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Abstract

Disease registries derived from Electronic Health Records
(EHRs) are widely used for chronic disease management
(CDM). However, unlike national registries which are specia-
lised data collections, they are usually specific to an EHR or
organization such as a medical home. We approached regi-
stries from the perspective of integrated care in a health
neighbourhood, considering data quality issues such as se-
mantic interoperability (consistency), accuracy, completeness
and duplication. Our proposition is that a realist ontological
approach is required to systematically and accurately identify
patients in an EHR or data repository of EHRs, assess intrin-
sic data quality and fitness for use by members of the multi-
disciplinary integrated care team. We report on this approach
as applied to routinely collected data in an electronic practice
based research network in Australia.
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Introduction

Disease registries derived from Electronic Health Records
(EHR) are widely used for chronic disease management
(CDM). However, not enough is known about the quality of
EHR-based registers in the UK (1, 2) and Australia (3). There
are publications about large administrative or population
health databases, but little about disease registries created
from multiple EHRs. Even less information is available about
whether improved quality of EHR-based disease registries
improve CDM, patient safety or quality outcomes. In addition
to research, the increasing use of EHR-based registries,
created through “blackbox” extraction tools, for clinical care
can increase the likelihood and scope of data errors and ad-
verse events (4).

The design and development of EHR-based disease registries
does not appear systematic or comprehensive (5). Aspects of
quality of disease registries have been examined in the UK (2,
5) and through our own work on the consistency and quality of
diabetes registries within an electronic Practice Based Re-
search Network (ePBRN) in Australia (6).

Our proposition (7) is that a realist (8) and ontological (9) ap-
proach is required to systematically and accurately identify
patients in an EHR (10), or data repository of information
from multiple EHRs, and assess intrinsic data quality and fit-
ness for use by stakeholders such as members of the multidis-
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ciplinary integrated care team or researchers (6). The realist
approach (8) adopted for this evolving yet complex domain
includes:

e Context: CDM, integrated care, evidence based practice;

e Mechanisms: systematic methods to assess and manage
the quality of data integration, knowledge integration,
clinical integration and interdisciplinary integration;

e Impacts/outcomes: improved data quality and fitness for
use of disease registries, and, over the longer term, safety
and quality of integrated care.

The ontological approach to EHR-based registers includes the
collection of formal, machine-processable and human-
interpretable representations of the entities, and the relations
among those entities, within a defined domain (11). Ontologies
also provide regimentations of terminology that can support
the reusability and integration of data, thereby supporting the
development of automated systems for data annotation, infor-
mation retrieval, and natural-language processing (11). By
incorporating defined rules, ontologies can generate logical
inferences and control the inclusion/exclusion of relevant ob-
jects (12), such as the patient with a diagnosis of diabetes mel-
litus (DM), abnormal pathology (Path) test, DM medication
(Rx), or a DM cycle of care Medicare service payment item
(10). In addition, a formal ontological model of the domain
data and metadata can specify a unified context which allows
intelligent software agents to act in spite of differences in con-
cepts and terminology from different primary care EHRs. This
will enable the systematic development of automated, valid
and reliable methods to extract, link and manage data as well
as assess the data quality and semantic interoperability issues.

We have reported on our realist ontological approach (“Con-
text-mechanisms-impact”) to the quality of routinely collected
data and integrated care, the relevant concepts and their rela-
tionships (13). The context is focused on the need for com-
plete, correct, consistent and timely information about the
cycle of care, risk factors, disease indicators, quality of life
and patient satisfaction. The mechanism is the development
and validation of ontologies to conceptualise and formalize the
information and methods required to implement evidence-
based integrated care in a range of contexts. This will allow
the development of software agents to find cases to create dis-
ease registries, assess the intrinsic data quality and determine
fitness for integrated care.

The quality of registries is influenced by the quality of EHR
data, the case-finding system and associated quality processes,
including currency and integrity, and the context such as clini-
cal, insurance or other functions or objectives. Data quality



(DQ) is defined by the International Standards Organisation
as: “the totality of features and characteristics of an entity that
bears on its ability to satisfy stated and implied needs” (1SO
8402-1986, Quality Vocabulary). This “fitness for pur-
pose/use”(14) definition is necessarily multidimensional re-
quiring all intrinsic components and extrinsic associations of
the entity to meet benchmarks and work together to achieve
the purpose or meet the requirements.

An examination of the data quality literature (6, 15, 16) have
led us to develop a more specific conceptual framework for
data quality (DQ) and fitness for purpose (Figure 1).

Figure 1. Data quality & fitness for purpose framework
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The framework comprises intrinsic, extrinsic and contextual
dimensions, each with their concepts and relationships.

1. The intrinsic concepts cover the data elements and data-
set, including the metadata, semantics (data meaning),
provenance (who authored, where, when?) and constraints
to the data meanings.

2. The extrinsic concepts cover the information system, in-
cluding concept representation, ontology, temporal rela-
tionships system architecture and user interface.

3. The contextual determinants include the objectives of
stakeholders such as the integrated care practitioner, re-
source constraints, security requirements, legislation, etc.

Data elements are assessed intrinsically in terms of
consistency, correctness; data sets in terms of completeness
and duplicate records (6). We are developing ontology-based
tools to assess the information required to support integrated
care in terms of timeliness and relational, historical and
temporal integrity between concepts. Temporal and conceptual
relationships may be dependent or independent factors.
Relationships may be at a number of levels e.g. at the concept
or table levels. The contextual determinants have been
assessed qualitatively, aiming to gquide clinical and
organizational strategies to improve data quality to ensure
fitness for purpose. The unified context will allow intelligent
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software agents to act in an environment of different concepts
and terminology from different EHRSs.

This paper will report and discuss this realist and ontological
approach to developing automated, valid and reliable methods
to define “cases” for a registry, manage data quality and
determine fitness for purpose. We used the integrated care of
diabetes mellitus in a health neighbourhood, as represented by
the ePBRN, as a case study of the methodology of this work.

Materials and Methods

Setting: The ePBRN pilot group of 4 general practices has
tested and validated the ePBRN data, processes and manage-
ment in context, depending on the purpose. The internal vali-
dation of the ePBRN involved regular checking of the data and
metadata using both automated and manual methods to ex-
amine the data repository. The data are also checked with
probabilistic matching to assess the extent of duplicate patients
and patients shared within the geographic region, the local
health neighbourhood. The methodology was implemented
with Microsoft SQL Server and an extension, Transact-SQL™
to link the server objects in the SQL Server with the heteroge-
neous datasets from multiple EHRs (17). The external valida-
tion of the ePBRN extraction tool involved a comparison
against two other commercial data extraction tools (4).

Case-finding: The ePBRN ontological approach (10) used
defined rules to generate logical inferences and control the
inclusion/exclusion of the patient with a diagnosis of diabetes
mellitus (DM), diabetes reason for visit (RFV), abnormal pa-
thology (e.g. HbALC, glucose tolerance test), diabetes medica-
tion (Rx) or glucose testing scripts, or a DM cycle of care item
in the Medicare Benefit Schedule (MBS) (10). Following the
query, the results were also analysed to exclude duplicate
records/patients from the final result. This ontological ap-
proach was implemented and tested using SPSS and SQL,
Each method acted as a control/validator for the other’s accu-
racy. The benchmark was established with a manual examina-
tion of the results of SPSS and SQL queries on the smallest
participating practice (Practice 1) contributing to the ePBRN
data repository.

Data quality management: The conceptualization of the DQ
ontology (Figure 1) included operationalising the reported
core dimensions such as accuracy, currency and completeness
(15) or completeness, correctness, consistency and timeliness
(6, 16) and including duplicates (to account for aggregating
multiple EHRs), temporal pattern (to account for the constant-
ly changing clinical “big data™) and timeliness which is impor-
tant in integrated care. Validation of the conceptualization
included discussions with practitioners and consumers of
health care. The specification of the data quality ontology
started with the definitions of completeness, consistency and
correctness of data that we have reported previously (6).

Formalisation: To formalize the disease registry and DQ
ontologies, we drew on the prevalent technical mechanisms
and methodologies for ontology development, including
knowledge acquisition, conceptualisation, semantic modelling,
knowledge representation and validation (18, 19). Most used a
layered approach (20) to incorporate clinical guidelines and
rule-based approaches. The development tools used include:
Protégé, a popular open source ontology editor and
knowledgebase  framework  (http://protege.stanford.edu/);
reference terminology (SNOMED-CT-Au); representation
languages (Web Ontology Language (OWL), XML and RDF
(Resource  Description  Framework)); query languages



(SPARQL Protocol and RDF Query Language); rules
languages (Semantic Web Rule Language (SWRL)); logic
ontology reasoners to provide automated support for reasoning
tasks in ontology and instance checking through -ontopPro-
(http://ontop.inf.unibz.it/), an ontology based data access
(OBDA) application (21). The patient data, associated with
instances of ontology classes or properties, is populated
through -ontopPro-. The knowledge component of the
infrastructure, related to conceptual terminologies defined by
the specified ontology, was built using SNOMED CT-AU and
Web Ontology Language (OWL.: http://mwww.w3.0rg/TR/owl-
features/) through Protégé. Details have been reported
elsewhere (17) on how the RDF schema is mapped to logics to
support formal semantics and reasoning. Formal semantics
describes precisely the meaning of knowledge i.e. the
semantics does not refer to subjective intuitions, nor is it open
to different interpretations by different actors or machines
(22). We used the layered ontology methodology to address
semantic interoperability issues amongst different EHR in the
ePBRN (23-27). This approach enables intelligent software
agents to act in various semantic contexts in collaborative
environments. We implemented and tested the DQ ontology,

using SPSS and SQL tools, with the pilot ePBRN (N=95,056)
data repository.

Results

Ontological approach to find cases for a diabetes registry

An overall prevalence rate of 2.8%, lower than expected for
diabetes, was found for this pilot dataset. Table 1 shows data
completeness of relevant indicators (RFV, Rx, Path) used for
this paper and highlights that the ontological approach was
more sensitive, finding more cases than a single database table
query. The range of 0.2-4.8% for single factor and 1.1-5.7%
for the ontological approach across practices, suggest that data
quality is a significant factor. The pathology and medication
tables contributed most. Case finding was improved, but the
main limitation had been data quality dimensions like data
completeness and consistency (5). The denominator was also
important in assessing prevalence as some practices do not
accurately represent active and inactive patients in the EHRs.

Table 1. Diabetes patients identified by diagnosis (RFV), HbA1C, medication, and ePBRN ontological approach

N = EHR flagged active patients Practice 1 Practice 2 Practice 3 Practice 4 ePBRN
(N=3863) (N=7028) (N=23,162) (N=30,717) (N=64,770)

Completeness of data:

e AllRFV (All DM RFV) 95% (4.3%) 87% (5.7%) 92% (4.9%) 99% (6.5%) 95% (5.8%)

e AllRx (All DM Rx) 80% (2.4%) 94% (8.4%) 96% (5.4%) 96% (6.6%) 95% (6.4%)

e All Path (HbA1C) 16% (0.8%) 61% (8.0%) 63% (1.3%) 66% (1.5%) 62% 2.4%)

e All 3 (RFV+Rx+Path) 82% 90% 90% 92% 90%
Diabetes indentified by: N (%) N (%) N (%) N (%) N (%)

e Reason for visit (RFV) 37 (0.9) 231 (3.3) 387 (1.4) 787 (2.6) 1,442 (2.2)

e Diabetes medication 19 (0.5) 332 (4.7) 446 (1.9) 803 (2.6) 1,600 (2.5)

e HbAlc 8(0.2) 334 (4.8) 468 (2.0) 809 (2.6) 1,619 (2.5)

e ePBRN ontological approach 43(1.1) 403 (5.7) 602 (2.5) 1,042 (3.4) 2,090 (3.2)

Duplication and other dimensions of data quality

Table 2 shows up to 13% patient records matched across the
participating EHR neighbourhood, suggesting that data quality
assessment and management should include the extent of dup-

lication of data with information sharing across the neighbour-
hood as well as within practices where there can be up to 3%
duplication (Table 3). This has significance for clinical use of
EHR data in integrated and shared care as well as secondary
uses for research, population health and policy guidance.

Table 2. Record matching across general practices in a neighbourhood — shared patients

N=EHR active patients | Pract 1 (N=3863)| Pract 2 (N=7028)| Pract 3 (N=23,162)| Pract 4 (N=30,717)| ePBRN (N=64,770)
Practice (postcode) Records (%) Records (%0) Records (%) Records (%) Records (%0)
Practice 1 (2176) 175 (2.5) 142 (0.6) 405 (13) 722 (1.1)
Practice 2 (2164) 173 (4.4) 327 (1.4) 691 (2.2) 1,191 (1.8)
Practice 3 (2171) 139 (3.4) 333 (4.7) 3,011 (9.8) 3,483 (5.4)
Practice 4 (2176) 400 (10) 692 (9.8) 3,005 (13) 4,097 (6.3)

Total 712 (18) 1200 (17) 3,474 (15) 9,493 (15)
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Table 3. Record matching within general practices — duplicated records

Suburb (postcode) | EHR Active patients | Matched patients (%) | Matched records (%0)
Practice 1 (2176) 3,863 10 (0.2%) 20 (0.5%)
Practice 2 (2164) 7,028 97 (1.3%) 198 (2.8%)
Practice 3 (2171) 23,162 220 (0.9%) 447 (1.9%)
Practice 4 (2176) 30,717 413 (1.3%) 830 (2.7%)

Total 64,770 740 (1.1%) 1,495 (2.3%)

Specifying and formalising the ontological approach

In addition to SQL tools, we have used the various ontology
development tools mentioned to formalize the ontology work.
The formal specification of the ontologies developed is availa-
ble as Protégé files. Testing has being conducted with one of
the participating practice (Practice 1) in the ePBRN, using —
ontopPro- to map to the relational ePBRN data repository and
implement the built-in reasoners. SPARQL and SWRL were
used as the underlying query languages. However, this is the
subject of another paper in preparation, which will also com-
pare the utility and validity of SQL-based inductive versus
ontology-based approaches and tools to create accurate pa-
tient/disease registries and assess/manage the quality of rou-
tinely collected data in the ePBRN data repository and its
source EHRs.

Discussion

Research into the quality of routinely collected data in EHRs
and EHR-based disease registries, especially in primary care,
is an evolving field. While standards and benchmarks are be-
ing developed in this research domain, a realist and ontologi-
cal approach is the most appropriate to understand what is
being done in what context and with what impact, given that
the processes and knowledge base are continually evolving,
requiring ongoing monitoring, evaluation and reflection. The
ePBRN research confirms this need to ground the research and
development work in context and in the real world of health
practice, where data is noisy and continually changing.

The ontological approach to case-finding identified a greater
number of cases for inclusion in a disease/patient registry, hig-
hlighting the importance of this approach in the real world
where data collection is suboptimal. Data quality management
of aggregated information from multiple EHRs in a health
neighbourhood to support integrated care must include the
detection and management of duplicated records. Duplicates
also lead to inaccurate public health and epidemiological re-
search.

Ontologies deal with reality (being) and the transformation
(becoming) of concepts as they interact with one another over
time. An ontologically rich approach to the creation of patient
registries from EHRs is essential to optimise accuracy (10).
The effect of data quality is predictable as the disease registry
is only as good as the EHR from which it is created — and there
is much room for improvement in EHR data quality (6, 16).
The improvement requires realist ecological approaches to the
governance and provenance of data quality across the data
cycle from collection to management to display and secondary
use in other applications such as electronic decision support
(16, 28). This approach recognises that the quality of electron-
ic data collected as part of routine clinical practice is deter-
mined by more than just the GIGO - garbage in garbage out -
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principle. For instance, data models are influenced by the da-
tabase management system, security and access management
software, organisational processes for data collection and
management, and the people in the organisation who enter and
use data (4). The ePBRN foundational work reported here,
along with others, has confirmed this to a significant extent.

As we validate the formal ontology tools developed in the
ePBRN program and apply them to the development of fully
automated methods to address the data quality of EHR and
data repositories of ever increasing sizes, it is anticipated that
this will build greater evidence for ontological approaches in
the clinical and informational domains. The final tested ontol-
ogies and software tools can enable the systematic develop-
ment of automated, valid and reliable methods to extract, link
and manage data as well as assess/manage the data quality and
semantic interoperability challenges.

Limitations:

This is a work in progress, evolving from a pilot phase to an
established representative practice-based research network
(and, given resources, a health information exchange to sup-
port evidence-based clinical practice). Having said that, the
ePBRN foundational work has been systematic and robust in
the methodology adopted:

1. to establish the ePBRN to reflect a local health neigh-
bourhood with hospital, community health, general prac-
tice and other primary care services;

2. to refine and test the tools to extract, link and manage the
data repository of routinely collected data in multiple
EHRs; and

3. to make the transition from traditional management of
“big data” from SQL and schematic relational databases
to an ontological approach using semantic web principles
and tools.

The data reported is neither representative nor timely; it is part
of a pilot ePBRN to conduct our experiments to validate our
methodologies with real world data from primary and second-
ary care settings. Our data across all projects shows that the
quality of routinely collected data in EHRs is not only variable
and suboptimal (6), but also continually evolving and changing
with time. This emphasizes the need for cost-effective and
validated automated methods to assess and manage data and
information systems in a timely manner. The ePBRN program
demonstrates that the challenge is great but surmountable.

Conclusion

The specification of a unified context to enable intelligent
software agents to act, in spite of differences in concepts and
terminology from different EHRs, will enable the systematic
development of automated, relevant, valid and reliable me-



thods to extract, link and manage data as well as manage the
data quality and semantic interoperability issues. This ontolog-
ical approach to collecting, annotating, analysing and present-
ing clinical and scientific data is probably the only practical
and sustainable solution to the information and data explosion.
This is important to optimize the availability of good quality
and relevant information to facilitate the safety and quality of
integrated care as well as accurate and valid research.
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