Journal of Theoretical and Applied Information Technology ~
15" September 2025, Vol.103. No.17 ]
© Little Lion Scientific

" A mmmm—
S/

ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195

ONTOLOGIES FOR ONCOLOGICAL RADIOLOGY:
CHALLENGES AND OPPORTUNITIES

MARIO DI LONARDO! , CARLO SARTIANI?
'Research Associate, University of Basilicata, Department of Engineering, Italy

2 Associate Professor, University of Basilicata, Department of Engineering, Italy

E-mail: 'mario.diloardo@studenti.unibas.it, >carlo.sartiani@unibas.it

ABSTRACT

Medical imaging examinations, especially Magnetic Resonance Imaging (MRI), interpreted by radiologists
in the form of narrative reports, are used to produce and confirm diagnoses in clinical practice at different
levels. Being able to accurately and quickly identify the information scattered in the radiologists’ narratives
has the potential to reduce workloads, support clinicians in their decision processes, triage patients to get
urgent care or identify and cluster patients for research purposes. This is especially critical within the context
of the Tumor Boards, multidisciplinary groups made up of different specialists, who regularly meet to discuss
oncological patients potentially needing pre/post-surgery treatments and to make diagnostic and therapeutic
decisions for them.

Nowadays, it is still difficult to access and analyze radiology reports both effectively and efficiently at scale,
due to their unstructured nature, the conciseness and often crypticity of the medical jargon used, and the
background knowledge usually required for interpreting them correctly and making high-level correlations
and conclusions. Privacy concerns introduce further difficulties and impose the adoption of local tools rather
than cloud-based ones, hence preventing the use of popular LLMs.

Ontologies represent an important tool for easing the automatic process of medical records and radiology
reports. Indeed, they can be used to add structure to otherwise unstructured texts; furthermore, they play a
key role in data exchange and sharing, as they enable semantic interoperability.

In this review paper we will introduce the problems related to the use of ontologies in the medical domain,
with particular emphasis on radiology reports, and discuss the prominent advantages that a systematic use of
ontologies would generate.
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1. INTRODUCTION thereby saving valuable time and resources. This
efficiency is particularly beneficial in high-volume
clinical environments, where timely diagnosis and
treatment are critical.

Medical imaging examinations play a pivotal role
in modern clinical practice, with Magnetic
Resonance Imaging (MRI) standing out as one of the
most sophisticated and widely utilized diagnostic
tools. Radiologists translate their findings into
detailed narrative reports. These reports are essential
as they guide the diagnostic process, aiding
healthcare providers in confirming or establishing a

In addition to easing workloads, precise
identification of pertinent information supports
clinicians in their decision-making processes. When
critical diagnostic details are readily accessible,
clinicians can make more informed choices
regarding patient care. This capability enhances the

diagnosis across various levels of medical care.

The ability to accurately and swiftly identify
crucial information embedded within these
radiologists’ narrative reports can significantly
impact multiple facets of healthcare delivery. One of
the primary benefits is the potential reduction in
workloads for both radiologists and clinicians. By
efficiently extracting key data points, healthcare
professionals can streamline their review processes,

overall quality of healthcare, as decisions are based
on comprehensive and accurately interpreted data.

Moreover, the rapid and accurate extraction of
information from narrative reports plays a vital role
in patient triage. In emergency or urgent care
settings, time is of the essence. Quickly identifying
patients who require immediate attention ensures
that they receive prompt and appropriate medical
interventions. This not only improves patient
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outcomes but also optimizes the use of healthcare
resources.

Beyond immediate clinical applications, the
ability to cluster and identify patients based on
specific diagnostic criteria holds significant value for
research purposes. Researchers can utilize this
information to identify patient cohorts that share
common characteristics, facilitating studies on
disease patterns, treatment efficacy, and long-term
outcomes. This data-driven approach accelerates
medical research and contributes to the advancement
of personalized medicine.

This capability is particularly critical within the
framework of Tumor Boards. Tumor Boards are
multidisciplinary groups composed of various
specialists, including oncologists, surgeons,
radiologists, pathologists, and other healthcare
professionals. These groups convene regularly to
discuss the cases of oncological patients, focusing on
those who may require pre-surgical or post-surgical
treatments. The collaborative nature of Tumor
Boards ensures that diagnostic and therapeutic
decisions are comprehensive and consider multiple
expert perspectives.

In the context of Tumor Boards, having
immediate access to accurately identified
information from radiologists’ narratives enhances
the efficiency and effectiveness of case discussions.
Specialists can quickly grasp the key diagnostic
findings, enabling them to make well-informed
decisions regarding patient management. This
collaborative decision-making process is crucial for
developing tailored treatment plans that address the
unique needs of each cancer patient.

Accessing and analyzing radiology reports on a
large scale remains a complex and challenging task.
This difficulty primarily arises from several inherent
characteristics of these reports. Firstly, the
unstructured nature of radiology reports makes it
hard to systematically process and interpret the data
they contain. Unlike structured data, which is
organized in predefined formats like tables or
databases, unstructured data lacks a consistent
format, rendering it less accessible for automated
systems and more labor-intensive for human
analysis.

Another significant factor contributing to this
challenge is the concise and often cryptic medical
jargon employed in these reports. Medical
professionals frequently use specialized terminology
and abbreviations that can be difficult for individuals
outside the medical field to understand. Even for

those within the healthcare industry, deciphering the
exact meaning can require considerable effort, as the
language is designed to convey complex information
succinctly, often omitting explanatory details that are

assumed to be understood by the intended
professional audience.
Furthermore, interpreting radiology reports

accurately and drawing meaningful, high-level
correlations and conclusions generally necessitates a
substantial amount of background knowledge. This
expertise is not just limited to understanding medical
terminology, but also involves familiarity with
various medical conditions, imaging techniques, and
clinical contexts. Such background knowledge
enables professionals to make connections between
disparate pieces of information, derive insights, and
support clinical decision-making.

In light of these challenges, ontologies emerge as
a vital tool in simplifying the automatic processing
of medical records and radiology reports.
Ontologies, in the context of information science,

refer to structured frameworks that organize
information into categories and define the
relationships between concepts. By applying

ontologies, unstructured medical texts can be
enriched with a level of structure that facilitates data
organization, retrieval, and analysis.

The utility of ontologies extends beyond merely
adding structure to unstructured data. They also play
a crucial role in enhancing data exchange and sharing
across different systems and institutions. This is
achieved through semantic interoperability, which
refers to the ability of systems to not only exchange
data but also to interpret the meaning of that data
consistently. Semantic interoperability ensures that
the information remains meaningful and
contextually accurate when shared between diverse
healthcare systems, thereby supporting coordinated
patient care, research, and public health initiatives.

In this survey, we will introduce the problems
related to the use of ontologies in the medical
domain, with particular emphasis on radiology
reports, and discuss the prominent advantages that a
systematic use of ontologies would generate.

2. ONTOLOGIES
2.1 The Crucial Role of Ontologies

In the last few years, significant advancements
have been made in personalized medicine, genetic
profiling, and machine learning. Consequently, the
demand for high-quality big data has surged.
Furthermore, studies of genetic and epigenetic
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factors in cellular systems have revealed that the
development of diseases encompasses billions of
interacting processes.

To facilitate progress in disease treatment, it is
imperative that knowledge acquired in one medical
domain be correlated with knowledge gained in
other domains. Researchers must engage in effective
communication by comprehending areas beyond
their expertise. These requirements underscore the
necessity for organizing and standardizing
knowledge in a manner that also facilitates its
dissemination. In this context, ontologies emerge as
a viable solution, particularly in fields where
information is stored in electronic format.

2.2 Definition of Ontologies

The term “ontology” originates from Greek and
translates to “study of being or what is.” While this
definition has held true in the philosophical realm for
millennia, it has evolved into a more contemporary
understanding within the information sciences.

An ontology is essentially a “formal and explicit
specification of a shared conceptualization.” This
formal description adheres to defined rules, ensuring
clarity and precision in defining concepts and
relations. Furthermore, ontologies are ‘“shared”
because they are widely accepted and “computer-
understandable” in the context of human knowledge
related to a specific domain.

According to the realist school, an ontology must
encompass a taxonomy of universals and defined
classes, i.e., the entities, and the relationships
between them. This taxonomy provides a tree or
graph representation of the classification of entities.
Universals are general qualities of entities that
account for their similarities and represent natural
qualities. They are instantiated by specific entities in
reality, such as “The City of New York.” However,
universals are often confused with defined classes.
Defined classes are groups of entities that share a
common selection criterion, like all smokers in New
York City with lung disease, but they do not
represent natural characteristics.

Relationships between entities are hierarchical,
meaning child nodes inherit features from nodes
above. These relationships can be of three types:
between universals, between universals and
particulars, and between particulars.

The community of scientific researchers in the
oncology domain has already begun to use
ontologies, standardize vocabulary, taxonomies, and
interoperability modes to create knowledge sharing
standards that converge into a single framework.

However, it was decided to represent knowledge in
a specific domain with multiple ontologies.

In practice, it has been efficient to describe
knowledge using fop-level or formal ontologies, and
application ontologies. The former establish the
foundational entities and relationships that exist
across all subdomains of a domain. Application
ontologies, on the other hand, focus on a specific
subset of the domain. In many cases, dividing the
domain facilitates the implementation of the
ontology. The formal ontology can serve as the basis
for subdomains, and knowledge within these
subdomains is limited to a manageable amount.

Ontologies are concerned with providing
meaning to data and offering a representation of the
knowledge within a specific domain. They achieve
this by associating entities within the domain with
definitions. These definitions can be either
comprehensible only to humans or exclusively to
machines: in the first case, these definitions are
textual, while in the latter are based on logical
axioms.

The preferred form for a textual definition is the
“Aristotelian definition.” In this definition, entities
are given the definition of their parent by adding the
term “difference.” The term “difference” signifies
the characteristics in which the child entities differ
from the parent entities. Ontologies focus on
standardizing terms and providing the semantic
infrastructure  necessary to  ensure  data
interoperability. This requires standard ways of
developing ontologies. In the 2000s, the Open
Biomedical Ontologies (OBO) consortium proposed
principles for the development of ontologies. These
principles include: being open source; having
unambiguous definitions and relationships; having a
context; and using a namespace so that identifiers
are kept unique.

These principles were selected, in part, to
alleviate the confusion caused by overlapping
ontologies and to facilitate the creation of a
comprehensive schema that can accommodate
various ontologies. Ontologies serve numerous
purposes.

e They serve to share data and knowledge;

e  They help in communication between people or
between people and software;

e They are used in the realization of machine
learning models;

e They are used for text extraction from clinical
reports.

Multiple collaborative efforts have resulted in the
development of tools and repositories dedicated to
ontologies, providing invaluable resources to the
biomedical community. The BioPortal, established
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by the National Center for Biomedical Ontology, is
an open repository of biomedical ontologies. These
ontologies are developed in OWL, RDF [1] [2], and
OBO formats and can be accessed through both web
interfaces and web services [3]. Users can explore
ontologies, add annotations, leave reviews, and view
mappings between different ontologies through the
web interface. Currently, the BioPortal hosts over
800 ontologies, including the Proteomics Standards
Initiative, the OBO library, and the Semantic Type
Ontology of the Unified Medical Language System

(UMLS) [4].

UMLS is another source of biomedical
vocabulary and ontologies, consisting of the
Metathesaurus, Semantic Network, specialized

lexicon, and lexical tools. The Metathesaurus
includes various widely used terminologies, such as
NCBI taxonomy, Medical Subject Headings
(MeSH), and Digital Anatomist Symbolic
Knowledge Base [5].

2.3 Data and knowledge sharing

There are several ways to enhance healthcare.
Two particularly effective approaches leverage the
data-driven approach: Learning Healthcare Systems
and Distributed Learning.

A Learning Healthcare System involves sharing
care and data on patient conditions to foster
continuous improvement and knowledge
acquisition. In contrast, a Distributed Learning
System preserves patient privacy. It relies on
infrastructure called fracks, where data holders like
hospitals, referred to as stations, share information
only with authorized applications called trains.
These trains generate new knowledge by finding,
accessing, and comprehending data from stations.
Consequently, data must adhere to the FAIR
principles: “Findable, Accessible, Interoperable, and
Reusable.”

Ontologies can be very useful here as they
provide an infrastructure for data and knowledge
sharing, especially to minimize redundancy and
discrepancies in the data itself. A number of
ontologies have emerged in the field of radiology
including the Dependency Layered Ontology for
Radiation Oncology (DLORO), the Radiation
Oncology Ontology (ROO), and the Radiation
Oncology Structures Ontology (ROS).

Currently, efforts are being made to move toward
a single radiology ontology updated and maintained
by professional societies such as AAPM, ASTRO,
and ESTRO, as well as the radiology community.
Developing such an ontology, however, requires
referring to ontologies adjacent to the radiology field

and relying on other very useful ontologies such as
the FMA (Foundational Model of Anatomy), i.e. an
ontology on the human anatomy; the NCI Thesaurus,
which represents a vocabulary for clinical care,
translational, and basic research; Common
Terminology Criteria for Adverse Events (CTCAE),
i.e., a standard, severity-scale classification of
adverse events that have occurred in cancer therapy
clinical trials and other oncology settings; the
Radiomics Ontology, i.e., collection of radiomics
features as well as other entities (e.g., software
properties, filter properties, feature extraction
parameters) involved in radiomics computation; and
the Semantic DICOM Ontology, which is an
ontology for DICOM.

Another interesting aspect of ontologies is that
when linked to other ontologies, they are able to
capture other knowledge. This is possible because
the classes of some ontologies can be generalized or
specialized by other ontologies. This characteristic
can be exploited in some applications: for example,
data providers can share a minimal dataset, which,
enriched with ontologies, still allows the user to
retrieve richer information.

Although an ontology is being developed to
collect data on radiation oncology, a clear
description of applications based on this knowledge
is still lacking. For example, to use an application
such as automatic Al contouring or a model to
predict treatment complications, it is important to
know who created it, what data it was trained and
validated on, what patients it is suitable for, and what
uncertainties it might have. In this sense, again,
ontologies can lend a hand: having an ontology that
systematically organizes this information would go
a long way toward making models and software
more secure and reliable.

2.4 Communication in radiotherapy

To facilitate effective communication among
people, users, and software tools, as well as between
different software tools, various standards have
emerged that encapsulate radiotherapy terminology
and concepts. One such standard is the DICOM-RT3
(Digital Imaging and Communications in Medicine)
standard. As its name suggests, this standard is
specifically designed for describing medical
procedures. It divides each medical procedure into
distinct parts and provides the syntax for describing
each part.

Additionally, there are standards that regulate
communication by defining the essential information
to be exchanged. For instance, the HL7 standard,
developed by the IHE-RO organization serves this
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purpose. This standard defines the structure as well
as the format of the messages to be exchanged. HL7
is primarily based on XML [6], [7], [8], [9], but there
alse exist extensions that exploit JSON and JSON
Schema [10] [11] [12] [13] [14]. These extensions
allow for a safer handling of messages, by exploiting
the inherent advantages of JSON over XML [15]
[16] [17] [18] [19]. However, these standards often
have differing perspectives on the concepts they
encompass and may present entirely different
descriptive structures for them. This discrepancy can
lead to confusion. In such cases, a community-
accepted ontology, which provides a taxonomy, can
help clarify concepts and formalize vocabulary.
Furthermore, relationships between concepts within
an ontology can provide additional detail, enhancing
communication.

Ontologies also find practical applications in
retrieving data from various databases created for
diverse purposes and developed by different
vendors. These databases include oncology
information systems, electronic medical records
(EMRs) used at the hospital or system level,
treatment planning systems, and image archiving
and communication systems (PACS). Typically,
these databases are relational and possess distinct
schemas. Ontologies, encompassing classes and
properties, can be instrumental in mapping these
databases, enabling data extraction from any
database. Subsequently, the extracted data needs to
be transformed into HL7 or DICOM messages,
based on XML or JSON [20] [21] [22] [23] [24], or
more contemporary formats that inherently support
ontologies. An example of such standards is FHIR
(Fast Healthcare Interoperability Resources), which
is similar to DICOM in that it encapsulates a
conceptual model of healthcare delivery and outlines
the types of processes and procedures that should be
described. As for HL7 v.3 and DICOM, FHIR is
based on XML as well as on JSON [25] [26] [27]
[28].

2.5 Implementation of machine learning models

Ontologies can significantly aid in the
development of machine learning (ML) models,
particularly probabilistic models. In recent years,
machine learning has gained substantial interest in
radiation oncology, particularly as a potential tool
for automated care [29]. However, the development
of ML-based applications faces challenges due to the
lack of standardized data in terms of content, format,
structure, and nomenclature. This problem can be
addressed by utilizing an ‘ontology that maps ML

models to their respective clinical data, creating a
reproducible and transparent link.’

DLORO is an example of such an ontology that
proves useful for this purpose. It is designed to
automate the construction of Bayesian networks
(BNs) [30] [31] [32]. As an ontology, DLORO
provides the semantic properties necessary to map
ontological concepts and relational schemas to
databases. It serves as a standardized layer that
connects data from various information systems
(OISs) to the variables of the designed Bayesian
network. This automation facilitates the extraction of
data from OISs, thereby streamlining the training
and updating of the network itself.

BNs consist of a graph [33] [34] [45], where
nodes represent variables and arcs represent
dependencies between them. Additionally, a
probability table, known as a conditional probability
table (CTP), expresses the strength of these
dependency relationships. In the field of radiation
oncology, BNs are employed for various
applications, including diagnostic  reasoning,
biomedical data meta-analysis, modeling, and
clinical decision support systems.

The DLORO ontology organizes radiation
oncology knowledge into classes and subclasses,
establishing dependencies between concepts.
Additionally, it uses the dependsOn relationship to
establish dependencies between concepts outside the
same hierarchy. By selecting nodes of interest in the
Bayesian Network (BN), such as variables, the class-
subclass and dependsOn relationships can define the
arcs of the BN, enabling its automatic realization. To
complete the model, a probability table must be
added, which requires training on data. Typically,
data is manually extracted using SQL queries on
Open Information Systems (OIS) databases.
However, at this stage, DLORO can still be used to
generate SQL queries. However, mapping between
DLORO and each database to be used is necessary.
These mappings should be added to DLORO as
annotations for the mapped classes.

In cases where ontology classes do not match
one-to-one with relational database columns,
annotations that bind those classes to database
variables must be manually added. Once again,
queries can be automatically created based on these
annotations.

In summary, then, by combining the SQL query
generator and the BN generator, based on DLORO it
is possible to implement Bayesian networks
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automatically, based on a choice of variables desired
by DLORO.

Table 1: Example of mapping between DLORO and the
Aria (Arian Medical System, Palo Alto, USA) and Mosaiq
(Elekta AB, Stockholm, Sweden) databases [36].

Ontology Mosaiq Variable Mosaiq Table  Aria Variable Aria Table

Anatomic_tumor_loc Category Medical site Prescription
Dose_Per_Fraction  Dose_Tx site PrescribedDose RTPlan

Beam_Energy Energy TxFieldPoint Energy EnergyMode
Table_Angle Couch_Ang T tAngle ommon

MOSAIQ SQL query
—_—

ARIA SQL query

Figure 1: Example of Automatic Query Generation from
the DLORO and the ARIA and Mosaiq Databases, Based
on the Chosen Variables.

Network construction and Data Acquisition
Bayesian
Neétwork

Generate

Network Training

EM
algorithm

Ontology

Bayesian

/Nawom
ois

database

Figure 2: Flow Chart of BN Network Realization from an
Ontology.

Inference
engine

2.6 Text extraction from clinical notes

Information extraction (1E) is a branch of natural
language processing (NLP) that focuses on
automatically  extracting  specific, structured
information from unstructured or semi-structured
texts, such as documents, articles, emails, or web
pages. In radiology, IE from unstructured clinical
notes remains an unresolved challenge, although it
can enhance the evaluation and improvement of
radiotherapy treatments and support clinical
decision-making or research [37].

The primary sources of unstructured clinical
notes are Electronic Healthcare Records (EHRS),
which are commonly used to collect, store, and
display patient information. Currently, machine
learning or rule-based methods are employed for IE
from clinical notes. Rule-based approaches involve
a domain expert identifying the necessary
knowledge and rules for extracting information from
specific types of notes. These approaches require
less data and can be more easily adapted to new

domains. In contrast, machine learning-based
approaches necessitate training data from which
statistics or rules are automatically derived for use in
information extraction. Alternatively, rules for IE
could also be extracted through a domain-specific
ontology, where rules are based on ontological
concepts, which often perform better than rules
based on textual elements. These types of rules are
particularly useful in Named Entity Recognition
(NER), whose objective is to identify specific words
or phrases and categorize them.

There are several tools employed for information
extraction in the clinical setting. Among the most
widely used are cTAKES, MetaMap, and MedLEE.
cTAKES is an open-source NLP pipeline that
employs a hybrid approach combining rule-based
and machine learning techniques. In contrast,
MetaMap and MedLEE are purely rule-based tools.
cTAKES offers a comprehensive platform for
performing various information extraction tasks
within the clinical domain, including syntactic,
lexical, and semantic parsing. It utilizes clinical
terminologies and ontologies, such as the SNOMED
CT ontology graph [38] [39] [40] and RadLex, to
extract concepts from medical texts. Additionally,
the US ONC SHARPn project [41] [42] further
enhanced clinical text mining by defining semantic
standards that have been integrated into cTAKES.
YTEX, a widely used extension of cTAKES,
provides a general framework for mapping clinical
sentences with any ontology.

MedLEE, a tool primarily used for developing
vocabularies, was initially developed for processing
torso radiology reports. However, its applications
have expanded to other areas. Finally, MetaMap was
introduced to map academic biomedical text with
UMLS, employing symbolic techniques of natural
language processing and computational linguistics.
As mentioned, information extraction rules can be
manually generated, derived from knowledge bases,
or implemented in hybrid modes. Knowledge bases
typically contain domain-specific ontologies. An
example of a domain-specific ontology relevant to
radiation oncology is PCD [43]. The concepts in
PCD were developed by integrating the knowledge
of clinicians and experts, analyzing the Electronic
Health Record (EHR) database through formal and
informal analysis of clinical terms, and incorporating
medical ontologies from the UMLS. Consequently,
PCD serves as a comprehensive domain-specific
ontology for various information extraction tasks in
radiation oncology. It not only represents concepts
with related Semantic Groups but also provides a
framework for patient clinical data contained in EHR
databases. The PCD ontology represents concepts as
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classes and individuals, where each class has a
relationship to other classes and adheres to the HL7
standard for properties. Efforts to further integrate
this ontology are ongoing, including integrating a
more comprehensive set of EHR records and
leveraging worldwide crowdsourcing activities.

Despite progress over the past decade, there are
still many unresolved challenges in information
extraction from clinical notes. The lack of well-
formatted data to create annotated corpora hinders
the effective training of  pipeline-NLPs.
Additionally, institutional barriers to data sharing
further complicate the use of machine-learning
approaches, particularly in radiation oncology.
Identifying critical reports, disambiguation between
body position and anatomical structure, proper
mapping in DICOM files, and extracting specific
abstract concepts are still open research problems.
Metadata of radiology reports are often ignored or
used implicitly due to the lack of methodologies to
model them, which could aid in pipeline-NLP
development. The field of word sense
disambiguation research is not yet mature, especially
in radiation oncology, where a standardized
ontology is lacking. Ambiguity at the word or
concept level significantly hinders the rapid
annotation of text blocks using pipeline-NLPs.
Currently, systems performing word meaning
disambiguation rely on manually created rule sets
and hand-labeled example sets. However, some
automated methods have recently been proposed,
including unsupervised learning, learning from
UMLS [44], or using ontology-based semantic
similarity measures. Further research is needed to
reduce ambiguity at the word/concept level.

Still, open challenges encompass understanding
abbreviations, linguistic errors, pronoun usage, and
chronological ~ comparisons  with  previously
observed conditions. These challenges extend
beyond traditional NLP tasks and are crucial for
accurate information extraction.

2.7 The Standard Ontology

From our observations, developing a unified
ontology shared by all stakeholders in healthcare
could significantly enhance computer-driven
discovery and reasoning. In 2017, during the Big
Data Workshop, key data essential for computer-
driven reasoning and a minimum set of relationships
among these data were defined. These relationships
and data are crucial for developing a taxonomy to
organize them. The objective is to create an ontology
containing concepts in a standardized format,
developed in accordance with the principles outlined

by the OBO Foundry, and aligned with the emerging
HL7-FHIR standards for data transmission. This
approach ensures scalability in mapping clinical data
to the ontology.

Furthermore, enabling the use of the standard
ontology necessitates the adoption of recognized and
approved nomenclatures by professional societies,
such as those developed by the AAPM Working
Group-263. Without these nomenclatures, the data
necessary for the ontology to fully realize its
potential would remain inaccessible. The AAPM is
actively collaborating with ASTRO, ESTRO,
COMP, and industry leaders to develop the standard
ontology. Additionally, the AAPM is working with
ASTRO, ESTRO, COMP, and CPQR to define
taxonomies and nomenclatures required to enrich the
standard ontology with data, such as those pertaining
to disease status.

3. ONTOLOGIES AND SEMANTIC
INTEROPERABILITY

3.1 Semantic interoperability

Semantic interoperability is achieved when
computer systems communicating with each other
exchange data with a specific syntax and their
semantics. This is accomplished by enriching the
data with metadata, which associates each data
element with a link to a shared, controlled
vocabulary. The meaning of the data is conveyed
along with the data itself, creating a “self-descriptive
package of information.” Ontologies are particularly
useful in achieving semantic interoperability
because they provide terms and relationships, and
they can facilitate semantic interoperability through
various mechanisms.

The creation of basic semantic representations.
Ontologies enable the creation of basic semantic
representations by defining classes and categories
that organize concepts within a domain. At the class
level, ontologies define general categories, while
knowledge bases (at the instance level) represent
concrete or specific examples of those categories.
This allows systems to have a shared, structured
understanding of information.

Definition of  semantic mappings and
transformations. Ontologies facilitate the creation of
semantic mappings, that is, links between equivalent
or related concepts found in different ontologies.
These mappings enable the transformation and
integration of data from different systems, ensuring
that the meaning of information remains consistent
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even when crossing boundaries between different
data models.

Use of algorithmic methods for semantic similarity.
Algorithms can be used to analyze ontologies and
identify similarities between concepts. These
methods help facilitate mapping between different
ontologies, enabling easier integration and
information exchange between systems using
different terminologies or data structures.

The 2009 Ontology Summit [45] proposed a
framework for utilizing ontologies, encompassing
various aspects related to semantic interoperability.
One of these areas is information integration, where
ontologies facilitate the combination of multiple
information resources. This enables the matching of
concepts with similar meanings, thereby enhancing
information aggregation and data fusion. Another
area of application is software interoperability,
which enables different systems to comprehend each
other by exchanging messages using their own or
shared ontologies.

3.2 Semantic Heterogeneity

Semantic interoperability is closely related to
semantic heterogeneity. Semantic heterogeneity
occurs when, across digital ecosystems, the same
information is described with different schemas,
vocabulary with varying and locally developed
semantics, markup languages, and models based on
different conceptualizations. This makes it difficult
for information to be shared among software, for
data from multiple sources to be combined, and for
end users to interact effectively with the submitter.
In fields like medicine, where collaboration between
specialists and different departments is crucial,
semantic heterogeneity poses a significant challenge
to interoperability. Efficient use of clinical
information could reduce costs and save thousands
of lives annually. Additionally, a better experience
for physicians and patients is an intangible benefit of
using highly interoperable systems.

There are three types of interoperability:
syntactic interoperability, schematic
interoperability, and semantic interoperability.
Syntactic and schematic interoperability can be
achieved through the use of standard data sharing
protocols and formats. Achieving semantic
interoperability, however, is more complex. Simply
sharing a controlled vocabulary is not sufficient; one
must rely on a common interpretation of the
exchanged messages and data, ensuring that their
meaning remains unchanged during the exchange
between digital domains and systems. Semantic

heterogeneity can be resolved through the use of
ontologies.

3.3 Types of ontologies

Although ontologies are a helpful tool in
resolving semantic heterogeneity and achieving
interoperability, their diverse content, formal
language, and detail can still lead to semantic chaos,
also known as “semantic mess.” Therefore, it is
crucial to use ontologies effectively. Ontologies can
be categorized into three classes based on their
intended usage: (i) fop-level ontologies; (ii)
reference ontologies; (iii) application ontologies;
and (iv) bridge ontologies.

3.3.1 Top-level ontologies

Top-level ontologies are tools that facilitate the
resolution of semantic heterogeneity by explicitly
defining concepts shared by a diverse range of more
specialized ontologies. By adopting a top-level
ontology and its modeling practices, more specific
ontologies can reduce the introduction of semantic
inconsistencies. However, there are some challenges
associated with the use of top-level ontologies.

e There are many top-level ontologies, and
choosing which one to use can be difficult.

e Many top-level ontologies are
complex, with  complicated axioms and
abstractions too far removed from real data.

e Top-level ontologies must be harmonized
with domain, reference, and application
ontologies.

e A top-level ontology developed in top-
down mode could impose ontological
assumptions that might have specific local
vocabularies and meanings.

e Top-level ontologies can be too rigid, such
that it is difficult to incorporate small
changes without compromising their
semantic coherence.

3.3.2 Reference Ontologies

Reference ontologies represent the knowledge
base related to a specific domain and are designed
for reuse. Unlike ontologies created for specific use
cases, they are not rigidly bound to the requirements
of a particular application. Their primary function is
to facilitate integration between different systems,
repositories, and data sources. In contrast to top-
level ontologies that mediate between different
ontologies, reference ontologies map terminology
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from various information systems and data sources
to a set of shared concepts. An example of a
reference ontology is the Foundational Model of
Anatomy (FMA), which represents the structure of
the human body and consists of approximately
75,000 classes, 120,000 terms, and 168 types of
relationships. Well-designed reference ontologies
can be considered orthogonal (non-overlapping) and
interoperable resources. The OBO Foundry proposes
an ontology model specifically designed for
reference ontologies.

3.3.3 Application Ontologies

Application  ontologies are  “ontologies
specifically designed for a particular use case or
application domain.” They are created to meet the
requirements of a project and can be applied to either
a local domain or multiple domains. However, when
these ontologies are created without reference
ontologies, it becomes challenging to link them to
other ontologies. This limitation can hinder their
usefulness in integration scenarios. To address this
issue, mappings are employed, connecting the
concepts of the ontologies to be integrated. Once
these mappings are generated, they can also be
utilized to create reference ontologies.

3.3.4 Bridge Ontologies

Bridge ontologies, similarly to what happens for
reference ontologies, facilitate the mediation
between terminologies in different systems. While
mapping can resolve mediation between ontologies,
it may require the addition of useful concepts to link
related concepts present in the source ontologies.
These concepts can be retrieved from bridge
ontologies.

Although top-level ontologies serve as the
primary link, bridge ontologies can better capture the
similarities between different application and local
ontologies within the same domain. In such cases,
bridge ontologies act as a cohesive entity, integrating
and harmonizing source ontologies. Unlike
reference ontologies, bridge ontologies may not be
as comprehensive and can sometimes be more
concise, with fewer axioms. The use of a bridge
ontology underscores the need for a reference or
application ontology with broader requirements.

3.4 Methods to ease semantical interoperability
There are several useful methods to facilitate

semantic interoperability. The main ones are: (i)
ontology reuse and modular design; (ii)

harmonization of vocabularies; (iii) mapping
between ontologies; and (iv) the use of design
patterns for ontologies.
3.4.1 Reuse of ontologies and modular design
According to the Ontology Summit 2014, reuse
involves incorporating content from one source into
another or drawing inspiration from a source’s
content. While reusing concepts and semantics of an
ontology can enhance semantic interoperability, it is
not preferred over creating new ontologies for
several reasons. First of all, existing ontologies are
too large and complex, not sufficiently granular and
documented. Furthermore, it is difficult to determine
the useful aspects of an ontology. Finally, some
semantic languages such as OWL, which are used to
develop ontologies, do not support partial import of
ontologies, which often forces the inclusion of many
more concepts than are considered appropriate or
correct.

Creating smaller, cohesive, and self-contained
ontologies would significantly enhance
interoperability because they can serve as the
foundation for developing more intricate ontologies.
However, implementing this approach today
involves the challenging task of decomposing
existing ontologies into more manageable building
blocks, which is a complex process.

3.4.2 Vocabulary harmonization

When different organizations work on separate
projects, they often develop vocabularies (sets of
terms and definitions) that describe similar concepts
using different terms and formats. This leads to
confusion and hinders data integration and usage.
Vocabulary harmonization is the process of
standardizing these terms and definitions so that
everyone can use the same language or, at least,
compatible vocabularies. For instance, in water
quality, vocabularies may combine multiple
concepts (such as the substance measured, the
environment, the method of measurement, and the
units of measurement) into a single term. This makes
data  comparison across different systems
challenging because it’s unclear which part of the
term refers to what.

To address this issue, some standardized
vocabularies and their definitions have been made
available online through Linked Data, using unique
identifiers (URIs). This makes terms easier to access
and understand because they are uniformly defined.
Tools are available to collect these vocabularies,
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facilitating easier access and management of
definitions. However, despite these improvements,
creating automatic links between different
vocabularies remains challenging due to the lack of
clearly defined relationships between concepts. In
essence, despite progress, harmonization of
vocabularies persists as a problem primarily because
there are insufficient tools (standard schemas
illustrating relationships between concepts in
different vocabularies) and common ontologies that
can serve as bridges between different vocabularies
(bridge ontologies, reference ontologies, or top-level
ontologies).

3.4.3 Mapping between ontologies

In the absence of a universal reference or top-
level ontology, mappings between local ontologies
used by various information systems can be
established to achieve semantic interoperability.
There is extensive and growing research on ontology
mapping, particularly for OWL ontologies.
However, there has been limited research on
mapping ontologies written in more expressive
languages like Common Logic. New languages such
as Distributed Ontology and Modelling and
Specification Language (DOL) are emerging and are
expected to provide bases for mapping between
ontologies written in the same language, as well as
between ontologies written in different languages
(e.g., between OWL ontologies and ontologies in
Common Logic). Despite the existence of
metalanguages and techniques for expressing
ontology mappings, their automatic generation
remains a significant challenge, especially for more
complex languages.

3.4.4 Using design patterns for ontologies

In the 1970s, Christopher Alexander introduced
the concept of design patterns, which are general
solutions and shared guidelines for addressing
recurring design problems in specific contexts. In
2009, Gangemi and Presutti [46] introduced
Ontology Design Patterns (ODPs), which are
modular, self-contained building blocks that
represent reusable solutions to recurring problems in
ontology modeling and development. ODPs help
organize, name, and understand parts of knowledge
that are closely related to each other. Essentially, an
ODP is a predefined solution that can be applied to
similar situations in different contexts, facilitating
the creation and management of ontologies. When
creating ODPs, it is useful to follow these guidelines.

First of all, a well-designed ODP is based on
specific definitions and data, but is abstract enough
to be applied generally. A pattern formed in this way
can be used as the basis for building a more complex
ontology. Over time, the community can enrich and
specialize the basic pattern with additional axiomatic
commitments. Sometimes, it is necessary to create
subtypes of general patterns to respond to particular
use cases and local complexities.

Second, it is important to carefully consider the
domains and relationships within an ODP to avoid
overly limiting the formal semantics of the pattern.
A slightly axiomatized pattern can be linked to a
complex ODP, which can be used as a framework for
creating larger ontologies that address broader
problems.

Finally, modular patterns are flexible and
extensible, allowing local data and domains to be
integrated effectively. In response to specific needs,
local applications can extend the pattern by adding
or modifying axioms and aligning them with local
data and needs. In this process, the development of
local ontologies becomes the link between a data
source and patterns through specific and explicit
mapping. To handle different and/or more refined
interpretations, an appropriate mapping/alignment
can be created between a local vocabulary and the
pattern. This approach separates conceptualization
from nomenclature issues, as local vocabulary terms
may be specific to a data repository and need not be
the same as those used to label pattern concepts.

A well-designed set of ODPs provides a useful
tool for developing easily integrated ontologies.

4. CONCLUSIONS

In this paper, we presented and discussed the
most important challenges related to the use of
ontologies in the biomedical field, with particular
emphasis on the oncological radiology domain. We
also illustrated the opportunities and the benefits that
a systematic use of ontologies would bring.

Our future work will root on this survey to
improve the treatment of medical data, in particular
narrative medical reports, in the context of the Italian
National Health System.
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