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28There is a growing need to semantically process and integrate clinical data from different sources for clin-
29ical research. This paper presents an approach to integrate EHRs from heterogeneous resources and gen-
30erate integrated data in different data formats or semantics to support various clinical research
31applications. The proposed approach builds semantic data virtualization layers on top of data sources,
32which generate data in the requested semantics or formats on demand. This approach avoids upfront
33dumping to and synchronizing of the data with various representations. Data from different EHR systems
34are first mapped to RDF data with source semantics, and then converted to representations with harmo-
35nized domain semantics where domain ontologies and terminologies are used to improve reusability. It is
36also possible to further convert data to application semantics and store the converted results in clinical
37research databases, e.g. i2b2, OMOP, to support different clinical research settings. Semantic conversions
38between different representations are explicitly expressed using N3 rules and executed by an N3
39Reasoner (EYE), which can also generate proofs of the conversion processes. The solution presented in
40this paper has been applied to real-world applications that process large scale EHR data.
41� 2015 Published by Elsevier Inc.
42
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44

45 1. Introduction

46 After decades of development of electronic health records the
47 integration of health records from different EHR systems has
48 become a rising demand. The development of standard clinical
49 information models is an attempt to tackle the storage and
50 exchange of clinical data. Standards like HL7 [1], openEHR [2],
51 ISO 13606 [3], etc. are developed to store or exchange patient
52 records with structured formats. However, the semantic interoper-
53 ability between different standards remains a challenge.
54 In order to cope with semantic differences between EHRs we
55 mapped data from different systems to semantic representations
56 expressed with a core ontology [4] in the DebugIT project [5]. Clin-
57 ical data stored in different EHR systems are first mapped to
58 semantic representations with local semantics of their respective
59 EHR system and then mapped to expressions using the core ontol-
60 ogy [6].
61 To further improve reusability, in the later SALUS project [7], we
62 built semantic patterns for relevant clinical domains [8,9] by reus-
63 ing existing public ontologies and standard terminologies. We
64 named such patterns Clinical Research Entity Advanced Model
65 (CREAM) and aimed to achieve semantic interoperability between

66EHR systems and clinical applications by mapping their data to
67semantic expressions following CREAM.
68The semantic interoperability achieved through a core ontology,
69or a harmonized domain information model such as CREAM, is
70nevertheless still fragile: interoperability is only achieved when
71the involved parties make their commitment to the common infor-
72mation model. Stakeholders of this common information model are
73not limited to the data providers (i.e. EHR systems) but also include
74data consumers (e.g. many clinical research applications). It is dif-
75ficult to adapt research applications, which are built on top of a
76dedicated clinical data model, e.g. i2b2 [10], OMOP [11], to directly
77consume data expressed with domain semantics such as CREAM.
78It is therefore important that data from a clinical data source
79can be mapped to a set of representations so as to achieve interop-
80erability between the data source and multiple clinical research
81applications. This paper introduces a semantic data virtualization
82(SDV) scheme which is able to build multiple semantic data virtu-
83alization layers on top of a data source. Thus multiple clinical
84research applications can be supported. The SDV generates data
85in requested formats or semantics on demand. There is no need
86to dump the data to various representations upfront, thus avoiding
87the burden of synchronization with the source.
88The SDV is constructed using RESTful services, which enables
89data transformation in a fully automated way. We use N3 rules
90to create the mappings between graph patterns expressed with
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91 different ontologies in different domains. As most of the existing
92 N3 reasoners, e.g. EYE [12], CWM [13], etc. can generate a proof
93 of a conversion process, we not only express the semantic conver-
94 sions in an explicit way, but also the proof explains the executed
95 conversion process. The SDV presented in this paper has been
96 applied in the SALUS project to build the semantic interoperability
97 layer. This paper generalizes the software components contained
98 in the SDV from their specific implementation of the SALUS project,
99 so that the SDV can be used in other projects.

100 The rest of this paper starts with discussions of related work. A
101 summary of the different data layers in semantic processing of EHR
102 for clinical research is presented, followed by an introduction of
103 the architecture of the SDV and examples of mapping data
104 between different layers by the SDV. Applications of the SDV in
105 the SALUS and the AP-HP project are also given, together with a
106 brief discussion regarding its performance.

107 2. Related work

108 To improve the interoperability of EHRs represented with dif-
109 ferent standards, mappings between different standards are devel-
110 oped and domain ontologies are created. Costa et al. [14]
111 developed source ontologies for openEHR and ISO 13606, as well
112 as a domain ontology which bridges the two standards. Data trans-
113 formation is carried out through syntactic mapping between the
114 archetypes of openEHR, ISO 13606 and the archetype model of
115 the domain ontology. Gonçalves et al. [15] build up a domain
116 ontology of ECG and map schemas of three ECG standards directly
117 to the domain ontology. They find it difficult to develop a domain
118 ontology to which different standards can directly be mapped.
119 Besides the report of directly mapping source data to a semantic
120 representation with domain ontologies there are also proposals to
121 achieve the mapping through multiple steps, which first map the
122 EHR data with source semantics and later convert to representa-
123 tions with domain ontologies. Martínez-Costa et al. [16] describe
124 the data layers between data sources and end applications and
125 state the necessary steps towards EHR semantic interoperability,
126 as well as the challenges in implementing the steps. Berges et al.
127 [17] first obtain the ontological representations of relational data-
128 bases and later map the database ontologies to their canonical
129 ontology. The canonical ontology presented in [17] reuses existing
130 medical terminologies such as LOINC and SNOMED.
131 Different methods are proposed to represent the target clinical
132 model. Early research relies on using a core ontology to represent
133 the target clinical model [5,14,15]. However, the ontology itself
134 does not provide guidelines on how it can be used to represent tar-
135 get clinical models. Ontology content patterns, which guide and
136 standardize the meaning of the content of clinical models, are pro-
137 posed as a close-to-user representation to improve reusability
138 [8,18,19]. The Clinical Information Modeling Initiative (CIMI) [20]
139 proposes a set of modeling patterns, defined as clinical models,
140 that can act as guidelines for the creation of ontology content pat-
141 terns. The National Patient-Centered Clinical Research Network
142 (PCORnet) also developed their Common Data Model (CDM) [21]
143 to map data from PCORnet partners to a common model.
144 Many of the above mentioned approaches have been applied in
145 projects that target semantically processing of EHR data for clinical
146 research. The DebugIT project [5] maps EHR data from eight hospi-
147 tals across Europe to representations with a core ontology for epi-
148 demiological research. Clinical questions are expressed with the
149 DebugIT core ontology. A query generation service translates the
150 clinical questions to corresponding SPARQL queries expressed with
151 the source ontology, which are then executed on SPARQL end-
152 points at each site. A conversion service using an EYE reasoner
153 maps the source data to expressions with the core ontology. The

154EHR data remain at the local hospitals and the outcomes of clinical
155questions are aggregated and displayed in the central dashboard.
156The Strategic Health IT Advanced Research Projects (SHARPn)
157[22] develops their Clinical Entity Models (CEMs) as target model
158for EHR processing. Natural language processing (NLP) is used to
159process unstructured data. EHRs from two data sources, after NLP
160and normalization processing, are mapped to XML instances that
161conform to the CEM XSDs and stored in a central repository after
162anonymization. In their use case EHR data from 10,000 patients
163are used for diabetes mellitus research [23].
164The EHR4CR project [24] aims at reusing EHR data for clinical
165research purposes. Two clinical data warehouses (CDW) are used
166as target models: an i2b2 data warehouse and a data warehouse
167with an EHR4CR specific schema. In their pilot application [25]
168each site established a CDW locally and used an ETL process to load
169the CDW with data from their respective EHR system. Seven sites
170use the EHR4CR database schema for their CDW, while the remain-
171ing four sites use i2b2. They are able to send one centrally created
172feasibility query and execute it at eleven sites to receive aggre-
173gated feasibility numbers with two different types of database
174schemas. Since both the SHARPn and the EHR4CR project store
175converted data in separate data warehouses, they have the burden
176to keep the data synchronized between the data source and their
177target data warehouse.
178The SALUS project [7] aims to create the necessary semantic
179interoperability infrastructure to enable secondary use of elec-
180tronic health records by various clinical tools for proactive post
181market safety studies. The semantic interoperability layer of the
182SALUS project is constructed following the semantic processing
183scheme presented in this paper. It uses a set of semantic patterns,
184namely CREAM, to represent the target clinical model. The source
185data to CREAM conversion is carried out on demand at run-time,
186which avoids maintaining extra data stores for converted data.
187The pilot application is carried out on two EHR systems which con-
188tain 1 million and 10 million patients respectively. Six clinical
189applications developed by different partners are successfully exe-
190cuted on the converted data at both sites.

1913. Semantic data virtualization

192The research presented in this paper aims to achieve semantic
193interoperability between data sources and clinical research appli-
194cations through a data virtualization mechanism. This section first
195shows the data layers as well as the data flow in the proposed
196semantic framework. Then the architecture of the SDV is intro-
197duced. Examples of using the RESTful services of the SDV to imple-
198ment the data flow are also demonstrated.

1993.1. Data layers

200201‘‘The purpose of abstraction is not to be vague, but to create a new
202semantic level in which one can be absolutely precise.”
203[Edsger Dijkstra]

204In our previous work we used a two-step formalization
205approach, which first formalized operational data with its local
206semantics, and later converted the data with local semantics to
207data with domain semantics [6]. Both local and domain semantics
208are precisely defined with ontologies. In this paper we extend this
209approach to further semantically process the data with domain
210semantics to application semantics, so as to achieve interoperabil-
211ity towards different clinical research applications. Fig. 1 shows the
212data layers in semantic data processing for clinical research as well
213as the needed actions to transfer data between the layers.
214Layer 1: Heterogeneous source non-RDF data. On data layer 1
215EHRs represented in different non-RDF formats are kept in their
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