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Abstract

Background. A large volume of heavily fragmented data is generated daily in
different healthcare contexts and is stored using various structures with different
semantics. This fragmentation and heterogeneity make secondary use of data a
challenge. Data integration approaches that derive a common data model from sources
or requirements have some advantages. However, these approaches are often built for
a specific application where the research questions are known. Thus, the semantic and
structural reconciliation is often not reusable nor reproducible. A recent integration
approach using knowledge models has been developed with ontologies that provide a
strong semantic foundation. Nonetheless, deriving a data model that captures the
richness of the ontology to store data with its full semantic remains a challenging task.
Objectives. This paper addresses the question: How to design a sharable and
interoperable data model for storing heterogeneous healthcare data and its semantic to
support various applications?

Method. This paper describes a method using an ontological knowledge model to
automatically generate a data model for a domain of interest. The model can then be
implemented in a relational database which efficiently enables the collection, storage,
and retrieval of data while keeping semantic ontological annotations so that the same
data can be extracted for various applications for further processing.

Results. This paper (1) presents a comparison of existing methods for generating a
relational data model from an ontology using 23 criteria, (2) describes standard
conversion rules, and (3) presents OntoRela, a prototype developed to demonstrate

the conversion rules.
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Conclusion. This work is a first step towards automating and refining the generation

of sharable and interoperable relational data models using ontologies with a freely
available tool. The remaining challenges to cover all the ontology richness in the

relational model are pointed out.

Keywords. Heterogeneous Databases, Health Information Interoperability, Data

integration, Ontologies, Data and Metadata Management.

1 Introduction

A large volume of healthcare data is generated daily in many contexts. In some of
them, data is heavily fragmented across multiple heterogeneous systems. To provide
care, manage a hospital, run clinical trials, or help clinicians make better decisions,
the core need is to understand an individual’s data through a broad scope (e.qg., billing
relies on integrating diagnosis and treatment data to sum the costs). Consequently,
semantic and structural reconciliation for the secondary use of data is a challenging
task that can lead to incorrect interpretation if not correctly automated and verified.
This challenge is compounded by the fact that health data is highly dependent on
contextual information. For example, a diabetes code could represent a working
diagnosis, an established diagnosis, a family history of diabetes, or even a reason to
ask for a test. Thus, to operate safely, the processes rely not only on accessing data
from multiple systems, but also on the semantic of the data . The semantic include
the nature of the element (e.g., being a patient is a role, the same individual can have

the role of a patient when going to the emergency for a fracture fixed, but also the role
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of a physician when coming to work as an orthopaedic surgeon to fix a fracture) and

explicit relationships with other elements (e.g., a diagnosis of diabetes is about an
individual who is my mother).

Accordingly, this paper addresses the question: How to design a sharable and
interoperable data model for storing heterogeneous healthcare data and its semantic to
support various applications?

In many heterogeneous environments, a sharable and interoperable data model based
on a knowledge model has been demonstrated as a valid approach to decipher the
structure and identify relevant data elements to be extracted or combined in a
semantically interoperable sound way 2. Furthermore, to control data integrity while
manipulating a large amount of data, a relational database (RDB) is an appropriate
system to store data due to its embedded access control, transaction management, data
integrity control, efficiency, and performance 3. However, conventional techniques
(entity-relationship, star schema, object-oriented techniques) do not provide sufficient
semantic or contextual information for efficient use of a data model in a
heterogeneous environment and ensure reliable reuse of data outside a restricted field
of its original application 4. Moreover, data generated across different systems (e.g.,
health ministries, pharmacies, clinics, hospitals) is often stored in RDBs, but its
semantic is rarely documented nor updated. In other words, conventional techniques
do not offer adequate construct to allow the unification of data with its semantic.
Thus, the multiple stages of data processing and the exchanges that take place along
the way can result in incomplete semantics of the extracted dataset. Therefore, a

domain with such fragmentation and multiple data providers but with very low error



tolerance needs a new approach to encapsulate the data and its semantics into the
same structure that can be shared and reused for multiple applications. Healthcare is
one such domain, as life and death decisions will be based on this data.

Various approaches exists® to access or integrate data from multiple sources. These
approaches use different kinds of inputs. Source-driven approaches use the data
source’s structure. Requirement-driven approaches use the user requirements for a
specific application. Hybrid approaches combine the data structure of the sources and
user requirements. Finally, knowledge-driven approaches derive the data model from
the knowledge model of the domain. The knowledge-driven approach is arguably the
most appropriate for the healthcare domain. Indeed, using a source-driven approach is
an arduous task because data sources are structured according to the underlying
application, and the addition of new sources will often lead to changes to the model.
Moreover, using requirements is impractical because of the diversity and evolution of
user requirements. Finally, neither of these last two approaches gives access (by
themselves) to explicit semantic as the predicates associated with a data model are
always dependent on the source application or a set of user requirements at a specific
point in time. On the contrary, a knowledge-driven approach can provide a more
stable data model in which the semantic is made explicit! and can serve various
applications.

Biomedical formal ontologies have been used to formalise biomedical knowledge
(e.g., genetics with Gene Ontology and the ontology for biomedical investigations, a
reference in the field). They have been successfully used to support many data-related

processes such as data integration, data annotation, and classification in many projects
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¢-¢. Developing biomedical formal ontologies is becoming more and more mature, and

an international community, the OBO Foundry, is engaged in creating, coordinating,
and maintaining these biomedical ontologies °. A realist ontology can be defined as
“classes that denote exclusively entities that exist objectively in reality and [whose]
definitions adhere to strict criteria to ensure that the classes are reusable in other
ontologies while preserving their ontological commitment” . Thus, these ontologies
can be used as a knowledge model to describe a specific domain of discourse
objectively and formally. Therefore, deriving a relational data model directly from an
ontology can be hypothesised to be the best way to leverage heterogeneous data and
its semantic while ensuring integrity and concurrency access for various applications.
Specifically, a relational data model generated from an ontology ensures explicit
axiomatisation of the model structure enabling access to data and its associated
semantic. Moreover, ontologies enable interactions with the database by referring to
knowledge rather than ad hoc table and field structure and naming. Consequently,
data storage, formulation, and calculation of queries can be more systematic and
reliable.

The presented method differs from other approaches involving mapping ontologies
and databases described in the literature. Namely, the goal is not to create an ontology
from source databases or to store the ontology in a database. Instead, the ontology
objectively captures the domain’s semantic rather than the database’s structure. In this
way, the resulted RDB reflects the ontology and explicitly ties it with the data. Also,
the method does not convert data into a triple store (Resource Description Framework

— RDF triples) as it would not work in the use case of interest where the actors require



a relational endpoint for data integrity reasons. Nevertheless, if a process benefits
from transforming data from an RDB into a triple store, the work presented here
would still greatly facilitate and simplify this task.

This paper presents a method for deriving a relational data model from an ontology
using conversion rules that covers more ontological constructs compared to existing
methods including axiom complexity reduction rules (section 3), an implementation,
OntoRela, a freely available prototype used to demonstrate the conversion rules on
various ontologies (section 4), a use case (section 5), a brief survey of existing
methods (section 6), and a highlight of the contributions and remaining challenges

(section 7).

2 Objective

Many limitations remain with the existing methods to derive a sharable and
interoperable relational data model based on a knowledge model in a heterogeneous
environment. More specifically, every relational construct must be derived from a
specific ontological construct uniformly in the same way, to reach uniformity and
consistency through data integrity checks. Moreover, the generated data model must
not reflect decisions based on specific query requirements to allow data usage outside
the source database’s scope or a specific project. Consequently, the standardisation
and automation of the conversion through a set of rules increase the relevance and
consistency of the derived relational data model and reduce the risk of errors and
ambiguities that might be unnoticeably introduced by choices influenced by

undocumented aspects of the designers’ reality. The objective is to address the gaps



found in the literature regarding ontological construct coverage, including complex
axioms found in biomedical ontologies, and to offer a publicly available
implementation. Thus, this paper presents an advanced conversion method and
accessible implementation that handles more ontological constructs and complex

axioms.

3 Method

An ontology is constructed using classes, individuals, axioms, properties (object
properties and data properties), cardinality restrictions, datatypes, and annotations -2,
A relational model is constructed by a set of relations defined by attributes (pairs of a
unique name and a datatype), tuples, constraints, and functions 34, Both models share
common foundations: the set theory and the first-order logic. Thus, at least in part, a
conversion from one to the other is possible.

The distinctive characteristic of the presented method is that it is automated using
uniform and consistent conversion rules to capture the richness of the ontology. As a
result, the derived relational data model is shareable and interoperable and is practical
for storing heterogeneous health data for various applications. The conversion rules
must include an axiom complexity reduction process and generate a highly
normalised relational schema to minimise data redundancy and potential
contradictions. The following illustrates a set of conversion rules with examples

presented by ontology constructs. A complete example can be found in Appendix C.



3.1 Conversion rules

Class [C] is a set of individuals (a.k.a. instances). A class is converted to a relation
that includes an Individual Identifier attribute (classlri_iid:iid_type) used as a primary
key (see Fig. 1). Each value of iid uniquely identifies an individual. The class Thing
(the superclass of all classes) may be converted to a relation with one attribute, the iid.
Thus, the relation Thing contains all individual identifiers of the database. This
conversion makes it possible to define an independent artificial key to index

individuals.

Medical record

|:> identifier

HADO_0000006 iid

HADO_0000006: :
Medical record
identifier

Fig. 1. Class conversion example (The ellipse represents a class described using the short Internationalized
Resource Identifiers (IRI) and a label. The rectangle represents a relation described using the relation name and the
list of attributes.).

Object Property [op] links two individuals. An object property is converted to a
relation including two iid attributes: the subject (subject_iid:iid_type) and the object
(object_iid:iid_type). This conversion allows direct access to the links between the
data of two relations and allows to store links that are not explicitly specified by an

axiom of the ontology.

BF0_0000051 : Has part
has part subject iid
object_iid

Fig. 2. Object property conversion example.

Property inheritance axiom [po £ p1] defines an inheritance between two
properties. A property inheritance axiom is converted into an “isa” referential key

from the sub-property relation to the super-property relation. A referential key in a



relational data model links two relations. This conversion ensures data integrity by

preserving the taxonomy of the properties.

IAO_0000039: :
has measurement
unit label

BF0_0000051: :
has part

'sa——4:>

Has measurement Has part
unit label
- E>'§ggectﬁd
%’J% Isa object_iid
oujec’ 1id referential key

Fig. 3. Property inheritance axiom conversion example.

Class inheritance axiom [Co E Ci] defines an inheritance between two classes. A
class inheritance axiom is converted into an “isa” referential key from the subclass
relation to the superclass relation. This conversion ensures data integrity by

preserving the taxonomy of the classes.

HADO_0000006: :
Medical record
identifier

TAO_0000577: :
Centrally registered
identifier symbol

isa—D

Medical record Centrally registered
identifier E> identifier symbol
HADO_0000006 iid 1AO_0000577 iid

Fig. 4. Class inheritance axiom conversion example.

Class association axiom [Co op qt C1] defines an association between individuals
belonging to two classes according to an object property and a quantifier. An object
property [op] links two individuals. A quantifier [qt] is an interval of integers that
specifies the association's cardinality in which individuals can participate. A class

association axiom is converted into an association relation (a relation related to two

10
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other relations) with two attributes, the primary key of both associated class relations.

The primary key of the association relation is composed of both attributes. Moreover,
three object property referential keys are defined from the association relation to the
primary key of each associated class relation and property relation. Also, if qt.min >0
and gt.max € N a quantification constraint is defined to check the number of
individuals according to the quantification specified in the axiom. This conversion
controls data integrity by ensuring that all the tuples in the relation have the same

predicate with respect to the quantifier.

HADO_0000006: :

PHYSIO_0000083: :
Physiological
evaluation report

has part

[1.1] Medical record

identifier

Physiological evaluation report

Physiological has_part Medical record
evaluation report | g—o Medical record identifier* —> identifier
PHYSIO_ 0000083 iid PHYSIO_0000083 iid HADO 0000006 iid
HADO_0000006 iid
oP ‘l * with count(PHYSIO_0000083 iid) = 1
referential key group by (HADO_0000006_iid)
has_part
subject iid
object_iid

Fig. 5. Class association axiom conversion example.

Datatype [D] is a constrained set of values. A datatype is converted into an SQL user-
defined type reused to specify the data attributes uniformly. e.g., The OWL xsd:String
is converted to CREATE DOMAIN “xsd:String” AS TEXT (in the PostgreSQL
syntax). This conversion maintains the datatype definition uniformly across all the
relations.

Data association axiom [Co dp gt D1] defines an association between each individual

of a class [Co] and a value of a datatype [D1] according to a data property [dp] and a
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quantifier. A data property links an individual to a value. A data association axiom is

converted into a data relation with two attributes: the primary key of the class relation
and a data attribute. The data relation’s primary key is composed of both attributes.
One data property referential key is defined from the data relation to the class relation.
This conversion controls data integrity by avoiding redundancy and missing

information.

TA0_0000577: : has value
Centrally registered ST A ====2|xsd:String
identifier symbol .
Centrally registered
Centrally registered identifier symbol
identifier symbol | g has value*
IAO_0000577 iid DP IAO_0000577 iid
referential key has value:xsdString

* with count(has_value) = 1 group by (IAO_0000577 iid)

Fig. 6. Data association axiom conversion example.

Individual [I] is an entity of the modelled reality. An individual is converted into a
tuple inserted into the proper relations according to the class of the individual. It is
strongly recommended that iid attribute values be automatically generated (e.qg.,

Globally Unique Identifier - GUID), allowing independent individual indexing and

automatically propagating values into the relations.

TA0_0000577: :
Centrally registered
identifier symbol

has value

[1.1] —3>> | xsd:String

isa

HADO_0000006: :
Medical record
identifier

<€—Instance-of—]| 8d337f4c77e3::GUID

Centrally registered

Medical record Centrally registered identifier symbol
identifier _D identifier symbol +-— has value*
8d337f4c77e3::HADO_0000006 iid 8d337f4c77e3::1A0_0000577 iid 8d337f4c77e3::IAO_0000577 iid

TOMSMITH12345::has value
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Fig. 7. Individual conversion example.

Annotation describes an aspect of an ontological construct with a text in a specific
natural language. An annotation is used to document the database and to provide
multiple access interfaces in different languages using views. A definition annotation
is converted to SQL comment so they can be integrated into the RDBMS catalog (if
the target RDBMS supports it). This conversion allows the documentation of

relational constructs within the schema.

3.2 Axiom complexity reduction

An ontological axiom can be defined using different expressions that are logically
equivalent. It follows that a considerable number of cases must be considered when
dealing with axioms such as complex axioms. A complex axiom is an expression
formed with multiple expressions connected using a conjunction (AND) or a
disjunction (OR) operation. Complex axioms must be reduced into a simpler form to
ensure a rigorous conversion into predictable and consistent relational constructs.
Thus, axiom complexity reduction functions are defined. The complexity reduction
consists of generating a set of simple axioms from a set of complex axioms. To
simplify an axiom, each expression in the complex axiom is replaced by a new
uniquely named class derived according to a set of rules. To simplify an ontology, the
process is applied recursively until all axioms are simplified. Each expression in an
axiom is syntactically analysed using the abstract grammar and reduced recursively
according to reduction rules until a set of simple axioms is reached. More formal

detail can be found in Appendix B.



Here is a concrete didactic example of a subset of the PDRO %°, an ontology about

drug prescriptions, with one complex axiom (in bold).
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OP "has part"
OP "has measurement unit label"
DP "has specified numeric wvalue"

CLASS "Rate of administration specification"
ISA "Information content entity"
"has part" [1..1] ("Mass per time value specification" OR
"Volumetric flow rate value specification")

CLASS "Mass per time value specification"
ISA "Scalar value specification"
"has measurement unit label" [1..1] "Mass per time unit"
"has specified numeric value" [1..1] "positive rational"

CLASS "Volumetric flow rate value specification"
ISA "Scalar value specification”
"has measurement unit label" [1..1] "“Volumetric flow unit"
"has specified numeric value" [1l..1] "positive rational"

CLASS "Volumetric flow unit"
"has part" [1..1] "Mass unit"

"has part" [1..1] "Time unit"
CLASS "Mass per time unit"

"has part" [1l..1] "Volume unit"

"has part" [1l..1] "Time unit"

CLASS "Mass unit"
ISA "Measurement unit label"
"has value" [1..1] String
CLASS "Time unit"
ISA "Measurement unit label"
"has value" [1..1] String
CLASS "Volume unit"
ISA "Measurement unit label"
"has value" [1l..1] String

After the axiom complexity reduction, the resulted ontology is as follows:

CLASS "Mass per time value or Volumetric flow rate wvalue
specification"”

CLASS "Rate of administration specification"
ISA "Information content entity"

value specification”

CLASS "Mass per time value specification"
ISA "Scalar value specification"
ISA "Mass per time value or Volumetric flow rate value
specification"

"has part" [1l..1l] "Mass per time value or Volumetric flow rate




CLASS

"has measurement unit label"
"has specified numeric value"

[1..1]
[1..1]

[1..1]
[1..1]
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"Mass per time unit"
"positive rational"

"Volumetric flow rate value specification”
ISA "Scalar value specification”
ISA "Mass per time value or Volumetric flow rate value

specification"
"has measurement unit label"
"has specified numeric wvalue"

"Volumetric flow unit"
"positive rational"

Which can be derived into the following relational schema:

Isa referential key _[>

OP referential key —_—
DP referential key >

Association —/
L1

relation

Data relation

Class relation

Mass per time specification
has specified numeric value

Rate of adminis

tration specification

id

rat1000
rat1200

Rate of adm

Mass
Volumetric flo

ipistration specification
has part
per time value or

v rate value specification

PDRO0000112_iid

ONTO0003029_iid

value

QEEDG

Mass per time specification

has part
mass per time unit

PDRO000121_iid

PDRO000115_iid

Volumetric flow rate Volumetric flow rate specification

has specified numeric value
iid value

rat1000 mts1000
rat1200 vfs1200
Mass per tifne value or
Volumetric flow ratg¢ value specification
iid
. mts1000
Mass per time vis1200
specification specification
- iid iid
>
mts1000 vfs1200

vis1200 m

Mass per time specification
has part
volumetric flow rate unit

PDRO000115_iid

UO00000270_iid

mts1000 mtu1000 vis1200 viu1200
Mass per|time unit Volumetric flow rate unit
iid
iid !
mtu1000 viu1200
Mass per time unit Mass per time unit Volumetric flow rate uni Volumetric flow rate unit
has part has part has part has part
Mass unit ime unit Time uni Volume unit
PDRO000115_jid | UO0000002_iid PDRO000115_iid |UO0000003_iid || |{UO0000270_iid|{UO0000003_iid || |{{UO0000270_iid|{UO0000095_iid
mts1000 mu1000 mts1000 tu1000 vfu1200 tu2000 vfu1200 vu1000
Masg unit . . Volune unit
Time unit
iid iid v iid
mu1000 tu1000 vu1200
tu2000 Y
Mass unit A Ti it 4‘ Volume unit4
has value ime uni has value
has value
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Fig. 8. Example of relational schema with data

4 Results

To illustrate the feasibility and the applicability of the presented method, a prototype,
OntoRela, was developed. As an input, OntoRela takes an OWL ontology and some
configuration files. It outputs an RDB script for the PostgreSQL database, a list of
warnings to notify the user of problems in the conversion process, a mapping catalog
between each ontological construct and relational construct (named OntoRelCat), and
a normalised version of the ontology after the axiom complexity reduction. The
resulted RDB scripts can be executed on PostgreSQL v9.6+. A small example of the
human body mass from the physiological measurement ontology is presented in
Appendix C.

The method is implemented through multiple processes (see Fig. 9):

e The analysis process creates an instance of the normalised ontology model (uOnto)
using a source ontology and an ontology configuration file that parameterises the
process.

e The pOnto generator process generates a normalised ontology with reduced axioms
formalised according to the pOnto language.

e The conversion process converts an instance of pOnto into an ontological-relational
model (OntoRel) according to the relational model (uRel) using the RDB
configuration file that parameterises the process.

e The OntoRelCat generator process the definitions of construct in the OntoRel to

build a human and machine-readable mapping catalog.
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e The SQL generator process generates a set of SQL scripts to build the RDB.

Ontolog Source RDB
configuration Ontology configuration
(yaml) (owl) aml
AN /
(N Y v )
Analysis uOnto Conversion URel
[T owLap! [  [sGraphT]] JGraphT [ToGraphT |
I Snakeyaml I Jackson
pOnto Snakeyaml SQL
generator generator
l StringTemplate l OntoReI StringTemplate —l
GraphT
OntoRelCat
generator
[ ackson ||

! v ' v

Ontolog Normalise! RDB : -
warnings ontoIogyET warningsj O”g’;ﬁ')cﬁ RDB scnp‘tsﬁ
(txt) (LOnto) (txt) (sal)

D Inputs and outputs D Processes Repositories [l:[l External library

Fig. 9. Data flow diagram of OntoRelo.

Many open-source libraries were used to implement the processes and the internal
data structure: OWLAPI 5.11 to load and analyse the ontology in OWL format;
JGraphT? to create graphs for the ontology and the database; Snakeyaml® to analyse
the configuration files in YAML format; StringTemplate* for code generation and
Jackson® to generate JSON files for OntoRelCat.

The prototype was tested with various ontologies (especially The Genotype Ontology
(GENO), Fanconi Anemia Ontology, Ontology of Adverse Events, and The

Prescription of Drugs Ontology) of different sizes. Also, the resulted relational data

L https://github.com/owlcs/owlapi

2 https://github.com/jgrapht/jgrapht

3 https://bitbucket.org/asomov/snakeyaml/src/master/
4 https://github.com/antlr/stringtemplate4

5 https://github.com/FasterXML/jackson
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model was used in different use cases of the Quebec SPOR Support Unit and the

SPOR Canadian data platform 6. The prototype and detailed results, including the

RDB scripts, can be found on GitHub: https://github.com/OpenLHS/OntoRela.

5 Use case

Software used to record clinical data generally does not provide explicit semantic to
enable secondary use of data without ambiguity. In addition, there is currently no
national standard for data exchange across institutions and provinces in Canada. This
use case illustrates the context of drug prescriptions where researchers or physicians
need to extract information about drug and laboratory prescriptions to make
appropriate follow-up or identify inappropriate or missing prescriptions. Users are
faced with many challenges, including and not limited to heterogeneity in levels of
generality in drug administration and dispensing specification, homonymy, and
dosing instructions *°. Moreover, merging data of drugs and laboratory results stored
in different databases is not a straightforward task.

PDRO %5, an ontology about drug prescriptions, is used to illustrate this use case with
examples. OntoRela generates the relational data model, and the database can be
populated from data sources using Extract-Load-Transform processes or mediation
systems. In this way, one query suffices to obtain needed data at various levels of
generality without the need to explore each source separately to understand the

content.


https://github.com/OpenLHS/OntoRela
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Consider parts of two drug prescriptions termed “Drug administration specification”

(DAS) and “Drug dispensing specification” (DDS) written on a paper or stored in a
non-standard database:

e (DAS1) ‘Metoprolol 50 mg PO bid’, instructs taking Metoprolol 50 mg per

mouth (‘PO’) twice a day (‘bid’),
e (DDS1) ‘Apo-Metoprolol 50 mg tab, 1 tab PO bid’, instructs taking one tab of
Apo-Metoprolol 50 mg per mouth twice a day.

With DAS1, most clinicians would intend to prescribe the active ingredient
‘Metoprolol’ rather than a specific drug product name manufactured by a specific
company like ‘Apo-Metoprolol’ because all pharmacies do not have in inventory
every possible brand. Whereas DDS1 does refer to such a specific pharmaceutical
product. Moreover, even strings that are identical in their composition and order of
characters may have different meanings. For example, ‘Metoprolol’ in DAS1 would
usually refer to any drug product containing metoprolol or to the active ingredient
metoprolol itself, although it might refer to the generic drug product branded with the
name “Metoprolol” in some cases. Moreover, the information on the prescribed drug
may differ from the dispensed drug, and more often, databases do not distinguish
between them (between the DAS and the DDS).
These issues are solved using a relational data model generated from an ontology
because it provides the explicit semantic of the data. The data model is illustrated in
two forms: the graph form (Figure 10) and the relational form (Figure 11). Figure 10
illustrates, as a graph, part of the generated relational data model from PDRO with

data examples. The full rectangles represent a data relation containing tuples. The
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dotted rectangles represent a class relation with calculated tuples. The lines represent

the association relations.

l (dp1000, 'Metoprolol 50 mg PO bid', 'Mr. Fine', 'Dr. Jones') |
(dp1200, ‘Amoxicillin 500 mg PO g8h start PRN if symptoms of bronchis x 7 days’)

l (das1000, 'Metoprolol 50 mg PO bid") |
(das1200, 'Amoxicillin 500mg PO q8h start PRN if symptoms of bronchis x 7 days’)

- - - - - S J
A [}
_____ ) g I
r_Drug product specification r_Prest:ribed dosing specification r_Sta\l'ting condition Dose dispensing amount

| (dps1000, aci1000, ‘Metoprolol) | (pds1000,'50 mg PO bid') [0 |

(cco1200, '1 tab’)
| (dps1100, dpn1100, ‘Apo-Metoprolol 50 mg tab’) | | (pds1100,'1 tab PO bid’)

o |
(dps1200, aci1200, ‘Amoxicillin’) (pds1200,'500mg PO g8h x 7 days') (sc01200, 'symptoms of bronchis')
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Fig. 10. OntoRel with data as a graph.
Figure 11 illustrates part of the generated relational data model from PDRO with data

examples.
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Fig. 11. OntoRel with data as a relation schema.

Finally, for other use cases, the relational data model can be used as a target model to
store data extracted from natural language processing or for classification using

ontology reasoners.

6 Related work

The literature suggested several methods to derive a relational data model from an
ontology. A literature review was conducted in mid-2018 to explore methods
published after 2010 describing RDB generation from an ontology . A list of 23
criteria was defined to evaluate and compare the 10 most relevant papers.

The present paper extends this review with recent publications and criteria coverage
details (see Appendix A). The evaluated papers: A1.Dou.2010 ¢, A2.Bellatreche.2010
9. A3.Saccol.2011 , A4.Vysniauskas.2012 2, A5.Hornung.2013 2, A6.Podsiadty-
Marczykowska.2014 #, A7.Jiménez-Ruiz.2015 %, A8.H0.2015 %, A9.Afzal.2016 2,
A10.Achpal.2016 #, A11.Mahmudi.2018 2 and A12.Guidoni.2020 #.

The evaluated methods differ in several ways: the ontology constructs considered
during the conversion, the completeness of the generated relational model, and the
availability of tools that implement the method. As expected, all the methods convert
a class into a relation with a primary key. Regarding axioms, complex ones are never
considered nor handled, which is a significant issue for biomedical ontologies. Simple
ones follow two dominant approaches: they are converted into an attribute or into a
relation. Converting an axiom into an attribute may introduce several issues, such as

missing information (nulls) for zero-to-one or zero-to-many relationships and data
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redundancy for many-to-many relationships. Converting an axiom into a relation may

impact the query performance, but this is a better approach to guarantee data integrity
and structure extension, as performance can be handled at the physical level by the
RDB management systems using adequate indexing structure 3°. These axiom
conversions and the inability to deal with complex axioms reduce the structural
uniformity across all the relations in the data model and increase semantic loss.
Moreover, the review outlined limitations in different areas which may lead to
semantic loss, including the lack of conversion rules for object properties, property
inheritance axioms, cardinality restriction, property characteristics, and annotation, as
well as the inability to process complex axioms (set of simple expressions linked with
logical operators) that are widely used in biomedical ontologies. Most methods store
some important ontological constructs into metadata tables and do not derive explicit
structure or constraints from them. As a result, the axiom verification will be
incomplete or challenging to automate. Thus, the main challenge is maintaining the
richness of ontological definitions in the resulting relational data model by converting
uniformly and consistently ontology constructs into relational constructs to detect the
data that do not conform to the axioms.

Finally, only two implementations are publicly available, the first one is accessible
through a web page 22, but the source code is not available to be used and extended by
other researchers. The second works with ontology defined using OntoUML based on
UFO (Unified Foundational Ontology) 2° and allows defining ontologies using a

graphical interface. However, defining and maintaining large biomedical ontologies



24
using a graphical interface is not always convenient. Therefore, a more generic

method is needed to benefit from the mature ontologies already in the OBO Foundry.

7 Contribution and future work

This work aimed to address the problem of designing a sharable and interoperable
relational data model to not only store data coming from heterogeneous systems but
also store the associated semantic to support various applications. The method
described in this paper offers an advanced conversion process to enable the automatic
generation of the uniform relational data model with constraints to maximise semantic
preservation and control data integrity. More specifically, the presented method

differs from the existing ones by the following features:

e The axiom complexity reduction allows a concise and uniform conversion.

e The normalisation of the data model increases automation and uniformity.

e The generation of advanced constraints such as quantification, intersection and
union using functions increases data integrity control.

e The transformation of ontological annotations into SQL comments and views
provides documentation and multiple access points within the data model.

¢ The configurable transformation of OWL types into SQL types allows a uniform
usage of OWL types.

e The generation of a mapping dictionary enables structure reversibility and data
extraction in various output formats.

e The implementation, OntoRela, can be used with various OWL ontologies and

PostgreSQL databases.
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However, several limitations will require further work. Firstly, the relatively large size

of the resulting relational data model is a challenge, especially when trying to interact
manually with the model. As an example, to get the all the data related to a drug
prescription we need to build a query with at least 16 joins (see Fig. 11). This
limitation could be alleviated by using navigation tools and query builder applications
fully leveraging this new approach to benefit from the full semantic while helping the
user find the needed construct faster. Secondly, structural redundancy in the data
model is caused by redundant axioms. Advanced axiom redundancy reduction rules
are already under development to address this, yielding a smaller RDB while fully
preserving its semantic. Finally, more conversion rules are being defined to improve
the data integrity and data ingestion as deriving secondary keys, general constraints
using property characteristics 2%, and generating data modification procedures # to

ensure data quality.

8 Conclusion

Many conversion methods from an ontology to a relational data model have already
been proposed. However, these propositions suffer from limitations regarding the
coverage of ontological constructs, the handling of complex axioms, and the
accessibility of tools. This paper presented conversion rules and a freely available
prototype named OntoRela that covers more ontological constructs and handles
complex axioms, and that can be used and extended by other researchers. This work is

a first step towards building a tool to generate a sharable and interoperable database
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using ontologies. More development is underway to refine the derived relational data

model and provide complementary data access tools.

Acknowledgements

The authors would like to acknowledge the financial support of Fonds de recherche

du Québec - Nature et technologie, Unité de Soutien SRAP du Québec and the Health

Data Research Network Canada. They also thank the development team of Groupe de

recherche interdisciplinaire en informatique de la santé.

Ethical considerations

This research does not involve human subjects.

References

1.

Calvanese D, De Giacomo G, Lembo D, Lenzerini M, Rosati R, Ruzzi M. Using
OWL in Data Integration. In: de Virgilio R, Giunchiglia F, Tanca L, eds.
Semantic Web Information Management: A Model-Based Perspective. Springer
Berlin Heidelberg; 2010:397-424. doi:10.1007/978-3-642-04329-1 17

Pacaci A, Gonul S, Sinaci AA, Yuksel M, Laleci Erturkmen GB. A Semantic
Transformation Methodology for the Secondary Use of Observational Healthcare
Data in Postmarketing Safety Studies. Front Pharmacol. 2018;9.
doi:10.3389/fphar.2018.00435

Spanos DE, Stavrou P, Mitrou N. Bringing Relational Databases into the
Semantic Web: A Survey. Semant Web. 2012;3(2):169-209. doi:10.3233/SW-
2011-0055

Khouri S, Bellatreche L, Jean S, Ait-Ameur Y. Requirements driven data
warehouse design: We can go further. In: 6th International Symposium on
Leveraging Applications of Formal Methods, Verification and Validation, ISOLA
2014, October 8, 2014 - October 11, 2014. Vol 8803. Lecture Notes in Computer
Science (including subseries Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics). Springer Verlag; 2014:588-603.

Abello A, Romero O, Bach Pedersen T, et al. Using Semantic Web Technologies
for Exploratory OLAP: A Survey. IEEE Trans Knowl Data Eng. 2015;27(2):571-
588. doi:10.1109/TKDE.2014.2330822



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

27
Bodenreider O. Biomedical Ontologies in Action: Role in Knowledge
Management, Data Integration and Decision Support. Yearb Med Inform.
Published online 2008:67-79.
Santana da Silva F, Jansen L, Freitas F, Schulz S. Ontological interpretation of
biomedical database content. J Biomed Semant. 2017;8. doi:10.1186/513326-017-
0127-z
Haendel MA, Chute CG, Robinson PN. Classification, Ontology, and Precision
Medicine. N Engl J Med. 2018;379(15):1452-1462. doi:10.1056/NEJMral615014
Smith B, Ashburner M, Rosse C, et al. The OBO Foundry: coordinated evolution
of ontologies to support biomedical data integration. Nat Biotechnol.
2007;25(11):1251. doi:10.1038/nbt1346
Schuler JC, Ceusters WM. The Problems of Realism-Based Ontology Design: a
Case Study in Creating Definitions for an Application Ontology for Diabetes
Camps. AMIA Annu Symp Proc AMIA Symp. 2017;2017:1517-1526.
Motik B, Patel-Schneider PF, Parsia B. OWL 2 Web Ontology Language
Structural Specification and Functional-Style Syntax (Second Edition). W3C.
Published 2012. Accessed April 3, 2016. https://www.w3.0rg/TR/2012/REC-
owl2-syntax-20121211/
Baader F, ed. The Description Logic Handbook: Theory, Implementation, and
Applications. 2. ed., paperback ed. Cambridge Univ. Press; 2010.
Codd EF. The Relational Model for Database Management: Version 2. Addison-
Wesley Longman Publishing Co., Inc.; 1990.
Darwen H, Date CJ. The third manifesto. ACM SIGMOD Rec. 1995;24(1):39-49.
d0i:10.1145/202660.202667
Ethier JF, Barton A, Taseen R. An ontological analysis of drug prescriptions.
Appl Ontol. 2018;13(4):273-294. d0i:10.3233/A0-180202
Dahl LT, Walker JD, Schull M, et al. The SPOR-Canadian Data Platform: a
national initiative to facilitate data rich multi-jurisdictional research. Int J Popul
Data Sci. 2020;5(1). doi:10.23889/ijpds.v5i1.1374
Khnaisser C, Lavoie L, Burgun A, Ethier JF. Generating Relational Database
using Ontology Review : Issues, Challenges and Trends. Int J] Adv Comput Sci
Appl IJACSA. 2018;9(6):139--145. doi:10.14569/1JACSA.2018.090620
Dou D, Qin H, Lependu P. OntoGrate : Towards Automatic Integration For
Relational Databases And The Semantic Web Through An Ontology-Based
Framework. Int J Semantic Comput. 2010;04(01):123-151.
doi:10.1142/S1793351X10000961
Bellatreche L, Ait-Ameur Y, Chakroun C. A design methodology of ontology
based database applications. Log J IGPL. 2010;19(5):648-665.
doi:10.1093/jigpal/jzq017
Saccol D d B, Andrade T d C, Piveta EK. Mapping OWL ontologies to relational
schemas. In: 2011 IEEE International Conference on Information Reuse
Integration. ; 2011:71-76. doi:10.1109/IR1.2011.6009523
Vysniauskas E, Nemuraité L, Paradauskas B. Preserving Semantics of Owl 2
Ontologies in Relational Databases Using Hybrid Approach. Inf Technol Control.
2012;41(2):103-115. doi:10.5755/j01.itc.41.2.833



22.

23.

24,

25.

26.

27.

28.

29.

30.

28
Hornung T, May W. Experiences from a TBox Reasoning Application: Deriving a
Relational Model by OWL Schema Analysis. In: Rodriguez-Muro M, Jupp S,
Srinivas K, eds. Proceedings of the 10th International Workshop on OWL.:
Experiences and Directions (OWLED 2013) Co-Located with 10th Extended
Semantic Web Conference (ESWC 2013), Montpellier, France, May 26-27, 2013.
Vol 1080. CEUR Workshop Proceedings. CEUR-WS.org; 2013. Accessed
February 9, 2018. http://ceur-ws.org/VVol-1080/owled2013_3.pdf
Podsiadty-Marczykowska T, Gambin T, Zawislak R. Rule-Based Algorithm
Transforming OWL Ontology Into Relational Database. In: Beyond Databases,
Architectures, and Structures. Communications in Computer and Information
Science. Springer, Cham; 2014:148-159. doi:10.1007/978-3-319-06932-6_15
Jiménez-Ruiz E, Kharlamov E, Zheleznyakov D, et al. BootOX: Practical
Mapping of RDBs to OWL 2. In: The Semantic Web - ISWC 2015. Springer,
Cham; 2015:113-132. doi:10.1007/978-3-319-25010-6_7
Ho LTT, Tran CPT, Hoang Q. An Approach of Transforming Ontologies into
Relational Databases. In: Intelligent Information and Database Systems. Springer,
Cham; 2015:149-158. doi:10.1007/978-3-319-15702-3_15
Afzal H, Wagas M, Naz T. OWLMap: Fully Automatic Mapping of Ontology into
Relational Database Schema. Int J Adv Comput Sci Appl IJACSA. 2016;7(11):7-
15. doi:10.14569/IJACSA.2016.071102
Achpal A, Bannihatti Kumar V, Mahesh K. Modeling Ontology Semantic
Constraints in Relational Database Management System. In: Proceedings of the
International MultiConference of Engineers and Computer Scientists; 2016.
Accessed February 15, 2018.
https://www.researchgate.net/publication/296437737_Modeling_Ontology Sema
ntic_Constraints_in_Relational_Database_Management_System
Mahmudi K, Liem MMI, Akbar S. Ontology to relational database transformation
for web application development and maintenance. J Phys Conf Ser.
2018;971(1):012031. doi:10.1088/1742-6596/971/1/012031
Guidoni GL, Almeida JPA, Guizzardi G. Transformation of Ontology-Based
Conceptual Models into Relational Schemas. Published online 2020:15.
Abadi DJ, Marcus A, Madden SR, Hollenbach K. SW-Store: a vertically
partitioned DBMS for Semantic Web data management. VLDB J.
2009;18(2):385-406. doi:10.1007/s00778-008-0125-y



29

Figure Captions

Fig. 1. Class conversion example (The ellipse represents a class described using the

short Internationalized Resource Identifiers (IRI) and a label. The rectangle represents

a relation described using the relation name and the list of attributes.)............cccc.e..... 9
Fig. 2. Object property CONVersion eXample. ..o 9
Fig. 3. Property inheritance axiom conversion example. ...........ccccooeveeieiieseeriecnnn, 10
Fig. 4. Class inheritance axiom conversion eXample. .........cccovveveiiienieenesieseese e 10
Fig. 5. Class association axiom conversion example. ...........ccoouveieienencnenenenens 11
Fig. 6. Data association axiom conversion eXample.........c.ccccvveveiieeiieenesieeseese e 12
Fig. 7. Individual conversion example. ...........cooieiiiiinineee e 13
Fig. 8. Example of relational schema with data.............ccocevieiiiiiiinie e 16
Fig. 9. Data flow diagram of ONtOREI0L. .......cceevviiiiiiiecc e 17
Fig. 10. OntoRel with data as a graph. ..o 20
Fig. 11. OntoRel with data as a relation schema. ...........ccccocceeviiiie i, 22

Fig 12. The ontology graph derived from a sample of physiological measurement

(0] 41161 (0] )OSR T U SU PP TP 34

Fig. 13. The relational data model derived from a sample of physiological

MEASUIEMENT ONTOIOGY. .. .cveiiiiiiiiiice e 35



	Abstract
	1 Introduction
	2 Objective
	3 Method
	3.1 Conversion rules
	3.2 Axiom complexity reduction

	4 Results
	5 Use case
	6 Related work
	7 Contribution and future work
	8 Conclusion
	Acknowledgements
	Ethical considerations
	References
	Figure Captions

