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eClims: an extensible and dynamic integration
framework for biomedical information systems
Marinette Savonnet, Éric Leclercq, Member, IEEE, and Pierre Naubourg

Abstract—Biomedical Information Systems (BIS) require consideration of three types of variability: data variability induced by
new high throughput technologies, schema or model variability
induced by large scale studies or new fields of research, and
knowledge variability resulting from new discoveries. Beyond
data heterogeneity, managing variabilities in the context of BIS
requires extensible and dynamic integration process. In this
paper, we focus on data and schema variabilities and we propose
an integration framework based on ontologies, master data, and
semantic annotations. The framework addresses issues related
to: 1) collaborative work through a dynamic integration process;
2) variability among studies using an annotation mechanism;
3) quality control over data and semantic annotations. Our approach relies on two levels of knowledge: BIS-related knowledge
is modeled using an application ontology coupled with UML
models that allow controling data completeness and consistency,
and domain knowledge is described by a domain ontology
which ensures data coherence. A system build with the eClims
framework has been implemented and evaluated in the context
of a proteomic platform.
Index Terms—integration framework, ontology, semantic annotation, proteomic platform.

I. I NTRODUCTION

T

HE application domain of our study is Biomedical Information Systems (BIS) i.e., a subclass of Scientific
Information Systems (SIS). SIS aim to produce or to improve
knowledge about a subject through R&D activities. SIS are
becoming increasingly meaningful in scientific research as
they allow to tackle the complexity of human tasks and
techniques. SIS impact production, selection, management,
use and dissemination of new information and knowledge
[1]. Given these definitions, in the following paragraphs, we
present key elements that characterize BIS.
In general, the scope and the complexity of scientific activities in the biomedical domain are such that it is necessary to
cope with multi-disciplinary research and geographically scattered teams. The complexity of issues addressed by researchers
is associated with complex models, non-standard data types
(e.g., sequences, graphs, multidimensional arrays, time series)
and diverse access patterns (e.g., similarity queries, pattern
matching queries, top-k queries).
Data and query types’ diversity along with highly dynamic
knowledge require highly scalable storage systems with a high
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level of extensibility generally much higher than in enterprise
Information Systems (IS). For example, the discovery of
new relationships among biological components (genes, amino
acids, proteins, etc.) is promptly addressed by scientists and
should lead to an evolution of BIS. It is estimated, for example,
that the GenBank database1 has its data schema modified twice
a year [2]. Thus, a BIS must be designed as an extensible
system both at the data structure and at the knowledge levels.
Given these considerations, relational database management
systems (RDBMS) are too monolithic to be uniformly used
in all BIS. Schema evolution in RDBMS is a long process
that does not achieve the level of extensibility required for
the integration of multi-source data and for production of new
knowledge. Therefore, if a BIS can no longer be solely based
on a RDBMS [3], it should still offer the same level of data
integrity as RDBMS.
Another key element to take into consideration is the multiplicity of knowledge sources that are used. We may cite here
reference databases such as GenBank, or as ontologies such
as GFO2 , PATO3 or SNOMED4 . In 2014, Fernández-Suarez
et al. [4] have identified 1552 on-line databases covering
different aspects of cellular and molecular biology. Similarly,
more than one hundred ontologies have been identified by
the OBO consortium5 . In this context, ontologies appear as
an important brick when considering data integration in BIS.
Indeed, ontologies allow linking new imported data to data
and knowledge already present in the BIS, while controling
overall data quality.
Our approach aims to provide users with a set of tools
for ontology-based data integration and to improve the extensibility of data models by using semantic annotations and
master data management principles [5]. We have developed
eClims, a clinical proteomic framework, that is used: 1) to
integrate new data generated from multiple domains in a
Laboratory Information Management System (LIMS); 2) to
dynamically extend data models without modifying existing
applications; and 3) to ensure data and annotation quality by
1 GenBank is a database of genes, publicly available, offering the nucleotide
sequences and their translation into proteins, web site: http://www.ncbi.nlm.
nih.gov/sites/entrez?db=nucleotide.
2 The General Formal Ontology is a top-level ontology, it includes elaborations of categories like objects, processes, time and space, properties, relations,
etc., web site: http://www.onto-med.de/ontologies/gfo/.
3 PATO is an ontology of phenotypic properties, web site: http://obofoundry.
org/wiki/index.php/PATO:Main Page.
4 SNOMED is a multilingual clinical healthcare terminology, web site: http:
//www.ihtsdo.org/snomed-ct.
5 The Open Biological and Biomedical Ontologies consortium aims to
federate initiatives undertaken in the development of biomedical ontologies,
web site: http://obofoundry.org.
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using ontologies and semantic rules.
The rest of the article is organized as follows. In Section
II we discuss various approaches to data integration issues
and give an overview of annotated databases. Section III
presents the outlines of our data management architecture and
the formal description of the eClims integration framework.
Section IV presents tools and methods used in our approach
to set up the integration process and Section V describes
an implementation in clinical proteomics. Finally, Section VI
concludes the paper by pointing out some remaining issues.
II. R ELATED WORK
In the following subsection, we review the major data
integration approaches. Following this review, we present
three data integration systems for BIS that are similar to
our approach. Finally, we give an overview of research in
annotated databases as well as their theoretical foundation.
A. Major data integration approaches
The goal of data integration is to synthesize data from
different sources and to provide users with a unified query
interface to access these data. There is much literature regarding data integration for BIS. In [6], authors present a
survey of early works on integration of heterogeneous data
in biology, in [7] a synthesis of recent systems is given. In
a more general context, Cohen-Boulakia et al. [8] review the
past and current state of data integration in the context of
Life Sciences. Integration approaches can be roughly classified
into five categories: materialized views, schema integration,
information linkage, semantic integration and service-oriented
integration.
The ”materialized views” approach is often associated with
data warehouses. Data sets are extracted from data sources,
transformed, cleaned and copied in a repository [9]. Then,
data can be combined into a specific domain data model and
efficiently queried such as a single set. Models are usually
static thus, once built their evolution and maintenance are
costly.
In the biomedical domain, ”schema integration” approaches
have been preferred because they allow independent institutions to collaborate and to exchange data while keeping control
on the data they generate and store. Among these approaches,
some are based on virtual views, mappings and queries. The
key components of schema integration approaches are data
sources with their own local schema, a global schema and
mappings between considered schemas. The Global as View
(GAV) approach consists in defining the global schema as
a set of views over the local schemas, while the Local As
View (LAV) approach consists in defining the local sources
as views over the global schema [10]. To compensate their
insufficiency, the Global Local As View (GLAV) approach has
been proposed. The GLAV approach establishes relationships
between the global schema and the sources by making both
GAV and LAV mappings [11]. Two major architectures have
been specified. The federation architecture is a collection
of cooperating database systems that are autonomous and
possibly heterogeneous [12]. Each system can continue its
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local operations and at the same time participate in the
federation. In the context of such systems, a predefined global
schema is needed. The addition of new data sources remains a
complex task. The mediation architecture [13] adds flexibility,
as wrappers and mappings facilitate the integration of new
data sources, and schema can be tailored to users. In [14],
authors survey the main architectures. As a conclusion, schema
integration and virtual views are based on complex and hard to
establish mappings thus, they are not flexible enough to meet
the variabilities of biomedical data. Moreover, data cleansing
is not usually supported in this kind of architecture.
The ”information linkage” approach establishes relationships among different data sources by using cross-references.
It is used in many public biological databases like the RCSB
Protein Data Bank6 . Users follow the references, or use a query
language to obtain data [15]. This approach is flexible but users
need to understand the schema of the different data sources
and to clean data.
Semantic heterogeneity among different autonomous data
sources is unavoidable. Ontology-based data integration approaches use ontologies as a way to solve the semantic
heterogeneity problem. Based on the way how ontologies
are employed, Wache et al. [16] propose a classification
of ontology-based integration approaches. A semantic data
integration process allows to set-up data quality controls (i.e.,
constraint checking) but, only data which can be mapped with
ontology terms can be shared and checked. As BIS aim at
generating new knowledge through data analysis and as domain ontologies allow specifying shared and well-established
knowledge, ontology-based integration architecture should rely
on application ontologies for specifying application-related
knowledge. Such architecture allows mapping several information sources at two different levels: at level of application
ontology terms for data that have a specific meaning and at
the level of domain ontology for data that have a general and
shared semantics.
Service oriented architecture and Data as a Service (DaaS)
paradigms [17] are key enablers to combine information on
the fly from multiple data sources and to process queries. In
[18], authors propose a DaaS architecture for Electronic Health
Records, where services are described as views over medical
ontologies. Services are selected and composed automatically
to answer the user queries. They handle semantic conflicts by
automatically applying the necessary data conversions between
services. In [19], authors have chosen a technological point
of view, for describing web services architectures, modeldriven service oriented architectures, workflows systems. They
discuss the impact of the Semantic Web in terms of API
for low-level interaction (RESTful web service interaction),
languages (RDF for description and SPARQL for queries),
and interaction paradigm (Semantic Web mashup). However,
web services architectures for BIS remain challenging because
the use of clinical and biological data usually requires a deep
understanding of the data semantics of the different providers
that are difficult to establish automatically.
In the next paragraphs, we describe three approaches that
6 http://www.rcsb.org
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TABLE I
C OMPARISON BETWEEN eClims AND CLOSEST SYSTEMS
System name
PODD [20]

Integration type
Data integration

Ontology
Domain

PCIS [21]

Data integration

Domain

BioDB [7]

Hybrid Federation

Domain

Extensibility
High at ontology level
Low at schema level
Low at ontology level
N/A at schema level (*)
N/A (†)

Reasoning
Ontology level

No

Ontology level

Yes

Ontology level
Annotation level

OWL, RDF/S, Pellet

Ontology level
Annotation/Data levels

OWL2, SWRL
Apache Jena, Pellet

Domain and
Low at ontology level
Yes
Application
High at schema level
(*) ontology terms are used as a conceptual schema
(†) each data set is associated to an ontology and ontologies are linked through mappings
eClims

Hybrid Mediation

Annotations
No

are closest to our proposal (eClims). Table I gives a synthetic
comparison of these systems.
In [20], authors propose an ontology-centric architecture
(PODD) for developing extensible and domain-agnostic data
management systems. They develop a mechanism to support
the evolution of domain ontology concepts. They have tested
their proposal by developing a phenomics ontology and a virtual laboratory environment as an instantiation of the ontologycentric architecture. Even if they can support the knowledge
variability, they do not address data schema variability.
The PCIS project (Prostate Cancer Information System) [21]
uses ontology to solve semantic heterogeneities and makes
use of mappings to define a stable conceptual model for data
integration. However the prototype has only been tested with
two databases and doesn’t formalize the use of application
ontology.
BioDB [7] is the closest approach to eClims. BioDB is
an ontology-enhanced information system managing multimodel data federation. It allows users to import data into the
system by annotating importated data with ontology terms.
Annotations are stored in an ontological index. An association
index maintains relationships among data annotated with same
ontology terms. Ontological data index and association index
facilitate cross model data mapping. The system maintains its
own internal representation for each recognized data type.
eClims is an hybrid integration framework that relies on
materialized views and ontology-based mediation architecture.
It uses both domain and application ontologies to define
mappings between schemas and to support quality checking. It
is based on Semantic Web foundations to provide a semantic
annotation mechanism (i.e., ontology-based annotations) that
allows taking into account the variability of data structures.
B. Annotation models and annotation databases
Annotations on relations appear in various contexts in the
database literature, notably for modeling incomplete, temporal, probabilistic data. In 2007, a generic theoretical model
(referred to as K-relations) has been proposed, tuples forming
a relation are assigned to a unique value coming from semiring K [22].
In a biomedical context, the concepts of curated and annotated databases have been introduced to address issues related
to data quality. The term curated database is associated with

Semantic Web tools
OWL, RDF, SPARQL, Pellet
Sesame Triple Store
OWL-DL, SPARQL

databases that are designed, structured and updated with a considerable human effort [23]. For example, about 150 experts
(curators) are working on the UniProt database7 . Curators are
experts in the domain targeted by the database, their role is to
collect, correct, validate and annotate domain-dependent data.
Most of curated databases act as scientific publications and
supersede dictionaries or encyclopedias.
In annotated databases, annotations are primarily used to
retain either the source or the program that has generated
data but also to afford a better understanding of data. For
example, annotation can be used to indicate how the data was
obtained, why some values have been added or changed, what
experiences or analyses were performed to obtain the values.
Existing annotation systems offer annotation models that can
be used at different levels of granularity. For example, the
DBNotes system8 (annotation DataBase Management System)
allows to annotate the attribute values of a relational database
[24]. It uses the most naive form of storage, since each attribute
of each relation is associated with an additional attribute that
stores the annotations for this attribute. Bdbms system (biological database management system) [25] provides various predefined annotation types (e.g., comments, provenance) and, for
every relation several annotation relations can be associated.
Most annotated database systems offer an extension of SQL to
manipulate and to query annotations. Very few systems rely on
Semantic Web tools to model and store annotations. Moreover,
no annotated database system deals with the implementation
of annotations linked with ontology terms nor with quality
controls (i.e., constraints) on annotations.
III. DATA M ANAGEMENT IN eClims F RAMEWORK
Data-centric applications asking for fast exchanges among
partners and data models that quickly evolve over time, make
data management a challenge. Our framework allows dynamic
integration of data in an extensible model and ensures data
coherence throughout the integration process. It is based on
several layers of models combining conceptual models and
executable models [26]. From an architectural perspective, we
organize data and knowledge into three categories (Figure 1):
1) data sources include raw data (e.g., matrix datasets),
semi-structured data (e.g., csv or XML files), structured
7 Uniprot has become the scientific reference for protein sequencing, web
site: http://www.uniprot.org.
8 http://users.soe.ucsc.edu/wctan∼/Projects/dbnotes/index.html
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or elaborated data (e.g. database exports). In the biomedical context, data can be of various forms including
signals from EEG, laboratory data from blood or tissue
analysis and clinical data from patients;
2) domain knowledge is represented by ontologies and
logical rules to model both general domain knowledge
and more specific application knowledge. Ontologies are
used to contextualize data from the different data sources
and to define semantic links between imported data and
created annotations. Rules are used to check the quality
of data during the importation and annotation processes;
3) materialized views storage is performed by using two
kinds of data: i) master data stored as relational tables in
a RDBMS and ii) complementary data which are defined
as ontology-based annotations that are stored as triples
in a NoSQL triple store. The extensibility of data models
is sustained by the ontology-based annotation model.
Data Sources

Knowledge

Materialized Views Storage

Contextualisation

raw data, datasets
annotation repository

Contextualisation

(NoSQL triple store)

complete

Contextualisation

semi−structured data

Ontologies (OWL2)

They have been developed in OWL2 by using Protégé, stored
in a triple store and are queried by using a Java/Pellet API.
B. Master data layer
To identify essential data that must be stored as tables in
a RDBMS and data that must be stored as annotations in a
triple store, we follow the principle of master data [5]. Master
data identification relies on three main properties:
• Shared: common set of data that are used by several
systems or applications;
• Stable: set of data that evolve rarely;
• Periodicity of access: set of data that are used as a pivot
among many processes and that are retrieved frequently.
In the biomedical context, master data are usually patientspecific data (e.g., sex, age, etc.) with three types of associations: to pathologies; to biological data samples; and to
admission in an hospital. These kinds of data are shared by
partners, stable and frequently accessed. In our framework,
master data come first, modeled using UML diagrams and
mainly the class diagram then, they are translated in database
schema for persistency and in object classes to be used by
application developers. A specific and autonomous part of the
class diagram is used to model ontology-based annotations and
stored in a triple store.

Rules
master data (RDBMS)

database

C. Ontology-based annotation layer
Data quality controls

Integration Process

Fig. 1. Outlines of data and knowledge management in eClims

Ontology models and data models are closely related and
complementary, they both offer means of description based on
concepts and relationships between concepts. In both cases,
knowledge represents a consensus among applications that
cooperate. The main difference concerns the purpose of use:
an ontology is developed in order to model domain knowledge,
whereas a data model is developed in order to specify some
particular data for applications. Our framework uses ontologies
to support knowledge modeling and UML data models to
define persistent classes that are usable by applications.
A. Domain knowledge
As ontologies describe formal, shared conceptualizations
of a particular domain of interest, contextualization of data
sources is provided by ontology mappings which serve as a
conceptual foundation.
We use two types of ontologies to model knowledge: a
domain ontology describes shared concepts of the domain
(e.g., biomedical domain); an application ontology is defined
for each project partner, but also for the eClims application
itself. Application ontologies extend the domain ontology
with concepts that have a specific meaning, in the considered
context.
In eClims, knowledge is allied to the field of clinical proteomics. The different ontologies are described in section V.

We present our ontology-based annotation model and we
discuss its expressiveness as well as its extensibility.
Let C be a set whose elements are concepts in an ontology,
R is a set whose elements are relations in an ontology, I is
a set whose elements are individuals in an ontology. TC , TR ,
TI are sets whose elements are, respectively, called terms for
concepts and terms for relations and terms for individuals.
Let T be the set of terms, T = TC ∪ TR ∪ TI and U the set
indicating the URI. Any element of the sets TC , TR , TI can
be identified by an element of U.
Let µ : U → T the association function of an URI to a
term used in an ontology. Furthermore, we define UTC as the
restriction of the inverse function of µ, thus, UTC = µ−1
|TC .
In the same way, we define UTR , UTI , UTT as well as
combinations of pairwise sets.
Let A be the set of all annotations. An annotation A ∈ A
is a triple A := hS, P, Oi where:
• S is the annotated data named subject, S ∈ U
• P is a predicate that identifies the semantics of annotation, P ∈ UTC ∪ UTR
• O is an object that refers to the content of added
information, O ∈ UTI ∪ Literal ∪ null.
In our model, a predicate (i.e., concept or relation of an ontology) cannot be the subject of an annotation, indeed knowledge is expressed exclusively in the ontology (annotations give
the semantics by defining a context). Thus, S ∈ U − UTC ∪TR .
From the generic annotation triple, we define three basic
structures for annotations:
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1) A simple annotation hS, P, Oi allows to annotate a
subject by associating it a couple (predicate, object) with
S and P always not null.
If O is null and if P references a concept c1 ∈ TC , the
annotation specifies the type of the subject. In this case,
it behaves like a constraint on a domain for additional
annotations.
If O is not null and if P references a concept c1 , O can
be individual of the concept c1 or a subconcept of c1 .
If O is not null and if P references a relation r1 ∈ TR ,
O can be individual in the range of the relation r1 or a
literal. The last two forms are like database constraint
which checks that the value of an attribute is taken from
a list;
2) A complex annotation is a set of annotations that allows
to link the same subject with two or more couples
(predicate, object). Acplx = {hS, Pi , Oi i, i = 1..n}
where Oi can be literals, individuals of TI compatible
with Pi , or a reference to another subject (i.e. an URI
of an annotation). All predicates used in a complex
annotation must be different. The following annotation
{hS, P1 , O1 i, hS, P2 , O2 i} is an example of a complex
annotation;
3) A reflexive annotation is an ordered list (i.e., a tuple)
that allows to point out a specific relationship between
the subject and the object by means of a new annotation which can itself be simple or complex, the
object becomes then a subject. A reflexive annotation has
different levels, obtained by using a system of brackets:
a level i annotation gives details on the relationship
between object O of the level i − 1 annotation and
its subject. If all the annotations of the level i are
contained in a list then they share the same subject O.
The following annotation hhS, P1 , O1 i, hO1 , P2 , O2 ii is
an example of a reflexive annotation.
From an operational viewpoint, in the case of a RDBMS, the
subject S can be, the table name, prefixed by the connection
string including a network protocol such as ODBC or JDBC
followed by a RowID or a technical or a logical identifier. P
is an URI identifying an OWL term or a reference identifying
a tuple in a database if the ontology has been stored in a
database schema. O can be of the following types: 1) an URI
that references an existing subject or an element of TI ; 2) a
pair (V alue, T ypeo ) where V alue is a literal which represents
the value of the object O and T ypeo ∈ C refers accepted data
types for V alue.
In eClims, this layer has been implemented using the
reasoner Pellet and a SPARQL service to query the ontology.
Nevertheless, there is no unified theoretical framework that
defines an annotation model coupled with an ontology and a
query language so that, semantic verifications are performed
asynchronously. In [27], we have proved that our ontologybased annotation model with set and ordered list constructors
is a semi-ring. Then, the algebraic properties of semi-rings
allowed us to define the behavior of a subset of relational
operators (union, projection, selection, and semi-join) for
annotations and how annotations are propagated when two
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tuples of master data are joined.
Our annotation model allows extensibility at two different
levels: at the data schema level, annotations can be used
to add information without modifying the existing schema
and applications, because annotation is a universal structure
which allows to develop generic software components in the
platform; and among data imported from different sources,
annotations can be used to connect pieces of data seamlessly.
IV. I NTEGRATION PROCESS
In this section, we present the integration environment
(architecture of ontologies and mappings) and we describe
how ontologies, rules and mappings are working together in
the integration process.
A. Integration environment
The following definition formalizes our integration environment in a tuple of six components:
hDO, AOk , Sk , MO , MOS , MOR i, k = 0..n
where:
• DO is a domain ontology;
• AO0 is an application ontology which formally describes
the target schema S0 ;
• For each k = 1..n
– Sk is the local schema of each data source;
– AOk is an application ontology, which formally
describes the local source schema Sk .
• MO is a set of ontological mappings expressing an
equivalence between terms of ontologies;
• MOS is a set of ontology-schema mappings relating the
terms of application ontology with the elements of target
or source schema;
• MOR is a set of Object-Relational mappings between
elements of UML class diagram (used for developing
applications) and master data as well as the part of the
UML class diagram in charge of annotations persistency.
Mappings are also used to identify if the data to be integrated can be mapped to master data schema, or if it implies
the creation of annotations. Figure 2, described in the following subsections, shows the different functional components
that support semantic data integration and data annotation.
B. Architecture of ontologies
In a scenario of cooperation among various partners in a
specific domain, we propose to use two levels of ontologies
(i.e. different application ontologies and a domain ontology)
to determine if a term of a system corresponds to another term
of another system.
The domain ontology represents the key common concepts
of the domain linked by various relationships. This type of
ontology is used to ensure the consistency of semantics among
various systems (also called semantic net by Wiederhold in
[28]). Domain ontology can serve as scientific reference in
exchanges among partners, concepts and relations are then
used as a syntactic and semantic consensus.
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Application ontologies are used to describe each local
source schema as well as the target schema. Compared to
domain ontologies, application ontologies represent the reality of the information systems to which they are affiliated.
Application ontologies are designed in agreement with major
partners and the target system. An application ontology is
structured into three distinct branches: 1) The first branch
describes the concepts and relations that will be used in
order to match the descriptors of source schema with the
model of the target system according to their meaning; 2)
The second branch defines the types and data formats that
are connected to each schema descriptor; 3) The third branch
defines operations of conversion between the different types
and data formats that are used in model transformations. The
second and the third branches are the same for all application
ontologies. Application ontologies and domain ontology are
used as mediators between a schema of source system and
the schema of target system. For example, two systems with
patient identifiers, P atientN um and P atientId, will point
at In the following section we detail the different types of
mappings and how they are used to distinguish master data
and annotations.
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Applications

Sample management
Plate management
Patient anonymizer, etc.

UML model

Master data
Relational DB

complete

Annotations
Triple store

Application
ontology AO0

generates

Domain
ontology

C. Mappings
We specialized the concept of mapping, used in ontology
alignment works, to represent correspondences between terms
of two ontologies and between the terms of an application
ontology and the schema descriptors. Figure 2 depicts different
mappings in the general integration architecture. After their
specification, mappings are used to establish the sequence of
model transformations for data format, data types and scales.
During data integration, two major types of mappings
are used: ontological mappings between two ontology terms
and ontology-schema mappings linking ontology terms to a
schema descriptor. Object relational mappings are used for
storing imported data (master data or annotations) in the target
system.
Ontological mappings MO are 1..1 mappings which express an equivalence between terms (concepts or relations)
of ontologies. These mappings are established during the
construction of two ontologies and must be updated when
one (or both) ontology(ies) evolves. We define two kinds of
ontological mappings:
• mappings used to match the terms of one application
ontology to those of the domain ontology. An ontological mapping MO is a pair hTDO , TAOk i where
TDO is a term of the domain ontology DO, TAOk
is a term of the first branch of an application ontology. For example, the following ontological mapping,
MO1 hM edicalRecord, P atientIdi, matches the concept Medical Record of the domain ontology DO and
the concept Patient Identifier of an application ontology
AOk .
• direct ontological mappings between AOk (for k > 0)
and AO0 are used for a specific exchange between a data
source and the target system if it is not possible to find
a matching between terms of the application ontology

Application
ontologies
AOk

Excel
file

XML
file

DB

Data sources
Ontology-schema mapping
Ontological mapping
O-R mapping
Fig. 2. eClims data integration architecture

AOk and the domain ontology terms. Direct ontological
mappings are defined as a pair hTAO0 , TAOk i, k > 0.
Ontology-schema mappings MOS link terms of an application ontology to schema descriptors. The mappings can be of
type 1..1 linking one term of an ontology to one descriptor
of a schema, type 1..n linking one term of an ontology to
several descriptors of a schema, or type n..1 linking several
terms from an ontology to one single descriptor.
An ontology-schema mapping MOS is a pair of sets
h{hTAOk , F ct1 i}, {hDSk , F ct2 i}i: terms T from an application ontology AOk and descriptors D from a schema Sk , both
associated with their model transformations F ct that reference
the third branch of an application ontology. For 1..1 and 1..n
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D. Steps of the integration process
The integration process is performed in three major steps.
The first step aims at creating objects (Java EJB in the
implementation platform described in section V). The second
step concerns the checking of completeness and consistency
of the objects according to the schema of the master data The
third and final step is checking of objects’ level of coherence
according to the considered domain semantics (called semantic
consistency).
The annotation process is applied on existing data that have
been stored as master data thus, it only requires consistency
and coherence checking. Figure 3 summarizes the three steps
of our integration process, we also specify the technologies
used in each step. For reasons of clarity, we do not show
mappings present in Figure 2. In the following paragraphs,
we further detail the above mentionned steps of the integration
process.
The first step concerns the semantics and data format. It uses
ontology-schema mappings to determine the semantics of each
descriptor. The comparison between mappings performed on

Annotation Process

checking

Coherence

ckecking

Consistency

checking

Completeness

Data from sources

Schema of
master data

Target database
master data

Annotation database
RDF Triple Store

inconsistant and/or incoherent
objects

Technologies

mappings F ct1 is empty, for n..1 mappings, F ct2 is empty.
The examples below describe two ontology-schema mappings:
• hhP atientIdAO0 , ∅i, hP atientN umS0 , Identityii
which allows linking the PatientNum from the target
schema (i.e. master data schema) and the concept
PatientId from the application ontology AO0 ;
• h{hT umorAO1 , substr(?, 1, 2)i,
hM etaAO1 , substr(?, 5, 2)i,
hN odeAO1 , substr(?, 3, 2)i}, hT N M StageS1 , ∅ii
which allows linking the descriptor T N M Stage from
the S1 partner’s schema and the concepts T umor, N ode
and M eta from the application ontology AO1 .
Descriptors of schemas are also linked by mappings with
the data formats branch from the corresponding application
ontology. So, we have two types of mappings: 1) to define the
meaning of the descriptors and 2) to define the data format.
The joint use of both these types of mappings allows finding
the model transformations and the conversion functions that
are applied to transform values from a source to the target
model. For example, the birthday date attribute in the schema
of partner 1 (S1 ) is Birth and it is linked to the format
DD − M M − Y Y Y Y , while in the target system (S0 ), the
descriptor BirthDate uses the format M M/DD/Y Y Y Y ,
the concepts used in application ontologies AO0 and AO1
and domain ontology DO are DateOf Birth. The mappings
for the source S1 and the target S0 will be:
hhDD − M M − Y Y Y YAO1 , ∅i, hBirthS1 , ∅ii
hhDateOf BirthAO1 , ∅i, hBirthS1 , Identityii
hDateOf BirthDO , DateOf BirthAO1 i
hDateOf BirthDO , DateOf BirthAO0 i
hhDateOf BirthAO0 , ∅i, hBirthDateS0 , Identityii
hhM M/DD/Y Y Y YAO0 , ∅i, hBirthDateS0 , ∅ii
Transformations in the first and last mappings are empty (∅),
they are automatically deduced from conversion functions of
the third branch of their respective AOk .
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UML Models

Ontology

OR Mapping + Spring Framework
SWRL Rules + Pellet and Jena
OWL Ontologies + Web service
Java EJB

Fig. 3. Data flow in our integration process

the target schema and mappings performed on the partners’
schema, highlights: 1) the correspondences among partners
and target master data descriptors; and 2) the model transformations required to transform data values. The construction
of Java objects is based on these two pieces of information.
Mappings between data descriptors and application ontology
AO0 are composed with ontology-schema mappings MOS and
ontological mappings MO to obtain the sequence of model
transformations including data conversion. If there exist direct
mappings between AOk for k >= 1 and AO0 the model
transformation and data conversion are performed directly
without using the domain ontology. If there is no existing
mapping between the domain ontology and the application
ontology AO0 for a data coming from AOk then an annotation
is created using the terms of the ontology as predicates
and values as object. The framework Jena is used to store
annotations.
On the second step, once the Java objects are created, the
process checks for their completeness and consistency. The
use of UML class diagram as a structural model allows to
specify optional and mandatory associations among objects.
Thus, we can identify association errors or mismatches among
objects. We can also verify the consistency of some data within
objects i.e. verification of admitted values, internal uniqueness
based on the definition of identifiers, etc. As data on biological
material is rare, we can not reject all of the incomplete or
inconsistent objects (called invalid objects). Invalid objects are
created and inserted with a specific annotation which prevents
using these biological sample data within an experiment.
Once completeness and consistency of objects are checked,
the rule engine checks the semantic consistency according to
domain knowledge rules. This third step takes into account the
facts, i.e., the newly created objects, knowledge, and rules (i.e.
OWL ontology including SWRL rules). At the end of this process we obtain either coherent objects that have successfully
passed three controls, or invalid objects. The rules supported
by in the implementation of the framework are written in
SWRL [29] in accordance with the DL-Safe restriction [30].
For example, the rule expressed in natural language as a
sample is valid if the disease for which it is studied and if
the organ from which it comes are mutually relevant will be
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Rule written in FOL

Organ (?o),
Swab(?s),
comes(?s,?o),
AffectedOrgan(?o,?p),
Pathology(?p)
-> ValidSwab(?s)

Rule written in SWRL

<DLSafeRule>
<Body>
<ClassAtom>
<Class IRI="#Organ"/>
<Variable IRI="urn:swrl#o"/>
</ClassAtom>
…
<ObjectPropertyAtom>
<ObjectProperty IRI=« comes"/>
<Variable IRI="urn:swrl#s"/>
<Variable IRI="urn:swrl#o"/>
</ObjectPropertyAtom>
…
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A. Organization of knowledge in eClims
For CLIPP, a master data model was specified using UML
class diagram. This model includes patient-specific data and its
associations to pathologies, admission to an hospital, and biological data samples. The class diagram is semi-automatically
transformed into a relational database schema and a collection
of Java classes processes the object-relational mappings.
The clinical proteomic domain knowledge is represented by
a OWL domain ontology (Figure 5). This ontology specifies
concepts as used in the CLIPP platform. It includes external
resources such as ICD, MeSH, the TNM classification and
recommendations on hospital tumor banks made by INCa10 .
root
MeSH

Fig. 4. Rule written in FOL and SWRL

defined in first order logic and SWRL as depicted in Figure
4, colors showing the corresponding elements.
In conclusion, our integration process, described in details
in [31], defines three levels of increasing quality checkings
before the final inclusion of data.
V. U SE OF THE eClims FRAMEWORK IN CLINICAL

A01
Stem

part-of

A01.236
Breast

Sample

affectedOrgan

A03
Digestive System

sampleId

part-of
part-of

A03.620
Liver
Disease

is-a

Specialization of
affectedOrgan

T

N

M

TxT0 T1 Nx N1
TNM

patientId
ICD

is-a

D10-D36
Benign tumors

C00-D48
Malign tumor
sequence of is-a

C78.7
Secondary malignant
neoplasm of liver
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9 CLIPP: Clinical and Innovation Proteomic Platform, web site: http://www.
clipproteomic.fr/.

part-of

sex

PROTEOMICS

The proteomic platform CLIPP served as test-bed for the
framework eClims. CLIPP is a platform shared by Burgundy
and Franche-Comté universities. Clinical proteomics is the
study of proteins on samples collected from groups of patients
participating in a clinical study. A typical example is the
discovery of biomarkers that can be used: 1) to identify and
classify diseases; 2) to make early detection or diagnosis; and
3) to measure the response of patients to a therapy.
Proteomic platforms usually use Laboratory Information
Management System (LIMS) to manage different aspects of
proteomic studies, varying from storing clinical information to
realizing statistical studies following experiments on various
equipments. Stephan et al. [32] give a state of art of LIMS
in proteomics. Authors highlight the fact that considered tools
do not meet clinical data specificities, which is essential in
the context of BIS. In the category of LIMS dedicated to
proteomics, we find few systems such as Proteinscape [33]
or myProMS [34].
eClims is included in the open source LIMS ePIMS [35].
We have presented, in sections III and IV, the data integration
process implemented in eClims. Without an effective management of data quality, data in the LIMS can easily be polluted
by missing, redundant or even incorrect values. Indeed, many
partners provide data with variable quality. However once
integrated in the LIMS, these data must conform to the same
quality as the existing ones. While this work is fundamental, eClims supports others functionnalities: confidentiality of
data (based on user rules); freezers management (independent
samples management); sampling of samples (aliquoting), interconnexion with the LIMS ePIMS.

volume

Patient

part-of

TNM

INCa

Anatomy

part-of

Fig. 5. eClims Domain Ontology (a partial view)

We used the International Classification Diseases11 (ICD)
proposed by the World Health Organization (WHO) which is
a classification list for diseases, signs and symptoms.
The MeSH thesaurus12 (Medical Subject Headings) is a
tool made by the National Library of Medicine. It is used
to index and to retrieve medical information and we use it for
anatomical terms. The TNM classification13 (Tumor, Nodes,
Metastasis) is an international system for defining the stages
of tumor development. Recommendations on hospital tumor
banks take into account all relevant clinical data (patients and
diseases data) and the set of techniques and protocols in order
to preserve quality of biological samples.
B. Implementation of integration process
The integration process consists of five steps: 1) choice of
integration options; 2) selection of data source (a file in the
example); 3) selection of the study; 4) data visualization; and
5) definition of mappings. Figure 6 is a screenshot showing the
two last steps. Data visualization allows users to make some
data modifications prior to integration. Finally, the definition
of mappings permits to link file descriptors to import with
eClims schema. Once the definition of integration is carried
out, data is created and displayed to the user who can make
additional changes before storing it into the database.
10 INCa:

french National Cancer Institute, web site: http://www.e-cancer.fr.

11 http://www.who.int/classifications/icd
12 http://www.ncbi.nlm.nih.gov/mesh
13 http://www.uicc.org/tnm
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Fig. 7. Master data and annotations for a patient

Ontology-schema mappings

Data source visualization

Fig. 6. The two last steps of integration interface in eClims user interface

The eClims annotation process can be performed during the
data visualization or the data importation. Users can choose a
predicate name and a type from a list populated by ontology
terms. Annotations implemented in eClims are only related
to data about patients, swabs and samples, so we added
in the eClims database three relations: 1) annot-pat; 2)
annot-swab; and 3) annot-sam. Figure 7 shows data
about one patient (master data and annotations).
C. Evaluation and limitations
The activities of CLIPP are organized in Program/Project/Study hierarchy. A program is a thematic research related to
a pathology, CLIPP manages around ten new programs each
year. Currently CLIPP covers a dozen of different program
each year about different pathologies such as steatosis, fungal
infection, ovarian cancer, etc. A program is divided into
projects, a project corresponds to a research hypothetis. For
example, a program combines all the experiments concerning
fungal infection, one project uses samples from patients affected by this infection, another project uses samples from patients affected by this infection but with a hypothesis about the
patient’s sex. Related to the proteomic profile, each patient is
described by a few dozen clinical variables: hemoglobin level,
sex, birthday, etc. A project is a collection of studies, studies
vary the experimental procedures performed on samples.
eClims allows storing information related to a sample. All
the resources involved in the analysis of the sample are retained: measuring instruments (with control of their condition);
personal (with control of the authorization for measurements);
time references; data generated by mass spectrometers is
transferred into ePIMS. Furthermore, eClims simplifies plate
tracking by defining plate configuration and fill patterns. Given

the project, the number of generated plates runs from one to
ten. Each plate concerns the analysis of 96 samples, among
which patient samples and control samples enabling the quality
control.
eClims is realeased as a free software since 2009
(http://sourceforge.net/projects/eclims/). A dedicated web site
gives an overview of the main functionalities (http://eclims.
u-bourgogne.fr). Support and maintenance are carried out by
Advanced Solutions Accelerator a software company that is
developing scientific applications 14 . Ontologies’ definition
and user interface have been validated by CLIPP during 2010.
The different modules of the platform and its annotation
system are used since June 2011 by the proteomic platform
CLIPP. During 2011, users tests have validated the following
features: 1) inclusion of additional data during the integration
process, when they are present in the data sets of partners
or ”on the fly” when provided a posteriori by the partners,
by example during an additional request for information by
the platform CLIPP; 2) querying annotations and master data
using forms built on the top of Hibernate Criteria Queries.
More generally, this functionnality has showed to allow finding
correlation among samples from different studies based on
diseases and variables (annotations).
This pilot project has proved, in one proteomic platform,
that eClims can be used successfully for data integration with
constraint checking. The global project has not defined a
quantitative evaluation methodology. But, before using eClims
and ePIMS, a major organizational effort was required. Indeed,
data were manually managed in a hierarchy of directories and
files, data semantics was in the file names (e.g., the directories
suffixes gave Program/Project/Study hierarchy). Entry errors
were possible at every stage of a program, multi-criteria
searches were impossible.
eClims and ePIMS allowed to: 1) data reliability gain
reproducibility through for example the creation of plates’
replicates; 2) establish data traceability; 3) improve quality
control: consistency checks are carried out quickly and semiautomatically, elimination of human errors (entry errors).
VI. C ONCLUSION
Our proposal for data integration in the BIS context uses
master data principles and an ontology-based annotation model
14 http://www.advancedsolutionsaccelerator.com/?q=node/28
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with theoretical foundation shared by database and Semantic
Web. It allows to cope with variability of data structures using
annotations. We have defined an integration process which
offers two types of transformations: 1) a syntactic transformation which allows to convert data from a type into another.
This process is automatic in our approach; 2) a semantic
transformation which allows changing the values according
to their meanings in different systems. The last task of the
process is to perform consistency and coherence checking
using constraints over UML models and ontology rules. The
proposed data management system offers a representation
much richer that a relational database can offer. In short term
we will able to provide a multi-paradigm data storage system
[36] that can store data in the most suited system, i.e. relational
database for master data, triple store or graph database for
annotations, RDF, XML for specific purpose and thus benefit
from each model’s computing or deduction capabilities. In this
context, annotations will also be used as links among different
storage model.
The system for constraints consistency checking is still a
prototype, our current work concerns the implementation of
database constraints on annotations as explored in [37], [38].
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multi-paradigm system for the management of archaeological data :
Corpus Lapidum Burgundiae,” in Digital Heritage, 2013, pp. 679–682.
[28] G. Wiederhold, “Interoperation, mediation, and ontologies,” in Proceedings on the 5th symposium on Generation Computer Systems, vol. 3,
1994, pp. 33–48.
[29] I. Horrocks and P. F. Patel-Schneider, “A proposal for an owl rules
language,” in Proceedings of the 13th international World Wide Web
Conference (WWW). ACM Press, 2004, pp. 723–731.
[30] B. Motik, U. Sattler, and R. Studer, “Query Answering for OWL DL
with rules,” Web Semantics, vol. 3, no. 1, pp. 41–60, 2005.
[31] P. Naubourg, M. Savonnet, E. Leclercq, and K. Yétongnon, “A approach
to clinical proteomics data quality control and import,” in Information
Technology in Bio- and Medical Informatics (ITBAM), ser. Lecture Notes
in Computer Science, vol. 6865. Springer, 2011, pp. 168–182.
[32] C. Stephan, M. Kohl, M. Turewicz, K. Podwojski, H. Meyer, and
M. Eisenacher, “Using Laboratory Information Management Systems
as central part of a proteomics data workflow.” Proteomics, vol. 10,
no. 6, pp. 1230–1249, 2010.
[33] H. Thiele, J. Glandorf, and P. Hufnagel, “Bioinformatics strategies in
life sciences: from data processing and data warehousing to biological
knowledge extraction.” Journal of integrative bioinformatics, vol. 7,
no. 1, 2010.
[34] P. Poullet, S. Carpentier, and E. Barillot, “myProMS, a web server
for management and validation of mass spectrometry-based proteomic
data.” Proteomics, vol. 7, no. 15, pp. 2553–6, 2007.
[35] V. Dupierris, D. Barthe, and B. C., “ePIMS : un LIMS pour la gestion
des données de spectrométrie de masse,” Spectra Analyse, vol. 38, no.
269, pp. 36–40, 2009.
[36] D. Ghosh, “Multiparadigm Data Storage for Enterprise Applications,”
IEEE Software, vol. 27, no. 5, pp. 57–60, 2010.
[37] W. Akhtar, A. Cortés-Calabuig, and J. Paredaens, “Constraints in RDF,”
in Semantics in Data and Knowledge Bases, vol. 6834, 2011, pp. 23–39.
[38] N. Bidoit-Tollu, “Types and Constraints: From Relational to XML Data,”
in Semantics in Data and Knowledge Bases, vol. 6834, 2011, pp. 40–53.

