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A B S T R A C T   

Rare disease data is often fragmented within multiple heterogeneous siloed regional disease registries, each 
containing a small number of cases. These data are particularly sensitive, as low subject counts make the 
identification of patients more likely, meaning registries are not inclined to share subject level data outside their 
registries. At the same time access to multiple rare disease datasets is important as it will lead to new research 
opportunities and analysis over larger cohorts. To enable this, two major challenges must therefore be overcome. 
The first is to integrate data at a semantic level, so that it is possible to query over registries and return results 
which are comparable. The second is to enable queries which do not take subject level data from the registries. 
To meet the first challenge, this paper presents the FAIRVASC ontology to manage data related to the rare disease 
anti-neutrophil cytoplasmic antibody (ANCA) associated vasculitis (AAV), which is based on the harmonisation 
of terms in seven European data registries. It has been built upon a set of key clinical questions developed by a 
team of experts in vasculitis selected from the registry sites and makes use of several standard classifications, 
such as Systematized Nomenclature of Medicine - Clinical Terms (SNOMED-CT) and Orphacode. It also presents 
the method for adding semantic meaning to AAV data across the registries using the declarative Relational to 
Resource Description Framework Mapping Language (R2RML). To meet the second challenge a federated 
querying approach is presented for accessing aggregated and pseudonymized data, and which supports analysis 
of AAV data in a manner which protects patient privacy. For additional security the federated querying approach 
is augmented with a method for auditing queries (and the uplift process) using the provenance ontology (PROV- 
O) to track when queries and changes occur and by whom. The main contribution of this work is the successful 
application of semantic web technologies and federated queries to provide a novel infrastructure that can readily 
incorporate additional registries, thus providing access to harmonised data relating to unprecedented numbers of 
patients with rare disease, while also meeting data privacy and security concerns.   

1. Introduction 

Exchange of healthcare data between people, organizations and 
services, is seen as a key factor in achieving quality patient care and 
enabling novel clinical research [2,23]. Yet, health care data remains 
fragmented and siloed [14,15,25]. Of the data that is digitized, it is 
rarely standardised from the perspective of data interoperability, 
meaning it does not adhere to any particular standardised terminologies, 
schema or syntax [25]. This is true for healthcare registries which store 

patient data regarding specific diseases, as there is still a lack of stan
dardization across registries [4]. Without a process of harmo
nisation/normalisation of registries, data analytics over multiple 
registries is not possible, as the structure and semantics of the data may 
differ. 

Ontologies have been recognised as an effective approach to support 
interoperability of medical data [8,20] and many have been developed 
to meet the requirements of different areas of health care [11], such as 
those made available over BioPortal1 and the Open Biological and 
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Biomedical Ontology (OBO) Foundry.2 Ontologies make use of the Web 
of Data,3 which is an initiative to make data open and interconnected, 
stored and shared across the World Wide Web using a well established 
architecture, the semantic web stack [32]. Central to this is the concept 
of Linked Data, a way of structuring and sharing data on the web based 
on the Resource Description Framework (RDF). By defining data models 
using semantic web technologies, it becomes possible to make data 
schemas available using standard web access mechanisms, e.g. 
Hyper-text Transfer Protocol (HTTP). 

Once a data schema is described and published using an ontology (or 
as an RDF vocabulary), it resides on the web and any data described 
using LD can be associated with this ontology (or vocabulary) so that the 
semantics of the data are open and freely available to a global audience. 
Combined with the SPARQL Protocol and RDF Query Language 
(SPARQL), an RDF query language, publishing data in this manner 
provides a powerful tool for sharing and re-using data and has the po
tential to provide improved support for interoperability across health 
care data. 

Anti-neutrophil cytoplasmic antibody (ANCA) associated vasculitis 
(AAV) is a serious systemic autoimmune disorder characterized by blood 
vessel inflammation and destruction. The clinical symptoms are varied, 
ranging from skin rash to severe involvement of the kidneys and lungs. 
Despite advances in the treatment of AAV improving the rate of survival, 
the disease is often relapsing. Patients are at risk of serious complica
tions both from the disease and treatment. It therefore has a high 
morbidity, placing a heavy burden on the patients and healthcare sys
tems [26]. However, AAV is rare, with a European annual incidence of 
around 20 per million inhabitants [21]. Patient numbers are therefore 
small in any given country. As a sufficiently large number of observa
tions are required for reliable statistical inference of patient data, the 
small cohort sizes in existing AAV registries are a major barrier to 
clinical research. This makes the publication of data especially relevant 
for rare diseases, such as AAV. 

Added together, over 6000 vasculitis cases in different European 
clinical registries have previously been identified related to AAV [3], of 
which the majority are AAV cases. Under the auspices of the FAIRVASC 
project4 AAV data from seven registries is being brought together to 
identify features (clinical and physical characteristics, etc.) that predict 
how a patient’s illness will develop, and what their major health risks 
are. These registries are; Ireland’s Rare Kidney Disease (RKD) registry, 
the United Kingdoms(UK) UKIVAS registry, the French Vasculitis Study 
Group registry (GVEF), the Czech Registry of ANCA-associated vascu
litis, the Polish Vasculitis Registry (POLVAS), the GEVAS Germa
n/Austrian/Swiss registry and Sweden’s Skåne Vasculitis Register. The 
different registries vary with respect to the data elements captured, 
representation and structure of the data, data about provenance, and 
they describe diverse patient populations. 

The aim of this work is therefore to determine if the application of a 
methodology and set of technologies can support federated queries over 
sensitive patient data across multiple rare disease registries. The 
resulting framework should be flexible and extensible so as to be 
applicable to any registry. We set out to demonstrate this through the 
development and implementation of the FAIRVASC ontology, mappings, 
and infrastructure for supporting federated queries across seven AAV 
registries. This requires harmonisation of the heterogeneous data sets 
into a unified view of the data, the FAIRVASC ontology. As the medical 
data about patients is of a sensitive nature, and data governance legis
lation discourage its movement across organisational or national 
boundaries, only anonymised data within each registry can be exposed. 
A combination of local access control and project-wide code-of-practice 
for data governance is therefore required. This is partially addressed 

during the uplift process, by pseudo-anonymising data before it is con
verted into RDF and also at the query level through the use of federated 
queries, and by limiting the types of queries, so that subject level data is 
aggregated. 

In this paper we present the first iteration of the FAIRVASC ontology, 
which is an ontology for managing data related to AAV and which ad
heres to FAIR principles,5 meaning that data be findable, accessible, 
interoperable and reusable. It has been developed within the context of 
larger European Union wide initiatives to coordinate activities which 
overcome challenges related to data fragmentation of European medical 
registries, such as the European Joint Programme on Rare Diseases (EJP 
RD), which aims to improve healthcare for rare disease patients. EJP has 
developed a virtual platform architecture, i.e. a service oriented eco- 
system of interlinked web services, to foster and facilitate research in 
the rare diseases domain. They identified five key services related to; 
authentication and authorization, services for discovery and elaboration 
of rare disease data, services to request and access data, services for 
dataset enhancement (e.g. pseudonymization) and services for making 
resources FAIR for federated use, e.g. catalogues of ontological models 
for RD data and metadata. One of the core design principles of EPJ is to 
support a federated architecture (so registry data can remain on site) 
which a: adheres to General Data Protection Regulation (GDPR) from a 
resource perspective and b: fosters sustainability of the decentralized 
components. EPJ relies on use case driven design, and a strong emphasis 
on the use of common data representations, such as ontologies and their 
reuse. The work within this paper fits well into the overall architecture 
of the EPJ. 

The FAIRVASC ontology development is built upon a set of core 
competency questions to drive research into AAV. These were identified 
by experts in AAV across the pilot registries. The paper presents the 
methodology for developing the ontology, in particular the harmo
nisation of data terms across registries and alignment with available 
ontologies. It also presents discussion of the mappings used to ‘uplift’ 
tabular data (CSV files) into RDF using the Relational to Resource 
Description Framework Mapping Language (R2RML) along with a set of 
SPARQL queries for performing federated queries over the resulting data 
sets. By using federated queries which aggregate patient data (i.e. 
returning counts of patients rather than subject level data), combined 
with an uplift process into local RDF registries which is tailored towards 
anonymization, the approach ensures sensitive data is not exposed in 
queries. Finally we give our findings regarding the development of the 
ontology, discussion and future work, and finally, conclusions. 

2. Background and related work 

To address the two major challenges identified to enable queries over 
large cohorts of rare disease patient data, this section first introduces 
some of the background related to clinical registries from the perspec
tive of data interoperability and examples of generic and domain specific 
ontologies in the biomedical domain. Next it explores efforts to enable 
federated queries over clinical data using semantic web technologies. 

2.1. Clinical registries and data interoperability 

Clinical registries are databases for collecting and storing informa
tion about the health of patients. They are important for monitoring 
disease and recording evidence regarding treatment and service delivery 
on health outcomes. They are generally developed for specific types of 
diseases, e.g. cancers, cardiovascular disorders, etc. and are increasingly 
used to support medical research, providing data for randomized clinical 
trials. The collection of real world data supports research through the 
generation of research hypotheses, facilitating descriptive studies and 
health service research [16]. 

2 http://www.obofoundry.org/.  
3 https://www.w3.org/2013/data/.  
4 https://fairvasc.eu/. 5 https://www.go-fair.org/fair-principles/. 
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Modern clinical registries can have sophisticated data dictionaries 
which describe the organization and logical structure of patient data, 
allowing structured data to be captured in a standardised manner. These 
tend to be developed for single registries in an ad hoc manner and so 
there is a broad lack of standardization across registries [4]. Therefore, 
to support, for example, data analytics across multiple registries, a 
process must be undertaken to harmonise and normalize the registry 
information at a semantic level. This is essential if one wishes to use and 
integrate data accurately from multiple registries in a meaningful way. 

Two critical tasks towards this goal are first, to harmonise the defi
nition of data elements and their corresponding values and second, to 
uplift/convert the data into a structure that adheres to this harmonised 
schema or enable queries that adhere to that schema [24]. To support 
standardised definitions of terminologies in clinical registries several 
terminologies and ontologies have been developed. Terminologies give 
definitions for terms in a specific domain, such as biomedical informa
tion. Ontologies share a similar goal as terminologies, i.e. to enable 
communication and knowledge sharing between human (or computer) 
agents, but differ in that they include a specification of terms and their 
meaning along with additional semantics such as relationships between 
concepts, defined using a formal (or semi-formal) language, such as the 
Web Ontology Language (OWL).6 Ontology formality has two advan
tages over terminologies, firstly the use of reasoners which can infer 
knowledge and check the ontology consistency and second the use of 
ontology query languages (e.g. SPARQL) which allows data to be 
returned on relationships via predicates, inherent graph structure and 
triples [35]. An important concept in ontology engineering (see section 
3) is reuse of existing ontologies. In the next section, several popular 
terminologies and ontologies relevant to clinical registries and AAV are 
explored. 

2.2. Clinical terminologies and ontologies 

A key resource within the biomedical informatics domain which 
brings together several important terminologies, classifications and 
coding standards to support interoperability between computer systems, 
is the Unified Medical Language Systems (UMLS) repository, developed 
by the United States National Library of Medicine. Examples of popular 
terminologies for clinical repositories are the Systematized Nomencla
ture of Medicine - Clinical Terms (SNOMED-CT) and the International 
Classification of Diseases (ICD) [5]. Several other popular standard 
terminologies are also available on BioPortal,7 such as the Medical 
Dictionary for Regulatory Activities Terminology (MedDRA), the 
Orphanet Rare Disease ontology (ORDO) and others. Here we describe 
some of the more popular terminologies and ontologies that are relevant 
to clinical registries which host clinical registries for rare diseases, such 
as AAV registries. These terminologies and ontologies are currently in 
use in some of the registries which have been analysed as part of the 
development of the FAIRVASC ontology, for example RKD and the Eu
ropean Vasculitis Society (EUVAS)8 model registry. 

SNOMED-CT is a comprehensive collection of medical terms 
providing codes, terms, synonyms and definitions used in clinical 
documentation and reporting. It has seen wide use in over 50 countries.9 

The SNOMED-CT ontology on BioPortal contains over 350 thousand 
concepts. These cover a wide range of classes, such as body structures, 
clinical findings, environment and geolocation, events, organisms, etc. 
There is no OWL version of SNOMED-CT available for download, as it is 
imported directly into BioPortal as RDF from the UMLS format [5] using 

Python scripts10, so it is not an easy process to analyse the ontology. It is 
possible, though, with the appropriate UMLS license, to download the 
SNOMED Release Format 2 (RF2) file, and convert this using an open 
source toolkit.11 

Several challenges have been identified when implementing 
SNOMED-CT. These are related to, for example, its accuracy, such as 
lack of coverage of terms, ambiguity of terms, syntactic consistency and 
issues related to missing relations and concepts combined with a com
plex hierarchy [18]. For successful implementation, Lee et al. [18] have 
highlighted the need for engagement with clinicians during the devel
opment phase, and the inclusion of terminology experts, analysts, cli
nicians and programmers to ensure both clinical and technical 
viewpoints are represented. This type of engagement when integrating 
services, can help inform the harmonisation process, as ultimately the 
data required is driven by the needs of these different stakeholders. Due 
to SNOMED-CT’s large coverage of clinical terms, along with its popu
larity, it remains a good candidate standard for supporting interopera
bility. It should be noted though that use of SNOMED-CT is subject to the 
International Health Terminology Standards Development Organization 
(IHTSDO) Affiliate license provisions. This makes it free to use in 
IHTSDO Member territories, in low income countries, and for Qualifying 
Research Projects in any country.12 

Another ontology of note is the Medical Dictionary for Regulatory 
Activities Terminology (MedDRA), developed in 1994 by the pharma
ceutical industry is a standard for recording and reporting adverse re
actions to drugs, and applies to all phases of drug development for 
humans, and to the health effects and malfunction of devices. The 
MedDRA ontology on BioPortal lists over 75,000 classes, including signs 
and symptoms, diseases, diagnoses and, medical procedures, etc. As 
with SNOMED-CT, terms in MedDRA may have multiple classifications. 
There is an issue therefore with the choice of a specific MedDRA clas
sification for an adverse reaction as it may not be self evident. As with 
other medical classifications, subjectivity plays a role and different users 
may interpret the classifications differently. Another issue with MedDRA 
is that infections may be either coded by the type of microorganism 
responsible or the bodily location of infection. For example, in our 
exploration of MedDRA some ambiguity was found when classifying 
“Pneumocystis infection” which is a subclass of “Fungal infectious dis
orders”, as this has no relationship to its location in the lungs. This be
comes a problem then if one wishes to count the number of lung 
infections, for example, that occurred for patients, as a query would not 
pick up Pneumocystis. It is important to consider these limitations when 
using standards such as MedDRA to ensure that classifications and re
lationships that may be relevant, are not lost. 

The Orphanet nomenclature (ORPHAcode) is a resource to improve 
the diagnosis, care and treatment of patients with rare diseases and was 
developed by the French National Institute for Health and Medical 
Research (INSERM) in 1997. It is organised in a multi-hierarchical 
classification system arranged in three hierarchical levels: Group of 
disorders, Disorder, and Subtype of a disorder. It is also available as the 
Orphanet Rare Disease ontology (ORDO) on BioPortal, which includes 
over 14,000 classes and can be downloaded as OWL. It integrates a 
nosology (classification of rare diseases), relationships (gene-disease 
relations, epidemiological data) and connections with other terminol
ogies (SNOMED CT, UMLS, MedDRA), and classifications (ICD-11), as 
well as databases. The WHO’s commitment to including Orphanet into 
ICD-11, demonstrates its applicability going forward as a source for data 
related to rare diseases. Together, these standards and ontologies have a 
large scope and cover a wide range of terms which are relevant to AAV 
and can therefore play an important role in supporting interoperability 
with other data sets. 6 https://www.w3.org/OWL/.  

7 https://bioportal.bioontology.org/.  
8 https://vasculitis.org/.  
9 https://web.archive.org/web/20120210230029/http://www.ihtsdo.or 

g/news/article/article/meaningful-use-quality-performance-measures-benefit- 
from-new-snomed-ct-public-good-use-policy. 

10 https://github.com/ncbo/umls2rd.  
11 https://github.com/IHTSDO/snomed-owl-toolkit.  
12 https://www.nlm.nih.gov/healthit/snomedct/snomed_licensing.html. 
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While previous ontologies have been created to address general 
health domains such as disease and diagnosis, body structures, adverse 
reactions, drugs, etc., there have been efforts to develop domain specific 
ontologies. An example of this is the domain specific ontology for 
adverse reactions (DSOAE), developed and applied specifically to 
chronic kidney disease (CKD) [33]. DSOAE builds on the Ontology of 
Adverse Events (OAE) by providing formal definitions of adverse re
actions in relation to a specific disease, e.g. hypoglycemia as experi
enced by CKD patients. This domain specific data may not be available 
in existing more general ontologies without domain adaptation. DSOAE 
is designed to help support both data analysis, for example using 
ontology inference, and data integration, for example by providing clear 
semantics when converting free text or to integrate heterogeneous data 
sources with mappings and translations. DSOAE demonstrates the need 
to develop domain specific semantics, and how existing ontologies can 
be reused and extended. DSOAE though is developed without the input 
of domain experts, and has yet to be evaluated with real world data. 
Also, it does not explore any of the potential issues when working with 
patient data related to privacy and security of data, which is an 
important consideration for patient level data. 

The Chronic Kidney Disease Ontology (CKDO) is an ontology pri
marily to describe clinical features associated with CKD [8]. It was 
developed from a study of the Royal College of General Practitioners 
(RCGP) Research and Surveillance Centre (RSC) database in the United 
Kingdom, and has primary care data from 109 General Practitioner (GP) 
practices across the United Kingdom, comprising a total population of 
around 1.8 million patients. It includes concepts specific to CKD 
organised according to the following categories: diagnosis, clinical ex
amination finding, investigation, treatment, procedure, complication of 
care, and process of care. CKDO is also available on BioPortal and lists 
280 classes. These classes were identified from an analysis of the UK 
National Health Service Read v2 hierarchy of terms and Read Code 
Browser Version 20.0, and reviewed by three consultant nephrologists, 
and two clinical informatics experts. The CKDO provides a detailed 
taxonomy of terms related to kidney disease, although the vast majority 
of terms (240) lack any definition and there are no relations defined 
between the different concepts. This has the potential to lead to ambi
guity, which could result in wrong classification for those wishing to use 
this ontology. The Kidney Tissue Atlas Ontology (KTAO) is another 
example of a domain specific ontology [1]. KTAO has been developed in 
the context of the Kidney Precision Medicine Project (KPMP), which sets 
out to address common forms of kidney disease. They review several 
ontologies for modelling aspects related to the kidney, such as the Cell 
Ontology, UBERON, and Human Phenotype Ontology, concluding that 
gaps exist within these, as kidney specific terms can be inaccurately 
represented, synonyms may be missing, or taxonomic classification 
require reorganization. To address these gaps, KTAO sets out to logically 
represent the relations among gene markers, phenotypes, diseases, cell 
types, and anatomic entities to support modelling of common forms of 
kidney disease. By reusing terms from existing Open Biological and 
Biomedical Ontologies, KTOA deepens the granularity of terms 
describing kidney structure, function, and disease. The ontology is 
available on BioPortal and contains over 9900 classes. The main 
contribution of KTAO is that it supports modelling molecular data, to 
define novel subtypes of current (and currently insufficient) disease 
classifications. Due to the wide range of terms in the ontology though, it 
was found to be overly engineered for the specific needs of AVV regis
tries. They also do not explore possible alignments with other well 
known standards in the biomedical domain, such as SNOMED-CT, as a 
potential candidate for capturing aspects relevant to kidney disease. 

The FAIRVASC ontology is also domain specific for AAV and is 

developed with the help of seven domain experts based on seven AAV 
registries. It makes use of the previous mentioned SNOMED-CT and 
ORDO ontologies to provide additional semantics where required. As it 
is built with a strong alignment to existing registries, the FAIRVASC 
ontology is light weight compared to some of the other reviewed domain 
specific ontologies, e.g. KTAO, but by taking the ontological approach, 
future alignments with this ontologies are possible, if required. 

2.3. Federated query approaches in biomedical domain 

With the growth of big data, federated queries have been suggested 
as a solution to the problem of integrating and querying large distrib
uted, heterogeneous data sources. Most solutions collect data about the 
main characteristics of the heterogeneous data sets, and then rely on a 
global ontology to describe different terms and the relationships be
tween those terms [17]. Within the semantic web, most available tri
plestores now support federation at their endpoints and provide web 
access interfaces to enable this, e.g. Fuseki, GraphDB, Stardog. The 
federated query system then provides a unified access interface to the 
different data sources. Those data sources expose their endpoint, while 
keeping full autonomous control over how their data is represented 
internally. However, a federated query must be expressed using a global 
schema and then either a) the data is represented in a manner consistent 
with a global schema, or b) a mechanism must exist for transforming the 
query into a local query which will work on the internal data source. The 
latter approach requires query parsing, optimization, execution and 
result conciliation. Ultimately, a mapping must be created between the 
global and local query. The main benefit of query conversion is that it 
avoids redundancy of data, as the original data source is untouched. 
However, where sensitive data is concerned, it may be necessary to only 
expose a subset of the full data source and to pseudonymise, in which 
case the management of the mapping between the common/global 
query and the local query becomes increasingly complex. In the former 
approach, the data itself must be mapped onto a representation consis
tent with the global schema. When converting the underlying data 
source, it is also possible to expose only the relevant data and this 
method therefore provides control over what data is exposed at the 
endpoint and thus can provide security when it comes to sensitive data. 

Within the biomedical domain, a number of research efforts have 
explored different federated querying approaches. Weber [31] explores 
the use of federated queries for integrating data at a national level over 
different clinical research data repositories. They developed a frame
work for addressing challenges related to; functional and temporal 
equivalence (can registries process the same queries, do they cover same 
data ranges), data release synchronicity (how to deal with registries 
updating data at different times), ontological equivalence (is there a 
shared vocabulary), semantic discernibility (e.g. is a complication date 
the date it actually occurred, or merely the date it was recorded), system 
availability (the time a registry is available), population overlap (are 
patients recorded twice in different registries) and data access restriction 
(are there specific requirements of a person wishing to query the data). 
Using this framework they evaluate data from Harvard’s four-site 
Shared Health Research Information Network (SHRINE). One of their 
key findings is that variability among sites in a small network must be 
addressed by conforming to a common set of features, date ranges, on
tologies, and data access restrictions. However, this variability can be an 
asset in a large network as it is more likely that researchers find a subset 
of data in the registries that is most appropriate for their queries. 
Federated query approaches should therefore take this into account and 
provide a level of flexibility and extensibility in their methodology so 
that networks of federated registries can grow over time and perhaps 
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even provide levels of semantics, so that specific queries can be satisfied 
for subsets of the total number of registries. 

González-Beltrán et al. [13] applied an ontology-based solution for 
querying distributed databases storing data about cancer, where the 
ontological description drives the creation of the federated query. They 
make use of a federated Local-As-View approach to data integration by 
defining mappings from distributed data sources to a global-schema, 
which is realised by the National Cancer Institute (NCI) Thesaurus 
ontology describing the cancer domain. The ontology is used to provide 
unambiguous meaning to the data sources. However, it is not currently 
used to provide a unified view for querying the data sources. Their 
approach specifically looks at the conversion of high level domain-based 
queries, to enable localised querying of a single or multiple resources. 
They have successfully built and evaluated the performance of a web 
based query building tool using their approach. One potential weakness 
of the approach is that there does not appear to be any domain level 
expertise to validate the query mappings, which could potentially result 
in wrong mappings where, as often is the case, ambiguous terms are used 
with an existing taxonomy. Also, as this approach does not set out to 
address patient level data, it also does not explore any issues related to 
GDPR, in particular, data privacy and security of data. 

Sima et al. [27] propose an ontology-driven linked data integration 
architecture using SPARQL and leveraging virtual links. A virtual link is 
an intersection data point between two data stores. The links are 
required in order to enable federated queries, given that they act as join 
points between the federated sources. This was tested over three bio
informatics databases containing: evolutionary relationships among 
genes across species (OMA), curated gene expression data (Bgee) and 
biological knowledge on proteins (UniProt). The UniProt data set was 
already available in RDF, but a conversion process took place for both 
OMA and Bgee, resulting in only a subset of data being converted to 
RDF. This process also required the development of the GenEx 
ontology13 for mapping Bgee genetics data. Ontop [6] was used to 
implement Ontology Based Data Access (OBDA) over the Bgee relational 
database (see section 3.5 for more discussion on ODBA). The OMA data 
was converted using a hybrid approach that combines materialization 
and a possible RDF graph virtualization for the sake of semantic 
enrichment and knowledge extraction.14 The paper provides an evalu
ation of the performance of a set of 12 typical federated queries and 
demonstrates how conversion of data into RDF can support federated 
queries over three heterogeneous data sets. Virtual links also provide a 
means for supporting query development when dealing with data sets 
which represent multiple domains of biological knowledge. Perfor
mance of queries was within seconds even when dealing with large data 
sets (UniProt RDF release comprises >55 billion triples). These are open 
data sets though, and as such the paper does not set out to address issues 
related to sensitive data, such as patient level data. 

In [34], Yu and Weber explore the issues related to federated queries 
of large stores of patient electronic health records (EHRs) with a focus on 
balancing accuracy and privacy. They propose a method using Hyper
LogLog (HLL) probabilistic sketching algorithm which uses a hash 
function that maps patients to a random number between 0 and 1, and 
then estimates the number of patients who match a query by keeping 
track of just the minimum hash value. This approach avoids some of the 
potential attacks related to hashed patient identifiers, e.g. dictionary 
attacks and multi-party computation (MPC) and homomorphic encryp
tion techniques, which can be computationally complex. Also, ap
proaches which share data back and forth between federated sites can be 
unreliable, due to the unreliable nature of federated queries. Yu and 
Weber are careful though not to endorse a one size fits all approach, as 
different applications and institutions will have different needs, but by 
providing analysis of the different presented approaches, they provide a 

means for assessing the approach best suited for a particular use case in 
terms of performance. 

Collectively, we can see here a range of different approaches to 
supporting federated queries, and these range from mapping data to 
mapping queries, or hybrid approaches, as well as research efforts into 
considerations when dealing with sensitive data (Table 1). In the rest of 
this paper we explore the approach taken to data integration and 
federated query support for FAIRVASC, and the reasoning behind the 
decisions made. The paper sets out to provide a clear methodology for 
generating a global data schema (ontology), mappings to covert local 
data into data that adheres to this schema, and development of federated 
querying which enables data integration while ensuring a sufficient level 
of privacy and security is maintained for sensitive data. AAV registries 
have several requirements which make using the data uplift approach, 
which maps the data into a representation which adheres to a global 
schema, more beneficial. These will be explained more in the next sec
tions, but is related to the scope of the data in the registries (i.e. no 
requirement for integration of data from other domains for example), 
and the sensitivity of the data, meaning that exposure of the full data
base is not an option when exposing patient data for federated querying. 

3. FAIRVASC: an ontology for ANCA associated vasculitis 

3.1. Methodology for ontology development and semantic uplift 

Several methodologies have been developed to support ontology 
development. These include the older Methontology [12] and On To 
Knowledge [30] developed during the late 90s and early 00s, to the 
more recent NeON (an update of Methontology) [29] and Simplified 
Agile Methodology for Ontology Development (SAMOD) [22]. NeON 
takes a very broad look at ontology development, satisfying several 
different approaches within the one methodology. SAMOD takes a more 
refined approach, inspired by the Test-Driven Development process in 
software engineering. 

FAIRVASC focuses specifically on AAV and does not (yet) require 
interlinking with other medical data sets and, as it is developed under 
the direction of domain experts across seven European registries, our 
methodology borrows from SAMOD guidelines. These highlight the need 
to keep the number of entities low, with a focus on the most relevant 
concepts first, the avoidance of unnecessary semantic structure, and the 
provision of self-explanatory entities. Combined with these guidelines, 
we apply the existing standard methodology for ontology development, 
developed by Stanford University.15 This involves iterative cycles, each 
consisting of defining the scope (a set of key competency questions, see 
section 3.2), exploration of existing ontologies and vocabularies for 
reuse, enumeration of terms, definition of classes, properties and con
straints, and finally the creation of instances (see Ref. [20] for a 
graphical representation of these steps). 

As the ontology covers several registries, it was important to include 
experts from each registry in the process of ontology development, as 
recommended when integrating with SNOMED-CT (Lee et al. [18]). 
Three teams were created to support the ontology development (see 
Fig. 1). The first team of experts (at least one representative from each 
registry) in vasculitis formed the Query Implementation Team (QIT), 
tasked with developing competency questions and the human readable 
form of queries. These are later turned into SPARQL queries for querying 
the data (number 2 in Fig. 1). Two additional teams were created to 
support data analysis and harmonisation called the Harmonisation 
Implementation Team (HIT), and implementation of the mappings and 
SPARQL queries, called the FAIRVASC Implementation Team (FIT). 

The FIT has one member from each registry with IT background who 
were tasked with implementing the ontology (classifications, and 

13 https://biosoda.github.io/genex/.  
14 https://qfo.github.io/OrthologyOntology. 

15 https://protege.stanford.edu/publications/ontology_development/ontolog 
y101.pdf. 
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relations), the mappings to generate RDF and the installation of the 
registries’ local triplestore (section 3.5 and 3.6). In the following sec
tions the different steps of the methodology, described here [20] and 
above as applied to the FAIRVASC ontology development are discussed 
in more detail. 

3.2. Determine the scope - development of high level competency questions 

Competency questions are natural language questions outlining and 
constraining the scope of knowledge to be represented in an ontology. 
These questions were formalized as specific SPARQL queries (see section 
3.6). The questions presented here cover the first iteration of the 
FAIRVASC ontology development (version 1) and should not be 
considered an exhaustive list of questions required of the ontology. The 
QIT team identified two key areas of importance for AAV, one related to 
exposure and the second related to outcomes. The following variables 
representing exposures of key importance to the FAIRVASC ontology 
were identified: age, gender, ANCA auto-antibody subtype,16 AAV 
diagnosis,17 affected organ pattern,18 induction treatment,19 

maintenance treatment20 and serum creatinine level at presentation21 

Variables related to important clinical outcomes: Death, End-stage kid
ney disease, serious complication such as severe infection, cancer and 
cardiovascular disease. Questions took the form of “What number of 
patients died, stratified by age, gender, main diagnosis, and ANCA 
specificity?”. Once these questions were defined, the next step was the 
analysis of the data registries to identify what data within the registries 
can be used to satisfy them. 

3.3. Data analysis 

The data analysis phase consists of two parts, the analysis of the 
registries and then a harmonisation process across the registries. 

Table 1 
Federated querying in the biomedical domain.   

Central Ontology/ 
Ontologies 

Query 
Mapping 

Data 
Mapping 

Use of domain 
experts 

Implemen-ted Query 
Tool 

Address Data 
Sensitivity 

González-Beltrán et al. 
(2012) 

x x   x  

Sima et al. (2019) x x x  x  
Yu and Weber (2019)      x  

Fig. 1. Overview of interaction between FAIRVASC implementation teams.  

Table 2 
Sample of the Irish RKD data dictionary.  

Variable 
Name 

Form Name Field 
Type 

Field 
Label 

Choices 

patient_id patient text Patient 
Id  

gender baseline 
_characteristics 
_common 

dropdown Gender 1, Male — 2, 
Female — 3, 
Undetermined  

16 AAV is associated with a type of auto-antibody that can be identified using 
techniques such as enzyme-linked immunosorbent assay (ELISA) and immu
nofluorescence (IF). These ANCA’s can be of different class depending on the 
type of antigen target they bind to, such as myeloperoxidase (MPO) and pro
teinase 3 (PR3). 
17 AAV is an umbrella term for the diagnoses; Granulomatosis with Poly

angiitis (GPA), Microscopic Polyangiitis (MPA), Eosinophilic Granulomatosis 
with Polyangiitis (EGPA) and Unclassified ANCA associated vasculitis.  
18 Many organs can be impacted by AAV.  
19 Induction treatment is a treatment to initiate disease remission, i.e. an 

absence of signs or symptoms of active disease. 

20 Maintenance treatment is treatment to maintain disease remission.  
21 Serum creatinine is a blood test and clinically used as a marker of kidney 

function. Presentation creatinine level is a patients serum creatinine level at 
AAV diagnosis. 
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3.3.1. Analysis of the data registries to inform ontology development 
The seven data registries (Ireland, UK, France, Germany, Sweden, 

Czech Republic, and Poland) provided both a data dictionary and a set of 
sample data, i.e. simulated data generated for testing purposes. The data 
dictionaries are spreadsheets or CSV files which list semantics about 
different terms in the registry. These are generated depending on the 
particular implementation of the registry at the pilot. For example, in the 
case of the Irish RKD registry, the data dictionary was generated by a 
REDCap database.22 

REDCap is a commonly used solution which provides a database 
server (built on MySQL). The “schema” file can be exported as CSV. The 
Irish registry, which uses REDCap, focuses on the structure of forms for 
data entry, i.e. forms related to patient data, encounters, baseline 
characteristics, etc. and so the generated schema reflects this. Table 2 
shows a snippet of the schema, with two terms “patient_id” and 
“gender”. The columns given here are the name of the term “Variable 
Name”, the related form “Form Name”, patient and baseline character
istics common, the “Field Type”, text or dropdown, the field label (in the 
form) and, in the case of a dropdown, the list of possible values. The 
other data registries also generated data dictionaries, which varied in 
the types of column names reflecting their own internal database 
structure. For example, in the case of the German registry (GeVas) the 
dictionary had several separate CSV files each for different areas such as 
demographics, disease diagnosis, etc. whereas the output for RKD was a 
single CSV for all data. 

The first step of analysis was therefore to become familiar with the 
terms available, and how they align with the competency questions. The 
sample (simulated) patient data, for testing purposes, was also provided 
as CSV files, where the column names correspond to terms in the data 
dictionaries. 

3.3.2. Data harmonisation: enumerating terms, class and property 
definitions 

Data dictionaries did not always align perfectly with the simulated 
data provided, so a good understanding of the column names in the 
simulated data, and the types of values that were being stored in cor
responding cells, was required. From the initial analysis a set of 
harmonised terms were identified by the core HIT team. Several 
fundamental terms were easy to harmonise, such as year of birth, 
gender, and main diagnosis. Patient ID required an agreement between 
the registries on creation of a dedicated FAIRVASC patient ID, providing 
some harmonisation in the representation of Unified Resource Identi
fiers (URIs). These were then presented to the full HIT team who signed 
off on these terms. For more complex areas of the registries, e.g. disease 
complications, specific sessions were devoted to discussing the harmo
nisation of terms across registries. Table 3 shows the outcome of these 
discussions for a subset of values related to complications. 

The table gives several columns: the first column “Generic Normal
ised Term” is the term which covers the largest number of registries, e.g. 
the SNOMED-CT code for “Respiratory tract infection 275498002” can 
be satisfied by 5 registries (second column value) and subsumes 
“Pneumonia”, “Respiratory system and lungs”, “Lower Respiratory 
Infection”, “Upper respiratory tract infection”, “pneumocystis jirovecii 
infection” etc. across the registries.23 If any of these are given as an in
fectious complication, the value will generate a corresponding RDF 
triple for “Respiratory tract infection”. The table indicates that a row is 
part of a generic term by the two colour coding. The green cell colour 
indicates that a particular values is present in a registry. 

The third column “Specific Normalised Term” gives a more specific 
mapping, which can be satisfied by registries. Again, these were mapped 
to SNOMED-CT codes. We also provide a mapping for all registries 

which indicates simply whether an infectious complication occurs, as 
some registries provide no granularity on the nature of infection. This 
flexible approach then allow for queries which can cover a range of 
registries, with differing levels of granularity, mapped to SNOMED-CT. 
This process was applied to a range of different types of complica
tions, including also malignancies, thromboembolic and cardiovascular 
disorders. Mappings were also made for recording blood test results, 
organ pattern, diagnosis, death, end stage kidney disease and Birming
ham Vasculitis Activity Score (BVAS).24 The next section introduces the 
ontology developed as a result of this process. 

3.4. The FAIRVASC ontology 

After the process of harmonisation was complete, the outcomes were 
documented in a specification document (available here25) and inte
grated into the FAIRVASC OWL ontology. The ontology was developed 
using Protégé,26 a tool for ontology development; see Fig. 2 for a 
snapshot of the FAIRVASC class structure in Protégé. Each class (those in 
bold are FAIRVASC classes, the others belong to the BVAS ontology), its 
relationships and data properties were defined using this tool. The 
ontology has 9 top level classes (ignoring BVAS), 13 overall, 9 object 
properties, and 24 data properties. Top level classes are; Patient, Patient 
Overview, Diagnosis, Clinical Outcomes, Encounter, Clinical Test and 
Organ Pattern. A definition of each of these and how they are related to 
each can be seen in Table 4. 

The key subject in FAIRVASC for all data registry records is the Pa
tient. Patient level data has been limited to their gender and year of 
birth, to avoid data which could potentially be used to identify them. 
Each patient has a relation to their Patient Overview, their Encounters 
and Complications. The Patient Overview gives details about the 
patient’s disease characteristics over the course of the disease, but has 
no temporal aspect, i.e. no timestamp recording when these details were 
taken, whereas Encounters and Complications can include values 
taken over the course of the patient’s disease and therefore include a 
timestamp. Therefore a patient may have multiple encounters and 
multiple recorded complications, whereas they would have a single set 
of values for organ patterns classes as part of Patient overview, which 
have accumulated over the course of their disease. Table 5 gives an 
example of data properties for the class Diagnosis, which is related to a 
Patient via Patient Overview using the object property hasDiagnosis. It 
should be noted that wherever a data type is a URI, this indicates that 
there has been a direct mapping with another available ontology (e.g. 
ORDO or SNOMEDT-CT). These are also available along with the object 
properties, etc. in the online documentation for the ontology. 

3.5. Semantic uplift (generating RDF instances) 

Once an ontology was created, RDF instances were generated from 
the data in each registry, published, and then made available for 
querying. This required the conversion of the non-RDF tabular data into 
Linked Data based upon semantic-web technologies. This is called se
mantic uplift [10]. The mapping of data can take one of two approaches. 
The first is a direct mapping approach which reflects the structure of the 
tabular data, is implemented by an algorithm and requires no mapping 

22 https://www.project-redcap.org/.  
23 It should be noted, a translation also took place where cell values were 

given in a foreign language, e.g. Polish. 

24 The FAIRVASC ontology imports the Birmingham Vasculitis Activity Score 
(BVAS) classes from a related ontology developed in parallel with FAIRVASC. 
This is not covered in this paper but was developed to standardise the repre
sentation of BVAS scoring across the registries as RDF.  
25 https://fairvasc.eu/2021/09/03/fairvasc-registry-legal-metadata- 

profiles-have-been-captured/.  
26 https://protege.stanford.edu/. 
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file to be created, but is then only meaningful to those who understand 
what is contained in the initial tabular data schema. The second is a 
declarative mapping approach allowing one to relate structure of the 
tabular data to vocabularies. 

Declarative mappings using, for example, the World Wide Web 

Consortium (W3C) standard for declarative mappings, called R2RML,27 

allow one to declare how data from the non-RDF resources should be 
transformed into RDF, while relying on the underlying relational data
base technology (usually SQL) to manipulate the data. R2RML is a lan
guage for defining mappings between tabular data and RDF graphs. 
Mappings can include target vocabularies, so that, for example, columns 
in a table can be assigned specific definitions given by existing vocab
ularies on the web. This is a powerful tool to enable the use of common 
vocabularies to describe data sets, and for bringing semantics to tabular 
data through conversion to RDF. 

When working with a database, it is possible to implement declara
tive mappings in two ways. The first is to use Ontology Based Data Ac
cess (OBDA) [28] and the second is to make use of a processor to convert 
the data into RDF and upload it into an RDF triplestore [10]. The former 
approach supports queries over the conceptual ontology and then, based 
on the declarative mappings, converts these into an appropriate query 
for the underlying database. Open source tools such as Ontop [6] are 
available for OBDA. This approach though does not work with tabular 
data in the form of CSV files which were required for FAIRVAS registries. 
Therefore, the first approach was taken and an R2RML processor was 
employed to convert the tabular CSV data into RDF. 

The R2RML mappings were developed by the FAIRVASC Imple
mentation Team (FIT) in an incremental fashion following the harmo
nisation efforts of the HIT. As each new aspect of the registries were 
added to the ontology, a mapping was developed and that mapping was 
then tested over simulated data. The mappings are not publicly avail
able, but a snippet of a mapping for the Irish RKD registry can be seen in 
Listing 1.1. The mapping shows the required prefixes (i.e. name spaces 
of the different vocabularies used in the mapping process), it gives some 
pre-processing of the data (using SQL queries) and then the mapping of 
the selected values from the CSV data to subject and predicates.    

Table 3 
Normalisation of terms across registries for complications which are infections. Green cells are those which are present in a 
registry. 

Fig. 2. Overview of FAIRVASC ontology classes taken from Protégé.  

27 https://www.w3.org/TR/r2rml/. 
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3.6. Publishing the RDF data and enabling federated queries over a 
prototype interface 

Once the RDF data is generated, it must next be uploaded into a 
triplestore which supports SPARQL federated queries. There are several 
triplestores available such as Apache Jena Fuseki, Oracle Spatial and 
Graph, Strabon, Stardog, GraphDB and Parliament.28 There are various 
pros and cons with these different implementations, from performance, 
to different features supported, e.g. parallel queries, to geospatial sup
port [7,9,19]. As the amount of patient data for AAV is not excessive (a 
total of 6000 patients across the registries) Apache Jena Fuseki, which is 
a free and open source Java framework for building Semantic Web and 
Linked Data, was found to be more than adequate to support queries 
over the current tranche of patient data based on the first FAIRVASC 
ontology iteration. It is also easy to install and provides a web client for 
testing queries. 

A federated query approach allows data to sit on each registry’s local 
network, which exposes an endpoint of a locally run triplestore. This 
means no patient data is shared without the explicit authority given 
from the registry. The patient data uplifted to the local triplestore is 
limited in scope to avoid patient identification. Nonetheless additional 
security was put in place in the form of basic authentication using 
shiro29 which comes with, and can be configured on, each Fuseki tri
plestore. This allows queries on the endpoint only when a username and 
password are provided.    

The interface itself was implemented using Django, NGINX, HTML5, 
JavaScript and Bootstrap30, and used Django’s user authentication sys
tem, which handles user accounts, groups, permissions and cookie-based 
user sessions, see Fig. 3. 

The interface currently supports basic federated querying of simu
lated data on the registries, which includes queries related to counts of 
patients stratified by age, gender, diagnosis, ANCA Specificity, death, 
end stage kidney disease, complications, etc. which were all identified 
early on in the set of experimental questions presented in section 3.2. A 
federated query is sent from a central server to each registry triplestore. 
Results are aggregated, so only counts are returned. It should be noted 
that results below the count of 5 are ignored, so as to ensure anonymity 
of patient data. The interface also supports querying of provenance data 
related to uplift and queries made (see next section). Results are 
returned in tabular form, and can be downloaded as CSV. Fig. 4 shows 
the interface, Fig. 5 shows a sample of data returned, and Listing 1.2 
gives the SPARQL query to return these data. These results are taken 
from the Irish registry. 

3.6.1. R2RML and SPARQL updates to record provenance data 
Due to the sensitive nature of the data within the registries, and also 

to support analysis of changes to the data over time, an auditing service 
has been developed to record information about the uplift process as 
well as on the querying of data. This service generates RDF using the 
Provenance Ontology (PROV-O)31 ontology. The service enables a 

secure audit trail of research activities to be maintained to both audit the 

28 https://jena.apache.org/documentation/fuseki2/, www.strabon.di.uoa.gr, 
www.stardog.com, www.ontotext.com/products/graphdb, parliament.semwe 
bcentral.org.  
29 https://shiro.apache.org/. 

30 https://www.djangoproject.com/, https://www.nginx.com/, https://dev. 
w3.org/html5/spec-LC/, https://www.javascript.com/, https://getbootstrap. 
com/.  
31 https://www.w3.org/TR/prov-o/. 
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uplift process and also the query process. 
The addition of provenance data recording uplift depends on addi

tional R2RML mapping included with the R2RML for registry uplift, 
generating RDF provenance data according to the schema presented in 
Table 6. This makes use of three main classes within PROV-O: Activity, 
Entity and Agent. Provenance data is added to the triplestore each time 
an uplift is run over the registry data. This records the time the prov: 
Activity ProvenanceActivityUplift takes place (prov:startedAtTime and 
prov:endedAtTime), it records who undertook the activity (prov:Asso
ciated With prov:Entity), what the activity used (prov:used prov:Entity) 
i.e. a CSV file and the R2RML file, and finally what the activity generated 
(prov:generated prov:Entity), i.e. the resulting graph. For each prov: 
Entity a title of the Entity is recorded (dcterms:title), for example “RKD 
CSV File”, “RKD R2RML File” or “RKD RDF graph”. For the CSV and 
R2RML provenance entities, there is also a responsible person attributed 
to the file (prov:wasAttributedTo prov:Agent), i.e. the person who 
created the file. Each person is recorded in the graph with two details, 
their foaf:name and foaf:mbox, e.g. “Guy Incognito” and “guy.incogni
to@underhill.com”. In the case of the graph, the inverse property to 
prov:generated, prov:wasGeneratedBy prov:Activity is used to associate 
it to the ProvenanceActivityUplift activity. Listing 1.3 gives a SPARQL 

query for querying the provenance data on uplift.   

The recording of queries is developed in the context of the require
ment to keep the data in the triplestore secure. Each triplestore has an 
endpoint exposed to enable queries (with some authentication, i.e. 

Table 4 
Top level classes in FAIRVASC ontology.  

Class Definition Object Properties Data properties 

Patient This class covers the concept of a Patient in the data registries. Each patient will 
have data properties gender, data of birth and also have object properties for 
ANCA subtype, ANCA-associated vasculitis (AAV) diagnosis, and presentation 
creatinine. 

hasPatientOverview, 
hasEncounter, 
hasClinicalOutcomes 

patientID, yearOfBirth, gender 

Patient 
Overview 

This class represents an overview of a Patient’s key AAV disease characteristics. 
This consists of the patient’s current vasculitis diagnosis, ANCA subtype and 
which organs have been affected by vasculitis over the course of their disease. 

hasDiagnosis, hasANCA, 
hasOrganPattern  

Encounter This class covers “encounters” the patient has had with medical professionals 
which have been documented in the local vasculitis registry. Types of 
encounters include; BVAS Version 3 (see BVAS class below), Tests (e.g. blood 
tests such as serial serum creatinine levels), and a record of complications over 
the course of their disease etc. 

hasBVAS, hasClinicalTest, 
hasComplication 

dateOfEncounter 

Clinical 
Outcomes 

Clinical outcomes represent the class of measurable changes in health, function 
or quality of life that result from AAV or its treatment. Important outcomes 
include end-stage kidney disease (ESKD) and death (and cause of death). The 
last recorded contact of the patient with the registry is an important associated 
variable to collect to inform length of follow-up and survival analysis. 

hasComplication ESKD, dateOfESKD, death, dateOfDeath, 
causeOfDeath, lastRecordedContact  

Table 5 
Properties of class Diagnosis in FAIRVASC ontology.  

Data Property Definition Data type 

dateOfDiagnosis The date a diagnosis took place xsd: 
dateTime 

mainDiagnosis A diagnosis is one of four possible values, and 
these are currently mapped directly to Orpha 
codes; ANCA vasculitis unclassified - 
ORPHA:156 152 — Eosinophilic granulomatosis 
with polyangiitis (Churg Strauss) - ORPHA:183 — 
Granulomatosis with polyangiitis (Wegener) - 
Orpha:900 — Microscopic polyangiitis (including 
renal limited vasculitis) - ORPHA:727. 

xsd: 
anyURI  

K. McGlinn et al.                                                                                                                                                                                                                                



Computers in Biology and Medicine 145 (2022) 105313

12

username and password), but no updates to the graph are supported by 
this endpoint. Updates to the graph can only be run locally. To record 
when and who makes a query, the server log (generated by each tri
plestore) is used to generate a SPARQL update. So, in practice, when a 

query is made to the triplestore it is logged in the local log file, the log is 
read and a SPARQL update is generated (using some Java code) which 
adds provenance data to the graph. It should be noted that due to the 
large number of combinations of dimensions possible for queries over 

Fig. 3. Query interface architecture.  

Fig. 4. The FAIRVASC query interface to select patients and stratify by gender, diagnosis, ANCA specificity and death.  
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the FAIRVASC data (e.g. including gender, yearOfBirth, alongside BVAS 
scores) we categorised queries into the generic query types, for example 
related to death, or other specific outcomes, or complications, etc. This 
process of categorising query types is still under way, but it is likely to 
correspond closely to the experimental questions currently under 
development by the QIT team. 

4. Challenges and recommendations 

4.1. Challenges 

The challenges encountered during development of the FAIRVASC 
ontology have been related to the process of harmonisation of terms 

Fig. 5. Results returned from the query in Fig. 4.  

Table 6 
FAIRVASC PROV-O classes.  

Class Definition Object Properties Data properties 

Activity/ 
ProvenenaceActivityUplift 

This class represents provenance data related to the uplift process. 
ProvenanceUplift is a subclass of PROV-O Activity. 

prov:used, prov:generated, prov: 
wasAssociatedWith 

prov:startedAtTime, 
prov:endedAtTime 

ProvenanceActivityQuery This class represents provenance data related to the querying of a registries RDF 
graph. ProvenanceActivityQuery is a subclass of PROV-O Activity. 

prov:wasAssociatedWith, prov: 
used 

prov:startedAtTime, 
prov:endedAtTime 

prov:Entity See PROV-O prov:wasAttributedTo, prov: 
wasGeneratedBy 

dcterms:title 

prov:Agent, prov:Person See PROV-O  foaf:name, foaf:mbox  
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across the registries, the development of formal queries, and the 
implementation of the mappings with the registries. With respect to 
harmonisation, the following challenges were identified:  

● Difficulty creating precise classifications: due to the nature of the 
human body, and range of diseases etc. it is often difficult to come to 
a shared definition for a term. This is already apparent with any 
analysis of existing classifications, where it can be often difficult to 
see whether a class is subsumed by one or another class, e.g. 
“Pneumocystis infection” as a sub-class of lung infection in the 
example in section 2.2. This is equally true when creating new 
classifications.  

● Variance between registries: Due to the large differences between 
how the registries structure and record data, there must be trade offs 
when doing harmonisation, i.e. between creating generic classifica
tions which cover all or most registries, but have limited use, and 
more specific classifications which cover only a subset of the regis
tries but which may be more meaningful to researchers. 

With respect to the development of queries:  

● Aligning clinical knowledge with query capabilities: Local registry 
experts have the domain expertise to understand the types of queries 
which are relevant. It is important to communicate both the capa
bilities and limitations of a federated query approach. 

With respect to implementation of mappings:  

● Working with new technologies: As the local data schema are likely 
to change over time, it is necessary to have the local IT teams develop 
and maintain the mappings. Technologies such as Linked Data, the 
semantic web, RDF and R2RML are not technologies most IT teams 
will have used in the past. 

4.2. Recommendations and future work 

To address the challenges of harmonisation, it was essential to keep 
each registry informed about decisions being made and to have active 
input from them. Ultimately, it is difficult (if not impossible) to under
stand the specifics of a registry term definition without having experi
enced experts from that registry involved to explain. This is especially 
true when dealing with different languages. The local experts are also in 
a position to agree to any decisions made, for example, where a specific 
term is chosen in the ontology and their own term is mapped to that, and 
there may be slight differences in the semantics. Regular meetings with 
expert representatives from all registries are vital when undertaking 
harmonisation. These experts also have a key role in developing and 
agreeing to definitions for terms, so that the semantics of a term can be 
scrutinised, and decisions regarding its use clarified in the ontology 
itself. 

For query development, it is again essential to have regular meetings 
and discussion sessions with the clinical experts. Being able to clearly 
demonstrate the types of queries that are supported, and have the 
clinical experts discuss what data they want from their queries not only 
drives ontology development and harmonisation, but also informs the 
development of the front end query interface. Here, it is also recom
mended to take an iterative development approach, starting small with 
implemented examples, and then building. This reduces the possibility 
of misunderstandings during development. 

With respect to implementation of mappings, it is necessary to train 
IT staff with the necessary skills. This may take the form of formal 
training sessions, but it is also expected that these teams will require 
additional support while the mappings are initially developed, so that 
they can become comfortable with the technologies involved. Again, 
meeting regularly is important during this process. 

Future work will see a second version of the FAIRVASC ontology 

developed which brings together a wider range of concepts of relevance 
to researchers of AAV. These include induction therapy, blood tests and 
medications. In addition, integrating additional methods, such as ho
momorphic encryption, to bring new layers of security to the federated 
query approach to ensure data privacy when revealing more fine grained 
information, are being explored. 

5. Conclusion 

This paper has addressed two key challenges to support integration 
of and querying over sensitive patient data related to the rare disease 
AAV. These are a) the need to harmonise data at a semantic level, so that 
queries over multiple registries return data which is comparable and b) 
to do so while also preserving the privacy of registry patient data, for 
example by returning only aggregated data. The first challenge has been 
met through the development of the FAIRVASC ontology and R2RML 
mappings using an established methodology and working with a team of 
domain and IT experts from each of seven European AAV data registries. 
These teams worked together to develop the competency questions, 
harmonise terms across registries, implement the ontology, create and 
adapt mappings for each unique registry, and then develop SPARQL 
queries which are implemented on a test query interface, as part of an 
interactive design, development and implementation life cycle. Using 
this approach data on over 6000 patients is now available to query. 

The second challenge has been met through a combination of pseu
donymization of data (during the ontology development and data uplift 
process) and through the development of an infrastructure which sup
ports federated aggregate queries at each site, using the FAIRVASC 
query interface. Currently, a collection of specific research driven 
queries related to patient diagnosis and outcomes is possible, supporting 
also stratification by age, gender, diagnosis and ANCA specificity. The 
successful implementation of these queries demonstrates the viability of 
this approach; the infrastructure works on the basis that registries 
manage their data locally and, knowing the structured queries, only 
expose data which cannot be used to identify patients, while giving re
searchers and other stakeholders the capability of running aggregated 
queries to analyse data related to AAV from across the seven European 
registries. 

The paper also provides a review of approaches in the literature to 
data integration and federated querying and shows how the approach 
taken by FAIRVASC when addressing sensitive patient data related to 
rare disease is novel. The integration of existing well known biomedical 
standards will also further support interoperability beyond the scope of 
this work. The approach has demonstrated itself to be both flexible, i.e. 
able to handle the range of terms across the existing registries, and 
extensible, i.e. able to integrate new terms as required and the proven 
methodology can be applied to integrate an ever growing selection of 
registries, and the novel use of existing technologies contributes to the 
growing research field on federation of medical registries. 
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[29] M.C. Suárez-Figueroa, A. Gómez-Pérez, M. Fernández-López, The NeOn 
Methodology for Ontology Engineering, Springer Berlin Heidelberg, Berlin, 
Heidelberg, 2012, pp. 9–34, https://doi.org/10.1007/978-3-642-24794-1_2. 

[30] Y. Sure, S. Staab, R. Studer, On-To-Knowledge Methodology (OTKM), Springer 
Berlin Heidelberg, Berlin, Heidelberg, 2004, pp. 117–132, https://doi.org/ 
10.1007/978-3-540-24750-0_6. 

[31] G.M. Weber, Federated queries of clinical data repositories: scaling to a national 
network, J. Biomed. Inf. 55 (6 2015) 231–236, https://doi.org/10.1016/J. 
JBI.2015.04.012. 

[32] N. Yadagiri, P. Ramesh, Semantic web and the libraries: an overview, Int. J. Libr. 
Sci.TM 7 (1) (2013) 80–94. www.ceserp.com/cp-jour. http://www.ceser.in/ceserp/ 
index.php/ijls/article/view/2989. 

[33] K. Yin, F. Jeffrey, D. Rebecca, Z. Lina, Disease specific ontology of adverse events: 
ontology extension and adaptation for chronic kidney disease, Comput. Biol. Med. 
101 (2018) 210–217, https://doi.org/10.1016/J.COMPBIOMED.2018.08.024, 10, 
https://pubmed.ncbi.nlm.nih.gov/30195820/. 

[34] Y.W. Yu, G.M. Weber, Federated queries of clinical data repositories: balancing 
accuracy and privacy, bioRxiv (11 2019), 841072, https://doi.org/10.1101/ 
841072. https://www.biorxiv.org/content/10.1101/841072v1.abstract. 

[35] L. Zemmouchi-Ghomari, A.R. Ghomari, Ontology versus terminology, from the 
perspective of ontologists, Int. J. Web Sci. 1 (2012) 315–331. 

K. McGlinn et al.                                                                                                                                                                                                                                

https://doi.org/10.1038/S41581-020-00335-W
https://doi.org/10.1038/S41581-020-00335-W
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8012202/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8012202/
https://doi.org/10.1016/j.procs.2015.08.363
https://doi.org/10.1016/j.procs.2015.08.363
https://doi.org/10.1016/J.EKIR.2017.09.008
https://europepmc.org/articles/PMC5733672
https://europepmc.org/articles/PMC5733672
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5961768/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5961768/
https://doi.org/10.1093/NAR/GKH061
https://doi.org/10.1093/NAR/GKH061
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC308795/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC308795/
https://doi.org/10.3233/SW-160217
https://doi.org/10.3233/SW-160217
https://doi.org/10.3390/e19010030
https://doi.org/10.3390/e19010030
https://www.mdpi.com/1099-4300/19/1/30
https://doi.org/10.1186/S12882-018-0882-9
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5894169/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5894169/
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref9
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref9
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref9
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref9
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref9
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref10
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref10
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref10
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref10
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref10
https://doi.org/10.1007/978-3-319-42007-3_32
http://www.aaai.org
https://doi.org/10.1186/1471-2105-13-S1-S9
https://doi.org/10.1186/1471-2105-13-S1-S9
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-13-S1-S9
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-13-S1-S9
https://doi.org/10.1109/CONFLUENCE.2019.8776621
https://doi.org/10.1109/CONFLUENCE.2019.8776621
https://www.hiqa.ie/sites/default/files/2017-07/Guidance-on-terminology-standards-for-Ireland.pdf
https://www.hiqa.ie/sites/default/files/2017-07/Guidance-on-terminology-standards-for-Ireland.pdf
https://doi.org/10.1371/JOURNAL.PONE.0183667
https://doi.org/10.1371/JOURNAL.PONE.0183667
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0183667
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0183667
http://www.springer.com/series/7409
http://www.springer.com/series/7409
https://doi.org/10.1016/j.jbi.2012.09.006
https://www.sciencedirect.com/science/article/pii/S1532046412001530
https://doi.org/10.1016/j.autcon.2020.103534
https://www.sciencedirect.com/science/article/pii/S0926580520311146
https://www.sciencedirect.com/science/article/pii/S0926580520311146
https://doi.org/10.1007/978-3-030-50423-6_34
https://doi.org/10.1007/978-3-030-50423-6_34
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7303677/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7303677/
https://doi.org/10.1093/RHEUMATOLOGY/KEAA089
https://doi.org/10.1093/RHEUMATOLOGY/KEAA089
https://pubmed.ncbi.nlm.nih.gov/32348522/
https://doi.org/10.1007/978-3-319-54627-8_5
https://doi.org/10.1177/1460458219833095
https://doi.org/10.1016/j.ijmedinf.2017.10.004
https://www.sciencedirect.com/science/article/pii/S138650561730360X
https://www.sciencedirect.com/science/article/pii/S138650561730360X
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref25
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref25
https://doi.org/10.1136/ANNRHEUMDIS-2013-203927
https://doi.org/10.1136/ANNRHEUMDIS-2013-203927
https://pubmed.ncbi.nlm.nih.gov/24243925/
https://doi.org/10.1093/DATABASE/BAZ106
https://doi.org/10.1093/DATABASE/BAZ106
https://academic.oup.com/database/article/doi/10.1093/database/baz106/5614223
https://academic.oup.com/database/article/doi/10.1093/database/baz106/5614223
https://doi.org/10.17977/um018v3i22020p67-76
https://doi.org/10.17977/um018v3i22020p67-76
http://journal2.um.ac.id/index.php/keds/article/view/15795
http://journal2.um.ac.id/index.php/keds/article/view/15795
https://doi.org/10.1007/978-3-642-24794-1_2
https://doi.org/10.1007/978-3-540-24750-0_6
https://doi.org/10.1007/978-3-540-24750-0_6
https://doi.org/10.1016/J.JBI.2015.04.012
https://doi.org/10.1016/J.JBI.2015.04.012
https://www.ceserp.com/cp-jour
http://www.ceser.in/ceserp/index.php/ijls/article/view/2989
http://www.ceser.in/ceserp/index.php/ijls/article/view/2989
https://doi.org/10.1016/J.COMPBIOMED.2018.08.024
https://pubmed.ncbi.nlm.nih.gov/30195820/
https://doi.org/10.1101/841072
https://doi.org/10.1101/841072
https://www.biorxiv.org/content/10.1101/841072v1.abstract
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref35
http://refhub.elsevier.com/S0010-4825(22)00105-6/sref35

	FAIRVASC: A semantic web approach to rare disease registry integration
	1 Introduction
	2 Background and related work
	2.1 Clinical registries and data interoperability
	2.2 Clinical terminologies and ontologies
	2.3 Federated query approaches in biomedical domain

	3 FAIRVASC: an ontology for ANCA associated vasculitis
	3.1 Methodology for ontology development and semantic uplift
	3.2 Determine the scope - development of high level competency questions
	3.3 Data analysis
	3.3.1 Analysis of the data registries to inform ontology development
	3.3.2 Data harmonisation: enumerating terms, class and property definitions

	3.4 The FAIRVASC ontology
	3.5 Semantic uplift (generating RDF instances)
	3.6 Publishing the RDF data and enabling federated queries over a prototype interface
	3.6.1 R2RML and SPARQL updates to record provenance data


	4 Challenges and recommendations
	4.1 Challenges
	4.2 Recommendations and future work

	5 Conclusion
	Declaration of competing interest
	Acknowledgements
	References


