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The exponential growth of healthcare data, driven by advancements in medical research and digital health
technologies, has underscored the critical need for interoperability and standardization. However, the hetero-
geneous nature of real-world clinical data poses significant challenges to ensuring seamless data exchange and
secondary use for research purposes. These challenges include syntactic inconsistencies (e.g., variable use of

FHI . Lo o i o .
KnoI:vle dge graph terminologies like ICD-10 vs SNOMED CT), semantic mismatches (e.g., differing conceptualizations of disease
Oncology staging across institutions), and structural fragmentation (e.g., laboratory results encoded in free text rather

than structured fields).

Fast Healthcare Interoperability Resources (FHIR) has emerged as a leading standard for structuring and
harmonizing healthcare data, enabling integration across diverse systems. This work presents a FHIR-based
transformation pipeline that leverages Resource Description Framework (RDF) to convert raw, conceptually het-
erogeneous oncology data into research-ready, semantically enriched datasets. By representing FHIR resources
as RDF graphs, our approach enables semantic interoperability, enhances data linkage across heterogeneous
sources, and supports automated reasoning through ontology-based queries and inference mechanisms. The
pipeline employs a templated conversion strategy, allowing for the declarative definition of mappings that
enable domain experts to focus on the data model.

In Cancer Virtual Lab, we applied this methodology to a real-world oncology dataset comprising 36,335
anonymized patient records, successfully converting 1,093,705 clinical records into 1,151,559 distinct RDF-
based FHIR resource types. The process incorporated syntactic and semantic validation, along with expert
review, to ensure technical correctness and clinical relevance. Our results demonstrate the feasibility of
semantically integrating oncology data using FHIR and RDF, fostering machine-readable, interoperable knowl-
edge representation. This enriched representation supports data quality monitoring and improvement, data
harmonization, longitudinal analysis, advanced analytics, and Al-driven decision support, promoting large-scale
secondary use.

1. Introduction $8.3 trillion healthcare industry. Managing and sharing this informa-

tion across institutions has become a critical challenge for progress in

The healthcare landscape is characterized by continuous evolution
driven by advancements in medical research and technological innova-
tion, resulting in an outstanding growth of clinical data, representing
approximately 30% of the world’s data volume [1]. This increase is
further accelerated by the involvement of major tech companies in the
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the sector.

Effective data reuse requires interoperable, standardized, and se-
mantically consistent data management strategies—key to the digital
health transformation, providing a basis for efficient communication,
prospective data curation, and the secondary use of real-world data
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in medical data science—essential elements for well-informed decision-
making [2]. Its economic potential is exemplified by the European
Health Data Space (EHDS), which aims to create a unified health data
ecosystem. By improving data access in healthcare and facilitating
secondary use for research and innovation, the EHDS is projected to
save the EU €11 billion over ten years [3].

Although the U.S. mandates Fast Healthcare Interoperability Re-
sources (FHIR) adoption through the 21st Century Cures Act, many
other countries still lack clear regulatory frameworks [4]. This has
resulted in individual hospitals and software companies adopting cus-
tom data formats and interfaces to prioritize short-term gains, thereby
hindering interoperability. To overcome this challenge, FHIR, devel-
oped by Health Level Seven International (HL7), has emerged as a
prominent standard for achieving interoperability in healthcare sys-
tems [5]. FHIR conceptualizes healthcare data as modular resources
with explicit semantics, offering flexibility and extensibility. This data
standard design supports incremental adoption, promoting scalabil-
ity, cost-effectiveness, and seamless integration into healthcare infras-
tructures. Moreover, the FHIR specification can be tailored to suit
specific contexts of use through its FHIR profiles mechanism. This
feature enables the creation of customized resource definitions by
applying constraints and extensions to the base resource, promoting
standardized implementations that cater to unique requirements effec-
tively. A concrete application of these principles is demonstrated in
our previous work, where we developed a FHIR-standardized dataset
describing the rehabilitation pathway of trans-femoral amputation pa-
tients. This initiative emphasized the value of structured, interoperable
data representations for reusability and secondary analysis in clinical
research [6].

Building on this foundation, this study presents a modular and
semantically validated transformation pipeline based on FHIR and
RDF, designed to support real-world oncology research. Our approach
addresses the limitations of existing solutions by emphasizing technical
correctness, reusability, and semantic alignment with external knowl-
edge sources. The pipeline was developed within the framework of
the Cancer Virtual Lab (CVL) project, which aims to support oncology
research through the semantic integration of clinical data and scientific
evidence.

Our approach employs a templated conversion strategy, enabling
the definition of mappings in a standardized and declarative manner,
thus empowering users without technical expertise to concentrate on
the data model. In this study, we present a transformation pipeline de-
signed to convert large-scale oncology data into semantically enriched
FHIR resources. We demonstrate its feasibility by applying it to real-
world clinical records from IRST IRCCS (Istituto Scientifico Romagnolo
per lo Studio e la Cura dei Tumori) “Dino Amadori” in Meldola, Italy,
a recognized cancer research and treatment institute.

The transformation process was evaluated through both syntactic
and semantic validation, with the involvement of domain experts to
ensure clinical relevance and correctness.

The successful conversion demonstrates the capabilities of the
adopted transformation process to enhance semantic interoperabil-
ity and facilitate the reuse of real-world data. This work highlights
the feasibility of semantically transforming real-world oncology data
into standardized FHIR/RDF representations through a modular and
reusable pipeline. While it demonstrates high semantic fidelity and
supports advanced reasoning, its current application remains limited
to a single institution and a dataset of deceased patients. These con-
straints, along with the need for broader validation and performance
benchmarking, are discussed in detail alongside the observed benefits
of semantic enrichment and data quality enhancement emerging from
the transformation process.

The remainder of this manuscript is organized as follows. Section 1
introduces the clinical and technical context of the work, outlining
the motivation for adopting FHIR-based RDF representations to ensure
semantic interoperability in cancer data integration.
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Section 2 contains related works, Section 3 presents the architec-
ture of the transformation pipeline, emphasizing its modular design
principles-maintainability, incremental development, reusability, and
scalability-supported by Docker-based containerization. Section 4 de-
tails the semantic validation strategy that underpins the transformation
process, including the use of ontologies, RDF Schema,! and OWL?
constraints to ensure structural and logical consistency of the generated
RDF graphs. Section 5 reports the outcomes of the pipeline valida-
tion, showcasing quantitative metrics, ontology quality assessments,
and experimental insights into data completeness and refinement. Fi-
nally, Section 6 discusses the methodological contributions and current
limitations. Finally, Section 7 outlines directions for future extensions.

2. Related works

Recent advancements have underscored FHIR’s critical role in ensur-
ing transparency and reproducibility in health data pipelines, particu-
larly for Al-driven applications. Namli et al. introduced a scalable data
preparation pipeline using a declarative language to extract Al-ready
datasets from EHR data while ensuring traceability and compliance
with emerging regulations like the AI Act [7]. This approach highlights
the importance of transparent data transformation processes in creating
reproducible AI solutions, addressing challenges such as harmoniz-
ing hierarchical FHIR data into Al-compatible formats and handling
missing or irregularly sampled clinical data.

Emerging applications highlight FHIR’s adaptability in tackling
healthcare interoperability challenges. A scoping review also empha-
sizes FHIR’s expanding role in chronic disease management, including
cancer, cardiovascular diseases, and diabetes, within digital health
ecosystems [8]. A representative example is the beHEALTHIER plat-
form [9], which leverages a microservices-based architecture to man-
age and analyze large-scale healthcare data, including social and envi-
ronmental determinants, to inform public health policy—
demonstrating how standardized data pipelines can be effectively ap-
plied beyond oncology. Additionally, FHIR supports modular health-
care platforms that integrate diverse data sources to create standardized
Digital Twins (DTs) of patients [10]. These DTs provide semantic-
rich foundations for advanced healthcare applications, ensuring data
integrity while advancing patient-centric care.

Nowadays, most FHIR projects focus on developing FHIR-based data
infrastructure and pipelines designed to provide standardized data for
easy sharing and clinical analysis. These platforms’ key features should
prioritize incorporating tools facilitating semi-automated data integra-
tion and anonymization [11]. Building on these trends, Kouremenou
et al. proposed a standard-driven methodology for data modeling that
emphasizes the systematic analysis of core FHIR resources and ele-
ments to promote interoperability across diverse domains, including
beyond healthcare, and lays the groundwork for developing practi-
cal implementation guides enriched with Al capabilities [12]. Turki
et al. [6] have recently underscored the value of using the FHIR RDF
specification and developing health data as knowledge graphs in RDF?
format to create structured electronic health records, demonstrating
how this approach facilitates the representation of clinical information,
the semantic validation of biomedical data, and the application of
advanced reasoning techniques through SPARQL and machine learning.

In cancer clinical trials research, FHIR-based data pipelines facilitate
the automatic population of case report forms (CRFs). For instance, an
Electronic Data Capture framework was developed to model colorectal
cancer trials, demonstrating the feasibility of leveraging electronic
health record (EHR) data for real-world trials [13]. Another study

1 https://www.w3.org/TR/rdf-schema/.
2 https://www.w3.0org/OWL/.
3 https://www.w3.org/RDF/.
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Table 1
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Overview of the functional scope and methodological differences across reviewed studies, highlighting FHIR support, use of graph-based and semantic technologies,
mapping strategies, validation mechanisms, Al integration, and application domains.

Study FHIR support Graph-based Declarative mapping Semantic validation Al integration Application domain

[71 4 v v General EHR/AI

[9,16] v v General EHR, Ovarian cancer
[10] v v v Cancer survivorship

[12] v v General EHR

[6] v v Knowledge graph

[13,15] v v Colorectal cancer

[14] v v v v Prediction of Primary Cancers
[17] v Cancer survivorship

[18,19] v v Cancer Interoperability, Phenotypes
CVL v v v v Oncology, real-world data

explored cancer classification and prediction using genetic and pheno-
typic data extracted from oncology reports and EHRs. A network-based
infrastructure, integrating FHIR and the Resource Description Frame-
work (RDF), was employed to enhance predictive modeling through
machine learning and deep learning techniques [14]. Similarly, a col-
orectal cancer study utilized data extraction from CRFs, mapping rel-
evant elements to the FHIR cancer profile [15]. For ovarian cancer,
an interactive analytics platform, Shiny FHIR, was implemented, in-
corporating FHIR resources and R-based statistical tools to enable
dynamic data analysis [16]. Another initiative, the Cancer Survivorship
Interoperable Data Elements model, mapped survivorship-related data
elements to FHIR resources, promoting interoperability and secondary
use of patient data. This approach demonstrated the advantages of
combining FHIR-based models with machine learning while enabling
seamless integration with FHIR-based EHRs [17]. Moreover, a harmo-
nized FHIR-based data model was developed to align with German
cancer registry requirements, comparing XML-based representations
with the extended model of the German Cancer Consortium. The study
illustrated how multiple healthcare domains can be effectively struc-
tured using FHIR, enabling seamless integration with other standards
through embedded mapping annotations [18]. Additionally, another
FHIR-based model was proposed for integrating genetic data from
heterogeneous sources, supporting Phenome-Wide Association Studies
across institutions. This model enabled genotype-phenotype association
identification and validation through literature-based evidence [19].

These studies collectively highlight the potential of FHIR-based
frameworks in oncology for structuring, integrating, and analyzing
heterogeneous clinical and genetic datasets, fostering interoperability
and enhancing predictive analytics. Despite progress in this direction,
existing solutions face limitations, particularly in terms of portability,
code reuse, and maintenance [20]. Moreover, several approaches reveal
challenges arising from manual conversion and validation processes
and the use of internal mapping languages that hinder the sharing and
publishing of mappings [21].

To provide a clearer understanding of the functional scope and
methodological differences between the reviewed studies, Table 1 sum-
marizes the key characteristics of each approach, including support for
the FHIR standards, use of semantic technologies, mapping strategies,
validation mechanisms, Al integration, and application domain.

3. Transformation pipeline design and architecture

The proposed conversion pipeline adopts a modular architecture to
ensure semantic interoperability, scalability, and maintainability when
transforming conceptually heterogeneous oncology data into RDF-
based FHIR resources. This design supports the seamless transformation
of raw, heterogeneous oncology data into RDF-based FHIR resources
that are semantically enriched and interoperable. Each module encap-
sulates a specific functionality within the transformation workflow,
ensuring that the system remains adaptable, robust, and extensible
in complex clinical data environments. The design principles and
architectural choices are aligned with previous work on modular trans-
formation pipelines leveraging standard mapping specifications such as

the FHIR Mapping Language, which demonstrated the pipeline’s gen-
eralizability and effectiveness in real-world clinical scenarios beyond
oncology contexts [21], [22]. Modular architecture improves main-
tainability by isolating components and minimizing interdependencies,
thus confining the impact of modifications to individual modules, an
essential feature in the context of evolving clinical data models. Its de-
composition into autonomous units supports incremental development
and promotes effective collaboration among domain experts, develop-
ers, and ontologists. Furthermore, the design emphasizes reusability,
with core modules, such as the RDF template engine and ontology-
based validation tools, easily adaptable to diverse clinical domains
and datasets. Finally, clear separation of concerns improves testing
and debugging, enabling precise issue identification and facilitating the
rigorous validation of both transformation logic and semantic integrity.

To support this modular architecture, the pipeline employs Docker
containerization. Docker was chosen because of its ability to encapsu-
late each module within isolated, reproducible environments, ensuring
consistency across different systems and deployment scenarios. This
isolation aligns with the modular design by allowing independent
development, testing, and deployment of each component without
cross-module interference. Moreover, Docker enhances portability and
scalability, enabling the pipeline to run seamlessly across local, in-
stitutional, and cloud infrastructures, without imposing limitations on
storage or computational resources as the CVL project grows.

The following sections, as shown in Figs. 1 and 2 provide a detailed
walk-through of each stage in the transformation pipeline, Input, Re-
finement, Mapping, Validation, Graph Deployment, describing how raw
clinical data are ingested, semantically enriched, structurally aligned
with FHIR and domain ontologies, validated for consistency and com-
pleteness, deployed into a triple store, and finally augmented through
rule-based and ontology-driven inferencing.

The use of CSV at the input stage enabled a clean handoff be-
tween the institutional data unit, responsible for data extraction and
initial cleaning, and the semantic transformation logic developed down-
stream. This separation facilitated clear responsibilities and simplified
debugging. The adoption of FHIR-compliant JSON as an intermediate
format served a dual purpose: on one hand, it ensured alignment with
the FHIR standard and supported the possibility of integrating the
pipeline with FHIR-based infrastructures in the future; on the other, it
provided a structured, serializable, and easily validated representation
suitable for intermediate inspection and reusability.

The output was transformed into RDF in Turtle (TTL) format, which
offers both machine interpretability and human readability, and is
natively supported by the majority of RDF triplestore implementations.
These formats are not merely serialization choices, but enable indepen-
dent validation, partial execution, and error isolation. Persisting these
intermediate representations also supports resilience and traceability,
allowing the pipeline to recover from partial failures and facilitating
inspection during development.
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3.1. Input

The data are extracted from the hospital’s electronic medical records
using an ETL (Extract, Transform, Load) process. This process is im-
plemented through structured SQL queries executed within a business
intelligence environment, specifically using Qlik Sense.” During the
data processing phase, several tasks are carried out to ensure data
quality and compliance with ethical standards. The CVL project has
been approved by the IRST Scientific Board on 2024-02-13. These
include the dataset anonymization to protect privacy, the cleaning
of datasets to remove inconsistencies and erroneous entries, and the
standardization of variables to ensure uniformity across records and
facilitate subsequent analyses.

The dataset, sourced from a single institutional system with stan-
dardized workflows and unified coding, is inherently cleaner than
those from heterogeneous sources. Nonetheless, we addressed issues
like missing values, non-standard encodings, and inconsistent formats
through a multi-step preprocessing approach inspired by recent ad-
vances in healthcare data quality assurance. While we did not imple-
ment the full multi-layered cleaning stack by Mavrogiorgos et al. [23],

4 https://www.glik.com/it-it/products/qlik-sense.

our curated EMR context allowed for a streamlined process with high
semantic fidelity. Unlike more generalized frameworks such as the
ontology-driven approach by Kiourtis et al. [24], which targets multi-
format inputs, our focus was on aligning structured tabular clinical
data with the FHIR model. Still, our semantic preprocessing shares
conceptual similarities with ontology-driven containerization, pointing
to promising future convergence. Importantly, drawing from a single
standardized source reduced risks of selection or measurement bias,
and we intentionally avoided imputation or rebalancing techniques to
preserve the real-world distribution and ensure reliable downstream
analytics.

For the anonymization process, a statistical noise addition technique
is applied, ensuring continuity of the noise across related data variables
for each entity. This method was selected to balance data utility with
privacy protection, minimizing the risk of patient re-identification and
reducing the likelihood of individual recognition during data analysis.

The cleaning process involves a detailed inspection of each variable,
assessing the types of values originating from the raw data in the
electronic medical records. The quality of the information is eval-
uated, and fields with missing dates or missing essential variables
are excluded. The standardization process contributes to harmonizing
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categorical values, such as those related to TNM classification® and
staging. The diverse clinical concepts processed during this phase, such
as anamnesis, diagnosis, ESAS scores,® adverse events, procedures, and
drug administrations, are detailed in the tables presented in Appendix
B of the supplementary material.

3.2. Refinement

The refinement phase of the transformation pipeline, as shown in
Fig. 1a, is crucial in ensuring that raw data obtained from the input
phase is well prepared for subsequent mapping and integration.

While the Input phase focuses on the extraction and initial cleaning
of historical data within the institute’s ETL environment, the Refine-
ment phase works on the exported CSV files to enforce semantic
normalization, prepare complex fields, and assign consistent FHIR-
compliant identifiers across all related entities. Unlike the Input phase,
which is more tailored to the initial transformation of legacy datasets,
the Refinement step is designed to support future updates and real-
time data streams by enabling repeatable, structured enrichment and
identifier management prior to mapping.

This step involves several sub-steps, including reading input CSV
files, verifying data coming from the input phase, cleaning unsupported
formats when necessary, preprocessing complex or language-specific
fields (e.g., TNM or lifestyle habits), replacing local patient identi-
fiers with consistent FHIR identifiers, and updating bindings between
patients and associated resources.

The first step in refinement is the ingestion of CSV files, which serve
as the primary format for incoming clinical and research data. These
files originate from the input phase, which collects this data from dif-
ferent sources such as hospital records, medical reports and laboratory
analysis. Given the heterogeneity of these data sources, a fundamental
task is to verify whether the data has been sufficiently cleaned by
previous procedures. For instance, when preparing data for compliance
with the FHIR standard, specific mandatory fields must be present. In
case essential fields, such as diagnosis dates or identifier codes, are
missing, the row containing the missing information is excluded from
the next steps and flagged for correction. Fields containing unsupported
characters, instead, are cleaned and passed to the next step.

Another component of refinement is the preprocessing of complex
fields, where raw clinical information is transformed into structured,
analysable formats. This step primarily involves two types of records:
TNM and Physiological Anamnesis. TNM (Tumor-Node-Metastasis)
records (staging data obtained from the previous step) are initially
presented in a condensed format (e.g., “T2N1M1”), but are split into
separate values for the T, N, and M classifiers to facilitate easier
querying and improve interoperability with clinical decision support
systems. In the case of Physiological Anamnesis, both smoking attitude
and alcohol consumption are presented in a string format (“Si”, “No”),
which is language-dependent and specific to Italian. Both fields are
converted into a boolean format, less error-prone and well serializable.

An essential aspect of refinement is the generation of a new,
anonymized patient identifier and the systematic replacement of the
original identifier across all related resources. This process ensures
both data privacy and traceability, preserving internal consistency
while safeguarding patient privacy in compliance with ethical and
legal regulations. By ensuring that all connected resources correctly
reference the updated identifier, the pipeline maintains the integrity of
patient records without exposing personally identifiable information.

5 https://www.ncbi.nlm.nih.gov/books/NBK553187/.
6 https://pmc.ncbi.nlm.nih.gov/articles/PMC5337174/.
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3.3. Mapping

The mapping phase is responsible for converting raw tabular data
into structured, semantically enriched representations that adhere to
the FHIR standard. This process ensures that extracted clinical and re-
search data can be standardized, interoperable, and machine-readable,
facilitating integration with external healthcare systems, knowledge
bases and ontologies.

The mapping phase consists of two primary transformations:

1. CSV to FHIR JSON: structuring raw data into FHIR-compliant
JSON format, ensuring alignment with external ontologies and
healthcare standards.

2. FHIR JSON to FHIR RDF: further transforming structured records
into the FHIR RDF (Resource Description Framework), enabling
advanced semantic queries, linked data integration, and infer-
encing.

3.3.1. CSV to FHIR JSON: Structuring data

The first step in mapping involves converting flat, tabular CSV data
into FHIR-compliant JSON structures. CSV files, while widely used for
data exchange, lack relationships and semantic annotations, making
them difficult to integrate with complex healthcare models.

To address this, the ETL pipeline employs structured mapping rules
that align CSV fields with corresponding FHIR resource attributes,
ensuring that each data element is mapped to an appropriate standard
structure.

3.3.1.1. Structuring data with FHIR. To ensure data standardization and
interoperability, the proposed pipeline, as displayed in Fig. la at step
c.2, maps every entity to a specific FHIR R4 concept, resource classes
that encapsulate various aspects of the patient, including their clinical
history, examinations, and other relevant information that supports
oncological patient care. The key FHIR concept included in the Cancer
Virtual Lab project can be found in Table 2.

In the FHIR standard, certain concepts may correspond to multiple
distinct raw clinical entities, introducing ambiguity in semantic inter-
pretation. A representative case of this complexity can be observed in
the use of the Condition and Observation resources.

For the Condition resource, differentiation between types of
clinical phenomena — such as diagnoses and adverse event effects —
is achieved through the Condition.category field. Specifically,
a category value of “encounter-diagnosis” denotes a formal diagnosis
made during an encounter, whereas “problem-list-item” is typically
used to capture issues or unintended effects relative to adverse events.
This distinction enables semantic disambiguation while using the same
resource type.

A similar pattern emerges with the Observation resource, which
is versatile and capable of representing a wide range of clinical mea-
surements, assessments, and findings. To support disambiguation of the
varied semantic roles that Observation may play, FHIR provides
fields such as Observation.category and Observation.note.
These fields in combination — as shown in Table 3 — are often used
to infer the clinical intent or context of the observation,

This flexible schema, while powerful, necessitates careful inter-
pretation of categorical and supporting metadata fields to accurately
distinguish between observational contexts.

3.3.1.2. Mapping with external terminologies. To enhance the robustness
and standardization of the mapped data, the transformation process in-
corporates external biomedical terminologies, as described into step c.1
of Fig. 1a. These terminologies offer standardized codes and attributes
that enable the consistent interpretation and processing of clinical data
across different systems. Table 4 shows the utilized terminologies and
the mapped information.
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Table 2
Core FHIR resources and their associated clinical content as modeled within the Cancer Virtual Lab project.
FHIR concept Contained information
Patient Basic information about an individual receiving healthcare or other health-related
services.
Condition Diagnostic information and adverse effects of an administered ATC-classified

medication that have reached a level of clinical concern.

Observation Measurements and simple assertions made about a patient, such as biomarkers,
genetic variants, laboratory test results, physical and physiological assessments,
ECOG performance status, ESAS evaluations, and TNM staging classifications.

CarePlan Therapy based on a specified diagnosis.

Medication administration Administration of a specific active principle prescribed as part of a therapy.
Medication Administered active principle.

AdverseEvent An unintended adverse event that may occur following medication administration.
ChargeItem Clinical service delivered by a healthcare organization and accessed by a patient as

part of their care pathway.

Organization A healthcare organization or one of its departments.

Table 3
FHIR Observation disambiguation through Observation.category and Observation.note fields.
Observation Observation.category Observation.note
Biomarker Laboratory Marker
Variant Laboratory Variant
Laboratory test Laboratory Laboratory
Physiological history Social-history
ECOG performance status Survey ECOG performance status (SNOMED CT)
ESAS (Edmonton Symptom Assessment System) Survey Edmonton Symptom Assessment System (SNOMED CT)
Body measurement Vital-signs
Therapeutic response Therapy
TNM classification SNOMED CT Category codes
Table 4

Standard clinical terminologies used in the Cancer Virtual Lab project, including ontology references and the categories of information mapped to each
terminology.

Ontology name URL Mapped information
Anatomical Therapeutic Chemical https://bioportal.bioontology.org/ontologies/ATC + Administered medication
Classification (ATC)

Human Genome Organisation https://bioportal.bioontology.org/ontologies/HGNC + Variant gene names
(HUGO) Gene Nomenclature

International Classification of https://bioportal.bioontology.org/ontologies/ICD10 + Cancer sites

Diseases, Version 10 (ICD10)

Logical Observation Identifier Names https://bioportal.bioontology.org/ontologies/LOINC » Marker

and Codes (LOINC) + Variant

+ Laboratory test
- Patient gender

Medical Dictionary for Regulatory https://bioportal.bioontology.org/ontologies/MEDDRA + Adverse event effect grades
Activities Terminology (MedDRA)

National Cancer Institute Thesaurus https://bioportal.bioontology.org/ontologies/NCIT + Administered marker value
(NCIT) * TNM classification

+ Therapy lines and settings

SNOMED CT (SNOMEDCT) https://bioportal.bioontology.org/ontologies/SNOMEDCT + Diagnosis stage
+ ECOG values
+ Clinical service
» TNM classification
» ESAS symptom assessment
findings
» Drinker and smoker patient
+ Body measurement types
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Consistently with recent evidence showing that SNOMED CT,”
LOINC,® ICD-9/10,” UMLS,'° and RxNorm!!' are among the most com-
monly adopted terminologies in FHIR-based studies [25], our transfor-
mation pipeline relies on these widely used and standardized sources
to ensure maximum interoperability and alignment with current best
practices. When integrating FHIR resources with external terminolo-
gies, such as SNOMED CT, LOINC, or NCIT,*? it is often necessary to
bind data elements to standardized value sets to ensure semantic inter-
operability. However, a challenge arises because existing terminologies
do not always provide comprehensive coverage for all required data
values, particularly in domain-specific values.

For example, Cancer Virtual Lab data includes Lines of Therapy
beyond the 8th line, specifically the 9th and 10th, whereas the NCIT
framework currently only provides mappings for lines of therapy from
the 1st through the 8th. Similarly, concepts such as the Advanced
Therapy Setting are represented in the CVL data but lack corresponding
mappings within NCIT. Another case is the classification of stages
within Salvage Therapy: while Salvage Therapy itself is recognized and
mapped in NCIT, its individual stages are not yet specified. To address
this gap, as we can see in Section 3.6, we introduce an intermediary
class that accommodates both bound and unbound values. In this
model, the class may define fields that are optionally bound to a
terminology, allowing values to be either selected from a controlled
vocabulary or local codes when no appropriate standard term exists.
This hybrid approach enables flexibility in data representation while
preserving data standardization where available.

3.3.1.3. JSON file generation. Upon completion of the binding process
— both to internal FHIR resource structures and to external standard-
ized terminologies — the primary stage of the mapping process ends in
the generation of individual FHIR-compliant JSON files for each clinical
entity. To guarantee adherence to the FHIR specification, the pipeline
makes use of fhir:resources and fhir Python libraries. These
tools provide programmatic access to the FHIR meta-model, which
includes a detailed schema for all resource types. This ensures that the
mapping is not only structurally correct but also semantically accurate,
embedding clinical information within defined FHIR resource classes.

Although the pipeline is designed to process data in-memory to
maximize efficiency and reduce I/O operations, serialization of the
JSON output is performed as a backup strategy: persisting intermediate
representations to disk enhances data recoverability and reproducibility
of the transformation process. When dealing with large datasets, espe-
cially when managing frequent observations such as laboratory tests,
physiological history or symptom assessment, the generation process
incorporates a chunking mechanism. This strategy partitions the data
into smaller subsets, which are processed sequentially. Chunking is fun-
damental in optimizing memory usage, reducing processing overhead,
and enhancing the scalability of the ETL pipeline during high-volume
data transformations. Each persisted JSON file contains an array of
FHIR JSON nodes, like in Listing A.1.

3.3.2. FHIR JSON to FHIR RDF: Enabling semantic reasoning and linked
data

Once the data has been structured in FHIR JSON, the next trans-
formation (refer to step d of Fig. 1a) consists of converting it into
FHIR RDF. RDF is a graph-based format that enables semantic reason-
ing, knowledge graph integration, and linked-data queries. This trans-
formation is particularly useful in medical research, where complex
relationships can be inferred dynamically.

~

https://www.snomed.org/.

https://loinc.org/.

https://icd.who.int/browse10/2019/en.
https://www.nlm.nih.gov/research/umls/index.html.
https://www.nlm.nih.gov/research/umls/rxnorm/index.html.
https://ncithesaurus.nci.nih.gov/.
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3.3.2.1. FHIR identifier management. An important aspect of this trans-
formation is managing FHIR resource identifiers. Each FHIR resource
(e.g., a patient, observation, or medication record) must have a unique
and persistent identifier to maintain referential integrity within the RDF
dataset. Depending on the need to preserve links between different
entities, the pipeline handles identifiers in two different ways. In the
preferred scenario, identifiers are specified during the creation of FHIR
resources, a practice that allows the pipeline to preserve continuity and
traceability across different stages of data processing. This method en-
sures that entities remain logically consistent and semantically linked.
In cases where a predefined identifier is not specified, the pipeline
assigns a generic, randomly generated identifier. While this identifier
does not carry intrinsic semantic value, it guarantees that each resource
remains distinct and addressable within the RDF representation.

This approach ensures that the resulting semantic graph maintains
internal consistency and completeness, even in the face of heteroge-
neous, sparse, or partially anonymized input datasets.

3.3.2.2. TTL file generation. The outcome of the FHIR JSON to RDF
transformation phase is a Turtle file (.ttl) containing the RDF-encoded
representation of the dataset. This format serves as an important el-
ement for enabling semantic interoperability, facilitating tasks like
ontology-based reasoning and integration with external linked data
sources. The Turtle syntax'® is selected due to its compactness, readabil-
ity, and wide adoption within the Semantic Web community.'* Turtle
provides a human-readable yet syntactically structured format that sim-
plifies both manual inspection and debugging during development and
validation phases. Its structure allows for concise representation of RDF
triples, especially when dealing with nested nodes, which are common
in the FHIR resources model. Moreover, Turtle is natively supported by
most RDF processing frameworks and triplestores, facilitating seamless
ingestion and being supported by most knowledge graph platforms.

The generation of Turtle (.ttl) files is accomplished through a
Python-based toolchain, which ensures accurate translation of FHIR
resources into RDF representations. Specifically, the process relies on
two key libraries:

« fhirtordf, which performs parsing, validation, and trans-
formation of FHIR JSON files into RDF triples. This library
guarantees that the resulting semantic structure remains faithful
to both the FHIR data model and RDF syntax conventions.
rdflib, a widely adopted Python framework for working with
RDF data, is employed to instantiate a virtual RDF graph for
each processed JSON resource. It also handles the serialization
of these graphs into Turtle files, ensuring compatibility with
SPARQL engines and semantic repositories.

Each persisted Turtle file contains a set of triples for each entity,
like in Listing A.2.

This combination of tools allows for a scalable, standards-compliant
conversion pipeline, which paves the way to the loading step, as
described in Section 3.5.

3.4. Validation

The validation mechanism within our RDF conversion pipeline is
coupled with the semantic structure of the FHIR specification. As
specified in Section 3.3.2, the fhirtordf library is responsible for the
transformation of FHIR JSON resources into RDF graphs by invoking
the FHIRResource class, which in turn employs a preloaded FHIR
R4 metadata vocabulary (fhir.ttl) represented as an RDF Graph.
This ontology serves as a formal specification of FHIR classes, prop-
erties, and datatypes, and is fundamental to the validation process.

13 https://www.w3.org/TR/turtle/.
14 https://www.w3.0rg/2001/sw/wiki/Main_Page.
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For each resource instance, a FHIRMetaVocEntry is instantiated
based on its resourceType, providing a typed interface to query and
validate the resource’s structure. Validation occurs through several
mechanisms. First, the presence of the resourceType is checked against
the ontology to ensure it corresponds to a recognized FHIR class.
Subsequently, each JSON field is mapped to its corresponding RDF
predicate using the ontology, with RDFS.domain and RDFS.range con-
straints applied to validate the proper use of properties. The system
then verifies the RDF type of each predicate, ensuring consistency with
the expected OWL types and RDF Schema semantics. Finally, primitive
data types are validated against the FHIR model to determine the
appropriate xsd:datatype, which supports both default RDF literals and
FHIR-specific type mappings.

In case of inconsistencies, such as undefined properties, incorrect
types, or malformed structures, exceptions are raised during the con-
version phase, stopping the process and preventing invalid triples from
being serialized. Additionally, the vocabulary-based validation supports
inheritance and subclass relationships, allowing the system to resolve
predicates and constraints that are indirectly inherited from superclass
definitions in the FHIR ontology. This enables accurate modeling of
complex FHIR resources with nested components and extensions.

By being based on the OWL-based FHIR ontology, our pipeline
ensures semantic integrity and syntactic correctness of the RDF out-
put, laying a robust foundation for interoperability, inferencing, and
integration within Linked Data ecosystems.

3.5. Graph deployment

The last step of the CVL transinformation pipeline, as described in
Fig. 1a at step e, consists in deploying data in a knowledge graph.
All RDF files in Turtle format generated in the previous steps, along
with the Turtle file defining the ontology that models the domain
of the CVL project, need to be uploaded into a triple store. This
process ensures that both the domain-specific schema and instance data
are available for querying and reasoning within the same semantic
environment. The chosen platform for the Cancer Virtual Lab project
is Ontotext GraphDB.'> GraphDB has been selected due to its robust
support for standard semantic web technologies, including RDF, RDFS,
OWL, and SPARQL,'® ensuring full compatibility with the structured
data generated throughout the pipeline. It provides a comprehensive
REST API, which enables the automation of the bulk upload of RDF
data directly from Python scripts, thereby streamlining the integration
process into the pipeline. An important feature of GraphDB is its
integrated reasoning engine, which allows for the inference of implicit
knowledge based on the ontology’s axioms, enriching the dataset.
Additionally, GraphDB offers several SPARQL plugins that extend its
native query functionalities. Among them, the Time Functions Ex-
tension (OFN) plugin and the Provenance plugin were particularly
valuable. The OFN plugin extends SPARQL by providing advanced
time-based query operations, such as ofn:asDays(?duration)
and ofn:years-from-duration(?duration), where ?dura-
tion represents the difference between two dates. These functions
are particularly useful for handling temporal data, which is common
in oncology research, enabling complex date-based calculations. Mean-
while, the Provenance plugin facilitates the tracing and verification of
reasoning steps, ensuring transparency and the accuracy of the infer-
ence process. Thus, GraphDB provides a scalable, standards-compliant,
and feature-rich environment that fully supports the semantic inter-
operability and advanced reasoning needs of the Cancer Virtual Lab
project.

15 https://graphdb.ontotext.com/documentation/11.0/.
16 https://www.w3.org/TR/rdf-sparql-query/.
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3.5.1. Publishing pipeline

After the Turtle files are successfully uploaded, a set of SPARQL IN-
SERT queries is automatically executed to align the FHIR resources with
the corresponding concepts defined in the ontology. This alignment
ensures that the resulting RDF graph conforms to the domain model
and supports semantically enriched queries. In particular, these INSERT
operations not only establish class and property assertions but also add
human-readable labels (rdfs:label) for each FHIR resource, improving
data interpretability and enabling effective visualization within the
triplestore interface. Additionally, the SPARQL updates are used to
bridge semantic gaps by explicitly linking FHIR resources to concepts
from external ontologies that could not be directly encoded within the
FHIR structure. This allows for a richer and more expressive representa-
tion of the data, extending its semantic coverage beyond the constraints
of the original FHIR model. As detailed in Section 3.6, this automated
post-processing serves as a practical and necessary workaround for the
limitations of standard entailment rules, which are not fully compatible
with the nested structure and dotted property paths characteristic of
FHIR-based RDF. By materializing the necessary semantic relationships,
the system compensates for the lack of native reasoning support and
also resolves issues related to data visualization, since FHIR data, due
to their complex triple patterns, cannot be directly displayed within the
triplestore.

3.6. Reasoning

An initial objective of the CVL project was to exploit entailment
rules to automatically infer additional semantic relationships from
the RDF data, to enrich the dataset and enable more expressive and
ontology-driven queries. However, during the implementation phase,
it became clear that r-entailment rules—defined by Horst [26] and
natively supported by the chosen triplestore are not compatible with
the current data model.

This limitation depends on the structural complexity of FHIR-
encoded RDF, where entities are frequently represented using deeply
nested constructs and property paths expressed through dotted no-
tation (e.g., Thir:0Observation.component.valueString, as
shown in the alignment query in Listing A.3). While this encoding
reflects the FHIR specification, it presents significant challenges for
rule engines based on r-entailment, which are designed to operate on
simpler triple patterns. As a result, standard entailment mechanisms
are unable to parse or match such complex path expressions, making
them inadequate for reasoning over RDF graphs structured according
to the FHIR model. To address this issue, a complementary solution
was adopted in the form of automated SPARQL INSERT queries. These
queries are executed immediately after the RDF data and ontologies
are loaded into the triplestore and serve to explicitly assert the triples
that entailment would otherwise generate. The INSERT operations
enrich the existing dataset by adding semantic annotations, such as
rdf : type declarations or property alignments, that establish a direct
connection between the FHIR resources and the corresponding concepts
in the domain ontology. By the added rdf :type and properties, the
system overcomes the limitations of rule-based entailment and ensures
that semantic alignment is both accurate and operational within the
same RDF graph.

Nevertheless, GraphDB'’s built-in reasoner was employed in conjunc-
tion with a custom ruleset to perform additional reasoning tasks. In
particular, this setup enabled the inference of the DrinkerPatient
and SmokerPatient classes based on physiological anamnesis data.
Furthermore, the reasoner was effectively used to apply standard OWL-
based entailments, including constructs such as owl:equivalent-
Class, owl:subClassOf, owl:
subProperty0f, owl:inverse0f, as well as rdfs:domain and
rdfs:range.

This hybrid reasoning strategy — combining rule-based reasoning
with automated SPARQL assertions — allowed the system to maintain
reasoning capabilities that not only ensure semantic coherence but
also support the enrichment of knowledge available to researchers and
systems of ontology-aware analyses.
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Table 5
Summary of ontology quality metrics used to assess the CVL ontology across semantic accuracy dimension.

Metric title Description Value
Missing annotation labels Verifies if instances (CVL classes) lack labels 1.0
(rdfs:1abel).

White space in annotation Checks if labels are empty or consist only 1.0

of white spaces.

Datatype consistency

Ensures that the datatype of values follows 1.0

the correct format for xsd types.

Functional property violation

Verifies that a subject has at most one 1.0

object for each functional property.

Inverse functional property violation

Ensures each object has at most one subject 1.0

for each inverse functional property.

Domain constraint compliance

Ensures subjects of a property belong to the 1.0

declared domain class.

Range constraint compliance

Ensures objects of a property belong to the 1.0

declared range class.

3.7. Software and library choices

The software architecture was designed for portability, standards
compliance, and maintainability. Each pipeline module is containerized
using Docker, enabling reproducible deployment across local, insti-
tutional, and cloud environments. We used open-source components
compatible with HL7 FHIR and semantic web standards. Specifically,
the fhir.resources library was selected for modeling and validat-
ing FHIR resources in Python due to its broad version support and
built-in validation. For semantic enrichment, fhirtordf was used to
convert FHIR JSON into RDF, producing an rdflib graph for flexible
RDF manipulation and serialization. GraphDB was chosen as the triple-
store for its SPARQL 1.1 compliance, reasoning support, and plugins
for temporal and provenance-aware queries, key in oncology research.
Its adherence to W3C standards ensures long-term interoperability and
avoids vendor lock-in.

4. Semantic validation strategy

In this study, we present a set of comprehensive metrics designed
to evaluate the quality and consistency of the CVL ontology within
the context of semantic accuracy, consistency, conciseness, and defined
properties and classes compliance. These metrics are important for
ensuring that our ontology adheres to formal and semantic constraints,
improving its reliability.

The metrics used in this study are based on KGHeartBeat [27],
a community-shared open-source knowledge graph quality assessment
tool. KGHeartBeat allows for the quality analysis of a wide range of
freely available knowledge graphs, including those registered on the
LOD cloud and DataHub. We have implemented their queries, transi-
tioning from pseudocode to SPARQL queries to assess the ontology’s
quality.

The Semantic Accuracy section includes metrics such as the presence
of empty or white space-only annotation labels, ensuring that instances
are appropriately labeled. Furthermore, we verify the consistency of
data types within the ontology, ensuring that the values conform
to their expected types as per the ontology’s design. We also assess
whether functional and inverse functional properties are correctly im-
plemented, maintaining logical integrity by ensuring that subjects and
objects follow the constraints imposed by the ontology.

The Consistency metrics focus on detecting logical errors, such as
entities being assigned to disjoint classes or misplaced classes and
properties. These checks guarantee that the ontology does not violate
fundamental logical rules. Additionally, we evaluate the ontology for
the use of deprecated classes or properties, ensuring that all elements
are up-to-date and aligned with the latest ontology standards. Addi-
tionally, we examine whether undefined classes or properties are being
used, which would indicate a lack of clarity in the ontology structure.

In the Conciseness section, we assess both intensional and exten-
sional conciseness. Intensional conciseness addresses the redundancy of
properties defined with the same domain and range, while extensional
conciseness identifies redundant properties that may produce the same
effects through a concatenation of properties. These metrics are helpful
to remove duplications from the ontology and improve its overall
efficiency. Defined Classes Compliance and Defined Properties Compliance
metrics are employed to ensure that all defined classes and properties
in the ontology are being used effectively, with no unused elements
lingering in the ontology. By evaluating the ratio of unused defined
classes and properties, we can ensure that the ontology is both efficient
and fully leveraged.

The results of these metrics provide a comprehensive evaluation of
the ontology’s quality and are summarized in Table 5, Tables 6 and
7. This assessment serves as a valuable tool for ontology developers,
helping them to identify potential issues early and improve the overall
structure and usability of the ontology.

The results of the quality assessment, demonstrate the high semantic
and structural integrity of the developed ontology. Every metric yields
a perfect score of 1, indicating full compliance with the expected
semantic, logical, and structural standards. Specifically, the absence of
missing or whitespace-only annotation labels confirms the ontology’s
semantic completeness and attention to detail. Data type consistency
and the lack of violations of functional and inverse functional prop-
erty constraints highlight strong logical soundness. Similarly, complete
adherence to domain and range constraints, coupled with the absence
of entities assigned to disjoint classes or the use of deprecated or
undefined classes and properties, ensures the structural integrity and
correctness of the ontology.

From the perspective of conciseness, described in Table 7, the
ontology exhibits no intensional redundancy, reflecting an efficient and
optimized design. Among the evaluated metrics, Extensional Conciseness
yielded a score of 0.97, indicating a minor degree of redundancy in
property paths with equivalent semantic implications. Upon closer in-
spection, this result stems from the coexistence of two distinct relation-
ship paths in the knowledge graph: cvl:Patient — cvl:Diagno-
sis and cvl:Patient - cvl:Therapy -
cvl:Diagnosis.

Although these paths converge semantically by ultimately link-
ing patients to diagnoses, their structural differentiation is intentional
and domain-justified. In oncology data modeling, direct associations
between a patient and a diagnosis, as well as indirect associations medi-
ated through therapeutic interventions, represent semantically distinct
contexts. Maintaining both paths within the ontology preserves critical
information about the provenance and clinical significance of each link.

The Defined Classes Compliance metric returned a score of 0.96,
indicating that 3 out of 86 declared classes (namely cvl:Variant,
cvl:LaboratoryTest, and cvl:Service) are currently unused
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Table 6
Summary of ontology quality metrics used to assess the CVL ontology across consistency dimension.
Metric title Description Value
Entities as members of disjoint classes Verifies if entities are assigned to disjoint classes, which 1.0
is logically incorrect.
Misplaced classes Checks if classes are used as properties, which is 1.0
semantically incorrect.
Misplaced properties Verifies if properties are used as rdf:type values, which 1.0
is incorrect.
Use of members of deprecated classes or properties Measures the use of deprecated classes or properties. 1.0
Undefined classes Verifies if there are classes used without being defined 1.0
(rdf:type without owl:Class).
Undefined properties Verifies if there are properties used but not defined as 1.0

rdf:Property.

Table 7
Summary of ontology quality metrics used to assess the CVL ontology across
conciseness dimension.

Metric title Description Value

Intensional conciseness Identifies duplicate properties with the 1.0
same domain and range.

Extensional conciseness Identifies redundant properties with the 0.97
same effect, even in compound paths.

Defined classes compliance Verifies how many declared classes are 0.96
never used in any instances.

Defined properties Verifies how many defined properties 0.62

compliance are never used in any triples.

in any instance data. This design decision is deliberate and reflects
a forward-compatible modeling strategy. These classes were explic-
itly included in the ontology to anticipate future expansions of the
dataset and to ensure the structural readiness of the knowledge graph
for the upcoming integration of genomic data, laboratory diagnostics,
and service-level metadata. The Defined Properties Compliance met-
ric yielded a score of 0.62, reflecting that 31 out of 120 declared
owl:DatatypeProperties are not currently instantiated in any
triple. This outcome stems from the intentional inclusion of proper-
ties designed to support future data integration efforts. Specifically,
these unused properties are associated with the newly defined but
not yet populated classes cvl:Variant, cvl:LaboratoryTest,
and cvl:Service, which have been introduced into the ontology to
accommodate forthcoming data extensions. The presence of these prop-
erties ensures schema completeness and semantic readiness, enabling
a seamless and semantically consistent evolution of the graph as new
clinical and molecular data are incorporated.

Overall, these results attest to the high semantic and technical qual-
ity of the ontology, positioning it as a reliable and robust foundation
for advanced knowledge graph applications, ontology-driven reasoning,
and semantic interoperability in complex data ecosystems.

5. Pipeline validation

The evaluation of the transformation pipeline was conducted by
analyzing entity-level correspondence across the three main stages of
the process: raw input data, intermediate FHIR representations, and
final CVL-aligned RDF entities. As detailed in Table 8, each of the
16 clinical entities, ranging from Patient and Condition to more
granular constructs such as Observation and Procedure, was
tracked through its transformation trajectory. The results demonstrate
a perfect one-to-one mapping across all stages: the number of FHIR
resources and CVL entities generated precisely matches the initial count
of raw entities for each category. This outcome confirms the structural
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and semantic integrity of the pipeline, indicating that no entity loss,
duplication, or semantic drift occurred during the conversion. The
fidelity of the transformation ensures that the resulting knowledge
graph preserves the granularity and completeness of the source data,
establishing a robust foundation for downstream reasoning, integration,
and analytical tasks.

Beyond ensuring structural fidelity across the transformation stages,
the pipeline also served as a diagnostic tool for assessing data complete-
ness and consistency. During the mapping of raw entities to standard-
ized FHIR and CVL representations, the process revealed previously
unregistered clinical instances, particularly in the domain of pharmaco-
logical treatments. Specifically, several administered drugs were found
to be absent from the initial reference database, either because they
represented newly approved medications or because existing pharma-
ceutical codes had been updated over time. These discrepancies, which
became apparent through the normalization and validation steps, en-
abled a systematic revision and augmentation of the original drug
registry. As a result, the curated database expanded from an initial 152
entries to 176 entries, representing a 116% increase and significantly
enhancing its coverage. This outcome highlights the bidirectional value
of the transformation pipeline: not only does it standardize and encode
the source data into semantically rich formats, but it also acts as a
quality control mechanism that supports the continuous evolution and
refinement of foundational data assets.

In addition to the currently mapped clinical entities, we have proac-
tively implemented transformation logic for three additional classes
of entities: Laboratory Tests, Healthcare Services, and Genetic Variants.
Although these entities are not yet utilized in the current version
of the transformation pipeline, their early integration into the data
model reflects a forward-compatible design strategy. By formalizing
their structure and embedding them within both the FHIR and CVL
semantic layers, we have laid the groundwork for future data ingestion
and alignment.

6. Discussion

The starting point of this work was a clinical database, from which
tabular data in CSV format were extracted through an ETL process.
These CSV files contained clinical records without explicit relationships
between entities. The initial request from domain experts was to pro-
vide structure and semantic meaning to these records, enabling data
integration and reuse in research. This challenge led to the design of a
semantically enriched transformation pipeline based on FHIR and RDF,
capable of turning flat, disconnected data into a coherent knowledge
graph.

Several insights emerged during the development and implementa-
tion of the pipeline. First, the ETL phase required substantial manual
effort to extract, clean, and restructure data from the EMR source
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Table 8
Entity-level correspondence across transformation stages. Each clinical entity was traced from raw input to FHIR and CVL RDF representations.

Raw entity FHIR resource CVL entity Mapping
Entity # Concept # CVL Class # %
Physiological history 3.869 Observation 3.869 cvl:Physiological history 3.869 100,00
Active substance 176 Medication 176 cvl:ActiveSubstance 176 100,00
Diagnosis 19.464 Condition 19.464 cvl:Diagnosis 19.464 100,00
ECOG status 141.134 Observation 141.134 cvI:ECOGStatus 141.134 100,00
ESAS Symptom assessment 225.148 Observation 225.148 cvl:Symptom assessment 225.148 100,00
Adverse event 37.741 AdverseEvent 37.741 cvl:AdverseEvent 37.741 100,00
Adverse event effect 37.741 Condition 37.741 cvl:AdverseEvent effect 37.741 100,00
Biomarker 5.171 Observation 5.171 cvl:Biomarker 5.171 100,00
Patient 36.335 Patient 36.335 cvl:Patient 36.335 100,00
Body measurement 214.590 Observation 214.590 cvl:Body measurement 214.590 100,00
Department 48 Organization 48 cvl:Department 48 100,00
Response 73.892 Observation 73.892 cvl:Response 73.892 100,00
Administration 308.736 Medication administration 308.736 cvl:Administration 308.736 100,00
Therapy 20.220 CarePlan 20.220 cvl:Therapy 20.220 100,00
TNM 7.205 Observation 7.205 cvl:TNM 7.205 100,00
TNM Classification 20.089 Observation 20.089 cvl:TNM classification 20.089 100,00

systems. While the semantic modules were reusable and standardized,
the ETL logic had to be tightly coupled with the local data environment,
underscoring the importance of contextual adaptation.

Second, the success of the pipeline relied heavily on interdisci-
plinary collaboration. Clinical experts, data engineers, and ontologists
worked closely to define mappings, validate semantic correctness, and
ensure the clinical relevance of the transformed data. This collabora-
tive model was essential for navigating the complexity of real-world
oncology data and aligning technical implementation with medical
understanding.

Despite its strengths, the pipeline was tested and validated on
data from a single institution, and only for deceased patients due
to institutional privacy constraints. This limits the dataset’s diver-
sity and raises generalizability concerns. While the architecture is
modular and reusable, key components, particularly the ETL layer,
were adapted to the local data environment. Broader adoption will
therefore require regulatory adjustments, patient consent mechanisms,
and multi-institutional validation to ensure portability and confirm
scalability.

7. Conclusions and future directions

The implementation of the FHIR-based transformation pipeline
within the Cancer Virtual Lab project has demonstrated the feasibil-
ity of converting large-scale, heterogeneous oncology data into stan-
dardized, semantically enriched RDF representations. The modular
architecture supports scalable integration, semantic coherence, and
reuse across clinical and research domains. Our results show successful
transformation of over one million clinical records from more than
36,000 patients into interoperable FHIR resources, with integrated
syntactic and semantic validation processes and expert review ensuring
technical correctness and clinical relevance. The pipeline also enabled
detection of incomplete or outdated data, highlighting its role in data
harmonization and quality improvement, as well as institutional data
governance. Using RDF facilitates ontology-based reasoning, advanced
querying, and Al-driven analytics, with GraphDB supporting temporal
and provenance-aware queries critical for oncology research. Although
currently focused on core clinical entities, the pipeline is designed to
support future expansion to additional data classes such as laboratory
observations and genetic variants. Technically validated within a single
institution, the pipeline’s containerized, modular design supports scal-
ability and deployment across multiple sites. The RDF graph enables
both SPARQL and natural language queries, enhancing data accessibil-
ity, and serves as a basis for knowledge graph embeddings useful in
biomedical informatics.
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Future work includes multi-center validation and extension to other
healthcare domains, leveraging the extensibility of the FHIR standard
and alignment with FAIR principles and initiatives like the European
Health Data Space. Looking ahead, we plan to develop semi-automated
terminology alignment tools to reduce manual mapping effort and
accelerate pipeline configuration. Current literature on this topic is still
limited, and automation will be key to achieving scalable semantic in-
teroperability. This pipeline addresses diverse stakeholder needs, from
clinicians and researchers to data scientists and IT professionals. While
this work has been validated within a single institution, the pipeline is
already technically equipped to scale across multiple clinical sites. Its
modular and containerized architecture, along with the clear separa-
tion between local ETL logic and reusable semantic modules, supports
deployment in heterogeneous environments. Future work will include
empirical validation in multi-center settings to assess portability and
performance.

In conclusion, this work offers a replicable strategy to bridge raw
clinical data and semantically interoperable knowledge graphs, vali-
dated in a real-world oncology context, thus laying the groundwork
for secondary data use and cross-institutional research aligned with
evolving digital health ecosystems.
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Appendix. Code examples fhir:0Observation.effectiveDateTime [

fhir:value "2012-06-30"""xsd:date
15
fhir:0bservation.status [

fhir:value "registered"

{ fhir:Dbservation4subjeCt [

"resourceType": "Observation", fhir:link <http://hl7.org/fhir/Patient/6> ;
"status": "registered", fhir:Reference.reference
"category": [ fhir:value "Patient/24754"
]
"coding": [ 15 )
{ fhir:Resource.id [
"system": "http://terminology.hl7.org/CodeSystem/ fhir:value "0Olcl4bal-4bf8-41f8-a0f3-1ceab5b8d8a67"
observation-category", 1.
"code": "survey",
"display": "Survey"

Listing A.2: Example of a Turtle (.ttl) file generated from FHIR JSON
resources. The file encodes RDF triples corresponding to clinical entities

3,
{
"coding": [
"system": "http://snomed.info/sct",
"code": "423740007",
display": "ECOG performance status PREFIX fhir: <http://hl7.org/fhir/>
] PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>
3 PREFIX cvl: <http://irst.emr.it/cvl/>
PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
n ".
C‘,’,‘izd'in{,,, [ INSERT {
g ?observation rdf:type cvl:Response ;
" - . . " rdfs:label 7label ;
”igEZ?W ;42§§§géégfn°med'1nfO/SCt ’ cvl:response_code 7codeUri ;
nqi I ; _ " cvl:response_value ?value ;
display": "ECOG performance status grade 0 cvl:response_date 7effectiveDateTime
s
! WHERE {

3,
"subject": {
"reference": "Patient/24754"

?observation a fhir:0Observation ;
# Filter only responses
} fhir:0Observation.category/fhir:CodeableConcept.coding/
"l . . we o _aR_ann fhir:Coding.code/fhir:value "therapy" ;
3 effectiveDateTime": "2012-06-30 fhir:0Observation.effectiveDateTime/fhir:value 7
effectiveDateTime ;
fhir:0Observation.component/fhir:0Observation.component.
code/fhir:CodeableConcept.coding/fhir:Coding.
system/fhir:value 7codeSystem ;

Listing A.1: Example structure of a persisted FHIR-compliant JSON

file generated by the pipeline. The file contains an array of FHIR fhir:0Observation.component/fhir:0Observation.component.
. . . . code/fhir:CodeableConcept.coding/fhir:Coding.code/
resource instances, illustrating the outcome of the mapping process fhir:value ?codeValue ;
: . 1s . . fhir:0Observation.component/fhir:0Observation.component.
with chunked serialization for scalable processing code/fhir:CodeableConcept . coding/fhir:Coding.

display/fhir:value ?codeDisplay ;
fhir:0Observation.component/fhir:0Observation.component.

valueString/fhir:value ?value ;
fhir:Resource.id/fhir:value 7resourceld

# Creation of the label

@prefix fhir: <http://hl7.org/fhir/> . BIND (CONCAT ("Response: ", ?7codeDisplay, " - Date: ", STR(?

@prefix sct: <http://snomed.info/id/> . effectiveDateTime)) AS 7label)

@prefix xsd: <http://www.w3.org/2001/XMLSchema#> . BIND (IRI(CONCAT(STR(?codeSystem), ?codeValue)) AS 7codeUri)
¥

<http://hl7.org/fhir/Observation/0lcl4bal-4bf8-41£8-a0f3-1
ceabb8d8a67> a fhir:0bservation ;

fhir:nodeRole fhir:treeRoot ; Listing A.3: Example of an ontology alignment query using dotted FHIR
fhir:0Observation.category [
fhir:index "0""“xsd:integer ; RDF property paths.

fhir:CodeableConcept.coding [
a <http://terminology.hl7.org/CodeSystem/
observation-category/survey> ;
fhir:index "O""“xsd:integer ;
fhir:Coding.code [
fhir:value "survey"

1 . . I
fhir:Coding.display [ Appendix B. Structured representation of clinical concepts and

fhir:value "Survey" .
], v source data fields
fhir:Coding.system [
fhir:value "http://terminology.hl7.org/
CodeSystem/observation-category" See Tables B.9-B.15.

fhir:index "1""“xsd:integer ;
fhir:CodeableConcept.coding [

a sct:423740007

fhir:index "0""“xsd:integer ;

12
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Table B.9

List of fields per IRST entity. The number of rows indicates the dataset size

for each entity.

IRST entity (rows) Fields

Physiological history < Patient ID
(3.869) « Alcohol consumption (Y/N)
« Smoke (Y/N)

Active substance « ATC code
(176) « ATC description

Diagnosis (19.464) « Diagnosis ID

« Patient ID

« Site description
« Site ICD10 code

« Diagnosis date

« Clinical stage
« Pathological stage
« Clinical TNM value

« Pathological TNM value

ECOG status
(141.134)

« Patient ID
« ECOG value
« ECOG date

Symptom assessment ¢ Patient ID
(225.148) - Fatigue
« Depression
« Pain
+ Nausea
* Anxiety

« Drowsiness

« Loss of appetite

« Malaise

« Breathing difficulty

« ESAS assessment date
« ESAS assessment time

+ Administration ID

« Toxicity description

- Toxicity grade description
- Toxicity grade description
+ Administration date

Adverse event
(37.741)

Laboratory test (0) -+ Patient ID
« Laboratory exam code
« Laboratory exam description
« Laboratory result value

« Reference range minimum
* Reference range maximum

« Unit of measurement
« Laboratory exam date

Biomarker (5.171) « Patient ID
« Marker description
« Operation date

« Marker value

Patient (36.335) « Patient ID
« Gender
« Birth date

« Death date

Body measurement < Patient ID

(214.590) * Body measurement date
* Weight
« Height
Service (0) « Patient ID « Category 1 code

+ Department code
« Service code

« Price

* Quantity

« Category 2 code
« Category 3 code
* Service date

Department (48) « Department code

« Department name

Therapy response « Patient ID

(73.892) « Response value

« Response date
Administration « Therapy ID
(308.736) + Administration ID

« ATC code
« Administration date

Therapy (20.220) « Therapy ID

« Patient ID

« Line of therapy
« Therapy setting

« Therapy site ICD10 code

« First administration date
« Last administration date

Variant (0) « Patient ID
« Gene
* Variant

« Variant 2

« Amino acid change
« Varianti classification
* Genetic exam date
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Table B.10

Diagnosis stage values and associated number of instances.

Diagnosis stage

Number of instances

NULL 16,720
0 14
I 330
1A 33
1B 63
(¢ 3
I 134
IIA 335
1B 229
1IC 9
111 129
1A 169
II1B 188
IIIC 222
v 873
IVA 7
IVB 3
IvC 3
Table B.11

Therapy setting values and associated number of instances.

Therapy setting

Number of instances

NULL

Adjuvant therapy
Advanced therapy
Concomitant with radiotherapy
Consolidation therapy
Induction therapy
Maintenance therapy
Neoadjuvant therapy
Salvage therapy 1
Salvage therapy 2
Salvage therapy 3
Salvage therapy 4
Salvage therapy 5
Salvage therapy 6
Salvage therapy 7
Salvage therapy 8
Salvage therapy 9
Salvage therapy 10

155
1284
16,465
22
12
775
100
675
387
172
104
39
16

= o N U O

Table B.12

Line of therapy values and associated number of instances.

Line of therapy

Number of instances

NULL

Line of therapy 1
Line of therapy 2
Line of therapy 3
Line of therapy 4
Line of therapy 5
Line of therapy 6
Line of therapy 7
Line of therapy 8
Line of therapy 9
Line of therapy 10

3890
7541
4191
2289
1130
586
287
148
85
50
26

Table B.13

Tumor size (T) values and associated clinical and pathological instances.

T value Number of clinical instances Number of pathological instances
NULL 35,683 35,537

TO 5 11

T1 86 158

Tla 5 65

T1b 14 149

Tlc 51 249

T2 567 621

(continued on next page)
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Table B.13 (continued).

T value Number of clinical instances Number of pathological instances
T2a 20 55
T2b 19 46
T2c 9 9
T3 938 858
T3a 15 129
T3b 30 112
T3c 11 40
T4 785 413
T4a 38 95
T4b 93 86
T4c 6 2
T4d 21 3
Tis 4 18
TX 528 272
Table B.14

Spread to regional lymph nodes (N) values and associated clinical and patho-
logical instances.

N value Number of clinical instances Number of pathological instances
NULL 35,704 35,629
NO 450 1188
N1 683 737
Nla 10 121
N1b 15 32
Nlc 0 5
N2 911 408
N2a 13 62
N2b 12 29
N2c 4 4
N3 386 172
N3a 1 58
N3b 4 10
N3c 13 5
NX 222 468
Table B.15

Presence of distant metastasis (M) values and associated clinical and patho-
logical instances.

M Value Number of clinical Instances Number of pathological instances
NULL 35,327 35,599
MO 1047 2089
M1 2273 310
Mila 9 24
M1b 19 17
Mlc 31 27
MX 222 310
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