, 1 being an element of the label set L.

Adding the time dimension to this data model, we get the
following definition.

Definition 2. A Temporal Knowledge Base (TKB) is a triple
of the form K = (V, E*,T), with V and E* as defined before,
and a set T' = T; x Ty of timestamps.

The ontological concepts and individuals constitute the set
of vertices. Two timestamps are associated with each entity.
The first timestamp, ¢; € 7T;, records the moment of inserting
the element in the KB. The second timestamp, ¢y € T’y reports
the moment of concept evolution (removal or alteration).
Thus, a timespan is implicitly defined, useful for applications,
namely when discussing visualisations.

Following FAIR principles, removing a concept does not
determine its exclusion from the TKB. The TKB arcs indicate
the relationships between the different KB entities. As a
simplification, we can consider the temporal dimension only
for concepts, thus excluding individuals. The relationships
that make up the KB arcs are also temporally annotated.
Relationships are only marked when they are inserted to avoid
inconsistencies. Thus, the evolution of a relationship generates
a new relationship that does not affect the triples previously
entered.

B. Visualisations of temporal knowledge bases

When viewing temporal databases, navigation between dif-
ferent moments in time must be fluid because users need
to perceive the existence of a timeline. The chart has a
timeline that becomes visible by choosing each selectable
visual element of the visualisation. Each choice of a given
moment corresponds to the historical evolution of the node to
which that timeline corresponds. Naturally, some concepts are
static because they have never changed since insertion into the
knowledge base or because there was a gap in the collection
of historical data. It is also necessary for each element to show
the past and subsequent states closest in time to the displayed
highlighted state.

Figure 1 shows a graph-level representation of a single
database. Each concept is selectable, opening a highlighted
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Fig. 1. Database-level visualisation UI mockup proposal.

view where a timeline is displayed. Using this line, we can
choose between different moments in time to better study
the state of concept in that version of the data. In this way,
researchers improve their process of selecting data because
the possibilities of choice are greater when considering the
different versions stored in the system.

As new concepts are added, modified or removed from the
ontology, the different versions that document these changes
are saved and serve as a basis for visualisations. Visualisations
that do not consider other moments in time aggregate all
the information, making the presentation of different concepts
confusing. With the proposed visualisation, we can navigate
the graph and discover temporal details for each node individ-
ually, which helps to have a clearer perception of the data.

IV. NETWORK-LEVEL VISUALISATION

In collaborative scenarios, where multiple entities are re-
sponsible for storing data in their own facilities, the informa-
tion is distributed among those involved. In some scenarios
this is a forced practice due to data sensitivity, namely when
dealing with medical records. However, as shown in other
work [2], [19]-[21], it is essential to adopt distributed data
to conduct more impactful studies.

In multicentre studies, one crucial step for the study’s suc-
cess is the dataset selection. Another issue when performing a
multicentre study is correct definition of the vocabularies used
to define the inclusion and exclusion criteria. Although there
are several standard vocabularies for characterising medical
concepts, as described previously, different institutions may
adopt different vocabularies or different versions of the same
vocabulary. Therefore, for situations in which it is important
to have an overview of the data stored in all databases, we
proposed a network-level visualisation with comparative and
selective features.

Figure 2 shows the network view, where researchers can
access temporal information when selecting a particular con-
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cept. By doing so, the time data view already explained for
the database-level visualisation is displayed.

A. Concept network coverage

When conducting medical studies, the amount of data
affects the quality of the results. A simple visualisation to
learn the number of database records is to use a table, as seen
on the left of Figure 2. In multicentre studies, it is essential to
understand the study’s feasibility before recruiting the datasets
to support it. This view can easily provide an overview of the
number of records in each database, even when some of them
do not have the concepts defined for inclusion criteria in the
study.

Using a tabular view, researchers can inspect row by row or
column by column to see the greater or lesser density of the
data, that is, to understand how many records of each concept
there are in each database. However, this form of visualisation
is not the simplest way to make comparisons between different
databases. Depending on the study, sometimes it is necessary
to identify one database to be used for analysis and others
for validation. An example of these cases is patient-level
prediction studies, in which one database is usually chosen to
train machine learning models. These are tested and validated
using other databases. Knowing the number of samples for the
concepts in the study helps determine which databases should
be used to train the models.

The comparison of admissibility of one database in contrast
to others must be checked considering all the concepts. The
tabular view puts all data at the same level and does not allow
for a hierarchical view facilitating comparisons. This problem
is solved by complementing this view with another presenting
data in a hierarchical network, as described in the following
subsection.
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Fig. 2. Network-level visualisation UI mockup proposal.

B. Browsing at the concept level

The network view shown on the right of Figure 2 allows
navigating the concepts of the different vocabularies. Selecting
a particular node causes it to be highlighted. Also highlighted
are its connections with other nodes. This navigation is im-
portant to simplify the database selection process. With the
huge number of vocabularies and the complexity involved due
to the existence of many connections between concepts and
databases, navigating the tree can help researchers to identify
which concepts are under a specific domain and which ones
exist in the databases of the network.

For simplicity, Figure 2 presents the nodes spread over three
core layers of data types, but many more levels could have
been considered. The root is the level of the ontology from
which all other terms derive. At the database level, we find
entries for more detailed information on each of them. Finally,
at the level of the leaves, we have the concepts themselves.
Arcs model the relationships between the different nodes. For
example, a quick inspection of the dendrogram connections
shows that concept 4553810 exists in databases A and B.

Although we omitted the filters in this representative figure,
researchers need to search for the concepts or domains they
want to use in the study. The dendrogram is then updated based
on the filter applied. Several sub-layers of relations may appear
between the database and concept level layers, depending on
the concepts searched for. Only some nodes at the concept
level are presented to avoid overloading the visualisation. It
is possible to focus attention on particular concepts, choosing
a node and activating it to navigate to related nodes, namely
in cases where the same concept has different identifiers in
different vocabularies.

There are concepts with an enormous diversity of child
concepts, so it is possible to obtain more details visually using
a view like these. For example, in the SNOMED vocabulary,
the concept “Aspirin” has more than 700 child concepts when
considering the relation “Specific active ingredient of”. The
table supports the dendrogram because the profusion of child
concepts makes the visualisation more challenging to use due
to the number of leaf nodes.

Comparing databases enables informed choices about the
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data to use in medical studies. The possibility of visually
comparing the contents of different data sources is a bonus.
When using tables, as is currently done in several database
catalogues, it is challenging to identify the databases of inter-
est. Considering graphs to represent semantic data, researchers
can make comparisons and observe hierarchies easily and
intuitively.

V. DISCUSSION

Visualisations of semantic data with temporal informa-
tion allow evaluating the evolution of these concepts and
orient database selection to carry out medical research. In
this section, we present examples of the application of our
visualisation proposals and point out some open challenges.

A. Research application

Observational  Health Data  Sciences and Infor-
matics (OHDSI)! initiative [19] is an international,
interdisciplinary, —multi-stakeholder project to develop

applications to access and analyse large-scale observational
health data. The core of this project lies in adopting a common
data model for the treatment of health data. Solutions to
extract, transform, and load data from different sources in the
proposed standard format are available, as well as other tools
related to the data modelling process.

Observational Medical Outcomes Partnership (OMOP)
promotes the proper use of observational healthcare
databases [22]. OMOP Common Data Model (CDM)?has been
proposed as an open relational data model standard designed
to establish the structure and content of observational health
data. OMOP CDM allows the creation of relational databases
to load transformed data from other sources of information.
In this data schema, a set of tables was defined to store
the standard vocabularies in an interoperable structure. These
tables can represent each vocabulary and all the information
associated with it. This is essential to ensure database in-
teroperability in multicentre studies when using institutions
that adopt different vocabularies in the original data. The

Uhttps://www.ohdsi.org/
Zhttps://ohdsi.github.io/CommonDataModel/cdm54.html
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tables are defined in the collection denominated “Standardised
Vocabularies™.

ATHENA? (which stands for “Automated Terminology Har-
monisation, Extraction and Normalisation for Analytics) is a
standard vocabulary repository based on an automated building
process. ATHENA allows keyword searching for terms using
filters to select the application domain (drugs, conditions,
procedures, devices, observations, and measurements), type of
concepts (for classification, standard or not), class, vocabulary
and validity. The search results are presented in a tabular
format, and it is possible to browse the terms shown for those
lying inside a hierarchy.

Inspired by the principles of aggregating multiple vocabu-
laries on a centralised platform and due to the existence of
several medical vocabularies based on semantic ontologies,
we proposed these two visualisations to simplify data explo-
ration and analysis. The first allows visualising the temporal
evolution of vocabulary or ontology concepts, enabling re-
searchers to see the impact of concept insertion, modification
and removal operations. The second view allows comparing
different databases by observing the number of records for
each concept.

Visualisations at the database level allows assessing which
concepts are present and understanding how they are related.
Analysing the evolution of a given concept can enable re-
searchers to simplify the process of choosing data. The main
limitation of this type of visualisation is that it does not allow
comparisons between different databases. Another limitation
relates to concepts that have changed but for which historical
data have not been correctly recorded. We can mention a
couple of applications for this type of visualisation. As an
example of an application, Esteban-Gil et al. [23] carried out
a study that could have benefited from this visualisation to
select data from a repository on cancer patients containing
temporal information.

The most significant advantage of network-level data vi-
sualisation is the possibility of making comparisons between
different databases. Given that the same concept has various
records depending on the database, the proposed visualisation
means researchers can speed up the database selection process.
The most significant limitation of this visualisation lies in
handling large volumes of data, which requires adequate
filters to avoid visual display saturation. Pointing to a use
case, we can refer to the work of Reps et al. [24]. They
reported a multicentre study based on data from multiple
health care databases that could have benefited from network-
level visualisations. In the case of this study, the objective was
to reproduce patient-level prediction results for type 2 diabetes
and dementia.

B. Challenges and opportunities

The proposed time-evolving semantic data charts present
advantages for researchers carrying out medical studies that
depend on careful database selection. However, there are

3https://athena.ohdsi.org/
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some challenges in implementing and adopting the proposed
visualisations.

Concept evolution characterisation is challenging because it
implies keeping a succession of states to be able to trace this
evolution. It also means the need to compare different versions
of the same ontology. We are faced with this scenario when
evaluating data at the level of a single database. At the database
level, it would be desirable, for two versions of the ontology,
to see the operations of adding and deleting semantic entities.
Visualisation of these two basic operations becomes complex
when we overlap all the ontology elements. Cardoso et al. [25]
solve this problem by building a historical knowledge graph
that collects data related to all critical semantic operations:
add, delete, split, move concepts, relationships or attributes.
However, this problem still lacks an adequate solution, and its
resolution would allow more informative visualisations.

Network-level data visualisation suffers from problems
when the number of entities considered is very high. Visu-
alising a considerable number of concepts and relationships
is messy and uninformative. This happens when a node is
connected to many concepts at a lower level in a hierarchical
structure. In this case, it is necessary to have filtering mech-
anisms that highlight the most relevant information and hide
or place the non-relevant information with less prominence.
An approach that promises good results in solving this prob-
lem involves using supervised machine learning techniques
considering node embeddings [26]. Another method is to
consider layering and data separation to highlight the relevant
information [27].

The same concept can be coded in different ways in
different vocabularies. There is no single authoritative form
or universal formulation accepted by all researchers. Also,
within the same vocabulary, concepts can evolve, considering
their different versions. Regarding semantic heterogeneity,
several concept alignment techniques have been investigated,
such as establishing new metrics for calculating semantic
distances or new disambiguation approaches using generic
knowledge bases [28]. Another way to tackle this problem
is to consider common data models and mapping rules for
extracting, transforming and loading as proposed by OHDSI
partners.

Choosing medical and biomedical databases is crucial in
conducting multicentre medical studies. Given that there is not
always a sufficient amount of data to guarantee the quality of
studies, it is essential to design strategies that increase the
possibilities of choice. When using database catalogues, it
is possible to access a varied set of historical data to help
decide which data to choose and include in the study. Visu-
alisations support decision-making processes and are valuable
for selecting databases from catalogues. Our proposal allows
visualisations at the database and data network levels, taking
the time dimension into account to observe the evolution
of vocabulary concepts. With this proposal, it is hoped that
researchers can streamline their choices of databases.
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VI. CONCLUSION

Data scarcity is a drawback when conducting observational
medical studies. Considering historical data from the concept
evolution of biomedical vocabularies can expand the range
of data choices when using database catalogues. Information
visualisation mechanisms are needed to facilitate decision-
making, allowing for a more detailed view of the evolution of
concepts in a database. It is also essential to compare different
databases using the most appropriate data depictions.

The objective of this work was to propose two visuali-
sation strategies for time-evolving semantic data. The first
view allows studying the evolution of individual database
concepts. The second offers a solution to explore the entire
data network that considers all the databases described. The
proposed visualisations were considered within the scope of a
catalogue of standard vocabularies, with the purpose of using
them in choosing databases for medical studies.
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