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THESIS ABSTRACT

Introduction

Issues around the data quality (DQ) of patient registers are often raised when a
data set is used for clinical or research purposes. An ontology-based approach provides
a flexible semantic framework and supports the automation of data extraction from
electronic health records (EHRS). This research aimed to assess the flexibility of an
ontology-based approach to accurately identify patients with type 2 diabetes mellitus
(T2DM) in a clinical database. This research also demonstrated the role of an ontology-

based approach to assess quality of a register.

Method

A systematic review was conducted, which addressed DQ, ‘fitness for purpose’
of data used and ontology-based approaches. Included papers were critically appraised
with a ‘context-mechanism-impacts/outcomes’ overlay. Using a literature review, the
Australian National Guidelines for type 2 diabetes mellitus, the Systematised
Nomenclature of Medicine — Clinical Term — Australian Release and input from health
professionals, a five-stage methodology for DQ ontology (MDQO) was adopted. The
methodology consisted of: (1) knowledge acquisition; (2) conceptualisation; (3)
semantic modelling; (4) knowledge representation; and (5) validation. Although MDQO
can be used in any validation domain, this thesis validated it in the context of T2DM
diagnosis and management. The accuracy of the MDQO was validated with a manual
audit of general practice EHRs through the diabetes mellitus ontology. Contingency
tables were prepared and sensitivity and specificity (accuracy) of the model to diagnose
T2DM was determined, using T2DM cases of a general practice, which kept a diabetes
register with complete and current reason for visit information, found by manual EHR
audit as the gold standard. Accuracy was determined with three attributes — reason for

visit, medication and pathology — singly and in combination.

Results

The T2DM ontology included six object properties, 15 data properties, 68
concepts and 14 major themes in four main classes: actor, context, mechanism and
impact. The validation showed sensitivity and specificity were 100% and 99.88%
respectively with reason for visit; 96.55% and 98.97% with medication; and 15.6% with

vii



pathology test result. This suggests that medication and pathology test result data were
not as complete as reason for visit data for the general practice audited. However, the
completeness was adequate for the purpose of this thesis, as confirmed by the very
small relative deterioration of accuracy (sensitivity and specificity of 97.67% and
99.18%, respectively) when calculated for the combination of reason for visit,
medication and pathology test result.

Discussion

Current research shows a lack of comprehensive ontology-based approaches for
DQ in chronic disease management and there are few validation studies comparing
ontological and non-ontological approaches on the assessment of clinical DQ. The
MDQO developed in this thesis provides a semantically flexible mechanism to capture
patients’ data from EHRs. It is also designed to be generalisable and reusable. This
T2DM ontology-based model (constructed using the MDQO) is sufficiently accurate to
support a semantic approach, using reason for visit, medication and pathology tests data
from EHRs to define patients with T2DM. The accuracy of the T2DM ontology
approach was established with respect to the DQ dimensions. The MDQO helps with
the implementation of DQ based on “fitness for use” and hence better utilisation of

routinely-collected clinical data for research.

Conclusion

This thesis contributes an ontology-based methodology for DQ assessment and
management in a diabetes context. It provides new insights into the identification and
assessment of patients with T2DM from EHR data. This ontology-based approach can
potentially support the assessment of the impact of DQ on a data set in terms of the
purpose for which it is used. There is a need for similar ontology-based research in other
clinical domains, beyond T2DM, to address DQ in chronic disease management.

viii



CHAPTER 1

INTRODUCTION

1.1 Rationale and Problem Statement

The practice of evidence-based medicine requires access to significant clinical
data, collated and presented in a way that the health professional can use at the time of
decision making. There is growing recognition of the use of ontology approaches in
Electronic Health Records (EHRS) to solve the problem of poor data quality (DQ) and
semantic interoperability issues in chronic disease management (CDM), public health
services and epidemiological research (Dixon, McGowan, & Grannis, 2011). This is
because there is increasing concern that poor DQ is common and affects all industries
and health organisations that employ information systems (R. Y. Wang, Strong, &
Guarascio, 1996).

The increase in applications of EHRs increases the question of quality control of
patients’ data for clinical care and research. Various cooperative research using data
from multiple sources raises issues of semantic interoperability and the management of
large databases (D. Arts, de Keizer, Scheffer, & de Jonge, 2002). Poor DQ has
significant economic costs, in terms of poor decisions and planning by organisations
and health professionals, and poor quality of care (S. Liaw, Taggart, Dennis, & Yeo,
2011). Also the challenges to improved data fitness for use include poor DQ, increasing
DQ and inadequate semantic interoperability (Devillers, Bedard, Jeansoulin, & Moulin,
2007). Complete and accurate information sharing — such as in clinical handover — is
vital to maintain continuous and safe patient care across primary and acute services
(Cummings et al., 2010).

Many studies in health care regularly report a range of deficiencies in the
routinely collected electronic information for clinical (Azaouagh & Stausberg, 2008; de
Lusignan et al., 2010; Mitchell & Westerduin, 2008; Moro & Morsillo, 2004) and health
promotion (Gillies, 2000) purposes; however there is a lack of a valid and reliable
solution to develop DQ (S. T. Liaw et al., 2013). Similar deficiencies in DQ exist with
information in hospital and general practice (S. Liaw, Chen, Maneze, Dennis, &
Vagholkar, 2011; S. Liaw, et al., 2011) information systems, where the lack of coding

1



rules meant that much of the data are often incomplete or in relatively inaccessible text
format. The evidence is more encouraging for administrative data (Lain, Roberts,
Hadfield, Bell, & Morris, 2008; Quan et al., 2008). Electronic health record-keeping
systems in primary care are expected to be more complete and accurate than paper-only
systems (Hamilton, Round, Sharp, & Peters, 2003). Evident sources of poor data quality
include inaccuracies like wrong diagnoses, incomplete or inaccurate data entry, errors in
all processes of using data, corruption of the database architecture or management

system, and errors in data extraction (Michalakidis et al., 2010).

There are increasing numbers of studies developing ontology- and non-
ontology-based approaches to improve quality of clinical data in CDM. These studies
aim to address the lack of research and controversy around scientific evidence to
develop ontology-based approaches for the improvement of DQ (Esposito, 2008;
Kuziemsky & Lau, 2010). The issue of identifying patients with chronic diseases using
automated techniques is complex and attempts have been made to understand these
issues for over a decade, through methods and tools such as discussion,
conceptualisation, models and theories (Liyanage, Liaw, Kuziemsky, & de Lusignan,
2013; Taggart et al.,, 2012; Verma et al., 2009). Traditional data model-building
methods using concept analysis, syntactic and grounded theory development currently
do not illuminate how data managers develop quality of data and information to build
clinical knowledge (Kahn et al., 2012). Theoretical and conceptual ontology-based
approaches may provide the in-depth knowledge required for useful representations of

patients’ data and registers semantically from EHRs (Appendix 1, page 132).

Improving DQ of EHRs and registers can improve the quality of decisions and
lead to better policy, evidence-based care and patient outcomes (Appendix 2, page 143).
DQ research has been identified as a priority in medical informatics research. Dixon
(2011) and Huaman (2009) in their reviews of the literature for quality of data named
research in the quality of clinical data as a critical informatics research priority (Dixon,
et al., 2011; Huaman et al., 2009). Data quality research is necessary to improve health
care through the translation of research findings into practice (S. Liaw, et al., 2011),
national deployment of EHRs (Dixon, et al.,, 2011; Huaman, et al., 2009), and
development of the National Health Information Network (NHIN) (Richesson &
Krischer, 2007).



Similar conclusions were drawn for ontology-based approaches at the 24"
Conference of European Medical Informatics (MIE, 2012), where informatics expert
examined ontology models and priorities at the intersection of medical informatics and
bioinformatics. The conference theme was “Quality of Life through Quality of
Information” (MIE Conference Proceeding: Quality of Life through Quality of
Information, 2012) and identified DQ in health areas as a priority necessary to support
communication between EHRs and integration of clinical databases. Ontology was also
a high priority solution identified in knowledge-based and decision-support systems
(Terzi, Vakali, & Hacid, 2003).

Our research on the electronic Practice-based Research Network (ePBRN) has
focused on the ontology-based approach to better define and address DQ and semantic
interoperability issues. It does this by drawing on our current work on the 3Cs of DQ in
diabetes management: completeness, correctness and consistency (Appendix 3, page
147). We identified DQ issues such as incompleteness, incorrectness and inconsistency
in the ePBRN repository of data extracted from EHRs of general practices and health
services in South Western Sydney. Patient clinical information is extracted from
participating general practices and health service information systems, captured in a

clinical data warehouse, linked and used for research purposes (S. Liaw, et al., 2011).

An ontology-based model is a data model that exists in the real world, such as
that on which we based the design and development of an ontology-based query to
identify diabetes and improve the quality of patient registers (Appendix 4, page 156). In
health and medical informatics, ontology most often refers to electronic models of real-
world phenomena, such as the manner in which quality of patients’ data are represented
in EHRs. The term ontology is used to describe the procedure of creating these
electronic models, including concepts, properties, relations and decision-making about
which aspects of patients’ data will be characterised in detail and which will not, while

summarising or omitting other aspects of the context (Appendix 2, page 144).

This literature review suggests that ontological approaches can support the
development of accurate automated methods to assess and manage DQ and address
semantic interoperability. There is increasing work on ontology-based approaches to the
management of chronic disease, but little on ontological approaches to DQ in CDM



specifically or in health generally. This thesis therefore addressed two main research

questions:

1. Can an ontology-based approach be developed and used to identify cases of
T2DM in a dataset?

1.1 Through a literature review on how ontology-based approaches have been
used to identify patients with T2DM; and

1.2 What is the most appropriate methodology to develop an ontology-based
approach to identify cases of T2DM?
2. Can an ontology-based approach also contribute to the assessment of DQ
required to identify T2DM cases accurately?

2.1 How does the DQ impact on the accuracy of the ontology-based
identification of patients with T2DM?

2.2 How accurate is the ontology-based approach to identifying patients with
T2DM from an EHR?

Therefore, the present study aims to develop an ontology-based approach to
systematically and accurately identify diabetes in an EHR for inclusion in a disease
register, as well as to assess the quality of the data in the register. It draws on current
work into completeness and correctness of DQ of routinely-collected data from general

practice in diabetes. The specific research hypothesis is:

“An ontological approach — as characterised by using clinical concepts, their
properties and relations — will be flexible for the identification of patients with type 2

diabetes mellitus in a clinical database within the ePBRN data repository”.

This research also examines the role of ontology to represent and assess quality

of the register.
1.2 Definitions and Description of Concepts

1.2.1 Chronic disease management

Chronic disease management (CDM) is “an intervention designed t0 manage or
prevent a chronic condition using a systematic approach to care and potentially
employing multiple treatment modalities” (Weingarten et al., 2002). There is growing
recognition of the use of EHRs for CDM, public health services and epidemiological



research (Choquet et al., 2010). The large and increasing amount of potentially relevant
health and health services data collected as part of routine practice compounds the DQ
challenge. In this research we only focused on the development of the ontology based

approach in diabetes management.

1.2.2 Data quality (DQ)

The generally accepted definition of DQ is the International Standards
Organisation (ISO) definition: “the totality of features and characteristics of an entity
that bears on its ability to satisfy stated and implied needs” (ISO 8402-1986 Quality
Vocabulary). Data quality also is defined in terms of its fitness for purpose’ (Richard Y
Wang, 1998), in this case, to describe and evaluate the safety and quality of care
(Appendix 1, page 132). However, there is no agreement on whether and how DQ
should be managed and preserved (Preece, Missier, Ernbury, Jin, & Greenwood, 2008)

in clinical information systems (CISs).

In each CIS, improving dimensions of DQ can improve the quality of decisions
and lead to better policy, strategies, evidence-based care and patient outcomes. For
instance, correctness of data refers to how data confirm with user requirements in reality
(Y. Wand & Y. Wang, 1996) for valid and appropriate patients records (S. Liaw, et al.,
2011). Also, some studies show that accuracy and completeness of data are aspects of
information correctness (Hoorn & Wijngaarden, 2010). Kahn et al. (2002) demonstrate
completeness as the extent to which information is not missing and is of sufficient
breadth and depth for the task at hand (B. K. Kahn, Strong, & Wang, 2002).
Incompleteness of data may cause choice of a wrong information system state during
data production, resulting in incorrectness (Y. Wand & Y. Wang, 1996). The long list of
dimensions of DQ described has been assessed within the context of DQ and
provenance in the data life-cycle (Appendix 1, page 133). For example, multiple
dimensions of DQ have been proposed, including “accuracy, perfection, freshness and
uniformity” (Redman, 2005) and “completeness, unambiguity, meaningfulness and
correctness” (Y. Wand & R. Y. Wang, 1996). One of the significant challenges is lack
of consensus in the concepts and definitions of DQ (S. T. Liaw, et al., 2013); there is no

agreement on whether, or how, these data should be managed and preserved in CISs.

The most commonly used DQ dimensions — the 3Cs and timeliness — are a

potential starting point for a consensus (Appendix 1, page 135). In this thesis, a



definition of the 3Cs related to DQ is based on ‘fitness for our purpose’, which is the
identification of patients with chronic diseases. Completeness was defined as the
availability of at least 1 record per patient; correctness was defined as a valid and
appropriate record — for example, that height is measured in meters and is within range
for age; consistency was defined as both internal — using a uniform data type and
format (e.g., integer, string, date) with a uniform data label — and external — using
codes/terms that could be mapped to the Systematized Nomenclature of Medicine —
Clinical Terms Australian version (SNOMED-CT-AU) (S. Liaw, et al., 2011; S. T.
Liaw, et al., 2013).

1.2.3 Ontology-based Approach
1.2.3.1 Notion of ontology

In the philosophical domain, ontology is a very old concept first defined around
the time of Aristotle. However since the 1990s, ontology has become increasingly
attractive to various computing areas such as knowledge engineering, knowledge
management, natural language processing, information retrieval and integration,
cooperative information systems and agent-based system design (Gamper, Nejdl, &
Wolpers, 1999; Ying, Wimalasiri, Ray, Chattopadhyay, & Wilson, 2010).

In computer science, ontologies have been proposed as a data model to represent
the meaning of a scientific domain and support the sharing of domain knowledge
between human and computer programs (Perez-Rey et al., 2006). In the biomedical
informatics literature, ontologies have been described as “collections of formal,
machine-process-able and human interpretable representation of the entities, and the
relations among those entities, within a definition of the application domain” (Rubin et
al., 2006), drawing on the general definition by Gruber - “an explicit, formal
specification of a shared conceptualisation” (Gruber, 1995) - Pipino (2002) proposed
the most widely accepted definition, considering ontologies as “an explicit specification
of a conceptualization” (Pipino, Lee, & Wang, 2002). Explicit concepts and the

relationships and constraints are clearly defined and understood by the user.

A formal ontology is computer-readable, allowing a computer to ‘understand’
the relationships — the ‘formal semantics’ — of the ontology. The ontology-based
approach provides a vocabulary of terms, their meanings and relationships to be used in

various application contexts (Appendix 2, page 145). Ontological methodologies from
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computer science and engineering provide the technical means for formalising the depth
of knowledge in CDM. The resulting ontology approach prepares the foundation for
applications that support general practices and medical research to precisely develop
quality of clinical information (Cur, 2012) and enable more accurate decision making
(Kuziemsky & Lau, 2010; Lin, Xiang, & He, 2011; Mabotuwana & Warren, 2009).

1.2.3.2 Motivations and advantages of the use of ontology

The importance of ontology in areas such as knowledge engineering,
information retrieval and database design has been widely discussed (Tu, Tennakoon,
O'Connor, Shankar, & Das, 2008; Uschold, 2005; Uschold, King, Moralee, & Zorgios,
1998). This research focuses on the importance of an ontology application in the
identification of patients and assessment of their DQ in the context of diabetes mellitus
type 2 (Appendix 4, page 157). Ontology has been widely recognised for its significant
benefits to interoperability and reusability (Gilbert & Ddembe, 2008). One of the major
benefits of ontology is that it provides a degree of interoperability (Ying, et al., 2010).
Interoperability refers to the ability of heterogeneous components to interact and work
with each other to achieve shared or individual goals; it involves not only
communication between the heterogeneous components, but also the ability of these

components to use exchanged information.

Ontologies have been proposed as a means to assure DQ through representing
the meaning of a scientific domain and supporting the sharing of domain knowledge
between human and computer programs. An ontology-based approach to DQ
assessment and management uses a flexible and modular approach afforded by a
constrained model with predefined concepts and relationships, including its own
vocabulary versus a traditional data model. For example, Cur and others (2012) showed
that one of the main advantages of using an ontology approach is the flexibility of those
models to minimise a set of queries by exploiting the reasoning facilities of a
description logics reasoner (Cur, 2012). Also, Grenon and others (2004) demonstrated
the modularity of their ontology approaches, which allows them to be combined, and
provide examples of their applications in biomedicine. Their approach applies the ideas
of geospatial dynamics mapped onto the restricted domains of biomedical ontologies. In
fact, their ontology-based approach combined an application of basic formal ontology

(BFO) to the medical and geographical domain (Grenon et al., 2004).



Metadata for DQ specification and assessment in CDM can be accurately
specified and then assessed against a DQ ontology constructed from a consensus
framework and dimensions. For instance, Liaw and others showed that ontologies
enabled the modelling of a domain and representation of data and metadata
requirements to specify a unified context in collaborative environments, such as a
clinical data warehouse (CDW) managing data from a number of CISs (Liaw et al.,
2011). This allows intelligent software agents to act in spite of differences in concepts

and terminology.

An ontology-based approach makes a knowledge base efficient: the definitions
and properties of concepts can be extracted semantically to enrich queries. For example,
Figure 1.1 illustrates how the concept diabetes management is defined with the help of
hierarchies®.

Diabetes
Management
l Assessment | l Prescription l \\\\\\ Pesrson
\\
l Il Il Il IIPathologyIl General Il |
Risk Factor Service Diagnosis Medication Tests Prictilioner Patient

/4

Figure 1.1: The definition of Diabetes Management concept with hierarchy and

properties

In Figure 1.1, the concept Diabetes Management is defined by two related

concepts: Mechanism and Actor. Actor shows some agents that perform as the main role

' In Figure 1.1, we list only concepts as an example of our conceptual model and assume that

the concrete values (terms) defining them are embedded.



in diabetes management, such as Person and Organisation. Mechanism focuses on the
main procedures of assessment and management of diabetes, including Prescription,
Referral, Services, and Assessment, etc. The concept Assessment is further defined by

five related concepts: Risk Factor, Service, Diagnosis, Medication, and Pathology Tests.

Although the example includes the same number of concepts, the knowledge
base shown in Figure 1.1 defines not only the concept Diabetes Management and
concepts Assessment, Prescription and Person but also shows different semantic
relationships between Patient and other concepts, while the knowledge base in a non-
ontological approach - like database schema - only focus on the concept itself without
any semantic relationships between their relevant concepts and properties. Therefore, if
a query is provided to identify and classify diabetes semantically, the knowledge about
the Patient in the knowledge base in Figure 1.1 can be directly utilised. Moreover, the
hierarchy in Figure 1.1 makes query expansion easier. Because the knowledge base
contains hierarchies, it is necessary that queries are in hierarchical structures as well.
This ensures that the concepts in queries can be naturally expanded with supplementary
knowledge from the knowledge base.

Finally, an ontology provides chances to create more accurate criteria to
efficiently identify diabetes from EHRs. For example, after a query that contains the
concept Diabetes Management is expanded with the knowledge bases presented in
Figure 1.1, it is translated into the following query (gl), which takes information from
Figure 1.1. Let us assume the single concepts listed in the queries (Patient, Diagnosis,
etc.) are already identified by the ontology-based model. To evaluate how well a patient
matches a query, we have to aggregate identifications of the single concepts in the EHR.

That is, gl includes three aggregations:

1. An aggregation of the concepts Patient and General Practitioner that

contributes to the identification of the concepts Person and Actor;

2. An aggregation of the concepts Diagnosis, Pathology Tests, Service, Medication
and Risk Factor that contributes to the identification of the concepts Assessment

and Mechanism;

3. An aggregation of the concepts Mechanism, Actor and relationships that

contributes to an identification of diabetic patients.



Furthermore, the ontology-based approach uses class attributes (data properties)
to capture the correctness and consistency on valid clinical records in the dataset. The
ePBRN research team created rules for the 3Cs of DQ, using the Australian National
Guidelines and SNOMED-CT-AU to:

e Define data properties

e Use uniform data types and formats (e.g., integer, string, data) for each variable

(for internal consistency)

e Define a uniform data format for each concept (e.g., for Pathology Tests as a
sub-class, “has HbAI1C” is selected as the property of that class, “decimal” is
selected as the type and a value range “from <=3 mmol to >=20 mmol” is

entered for correctness)

e Select a standard label for each entity (e.g., use “type 2 diabetes mellitus”

instead “T2DM” for external consistency).

It was also specified which classes are disjointed, so that an individual (or
object) cannot be an instance of more than one of these, as that could lead to more
consistency for the specification of DQ in ontology. The ontology-based approach also
defined object properties (relationships between different classes and subclasses). The
careful modelling of object properties in an ontology environment (like Protégé) can

achieve completeness requirements.

However, the ontology-based model integrates with linguistic quantifiers and
operators, expanding the possibilities of queries to express more complicated
requirements for various purposes. Examples of linguistic quantifiers and operators are
some, most, filter and negations. In Open World Assumption (OWA) operators that are
applied to identify diabetes in our approach, linguistic quantifiers and operators are
modelled. For instance, a query can be defined as ‘True Negative’ for diabetes diagnosis
based on the reason for the patient visit. In this query, OPTIONAL and FILTER are
used to identify non-diabetes without any diabetes reason for visit from the patient’s

Diagnosis records.
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1.3 Research Methodology

The methodology chosen in this thesis can be classified as design science, one of
the two core prototypes that characterise much of the research in the health and medical
informatics disciplines, the other being behavioural science (Hevner, March, Park, &
Ram, 2004; March & Smith, 1995). The behavioural science research prototype seeks to
develop and verify theories that explain or predict human/organisational behaviour
surrounding the development and use of information systems, while the design science
prototype seeks to create innovative artefacts through which the development and use of
information can be effectively and efficiently accomplished. Artefacts can be broadly
classified as methods (i.e., set of steps, guidelines or algorithms), models (i.e.,
abstractions and representations), constructs (vocabularies and symbols) and
implementation (i.e., prototype systems) (Hevner, et al., 2004). This thesis aims to
create two of these artefacts: method and model. The method will be the Methodology
for Data Quality Ontology (MDQO) process itself, while the model will be the set of
ontology-based query approaches that accompany the MDQO methodology.

March and Smith (1995) identified that a typical design science research should
comprise two basic processes: build and validate. Build refers to the constructions of
artefacts — i.e., the model and the method of MDQO. The validation process refers to
the use of appropriate validation methods to assess the artefacts’ performance. The
validation of designed artefacts typically uses methodologies available in the knowledge
base. The validation method used for this research will be a case study of the MDQO
methodology, which will be conducted in both the identification of type 2 diabetes

mellitus and the assessment of registers.

1.4 Overview of Thesis

This thesis comprises three published, peer-reviewed journal papers, with an
accompanying introduction, discussion and conclusion. The remainder of the thesis is

organised as follows.

Chapter 2 contains a published paper providing background and a literature
review. This section provides necessary background knowledge for the work; it includes
methodology for the systematic literature review, review questions, exclusion criteria

for the literature, and categorisation of studies. The chapter systematically reviews
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articles, published from 2000 to 2013, that are concerned with ontological approaches
for the specification of DQ in health and other areas. The systematic review aimed to
produce a framework of the ontology-based approach for DQ in CDM. Hence, included
papers were critically appraised with a “context-mechanism-impacts/outcomes” model.
The chapter also analyses the trends and the gaps in knowledge, and provides the
background knowledge on semantic approaches in the fields of health, non-health and
DQ specification in distributed clinical information systems (Rahimi, et al., 2014). This
section also discusses some comparison studies between ontological and non-

ontological approaches in CDM.

Chapter 3 proposes a rich methodological approach - called MDQO - to develop
an ontology-based model by focusing on DQ based on ‘fitness for purpose’, specifically
in the identification of patients with T2DM. This approach captures semantics of
patients’ EHR data. The notion of a semantic model, as proposed in this chapter, is
generalisable and reusable in others domain as well. There are five steps in the
framework: knowledge acquisition, conceptualisation, semantic modelling, knowledge

representation and validation.

1. Knowledge acquisition identifies the purpose and scope of the ontology to
identify diabetes and develop quality of registers; it includes knowledge

acquisition resources.

2. Conceptualisation describes a conceptual model of the ontology so that it meets

the specifications.

3. Semantic modelling transforms the conceptual model into a formal model. It
extends the selective codes by developing hierarchies and relationships for the
ontology model. This stage develops three things: a domain ontology, sub-
ontologies and problem-solving approaches. The domain and sub-ontologies
represent the structure and relationships of the ontology while the problem-

solving approaches provide specific solutions to domain problems.

4. Knowledge representation maps the ontology-based model and our sample data
set then implements the formalised ontology in a knowledge representation
language and semantic query languages, e.g., SPARQL.

12



5. Validation manually validates the accuracy of the ontology-based model for the
identification of diabetes.

Chapter 4 presents findings of the validation of the ontology-based query
approach that demonstrate how ontology results can be accurate for our purpose, to
identify patients with T2DM in a database. The step-by-step calculations in the process
are described in detail, including the ontology-based model to query, using query
languages (e.g., SPARQL), the structured fields in the ePBRN data repository were
iteratively tested and refined. The accuracy of the final ontology-based model is
validated with a manual audit of the general practice EHRs. Tables show sensitivity and
specificity (accuracy) of the model to diagnose T2DM, using the T2DM cases found by
manual EHR audit as the gold standard. Accuracy was determined with three attributes
— Reason for Visit (RFV), Medication (Rx) and Pathology (Path) — singly and in

combination.

Chapter 5 discusses the findings and presents the outcomes derived from the
work in this thesis. In chapter 6, conclusions are derived and the research contributions
to the knowledge base and the field are mentioned, along with recommendations for

future work.

The following thesis map shows the interrelationship of the contents and
contributions from each chapter to the project and detailed discussions in Chapter 5.
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1.5 Summary

Data quality is a multidimensional concept, but lacks a consensus framework
and definition. Routinely collected data are often incomplete, incorrect and inconsistent,
with similar clinical concepts represented in different ways using non-standard
terminology. Data quality issues are often identified only when the data are used to
provide information in clinical reports from EHRs. Those analysing the data are the first
to identify problems that highlight the data are not fit for use for health professionals’
research purposes.

Ontologies can support DQ research, particularly because of their inherent
ability to address semantic interoperability. Hence, the ontological approach provides a
semantic framework into which patients’ data for assessment and management of their
diseases can be inputted, and risks, profiles and recommendations derived. The

ontology-based approach can also support assessment of quality of clinical data used.

An ontology-based approach to identify patients with chronic diseases is a
semantic approach with defined constraints, predefined concepts and relationships,
including its own vocabulary. This ontology model takes queries, communicates with

the knowledge base, and analyses patients’ records through semantic annotation, and, in
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this instance, identifies patients with diabetes by integrating semantic languages. The
ontology-based approach also uses various functions such as terminology management,
integration and sharing of data, and knowledge reuse and decision support. Ontologies

must represent reality while having a sound theoretical foundation.

This research focuses on the development of an ontology-based approach for the
identification of patients with diabetes, assessment of the quality of the registers created
and assessment of applicability to diabetes management.
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CHAPTER 2

ONTOLOGICAL SPECIFICATION OF QUALITY OF CHRONIC
DISEASE DATA IN ELECTRONIC HEALTH RECORDS TO
SUPPORT DECISION ANALYTICS: A REALIST REVIEW

Chapter 1 introduced the notion of ontology and DQ as important research
topics. Chapter 2 will expand on these notions with a detailed specification of DQ and
the role of ontology-based approaches to develop DQ based on ‘fitness for purpose’

within the health context.

Chapter 2 reviews the related literature and assesses the gaps in the domains of
interest. The lack of comprehensive ontological approaches for DQ based on the “fitness
for purpose’ specifically or in health generally is an important research gap and needs to
be addressed. Compared with non-hierarchical data models, there may be more
advantages and benefits in the use of ontologies to solve clinical DQ issues semantically
and improve the validity and reliability of data retrieval, collection, storage, extraction

and linkage algorithms and tools.

Theoretically, ontology-based applications could support automated processes to
address DQ and semantic interoperability in the health area. The current evidence also
supports moving to the ontology-based design of information systems to enable more
flexible use of clinical data. Chapter 2 will guide the development of a DQ ontology
“fitness for specific purpose” in CDM. The published paper summarises the ontological
specification of the quality of data in EHRs to support decision analytics.
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Abstract

This systematic review examined the current state of conceptualization and specification
of data quality and the role of ontology-based approaches to develop data quality based
on ‘fitness for purpose’ within the health context. A literature review was conducted of
all English language studies, from January 2000 to March 2013, which addressed
data/information quality, ‘fitness for purpose’ of data, and used and implemented
ontology-based approaches. Included papers were critically appraised with a “context-
mechanism-impacts/outcomes” overlay. We screened 315 papers, excluded 36
duplicates, 182 on abstract review and 46 on full-text review; leaving 52 papers for
critical appraisal. Six papers conceptualized data quality within the fitness for purpose’
definition. While most agree with a multidimensional definition of DQ, there is little
consensus on a conceptual framework. We found no reports of systematic and
comprehensive ontological approaches to DQ based on ‘fitness for purpose’ or use.
However, 16 papers used ontology-specified implementations in DQ improvement, with
most of them focusing on some dimensions of DQ such as completeness, accuracy,
correctness, consistency and timeliness. The majority of papers described the processes
of the development of DQ in various information systems. There were few evaluative
studies, including any comparing ontological with non-ontological approaches, on the

assessment of clinical data quality and the performance of the application.

Keywords: Data quality; Fitness for purpose; Data model; Ontology development
methodology.
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2.1 Background

The growing use of electronic health records (EHRS) raises issues of semantic
interoperability and the quality management/improvement of large datasets derived
from multiple EHRs. Improved data quality in EHRs can improve the quality of
decisions and lead to better policy that actually meet needs, strategies, evidence-based
care and patient outcomes.

The acceptable level of data quality is not fixed in the system. Rather health
professionals can provide it at different times and data users need to assess that quality
contextually, based on the fitness for research, audit and quality assurance purposes
(Devillers et al., 2007). It is important to take a user view point of quality because it is
the end user who evaluate whether or not data is fit for use. A focus is the quality of
patient or disease registers derived from EHRs to support policy and practice. Patients
registers need to have a level of completeness and the information contained, need a
level of correctness and consistency to be useful for clinical, quality improvement and
research purposes (Liaw et al., 2011).

DQ was conceptualised in terms of its “fitness for purpose/use” in a few papers
(Wang, 1998; Wang et al., 1996). DQ can be described from two perspectives: (1)
intrinsic quality of data elements and set of data elements (data set) and (2) how the set
meets the user’s needs i.e. fitness for purpose. The commonly approved definition of
DQ has been epitomized in the International Standards Organisation definition: “the
totality of features and characteristics of an entity that bears on its ability to satisfy
stated and implied needs” (ISO 8402-1986, Quality Vocabulary). DQ also can be
specified in terms of its “fitness for purpose/use” (Wang, 1998; Wang et al., 1996).

Intrinsic DQ refers to the extent that data is free of defects as measured by
specific DQ dimensions, including “accuracy, perfection, freshness and uniformity”
(Redman, 2005) and “completeness, unambiguity, meaningless and correctness”
(Choquet et al., 2010; Orme et al., 2007; Wand and Wang, 1996; Yao et al., 2005). The
Canadian Institute for Health Information recommendations were the basis for an
information quality framework comprising 69 quality criteria grouped into 24 quality
characteristics, which was further grouped into 6 quality dimensions: accuracy,
timeliness, comparability, usability, relevance and privacy & security (Kerr et al.,
2007). Research in DQ has tended to focus on the identification of generic quality

characteristics such as accuracy, currency and completeness (Orme, et al., 2007; Wang

23



et al., 1996) or completeness, correctness, consistency and timeliness (Liaw et al., 2011)
as core dimensions of DQ that are relevant across application domains. However, our
pervious review shows there is a lack of consensus conceptual framework and definition
for DQ (Liaw et al., 2013).

Many studies regularly report a range of deficiencies in the collected
information for professionals practice (Devillers, et al., 2007; Kahn et al., 2002), clinical
(Azaouagh and Stausberg, 2008; de Lusignan et al., 2010; Mitchell and Westerduin,
2008; Moro and Morsillo, 2004) and health promotion (Gillies, 2000b) purposes.
Similar deficiencies exist with information in geographic (Devillers, et al., 2007;
Ivanova et al., 2013), hospital and general practice (Liaw et al., 2012) information
systems, where the lack of coding rules meant that much of the data are often
incomplete or in relatively inaccessible text format. The evidence is more encouraging
for data for administrative purposes (Lain et al., 2008; Quan et al., 2008). Hybrid record
keeping systems in primary care are believed to be more complete than computer-only
or paper-only systems (Hamilton et al., 2003).

Relational database models have been prevalent in last few decades, enabling
information to be efficiently stored and required within a hierarchical database
architecture. On the other hand, ontologies, usually with non-hierarchical databases,
have been used in applications that required more flexibility in capturing more semantic
meanings. However, there is no well-documented evidence or experiments that suggest
that one is better than the other in terms of outputs, data quality and ‘fitness for
purpose’.

In contrast to our previous review (Liaw, et al., 2013), this systematic review
will examine the breadth and depth of research into the conceptualization of data quality
based on the ‘fitness for purpose’ paradigm, methodologies to specify data quality for
implementation, some advantages of ontology-based approaches to develop data
quality, and semantic interoperability. This study aims to examine the role of ontology-
based approaches to develop data quality based on ‘fitness for purpose’ whereas the
previous review focused on data quality as a general concept in health context. This
study was broader in the databases searched and the search terms and produced results
built on the previous literature review (Liaw, et al., 2013) to address the following

questions:
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1. How is data quality being conceptualized within the ‘fitness for purpose’
definition for a range of uses?

2. What specification methodologies are being used to specify data quality for

implementation?

3. What ontology-specified implementations are being used and how do they
compare with other methods? and

4. How is the impact of implementing ontology-based specifications for data

quality in chronic disease management being measured and evaluated?

2.2 Methods

A literature review was conducted of all English language studies, from January
2000-March 2013, which addressed data/information quality, “fitness for purpose’, used
ontology-based approaches and involved healthcare/chronic disease. Inclusion criteria
were: (a) conceptualizes data quality based on ‘fitness for purpose’; (b) formal
methodologies used to specify data quality for implementation; (c) involved some form
of data models and ontologies to improve quality of clinical data in EHRs and patient
registers; and (d) used data models and ontology-based approaches in CDM. These
papers were screened by title and abstract content for inclusion. The references of the
included papers were hand-searched for other eligible papers.

Included papers were critically appraised with a “context-mechanism-
impacts/outcomes” framework. Appraised papers were summarized using specifically
developed templates and discussed to achieve the final consensus on how it addressed
the review questions. The conceptual framework developed for the literature review

included:

« Context: integrated CDM, evidence-based practice, evidence-based policy

patient or disease registers, “decision analytics”;

* Mechanisms: methods to assess and manage quality of the register/EHR and
data quality based on ‘fitness for purpose’, ontology-based approaches;

« Impacts/outcomes: Measurable impacts outcomes based on improved quality of

the register, data quality, ‘fitness for purpose’, ‘decision analytics’.
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The search strategy and keywords were organised around the three broad
concepts:

» Context: Diseases (chronic diseases, chronic illnesses, chronic disease
management, chronic illness management, electronic health records (EHRS),

registers);

* Mechanisms: Data models and ontology (ontology-based models, ontology
approaches, ontology-based multi-agent systems (OBMAS), and ontological

framework);

» Impacts: Data Quality (data quality, information quality, data quality
management, data quality assessment, quality of register, “fitness for purpose”).

The search was repeated three times with the following phrases:

1. (data quality OR information quality) AND (“fitness for purpose” OR “fitness
for use”) AND (quality of register®* OR quality of electronic health records)
AND (decision analytics) in Title, Abstract or Keywords, Subject or MeSH

2. (ontology OR data model*) in Title, Abstract or Keywords, Subject or MeSH
AND (data quality OR information quality OR quality of register) in Title,
Abstract or Keywords, Subject or MeSH AND (“fitness for purpose” OR
“fitness for use”) AND (decision analytics) in Title, Abstract or Keywords,
Subject or MeSH

3. ((ontology AND traditional data model*) in Title, Abstract or Keywords,
Subject or MeSH OR (ontology AND SQL) in Title, Abstract or Keywords,
Subject or MeSH) AND (chronic diseases OR chronic illnesses) in Title,
Abstract or Keywords, Subject or MeSH AND (data quality OR information
quality OR quality of register) in Title, Abstract or Keywords, Subject or MeSH.

The initial screening of the articles was based on their abstracts. AR read all
abstracts independently and studies without electronic abstracts were excluded.
Selection of relevant articles was based on the information obtained from the abstracts
and was agreed upon in discussion with co-authors. In the case of differences, the
original paper was obtained and agreement was achieved after it was read. We hand-
searched the references of the included papers to ensure completeness of the search.
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Papers that satisfied the inclusion criteria were independently examined by authors and
any disagreements resolved by consensus. AR appraised all 52 papers using the realist

“context-mechanism-impacts/outcomes” approach using extraction template (see Figure

2.1).

Template: Systematic review of ontological approaches to creating patient registers and assessing their quality

Research questions:

1. How data quality is being conceptualized within the "fitness for use" definition for a range of uses?
2. What specification methodologies are being used to specify data quality for implementation?
3. What ontology-specified implementation are being used and how they compare with other methods?
4. How the impact of implementing ontology-based specifications for data quality in chronic disease management is being measured and evaluated?

Author/ | Study | Context & | Aims of project Details of Methods / Tools used | Results / Outputs of Critical Appraisal:
title / type! | Population | beingreportedon | terminology, in project project
reference studied DQmodels & L. quality’ :'“';“‘h""s &
ontology D0S

2. relevance to review
questions

! This classification of study types has been developed to cover the pattern of R&D in this multidisciplinary field. There are 5 types broadly based on the stage in the development lifecycle:
1. Requirements analysis e.g. literature reviews, qualitative research, etc

2. Designand tools develop data/infi ion modelsand

3 pl ploy and testing of i ion systems
4. Evaluation: descriptive evaluation
5. Evaluation: comparative (e.g. pre and post, time series, etc) with/without contemporary control (e.g. RCT)
This matrix (study types X current column headings) willfocus the analysis and synthesis of the literature review e.g. by study types, methods, tools, outputs and impacts.
?The quality appraisal willinclude traditional hods of critical appraisal: validity (internal and external), reliability, generalizability, relevance, etc of the research methods, tools and

measurements

Figure 2.1: Template used to analyze papers

The template kept the extracted information consistent and focused on the
analysis and synthesis of the literature review by study types, methods, tools, outputs
and impacts in terms of: requirements analysis, design and tools development,
implementation, deployment and testing, evaluation: descriptive evaluation,
comparative and/or contemporary control. The quality appraisal uses traditional
methods of critical appraisal for validity (internal and external), reliability,
generalizability and relevance of the research methods, tools and measurements. We
also classified a paper as having addressed ‘fitness for purpose’ if it a) defined a
purpose for the project or dataset and b) assessed whether the data or dataset was fit for

the specified purpose.
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2.3 Results

The main medical, computer and business sciences online databases were
searched: MEDLINE (67 papers), the Cochrane Library (18 papers), ISI Web of
Knowledge (35 papers), Science Direct (75 papers), Scopus (76 papers), IEEE Xplore
(25 papers), and Springer (19 papers). All search strategies have been expanded in the
following business databases consisting of (Emerald Full text, Business Source Premier,
Biotechnology and Bioengineering Abstracts, British Humanities Index: BHI, Proquest
Asian Business and Reference) to find more business analytics papers however the
result demonstrated insufficient studies and no more paper in this area. Table 2.1
summarized the sources of the 315 papers found.

In the first iteration, searches using a combination of keywords and controlled
vocabulary term searches (specifically in Titles and Subjects fields of all papers) were
conducted. The application of Titles and Subjects fields in a user’s search strategy and
search limitation in each database has been shown to increase relevance, precision and
recall (McJunkin, 1995). We screened 315 papers, excluded 36 duplicates, 182 on
abstract review and a 46 on full-text review; leaving 52 papers for critical appraisal. Of
these 6 papers conceptualized data quality within the ‘fitness for purpose’ definition for
a range of uses, 16 used a defined process to specify data quality for implementation, 2
papers used the ontology-specified implementation in DQ improvement compare with
other non-ontological approaches, and 28 demonstrated how the impact of
implementing ontology-based specifications for data quality in chronic disease

management is being measured and evaluated.

It can be seen from the results of the field of publications in Table 2.1 that 85
papers (26.98%) in the medicine and health areas, 44 papers (13.97%) in computer and
IT sciences and also 186 papers (59.05%) in the multi-disciplinary areas which is

significantly more than the other two groups.

Figure 2.2 shows how other eligible papers were included in the second iteration
using hand-searching process. The references were retrieved from the papers included in
the first iteration. The keywords of references that matched with the search keywords
were chosen. Based on their title, keywords, abstract and full text, 7 papers were

included from the hand-searching.
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Table 2.1: Online databases used and papers found

Database Subjects Field Document #
type Papers
Pubmed Medicine, Health Science, Medical Title, Journal 67
Informatics and Bioinformatics MeSH articles
and and
Abstract  Proceeding
Cochrane Medicine and Health Science Title, Journal 18
Central MeSH articles
Databases and
Abstract
ISI Web of Computer Science, Information Title, Journal 35
Sciences Technology, Medical Informatics, Subject  articles
Bioinformatics and Health Science and
Abstract
ScienceDirect Computer Science, Medical Informatics, All Journal 75
Engineering, fields articles

Decision Science, Engineering,
Mathematics, Psychology, Social
Sciences, and Medicine

Scopus Computer Science, Health Science, Al fields  Journal 76
Medical Informatics, Bioinformatics, articles
Information Technology, Psychology,
Social and Behavioural Sciences

IEEE Xplore  Computing and Processing, Medical Title, Journal 25
Informatics, Bioinformatics, Subject  articles
Communication Networking and and
Cybernetics Abstract

SpringerLink  Computer Science, Medical Informatics, Title, Journal 19
Bioinformatics, information science and  Subject  articles
Engineering and

Abstract

Business data Emerald Full text, Business Source Title, Journal 0

bases Premier, Biotechnology and Subject  articles
Bioengineering Abstracts, British and

Humanities Index: BHI, Proquest Asian  Abstract
Business and Reference

Total 315
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Figure 2.2: Paper selection process

It can be seen from the data in Table 2.2 that most of the papers (54%) show the
various roles and impacts of ontology-based approaches in CDM and how those

approaches can be evaluated.

Table 2.2: Distribution of papers by review questions

Review questions Number %
1. How is data quality being conceptualized within the ‘fitness for 6 12%
purpose’ definition for a range of uses?
2. What specification methodologies are being used to specify data 16 31%
quality for implementation?
3. What ontology-specified implementations are being used and how
do they compare with other methods? 4%
4. How is the impact of implementing ontology-based specifications
for data quality in chronic disease management being measured and 28 54%

evaluated?
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Note: Total papers >52 because each paper may be classified as two or more study types, or may address

two or more review questions.

Table 2.3 presents the analysis of papers by study type and how they contributed
to the review questions. The majority (83%) of studies involved design and tools
development; 38% implemented/deployed and tested implementations; and 20%
conducted a descriptive evaluation. A considerable number of studies (42 papers)
demonstrate that the ontological approach was used to address semantic interoperability,
data linkage, data integration, remote patient monitoring and reduce complexity of
information models and networks. The majority of ontology-specified implementations
in this category did not compare the performances and processes between ontology and
non-ontology approaches. There were few attempts to conceptualize data quality based

on ‘fitness for purpose’ definition in a range of uses and purposes.

Table 2.3: Distribution of papers by study types and review questions

Study type Study Review questions
type Q1 Q2 Q3 Q4
N % n % n % n % n %
1. Formal 29 34% 4 56 10 12% 9 11% 36 43%
Requirements
Analysis e.g.,

literature reviews,
qualitative research

2. Design & tools 69 83% 4 5% 4 56 13 16% 41 49%
development:

including

data/information

models & ontologies

3. Implementation, 32 38% 2 3% 3 4% 5 6% 22 27%
deployment and

testing of

information systems

4. Evaluation: 17 20% 1 1% 2 3% 2 3% 12 15%
descriptive

evaluation of DQ or

ontology in health

area

5. Evaluation: 2 3% 0 0 0 0 1 1% 1 1%
comparative +/—

contemporary

control (e.g., RCT)
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Figure 2.3 shows an increase in papers on ontology in CDM and DQ from 2006.
There is an increase in studies reporting on the use of ‘fitness for purpose’ when dealing
with data quality from 2010 (probably stared with the small spike in 2007). This
suggests that researchers may be starting to take a more realistic approach to the quality
of “big data”: the intrinsic data quality is important but it does not need to be prefect to

be “fit for purpose”.
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Figure 2.3: Distribution of papers from each category by year

The Figure 2.4 gives a breakdown of the frequency of the studies conducted in
different continents 2006 based on the setting of the studies. Europe is the most profile
with 42.6% of the authors affiliated with European universities and institutions. North
America is next with 21.3% of the studies followed by Oceania (18%), Asia (13.1%),
South America (3.3%) and Africa with 1.7%. Although a paper being affiliated to a
particular university in a country does not necessarily mean that the context under study
has been in the same country or even continent, it might provide insights to a limited
extent. For example, data quality research and ontological frameworks proposed seem
to be much higher in the European countries. That might be because of a greater
concern with DQ and/or ontologies in Europe. North America, Oceania and Asia stand
in the second, third and fourth spot after Europe in terms of the number of studies that
have been conducted. South America and Africa have a relatively lower rate of papers

than the other continents, which is consistent with the general trends. The distribution of
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papers by continent might suggest that the topic has grabbed the attention of academics
as well as health professionals as a major concern for patients registers.
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- J
Figure 2.4: Distribution of papers found by continent

The drivers of ontological approaches for DQ and/or CDM include better
software for: (1) quality of care and/or health care issues and (2) the description,
assessment and management of DQ in health (e.g., role of clinical guidelines in DQ,
effects of quality of information in CISs and networking, defining and describing
various attributes of DQ) as well as individual dimensions of DQ (e.g., accuracy,

completeness, correctness, and consistency).
2.3.1 Conceptualisation of data quality within the ‘fitness for purpose’ paradigm

Table 2.4 shows a few studies have conceptualized and implemented data
quality based on the ‘fitness for purpose’ definition in their data models for a range of
uses in health and non-health areas including improved searches for spatial data
resources, including in languages other than English (Ivanova, et al., 2013), support
expert users in the assessment of the ‘fitness for purpose’ of a given dataset (Devillers,
et al., 2007), better decision making (Chen, 2009), support analyses in comparative
effectiveness research (Kahn et al., 2012), support agents to choose how much
information to gather (Chen, 2009), and for research and clinical purposes (Liaw et al.,
2011).
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Table 2.4: Papers where data quality was conceptualized within fitness for purpose’ paradigm

Reference Context Aims of project Methods/Tools used in project Results
(lvanova, et ~ Geo-spatial datasets in  To suggest a system for -Use of popular search engines like OpenSearch to help in  Defined fitness for purpose of data based on
al., 2013) the national geo- guided search for assessing fitness for purpose users (experts and non-experts in geo-
information repositories spatial data resources  _se metadata (information that helps users to assess the  Informatics) satisfaction from search results
in Netherlands called GUESS usefulness of a dataset relative to their problem) as a tool to
evaluate fitness for purpose of datasets
-Their approach is based on a 3-part data model (user Allowed users without specific expertise to
profile, spatial data profiles and interaction profiles) conduct free form search requests in their own
~Theoretical discussion on accuracy and completeness of ~ language
data
(Devillers, et Spatial On-Line To manage -Use the Quality Information Management Model = QIMM Defined fitness for purpose as the closeness of
al., 2007) Analytical Processing  heterogeneous data -Focus on intrinsic data quality indicators such as the agreement between data characteristics and
(SOLAP) as a GIS data quality and provide completeness, correctness and accuracy underpins a the explicit and/or implicit needs of a user for a
repository functions to support prototype given application in a given area
expert users in the -Apply data quality analysis tool which is the Researchers attempt to provide data quality
assessment of the Multidimensional User Manual (MUM) prototype indicators to help users determine a dataset’s
fitness for purpose ofa _yajigate the QUMM of through demonstrations of the  fitness for purpose and better assess the fitness
given dataset prototype to different users (GIS scientists, specialists in  of data based on quality indicators/experts in
data quality issues, consultants in GIS, data producers, GIS
governmental agencies, typical GIS users, etc.)
(Kahn, etal., Clinical dataset in US  To develop the efficacy -Use a two-by-two conceptual model (PSP/1Q) for This is a well-grounded, logical approach and a
2012) of their data model in  describing 1Q case study to indicate health organizations need

three large healthcare
organizations

to use “fitness of use” to determine IQ
(specifically soundness, dependable, useful and
usable information) for analytical purposes
This assessment of DQ provides a reasonable
baseline for determining what improvements

-Focus on 8 dimensions of data quality (completeness,
correctness, flexibility, etc.)

-Surveyed 45 professionals to determine which 1Q
dimensions belong in each quadrant of the model

34



Reference

Context

Aims of project Methods/Tools used in project

Results

-Use case study method in 3 healthcare organizations that
75 people in each organization completed a 70-item
questionnaire for assessing the quality of their patients
information on the 1Q dimensions

should be made in DQ based on fitness for
purpose for analytical purposes

(Chen, 2009)

Infectious diseases
dataset in US

To investigate the effect -Use mathematical modelling of infectious disease

of ‘quality’ of transmission, seeks to analyse how the amount of
information and information about disease prevalence affects individuals’
‘amount’ of information incentives

are used in the health  -More focus on data timeliness

behaviour -Use of mathematics software

Demonstrated “fitness for purpose” of data for
agents to choose how much information to
gather from others (personal communication
from an anonymous reviewer)

This is a theoretical paper using several
mathematical models to show that information
quality affects health behaviour i.e. better
information leads to better decision making

(Liaw etal.,  An electronic Practice- To develop a matrix for Their methods include 3 phases: They used a well-designed framework to
2011) based Research assessment and (1) requirements specification based on the conceptual describe the intrinsic DQ (correctness and
Network (ePBRN) with management the quality framework, consistency) and fitness for purpose
a data repository of of data (2) design and establishment of the ePBRN, and (completeness) for research and clinical
routinely data from (3) evaluation of the data quality and fitness for research.  purposes
multiple EHRs -Use Microsoft Structured Query Language (SQL) to This study raised the theoretical dependence of
manage the extracted data and SAS used for data cleansing the SQL/SAS approach on the lack of a
and analysis transparent and explicit data model, metadata
-Focus on correctness, completeness and consistency of ~ and process within proprietary EHRs
clinical data
(Hamilton, et  Eighteen general To compare computer- -Use case control study of cancer patients aged over 40 Define more completeness of data as a fitness
al., 2003) practices in the Exeter only record keeping to years for consolation in primary care

Primary Care Trust in
UK

paper-only and hybrid
systems

-Classify records as paper, computer, or hybrid, depending
on which medium stored the clinical information from
consultations by descriptive statistics

-Focus on completeness of data

Hybrid systems of primary care record keeping
document higher numbers of consultations than
computer-only or paper-only systems
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Many studies regularly report a range of deficiencies in the collected
information for professionals requirements (Devillers, et al., 2007; Kahn, et al., 2002),
clinical (Azaouagh and Stausberg, 2008; de Lusignan, et al., 2010; Mitchell and
Westerduin, 2008; Moro and Morsillo, 2004) and health promotion (Gillies, 2000b)
purposes. Similar deficiencies exist with information data in geographic (Devillers, et
al., 2007; lvanova, et al., 2013), hospital and general practice information systems
(Liaw et al., 2012), where the lack of coding rules meant that much of the data are often
incomplete or in relatively inaccessible text format. The evidence is more encouraging
for data for administrative purposes (Lain, et al., 2008; Quan, et al., 2008). Hybrid
record keeping systems in primary care are believed to be more complete than

computer-only or paper-only systems (Hamilton, et al., 2003).
2.3.2 Methodologies to specify data quality for implementation

Table 2.5 shows that the majority of studies (81%) reported the design and
development of tools to specify data quality for implementation; requirements analysis
e.g., literature reviews and qualitative research methodologies (75%); system
implementation, deployment and testing of information systems (25%), and descriptive
evaluation (12%). There were no outcomes or comparative evaluation of the

methodologies used.

Table 2.5: Methodologies used to specify data quality for implementation

Study types 1 2 3 4 5Summary and Results of methodologies Contexts
Reference

(Gillies, v Represent a tool to assist with continuous improvement of the use of ~ Health
2000a) information systems in general practice based on their requirements  information

which is accurate information.

Shows how the model can be practically used to improving the use of
coding (external consistency of data) and accurate information (data
correctness) within a general practice in a systematic way.

(Kahn, etal., v v This is a well-grounded, logical approach and a case study to indicate Clinical
2012) health organizations need sound, dependable, useful and usable data
information for analytical purposes.
However, there is need to some details of their participants, sampling
and why focus on only 16 dimensions of Information Quality (1Q).
This approach could be applicable way for the assessment of DQ in
CDM because such an assessment provides a reasonable baseline for
determining what improvements should be made in DQ based on
fitness for purpose for analytical purposes

(Liawetal., v v'v"  They used a well-designed framework to describe the intrinsic DQ Clinical
2011) (correctness and consistency) and fitness for purpose (completeness) data
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Study types
Reference

1 2 3 4 5Summary and Results of methodologies Contexts

for research and clinical purposes

However, this study raised the theoretical dependence of the SQL/SAS
approach on the lack of a transparent and explicit data model, metadata
and process within proprietary EHRs

(Arts et al.,
2003)

v v

Their approach demonstrates that after physicians’ training, Clinical
completeness, correctness and adherence to data definitions increased data
in ICUs significantly

(Arts et al,
2002b)

Vv

Demonstrate a list of procedures for high data quality assurance in Health
medical registry based on causes of insufficient data quality information

(Arts et al.,
2002a)

Vv v

Show that the overall DQ of medical registries has good quality Clinical
(focusing on accuracy and completeness) and also explain their data
positive results as compared with earlier reports from the literature.

However, they did not compare data quality before and after the
implementation of procedures to improve the accuracy of data

(Stvilia, et al.,

2009)

vv

Use a mixed methodology with multiple data sources: 1. The analysis Health web
of 150 Web pages and related web sites identified the major pages
approaches the providers use to define their 1Q criteria set: a. centrally
defined, b. community constructed, and c. outsourced to third-party

raters. 2. The researchers surveyed a convenience sample of 108

healthcare information consumers to gain better insight into the health

1Q evaluation behaviour of consumers. 3. Semi structured in-depth
interviews with a sample of 20 survey participants.

Use a sample of the IPL’s Q&A communication archives to identify

the healthcare 1Q criteria used by consumers and information

intermediaries.

Results show that consumers may lack the motivation or literacy skills

to evaluate the information quality of health.

(Kahn, et al.,
2002)

v

Developing a two-by-two conceptual model for describing 1Q Health
(PSP/1Q) information
Mapping the 16 1Q dimensions into their model.

Survey 45 professionals to determine which 1Q dimensions belong in

each quadrant of the model.

Case study in 3 healthcare organizations that 75 people in each

organization completed a 70-item questionnaire (a 10-point Likert

scale) for assessing the quality of their patients information on.

Provide a reasonable baseline for determining what improvements

should be made in DQ (soundness, dependable useful and usable

information) based on fitness for purpose for professionals analytical
purposes.

Demonstrating the efficacy of the PSP/IQ model in three large

healthcare organizations.

(Britt, et al.,
2007)

v v

Use statistical methods to manage data quality using SAS as a Clinical
computer program in statistical package. data
Measure representativeness, reliability, validity and accuracy of

BEACH data e.g., Reliability of coding of reasons for encounters and

issues validity of ICPC to categorizing data. Accuracy of problem

labels recorded by GPs (about 1000 GPs participate yearly)
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Study types 1 2 3 4 5Summary and Results of methodologies Contexts

Reference

(Chen, 2009) v v

Focus on a full mathematical analysis (mathematical software) Infectious
Investigate the effect of quality of information and amount of diseases
information are used interchangeably in the health behaviour e.g.,

decision making.

(Choquet, et v
al., 2010)

Use Talend Open Studio open source software as well as developed ~ Hospital
stored procedures in SQL for the object quality criteria. dataset
Use the 6 HL7 information models for modelizing their domain.

Apply the TDQM 4 steps approach to score quality of each vertex of

1QT.

Use two consensual resources to standardize the EHR vocabulary,

include: 1) ATC: The WHO drugs and substances international

classification and 2) NEWT: organisms taxonomy database.

Propose methods and measures to assess data quality (focus on data

accuracy).

Propose 3 dimensions to classify the quality measures proposed

(objects, concepts, and terms) as vertexes of their model Information

Quality Triangle = 1QT).

Measure the distance between standardized information models and

reference terminologies against its CIS.

Allow building pertinent and coherent monitoring trends.

Present that controlled vocabularies are a necessity to share data.

(Cunningham- v
Myrie et al.,
2008)

Use ICD-10 for coding various collected data and to facilitate Health
comparability of standardized data. information
Use Two broad categories of information were sought: a)

epidemiological data and b) health service utilization data.

Show that data management systems in hospitals were not linked to
facilitate generation of cost-effectiveness estimates and other
information required to compare options for health investment.

Show methodological way for improvement health information quality
for the economic analysis

(Huaman, et v v
al., 2009)

Timeliness and data quality were assessed by calculating the Infectious
percentage of reports sent on time and percentage of errors per total  disease
number of reports, respectively. surveillance

Use training program: 12 week prospective study with training
program for reporting personnel.

Randomised selection to phone, visit or control for their supervisions.
The training improved report timeliness but did not have such impact
on data quality.

(Kiragga, et v vV
al., 2011)

Use the Research Cohort database as the reference “gold standard” for Infectious
the assessment of data accuracy. diseases
Use statistical test e.g.: Categorical variables were compared using

Chi-square test, the Mann—Whitney test was used for the continuous

variables.

Compare 2 databases, one from a clinic and one from a research team

to assess the quality of data (completeness and accuracy).

Results show that there is a high rate of underreporting of Ols in a

routine HIV clinic database and demonstrate high rates differences

between clinic and research databases.

Their findings have important implications for the use and
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Study types 1 2 3 4 5Summary and Results of methodologies Contexts
Reference

interpretation of data derived from routine HIV observational
databases for research and audit, and they highlight the need for
ongoing regular validation of key data items in these databases.

(Limaetal., v’V Use a decision support example around a hypothetical patient called  Clinical

2010) John who experiences an exacerbation of his COPD. Guidelines
Use the Clinical Guideline for COPD that there are 16 criteria that (CG) for
suggest the patient should be admitted and the model takes into COPD

account answers to each criterion.

Present a model for the prediction and evaluation of quality of
information to a multi criteria decision making process.

Model describes a decision support tool for use in the management of
COPD.

Notes for study types: See Table 2.2 for legend.

Various qualitative methods such as interview and reports analysis, usually
interpreted using grounded theory have been implemented to evaluate Usability (Kerr et
al., 2007), privacy (Stvilia et al., 2009), comparability (Kerr et al., 2007) and relevance
(Kerr et al., 2007). Consistency (Chen et al., 2009) of data has been assessed with
concept mapping in non-health contexts. Timeliness (currency) (Huaman et al., 2009;
Kerr et al., 2007), accuracy (precision) (Stvilia, et al., 2009), reliability (Britt et al.,
2007), representativeness (Britt, et al.,, 2007), correctness (Gillies, 2000a) and
completeness (Kiragga et al., 2011) were assessed with quantitative statistical methods.

2.3.3 Ontology-specified implementation to develop data quality and compare with

other models

Table 2.6 shows two papers found that used ontological and non-ontological
approaches to DQ in clinical information systems (CIS). Both papers suggested that
ontology-based models had more advantages than other data models in the health
domain. For example, Mabotuwana and Warren (2009) showed the ontology driven
approach to determining patients who needed a follow-up in hypertension management
provided more advantages than SQL. They listed the limitations of the traditional SQL-
based approach as: i) lack of abstract, domain-level query support; ii) lack of the notion
of a hierarchy and iii) nature of temporal SQL queries (Mabotuwana and Warren, 2009).
They used SWRL rules which allow user to write rules to reason about individuals and

to infer new knowledge about these individuals. The ontology-based approach was
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sufficiently flexible to enable new audit criteria to be easily added as required, easy
visualization of the knowledge base and standardized ways of querying the knowledge
base. However, the paper was not explicit about whether was a formal outcome-based

comparison of ontological and non-ontological approaches.

Table 2.6: Studies that compared ontologies and other data models in specification and

implementation

Reference Research Results of Compare with non-ontology Context
Findings ontology
implemented for
data quality
(Maragoudakis, et A tool in Data mining By using precision and recall COPD
al., 2008) hierarchical classification metrics, show ontology
Bayesian No DQ approach is more accurate
networks which than Linear Programming in
can encode a the monitoring of patients
domain and
make prediction
(Mabotuwana and Enhance and  Facilitate temporal Represent only some CvD
Warren, 2009) facilitate querying limitations of traditional (hyper-
temporal requirements SQL-based approach to show tension)
querying flexibility of ontology in
requirements in easily add any requirement in
general practice ontology queries.
medicine

Maragoudakis et al. (2008) developed an ontology with 5 domains for a clinical
Decision Support System (CDSS) for management of Chronic Obstruction Pulmonary
Disease (COPD). The ontology, based on hierarchical Bayesian networks, encoded a
domain (COPD) and compared the predictive accuracy of this ontology-based
hierarchical Bayesian network method with linear programming and artificial neural

network methods (Maragoudakis et al., 2008).

By using 10-fold cross validation and precision and recall metrics, they
concluded that the Hierarchical Bayesian method is comparable to Artificial Neural
Network (ANN) and far more accurate than linear programming approaches. In
addition, their ontology can be easily updated with new elements, while using ANN to

do this would be a painstaking laborious process. The most important advantage of such
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an approach, however, is the ability to shift this model to other domains, incorporating
new mobile network appliances - such as GPS - and new hospitals and other health

institutes, in an attempt to effectively monitor a patient in different locations.
2.3.4 The impact of ontologies for data quality in CDM and their evaluation

As Table 2.7 shows, a considerable amount of studies in this category have been
published on the application of ontologies in both health and non-health areas.
However, they do not compare ontologies with other data models. Studies to
demonstrate the impact of ontology-based implementations included clinical decision
support systems (Briiggemann and Griining, 2009; Min et al., 2009; Topalis et al., 2011)
for information management (O’Donoghue et al., 2009; Young et al., 2009), diagnosis
(Nimmagadda et al., 2008), clinical data analysis and management (Li and Ko, 2007). A
few studies examined ontology-based approaches to support data consistency (Esposito,
2008a) and accuracy. However, we found no reports on any systematic and
comprehensive ontological approaches to DQ issues or evaluation in the various

contexts.

Table 2.7: The impact of implemented ontologies for the management of data quality

References  Defined Purpose Assessed of Fitness for Purpose using DQ and  Context

Findings
(Liand Ko, To develop -Used expert opinions to decide which are the Diabetes diet
2007) automated ontology important nutrients to include in the diabetes diet care in Taiwan
approach to manage and therefore the ontology
nutrients in a -This is face validity and consistency of the data
diabetes diet care -Authors suggested that there is a further step
knowledge . .. .
using ontology approach for more efficient diet
management
knowledge management
(Esposito, To detect -Use as an ontology approach and rules to perform Congenital Heart
2008a) abnormalities and  the instance and consistency checking and verifies Disease (CHD)
malformations due to that patient information violates the normal dataset in Italy
heart diseases cardiovascular model loaded based on the

SNOMED vocabulary

-Theoretical discussion on data consistency
-Researchers show applicability of ontology to
define either the anatomy of the cardiovascular
system in normal patients or the anatomy
characterized by malformations or abnormalities
in CHD patients to support cardiologist in the
identification of diseases

(Nimmagadda, To provide a solution -Simulate human body disorders into metadata Human body
etal., 2008) to problems around through ontology-based data warehouse modelling anatomy and
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References

Defined Purpose

handling increasing
amounts of clinical
information and
solves some issues
related to managing
large

Assessed of Fitness for Purpose using DQ and  Context
Findings

-Theoretical discussion on managing accuracy and pathology
correctness of data dataset in
-Authors states ontology can facilitate logic Australia
processes and semantics for data quality

management and decision support for health care

providers and clinicians

(Min, etal., To collect/retrieve  -Apply ontology mapped with medical thesaurus 3000 records
2009) information to integrate and retrieve the data from two registered for the
intelligently and independent database systems prostate cancer
address the semantic -Theoretical discussion about data consistency ~ patients and
heterogeneity -Authors state that ontology can solve the Tumour Registry
problem from the  semantic heterogeneity problem from the in US
integration of data  jntegration of two databases by recognition of
from multiple inconsistence data
information
resources
(Briggemann To improve the -Use an algorithm and data model for consistency Cancer registries
and Gruning, outcome of data checking, an algorithm for detecting duplicates  in Germany
2009) quality management and give three examples of DQM-specific
(DQM) metadata tasks (data provenance, data quality
annotations at schema and instance level and an
ontology for the DQM domain)
-Authors mentioned the usefulness of their
ontology approach to define a shared vocabulary
for improved interoperability, and performing
DQM include consistency checking, data duplicate
detecting and metadata management
(Topalis, et  To retrieve data and -Use ontology-based model to integrate and Neurological
al., 2011) information capture the right terms (variables) and the disease, malaria,
extraction relationships between such concepts in a disease  vector-borne
map diseases in

-Theoretical discussion about data accuracy in Greece
multiple information sources

-Authors demonstrate the importance of capturing

the right terms in ontologies to use both in the
development of specific databases and, in the

construction of decision support systems to control
diseases for biologists, and epidemiologists

(Perez-Rey et To develop a method

al., 2006)

and tool for database
integration from
remote sources

-Test the implemented ontology on eight different Public genomic
private databases with biomedical data stored in  and clinical
different database management packages such as databases in
MySQL, PointBase, Access, and others and Spain
provide integrated access to their data

-Use case study to retrieve information in three

sources using queries and theoretical discussion on

data consistency

-Authors believe that ontologies are the most

suitable representation formalism for schemas in

database integration system
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References  Defined Purpose  Assessed of Fitness for Purpose using DQ and  Context

Findings
(Leeetal., To classify a person -Represent new ontology methods for fuzzy Diabetes domain
2009) as a diabetic patient medical relationship using taxonomical knowledge in Taiwan

-Manage accuracy of data

-Authors state that fuzzy ontology can effectively
develop semantic decision making and reduce
uncertainty (inaccurate data) to classify patients
for medical staffs

(O’Donoghue, To demonstrate the  -Use a Body Area Network (BAN) datasets within Three patient

etal.,, 2009) data quality benefits patient EHR solutions types are
of integrating remote -Use Jade Content Ontology classes for their the identified 1)
patient monitoring  Medical Knowledge Base agent Non-Athletic
solutions -Use 2 experiments (with/without knowledge Adult, 2)
base) for effect on risk prediction accuracy Athletic Adult
-Focus on data accuracy and correctness and 3) Child
from Ireland

-Authors states that ontology can improve patient
management through the reduction of false alarm
generations and facilitate the categorisation of the
data to indicate risk categories for decision
support

The application of ontological approaches to data quality management addressed
the following issues: data quality problems and errors (Briggemann and Grining,
2009), data heterogeneity problem (Min, et al., 2009), semantic decision making (Lee,
et al., 2009), efficient services (Li and Ko, 2007), procedures concerning the acquisition
of data (Nimmagadda, et al., 2008), classification and identification of specific patients
types (Lee, et al., 2009; Wang et al., 2007), data collection, data sharing and data
integration (Min, et al., 2009; O’Donoghue, et al., 2009; Perez-Rey, et al., 2006; Young,
et al., 2009). There were no studies that examined efficiency or effectiveness of

ontology-based models in DQ management.

As Table 2.8 represents, the second application is the use of domain ontologies
for the assessment of data quality in the querying requirements (Mabotuwana and
Warren, 2009), extracting knowledge from natural language documents (Valencia-
Garcia et al., 2008), and data expression (Preece et al., 2008). The majority of these
studies used precision and recall as metrics to assess the accuracy and validate the
ontological approaches (Brank et al., 2005; Brewster et al., 2004; Euzenat, 2007;
Gangemi et al., 2006; Li, 2010; Min, et al., 2009; Pathak et al., 2012a, 2012b; Spasic
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and Ananiadou, 2005; Stvilia, et al., 2009; Valencia-Garcia, et al., 2008; Wang, et al.,

2007).

Table 2.8: The impact of implemented ontologies for the assessment of data quality

References

Defined Purpose

Assessed of Fitness for Purpose using DQ

Context

(Jacquelinet et To develop

al., 2003)

semantic data
interoperability

-Apply an ontological tool to develop semantic
data interoperability through domain
terminologies using quantitative analysis of the
existing coding information system and a
qualitative analysis checking completeness,
consistency, ambiguity and implicitness of terms

- Represent DQ factors such as completeness of
data, appropriated terms, structured thesaurus, and
terminology standard

-Authors state usefulness of ontology-based
approach to support the processing of texts, and
extending a terminological basis for medical

experts

Failure, dialysis
and transplant
datasets from
National
information
system in France

(Maragoudakis, To develop

et al., 2008)

decision support
system

-Use 25 patients records from various networking
appliances such as mobile phones and wireless
medical sensors to establish a ubiquitous
environment for medical treatment of pulmonary

diseases

-Use ontology approach-based on hierarchical
Bayesian networks which can encode a domain

and make prediction

-Focus on data timeliness

-Authors states the importance of ontology-based
model as an ubiquitous platform to improve
patient monitoring and health services in real time

treatment decision

Mobile sensor data
from 25 patients in
Acrtificial Neural
Network (ANN) in
GREECE

(Wang, et al.,
2007)

To classify
diabetic patients

Use measuring precision and recall of results to
show accuracy of clinical data achieved from an
ontology-based fuzzy inference agent, including a
fuzzy inference engine, and a fuzzy rule base, for
diabetes classification

-Authors state that ontology approach can classify
effectively classify a person as a diabetic patient

for medical staff

Retrieve 392 cases
from the Pima
Indians diabetes
database in US

(Valencia-
Garcia, et al.,
2008)

To develop
retrieval and
extract clinical
information

-Represent multiple semantic relationships among
concepts with UMLS ancestors through MeSH
descriptors in the ontology to enrich the ontology
extracted from the text

Use breast cancer
domain in the
system with a
Spanish corpus of

-Use an experiment (4 PhD students were asked to 8649 words in
use the system with a Spanish corpus) to analyse a Spain

software tool by measuring precision and recall of
the result (accuracy of data)
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References  Defined Purpose Assessed of Fitness for Purpose using DQ Context
-Solve semantic clinical data issues and develop
accuracy of retrieval information through

ontologies
(Mabotuwana To identify -Use the querying capabilities of one GP database CVD in practice
and Warren,  hypertensive in the context of quality use of medications in the management
2009) patients in the management of hypertension over time system in NZ

context of quality -Use 8 criteria and 4 scenarios to identify

use of medicines  hypertensive patients
-Focus on semantic interoperability and also data
completeness and timeliness, consistency
-Authors show the importance of ontology-based
approach to enhance temporal querying
requirements and identify patient data,

semantically
(Young, etal., To develop -Use the modelling of terms to conform to and Data on Autism in
2009) semantic data extend the existing ontologies development the National
collection and framework Database for
integration -Theoretical discussion on completeness of data, Autism Research
data availability and accessibility in US

-Authors state that ontology help to extract, query,
integrate and federate data for clinical researcher

(Preece, etal., To manage - Implication of viewing high IQ as ‘fitness for Gene expression
2008) information purpose’ for providers and consumers, in which  data which involve
quality (1Q) ina  users state their quality requirements in terms of  the use of
real-life example domain concepts (such as accuracy, currency and microarrays in UK
of gene expression completeness)
research - Guide the development and use of metrics to
measure the complexity and cohesion of
ontologies
-Authors state that ontology helps to allow a
practical division of the work between providers
and consumers, in order to minimize the costs to
all concerned

Despite a growing body of literature on ontology-based approaches in assessing
the accuracy of the retrieval of clinical data, none of them have attempted to compare
the performance between ontology-based and other (non-ontological) approaches. Most
studies have used precision and sensitivity (recall) to assess the accuracy of ontology-
based approaches in health domains (Brewster, et al., 2004; Euzenat, 2007; Gangemi, et
al., 2006; McGarry et al., 2007; Min, et al., 2009; Pathak et al.,2012a, 2012b; Spasic
and Ananiadou, 2005; Stvilia, et al., 2009; Valencia-Garcia, et al., 2008; Wang, et al.,
2007).
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Table 2.9 illustrates various definitions to identify the most common criteria to
assess validity of ontologies and data models. Studies have attempted to define criteria
such as Flexibility, Reusability, Cohesiveness, Precision, and Recall. However, there
are less coordinated attempts to define other criteria such as Scalability, Completeness,

Correctness, Extensibility, and Adaptability.

Table 2.9: Metrics to evaluate and compare ontology and traditional data model

approaches
Criteria Metrics for ontology evaluation References Metrics for data model References
evaluation
Flexibility Easily adapted to multiple views in ~ Gangemi, Ability to deal with Moody and
terms of parameters such as etal., 2006 changes in business Shanks,
modularity, partitioning, context- and/or regulatory 2003
boundedness rules/context?
Ability to accept input of new data ~ Maiga and Ability to add new data  Kahn, et al.,
from various research groups and Williams, elements and 2012
disciplines 2008 relationships if project
scope or regulatory rules
(e.g., patient
identification) change
Easily re-define the extraction Pannarale Flexibility of data models Kahn, et al.,
procedure logics and adapt it to user et al., 2012 include “extensibility”, 2012
needs “scalability”, and
Easily manage the changes of the ~ Pannarale, ~adaptability” as defined
database schema or the ontology etal., 2012 operationally below.
Reusability  Ability to integrate data so thatitis  Maiga and
useful to different users and Williams,
disciplines 2008

Ability to match user requirements  Pinto, 2004
across different disciplines

Scalability Can data model be sized Kahn, et al.,
in smaller or larger data 2012
sets?

Completeness Does the data model Moody and
contain all user Shanks,
requirements? 2003

Can the data model store Kahn, et al.,
and retrieve data to meet 2012
investigator needs?

Correctness Does the data model Moody and
conform to the rules of ~ Shanks,
the data modelling 2003

techniques?
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Criteria Metrics for ontology evaluation References Metrics for data model References
evaluation
Does the model conform Kahn, et al.,
to good data modelling 2012
practices such as limited
data storage redundancy?

Extensibility Can the data model Kahn, et al.,
expand data elements, 2012
data types and include
new data domains?

Adaptability Can the data model Kahn, et al.,
represent a broad data 2012
domain?

Cohesiveness A measure of the separation of Yao, et al.,

responsibilities and independence of 2005
components of ontologies

Precision A measure of the amount of Brewster,
knowledge correctly identified in the et al., 2004
ontology w.r.t. the whole domain
knowledge available
Recall A measure of the amount of Brewster,
knowledge correctly identified with et al., 2004
respect to all the knowledge that it
should identify
Fitness for ~ Can the ontology define and assess if Wand and Can the data model store Kahn, et al.,

purpose routinely collected EHR data is fit for Wang, and retrieve data to meet 2012
purpose? 1996; investigator needs
Liaw et al., correctly?
2011 (Note: Kahn defined this
as completeness of the
data model)

There are overlaps in the definition of criteria such as Flexibility, Scalability,
Completeness, Correctness, Extensibility, and Adaptability in both ontological and non-
ontological approaches. There were no guidance on the definition and scope of
Reusability, Cohesiveness, Precision, and Recall in the data model approaches in the
literature. Standardizing these metrics can help to standardize the specification of
ontologies and data models. This can then standardize the comparison of ontology and

non-ontology approaches.
2.4 Discussion

This review examined the role of ontology-based approaches to develop data

quality based on ‘fitness for purpose’ in the health context. The findings updated and
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corroborated much of our previous work in this field and added new knowledge to
ontology-based approaches to data quality and ‘fitness for purpose’ of information

systems.

2.4.1 How is data quality being conceptualised within the ‘fitness for purpose’

definition for a range of uses?

We found few papers on DQ used within the definition of fitness for purpose.
There are more studies on the ontologies for management of DQ (26 papers) and
assessment of DQ in all contexts (11 papers). These findings support the current
perception of DQ as a complex concept with many dimensions, often overlapping
conceptually (Wand and Wang, 1996). Liaw et al. (2011) developed a conceptual
framework for DQ that include intrinsic DQ (correctness and consistency) of data
elements and ‘fitness for purpose’ (completeness) of data set for research and clinical

purpose.

2.4.2 What specification methodologies are being used to specify data quality for

implementation?

The literature on the specification of data quality for implementation is
fragmentary and there is not a comprehensive approach. The findings of the current
study are consistent with our previous review (Liaw, et al., 2013) that the ontological
approach to develop DQ is poorly evaluated. However, most agreed that DQ is a
multidimensional construct (Devillers, et al., 2007; Nimmagadda, et al., 2008); with
completeness, accuracy, correctness, consistency and timeliness being the most
commonly used dimensions. A few studies examined ontology-based approaches to
support data consistency and accuracy. However, no research was found that formally
and systematically assessed the association between ontologies for DQ and ‘fitness for

purpose’ in various contexts.

2.4.3 What ontology-specified implementations are being used and how do they

compare with other methods?

There were few comparative and evaluative studies on assessment of data
quality or compared ontological and non-ontological approaches to representing
knowledge in clinical information systems. This literature review suggests that,

compared to non-hierarchical data models, there may be more advantages and benefits
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in the use of ontologies to solve semantic clinical data quality issues and improve the
validity and reliability of data retrieval, collection, storage, extraction and linkage
algorithms and tools. Formal ontological approaches enable the systematic development
of automated, valid and reliable methods to assess and manage the DQ and semantic
interoperability issues (Lee, et al., 2009; Valencia-Garcia, et al., 2008; Verma et al.,
2009, 2008). The expressiveness of ontology-based models can facilitate accuracy and
precision compared to non-ontology models and approaches (Esposito, 2008a, 2008b;
Preece, et al., 2008).

Current ontological approaches have limited evaluation. There are little studies
comparing to addressing chronic disease management and even less examining data
quality. The challenges to the development and validation of an ontology-based model
to the assessment and management of DQ include methodological immaturity, an
immature knowledge base, and a lack of tools to support ontology-based design of
information systems, evaluation of ontological approaches, and engagement of users in
design and implementations. There are insufficient studies to define ontology evaluation
metrics comprehensively and show practical techniques to evaluate ontological
approaches in terms of flexibility, scalability and reusability versus non-ontology-based

models.

2.4.4 How is the impact of implementing ontology-based specifications for data

quality in CDM being measured and evaluated?

Current evidence demonstrates there is a lack of valid and reliable data quality
assurance (Arts, et al., 2003, 2002b) to ensure fitness for a range of uses by consumers,
patients, health providers and professionals. This study has added to our understanding
of ontology-based approaches to improve the quality of the data so it is useful for the
various purposes such as clinical research, teaching, audit and evaluation. (e.g., quality
assurance and clinical decision making). The main advantages of building ontologies
for data quality in health are to automate the extraction of data from EHRs into clinical
data warehouses; assessment and management of the intrinsic and extrinsic quality of
this “big data” so that they are fit for purposes such as research, quality improvement
and health information exchange and sharing; management of controlled vocabularies
and optimising semantic interoperability; curation of data for use by human users and

applications such as electronic decision support systems; mining of data to discover
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relationships between the concepts; discovery of new knowledge; and reuse of
knowledge in the management of chronic diseases (Abidi, 2011; Buranarach et al.,
2009; Gedzelman et al., 2005; Gupta et al., 2003; Jara et al., 2009).

2.4.5 Limitations of the review

The majority of studies involved design and tools development for data models
and ontologies in health area and chronic diseases rather than implementation,
deployment and evaluation of the relevant procedures and tools. The trends are
encouraging for ontological approaches. However, there are no formal large scale
studies to systematically compare the quality of outputs of ontological to non-
ontological approaches to the assessment and management of data quality and ‘fitness
for purpose’ of the implementations. We did not search the grey literature, an important
source in this relatively immature field. However, there were also limitations of access
to proprietary materials. In future investigations it might be possible to use an
ontological approach to develop data quality in different clinical information systems in

which applicable by health practicing managers.
2.4.6 Managerial implications

The findings of this study have several important practical implications for
developing electronic health records and patients registers. For instance, a health
organisation can determine the current status of advancement of their ontology and
information model, to guide the further design of a semantic strategy and to achieve
specific goals, given the current data quality in their clinical information systems (CIS).
The findings of this study and our previous review may serve as a benchmark for
developing an ontology model as a tool for assessing and managing data quality in

clinical information systems.

Also, for the development of CIS and clinical data warehouses managers can
determine which features or functions of ontology-based approaches could support their
health professionals and patients better. Additionally, managers can use the ontology
model to develop their information system in terms of all dimensions of data quality: it
can show them the major strengths and weaknesses of their quality of information in
terms of supporting end users in their decision making process. This is the ‘fitness for

purpose’ paradigm.
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2.5 Conclusion

The understanding of data quality, as a multidimensional concept applied to the
data elements (intrinsic DQ) and the set of data elements (extrinsic DQ) is progressing.
Ontological approaches are emerging and theoretically important to address the
complex relationships among overlapping concepts in this complex area. This review
has described the current published literature in this domain and points to number of
directions for ongoing research into the use of ontological approaches to managing the

“fitness for purpose’ of “big data” from multiple EHRs.
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CHAPTER 3

DEVELOPMENT OF A METHODOLOGICAL APPROACH FOR
DATA QUALITY ONTOLOGY IN DIABETES MANAGEMENT

Chapter 2 found a lack of comprehensive ontology-based approaches to address
DQ and semantic interoperability issues. It also defined what is needed in a
comprehensive ontology-based approach to DQ. Therefore, Chapter 3 discusses a step-
by-step process to develop a novel methodology for data quality ontology (MDQO) to
produce a semantic knowledge management approach to identify T2DM and assess the

accuracy of ontology.

The published paper in Chapter 3 discusses how T2DM patients are identified.
DQ is assessed using the three core dimensions of DQ, namely completeness,
correctness and consistency. Chapter 3 will present the intuitions as well as the
formalism for a semantically accurate mechanism for capturing DMO-related data from
EHRs.

The longer term objective is to develop a flexible, generalisable and reusable
semantic approach and mechanism that can be used to design intelligent software agents

to identify patient cohorts and the quality of the data.
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Abstract

The role of ontologies in chronic disease management and associated challenges
such as defining data quality (DQ) and its specification is a current topic of interest. In
domains such as Diabetes Management, a robust Data Quality Ontology (DQO) is
required to support the automation of data extraction semantically from Electronic
Health Record (EHR) and access and manage DQ, so that the data set is fit for purpose.
A five steps strategy is proposed in this paper to create the DQO which captures the
semantics of clinical data. It consists of: (1) Knowledge acquisition; (2)
Conceptualization; (3) Semantic modeling; (4) Knowledge representation; and (5)
Validation. The DQO was applied to the identification of patients with Type 2 Diabetes
Mellitus (T2DM) in EHRs, which included an assessment of the DQ of the EHR. The

five steps methodology is generalizable and reusable in other domains.

Keywords: Ontological approach, Semantic model, Data quality, Diabetes

management.
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3.1 Introduction

Improving data quality (DQ) in health organizations can improve quality of
decisions and support better policy, strategies, and evidence-based patient care. DQ can
be defined in terms of its fitness for purpose (Richard Y Wang, 1998). The most
frequently used DQ dimensions are accuracy, completeness, consistency, correctness
and timeliness (S. T. Liaw, et al., 2013). Research in DQ has tended to focus on the
identification of generic quality characteristics that are applicable in a wide range of
domains (Y. Wand & Y. Wang, 1996).

In the field of healthcare, data is collected routinely and may be used for
research. It is becoming apparent that the quality of routinely collected data is not as
good as it should be for many research applications. It is still not clear how DQ can be
expressed in the context of fitness for purpose. Reference terminologies and ontologies
have been used to specify DQ thus influencing data collection and analysis (Brown,
Warmington, Laurence, & Prevost, 2003). They also act as benchmarks for assessing
DQ (S. Liaw, et al., 2011). An ontological approach can play a major role in the
assessment of DQ and specification of fitness for purpose of a dataset (S. T. Liaw, et al.,
2013; Rahimi, et al., 2014).

Building robust ontologies for DQ in healthcare helps automation of data
extraction from the Electronic Health Records (EHRS) into clinical data warehouses;
assessment and management of the quality of big data so that they are fit for purposes
such as research, quality improvement, health information exchange and sharing;
management of controlled vocabularies and optimizing semantic interoperability;
curation of data for use by human users and applications such as electronic decision
support systems; mining of data to discover relationships between the concepts;
discovery of new knowledge; and finally reuse of knowledge in the management of
chronic diseases (Y. Wand & Y. Wang, 1996).

In the biomedical informatics literature, ontologies have been described as
collections of formal, machine process-able and human interpretable representation of
the entities, and the relations among those entities, within a definition of the application
domain (Rubin, et al., 2006). Pipino (2002) proposed the most widely accepted
definition, where he considers ontologies as an explicit specification of a

conceptualization (Pipino, et al., 2002). Ontology provides a vocabulary of terms, their
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meanings and relationships to be used in various application contexts (Borst, 1997).
This allows intelligent software agents to act more meaningfully in spite of differences

in concepts and terminology.

We have previously described and discussed an ontology based approach (S. T.
Liaw, et al., 2013; Rahimi, et al., 2014) to assessing the completeness, correctness and
consistency (the 3Cs of DQ) of data and datasets. This approach is helpful in modeling
the domain and representation of data and metadata requirements to identify diabetes on
the data set from the University of NSW electronic Practice-based Research Network
(ePBRN). This study used the dataset of 927 active patients from a general practice
participating in the ePBRN, hereafter referred to as the General Practice Unit (GPU)
dataset.

The ePBRN DQ research and development has focused on the 3Cs of DQ for
ongoing ontology-based work to better define and address DQ, examine the issues and
challenges for the network of data extraction and linkage, and semantic interoperability
of large data sets (S. Liaw, et al., 2011). The ontology based approach can assist the
terminology management and decision support to identify and classify different types of
diabetes (S. Liaw, et al., 2011). This approach is also helpful in developing automated
techniques and tools to extract and semantically link data elements (and concepts) in

large data sets derived from multiple EHRs.

The objective of this study is to develop a methodology for the systematic
construction of a Data Quality Ontology (DQO), use the ontology to identify patients
with Type 2 Diabetes Mellitus (T2DM) in an EHR, and assess the quality of data and its
impact on the accuracy of identification.

The paper is organized as follows. Section 3 details the background. Section 4
describes the methodology and different steps in the development of the DQO for
T2DM and the materials and tools used for the work. Section 5 discusses perspectives

expected from this work. Section 6 draws conclusions from this work.
3.2 Background

DQ is a complex idea with many dimensions, often overlapping conceptually
(Devillers, et al., 2007; Nimmagadda, Nimmagadda, Dreher, & leee, 2008; Y. Wand &

Y. Wang, 1996) with completeness, accuracy, correctness, consistency and timeliness
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being the most commonly used dimensions. Liaw et al. (2010) developed a framework
for extrinsic (e.g., representation) and intrinsic (e.g., correctness and consistency)
concepts of data elements, and fitness for purpose (e.g., completeness) of data set for
research and clinical purposes. Talaei-Khoei et al. (2011) examined the consistency and
completeness of data in healthcare settings, reporting that these issues may result in
disruption for practitioners (Talaei-Khoei, Solvoll, Ray, & Parameshwaran, 2011,
2012).

A previous literature review showed the understanding of DQ, as a
multidimensional concept applied to the data elements (intrinsic DQ) and the set of data
elements (extrinsic DQ) is progressing (S. T. Liaw, et al., 2013). Ontological
approaches are emerging and theoretically important to address the complex
relationships among overlapping concepts in this domain (Rahimi, et al., 2014).

The literature on the specification of DQ is fragmentary, lacks a comprehensive
approach and is poorly evaluated (Rahimi, et al., 2014). A few other studies have
examined ontology based approaches to support data consistency and accuracy (O-
Hoon, Jung-Eun, Hong-Seok, & Doo-Kwon, 2008). However, no research was found
that formally and systematically assessed the association between ontologies for DQ
and fitness for purpose in various contexts. There are also few comparative and
evaluative studies on assessment of DQ or that compared ontological and non-
ontological approaches to representing knowledge in clinical information systems
(Nimmagadda, et al., 2008).

The recent literature review (Rahimi, et al., 2014) also suggested that compared
to non-hierarchical data models, there may be more advantages and benefits in the use
of ontologies to solve semantic clinical issues and improve the validity and reliability of
data retrieval, collection, storage, extraction and linkage algorithms and tools. Formal
ontological approaches enable systematic development of automated, valid and reliable
methods to assess and manage data and semantic interoperability issues (Lee et al.,
2009; Valencia-Garcia, Fernandez-Breis, Ruiz-Martinez, Garcia-Sanchez, & Martinez-
Bejar, 2008; Verma et al.,, 2009; Verma, Kasabov, Rush, & Song, 2008). The
expressiveness of ontology-based models can facilitate accuracy and precision
compared to non-ontology models and approaches (Esposito, 2008a, 2008b; Preece, et
al., 2008).
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Current ontological approaches are poorly evaluated, with few comparative
studies in chronic disease management or DQ assessment or management. The
challenges to the development and validation of ontology-based models to assess and
manage DQ include methodological immaturity, immature knowledge base, lack of
tools to support ontology-based design of information systems, evaluation of
ontological approaches, and engagement of users in design and implementations
(Rahimi, Liaw, Ray, & Taggart, 2012; Rahimi, et al., 2014). There have also been
several attempts to define ontology evaluation metrics and provide practical techniques
to evaluate ontological approaches (in terms of flexibility, scalability and reusability)
against non-ontology based models (Cur & #233, 2012; Maragoudakis, Lymberopoulos,
Fakotakis, Spiropoulos, & leee, 2008). There is a lack of valid and reliable DQ
assurance (D. Arts, De Keizer, & Scheffer, 2002; D. G. Arts, Bosman, de Jonge, Joore,
& de Keizer, 2003; Peleg, Keren, & Denekamp, 2008) to ensure fitness for a range of
uses by consumers, patients, health providers and professionals.

The significance of this work emanates from the fact that DQ research has been
identified as a priority in medical informatics. Dixon (2011) and Huaman (2009) in their
review of literature identified research in the quality of clinical data as a critical
informatics research priority (Dixon, et al., 2011; Huaman, et al., 2009). The authors
cited DQ research as necessary for improving health care through the translation of
research findings into practice (S. Liaw, et al., 2011), national deployment of EHRs
(Dixon, et al., 2011; Huaman, et al., 2009), and development of the National Health
Information Network (NHIN) (Richesson & Krischer, 2007).

A recent review (Rahimi, et al., 2014) demonstrated a lack of comprehensive
studies on the use of ontology-based tools to assess and manage DQ so that data sets are
fit for purpose in healthcare and chronic disease management (CDM). This paper
reports on a rich methodological approach to develop a DQO, using the identification of
patients with T2DM as a case study to illustrate the important issues, focusing on fitness

for purpose along the lines presented in Section 3.
3.3 A Methodology For Data Quality Ontology (DQO)

In this section, we present the details of a 5 step methodology to develop a DQO for
application in the domain of Diabetes Mellitus. The DQO was applied to the
identification of patients with Type 2 Diabetes Mellitus (T2DM) in an EHR. The
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validation of the DQO examined the technical aspects of the model and its accuracy in
identifying patients with T2DM.

The purpose and scope of DQO is to identify, in this case, diabetic patients using
three core attributes namely Reason for Visit (RFV), Pathology (Path) tests results such
as Hemoglobin Alc (HbALC), Blood Sugar Level (BSL) and Random Blood Glucose
(RBG), and medication (Rx) in the GPU dataset. We first determined the scope of the
domain, and purpose of the task that the DQO is to be fit for. The ePBRN has selected
completeness, correctness, and consistency as the core DQ metrics for demographic and
clinical data collected from disparate EHRs, and even within an individual EHR. We

now briefly discuss the three core dimensions of DQ.
Completeness

Completeness refers to the extent to which information is not missing and when
available it is of sufficient breadth and depth for the task at hand (B. K. Kahn, et al.,
2002). In our domain, this requirement means the availability of at least one record for
the main patient attributes of RFV, Rx, Path and risk factors to identify Type 2 Diabetes
mellitus. At the clinical level, completeness could mean that it include the availability of
all information required to make a clinical decision about diabetes. Thus, each patient
must have at least 1 record in one of the target attributes which consist of RFV, Path
and Rx (S. Liaw, et al., 2011).

Correctness

Correctness refers to data for each attribute being free of any errors (Pipino, et
al., 2002) that is, each valid and appropriate clinical record must have the correct unit
of measurements and must be within the acceptable clinical ranges. For instance,
‘diabetes’ is a correct value for the attribute RFV, and there are no errors in the way it
has been written. Any other type of value for RFV is incorrect. For pathology tests and
risk factors, correct ranges lie between the minimum and the maximum range of ePBRN
data while respecting the Australian National Guidelines for T2DM ("Diabetes
Management in General Practice Guidelines for Type 2 Diabetes ", 2012). A datum that
lies outside this range is considered incorrect. Similarly, for medication, it would be
incorrect if there were other attributes recorded for the script and the script name was

missing.
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Consistency

Consistency refers to representing data values of the attributes following the
same schema and format (B. K. Kahn, et al., 2002). It includes values and physical
representation of data (Y. Wand & Y. Wang, 1996). External consistency uses a
uniform data type, format and standard terminology (S. Liaw, et al., 2011) based on the
Systematized Nomenclature of Medicine — Clinical Terms — Australian version
(SNOMED-CT-AU) (McBride, Lawley, Leroux, & Gibson, 2012). Internal consistency
uses a standard adopted specially for practice. For example, the following issues are
relevant: Do doctors record diabetes type 2 the same way or does each doctor record it
differently? Also, for internal consistency, at the first level, how are the attributes being
recorded? An ePBRN question is whether different GPs and general practices record
diabetes the same way? For external consistency, each term e.g., RFV used is externally

consistent if it can be coded with or mapped to the same concepts in SNOMED-CT-AU.

Based on the analysis of currently available techniques and commonly adopted
conceptual steps (Corcho, Fernandez, & Gomez, 2003; Fernandez, 1999; Hadzic,
Dillon, & Dillon, 2009; Kuziemsky & Lau, 2010; Pinto, 2004), we used a five stages
methodology to create our ontology to identify T2DM in an EHR and assess DQ of the
resulting register (Figure 3.1): (1) Knowledge acquisition; (2) Conceptualization of the
domain to create DQO; (3) Semantic modeling; (4) Knowledge representation; and (5)
Validation of SPARQL query results and comparison with manual results as our
research gold standard.
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Figure 3.1: Five stages approach for the development of the ontology model

3.3.1 Knowledge acquisition

In this step, we acquired knowledge about the domain and its scope with
information from the domain experts and relevant published works. The techniques
used include: brainstorming, interviews, questionnaires, text analysis, and inductive
techniques (Pinto, 2004).

3.3.1.1 Patient data audit

An audit carried out on 7 patient data tables in the ePBRN includes the
following attributes: Patients, Prescription, Diagnosis, Measure, Family History,
Consultation and Patient Referral. Data collected included: medical information (such
as Reason for visit, Medication, Pathology test results), and information about patients’
demographics (such as Date of Birth, History, Status and Sex). The ePBRN patient data

audit formed the source of the clinical (user) vocabulary for the ontology.

3.3.1.2 GP and nurse consensus meetings

Two types of practice experience data were collected: clinician meetings and
clinical observations. Clinician meetings involved one of the authors (AR) attending
three meetings with 4 clinicians (2 physicians, 1 nurse and 1 data manager). The
clinician meetings took place over 3 months and involved developing different models
of diabetes management practices as well as discussion of conceptual models of
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diabetes management. Data from the clinician meetings provided a large volume of data
which were useful in the design of our ontology. In those meetings there were also
discussions about system design considerations for the computer-based diabetes
assessment tool. Clinical observations involved the same author (AR) spending 44
hours performing qualitative observation and documentation of diabetes management
themes on the clinical flowchart. Those observations were crucial for understanding the

clinical workflow.

3.3.1.3 Literature review

A literature review on the automation of identifying diabetes patients, diabetes
management, and chronic disease management was carried out. Researching the
literature brought in current evidence on diabetes management such as mechanisms for
the assessment and management of diabetes, conceptual models on diabetes
management and educational resources for primary and secondary care, assessment,
diagnosis and management of different types of diabetes. Moreover, the
conceptualization of diabetes assessment and management was drawn from evidence-
based guidelines based on the Australian National Guidelines for T2DM ("Diabetes
Management in General Practice Guidelines for Type 2 Diabetes”, 2012). Also, the
SNOMED-CT-AU standard guided the specification of the data and domains in the
DQO. Current published medical ontologies included the Human Diseases Ontology
(DO) (Hadzic & Chang, 2004), Infectious Diseases Ontology (IDO) (Cowell & Smith,
2010), Galen (Rector & Rogers, 2005), and Gene Ontology (GO) (Pan Du et al., 2009).
While these are comprehensive and essential models to draw on to develop the DQO
prototype, they are not focused on diabetes specifically. The research literature was

valuable for contextualization of the ontological concepts and the clinical practices.
3.3.2 Conceptualization

In this step, we identified the key concepts and relationships in the domain and
defined terms used to represent these concepts and relationships. Conceptualization
denotes the process of turning raw knowledge into clearly established concepts that can
be used to create a DQO. It typically includes the identification of the concepts and their

relationships within the diabetes domain, taking advice from domain experts.
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3.3.2.1 Task

In the current application, the conceptual model was developed through the

results of an exhaustive literature review, ePBRN patient data audit, and GPs and nurses

meetings.

3.3.2.2 Output

The final consensus meeting of our research team identified 68 concepts to

comprehensively model the domain of diabetes management. Table 3.1 shows the

categories (along with subcategories) of concepts in four different layers and  the

concepts relevant to each category.

Table 3.1: Categories of collected concepts in four different layers

Main Subcategories Relevant concepts
Categories
Actor Organization Research Institution, University
Person Doctor, Nurse, Patient, Specialist
Context Problem Disease
Setting Primary care, Secondary care
Impact Disease Indicator Control HbA1c, random and fasting glucose levels
Patients Satisfaction Patient satisfaction questionnaires
Quality of Life QOL questionnaires
Mechanism Advise Lifestyle advice
Assessment Diagnosis, Family history, Risk Factor
Billing Services and supplies
Consultation Type of consultations
Order Imaging, Medication, Pathology tests
Prescription Medication
Referral Endocrinologist or general
Review Diabetes cycle of care

For example, in the hierarchical conceptual model for Mechanism (which is the

main class in diabetes management), there are 7 subclasses consisting of Billing,

Assessment,

Review, Prescription,

Referral, Advise, and Order. Similarly, the

subcategory Order includes subclasses Medication, Imaging and Pathology tests.
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3.3.3 Semantic modeling

Semantic modeling refers to formalizing the domain ontology. This ontology
and the defined rules generate logical inferences and control the relevant objects such as

the patient with a diagnosis of diabetes mellitus (DM) and their related properties.

3.3.3.1 Task

In this stage we systematically transform the conceptual models into a formal
model through the development of hierarchies and relationships and thus removing any
ambiguities in the meanings of the concepts. The semantic model for a concept includes
a set of attributes and its relationships with other concepts that characterize the meaning
of the concept. The DQO used previously reported definitions of the 3Cs of DQ (S.
Liaw, et al., 2011).

3.3.3.2 Output

The formalized ontological model was developed using the Protégé 4.3 ontology
editing tool (Gennari et al., 2003) and (Min et al., 2009) with frames as the
representational construct. In Protégé, a reference terminology such as SNOMED-CT-
AU can be flexibly used with Australian CIS; OntopPro (Rodriguez-Muro, Kontchakov,
& Zakharyaschev, 2013) can be used as an Ontology-based Data Access (OBDA)
plugin for Protégé for querying, inferring and mapping of the ontology approach and
GPU datasets; and logic ontology reasoners provide automated support for reasoning
tasks in ontology and instance checking and they include Pellet, Racer, Quest as the

most popular and effective semantic reasoning engines (Huang, Li, & Yang, 2008).

In Table 3.1, Column describes the main classes and Columns 2 and 3 their
subclasses in the ontology approach. The output of this stage is a formalized ontology
consisting of 4 main classes (Actor, Content, Mechanism and Impact) and 51 subclasses
(Figure 3.2) with 8 object properties and 15 data properties. Figures 3.3 and 3.4 provide
some illustrations to show the formalization of the ontology approach developed (the
hierarchical model and the relations) using the ontology tools and the definition of
objects and properties. Protégé was used to add more terms to describe properties and
classes within the diabetes domain, viz., relations between classes (e.g., disjointedness
such as PrimaryCare disjoint_with SecondaryCare), cardinality (e.g., exactly one),

equality, richer typing of properties, characteristics of properties (e.g., functional for
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Figure 3.2: The ontology hierarchical conceptual model with data properties

We have specified which classes are disjoint, so that an object cannot be an
instance of more than one of these. It ensured consistency in the ontology approach.
Figure 3.3, defines (at this stage) object properties and relationships between different
classes and subclasses. Careful modeling of object properties in Protégé helped to
achieve all patients’ data requirements. As figure 3.4 shows, the constraints presented
by data properties in Protégé 4.3 are mainly capturing (a) the correctness of valid
clinical records in ePBRN (for example, range for HbALC is between 3.0 and 20

mmol/L), and (b) consistency of patients’ data.
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Figure 3.4: The data property tab to define various data ranges, types and values for

each class

The end product of this stage is a semantic data model that has been defined as

classes, sub-classes and their relationships to assist in identifying diabetic patients by

Protégé 4.3 (Chen, Lu, & Liu, 2007). Our formalized ontology consist of 8 object

properties, 15 data properties, 68 concepts and 14 major themes in 4 main classes
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comprising Actor, Content, Mechanism and Impact for improved identification of
T2DM patients. Two ontology reasoners (Pellete 3.2.0, RacerPro 1.1.10) (Huang, et al.,
2008) were also applied to check internal consistency of the T2DM ontology and the

reasoners found no logical inconsistencies in our ontology.

In Figure 3.5, we show that the ontology can be mapped onto the SNOMED-CT-
AU Ontology (SCAO) which has more than 300,000 concepts (Yu, Liaw, Taggart, &
Rahimi, 2013).
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Figure 3.5: The ‘Context” as an example class hierarchy shown expanded in a Protegé
screenshot. The annotation associated with the subclass “Type 2 diabetes mellitus”
describes semantic relationship of this subclass with the reference terminology
SNOMED-CT-AU

3.3.4 Knowledge representation

In this step, we developed an ontology model initially to represent the domain

broadly. The necessary general concepts were included first, followed by the addition of

75



the necessary constraints. For the Diabetes Mellitus domain, we added the constraints
required to assess the DQ of the extracted data.

3.3.4.1 Task

This stage implemented the formalized ontology over the clinical data set
extracted from a specific general practice participating in the ePBRN. This data set is a
subset of the ePBRN data repository. The DQO has been implemented first to represent
the domain broadly. We used it to describe the necessary general concepts from the
diabetes management point of view and then added constraints for lower datasets from

the database in order to meet our DQ goals.

3.3.4.2 Output

To implement DQO over test data set, data was formalized using Microsoft SQL
Server 2008 R2 and the tools like OntopPro (Rodriguez-Muro, et al., 2013) as a plugin
for Protégé 4.3, a semantic query language like Simple Protocol and Resource
Description Framework Query Language (SPRQL), and a reasoner (Quest) (Rodriguez-
Muro & Calvanese, 2012) were then used. We additionally installed drivers to connect
the test (relational) database and the ontology approach using Protégé 4.3 preferences
tab. For example, in Java, database connections are established using the Java Data Base
Connectivity Framework (JDBC) (Calvanese et al., 2009). In our case, Quest and
OntopPro use JDBC connections such as MS JDBC Driver for SQL Server to connect
to GPU data set, and so, they require JDBC parameters. In particular, for GPU data set,
we needed to define 4 parameters: Driver class, JDBC URL, username and password
(Figure 3.6).

76



File Edit View Reasoner Tools Refactor Window OBDA Help

<a| 2> | [ Ontology1331511057559 (http:/www.semanticweb.orglontologies/2012/2/0ntology 1331511057559.0w] |

Active Ontology | Entties | Classes | Object Properties | Data Properties | Annotation Properties. | Individuals | OWLViz | DL Query | OntoGraf | OBDA Query | OBDA Model | SPARGL Query | Oniology Differences |

Class hierarchy: Actor n8EE ( T I/" ing I/ saL 5 |
AN
v @ Thing OBDA Model information
V- SRStk —_— Number of sources: 1
»-- @ Organization
V- @ Person
... @ Doctor Connection parameters
V‘ :::;:;It Datasource Name: |GPU v| g c
-~ @ DiabetesPatients
- @ GPUactivePatients Connection URL: |sqlserver://149.171 .101.93;inst QLEXPRESS ;dat: }atientsl
® Specialist <
»-@ co"tex‘pecla ' Database Username: |a.k.horzough1 ‘
»-- @ Impact

¥ Database Password: | --------- ‘
V- @ Mechanism

L @ Advise Driver.ciass: [com. microsoft.sqlserver. jdbc. SQLServerDriver H
V- @ Assessmnet
»-- @ Diagnosis
- @ FamilyHistory
@ RiskFactor
»-- @ Billing
- @ Consultation
V- @ Order
»-- @ Imaging
»-- @ Medication
@ PathologyTest
- @ Prescription
© Referral
® Review

Figure 3.6: The ontology approach OBDA tab to define JDBC connection parameters
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Once mappings were created, the plug-in was used to generate Resource
Description Framework (RDF) triples for use with OntopPro to query the test dataset,
without any imports. A mapping axiom was used to generate RDF triples, and one set of
RDF triples for each result row was returned by the source query. The triples were
created by replacing the place holders in the target with the values from the row. Each
mapping must also contain one or more mapping axioms. A mapping axiom is defined
with a source and a target, where the source is an arbitrary SQL query over the database
and the target is a triple template that contains placeholders that reference column

names mentioned in the source query.
In Figure 3.7, we defined the requirements for this example as follows:
o Example-1: Query for active Patients.
o Example-2: Query for all Patients with the T2DM Reason Item.

o Example-3: Use objects properties to join two tables using Patient UUID as a
unique identifier and identify active patients with T2DMRFV.

3.3.4.2.1 Step 1: Analysis of sources and targets
From DQO, we needed to map the following entities:

e Classes, i.e., Patient and Diagnosis.
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o Data properties, i.e., PatientID and Reasonltem.
e Object properties, i.e., hasT2DMRFV.

Analysing our database we find that the following tables can be used to create
mappings for these classes and properties: i.e.,, ePBRN_Active_Patient and
ePBRN_DIAGNOSIS. We can see that there is a one to one correspondence between
the entities stored in the tables and the classes we wanted to map. Likewise, the columns
Patient UUID from ePBRN_Active Patient table and REASON from
ePBRN_DIAGNOSIS can be used for the data properties. To create the Uniform
Recourse Identifiers (URIs) for those entities we could use Patient_UUID as a unique-

identifier for these tables.

3.3.4.2.2 Step 2: Mappings and queries

The tables were analysed using the following mappings:

o Example-1: Query for all active Patients.
Source:  SELECT Patient_ UUID FROM ePBRN_Active_Patients
Target: <patient/{Patient_UUID}> a :GPUactivePatients.

o Example-2: Query for all active Patients with the T2DM Reason Item.

Source: SELECT Patient_ UUID, REASON FROM ePBRN_DIAGNOSIS
WHERE (REASON = 'Diabetes Mellitus - NIDDM' OR REASON = 'Diabetes
Mellitus - Type II' OR REASON = 'Diabetes Mellitus Type 2' OR REASON =
'‘NIDDM' OR REASON = 'Diagnosis of Type 2 DM' OR REASON = 'Non-
insulin dependent diabetes mellitus' OR REASON = 'Diabetes Mellitus Type Il -
requiring insulin' OR REASON = 'NIDDM - requiring insulin’)

Target: <t2dmrfv/{Patient_UUID}> a :Type2DiabetesReasonForVisit;
‘Reasonltem {REASON}.

o Example-3: Use objects property to show how it joins two tables using
Patient_UUID as a unique identifier and identify active patients with
T2DMRFV.

Source: SELECT 'Patient_UUID' as pid, 'Patient_UUID' as t2dmrfv.
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FROM ePBRN_PATIENT_V1, ePBRN_DIAGNOSIS

WHERE ePBRN_PATIENT_V1.Patient_UUID =
ePBRN_DIAGNOSIS.Patient_ UUID

Target: <t2dmrfv/{Patient_UUID}> a :Type2DiabetesReasonForVisit ;
‘Reasonltem {REASON}.

Map the corresponding table e.g. “Diagnosis™
to the “Type2DiabetesReasonForVisit” class
and the relevant data property

 Creote || == Remove Copy ) Select o Select non
<patient/{Patient_UUID}> :hasDrug <diapefesni/({Patient_UUID}>

As: ef SELECT p Patient_UUID, a THERCL,
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Figure 3.7: Sample of mapping the Diagnosis table with the ontology approach

All mappings required for our criteria to identify T2DM patients were thus
complete. Indeed in our knowledgebase, the ABox, associated with instances of
ontology classes or properties, was populated through OntopPro. The TBox, related to
conceptual terminologies, was built using Protégé. Therefore, once mappings have been
created, we were able to use the plug-in to generate RDF triples and use them with
OntopPro to query the GPU dataset, without any imports.

Semantic queries were formulated in SPARQL according to requirements from
domain experts, and were run using QUEST, a query engine and ontology reasoner.
SPARQL used relevant objects, such as T2DM diagnosis, medications and pathology
test results, singly and in combination, to construct queries for the identification of
patients with T2DM. The sensitivity and specificity of the SPARQL query, and
therefore the implementation of the T2DM ontology, were measured (Rahimi, Liaw,
Taggart, Ray, & Yu, in-press). The SPARQL queries were validated using SQL over an
artificial dataset of 100 patients schematically similar to the ePBRN dataset.
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3.3.5 Validation

In this step, the quality of the DQO was assessed as to the correctness and
validity of the knowledge encoded in the ontology. The validation of the ontology
involves verifying whether the meaning of the concepts and their relationships faithfully
model the real world for which the ontology was created. This validation is essential to

ensure that the ontology based approach and the DQO developed is fit for purpose.

3.3.5.1 Task

The DQO was tested for its compliance to the requirements domain experts, DQ
attributes (3Cs), and accuracy in identifying patients with T2DM over a data set
extracted from the EHR of a small general practice participating in the ePBRN. The
methodology used was to compare the cases of T2DM identified by the DQO with the
saes identified by a manual audit of the EHR from which the data was extracted (GPU
dataset). We audited the EHR information of all 908 active patients (i.e. those who have
attended the practice at least 3 times in the past 2 years) using a specific template to
ensure that we understood all the reasons why the patient might or might not be a
T2DM patient. This accuracy the DQO methodology has been reported in another paper
(Rahimi, et al., in-press) The following section (outputs) uses information reported in
this paper to highlight the compliance of the technical components of the DQO
methodology to the requirements of the domain experts and DQ attributes.

3.3.5.2 Output

Explicit and unambiguous queries, using patterns, disjunctions and conjunctions,
were built in SPARQL to identify patients with T2DM. The constraints presented by
object properties in Protégé 4.3 were used to set up relationships between classes.
SPARQL was also used to apply data properties to assess DQ in the patient's attributes.
For example, constraints presented by data properties were used to capture: (a) the
correctness of valid clinical records in ePBRN (e.g., correct value for HbA1C is =>7%);
and (b) consistency of patients’ data (e.g., all T2DM patients with uniform, data type
and standard value of HbA1C).

Semantic queries in SPARQL were verified by clinicians in the research team
(JT, STL) to ensure that they complied with the requirements of the domain experts

previously consulted. The DQ requirements were also verified for its fit for

80



identification of T2DM. Once this was verified, and the queries were run through

QUEST, the query engine and OWL reasoner.

The query results met all our expectations regarding the identification of T2DM

patients and the assessment of the DQ of the data set (Rahimi et al., 2014, in press). For

example in Table 2 it can be seen how a semantically flexible approach uses different

object and data properties as well as relevant classes to combine different T2DM
attributes (RFV, Rx and Path) for the identification of T2DM patients. The first level of

completeness of patients’ DQ requirements can be achieved by carefully modeling

object properties.

Table 3.2: Part of a SPARQL query using 3 patients’ attributes to identify patients with

T2DM

Diabetes’ attributes

Sample of SPARQL query using combined patients’ attributes

T2DM RFV and Rx
and abnormal
pathology tests

SELECT DISTINCT ?pid WHERE {{?pid a :GPUactivePatients. ?pid
:hasT2DMRFV ?r. ?r :Reasonltem ?reason. FILTER(?reason = "Diabetes Mellitus -
Type " Mxsd:String || ?reason = "Diabetes Mellitus - NIDDM""xsd:String ||
?reason = "Diagnosis of Type 2 DM"Mxsd:String || ?reason = "Diabetes Mellitus
Type Il - requiring insulin"~xsd:String || ?reason = "Diabetes Mellitus - Type
I1"~xsd:String || ?reason = "Diabetes Mellitus Type 2" xsd:String || ?reason =
"NIDDM - requiring insulin"xsd:String || ?reason = "Non insulin dependent
diabetes mellitus"~"xsd:String || ?reason = "NIDDM""xsd:String || ?reason =
"Diabetes Mellitus - NIDDM""xsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasT2DMHistory ?h. ?h :Condition ?history.
FILTER(?history = "Diabetes Mellitus - NIDDM""xsd:String || ?history =
"Diabetes Mellitus - Type I1""xsd:String || ?history = "Non insulin dependent
diabetes mellitus"”xsd:String || ?history = "NIDDM""xsd:String || ?history =
"Diagnosis of Type 2 DM""xsd:String || ?history = "Diabetes Mellitus Type Il -
requiring insulin"~xsd:String || ?history = "Diabetes Mellitus Type 2"""xsd:String
|| ?history = "NIDDM - requiring insulin"xsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasDrug ?d. ?d :TherapyClass ?rx. FILTER(?rx =
"HDI""Mxsd:String || ?rx = "HDO"Mxsd:String || ?rx = "HDI"Mxsd:String || ?rx =
"ODB"Mxsd:String || ?rx = "HD"Mxsd:String || ?rx = "HDOA"Mxsd:String ||?rx =
"HDOD"Mxsd:String || ?rx = "ODU"Mxsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasRepeatDrug ?r. ?r :TherapyClass ?rerx.
FILTER(?rerx = "HDI"xsd:String || ?rerx = "HDO"Mxsd:String || ?rerx =
"HDI""Mxsd:String || ?rerx = "ODB"Mxsd:String || ?rerx = "HD"Mxsd:String ||
?rerx = "HDOA"Mxsd:String ||?rerx = "HDOD"Mxsd:String || ?rerx =
"ODU"Mxsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasT2DMPathologyTest ?p. ?p :TestName ?test.
?p :ResultTest ?result. FILTER(?test = "HbA1C" Mxsd:String && ?result >=
"6.5"Mxsd:Integer || ?test = "GLUCOSE PLASMA FASTING""xsd:String &&
?result >="7.0"Mxsd:Integer || ?test = "GLUCOSE Random""xsd:String &&
?result >="11.1""xsd:Integer || ?test = "Glucose Fasting"~xsd:String && ?result
>="7.0"Mxsd:Integer)}}
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Table 3.2 presents a part of the novel SPARQL query results for a different level
of identification of Type 2 diabetic patients. SPARQL queries only referred to classes,
object properties and data properties to combine main diabetes criteria for the
identification of diabetes semantically. The DQO-based query, partly shown in Table
3.2, identified 105 T2DM using T2DM RFVs, Rx and Path. The query was
implemented over the data set using SQL Server 2008 R2. The accuracy of the DQO-
based query, as compared to the manual validation as the benchmark, is summarized in
Table 3.3. The manual of the EHR that the T2DM RFV was scattered across a number
of tables (PAST_HISTORY_TABLE, DIAGNOSIS_Table) and in the progress notes as
text unstructured data. Where the RFV were recorded in a structured field, the semantic
SPARQL queries identified them accurately. This was similar for the other attributes
used to identify diabetes T2DM (using RX and Path).

The Sensitivity and Specificity of the DQO-based queries implemented in
SPARQL were calculated and compared with the accuracy of the manual audit. Patients
identified as T2DM by the DQO based query and manual audit are true positives (TP);
those identified by DQO based query as T2DM but not on manual audit are false
positives (FP); the reverse are false negatives (FN); and patients not identified as T2DM
by both DQO based query and manual audit are true negatives (TN). Sensitivity,
defined as TP/ (TP + FP) denotes the ability of the system to accurately identify all
those patients who are T2DM patients. Specificity, defined as TN/ (FN+TN) measures
the model's accuracy in identifying the proportion of all patients without T2DM who are
not included in the dataset. As Table 3.3 suggests, identification of T2DM using Path

data was not as accurate as that using RFV or Rx.

Table 3.3: Accuracy of the model developed (Rahimi, et al., in-press)

RFV

Medication

Pathology tests

All attributes

Sensitivity

100%

96.55%

15.6%

97.67%

98.97%

98.92%

99.18%

Specificity 99.88%

This reflects inaccurate Path data due to change in the units for reporting of
HbA1lc results. However, this level of inaccuracy was acceptable for our purpose as

confirmed by the very small relative deterioration of the accuracy (Sensitivity and
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Specificity were 97.67% and 99.18%, respectively) when calculated for the combination
of RFV, Rx and Path. The completeness and correctness of the RFV and Rx data
compensated for the poor completeness and correctness of the Path data in the DQO-
based approach. The manual EHR audit suggested that the accuracy of the algorithm
was determined by DQ issues such as unavailability of data due to non-documentation
or documented in the wrong place, problems with data extraction, encryption and data
management errors. The multi-attribute ontological approach to defining a T2DM case,
can compensate for poor DQ in one or more of the component attributes and therefore

not lose the overall accuracy.
3.4. Discussion

This paper presented a semantic knowledge management approach for
identifying T2DM and assessed its DQ using: (a) knowledge acquisition techniques to
derive diabetes management strategy from the results obtained in our literature review
and evidence-based resources; (b) a conceptualization process to develop a hierarchical
data model; (c) a knowledge model to transfer the conceptual model to the formal model
with the help of knowledge management tools; (d) knowledge representation techniques
to map the data set into the DQO, using OntoPro; and (e) manual validation to confirm

the accuracy of the DQO based approach.

The DQO based approach to identify T2DM patients can be modular and
generic, enabling the development of intelligent software agents (A. H. Ghapanchi &
Aurum, 2011; Amir Hossein Ghapanchi & Aurum, 2012) to act in various semantic
contexts to identify patients with a range of diseases (Mabotuwana & Warren, 2009),
support decision making in health care (Lezcano, Sicilia, & Rodriguez-Solano, 2011),
and conduct audit, evaluation and research on patients with other chronic diseases
(Pathak, Kiefer, Bielinski, & Chute, 2012a, 2012b; Pathak, Kiefer, & Chute, 2012).

3.4.1. Usefulness of the ontological based approach for DQ specification

As we presented in the Conceptualization and Semantic modeling section, the
ontology based model is particularly useful to enable quick development and testing so
that feedback can be cycled back into the development process. For example, the
ontology classes and data properties guide research team to ensure fields, records, tables

and relationships in the database are appropriately presented.
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The ontology-based approach can therefore access and manage the quality of
data in a way that is generalizable and reusable, to examine the issues and challenges in
data extraction, linkage and semantic interoperability (S. T. Liaw, et al., 2013; Rahimi,
etal., 2014).

The DQO based approach implemented here corroborates the belief that
ontological approaches have theoretical and practical advantages in developing
automated methods for identifying patients with chronic diseases, guiding clinical care,
and quality improvement and research (Buranarach, Chalortham, Chatvorawit, Thein, &
Supnithi, 2009; Chalortham, Buranarach, & Supnithi, 2009; Colombo et al., 2010;
Coltell et al., 2004).

3.4.2. Applicability of the ontology based approach for DQ specification

The suggested ontology based approach can accurately specify metadata for DQ
specification and assessment for particular clinical domains. In the semantic modeling
stage, it has been shown that DQ can be expressed by constraints and axioms to cope
with DQ specification. For example, as we demonstrated in the semantic modeling
section, class attributes (data properties) have been defined to capture correctness and
consistency of valid clinical records. The ePBRN team has created the rules for quality
metrics (3Cs), using Australian National T2DM diagnosis and management Guidelines
and SNOMED-CT-AU (S. Liaw, et al., 2011; Rahimi, et al., 2012; Yu, et al., 2013) to:

« Define data properties.

e Use uniform data types and formats (e.g., integer, string and real) for each

variable (for Internal Consistency).

o Define uniform data format for each concept (e.g., for Assessment sub-class,
hasHbALC is selected as the property of the class, decimal is selected as the type

and a value v where 3 <= v and v >= 20 is entered for Correctness)

o Select standard label for each entity (e.g., use type 2 diabetes mellitus instead

T2DM for External Consistency).

The knowledge management tools, such as Protégé, allows specifications of

properties of classes, such as disjoint, so that an individual (or object) cannot be an
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instance of more than one of the specified classes. This leads to more consistency and

correctness, as well as enable an assessment of data set completeness.

In addition to accuracy, a DQO based application to enable automated
assessment of patients’ data can also be flexible and applicable to other chronic diseases
such as COPD and other areas such as population health. Therefore, our model can
support other studies that it is applicable to information retrieval and analysis (Valencia-
Garcia, et al., 2008), intelligent data mining (seeking concepts and relationships) (Chen,
et al., 2007), discover new knowledge, and reuse knowledge for decision support
systems and patient decision aids (Abidi, 2011). Our approach fills current gap in the
application and applicability of ontological models to assess and manage quality of

information in EHRSs.
3.4.3. Evaluation of DQO methodology

Our methodology confirmed that the validation of an ontology should and can
be done through its use in a concrete application (e.g., the identification of T2DM)
(Kuziemsky & Lau, 2010; Rahimi, et al., in-press). The development and deployment of
ontologies must include evaluation metrics. Our previous literature reviews have shown
that the ontological approach to develop DQ is poorly validated (S. T. Liaw, et al.,
2013; Rahimi, et al., 2014) and identified the most common criteria to assess validity of
ontologies and data models are Flexibility, Reusability and Scalability (Rahimi, et al.,
2014).

The DQO based approach can add more axioms and constraints to the concepts
based on the specific purposes of DQ assessment and management. The ontology based
approach is more flexible than the non-ontological and non-semantic techniques for
solving semantic interoperability and technological issues derived from poor DQ
(Gangemi, Catenacci, Ciaramita, & Lehmann, 2006; Gilbert & Ddembe, 2008;
Pannarale et al., 2012). It also has the flexibility of being applicable to and therefore
reusable in other domains (Gilbert & Ddembe, 2008; Pinto, 2004).

As shown in the Knowledge Representation stage, the DQO approach mapped a
small part, a unique general practice with 908 active patients, from the larger ePBRN
data repository. This demonstrates the scalability of the ontology based approach (Cur
& #233, 2012).
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3.4.4. Comparison of DQO and non-ontological approaches in CDM

The proposed methodological approach particularly in the Conceptualization
and Semantic Modeling stages reveals that the ontology based approach contains more
explicit semantic information compared to non-semantic and non-ontological
approaches. Hence, for DQ specification, as opposed to non-ontological approaches, an
ontology is a formal, explicit specification of a shared conceptualization that provides a
vocabulary of terms, their meanings and relationships to be used in various application
contexts so that intelligent agents can act in spite of differences in terminology and their
meanings (Pinto, 2004). They enable the modeling of the domain and representation of
information requirements to specify the context in collaborative environments
(Ganguly, Ray, & Parameswaran, 2005). DQ models and ontologies are being
developed to enable the application of ontology-based tools for automated specification,
assessment and management of DQ (Ganguly, et al., 2005; Ying, et al., 2010).

3.5. Conclusion

The ontology-based approach to DQ assessment and management in the context
of type 2 diabetes mellitus identification has been examined. The traditional five stage
methodology - knowledge acquisition, conceptualization, semantic modeling,
knowledge representation, and validation was successfully used to develop the DQO.
This semantic mechanism to purposefully capture patient data from EHRs is flexible,
generalizable and potentially reusable in other domains. The accuracy was validated by
a manual audit of active patients from the EHR. This approach can address the
challenges in automated data extraction, linkage and assessment of the quality of

routinely collected data in EHRs.
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CHAPTER 4

VALIDATING AN ONTOLOGY-BASED ALGORITHM TO
IDENTIFY PATIENTS WITH TYPE 2 DIABETES MELLITUS IN
ELECTRONIC HEALTH RECORDS

Chapter 4 reports on the validation of the Diabetes Mellitus Ontology (DMO)
developed as described in Chapter 3 using real-world EHR data from the ePBRN in
South Western Sydney. The sensitivity and specificity (accuracy) of the algorithm to
identify patients with T2DM were benched-marked by a manual EHR audit. Accuracy
was determined using Reason for Visit (RFV), Medication (Rx) and Pathology (Path),

singly and in combination. The combination was based on the DMO.

Chapter 4 addresses the gap identified in Chapter 2: insufficient practical
research on the development and validation of ontology-based approaches in the
assessment and management of large patient datasets and insufficient studies on the
development and testing of information models based on clinical scenarios to

systematically test quality of data in chronic diseases.

The other issue is to examine if the ontology-based approach is semantically
flexible and modular to enable the development of intelligent software agents to act in
various semantic contexts to identify patients with T2DM, support decision making
about diabetes care, and conduct audit and evaluation research into diabetes. The paper
published for this chapter summarised the validation of the DMO against a manual audit
of EHRs.
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Abstract

Background: Improving healthcare for people with chronic conditions requires
clinical information systems that support integrated care and information exchange,
emphasising a semantic approach to support multiple and disparate Electronic Health
Records (EHRs). Using a literature review, the Australian National Guidelines for Type
2 Diabetes Mellitus (T2DM), SNOMED-CT-AU and input from health professionals,
we developed a Diabetes Mellitus Ontology (DMO) to diagnose and manage patients
with diabetes. This paper describes the manual validation of the DMO-based approach
using real-world EHR data from a general practice (n=908 active patients) participating

in the electronic Practice Based Research Network (ePBRN).

Method: The DMO-based algorithm to query, using Semantic Protocol and
RDF Query Language (SPARQL), the structured fields in the ePBRN data repository
was iteratively tested and refined. The accuracy of the final DMO-based algorithm was
validated with a manual audit of the general practice EHR. Contingency tables were
prepared and Sensitivity and Specificity (accuracy) of the algorithm to diagnose T2DM,
using the T2DM cases found by manual EHR audit as the gold standard. Accuracy was
determined with three attributes - Reason for Visit (RFV), Medication (Rx) and
Pathology (Path) — singly and in combination.

Results: The Sensitivity and Specificity of the algorithm were 100% and
99.88% with RFV; 96.55% and 98.97% with Rx; and 15.6% and 98.92% with Path.
This suggests that Rx and Path data were not as complete as the RFV for this general
practice, which kept its RFV information complete and current for diabetes. However,
the completeness is good enough for this purpose as confirmed by the very small
relative deterioration of the accuracy (Sensitivity and Specificity of 97.67% and
99.18%) when calculated for the combination of RFV, Rx and Path. The manual EHR
audit suggested that the accuracy of the algorithm was influenced by data quality such
as unavailable data due to non-documentation or documented in the wrong place or

progress notes, problems with data extraction, encryption and data management errors.

Conclusion: This DMO-based algorithm is sufficiently accurate to support a

semantic approach, using the RFV, Rx and Path to define patients with T2DM from
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EHR data. However, the accuracy can be compromised by incomplete or poor quality
data. The extent of compromise requires further study, using ontology-based and other

approaches.

Keywords: Ontology; SPARQL; Electronic Health Records; Diabetes Mellitus,
Type 2; Validation studies
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4.1 Introduction

The growing use of electronic health records (EHRs) raises issues of semantic
interoperability and the quality management/improvement of large datasets derived
from multiple EHRs. Improved data quality (DQ) in health organizations can improve
the quality of decisions in health care (Kerr, Norris, & Stockdale, 2007). It also can lead
to better policy that actually meet needs, strategies, evidence-based care and patient

outcomes in Chronic Disease Management (CDM) (Dixon, et al., 2011).

Ontologies have been proposed as a method to assure quality of information
through representing the meaning of a scientific domain and supporting the sharing of
domain knowledge between human and computer programs. In the biomedical
informatics literature, ontologies have been described as “collections of formal,
machine-process able and human interpretable representation of the entities, and the
relations among those entities, within a definition of the application domain” (Rubin, et
al., 2006), drawing on the general definition by Gruber: “an explicit, formal
specification of a shared conceptualization” (Gruber, 1995). Explicit concepts and the
relationships and constraints are clearly defined and understood by the user. A formal
ontology is computer-readable, allowing the computer to understand the relationships -

the ‘formal semantics’ - of the ontology.

Our previous realist systematic review of the domain highlighted that the major
categories of use of ontologies were in semantic data interoperability (Topalis et al.,
2011; Ying, et al., 2010); information retrieval, DQ management (Briggemann &
Grining, 2009), data collection, data sharing and data integration (Min, et al., 2009;
O'Donoghue, Herbert, O'Reilly, & Sammon, 2009) in clinical information systems
(CIS) for CDM; and regular validation of key data items in clinical data warehouses
(CDW) (Nimmagadda, et al., 2008; Perez-Rey, et al., 2006). This review also showed
that, while ontology-based approaches to chronic disease management, patient registers,
DQ management and semantic interoperability are increasing, they were not systematic
or comprehensive in the assessment of the quality of data in CDM (S. T. Liaw, et al.,
2013). This is compounded by a lack of studies that evaluated the efficacy of the
ontological approach or the relationship to DQ or improved integrated CDM (Rahimi, et
al., 2014).
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An ontological approach has theoretical and practical advantages in developing
automated methods to identify patients with chronic diseases to guide clinical care,
quality improvement and research (Lee, et al., 2009; Lezcano, et al., 2011). It may
provide the breadth and depth of knowledge required to usefully represent clinical data
and to develop type 2 diabetes mellitus (T2DM) registers semantically from EHRs. The
application would be flexible and modular, enabling the development of intelligent
software agents to act in various semantic contexts to identify patients with T2DM,
support decision making about diabetes care, conduct audit and evaluation research into
diabetes (Pathak, Kiefer, et al., 2012b; Perez-Rey, et al., 2006; Spasic & Ananiadou,
2005).

However, the automated identification of T2DM cases to create patient registers
is complex. Traditional data model building methods, using concept analysis
syntactically and grounded theory development, are not able to easily include the
assessment and management of quality of data and information to build credible clinical
knowledge (Pathak, Kiefer, & Chute, 2012). Ontology-based semantic methodologies,
formalised tools in computer science and engineering, can potentially provide the
technical solution to represent the required knowledge for effective chronic disease
management (CDM) in general practice and primary care. This will also support
medical research to assess and manage quality of clinical information (Cur, 2012),
leading to more accurate decisions (Kuziemsky & Lau, 2010; Lin, et al., 2011,
Mabotuwana & Warren, 2009).

Setting of study: The electronic Practice Based Research Network (ePBRN) in
south western Sydney uses GRHANITE™, a privacy-preserving data extraction,
aggregation, linkage and management tool, to establish a pseudonymised data
repository of multiple EHRs (S. Liaw, et al., 2011). The ePBRN developed and
implemented a T2DM identification algorithm, using SQL tools. The key assumption is
that the automated identification of T2DM patients is an application of semantic
retrieval, i.e. selection criteria are expressed as semantic queries, which are then
processed within an ontology to identify eligible patients and extract relevant data and
information from the EHR and/or data repository, and to infer implicit knowledge from

ontologies simultaneously.

98



In the ePBRN project, we defined the elements of DQ based on the literature and
for our purposes as follows:

Completeness: We defined two levels of completeness. The first was the
availability of at least one record the patient reason for visit (RFV), diabetes medication
(Rx), and specific diabetes pathology test (Path). The second level was the availability

of all information required to make a clinical decision.

Correctness: A valid and appropriate clinical record with correct unit of

measurements and within acceptable clinical range.

Consistency: Using a uniform data type, format and standard terminology (S.
Liaw, et al., 2011).

This paper is part of ongoing study to develop automated ontology-based
approaches to EHR data within CDM. It also implements the ontological query based
approach to patient registers, DQ management and semantic interoperability, using the
ePBRN “big data”. It aims to develop a Diabetes Mellitus Ontology (DMO), using
formal ontology development methodologies to define formal, machine-process-able
and human-interpretable representations of the concepts, and their relationships. A
unified context is specified to allow the software agent to act in spite of differences in
terminology and semantics from different EHRs, support reusability and integration of
data, thereby supporting the development of automated systems for data annotation,
extraction and linkage, information retrieval, DQ management and natural-language
processing (Rubin, et al., 2006). The model was developed through a literature review,
implementation of the 17th edition of the Australian National Guidelines for T2DM
("Diabetes Management in General Practice Guidelines for Type 2 Diabetes ", 2012);
and refined with input from participating health professionals. Consistency with

standard terminologies such as SNOMED-CT AU was requirement.

The DMO was subsequently implemented, using the Semantic Protocol and
RDF Query Language (SPARQL) to identify T2DM phenotypes in a EHR-derived
dataset. By incorporating defined semantic SPARQL queries, DMO was able to
generate logical inferences and control the inclusion/exclusion of relevant objects
(Perez-Rey, et al., 2006), such as the patient with a T2DM-specific RFV, Rx or
pathology test (Berg, 2003). The validation of the DMO-based algorithm included a
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comparison with a manual audit of the EHR from which the data was derived. This
study described the validation of the accuracy of an ontology-based semantic query to
identify cases of T2DM in a general practice EHR.

4.2 Methods

The following tasks were conducted to validate the DMO-based algorithm to
identify T2DM patients.

4.2.1 Establishing the Gold Standard with a manual audit

The gold standard for the general practice dataset was established with a manual
audit of the EHR of the smallest participating general practice in the ePBRN. This
contained 927 patients with at least 3 visits in a two years period (between 2010 and
2012). This is the definition of an “active patient” by the Royal Australian College of
General Practitioners (RACGP). Because the ePBRN dataset is pseudonymised by
GRHANITE™ prior to extraction, these 927 RACGP-active patients were re-identified
by a reverse process on the same computer in the participating general practice. Re-
identification enabled the researcher to manually audit patient records in the EHR, using
information in both structured (e.g., RFV, Rx and pathology test results) and text (e.g.,
family history, clinical notes and scanned paper copies of Path reports) fields to
categorize them as T2DM or other DM such as Type 1 DM (T1DM) or Gestational DM
(GDM) or not DM at all. A specific template (Figure 4.1) was used to ensure
comprehensiveness and consistency as well as systematic cross-checking by another
independent records auditor (JT). In addition, the manual audit of the EHR looked for
T2DM-related information such as Hemoglobin Alc (HbA1C), Fasting Blood Glucose
(FBG) and Random Blood Glucose (RBG), relevant referrals, and BMI to assist with

the T2DM categorization. The audit data were stored in an Excel spreadsheet.
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Issues, questions

DM Condition and - Family - P Referral and notes for
DM RFV DM Rx (oral + insulin) DM pathology History BMI =2 visits latbers review by ePBRN
Patient_UUID team
Pathology window Progress
iy | P | e | P | it [~ S g | | g | P | P | S
window 7 window
window | window window | M7 | WOALC [ FBG | REG | \fjon | results window | window | Coruments

Notes: * Enter the last (most recent) pathology result for HbAle, Random Blood Glucese and Fasting Blood Glucose and last (most recent) BMI result

Process of audit and data entry:
1. Past history window: look for all Diabetes terms and diagnoses
2. Progress Notes: only enter information not captured in the other columns for each atiribute.
o Look for all Diabetes terms
o Count number of visits with diabetes RFV: “+" if more than 2 visits
o Look for BMI results
o Look for insulin and diabetes related medications
o Look for any referrals to endocrinologist, diak educator, ophthalmologist, podiatrist, dietitian.
3. Medication window: look all Diabetes related Medications name
o Check if there is only insulin: {+" if insulin is the only Diabetes related medication
4. Pathology window: look for all Diabetes related Test results
o Check if pathology result is abnormal: *“+” if it is and include value
5. Demographics window: Look for Diabetes related text in FH box
6. Letters/documents window: Look for Diabetes referral e.g. Endocrinologist, diabetes educator, ¢
Overall research process:

hihalmol
'+

ogist, podiafrist, dietitian

Figure 4.1: Template to identify T2DM related information from the general practice
EHR

4.2.2 Mapping Data using OntopPro 1.8
The general practice dataset was mapped to a uniform representation, detecting

similar entities between the structured fields of general practice dataset and DMO
concepts. We also manipulated instances under relevant DMO classes using OntopPro
1.8 (http://ontop.inf.unibz.it/) and Quest 2.3.0 (Quest
(http://ontop.inf.unibz.it/?page_id=7) as plugins for ontology environment editor
Protégé 4.3 (http://protege.stanford.edu/). These tools were very useful to populate class

members, assign property values, and incorporate schematic data in the general practice
data set with semantic concepts in the DMO. This mapping stage also enabled the DMO
to be quickly tested iteratively to enable ongoing refinement of the DMO. For example,
the DMO classes and data/object properties guided the refinement of the structured

fields, records, tables and relationships in the general practice data set.

4.2.3 Semantic Query of Dataset
RFV, Rx and Path were used, singly and in combination, to formulate semantic

queries in SPARQL Protocol and RDF Query Language. The SPARQL query engine
(Quest) that comes with OntopPro, checked the queries against the knowledgebase to
retrieve matched patients using the following criteria: i) Diabetes RFV; ii) Diabetes RX;
iii) Diabetes Path; and iv) combination of RFV, Rx and Path. The knowledgebase,
associated with instances of DMO classes and properties, was populated through

OntopPro.
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4.2.4 Assessing the accuracy of the algorithm
The accuracy of the DMO-based SPARQL queries to identify T2DM in the

general practice dataset (=EHR) was compared with the accuracy of the manual audit
(gold standard), using the calculated Sensitivity and Specificity of both methods.
Sensitivity (Sn) and Specificity (Sp) are easy to understand concepts based on
contingency (2x2) tables (Figure 4.2). The true positives (TP) were patients with T2DM
attributes found with both manual audit and algorithm; false positives (FP) were
patients with T2DM attributes found with the algorithm but not the manual audit; false
negatives (FN) were patients with T2DM attributes found by the manual audit but not
the algorithm; and true negatives (TN) were patients without T2DM attributes in both
manual audit and algorithm. Sensitivity (TP/ (TP + FP)) is the ability of the algorithm to
accurately identify all T2DM patients and Specificity (TN/ (FN+TN)) is the ability to
accurately identify all patients without T2DM.

Manual check (+) | Manual check (-)
SPARQL queryresults T TP
usingRFV, R, Pathand
alld : FN i
Sensitivity for patient's attribut -ixmo Spedficity for patient's attributes = ! x 100
ensitivity for patient’s attri eS—TPH_P peariqty Ior patient's attrl I.IES—TN+FN

Figure 4.2: Comparing Manual and Automated identification of T2DM patients from
the general practice EHR

4.2.5 Examining reasons for false positives and false negatives
We analysed the database and interviewed relevant staff at the participating

general practice to understand the possible reasons for the discrepancy between the

manual audit and the DMO-based algorithm.

4.3 Results

4.3.1 Sample size: Data cleaning of the initial data extract from the general
practice (n=927) revealed that some patients were deceased, inactive or duplicated; 19
patients were excluded, leaving 908 patients in the final dataset for the study.

4.3.2 The DMO-based algorithm: The feedback from participating clinicians

suggests that the DMO s a realistic model of the real world of diabetes diagnosis and
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management. This underpinned the specific hierarchical conceptual modeling to
formalize the ontology. The formalized DMO consists of 68 concepts in 4 main classes
(Actor, Content, Mechanism and Impact) and 51 subclasses (Figure 4.3) with 8 object
properties and 15 data properties. Some of the concepts are map-able to the SNOMED-
CT-AU Ontology (SCAO).
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Figure 4.3: Diabetes Mellitus Ontology hierarchical conceptual model

To run the DMO-based algorithm over the general practice dataset, 11 mappings
were created, linking the relevant structured fields from 7 tables in dataset
(“Active_Patients”, “CONSULTATION”, “DIAGNOSIS”, “PRESCRIPTION”,
“HISTORY”, “PRESCRIPTION_ REPEAT” and “PATHOLOGY”) with the 4 classes
of the DMO (“GPUactivePatients”, “Diagnosis”, “Medication” and “PathologyTest”).
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As can be shown in Figure 4.4, we presented the requirements for mapping and
querying for all patients with the T2DM reason for visits (RFVs). We use
“hasT2DMRFV” as an object property to joint two tables using Patient UUID as a
unique identifier and relevant data properties to identify active patients with T2DMRFV
through semantic SPARQL queries automatically.

2| 6> | | © Onilogy1 301511057559 (845 i semsnicuen SHH08TSS v

Actie Ontohgy | Entes | Cosses | ObiectPropertes | DutaPrepertes | Annction Propetes | vidoss | OWLVZ | DL Ouery | OntoGrat | 030AQuery | OSDAMoéei | SPAROL Quety | Onokgy Dffereces |

 Class A \ beekcscled | e | Mazging Manager | SOL Query Inderace |
ool
AR

0 Nurse =
» O patient Select datasoerce:  |GRY v
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0 Advise [ <pabenti{Patient_UUAD}> :hasDrug <diabelesn/{Patient_UUID}> .
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Y ‘1”0[09"0"5 . ) FROM {dbo} [DB_Medical_Director_V'3_10_5_ePBRN_Active_Patients} p, (dbo) [DB_Medkal_Director_V3_10_5_ePBRN_PRESCRIPTION)a
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Figure 4.4: Sample of mapping the Diagnosis table with DMO

Table 4.1 shows the results of SPARQL queries for the 3 levels (RFV, Rx, Path)
used to identify T2DM patients. The SPARQL queries only used classes, object
properties and data properties to combine the main diabetes criteria for the identification
of diabetes semantically. At the first level (RFV), the algorithm found 25 patients; at the
second level (Rx), 32 patients were identified; and at the third level (abnormal Path:

HbA1c>=6.5, Fasting Glucose and Random Glucose>=7), 73 patients were identified.
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Table 4. 1: SPARQL queries for the research purpose

Diabetes
Identification level

SPARQL queries

Results

1. [ onlyT2DM
RFV

SELECT DISTINCT ?pid WHERE {{?pid a :GPUactivePatients. ?pid :hasT2DMRFV ?r. ?r
:Reasonltem ?reason. FILTER(?reason = "Diabetes Mellitus - Type II"A*xsd:String | |
?reason = "Diabetes Mellitus - NIDDM"~xsd:String | | ?reason = "Diagnosis of Type 2
DM"Axsd:String | | ?reason = "Diabetes Mellitus Type Il - requiring insulin"**xsd:String | |
?reason = "Diabetes Mellitus - Type 11"*xsd:String | | ?reason = "Diabetes Mellitus Type
2"AAxsd:String | | ?reason = "NIDDM - requiring insulin"A"xsd:String | | ?reason = "Non
insulin dependent diabetes mellitus"A*xsd:String | | ?reason = "NIDDM"*xsd:String | |
?reason = "Diabetes Mellitus - NIDDM"Axsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasT2DMHistory ?h. ?h :Condition ?history.
FILTER(?history = "Diabetes Mellitus - NIDDM"A*xsd:String | | ?history = "Diabetes
Mellitus - Type II"Mxsd:String | | ?history = "Non insulin dependent diabetes
mellitus"A*xsd:String | | ?history = "NIDDM"A*xsd:String | | ?history = "Diagnosis of Type
2 DM"Axsd:String | | ?history = "Diabetes Mellitus Type Il - requiring insulin"A*xsd:String
| | ?history = "Diabetes Mellitus Type 2"*"xsd:String | | ?history = "NIDDM - requiring
insulin"~xsd:String)}}

25

2. Only T2 DM
Rx

SELECT DISTINCT ?pid WHERE {{?pid a :GPUactivePatients. ?pid :hasDrug ?d. ?d
:TherapyClass ?rx. FILTER(?rx = "HDI"Axsd:String | | ?rx = "HDO"Axsd:String || ?rx =
"HDI"AMxsd:String | | ?rx = "ODB"Axsd:String | | ?rx = "HD"A?xsd:String || ?rx =
"HDOA"Axsd:String | | ?rx = "HDOD"Axsd:String | | ?rx = "ODU"Axsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid :hasRepeatDrug ?r. ?r :TherapyClass ?rerx. FILTER(?rerx =
"HDI"Axsd:String | | ?rerx = "HDO"Axsd:String | | Prerx = "HDI"Axsd:String | | ?rerx =
"ODB"Axsd:String | | Prerx = "HD"Axsd:String | | ?rerx = "HDOA"Axsd:String | | ?rerx =
"HDOD"Axsd:String | | ?rerx = "ODU"A7xsd:String)}}

32

3. Only
Abnormal
Pathology

SELECT DISTINCT ?pid WHERE {?pid a :GPUactivePatients. ?pid :hasT2DMPathologyTest
?p. ?p :TestName ?test. ?p :ResultTest ?result. FILTER(?test = "HbA1C"AMxsd:String &&
?result >="6.5"Axsd:Integer || ?test = "GLUCOSE PLASMA FASTING"Axsd:String &&
?result >="7.0"Axsd:Integer || ?test = "GLUCOSE Random"~/xsd:String && ?result >=
"11.1"Mxsd:Integer || ?test = "Glucose Fasting"Axsd:String && ?result >=
"7.0"Mxsd:Integer)}

73

In Figure 4.5, the results at the first level (RFV) shows how a flexible semantic

approach use the different object and data properties as well as the relevant classes like

“Diagnosis” and “History” to combine the main important attribute (T2DM RFV) to
identify 25 T2DM patients.
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‘ Query Editor

PREFIX quest <http://obda orgiquests>

PREFIX rdf. <hitp:/Aww.w3.0rg/1999/02/22-rdf-syntax-ns#>

PREFIX rdfs: <http:/www.w3.0rg/2000/01/rdf-schemat>

SELECT DISTINCT ?pid WHERE {{?pid a :GPUactivePatients. 7pid :hasT20MRFV 7r. 7r ‘Reasonitem ?reason. FILTER(?reason = *Diabetes Melltus -

Type Il - requiring insulin™*xsd:String || 7reason
"NIDDM - requiring Insulin"*xsd:String || ?reason =
"Diabetes Mellitus - NIDDM**xsd:String)} UNION

"Diabetes Mellitus - Type II™*xsd:String || ?history = "Non insulin dependent diabetes mellitus™*xsd:String || 2istory = "NIDDM™xsd.String || ?history =
"Diagnosis of Type 2 DM"™xsd:String || ?history = "Diabetes Mellitus Type Il - requiring insulin™*xsd:String’]| ?history = "Diabetes Mellitus Type

2"xsd:String || ?history = "NIDDM - requiring Insulin™*xsd.String)}} E
Execution tme: 0.205 sec - Number of rows retrieved. 25 \ Show: o‘@yﬁsmn 7] Atach prefces | & Exocute | i Save Changes

(s 10 il ol A s W

‘ 2 / |

|patent/07085988-DFED-4A90-8801.7OFEB4004C1S (¢]
|[patient/07C745A9-S3FBAEDI-BTCE-DS4CF 10A0BFF R |
patient/1 94 1EC79.4948.428A-94F6.EB1EIF02ATEA Y

O
patent/4 J69CCE4-A116-4842-AS0E-DI1EB4CI118F . o0
otenABAAASTS. 7704C0C-BFD0-BOSITSI04805 ( The T2DM patients have those RFV conditions

PUMTENCA BIAAS I | ScLONB00T._ h L based on the various categories of T2 DMRFVs J

®
| S I

pabentSBEF 1632-41084BAC-93EA-CE 1F625S0ABF ‘ : S
outenyB 1F 1485-10FE-4617.ABOE-FOFFTCCFS1AL from “History” and “Diagnosis” classes

patient/965F B533-8989-4235-8206-4C165CSFESD A £
patient9BAFTS91.DC 1F46FD-AD4S-25E460TEB9SF ¥ : %
patient7903F 48-0802-48F9-89F6-607A85003950 |
potentI00EFFFA-LATBABCE-9960- 260636024104~ 1

Hint: Try to continue scroling down the tabls to retrieve more resuts. \ @wuw...
Figure 4.5: Sample of SPARQL query to show a semantic way to implement RFV for the
identification of T2DM patients

Figure 4.6 shows how a semantic approach, combining different object and data
properties as well as relevant classes, combine all T2DM attributes (RFV, Rx and Path)
identified 105 T2DM patients.
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Query Editor

PREFIX quest: <hitp://obda org/quest#>

PREFIX rdf: <http./Mww.w3.0rg/1999/02/22-rdf-syntax-ns#>

PREFIX 101S: <htip/ww. w3 Org/20000/FAESCheMals . s s s ase e e S e S
" "SELECT DISTINCT 7pid WHERE {{?pid a :GPUactivePatients. ?pid :hasT2DMRFV ?r. 7r :Reasonltem ?reason. FILTER(?reason = “Diabetes Mellitus -
Type I"*xsd:String || ?reason = "Diabetes Meliitus - NIDDM*xsd:String || ?reason = "Diagnosis of Type 2 DM™*xsd:String || ?reason = "Diabetes Mellitus
Type Il - requiring Insulin"*xsd:String || ?reason = "Diabetes Mellitus - Type lI"*'xsd String || ?reason = "Diabetes Mellitus Type 2***xsd String || ?reason =
"NIDDM - requiring insulin"*xsd:String || ?reason = "Non insulin dependent diabetes mellitus™*xsd:String || ?reason = "NIDDM™"*xsd:String || ?reason =
“Diabetes Mellitus - NIDDM*"*xsd:String)}
UNION
{?pid a :GPUactivePatients. ?pid :hasT2DMHistory ?h. ?h :Condition ?history. FILTER(?history = "Diabetes Mellitus - NIDDM™xsd:String || ?history =
"Diabetes Meliitus - Type II"“xsd:String || ?history = "Non insulin dependent diabetes mellitus™*xsd:String || ?history = "NIDDM™*xsd:String || ?history =
“Diagnosis of Type 2 DM"*xsd:String || ?history = "Diabetes Mellitus Type Il - requiring insulin"*xsd:String || ?history = "Diabetes Mellitus Type
2""xsd:String || ?history = "NIDDM - requiring insulin**xsd:String)}
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{?pid a :GPUactivePatients. ?pid :hasDrug ?d. 7d ‘TherapyClass ?rx. FILTER(?rx = "HDI"**xsd:String || ?rx = "HDO™xsd:String || 2nx = "HDI"*xsd:String || 7rx
= "ODB"xsd:String || 7rx = "HD"™*xsd:String || ?rx = "HDOA™*xsd String [|?rx = "HDOD"™xsd.String || 2rx = "ODU"Mxsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid -hasRepeatDrug ?r. ?r :TherapyClass ?rerx. FILTER(?rerx = "HDI™*xsd:String || 7rerx = "HDO™xsd:String || 7rerx =
"HDI"*'xsd:String || ?rerx = "ODB"*xsd.String || 2rerx = "HD"xsd:String || 7rerx = "HDOA™*xsd:String ||?rerx = "HDOD™*xsd String || ?rerx =
“ODU™xsd:String)}

UNION

{?pid a :GPUactivePatients. ?pid -hasT2DMPathologyTest 7p. 7p ‘TestName 2test. 7p :ResultTest 2result. FILTER(?test = "HbA1C™*xsd:String && ?result
>= "6.5"Mxsd Integer || 2test = "GLUCOSE PLASMA FASTING™*xsd:String && ?result >= *7.0"xsd.Integer || Ztest = "GLUCOSE Random™*xsd:String &&
7result >= "11.1"xsd Integer || 2test = "Glucose Fasting™*xsd:String && ?result >= *7.0"*xsd Integer)}}

Execution time: 1,03 sec - Number of rows retrieved: 105 } \r Core part of the SPARQL query requirement to implement
= all three attributes to identify 105 T2DM patients

Figure 4.6: Sample of SPARQL queries to show a semantic way to implement 3 criteria
for the identification of T2DM

Table 4.2 shows the results of the SPARQL queries compared with those of the
manual audit of the EHR, (the gold standard), using the RFV, Rx and Path separately,
and then in combination. The accuracy using RFV was 100% sensitive and 99.88%
specific. This near-perfect accuracy is due to the fact that RFV data for this general
practice was kept complete and current for T2DM RFV as a quality improvement

activity.

Table 4.2: Sensitivity and Specificity of T2DM using RFV, Rx, Path and in combination

Manual validation Manual validation Manual validation Manual validation
(RFV) (Rx) (Path) (AIl)
T2DM Non- | Total | T2DM Non- | Total | T2DM Non- | Total | T2DM Non- | Total
RFV | T2DM Rx | T2DM Path | T2DM All | T2DM
RFV Rx Path All
T2DM 25 0 25 28 1 29 11 62 73 41 1 42
SPARQL
query Non- 1 882 883 9 870 879 9 826 835 7 859 866
result T2DM

Total 26 882 908 37 871 908 20 888 908 48 860 908
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Using RX, the algorithm was 96.55% sensitive and 98.97% specific. Using
T2DM Path, the sensitivity was only 15.6% sensitive and 98.92% specific. The
increased FP is due to a change in units for the HbAL1C test, which led to an increase in
the actual value of the HbA1C by about 10-fold. This revealed that the accuracy of the
algorithm was determined by DQ such as unavailable data due to non-documentation or
documented in the wrong place, and possibly incorrect ranges of pathology test results.
The recent change in standard units for HbA1C posed another problem as demonstrated
by Patient 3 in Table 4.3. However, the main reason for this poor quality of pathology
data lies in the fact that this general practice EHR does not electronically import the
majority of its pathology results because the pathology service it uses does not have the
facility to export pathology results electronically. Although unlikely, there may also be
a problem with data extraction. Table 4.3 demonstrates examples of patients where the
algorithm was not accurate.

Table 4.2 showed improved performance of the algorithm with the combination
of all three attributes for T2DM, compared with using each attribute separately. The
algorithm was 97.67% sensitive (41 true positives / (41 true positives + 1 false
positive)) and 99.18% specific (859 true negatives / (859 true negatives + 7 false
negatives)). Similar DQ reasons were elucidated for the FN and FP found (Table 4.2).
This improvement suggests that using more T2DM attributes in the semantic queries
may improve Sensitivity and Specificity, offsetting the effect of poor DQ. While
sensitivity and specificity are high, 25 out of 42 patients have a complete RFV record
(59.6%). Also, 884 out of 908 patients have a correct record (97.36%).

Further check of the data and interviews with practice staff suggested that the
accuracy of the algorithm was affected by the DQ such as unavailable data due to
problems with data extraction, encryption and data management errors as illustrated by
Patient 3 in Table 4.3. Table 4.3 shows selected examples of T2DM cases to
demonstrate the pattern of agreement/disagreement between the results of the manual

audit and algorithm.
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Table 4.3: Sample of T2DM cases to demonstrate concordance and discordance between results of manual audit and algorithm

Patient ID Manual Check / Structured Data Progress SPAE Status Reason for differences
RFV Medication HbAIc Glucose  Glucose Ot RQL
windows Fasting Random results

07C745A9-53FB- v - v v v v + TP  Data structured fields and
4ED3-B7C8- available to query
D54CF10A0BFF
52414785-715A-451C- - - - - - - - TN
917F-0289876312B2
EDB8CO08D-F3A1- - - - - - - + FP  Possible problems with data
43A9-B4EO- extraction, encryption,
4CBFDB1A3328 management
01710ED9-17B0-46F6- - - - - - v - FN  Data present only in progress
B91A-4C9D0OC35FC7A notes, which are not queried
OFCF364A-F1AT7- - - - - - v - FN  Possibly due to upgrade to
4CA2-97EF- MD3
EBD849B4438E
783082B3-F3E1-40EF- - v - - - v - FN  Poss problem with MD3
89E5-E8FDAC80D8F0 saving into script table
9699F98C-0964-4FF0- - - v - - v - FN  Data entry human error. Path

9532-87E68A63B6F7

results not imported
electronically
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Table 4.3 shows a sample of cases to demonstrate agreement/disagreement
between the manual audit and algorithm, along with possible reasons for the
disagreement. Specific examples include:

e Patient 4 had T2DM RFV in their Progress Notes as free text but did not
have any T2DM RFVs in the relevant structured fields or relevant tables.

e Patient 5 has T2DM and was prescribed Metformin back in 2008 as
noted in the manual audit; however, the algorithm did not pick up the medication,
possibly because it was inaccurately migrated, if at all, after a major software
upgrade after the prescription of Metformin and before the data extraction from the
EHR.

e Patient 6 has Diaformin visible in the Medication window and Progress
Notes in the EHRs, but was not found in the extracted data set. This is possibly due
to a problem with the data extraction and/or with the EHR not saving the
prescription into the Script_table.

e Patient 7 has an abnormal HbA1C pathology test in the “Pathology tests”
window, but did not have any T2DM-related tests in the general practice dataset.

This study re-affirms the fact that the documenting of clinical data as text in
clinical notes remains a major reason for non-accessible data in EHRs. However, the
problem appears to be decreasing across the ePBRN, particularly with eHealth literate
general practices like this study practice; clinicians in this practice tend to document the
data in both structured and text/narrative fields.

4. Discussion

This study demonstrated the relationship between DQ, as measured by metrics,
and fitness for purpose, in this case, finding cases of T2DM in the EHR. Table 4.2
showed that manual validation of the algorithmic queries on the general practice dataset
demonstrated nearly 100% accuracy with the use of RFV, slightly less so with Rx and
worst with Pathology tests. This confirmed that the accuracy of the identification of
T2DM cases in a general practice EHRs is influenced by the completeness of the
dataset. This general practice was diligent with its documentation of RFVs for T2DM as
part of a quality improvement exercise. However, the Pathology component of the data
set was incomplete from not importing pathology results electronically and directly into
the EHRs to any significant degree because the general practice’s main pathology
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provider did not have the facility to export their reports electronically (Table 4.2). In
addition to completeness, the correctness of the data was influenced by the change of
units for HbAlc from % to Sl units. Thus numerous false positives were identified by
the algorithm, leading to reduced accuracy when using Path. Similarly, the accuracy
with using Rx was influenced more by correctness as opposed to completeness as
indicated by the increased numbers of false positives and false negative. However the
effect on accuracy was not as pronounced as with pathology where the completeness
was also not good enough.

Table 4.2 demonstrates that the accuracy was acceptable when all three
attributes (RFV, RX and Path) were used as guided by the ontological definition of the
patient with T2DM as someone with a relevant reason for visit (RFV), is prescribed a
relevant medication (Rx) and has a relevant and correct pathology test (Path). It
highlights that the ‘fitness for purpose’ definition is more than just the DQ metrics of
each attribute. In this case, the ontology-based query to identify patients with T2DM
was fit for purpose even when the completeness and correctness of pathology data, and
to a certain extent prescribing data, did not appear to be acceptable. This finding
confirms previous research that demonstrated the role of ontology-based approaches to
assess DQ based on ‘fitness for purpose’ in the health context (Rahimi, et al., 2014).

The DMO included other concepts related to T2DM such as Referrals to a
T2DM related service and risk factors such as BMI (obesity), Family history of T2DM
and ethnicity. Applying a more complex ontology to identify diabetes (Chalortham, et
al., 2009) may increase the accuracy of this semantic approach (McGarry, Garfield, &
Wermter, 2007). The more important aspect of the ontological approach as used in this
study is that we identified actual and possible cases of diabetes such as pre-diabetes or a
tendency to diabetes. Clinicians can then target this vulnerable group with efforts to
prevent diabetes (Buranarach, et al., 2009).The program can be run regularly to detect
this cohort of patients predisposed to T2DM and how effective the preventive activities
have been. Technically, this also demonstrates the flexibility of the ontological
approach to model the real world of clinical practice where the patient is usually
someone who requires multidisciplinary integrated care for multiple health issues (Cur,
2012).

We highlighted some of the detailed reasons why a T2DM patient may not be
identified or, more rarely, why a patient without T2DM is identified as T2DM. Reasons

include human errors in data entry; organizational problems like coping with changes in
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units of measurements such as HbALC; system idiosyncrasies like not importing
pathology tests and results, or poorly designed system upgrades that loses data;
technical problems with data management, and, potentially, technical problems at the
data repository level (Poulsen et al., 2010; Valle et al., 2006). This study also confirmed
that the documenting of clinical data as text in clinical notes remains a major reason for
non-accessible data in EHRs. Incomplete data can occur due to non-documentation,
documentation in the wrong place in the EHRs, and problems with data extraction and
encryption for some factors (e.g., HbALC results). This study has updated previous
work and added new knowledge to explain non-identification of cases from EHRs
(Armstrong, Lavery, Vela, Quebedeaux, & Fleischli, 1998).

The literature review for this study demonstrated a lack of valid and reliable DQ
assurance activities (Rahimi, et al., 2014) to ensure fitness for a range of uses by
consumers, patients, health providers and professionals. Scaling up from this study, the
building of robust ontologies for DQ in health can automate purposeful extraction of
data from EHRs into clinical data warehouses; assessment and management of the
quality of data so that they are fit for purposes such as research, quality improvement
and health information exchange and sharing; management of controlled vocabularies
and optimizing semantic interoperability; curation of data for relevant use by human
users and applications such as electronic decision support systems; mining of data to
discover relationships between the concepts; discovery of new knowledge; and reuse of
knowledge in the management of chronic diseases (Abidi, 2011; Buranarach, et al.,
2009; Gedzelman et al., 2005; Gupta, Ludascher, Grethe, & Martone, 2003; Jara, Blaya,
Zamora, Skarmeta, & leee, 2009). We can also scale across to other domains such as
other chronic diseases to examine the generalizability and flexibility of this method.
This ontology-based experiment shows that it is possible to automate the interpretation
process and build a reusable conceptual infrastructure over various databases to cope
with other research purposes. This approach is interoperable with applications of
ontologies and the real-world databases as well as a reasoning-based query solution to

identify patients with chronic disease from EHRs.

This work is in progress with our primary and integrated care “big data”
repository of more than 100,000 patients (S. Liaw, et al., 2011) from general practices
and hospital based services. We are developing automated approaches to support

semantic reasoning with clinical data from EHRs; assessment and management of the
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quality of clinical data such as reason for visit, chronic conditions, pathology tests and
prescriptions; and representation of the meaning of the data and knowledge as they
interpreted by clinicians (S. Liaw, et al., 2011). This will address the gap identified in
the literature: insufficient practical research on the development and validation of
ontology approaches in clinical scenarios for the assessment and management of large
patients’ datasets (S. T. Liaw, et al., 2013) and insufficient studies on the development
and testing of information models based on clinical scenarios on systematically test
quality of information in chronic diseases (Rahimi, et al., 2014).

The ontology-based query to identify T2DM patients is modular, enabling the
development of intelligent software agents to act in various semantic contexts and
identify patients with other chronic diseases, support decision making about health care,
conduct audit and evaluate research (S. Liaw, et al., 2011). This formal ontology based
approach also guide the development of an application to enable automated assessment
of the quality of data of patients with other chronic diseases such as COPD or
hypertension and identify these patients at various levels of clinical course of the
disease to guide clinical care, quality improvement and research (Buranarach, et al.,
2009; Chalortham, et al., 2009; Colombo, et al., 2010; Coltell, et al., 2004). This
experiment has reinforced the significant theoretical advantages of the ontological
approach to guide and support the development of automated methods to manage “big
data” routinely collected in EHRs cost-effectively (S. T. Liaw, et al., 2013; Rahimi, et
al., 2014; Taggart et al., 2012).

5. Limitations of the research

This ontology based approach was tested in a relatively small general practice in
a very specific domain area. While it enabled manual validation to confirm the accuracy
of the ontology-based approach, the generalisabiltiy may be limited. The data had a
range of quality issues from a range of reasons, but they were not significant problems.
Rather it highlighted the effect of completeness and correctness of data on the accuracy,
or fitness for purpose, of the approach used. Other sociotechnical sources of data errors
such as problems with data extraction, encryption and management are difficult to
isolate and assess. We also did not allow for the possibility that some cases of T2DM
are either undetected because of reasons other than poor DQ, such as the patient data

being recorded outside the time frame established for this study or are cared for entirely
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in specialty settings with no records of T2DM captured within this dataset. However,
the relevance of all these issues are being clarified as part of our ongoing research

program (S. Liaw, et al., 2011).

6. Conclusion

This study validated an automated ontology-based semantic query of routinely
collected data from EHRSs to identify and assess patients with T2DM. The accuracy was
established and a direct relationship to DQ metrics demonstrated. The ontology-based
approach reduced the impact of the incompleteness of the data set. However, more
subtle questions about the impact of quality of patients’ data on the accuracy measures
remain and needs further research. Fitness for purpose includes DQ but may not require
perfect DQ metrics if an ontology-based multi-attribute approach is adopted. The
ontology to assess and manage DQ could be extended to include the sources of errors,
both human and technical, at all points in the data cycle. Further research is needed to

examine the application of this method in other technical, health and social domains.
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Summary table

What was already known on the topic?

What this study added to our

knowledge?

e Lack of valid DQ assurance
activities to ensure fitness for a range
of uses

e Ontology can automate purposeful
extraction of data from EHRs so that
they are fit for purpose

e Lack of validation studies for
semantic approaches to DQ in CDM

e The ontological approach is
sufficiently accurate to define patients
with T2DM from EHRs

e Routinely collected data raises
issues of poor DQ that can affect
accuracy of data models

e Accuracy of case finding is
affected by incomplete DQ but an
ontological approach can offset this
problem

e The challenges to evaluation of
ontologies include methodological
immaturity, an immature knowledge
base, and a lack of tools to support
ontological approaches

e An ontological approach has
practical advantages in developing
reusable and flexible tools to access
and assess DQ in the large datasets
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CHAPTER 5

DISCUSSION

5.1 Methodology to Develop an Ontology

This research started with a motivation to develop a methodology that would
enable better utilisation of routinely collected data that had quality problems. We
carried out a systematic survey of the literature that demonstrated two significant
findings. Firstly, there is a growing research and development in ontology-based
approaches to assess and manage DQ within a CDM context across various functions in
health and biomedical informatics areas to support the semantic interoperability,
flexibility and quality of decision support systems for diagnosis and management.

Secondly, “fitness for use” could be the better approach to specify and assess DQ.

Most Australian CISs have functionalities to manage the quality of patients’
registers. An important differentiation between the approach described herein and
typical managing capabilities is to include attributes to identify diabetes, a key
component of diabetes management based on Australian Diabetes Guidelines (2013 ed).
By comparison, in British CISs, the United Kingdom Quality and Outcomes Framework
(QOF) aims to improve UK general practice by encouraging GPs to use evidence-based
interventions, particularly in the management of chronic diseases (such as diabetes)
(Quality and Outcomes Framework guidance for GMS Contract 2008/09: delivering
investment in general practice, 2008). The QOF relates specifically to documenting and
reporting quality of patients’ registers developed from general practice EHRs; it
includes many elements related to CDM generally and diabetes management

specifically.

The QOF consists of many quality indicators across five general areas: clinical,
patient experience, organisational, additional services and holistic care. The clinical
domain includes attributes for chronic conditions, including diabetes. Linking the QOF
directly to GP systems and clinical outcomes has had mixed reviews, with some
reporting improvement in certain conditions (Campbell et al., 2007; Steel, Maisey,

Clark, Fleetcroft, & Howe, 2007) while others reported more skeptical attitudes
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(O’Dowd, 2008; Heath, Hippisley-Cox, & Smeeth, 2007; Fleetcroft & Cookson, 2006).
Despite these varied findings, introduction of the QOF was associated with marked
improvements in the management of diabetes in primary care in the UK (Millett et al.,
2007).

We believe it is important to give individual authorities the ability to create their
own regional/local level indicators. For example, the Aboriginal and Torres Strait
Islander populations in Australia have inherently higher diabetes risk, all other factors
being equal, than their European counterparts (Australian Government, 2013); thus,
defining correct range for ‘HbA1C’ based on the Australian National Guidelines for
T2DM, is more appropriate than using only the “HbA1C=<7%" as used in the DM12
indicator of the QOF. We expect our approach to be used for similar purposes as the
QOF, but with somewhat different details depending on the context. A key strength of
our approach is its modularity and extensibility — the relevant components of the unified
ontology can be easily extended to include other contexts and clinical concepts, as well
as extend current query capabilities. For example, UMLS and MeSH could be included,
over and above the SNOMED-CT-AU currently being used in Australia.

The literature survey (Chapter 2) revealed that medical informatics has suffered
from a lack of a comprehensive approach to develop a semantic model for the
assessment and management of quality of patient data. Chapter 2 also assessed the
importance of the methodology for the ontology-based approaches and demonstrated its
significance in the use of ontology-based approaches for DQ based on the ‘fitness for

purpose’ of EHR data (page 30, paragraph 2).

Chapter 2 also highlighted gaps in the methodological approaches to develop
ontologies. The first important gap is that the specification of DQ for implementation is
incomplete and there is no comprehensive methodological approach for this purpose
(Rahimi, et al., 2014). Only a few papers used DQ with the definition of “fitness for
purpose” and examined ontology-based approaches to support DQ. No data was found
on the basic research into the association between methodologies to develop ontology-
based models for DQ and ‘fitness for purpose’ in various contexts, specifically CDM

(page 45, paragraph 2).

Hence, we designed the methodology MDQO (Chapter 3) that helped develop

an ontology-based approach for metadata for DQ specification and assessment based on
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the context of the domain (page 60, paragraph 1). In MDQO, DQ can be expressed by
constraints and axioms (presented by object and data properties) for DQ specification.
For example, specific range, format and value of HbAlc value (as a data property) were
defined to capture correctness and consistency of patients’ data for all instances
allocated in the HbA1C class. Also, Protégé as a knowledge management tool allows
specifications of properties of classes, such as disjoint, so that an individual (or object)
cannot be an instance of more than one of the specified classes (Appendix 2, page 144).
The ontology classes and data properties guide research teams to ensure that fields,
records, tables and relationships in the database are appropriately presented (Appendix
4, page 156). MDQO can also enable the development of intelligent software agents to
act in various semantic contexts to identify patients with a range of diseases, support
decision making in health care, and conduct audit, evaluation and research on patients

with other chronic diseases.

We validated the MDQO through the DMO to corroborate the belief that an
ontology-based model would have theoretical and practical advantages in developing
automated methods for identifying patients with chronic diseases. For example, the
conceptualisation and semantic modelling stages of this approach showed that the
ontology-based model is particularly useful to enable quick development and testing,
because feedback can be cycled back into the development process. Also, the results of
Chapters 2 (page 40, paragraph 1), 3 (page 76, paragraph 3) and 4 (page 105, paragraph
2) reveal that the ontology-based approach can access and manage the DQ in a way that
is generalisable and reusable, to examine the issues and challenges in data extraction,

linkage and semantic interoperability in other domains (Appendix 1, page 137).

Although our ontology-based approach focused on identifying T2DM and the
assessment of the quality of T2DM registers, we believe the principles underlying our
work are generalisable to other domains and application ontologies. Because our
approach is interoperable with applications of ontologies and the real-world databases
as well as a reasoning-based query solution to identify various patients with other
chronic disease from EHRs, our methodology also can provide a basis for creating or

enhancing application ontologies.

Chapter 3 showed that the significant strength of this methodology is to assess

DQ wusing the three core dimensions of DQ - completeness, correctness and
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consistency - but also to potentially add other dimensions of DQ, such as timeliness, to
better assess the quality of patients’ data (page 80, paragraph 4).

The interaction of DQ and patient safety has been explored substantially. For
example, there are similarities between the categories of factors on quality of incident
reporting described by Magrabi and colleagues (2010) and the factors influencing the
correctness and completeness of patient registers described in Chapter 4. Magrabi et al.
(2010) aimed to identify categories in a classification of IT problems that will provide a
clinically useful, comprehensive means of eliciting information about, and collating and
classifying computer-related patient safety incident reports (Magrabi, Ong, Runciman,
& Coiera, 2010). They found common human errors - such as knowledge deficit,
erroneous computer data entry, use of ambiguous abbreviations, and faulty dose
calculations - to be leading causes of incidents.

Other contributing factors were inexperienced staff, heavy workloads and
computer system failure. These findings are consistent with the correctness and
consistency dimensions of DQ described in this thesis. Both are focused on the safe
entry and retrieval of clinical information and the support of users to detect and correct
errors and malfunctions. These findings corroborated the manual EHR audit described
in Chapter 4 that showed the accuracy of the T2DM identification algorithm was
influenced by DQ, such as incorrect data due to mistaken units of measurement, and
unavailable data such as non-documentation, incorrect documentation, data extraction

problems, encryption and data management errors.

Although the methodology to develop ontology was a useful approach for
identifying T2DM patients, there were some limitations associated with its use in this
project and the framework should be further investigated. One limitation is that we only
focused on T2DM in the knowledge acquisition stage. Further, in the conceptualisation
stage we only focused on the three knowledge acquisition resources (ePBRN dataset,
literature review and general practitioner and nurse meeting) because of time
limitations. These resources may not be comprehensive and could be complemented by

other resources, such as specialists, patients and clinical data managers.

In the knowledge representation stage, we used only two ontology reasoners to
check internal consistency of the model - RacerPro and Pellet - that both support

SPARQL queries. RacerPro allowed us to check the model for inconsistent
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(unsatisfiable) concepts and Pellet justified any inference that it can compute. However,
other reasoners, like Fact++, may perform those acts faster than others (Dentler, Cornet,
Teije, & de Keizer, 2011). Also, in the validation stage, some SWRL rules could be
helpful to support SPARQL queries to show accuracy of the result of the ontology-
based model in the identification of T2DM patients. Our approach was not able to show
the differences when comparing such an ontological approach with other non-semantic
techniques. The functionality of this methodology could be enhanced by creating new

ontology-based models and improving the semantic rules to deal with DQ issues.

Even though our methodological approach has been fully implemented and
integrated within a specific context, further empirical studies are necessary to validate
its applicability in different domains. Finally, we note that these kinds of improvements
to the methodology are important for the evolution of a model engineered to cope with
the implementation of such an approach in the practical world, thus fostering a new

generation of methods, tools and strategies to assess DQ.

The MDQO represents a methodology for data quality ontology and produced a
semantic knowledge management approach to identify T2DM and assess the accuracy
of ontology. In contrast, Kuziemsky and Lau (2010) only applied a four-stage
methodological approach to capture user knowledge in severe pain management, and
used that knowledge to design an ontology without focusing on DQ (Kuziemsky & Lau,
2010). The MDQO was developed based on the observation of an advanced medical
practice’s need to incorporate DQ from EHRs into practice, coupled with recognition of
a dearth of a specific methodology to develop an ontology-based approach in CDM.
The methodology was designed to develop an ontology-based approach in artefacts
result, in this case the DMO. However, Kuziemsky and Lau (2010) used the ontology
and problem-solving approaches to design and implement a CIS that tested favourably

in usability testing.

Our approach can extend existing broader ontologies in biomedicine and
bioinformatics by providing an empirical basis to expand concepts and their relations in
the context of CDM, specifically in diabetes management. For example, several specific
medical ontologies exist: SNOMED CT (Stearns, Price, Spackman, & Wang, 2001),
while nominally a terminology system, has been examined critically as an ontology; and
the Gene Ontology (GO) (Harris et al., 2004; Smith, Williams, & Schulze-Kremer,
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2003) has become the standard terminology for describing the function of genes and
gene products across species. However, those kind of high-level ontologies are intended
for use across biomedical domains. Our approach and methodology contributes to the
development and support of ontology-based clinical and health service conceptual

frameworks in the future.

The experiences associated with developing, validating and using the artefacts of
an ontology-based approach add to the body of knowledge about the methodology to
develop ontology in health and medical informatics. The project was also fuelled by
curiosity about the phenomenon of an ontology-based approach, specifically how it
develops DQ and how it could be validated. For instance, the process of mapping and
querying in the knowledge representation stage differed from the more familiar
ontology-based approach to map and query patients’ information using OntopPro 1.8 as
a plugin for Protégé. The goal of applying this open source model is to recognise and
use the new tools for mapping, querying and inferring of patients’ data at the same time

in the unique semantic environment of Protégé.

5.2 Validation of the MDQO

The MDQO was validated for a major case of CDM (T2DM) using the clinical
data of the ePBRN. The validation involved two stages: 1) the construction of a DMO
using MDQO, and 2) the validation of the DMO with regard to ePBRN data for T2DM.
The main significant finding of the DMO validation presented in Chapter 4 was that this
approach is able to automate the assessment of patients’ data using a formulised model
(presented in Chapter 3) with axioms and constraints to the concepts based on the

specific purposes of DQ assessment and management (page 98, paragraph 1).

The ability to extend the DMO by adding new types of patient attributes also
enables the ontology to query and maintain relevance if diversity in patient data
continues to increase. Furthermore, the ability to add new types of patient attributes to
the ontology may enable it to be used to identify various types of diabetes as well as
other chronic diseases. Therefore, this formal ontology-based approach guides the
development of an application to enable automated assessment of DQ for patients
(Appendix 4, page 155) with other chronic diseases, such as COPD or hypertension and
identify these patients at various levels of clinical course of the disease, quality

improvement and research.
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The findings of Chapter 4 are important because the validation of DMO results
particularly reveals that the ontology-based approach can contain more explicit semantic
information compared with non-semantic and non-ontological approaches. Ontologies
enable the modelling of the domain and representation of information requirements to
specify the context in collaborative environments (Appendix 1, page 136). Also, the
ontology-based approach mapped only a small part - a unique general practice with 908
active patients - from the larger data repository (i.e., ePBRN). This verified the

scalability of the ontology-based approach.

Furthermore, the DMO validation results confirmed the significant theoretical
advantages of the ontology query-based approach to support the development of
automated methods to manage “big data” routinely collected in EHRs (page 107,
paragraph 2). The DMO helped with: the testing of automated approaches to support
semantic reasoning with clinical data from EHRs (Appendix 4, page 156); assessment
and management of the quality of clinical data such as reason for visit, chronic
conditions, pathology tests and prescriptions; and representation of the meaning of the
data and knowledge (S. Liaw, et al., 2011; S. T. Liaw, et al., 2013; Rahimi, et al., 2014;
Taggart, et al., 2012).

The validation of the DMO as an ontology-based query approach presented in
Chapter 4 (page 92, paragraph 2) was a useful automated semantic technique for
identifying patients with T2DM and the quality of their registers. This was because
SPARQL queries automatically infer medical relationships (based on the defined object
and data properties) and quality of the registers (completeness and correctness), vital
steps for representing this logical knowledge in a computable format and developing a

formalised diabetes knowledge base (Appendix 4, page 157).
5.2.1 Strengths and weaknesses of the semantic queries

The result of the validation of DMO demonstrated in Chapter 4 showed that the
ontology-based query approach can play a major role in the specification of ‘fitness for
purpose’ because the DMO could express DQ. The manual validation of the model
using RFV, Rx and Path revealed that the DMO could accurately recognise T2DM
cases in a general practice EHR (page 100, paragraph 2). Accuracy of the identification
of T2DM patients is nearly 100% when we combined all patient attributes by queries.

Also this revealed that accuracy of the patients’ identification from EHRs can be
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impacted by poor DQ, specifically incomplete data. The validation of DMO partially
substantiated that completeness and correctness of patient data for some attributes are
poor (e.g., incorrect HbAL1C ranges cited percentages versus Sl units, as well as

incomplete or non-documented pathology test results).

Also, it has been demonstrated that there are some specific reasons why a patient
may not be identified using this model; these included human errors in data entry;
organisational problems like coping with changes in units of measurements for HbA1C;
system idiosyncrasies like not importing pathology tests and results, or poorly designed
system upgrades that lose data; technical problems with data management; and,
potentially, technical problems at the data repository level. However, the validation of
DMO demonstrated how correct and complete data in patient attributes lead to high
sensitivity and specificity of the model and it is fit for patient identification.

Also, queries presented in the validation of DMO can include other concepts and
properties related to patients with T2DM, such as Referrals to a T2DM-related service,
and risk factors such as BMI (obesity), family history of T2DM and ethnicity, for our
purpose. Using more complex ontology queries to identify diabetes can elevate the
accuracy of this semantic query approach. Hence, it could conceivably be hypothesised
that the ontological approach can be accurate and flexible to model the real world of
clinical practice where the patient is usually someone who requires multidisciplinary

integrated care for multiple health issues.

However, despite the validation of DMO showing an accurate ontology-based
approach to identify patients, there were some weaknesses with its application. One
limitation was some technical errors, such as problems with data extraction, encryption
and management, which are difficult to isolate and unavoidable. Hence, they can effect
execution of semantic queries and rules to facilitate inference of knowledge. The
validation of the DMO query approach was tested in a relatively small general practice
in a very specific domain area. While it enabled manual validation to confirm the
accuracy of the ontology-based query approach, the generalisability may be limited. The
patients’ data also had a range of quality issues due to a range of reasons, but they were
not significant problems in the validation of DMO. Rather these issues highlighted the
effect of completeness and correctness of data on the accuracy, or ‘fitness for purpose’,

of this query approach. Other sociotechnical sources of data errors - such as problems
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with data extraction, encryption and management - are difficult to isolate and assess.
This study has corroborated previous work and added new knowledge to explain non-

identification of cases from EHRs (Armstrong, et al., 1998).
5.2.2 Contribution of validation to the knowledge base

Chapter 2 presented the gaps in the validation of ontology-based approaches in
the current literature. The valuable result of the review demonstrated that there is
insufficient research to address ontology evaluation metrics comprehensively (page 43,
paragraph 1). The development and deployment of ontology validation techniques must
include evaluation metrics. The review also has shown that the ontological approach to
develop DQ is poorly validated (S. T. Liaw, et al., 2013; Rahimi, et al., 2014). The
review in Chapter 2 found the most common criteria to assess the validity of ontologies
and data models are flexibility, reusability and scalability versus non-ontology-based
models for big data (Appendix 4, page 158). Also, there were a small number of
evaluative studies on the cost-effectiveness of ontological approaches in DQ and quality
of care (Rahimi, et al., 2014).

The approach presented in Chapter 4 fills the current gap in the application and
validation of ontological models to assess and manage quality of information in EHRs.
The validation results (Chapter 4, page 104, paragraph 3) highlight that the model is
accurate when all three attributes (RFV, Rx and Path) are used by the ontological
definition of the patient with T2DM as someone with a relevant reason for visit (RFV),
is prescribed a relevant medication (Rx) and has a relevant and correct pathology test
(Path). It addresses that the “fitness for purpose’ definition is more than just the DQ
metrics of each attribute (Appendix 1, page 132). In this case, the ontology-based query
to identify patients with T2DM was fit for purpose even when the completeness and
correctness of pathology data, and to a certain extent prescribing data, was not perfect.
This finding confirms previous research that demonstrated the role of ontology-based
approaches to assess DQ based on ‘fitness for purpose’ in the health context (Rahimi, et
al., 2014).

Importantly, the validation part of this research in Chapter 4 demonstrated that
the model can address the lack of valid and reliable DQ assurance to ensure fitness for a
range of uses by health providers and professionals (page 106, paragraph 2). The

findings represented the relationship between DQ, as measured by metrics, and fitness
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for purpose, that is, finding cases of T2DM in the EHR using RFV, Rx and Path. By
using this ontology-based query approach, the DMO can support the following tasks for
DQ (Rahimi, et al., 2014):

1. The automation of data extraction from EHRs into clinical data warehouses

2. Assessment and management of the intrinsic and extrinsic DQ so that they are fit
for purposes such as research, quality improvement and health information

exchange and sharing
3. Management of controlled vocabularies and optimising semantic interoperability

4. Curation of data for use by users and applications such as electronic decision

support systems
5. Data mining to discover relationships between concepts
6. Discovery of new knowledge
7. Reuse of knowledge in the management of chronic diseases.

This study emphasised the role of ontologies in two aspects: firstly to identify
cases of T2DM in a dataset and secondly to assess the DQ required to identify T2DM

cases accurately.

Chapter 1 addressed the notion of ontology and DQ as important research topics,
and showed that an ontology-based approach can support DQ research. This is
particularly because of their inherent (and potential) ability to address semantic

interoperability.

Chapter 2 expanded on these notions with a detailed specification of DQ and the
role of ontology-based approaches to develop DQ based on ‘fitness for purpose’ within
the health context. The lack of comprehensive ontological approaches for DQ based on
“fitness for purpose’ specifically or in health generally is an important research gap to
be addressed. Compared with non-hierarchical data models, there may be more
advantages and benefits in the use of ontologies to solve clinical DQ issues semantically
and improve the validity and reliability of data retrieval, collection, storage, extraction
and linkage algorithms and tools. Chapter 2 addressed the first research question, in

particular sub question 1.1. It guided the ontology-based approach to manage various
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patients with chronic diseases because of their intrinsic capability to relate various
patients’ clinical data semantically. Chapter 2 also introduced popular ontology
development methods such as METHONTOLOGY. However, there are few and limited
studies on the identification of cases of diabetes. Theoretically, ontology-based
applications could support automated processes to address DQ and semantic
interoperability in the health area. The current evidence also supports moving to the
ontology-based design of information systems to enable more flexible use of clinical
data. Chapter 2 guided the development of a DQ ontology “fitness for specific purpose”
in CDM. The published paper summarises the ontological specification of the quality of
data in EHRs to support decision analytics. In addressing research question 1, Chapter 2
defined what is needed in a comprehensive ontology-based approach to DQ and

semantic interoperability issues.

Chapter 3 discussed a step-by-step process of developing a methodology of data
quality ontology (MDQO) to support a semantic knowledge management approach to
identify T2DM and assess the accuracy of the ontology-based identification algorithm.
Chapter 3 presented the intuitions as well as the formalism for a semantically-accurate
mechanism for capturing DMO-related data from EHRs. DQ was assessed using three
core dimensions, namely completeness, correctness and consistency. The longer-term
objective is to develop a flexible, generalisable and reusable semantic approach and
mechanism that can be used to design intelligent software agents to identify patient

cohorts and the quality of data.

Chapter 4 addressed research question 2 and reported on the validation of the
DMO developed in Chapter 3. This used real-world EHR data from the ePBRN in South
Western Sydney. The sensitivity and specificity (accuracy) of the algorithm to identify
patients with T2DM were benched-marked by a manual EHR audit. Accuracy was
determined using Reason for Visit (RFV), Medication (Rx) and Pathology (Path), singly
and in combination. The combination was based on the DMO. Chapter 4 addressed the
gap identified in Chapter 2: insufficient practical research on the development and
validation of ontology-based approaches in the assessment and management of large
patient datasets and insufficient studies on the development and testing of information
models based on clinical scenarios to systematically test quality of data in chronic

diseases.
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However, our ontology-based approach was tested only in a relatively small
general practice in a very specific domain area. While it enabled manual validation to
confirm the accuracy of the ontology-based approach, the generalisabiltiy may be
limited. Further research is required in other clinical domains and with larger

repositories of more EHR-derived datasets.

The validation of DMO to identify T2DM patients is accurate and modular,
enabling the development of intelligent software to act in various semantic contexts and
identify patients with other chronic diseases, support decision making about health care,
conduct audits and evaluate research (S. Liaw, et al., 2011). This also addresses the gap
identified in the literature around insufficient practical research on the development and
validation of ontology approaches in clinical scenarios for the assessment and
management of large patient datasets (S. T. Liaw, et al., 2013) and lack of studies on the
development and deployment of information models based on clinical scenarios to

systematically test quality of information in chronic diseases (Rahimi, et al., 2014).
5.3 Summary

The ontology-based approach to represent knowledge about patient DQ is a
priority in medical informatics. We added two main notions to our understanding of
ontology-based models. First, an ontology approach can improve DQ so it is useful for
various purposes such as clinical research, teaching, audit and evaluation (e.g., quality
assurance and clinical decision making). Second, compared with non-hierarchical data
models, ontological approaches may have more theoretical and practical advantages in
developing automated methods to address DQ, solve semantic clinical DQ issues,
enable reuse of knowledge and discovery of new knowledge in CDM, and improve the
validity and reliability of data retrieval, collection, storage, extraction and linkage
algorithms and tools.

This project’s success in creating and validating a T2DM ontology based on
‘fitness for purpose’ demonstrated that ontology is an appropriate information structure
for formalising the depth and breadth of medical knowledge about complex phenomena,
and that such representations may be useful in supporting DQ assessment from EHRs.
The methodology applied to develop, formalise and validate the DMO may provide a
methodology for future medical ontology-based projects. Successful application and

validation of the DMO demonstrated that formalised representation of T2DM patients’
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data may support integrating CDM into population health, which is dependent on
underlying DQ from EHRs. In this manner, medical informatics research on ontology-
based approaches may help create truly personalised health care, ultimately having a
profound and positive effect on the health care of individuals. These thesis studies led to
a novel MDQO and a DMO to identify patients with T2DM. The accuracy of the
ontology was tested on a real-world EHR and validated with a manual audit of the same
EHR.
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CHAPTER 6

CONCLUSION

This thesis has presented the design of a methodology for data quality ontology
(MDQO) specification and assessment that can be used in any domain based on the
principle of ‘fitness for purpose’ DQ. The thesis has validated the MDQO in the context
of DQ routinely collected data for CDM (T2DM). This ontological approach to
collecting, annotating, analysing, and presenting clinical and scientific data is possibly
the only practical and sustainable solution to the clinical information and data
explosion. It is important to optimise the availability of good quality and relevant
information to facilitate the safety and quality of integrated care as well as accurate and
valid research. The DMO approach can support that ‘fitness for purpose’ includes DQ

and decrease the potential side effects of poor quality big data.

This methodology also is important because it can be applied in future research
to represent other complex phenomena of importance to assess DQ in CDM. For
instance, the process of conceptualising a phenomenon for ontology development is a
useful approach that can be demonstrated by applying this MDQO to develop
ontologies for DQ in other contexts. We highlighted technical challenges associated
with ontology development and also validation. Further research is needed on the

development of this approach in other technical, health and social domains.

Practically, this research can also support general practitioners in diagnosing
patients with T2DM in their EHRs and those at risk of developing T2DM. The findings
also suggest that a semantic ontology-based approach can be used to help clinicians
manage patients with T2DM specifically, and any other chronic illness generally,

through the development of high-quality patient/disease registers.

6.1 Future Work

Future work based on this research could include expanding the ontology to

other aspects of diabetes management (such as other types of diabetes and their
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attributes) as well as applying the ontology-based approach methodology to other
chronic diseases and other areas of healthcare, such as primary health care. Further, the
contextualisation of concepts identified in Chapter 3 currently only serve as ontology
annotations and properties for identifying T2DM and their information retrieval. It
would be interesting to implement formal semantics into the ontology by mapping the
ontology concepts and relationships to formal medical terminologies including UMLS
and SNOMED-CT-AU. Considerably more work is required to test the congruence of
the ontology, using formal ontology modeling principles, to other more established
ontologies. Finally, further possibilities include implementing the ontology in OWL or
RDF, or using SWRL rules for patient information storage and retrieval.

Continuing research will focus mostly on the methodology (MDQO), and the

extension of the DMO to address study limitations. Major areas are as follows.

1. Expanding case studies into various types of diabetes with more complex DQ
problems and big patient data sets. This will allow us to test extendibility and
scalability of the DMO and whether the DMO can be used in other domains to

identify patients as well as assess DQ problems.

2. Testing reusability and implementation performance. In this thesis, we used the
DMO in the diabetes context. Reusability studies need to be conducted for real
users in other domains (i.e., patients with different chronic diseases like COPD,

etc.). Other implementations also need to be performance tested.

3. Support for more generation of axioms and SPARQL queries and SWRL rules
into code. By having a tool that caan generate more axioms, we can identify
patients with different chronic diseases and assess more dimensions of DQ from

EHRSs in the development process.

4. Assess different emerging technologies. The agent development component for
the DMO was treated as a “black box”. Although the ontology-based approaches
were intended for consumption by agents, it would be interesting to see if the
DMO would work with different emerging technologies other than agents, e.g.,

semantic web services.

5. Comparing ontological and non-ontological approaches to identify patients and

assess DQ from multiple EHRs in big data sets. Comparing ontological (e.g.,
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MDQO and DMO) versus non-ontological (e.g., database schemas and SQL
techniques) will allow us to compare the methodologies in terms of flexibility,

reusability and scalability as well as accuracy of the results in both approaches.

137



APPENDIX 1

INTERNATIONAL JOURNAL OF MEDICAL INFORMATICS 82 (10[3) 10-24

ELSEVIER

journal homepage: www.ijmijournal.com

Review

Towards an ontology for data quality in integrated chronic
disease management: A realist review of the literature

S.T. Liaw®?%*, A. Rahimi®%¢, P. Ray*4, J. Taggart?®, S. Dennis®, S. de Lusignan/,
B. Jalaludin®9, A.E.T. Yeo", A. Talaei-Khoei?

@ University of NSW School of Public Health & Community Medicine, Sydney, Australia

b University of NSW Centre for Primary Heaith Care & Equity, Sydney, Australia

¢ General Practice Unit, South West Sydney Local Health District, Australia

9 Asia Pacific ubiquitous Healthcare research Centre (APUHC), University of NSW, Sydney, Australia

© Isfahan University of Medicai Sciences, Facuity of Management and Medical information Sciences, Iran
" Department of Health Care Management and Policy, University of Surrey, Guildford, UK

£ Population Health Unit, South West Sydney Local Health District, Australia

" Ingham Institute of Applied Medical Research, Australia

ARTICLE INFO

ABSTRACT

Artide history:

Received 14 April 2012
Received in revised form
3 October 2012

Accepted 5 October 2012

Keywords:

Realist

Research design
Chronic disease
Information system
Data quality
Ontology

Purpose: Effective use of routine data to support integrated chronic disease management
(CDM) and population health is dependent on underlying data quality (DQ) and, for cross
system use of data, semantic interoperability. An ontological approach to DQ s a potential
solution but research in this area is limited and fragmented.

Objective: Identify mechanisms, including ontologies, to manage DQ in integrated CDM and
whether improved DQ will better measure health outcomes.

Methods: A realist review of English language studies (January 2001-March 2011) which
addressed data quality, used ontology-based approaches and is relevant to CDM.

Resuits: We screened 245 papers, excluded 26 duplicates, 135 on abstract review and 31 on
full-text review; leaving 61 papers for critical appraisal. Of the 33 papers that examined
ontologies in chronic disease management, 13 defined data quality and 15 used ontologies
for DQ. Most saw DQ as a multidimensional construct, the most used dimensions being
completeness, accuracy, correctness, consistency and timeliness. The majority of studies
reported tool design and develop (80%), impl tation (23%), and descriptive evalua-
tions (15%). Ontological approaches were used to address semantic interoperability, decision
support, flexibility of information management and integration/linkage, and complexity of
information models.

* Corresponding author at: PO Box 5, General Practice Unit, Fairfield Hospital, Fairfield, NSW 1860, Australia. Tel.: +61 2 96168520;

fax: +61 2 96168400.

E-mail address: siaw@unsw.edu.au (S.T. Liaw).
1386-5056/% - see front matter © 2012 Elsevier Ireland Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.ijmedinf.2012.10.001

138



INTERNATIONAL JOURNAL OF MEDICAL INFORMATICS 82 {2013) 10-24 11

Conclusion: DQ lacks a consensus conceptual framework and definition. DQ and onto-
logical research is relatively immature with little rigorous evaluation studies published.
Ontology-based applications could support automated processes to address DQ and seman-
tic interoperability in repositories of routinely collected data to deliver integrated CDM. We
advocate moving to ontology-based design of information systems to enable more reliable
use of routine data to measure health mechanisms and impacts.
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1 Introduction

The increasing global burden of chronic disease due to the
ageing population, scarcity of resources and costs of health
care delivery has led to the WHO's prediction that, by the year
2020, chronic disease will be responsible for three-quarters
of the world's deaths [1]. Globally, integrated care [2-5] has
the potential to improve the quality and efficiency of chronic
disease management (CDM) [6], but depends on the shar-
ing of good quality patient information, including results of
investigations or referrals. A definition of integrated care is “a
coherent set of methods and models on the funding, administrative,
organisational, service delivery and clinical levels designed to cre-
ate connectivity, alignment and collaboration within and between the
cureand care sectors” [7]. This is consistent with the dimensions
of the chronic care model [8,9]: heaith care organisation, deliv-
ery system design, decision support, clinical information systems
(CIS}, self-management support and community resources/poiicies.
Systematic reviews have found that, despite methodological
shortcomings, inconsistent definitions and considerable het-
erogeneity in interventions, patient populations, processes
and outcomes of care [10], integrated care programmes can
improve the quality of patient care [11]. Good quality data col-
lected as part of routine clinical care is required to address
this evidence gap cost-effectively. Routinely collected elec-
tronic health care data, aggregated into large clinical data
warehouses (CDW), are increasingly being mined, linked and
used for audit, continuous quality improvement in clinical
care, health service planning, epidemiological study and eval-
uation research. Managing the increasing amount of routinely
collected data is a priority.

139

However, data quality (DQ) is poor in about 5% of records in
health organisations [127,13%,14]. Many studies regularly report
a range of deficiencies in the routinely collected electronic
information for clinical [15-18] or health promotion [127,19]
purposes in hospital [20] and general practice [21] settings. The
evidence was more encouraging for data for administrative
purposes [22,23]. Hybrid record keeping systems in primary
care were believed to be more complete than computer-only
orpaper-only systems [24]. Prescribing data are generally more
complete than diagnostic or lifestyle data [21,25].

Improving the quality of routinely collected data can
improve the quality of care. Every year, 10% of hospital
admissions and >1 million general practice encounters in
Australia experience an adverse event, and evidence-based
care is delivered only about half the time [26-29]. Linkages
between primary and secondary care information systems are
important to improve the quality of information exchange to
support optimum clinical handover between the levels of care.
Information-enhanced integrated care can benefit health care
providers and consumers through more accurate and timely
information exchange, improve work efficiency by avoiding
repetitive work, and improve decision-making [30,31]. Com-
plete and accurate information sharing such as in clinical
handover is vital to maintain continuous and safe patient care
across primary and acute services [32]. In response, Australian
governments [33-36] have emphasized the need for effective
use of clinical information systems (CIS) and electronic deci-
sion support tools to collect, share and use information to
guide ongoing health reform, policy development and strate-
gic work plans to implement safe, effective and coordinated
care over the life cycle and across the “patient journey” in the
health system [27-29,37).
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Fig. 1 - Conceptual framework for data quality

(DQ) research program and literature review.

Since 2001 there has been an increasing use of ontological
approaches to health, particularly chronic disease manage-
ment. Historically, ontologies are rooted in philosophy as the
study of being or reality, including their basic categories and
relations. The biomedical and health informatics definition
of an ontology is “collections of formal, machine-processable
and human interpretable representation of the entities, and
the relations among those entities, within a definition of the
application domain” [38]. Explicit concepts and the relation-
ships and constraints are clearly defined and understood by
the user. A formal ontology is computer-readable, allowing
the computer to ‘understand’ the relationships - the ‘formal
semantics’ - of the ontelogy. By incorperating defined rules,
ontologies may also generate logical inferences and control
the inclusion/exclusion of relevant objects [397].

This is the background for this literature review on onto-
logical approaches to data quality and quality of care, with
a specific focus on integrated chronic disease management.
The scope was guided by the knowledge and experience of
this multidisciplinary group of authors.

2. Objective
To conduct a literature review to address the following ques-
tions:

(1) How is data quality (DQ) currently defined/described,
assessed and managed in health care?

{2) How are ontologies being used to assess and manage DQ?

{3) What is/are role(s) of ontologies in the assessment and
management of DQ to support better decision making and
measurement of health outcomes in integrated chronic
disease management (CDM)?
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3. Methodology

A realist literature review [40] was adopted, as this was an
evolving and complex domain. The conceptual framework
developed for the literature review included (Fig. 1):

o Context: Integrated CDM, care based on evidence based
practice;

+ Mechanisms: Methods to achieve data quality, including
ontology-based approaches;

« Impacts/outcomes: Measurable health outcomes based on
improved data quality.

The following databases (January 2001-March 2011) were
searched: MEDLINE, the Cochrane Library, ISI Web of Knowl-
edge, Science Direct, Scopus, IEEE Xplore and Springer
(Table 1).

The search strategy and keywords were organised around
the three broad realist concepts:

1. Context: Diseases (chronic diseases, chronic illnesses,
chronic disease management, chronic illness manage-
ment);

. Mechanisms: Ontology (ontology based models, onto-
logical approaches, ontology based multi agent systems
(OBMAS), and ontological framework);

. Impacts: Data quality (data quality, information quality,
data quality management, data quality assessment, data
and information).

N

w

The search was repeated three times with the following
phrases:

+ (data quality OR information quality) AND (chronic diseases
OR chronic illnesses) in Title, Abstract or Keywords, Subject
or MESH
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Table 1 - Scope of literature review - online databases and research fields.

Database Subjects # papers
PubMed Medicine, Health Science, Medical Informatics and Bioinformatics 57
Cochrane Central Databases Medicine and Health Science 8
ISI Web of Sciences Computer Science, Information Technology, Medical Informatics, 25
Bicinformatics and Health Science
ScienceDirect Computer Science, Medical Informatics, Engineering, Decision 60
Science, Engineering, Mathematics, Psychology, Social Sciences, and
Medicine
Scopus Computer Science, Health Science, Medical Informatics, 61
Bicinformatics, Information Technology, Psychology, Social and
Behavioural Sciences
IEEE Xplore Computing and Processing, Medical Informatics, Bicinformatics, 20
Communication Networking and Cybernetics
SpringerLink Computer Science, Medical Informatics, Bicinformatics, information 14
science and Engineering
Total 245

«+ ontology in Title, Abstract or Keywords, Subject or MESH
{data quality or information quality) in Title, Abstract or
Keywords, Subject or MESH

«+ ontology in Title, Abstract or Keywords, Subject or MESH
AND chronic diseases in Title, Abstract or Keywords, Subject
or MESH.

AllEnglish language papers published from January 2001 to
March 2011 were included if they met the following eligibility
criteria: (a) examined data and information quality in chronic
diseases; (b) involved some form of ontology to improve DQ;
{c) used data models and ontology-based approaches in CDM.

These papers were screened by title and abstract content
for inclusion by AR and STL. The references of the included
papers were hand-searched for other eligible papers. Follow-
ing this comprehensive process, the included papers were
distributed for review among all the authors according to
their expertise and experience. All papers were reviewed
by AR, STL and one of the co-authors. Authors used a

data extraction template (Fig. 2), with a realist “context-
mechanism-impacts/outcomes” overlay. The template kept
the extracted information consistent: study types, methods,
tools, outputs and impacts. The quality appraisal included:
validity (internal and external), reliability, generalisability and
relevance of the research methods, tools and measurements,
and interpretations.

AR and STL collated all appraised papers, using a spe-
cific template (Fig. 3) which summarised the analysis and
synthesis of the literature review by study types, methods,
tools, outputs and impacts in terms of: requirements analysis,
design and tools development, implementation, deployment
and testing, evaluation: descriptive evaluation, comparative
and/or contemporary control. The collated appraisals were
then distributed among the reviewers, and two workshops
weTe arranged to discuss and achieve final consensus and syn-
thesis of the findings. Further iterative feedback was obtained
on specific areas of ambiguity prior to this final report on the
literature review.

Critical Appraisal Template

Research questions:
1. ow is DQ currently deflued/described, assessed and managed in health?
2. How are ontologles being used to assess and manage DQ?

3. What Is/are the role(s) of in the and of DQ In CDM?T
Author/ | Study Context & Atms of Detalls of Methads / Taols Results / Critical Appraisal:
title / type’ Population project being | terminology, DQ | used in project Outputs of 2 ‘
reference studied reported on models & project e

antology

2. relevance to review questions

* This classification of study types has been developed to cover the pattern of R&D In this multidisciplinary fleld. There are S types broadly based on the stage in the development lifecycle:

1. Requirements analysls e.g. literature reviews, qualitative research, etc
2. Design and tools models and

EN and testing of system

4. Evaluation: descriptive evaluation

S.  Evaluation: comparative (e.g. pre and post, time serles, etc) with/without contemporary control (e.g. RCT)
This matrix (study types X current column headings) will focus the analysis and synthesis of the literature review e.g. by study types, methods, tools, outputs and Impacts.
* The quality appraisal will Include traditional methods of critical appralsal: valldity (internal and external), rellabllity, generalisabllity, relevance, etc of the research methods, tools and

measurements

Fig. 2 - Template for critical appraisal of allocated papers.
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review of

'y table: Sy

logy-based approaches to data quality in chronic disease management

Research questions: 1. How is DQ cumrently defined/described, assessed and managed in health? 2. How are ontologies being used to assess and manage DQ?
3. What is/are the role(s) of ontologies in the assessment and management of DQ in CDM?

Paper reviewed: Smith J et al. The Idiot’s guide to Ontology for DQ. JAMIA 2011

Stage of develop‘mgm Reviewer 1 appraisal
(Study T

Reviewer 2 apprasal

Consensus validity & relevance Notes

1. | Requirements analysis

2. | Design and tools
development

3. | Implementation,
deployment and
testing

4. | Evaluation: descriptive
evaluation

5. | Evaluation:
comparative and/or
contemporary control

*This classification of study types has been developed to cover the pattern of R&D in this multidisciplinary field. There are 5 types broadly based on the stage in the development lifecycle:

1. Requirements analysis e.g. literature reviews, qualitative research, etc
2. Design and tools
3. and testing of|
4. Evaluation: descriptive evaluation

models 8!
system

5. Evaluation: comparative (e.g. pre and post, time serles, etc) with/without contemporary control (e.g. RCT)
This matrix (study types X current column headings) will focus the analysis and synthesis of the literature review e.g. by study types, methods, tools, outputs and Impacts.

Fig. 3 - Summary template for collating critical appraisal differences between two reviewers.

4. Findings
4.1.  General and methodological

We identified 245 articles, of which 135 were excluded on
abstract review because they did not meet inclusion crite-
ria and 26 articles were duplicates. After full text review 23
papers were excluded because they did not meet inclusion
criteria: (a) examined data and information quality in chronic
diseases; (b) involved some form of ontology to improve
DQ; (c) used data models and ontology-based approaches in
CDM. This left 61 papers: of these 33 implemented ontol-
ogy in CDM, 13 used a defined process for DQ generally and
15 used ontelogy to improve DQ in various contexts. While
the focus was on chronic disease, we also included general
health domains (24.6%), non-health (9.8%) and non-specific

{4.9%) domains where the methodology appeared relevant and
appropriate. The chronic diseases most frequently studied
were diabetes mellitus (18%), cardiovascular diseases (8.2%),
respiratory diseases (8.2%) and communicable diseases (8.2%).
Other conditions included nervous system diseases (6.6%),
neoplasms (4.9%), autism (3.3%), urologic diseases and obesity
(L6%).

The majority of studies (80.4%) examined the design and
development of tools for DQ and/or ontologies. This was fol-
lowed by system implementation, deployment and testing
of information systems (23%), formal requirements analysis
{16%) and descriptive evaluation (15%). There was little com-
parative evaluation of outcomes; the one paper found was
focused on DQ (Table 2). While most of the studies designed,
developed, assessed and evaluated information models and
ontologies in the chronic diseases context, there were no
comprehensive ontological approaches for the development

Table 2 - Distribution of papers by study types and research questions.

Study type

1. Formal requirements analysis, e.g. literature reviews, qualitative
Tesearch

2. Design & tools development: including data/information models
and ontologies

3. Implementation, deployment and testing of information systems

4. Evaluation: descriptive evaluation of DQ or ontology in health area

5. Evaluation: comparative with/without contemporary control (e.g

RCT)

Study type Research questions
no % Qa Q Q@
n % n % n %
10 16 4 6 2 3 3 4
49 &0 13 21 11 18 35 57
14 2 3 4 3 4 10 16
9 15 6 9 2 3 4 6
1 2 1 2 0 0 0 0
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Table 3 - Ontology development tools.

Ontology functions

Tools

Ontology environment editors

Reference terminology, metathesaurus, thesaurus
Ontology development methods

Representation languages

Ontology logic rasoners

Improve semantic interoperability

Protégé, HOZO, Web ODE, JAVA ontology editor {JOE)
SNOMED CT, MESH and UMLS

METHONTOLOGY, Enterprise Ontology and TOVE
OWL, SWRL, XML and RDF

Pellet, Fact++, Jena and Racer

Ontology based multi agent systems (OBMAS)

of DQ in CDM described. In Table 2 the total number of study
types or research questions is greater than the number of
included papers {n=61) because each paper may be classified
astwo or more study types, or may address two or more review
questions.

A number of tools (Table 3) used to develop ontological
based models were documented, including: ontology environ-
ment editors such as Protégé [41]; reference terminology such
as SNOMED CT [42], metathesaurus such as UMLS [43] and
thesaurus such as MESH [44]; ontology development meth-
ods such as METHONTOLOGY [45%]. Entetprise Ontology [46]
and TOronto Virtual Enterprise (TOVE) [47]; representation lan-
guages such as OWL, SWRL, XML and RDF; logic ontology
reasoners [48] to provide automated support for reasoning
tasks in ontelogy and instance checking [46] such as Pellet,
Hermit, Fact++, Cyc; and layered ontelogy methodelogy and
tools such as entology-based multi-agent systems (OBMAS)
[497,507. The tasks involved in the development of a DQ
ontelogy [517,527] include the: review of concepts required
for ontological views of DQ, capture of terms to produce
ontologies for DQ [527], identification of errors in DQ and DQ
ontologies, integration of data from heterogeneous clinical
databases [39], and evaluation of DQ and DQ ontology [537].
Ontology tools are currently the subject of a more detailed
literature review.

4.2.  Definitions of DQ and its operationalisation and
measurement in various studies

DQ is consistently defined in terms of its “fitness for pur-
pose/use” [54], in this case, to describe and assess the safety
and quality of care. This functional and product approach
is consistent with the International Standards Organisa-
tion (ISO) definition of quality as “the totality of features and
characteristics of an entity that bears on its ability to satisfy
stated and implied needs” (ISO 8402-1986, Quality Vocabulary).
To be fit for purpose, some authorities have asserted that
data must possess three attributes: utility, objectivity and
integrity [55]. The Canadian Institute for Health Informa-
tion (CIHI) information quality framework is based on a DQ
work cycle, a DQ assessment tool and documentation about
DQ. It comprises 5 quality dimensions (accuracy, timeliness,
comparability, usability, and relevance), further subdivided
into 24 quality characteristics and 58 quality criteria
[55].

There was agreement that DQ is a multidimensional
construct, with a number of dimensions such as “accuracy,
perfection, freshness and uniformity” [56] and “complete-
ness, ‘unambiguity’, meaningfulness and correctness” [57]
and “currency” [58] across a number of application domains
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(Table 4). There was no general consensus on the definitions
of the DQ dimensions; however, the five most frequently
reported dimensions were “accuracy”, “completeness”,
“consistency”, “comrectness” and “timeliness”. Various quan-
titative and statistical methods were used to assess timeliness
(currency), accuracy (precision), reliability, representativeness
and completeness (Table 4). Usability, privacy, comparability
and relevance were evaluated with qualitative methods
like interviews and reports analysis, usually interpreted
using grounded theory. Consistency of clinical data has been
assessed with concept mapping in non-health contexts.

The review process confirmed that points of ambiguity
in the data model were potential sources of data errors. A
comparison of “persens consulting prevalence rates of mus-
culoskeletal disease” among four databases in the UK found
considerable variation and suggested that the prevalence rates
were determined by the database used to generate them and
methods used to calculate the rates [59]. A popular Aus-
tralian CIS did not allow the recording of BP in different
positions during the same consultation or the changing of
smoking status over time, contributing to poor DQ for these
data elements [21]. Data are stable whereas data models are
influenced by the database 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. A conceptual frame-
work has been proposed to assess the quality of data models
using a combination of metrics and subjective assessments,
which included comectness, implementability, complete-
ness, understandability, integration, flexibility and simplicity
[60].

The strategic use of related data fields relevant to research
questions to improve the accuracy and “fitness for use” of the
dataset [61] highlighted the need for people working with large
data sets to understand fully the complexity of the context
within which data collection and management takes place.
Metadata are important to guide users about how to find rel-
evant data, select appropriate research methods and ensure
that the correct inferences are drawn [62,63",647] as well as to
explain the source, context of recording, validity check and
processing method of any routinely collected data used in
research [65]. There were very few studies that examined the
comprehensiveness, efficiency or effectiveness of DQ manage-
ment in health care.

4.3.  Documented uses of ontologies for DQ

A number of definitions of ontology were found [38,66-68],
with most revolving around Gruber’s “an explicit, formal spec-
ification of a shared conceptualisation” [69] and providing a
vocabulary of terms, their meanings and relationships to be
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Table 4 - DQ dimensions - definitions and measures.

Defmitions of DQ dimensions Measures of DQ dimensions

1. Completeness Completeness
The extent to which information is not missing and is of Ratio of total number of records with data to the total
sufficient breadth and depth for the task at hand (121} number of records.

The ability of an information system to represent every
meaningful state of the represented real world system (57}
Degree to which information is sufficient to depict every
possible state of the task (122)

All values for a variable are recorded {121)

Availability of defined minimum number of records/patient

2. Consistency
Representation of data values is same in all cases (121}.
Includes values and physical representation of data {57).
The extent to which information is easy to manipulate and
apply to different tasks {121)

The equivalence, and process toachieve, equivalence of
information stored or used in applications, and systems (111)
The extent of use of a uniform data type and format (e.g.
integer, string, date) with a uniform data label {internal
consistency) and codes/terms that can be mapped toa
reference terminology {external consistency)

3. Correctness
The free-of-error dimension (104, 123)

Credibility of source and user’s level of expertise {121)

Data values, format and types are valid and appropriate; an
example is height is in metres and within range for age
Data correctness includes accuracy and completeness (124)

3.1 Accuracy (=correctness)
Recorded value is in conformity with actual value (121)

Refers to values and representation (127) of output data (98}

3.2 Reliability (= correctness}
Extent to which a data can be expected to perform its
intended function with required/defined accuracy {121, 122)

How data conforms with user requirements or reality {S7)
Data can be counted on to convey the right information (57)

4 Timeliness
Data is not out of date; availability of output is on time {57)
Extent to which information is up to date for task {121, 123)

The delay between a change of the real-world state and the
Tesulting modification of the information system state (57)

5. Relevance
The extent to which information is applicable and helpful for
the taskathand (121)

6.Usability
The degree to which data can be accessed, used, updated,
maintained, managed (57) to enable effective decisions (121)

7. Security
Personal data is not corrupted and access suitably controlled
to ensure privacy and confidentiality (57, 121}

Include an assessment of missing values

Set a threshold value for acceptable completeness within an
appropriate time frame in context

Consistency

1—(ratio of violations of a specific consistency type to the
total number of consistency checks)

Ratio: The most commonly-used data type, format or label
divided by total number of data type, formats or labels used
{internal consistency)

Proportion of data labels that can be mapped to a relevant
reference terminology or data dictionary (extemal consistency)

Distance to reference terminology

Correctness

1—(ratio of number of data units in error to the total number
of data units)

Correctness is indicated by accuracy, completeness and
depth {125, 126)

Ratio: The number of correct {aceurate) values divided by the
overall number of values (39)

Descriptive statistics with comparison to validated
population surveys to ensure representativeness, i.e. no
statistically significant differences in data values

Ratio: number of reports sent on time divided by total reports
Ratio: number of data values within a defined time frame
divided by the total records in the same time frame

Descriptive qualitative measures with group interviews and
interpreted with grounded theory

Descriptive qualitative measures with semi structured
interview and interpreted with grounded theory

Analyses of access reports
Data corruption can be measured by DQ measures

used in various application contexts. The ontological view
described the closed semantic loop of observation and action,
linking the reality and information realms.
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There were numerous uses of ontologies for DQ in health
and general contexts (Table 5). The major categories of
use were in semantic data interoperability [51%,70°,71%777;
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Table 5 - Documented use of ontologies for DQ.

Ontology in DQ Findings Context

Ontology-based description of DQ: Represent DQ factors, terms and terminology CDM

Based on a paper describing a DQ ontology and 27 standard

papers describing healthcare ontologies Describe concepts (and relationships) DQ ontology General
Describe logic processes and semantics in ontology General
Represent how good DQ facilitate accurate decisions General
Describe variations in meaning of terms and coding COPD

Ontology-based assessment of DQ:
Based on 6 papers describing ontology for
assessment of DQ and 14 papers describing
ontology for assessment of healthcare.

Ontology-based management of DQ or health
care:

Management of DQ is done at the levels of the DQ
dimensions and in context.

Based on 9 papers describing ontology for
management of DQ and 14 papers describing
ontology for management of healthcare.

Represent/model terminological and semantic
relationships among concepts in a disease map
Represent/model a DQ evaluation framework

Methodology to develop, assess, interpret, manage DQ

A sharable/extensible analysis tool to identify patient
data, semantic interoperability and terms

Guide the use of NLP to convert text to coded data

Approach to collect/retrieve information intelligently
and address semantic interoperability of data from
multiple information sources, e.g. OBMAS

CNS + vector-borne diseases

Health care

Severe Pain Management
GVD

COPD
CDM

Prostate cancer

Approach to efficiently share, integrate and manage CDM
scientific data in a timely manner, e.g. OBMAS

Guide the development and use of metrics to Genetic
measure the complexity and cohesion of ontologies

Facilitate the ability of researchers to analyse data Autism

Augment data repositories with rule-based Autism
abstractions

Systematic approach to DQ assessment, e.g. OBMAS CDM
and 5-step methodology

Enhance inter-professional collaboration CDM

Automated approach to identify data
errors/variations

Consistency checking, duplicate detection, metadata
mx

Capture correct terms in ontology production and
relationships between concepts in ontology

Heart diseases

General

CNS + vector-borne diseases

Intelligent agents tointegrate data from many sources (6Y))

Facilitate semantic interoperability in CDM, e.g. T2DM
OBMAS

Represent new methaods for fuzzy medical Diabetes
relationship using taxonomical knowledge

Reduce uncertainty for decision making Diabetes

Facilitate data integration and re-use Immunology

Guide integration of OWL and RDF with SWRL for Brain abnormalities
better expressiveness of data

A tool for intelligent data integration from remote CVD
biomedical resources

Facilitate semantic interoperability through domain CDM

terminologies

information retrieval, DQ management [737], data collection, 4.4

Documented uses of ontology in CDM

data sharing and data integration [39,747,75",76"] in clinical
information systems (CIS) for CDM; DQ in geographical infor-
mation systems (GIS) and other non-health areas [77°,787;
and regular validation of key data items in clinical data
warehouses (CDW) [39,79°]. In the case of CDWs, a formal
ontological model of the domain and representation of data
and metadata can specify a unified context which allows
intelligent software agents to act in spite of differences in
concepts and terminology. This is the potential of layered
ontologies and ontology-based multi-agent systems to enable
the systematic development of automated, valid and reliable
methods to extract, link and manage data as well as assess
the DQ and semantic interoperability issues [46,76",77°,797].
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Documented uses of ontology in CDM included clinical deci-
sion support systems [49,80%,81%,82*,83] for diagnosis [84",85|
and management [517], clinical data analysis, information
management [86%,87°,88"| and retrieval [71%,89], diagnostic
support in telecare services and remote patient monitoring,
enhanced flexibility in database architecture and configu-
ration, and reducing complexity of Bayesian networks [90]
and inferences [917,927] (Table 6). A few studies examined
ontology-based approaches to support data consistency [72]
and accuracy. However, we found no reports on a systematic
and comprehensive ontological approach to DQissues or eval-
uation in CDM.
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Table 6 - Documented uses of ontology in CDM.

Ontology in CDM Findings Context
Description or definition Identify relevant entities to successfully integrate and represent heterogeneous T2DM
data and knowledge
Amethod to generate more intuitive concepts, properties, relations and Diabetes
Testrictions
A layered approach to provide guidance and constraints based on domain GVD
knowledge
Management Embedding clinical guidelines and rule based approaches in ontology GVD
development
Amethod to formalise genomic data inclusion (0]
A tool to improve retrieval information for users GVD
Enhance and facilitate temporal querying requirements in general practice CVD (hypertension)
medicine
Detect and predict diseases in patients with CD in telecare services GVD
Suppart decision making for physicians COPD
Predict risk analysis semantically T2DM
Ontology-based data warehouse modelling and data mining tools to manage COPD
large data sets
An approach to support semantic decision making Diabetes
Amethod to classify patients with CD Diabetes
Simplify fuzzy medical relationships through ontology guided taxonomical Diabetes
knowledge
Facilitate semantic interoperability in diseases treatment Human diseases
Abasis for diet care knowledge management T2DM
Assessment An approach for terms extractors, concordance checking, and a terminology VD
SETver
Guide the development of a flexible data architecture with multiple (6]
configuration options, allowing users to define their own solutions.
Atool to reduce the complexity of Bayesian Networks (BNs), BN-based inference ~ Obesity
and clinical information systems, including diagnostic systems.
Use for the retrieval and the assessment of data Obesity
Represent multiple semantic relationships among concepts with UMLS Breast cancer
ancestors through MESH descriptors to develop retrieval information
Present a language independent approach for extracting knowledge from Breast cancer
natural language documents, toimprove retrieval information
An automated approach to detect errors and abnormalities due to diseases Heart diseases

There were some significant technical trends for ontology
development in CDM, with most methodologies comprising
knowledge acquisition, conceptualisation, semantic mod-
elling, knowledge representation and validation [50%517.
Most used clinical guidelines and rule based approaches
[93] to guide ontology development, including a layered
approach [947]. An example of the layered ontology frame-
work and methodology was the use of ontology-based
multi-agent system (OBMAS) to address semantic interop-
erability problems of terminology and/or structure amongst
e-health systems [497,82",83",95",967|. This approach enables
intelligent software agents to act in various semantic con-
texts in multilingual [977] and collaborative environments
[047,95,967).

5. Discussion

The DQdomain is fragmented. While there was general agree-
ment that DQ is a multidimensional concept, there was no
apparent consensus on what the dimensions are and how
they should be defined and operationalised. Preferences for
the dimensions were often based on intuitive understanding,
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industry experience or literature review [98°]. This variation is
probably inherent in the contextual definition of DQ in terms
of “fitness for purpose/use” [54]. Specific operational defini-
tions of the dimensions of DQ have been proposed [57] but
they tended to add to the confusing variety and variability.
Faily sophisticated measures of the most frequently used DQ
dimensions (accuracy, completeness, consistency, correctness
and timeliness) have been developed [63",7(%,99%,100]. These
are likely core dimensions on which to build a consensus DQ
ontology [20,21] to enable the consistent measurement of DQ
across all contexts and domains.

The quality of routinely collected electronic information
and their fitness for purpose is determined by more than
just the GIGO - garbage in garbage out - principle. Determi-
nants of poor DQ include the lack of coding rules, leading to
much of the data being incomplete or in relatively inaccessible
text format; wrong diagnoses; incomplete or inaccurate data
entry; ertors in spelling or coding; corruption of the database
architecture or management system; mal-compliance to the
organisational data protocols and errors in data extraction
[101]. The large and increasing amount of potentially relevant
health and health services data collected as part of routine
practice compounds the DQ challenge. However, apart from
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a computerised solution and a need to filter and sort data in
terms of their quality characteristics [58], there was no agree-
ment on whether and how these data should be curated and
preserved [46].

The consistency dimension of DQ is concerned with
semantic interoperability, a significant issue in CDWs, where
the different data sources often used different models,
schemas and vocabularies [102]. The semantic interoperabil-
ity problem increases with the growing secondary use of the
data in CIS, in both primary and secondary care settings, for
health care, public health and epidemiological research [65].
This is compounded in intemational multicentre studies by
the logistic difficulties and different levels of commitment to
DQ [103]. A standard terminology such as SNOMED-CT [42] is
part of a comprehensive ontology-based solution to provide a
unified semantic framework to harmonise the contribution of
different data sources to the specific purpose. This includes
data dictionaries with accurately specified metadata and
production rules are needed to standardise the assessment
of DQ [104] for the fitness for purpese in different clini-
cal domains and contexts. This ontology-driven integration
of local architectures with flexible network infrastructures
for unified data access will enable automated assessment,
management and menitering of the DQ of large datasets of
routinely collected data [79%,105%,106%,107%,108"], through intel-
ligent seftware agents with or without guidance from human
users.

The increasing research and development in ontologically
rich approaches to data quality (DQ) and chronic disease
management (CDM) across a range of tasks in a range of
health and biomedical informatics domains is promising.
These tasks included the addressing of semantic interoper-
ability, data quality to underpin the safety and quality of
electronic decision support in diagnoses and management,
improving flexibility of information management and linkage
in clinical information systems, and reducing complexity of
data analyses in complex information models and networks
such as Bayesian networks. However, research to date has
mainly focused on the design and development of tools,
with little substantial research into the use of ontologies to
assess and/or manage DQ in CDM [46,77%109%). There were
few evaluative studies on the cost-effectiveness of ontolog-
ical approaches in DQ and quality of care. This was due to a
number of scope, methodological, contextual and ethical-legal
issues and challenges identified for this relatively immature
field. Nevertheless, some guidance on the directions to exam-
ine DQ at both data and ontology levels was demonstrated by
the Information Quality Triangle project [99%], which bench-
marked technical standards for information quality at the
model/ontology (Health Level 7) reference information model)
and the data (WHO-ATC terminology for drugs) levels.

Reference or domain ontologies had been shown to
improve DQ by influencing data collection and analysis [110].
A reference DQ ontology can potentially act as a benchmark
for assessing DQ. The DQ ontelogy can be constructed from
dimensions such as completeness, correctness, consistency
and timeliness; all of which can be measured using a ratio
scale. Other time-related dimensions can be defined and mea-
sured in terms of system currency, storage time and volatility
[57]). However, we need a greater understanding of the
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relationships and overlaps between the dimensions, which
requires significant quantitative and qualitative research. DQ
ontologies can be complex and may have to be defined in
different layers, such as application and domain ontologies.
However, meaningful relationships to real world situations
must not be lost with increasing levels of abstraction and
reduction with formalisation and implementation of the con-
ceptual models.

DQ management (DQM) is important because peor DQ is
a substantial economic and social burden: it consumes up
to 10% of an organisation’s revenues [1117; leads to poor
planning and delivery of health services, takes longer to
make poorer decisions; lowers consumer satisfaction; and
increases difficulty in reengineering work and information
flows to improve service delivery [56]. DQM will and must
address these challenges through the establishment and
deployment of roles, responsibilities, pelicies, and procedures
concerning the acquisition, maintenance, dissemination, and
disposition of data [73"] within and across organisations.
DQM of CDWs include optimising data extraction, cleansing
and/or transformation, periodical updates and data federation
[46,51*81%,85+,92%, 96112

Judicious presentation of good quality information
can improve decision-making in health organizations
[49,,767,105%,111%,113",114%,115%,116] as it enables more effi-
cient and effective use of data in health care [113,114",1177].
In addition to the content e.g. measures of DQ [64], the way
the information is presented can also affect health care
and health literacy. This is where the relationships between
the real world and the information model, which are often
weakened with the level of abstraction and modelling, can
be revisited and the messages made more relevant through
ontology-based approaches.

However, this literature review was limited by the imma-
turity of the field. Most of the papers reported on studies
that designed, developed, assessed and evaluated information
models and ontologies in the chronic diseases context. The
lack of systematic and comprehensive ontological approaches
for the development of DQ in CDM is compounded by a lack of
studies that evaluated the efficacy of the ontological approach
or the relationship to DQ or improved integrated CDM.

In summary, this review suggests that ontologically rich
approaches to DQ may be more cost-effective than the
traditional data/information medelling [52%,76"77%,79°]. The
mapping between the real world and information systems,
using a design-oriented method with ontological founda-
tions [987], is logically and intuitively advantageous to ensure
a well-grounded approach to the design and development
of a practical and useful DQ ontology. Ontologically rich
approaches that are well contextualised in the professional,
legal and social environments, can inform policy develop-
ment, planning and implementation; quality monitoring [118];
control of costs of external data failure and complementary
costs of data-quality assurance [119]; and improvement of the
accuracy, validity and reliability of data collection, storage,
extraction and linkage algorithms and tools [120]. It is also
applicable to information retrieval and analysis, intelligent
data mining (seeking concepts and relationships), discover
new knowledge, and reuse knowledge for decision support
systems and patient decision aids [121].
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6. Conclusions

DQ is a multidimensional concept, but lacks a consensus
framework and definitions, partly because DQ is defined in
terms of “fitness foruse”. The key bartiers to the optimal use
of routinely collected data are increasing data quantity’ poor
data quality, and lack of semantic interoperability. Poor DQ
and data not fit for purpose have significant economic costs,
both in terms of direct costs and indirect costs in terms of poor
decisions and planning by organisations and individuals, and
poor quality and safety of care.

DQ must be measurable consistently across all domains
and contexts. The most frequently reported DQ dimensions
- completeness, comrectness, consistency and timeliness -
can be a starting point for a DQ ontology. An ontology-based
approach to DQwould be flexible and modular, enabling intel-
ligent software agents to act in various semantic contexts to
specify metadata and assess/manage DQ accurately within
specified constraints and contexts. The formalisation and
implementation of the DQ ontology as an application will
enable automated and cost-effective assessment of DQ.

The challenges to the development and validation of a
DQ ontology in CDM include methodological immaturity, an
immature knowledge base, and a lack of tools to support
ontology-based database design for CIS and CDW, evaluation
of ontological approaches, and engagement of users in design
and implementations. A systematic data/information qual-
ity R&D program focused on routinely collected clinical data
in information systems in primary and secondary care sett-
ings, focussed on how to measure the quality of CDM, would
improve the quality of our health datasets, understanding of
the health of our communities, and the quality of care pro-
vided.
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Summary points
What was already known on the topic?

+ DQis a multidimensional concept, but lacks a consen-
sus framework and definitions.

» Aggregating increasingly large datasets raises issues
of semantic interoperability and a need for automated
methods to assess and manage DQ.

» Lack of certainty about ontological approaches to DQ
in chronic disease management (CDM)

What this study added to our knowledge?

o The literature suggests that the core dimensions of the
DQ conceptual framework are completeness, consis-
tency, correctness and timeliness.

+ An ontological approach has theoretical and practi-
cal advantages in developing cost-effective automated
methods to address DQ and semantic interoperability

o There is an increasing amount of work on ontology of
chronic disease, but little on ontological approaches to
DQin CDM specifically or in health generally. This gap
needs to be addressed.
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Developing an ontology for data quality in chronic disease
management
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Abstract. The growing use of electronic health records raises the question of
quality control of routinely-collected data for clinical care and research. Improving
data quality (DQ) can improve the quality of decisions, evidence-based care and
patient outcomes. This paper describes the methodology and progress of the
development of an ontology to assess DQ in diabetes. The specification and
conceptualization phase is largely completed. The implementation of the DQ
ontology will be tested on the electronic Practice Based Rescarch Network
(¢PBRN) dataset.

Keywords: Data quality, Chronic Disease Management, Ontology, Clinical
information systems

Introduction

There is a growing recognition of the use of Clinical Information Systems (CIS)
for chronic disease management (CDM), public health services and epidemiological
research . Improving data quality (DQ) can improve the quality of decisions and lead
to better policy, evidence-based care and patient outcomes.

In the biomedical informatics literature, ontologies have been described as
“collections of formal, machine-process able and human interpretable representation of
the entities, and the relations among those entities” >. Our literature review indicates
that there are few studies on the application of ontology for DQ in health care of CDM.

Objective: This study will develop a conceptual framework and methodology to
guide the development and validation of DQ ontology in CDM. It draws on our current
work into completeness, correctness, and consistency (the 3Cs) of DQ of routinely
collected data from general practice in diabetes

1. Methods

We conducted a literature review to provide input into the ontology development. The
literature review addressed the role(s) of ontologies in the assessment, collation and
management of DQ in health care. Key researchers informed the literature review

. Corresponding Author: siaw@unsw.edu.au
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process and provided input into the findings. There are 5 stages in our ontology
development:

Specification: The purpose and scope of this ontology is to improve the 3C of
DQ withmn the context of diabetes. Conceptualization: There are 2 parts to this stage.
1) Auditing the electronic Practice Based Research Network (ePBRN) data for the 3C
of DQ and collecting qualitative information from ePBRN participants about how they
use the clinical systems for the care of diabetes. Frequencies of routinely collected data
from the ePBRN practices are determined for the 3C as an indication of DQ for
diabetes (5). (i) Semi-structured interviews with GPs, specialists and nurses seeking
specific information needs to scope the ontology domain (concepts, vocabularies and
their relationships). A hybrid grounded theory-participatory design (GT-PD)
methodology * will guide the data collection and analysis.

Formalization: The first step in formalization is developing the domain
ontology (diabetes disease register ontology). This ontology and the defined rules can
generate logical inferences and control the relevant objects, such as the patient with a
diagnosis of diabetes mellitus (DM), and other related properties. The second step 1s
developing the DQ ontology. This ontology uses the definitions of the 3Cs of DQ. The
outputs are a domain ontology and sub-ontologies, which represent the ontological
structure and concepts relationships.

Implementation: The upper ontology has been implemented first to represent
the domain broadly. It 1s firstly used for describing necessary general concepts from
CDM point of view and secondly, in our case, particularly adds the constrains for lower
datasets from database in order to meet our DQ goals. Evaluation: Differences in the
quality of data will be compared using the final DQ ontology model with not using the
model for the 3C of diabetic patient records. Health care data consumers’ evaluation
can assess. Maintenance updates and corrects the implemented ontology e.g. DQ
assessment and management in the ePBRN.

2. Results

2.1 Conceptual Stage: We 1dentified 61 papers for synthesis in the literature
review. The 3C of DQ were the most frequently reported dimensions of DQ and CDM
were poorly evaluated. Ontological approaches to improving DQ for decision making
have been effective in both primary and secondary care settings *. Analysis of diabetes
management found that 200+ concepts were required for a comprehensive conceptual
model.

Useful ontology tools for developing the ontology for CDM were identified
including: Protégé * ° which has a number of advantages: (i) it is an open source
standard; (i1) 1t provides additional semantics; (ii1) it enables simultaneous editing of
the same database; (iv) it uses OWL, SWRL and SPARQL °, as standard ontology
representation languages, and (v) it can manage large-scale domain ontologies *;
SNOMED CT and UMLS are comprehensive medical vocabularies in widespread use
% METHONTOLOGY is the most mature *” of ontology methodologies ”; Ontology-
based multi-agent systems (OBMAS) * that use a layered ontology-driven methodology
and tools to enable their application in different domains and layers. This can resolve
the semantic interoperability problem.
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2.2. Formalization stage: Our research team had created the rules of 3C for
¢PBRN data using Australian National Guidelines, Australian National Data Dictionary
(ANDD), ICD-10, ICPC and SNOMED CT to define data properties, use uniform data
types and formats for each variable.

2.3. Results of the implementation and evaluation stages are still to be
completed. We identified and made decisions to select the most frequently used
ontology reasoners (Pellet 2.3.0 and HermiT 1.3.6) ®. Both reasoners found no logical
inconsistencies (e.g., loops) in our ontology. These reasoners were used to infer logical
consequences from a set of asserted facts or axioms, and provide automated support for
the logical reasoning tasks such as classification, debugging and querying in the system.
Expected results are to identify the individuals in ontology or records from datasets of
databases which follow or violate the rules (represented i DQ ontology) of the 3C of
data.

3. Discussion

Work to date supports an ontological approach to develop the 3C of DQ for diabetes
management in the ePBRN. However, we need to consider the actual and potential
challenges as we transition between the conceptualization and formalization and
implementation stages. So, will this ontology differ with different chronic diseases and
care settings? Will it differ with different provider and patient socio-demographics?
Will the limitations of the tools and development environment used for formalization
cause the loss of too much contextual richness and render the exercise irrelevant? The
loss of reality with increasing abstraction is a challenge inherent in all informatics and
ontology work. Multiple views and taxonomies, often with conflicting semantics,
present another challenge.
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Abstract. Introduction: Accurate well-maintained registers arc a prerequisite to
co-ordinated care of patients with chronic discases. Their effectiveness in enabling
improved management is dependent on the quality of the information captured.
This paper provides an overview into the methodology and data quality of the
clectronic Practice Based Rescarch Network. Methods: Clinical records with no
identifying information arc routmely extracted from four general practices. The
data are linked in the data warchouse. Data quality is assessed for completeness,
comectness and consistency. Reports on data quality are given back to practices
and semi-structured mterviews provide mformation to interpret the results and
discuss how data quality could be improved. Findings: Data quality is mostly
comiplete for sex and date of birth but indigenous status, smoking and weight were
incamplete. There are generally high levels of correctness and internal consistency.
Completeness of records in assisting the management of diabetes patients using the
annual cycle of care was poor. GPs ofien use the progress notes to enter
information during the consultation and coding diagnoses was considered oncrous.
Discussion: The routine capture of electronic clinical health records from primary
health care and health services can be used to monitor performance and improve
the quality of clinical records. There is a need for accurate and comprehensive
clinical records to ensure the safety and quality of clinical practice. Understanding
the true reasons for poor data quality is complex. Having a community-based
rescarch network may assist in answering some of these questions. Conclusion:
Electronic health records are increasingly being used for secondary rescarch and
cvaluation, beyond the primary purpose of supporting clinical care. The data must
be of sufficient quality to support these purposes.

Keywords. clectronic health information, quality improvement

Introduction
Electronic Health Records (EHR) are needed to support quality health care for the

increasing prevalence and burden of chronic diseases: 77% of Australians report one or
more long-term health problems and more than half of those aged 65 years and older
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have five or more chronic conditions [l]. Australian governments [2-5] have
emphasised the need for the effective use of EHR and electronic decision support tools
to collect, share and use information to implement safe, effective and coordinated care
[6-9]. The EHR may have a role in improving management through enabling the ready
identification of cases for inclusion in disease registers and measuring and monitoring
of safety and quality of care [10]. Accurate well-maintained registers have long been
recognised as a prerequisite to co-ordinated care of patients with chronic diseases [11-
19]. Their effectiveness in enabling improved management is dependent on the quality
of the information it holds.

Data quality (DQ) is defined by the International Standards Organisation as “the
totality of features and charactenistics of an entity that bears on its ability to satisfy
stated and implied needs” (ISO 8402-1986, Quality Vocabulary). The Canadian
Institute for Health Information quality framework comprises of six quality
dimensions: accuracy, timeliness, comparability, usability, relevance and privacy &
security [20] while research has mostly focused on accuracy, currency and
completeness [21] or completeness, correctness, consistency and timeliness [22, 23].

A range of deficiencies in the routinely collected electronic information for clinical
[24-27] purposes has been reported in hospital [28] and general practice [29]
information systems, where the lack of coding rules meant that much of the data are
often incomplete or in relatively inaccessible text format as opposed to a structured
data field. Prescribing data are generally of better quality than diagnostic or lifestyle
data [29, 30]. Obvious sources of inaccuracies include the wrong diagnoses, incomplete
or inaccurate data entry, errors in spelling or coding, corruption of the database
architecture or management system, mal-compliance to the organisational protocols
and errors in data extraction [31].

The lack of a common terminology among different EHR and disease registers is
another barrier to the effective use of EHR-based disease registers in both research and
quality improvement. Routinely collected electronic health care data, aggregated into
large data repositories, are increasingly being mined, linked and used for audit,
continuous quality improvement in clinical care, health service planning,
epidemiological study and evaluation research.

We have identified these DQ issues in the electronic Practice Based Research
Network (ePBRN) of general practices and health services in south western Sydney.
The network is being established to support clinical audit, quality improvement and
research into integrated health services with an initial focus on diabetes. The ePBRN
pilot study is examining the issues and challenges for data extraction, linkage and
utility.

Patient clinical information is extracted from participating general practices and
health service information systems, captured in a clinical data warehouse, linked and
used for research purposes. Data quality of clinical records and assurance that
terminologies are consistent are paramount in achieving the aim of the network to
support integrated care and research.

An approach to improving data quality using ontologies is being pursued for the
ePBRN. An ontology is an explicit, formal specification of a shared conceptualisation
[32] that provides a vocabulary of terms, their meanings and relationships to be used in
various application contexts.

An ontological approach has theoretical and practical advantages in developing
cost-cffective automated methods to address data quality, including semantic
interoperability in large repositories of routinely collected data such as those from
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practice-based research networks. This approach enables 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.

The aims of this paper are to: provide an overview into the methodology of the
electronic Practice Based Research Network; and to report some of the findings on the
ePBRN data, data quality and linkage.

1. Methods
1.1. Recruitment

General practices involved in the Primary Health Care Research Network (PHReNet)
or mvolved in integrated care with the South West Sydney Local Health District
diabetes services are invited to participate in the ePBRN. GPs must consent to the
extraction of their patient data.

The first three recruited practices participated in a pilot study to test the system and
processes of extracting the required data, sending and saving it in the repository and
managing the data. A fourth practice has been recruited since and further recruitment is
underway.

1.2. Data Processes

Electronic health records (EHR) of all patients are extracted routinely from the general
practices (3 using MD3, one originally used MD2 and one using Practix) using
GRHANITE™ and sent encrypted to a secure data warchouse at the University of
NSW. No identifying information is extracted from the practice. The GRHANITE™
tool creates a unique patient identifier using components of the patients name, address,
date of birth and Medicare number. This unique identifier can be matched
probabilistically to enable linkage with other data extracted by GRHANITE™ from the
EHRSs of different participating services.

The data arrives at the warchouse encrypted. The GRHANITE™ data manager
decrypts and links the data which is viewed in SQL Server Manager 2005. Data is
captured in a number of tables (e.g. patient, pathology, diagnoses). Patients are
identified within each table by the pseudonymised patient identifier. The patient table
has one record for each patient while other tables may have multiple records for
patients (e.g. medication).

Once data is in the warehouse all records are linked to identify patients who have a
record at more than one of the practices or duplicate records with the practice.

1.3. Data Mining
Pathology results from Practix and Medical Director 2 are extracted in text or HTML

format. A data mining tool we developed will extract the pathology results for HbAlc,
lipids, microalbumin and kidney function at the data warehouse.
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1.4. Patient Privacy

A number of strategies are in place to protect patient privacy. These include the use of
GRHANITE™ to extract pseudonymised data containing no patient identifying
information; providing an opt out option for patients using the GRHANITE™ consent
management function (patients are informed about the study via a poster at the
practices and are able to have their records excluded from the data extraction by
informing the practice staff); storing the data in a password protected and secure
electronic format on a physical web server hosted by the University of NSW.

1.5. Literature Review on Data Quality

A literature review was conducted to identify how data quality is defined, assessed and
managed in health care, how ontologies are being used and the role(s) of ontologies in
chronic disease management. The results of this review are being used to inform the
development and implementation of an ontological approach to improve identification
of patients and data quality.

1.6. Data Quality

A range of data quality dimensions were identified based on a conceptual framework
developed from the literature review. We assessed these and decided to address
completeness, correctness and consistency as the first priorities. The following
defimitions are being used:

» Completeness —Two levels of completeness are defined. The first is the
availability of at least one record per patient for some social determinants (sex,
age, indigenous status) and nisk factors (BMI, blood pressure, HbAlc, total
cholesterol and smoking). The second level is the availability of information
required to make a clinical decision. For the information required to manage
diabetes, we started with some of the components of the diabetes annual cycle
of care: HbAlc recorded at least once a year, blood pressure twice a year,
lipids once a year and BMI twice a year.

* Correctness — A valid and appropriate clinical record with correct unit of
measurements and within acceptable clinical range. For example, the unit for
weight is expressed as kilograms, is appropriate for age and within an
acceptable weight range. Outlying results were identified and assessed by two
researchers as being within or outside an acceptable range based.

o Consistency — A uniform data type, format (e.g. string, numeric) and standard
terminology and coding within the practice or externally (e.g. Australian
National Data Dictionary, SNOMED or ICPC).

1.7. Feedback to Practices
Reports on data quality and diabetes related care is provided back to practices.

Meetings and/or semi-structured interviews between practice staff and the researchers
are organised to interpret results and discuss how data quality can be improved.
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1.8. Validation

Internal and external validation of the GRHANITE™ extraction tool is being
conducted. For internal validation the extraction specifications are being checked
against the XML extraction file and the data in the ePBRN data repository.

The external validation involves extracting diabetes data from four practices using
the GRHANITE™ extraction tool, the PEN Computer Systems Clinical Audit Tool
(CAT) and the Canning Division of General Practice Tool consecutively. The
GRHANITE™ extraction specification is being updated to extract data from the same
tables as the comparison tools after an initial test showed differences. The data being
examined in the validation study include some demographic and diabetes related items.
All the data extracted are compared and checked for completeness, correctness and
consistency within each practice where possible. Differences within practices will be
compared across the practices. The research questions for the external validation are:
What is the data quality at each practice using the different extraction methods?; What
1s the comparative data quality between practices for the extraction methods?; and
What are the underlying reasons for the results?

2. Findings
Four practices in south western Sydney are currently providing data routinely to the
ePBRN. Table | show some information about the practices involved and Table 2

presents the number of records captured in one extraction from each of the practices.

Table 1. ¢PBRN practices

Practices
Practice 1 Practice 2 Practice 3 Practice 4
Clinical software MD?2 then MD3 MD3 Practix MD3
GPs 5 -+ >7 7
Practice nurse/s No No Yes Yes

Note: MD=Medical Director

Table 2. Frequencies of some records captured in the data warchouse in December 2011 for ePBRN
practices

Records for: Practice | Practice 2 Practice 3 Practice 4 TOTALS
Paticnts 15,215 3188 26,621 29,637 74,661
Consultations 310978 14.657 641.787 488.204 1.455.626
Prescriptions 220,167 7398 93.071 272515 593,151
Pathology 233.020 23871 360390 423,061 958,798
Mecasures* 172476 13,356 21.245° 361,647 547479

*All measures such as blood pressure, temperature, weight, height, BMI and some pathology (c.g. lipids,
HbAlc, kidney function); *Blood pressure, height and weight only included

2.1. Data Quality

Data quality was mostly complete for sex and date of birth but indigenous status,
smoking and weight were incomplete. The data generally had high levels of correctness
and was internally consistent. Data quality for diabetes patients was similar to the data
quality of all patients. However, completeness of records to assist with the management
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of diabetes patients and for the annual cycle of care was poor. Table 3 shows the
completeness, correctness and consistency of records for all patients in the practices,
Table 4 shows the completeness of records for diabetes patients and Table 5 shows the
completeness of records for some variables included in the diabetes annual cycle of
care for one practice in one year.

Table 3. Data quality of all patient records as at December 2011 (results arc percentages)

Practice | (15.215) Practice 2 (3.188) Practice 3 (n=26,621)
Comp Cor. Consist. Comp. Corr.  Consist. Comp. Com.  Consist.

Sex 9.9 100 100 NS NS 100 10 9.2 100
Date of 9.9 100 100 100 99.9 100 100 9.8 100
birth

Indigenou 83 974 NA 38 100 100 735 100 100
s status

Smoking 319 100 100 48.7 100 100 67.3 100 100
status

Wcighl‘ 0 NA NA 82 100 100 13.57 999 100

Table 3 Note: Comp.=complete: comr.=comect; consist=internal consistency *denominator is the number of
patients except for weight correctness and weight consistency that has the denommator as the number of
records; NA not available; *Includes multiple records/paticnt

Table 4. Complctencss of records - Percentage of all diabetes patients with at least 1 record for some social
determinants and risk factors at three of the cPBRN practices since 2000

Practice 2 Practice 3 Practice 4

Y% % %
Sex 100 100 100
Date of birth 100 100 100
Height results 27 40 48
Weight results' 39 43 52
BMI results 19 39 42
BP results’ 66 52 56
HbAlc records 10 86 21
HbAlc results’ 75 NA 21
TC records X 63 52

* denominator is number with a record; NA Not available: X not extracted

Table 5. Completeness of records for components of the disbetes annual cycle of care for one practice in
2010

Practice

3(n=453)

HbAlC (1/y7) 156 (34.4)
BP (2hyr) 72(15.9)
Lipids (1/vr) 301 (66.4)
BMI{2lyr) 62 (13.6)

More details on the data quality findings are published elsewhere [33].

Three semi-structured meetings (one with each of the pilot practices) were held
with 7 GPs. GPs said they often used the progress notes rather than use the structured
fields in the clinical software.

“I think a lot of the time we just write it in the progress notes and it won 't extract.”

One practice had trnied coding diagnoses for a period of time but found it onerous
and not useful for patient care as well as detracting from the consultation.
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“I mean we can code for the purposes of extracting data and that sort of
thing. .......... it is an added 2 minutes on to a consultation which is difficult to do and
that is difficult to actually code because it takes a different style of thinking instead of
actually doing the consultation.”

2.2. Data Linkage and Probabilistic Matching

5293 patient records from the four practices created 2,575 patient linkages. These
include linkages within each practice (duplicate patient records) and between the
practices (the same patient at different practices). Despite significant distances between
practices (up to 40 km), there are a significant number of shared patients.

3. Discussion

The routine capture of electronic clinical health records from primary health care and
health services can be used to monitor performance and improve the quality of clinical
records. The aggregation and linkage of these records can be used for translational,
clinical and health services research and quality assurance.

The aim of our ePBRN is to improve integrated care with an initial focus on
diabetes. At the heart of this is the need for accurate and comprehensive clinical
records to ensure the safety and quality of clinical practice.

Practice based research networks are valuable resources for recruiting clinicians
and patients into research studies. It is therefore important that the ePBRN is
representative of primary health care services in the area. To date we have medium and
large sized practices participating. Solo practices in the area are difficult to recruit. Our
long term plan is to recruit 50 general practices and health services in south west
Sydney.

The infrastructure required to support a larger network is being established to cope
with the large quantity of data received from each extraction. Automated processes to
manage the data are gradually being put in place.

Improvements in data quality are being tackled at two levels: in the data warehouse
and at the practice. At the data warehouse level we are taking an ontological approach
by defining the relevant concepts and relationships. Initially, the concepts and
relationships are for diabetes. This will assist in identifying all information in the
warchouse related to a particular concept. For example, to identify diabetes patients
may involve looking for information in diagnoses, pathology (HbAlc), prescriptions
for diabetes related medications and referrals to diabetes educators.

Reports back to the practices aim to improve data entry where it is incomplete or
not consistent or correct. For instance, to improve the identification of patients in the
registry the practice may decide to use consistent terminology or coding within the
practice and ensure diagnoses are entered into the structured fields rather than free text.

The poor completion rates of diabetes management records that we found may be
due to a number of factors. The qualitative findings suggest that GPs don’t always enter
patient information into structured fields. Clinical information may be entered as text in
clinical notes which are not picked up in the extraction. GPs are also not the only
providers of care. Patients may be referred for diabetes related tests to specialists rather
than being organised by the GP. Understanding the true reasons for poor data quality is
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complex. Having a community-based research network may assist in answering some
of these questions.

The ability to link patient records between practices and health services provides a
more comprehensive picture of patient care and use of health services. We found that
despite being up to 40km apart, patients were found to have attended 2 or more of the 4
practices used in this pilot study. Further study and examination of the data extracted
from practices in spatio-geographical network is required.

4. Conclusion

Electronic health records are increasingly being used for secondary research and
evaluation purposes, beyond the primary purpose of supporting clinical care. The data
in these EHRs must be of sufficient quality to support these purposes. However, there
is little systematic research into the quality of routinely collected data in EHRs and the
disease registers created from them. This ePBRN research program aims to address this

gap systematically.
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Abstract. This paper describes a work in progress that explores the applicabil-
ity of ontologies to solve problems in the medical domain. We investigate
whether it is feasible to use ontologies and ontology-based data access (OBDA)
to automate common clinical tasks faced by general practitioners (GPs), which
are labor-intensive and error prone in terms of relevant information retrieved
from electronic health records (EHRSs). Our study aims to improve the selection
of diabetes patients for clinical trials or medical research. The biggest impedi-
ment to automating such clinical tasks is the essential bridging of the semantic
gaps between existing patient data in EHRs, such as reasons for visit, chronic
conditions and diagnoses, pathology tests and prescriptions stored in general
practice EHRs (GPEHR), and the ways which medical researchers or GPs in-
terpret those records. Our current understanding is that automated identification
of diabetes patients can be specified systematically as a solution supported by
semantic retrieval. We detail the challenges to building a realistic case study,
which consists of solving issues related to conceptualization of data and domain
context, integration of different datasets, ontology creation based on the

SNOMED CT-AU® standard, mapping between existing data and ontology,
and the challenge of data fitness for research use. Our prototype is based on da-

ta which scale to thirteen years of approximately 100,000 anonymous patient
records from four general practices in south western Sydney.

Keywords: Ontology, Diabetes Mellitus, Electronic Health Records, eHealth,
Knowledgebase Management, Ontology Based Database Access

1 Introduction

This paper reports on work that explores the applicability of ontologies for solutions
in the health domain. In Australia, the main health applications of ontologies appear
to be the SNOMED terminology services. We investigated the feasibility of the use of
ontologies and OBDA to automate clinical tasks, such as identifying patients with
specific diabetes mellitus (DM) phenotypes in EHRs contributing to the data reposito-
ry of the electronic Practice Based Research Network (ePBRN). The ePBRN is used

¢PBRN, p. 1, 2011.
© Springer-Verlag Berlin Heidelberg 2011
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to conduct translational research on primary and integrated care, including tracking
patients, managing chronic disease, and providing quality evidence-based care. The
biggest barrier to automating the clinical task of identifying a patient with DM is the
semantic gaps between patient data in EHRs, such as reasons for visit, diagnoses,
pathology tests and prescriptions, and how these EHR data are interpreted. For exam-
ple, in addition to a diagnostic label, DM can be implied by a blood glucose test with
suggestive levels of diabetes, certain medications such as oral hypoglycaemics or
insulin, or the use of DM supplies such as glucose diagnostic strips. By using ontolo-
gies, our experiments show that it is possible to automate this interpretation process
and build a reusable conceptual infrastructure over diverse standards or experience or
datasets. Currently most efforts at automation is only limited within individual clinics
or in a physician-driven process or at data levels.

The SNOMED CT-AU®, the Australian extension to SNOMED CT® (Systema-

tized Nomenclature Of Medicine Clinical Terms), is an ontology which formally de-
fines classes of medical procedure, pharmaceutical or biologic product, and body

structure and so on. The SNOMED CT-AU® Ontology (SCAO) is the reference ter-

minology for EHRs in Australia. SCAO is available in Web Ontology Language
(OWL) format from the Australian National E-Health Transition Authority (NEHTA).
Our experiments showed that the integration of SNOMED CT-AU and the Diabetes
Identification Ontology (DIO) based on ePBRN data to select patients with DM 1s
well suited for our case study. Our key approach is that the automation of the process
of identifying DM patients 1s an issue of semantic retrieval, i.e. selection criteria can
be expressed as semantic queries, which are processed by a reasoner to retrieve ex-
plicit information on eligible patients from datasets and infer implicit knowledge from
ontologies simultaneously.

The objective of this study is to assess the practicality and utility of ontologies in a
real world environment. The technical challenges of conceptualization of data and
domain context, ontology integration of different datasets or ontologies, mapping
between existing datasets and ontologies, and finding solutions to ensure data fitness
for clinical or research use will be described and discussed in the following sections.

2 Methodology

The architecture for this study comprises six parts separated by dashed lines as shown
in Figure 1. Patient data were extracted from individual GPEHRSs, e.g. Medical Direc-
tor™" at each clinic by GRHANITE™. The software provides a data repository over
server called GRHANITE™ Databank, in our case the ePBRN repository operated by
MS SQL Server™. The ABox, associated with instances of ontology classes or prop-
erties, is populated through ontopPro (formerly known as an OBDA plugin for Prote-
g¢%). Another primary component in our knowledgebase, the TBox, related to concep-

! http:/fwww.hen. com. aw/Products/Medical+ Director
2 http://www.grhanite.com/
3 http://protege.stanford.edu/
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tual terminologies defined in ontologies, is built through Protégé, a popular open
source ontology editor and knowledgebase framework.

! Medical/Translational ' Clinical Knowledge from
! Researchers ' Medical Professionals
|

Patient data in EHRs

Create

Diabetes SNOMED
Identification CT-AU
Ontology Ontology

Semantic Queries e.g. \ |
Selection criteria based |

Integrate/Embed

Query Engine/
Ontology
Reasoner

Ontology Editor/
{nowledgebase

Protégé’s Plugin
Framework

Populate ! Output

Information on Eligible
Diabetes Patients

Fig 1. ePBRN Diabetes Identification Case Study Solution Architecture

Clinical selection criteria are formulated as semantic queries in SPARQL Protocol
and RDF Query Language (SPARQL). The SPARQL query engine QUEST* that
comes with ontopPro5 checks the queries against the knowledgebase to retrieve
matched patients. A demonstration is given for each of six parts in Figure 1.

The first step in building this solution is creating the specific DIO in hierarchical
conceptual modeling, based on the Australian National Guidelines for Type 2 Diabe-
tes Mellitus (T2DM) and discussions with the research team and GPs participating in
the ¢PBRN. The output of this first task is a formalized ontology which consists of 4
main classes Actor, Content, Mechanism and Impact and 68 subclasses with ob-
ject/data properties. Some of them can be mapped to the SNOMED CT-ATU Ontology
(SCAO), which has more than 300,000 concepts.

Due to the small number of concepts captured by the DIO, the mapping can be op-
erated manually. For example, T2DM is a Disease under the subclass of Problem
which has a superclass Context in DIO. In the SCAO, T2DM is a disorder of glucose
metabolism which is a subelass of Disease under the highest level concept of Clinical

* http /fsemanticweb orgwiki/Quest/
> http Hontop.inf unibz. it/
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finding. Similarly, Actor class in DIO corresponds to Environment or Geographical
location in SCAO. However the automation of integration of two ontologies can be
complex for large terminologies.

Next we linked the server objects n SQL Server to integrate other heterogeneous
datasets by T-SQL™. The SQL query results are mapped by ontopPro for ABox asso-
ciated with relevant classes in ontologies. This meant that the schematic or semantic
heterogeneity challenges faced were solved at either data or ontology level. The map-
ping mechanism supplied by ontopPro theoretically based on OBDA [1], provided a
big advantage on populating class members, assigning property values, and incorpo-
rating schematic data in the ePBRN repository with semantic concepts in ontologies.
The raw data in EHRs that contribute to the ePBRN repository are incomplete, incor-
rect and inconsistent (against external standards or mnternal logic perspectives). We
used definitions of properties in DIO or mappings created in ontopPro to solve core
data quality issues before preparation of semantic queries.

We then wrote semantic queries in SPARQL according to requirements from do-
main experts, and ran them through QUEST, the query engine and OWL reasoner.
The query results are expected to identify DM patients and help clinicians to manage
the cycle of care for the cohort. The SPARQL queries were validated using SQL over
an artificial dataset of 100 patients schematically similar to the ePBRN dataset. The
approach that we developed and tested on the artificial dataset will be scalable to the
ePBRN repository of more than 100,000 patient records. Other use case scenarios,
for example assisting researchers to conduct association and/or controlled studies will
contribute to the validation of the architecture.

3 Discussion and Conclusion

We have briefly presented a feasibility study of the use of ontologies to detect pa-
tients with DM in real world EHRs. Using real patient datasets, we solved some engi-
neering challenges around ontology creation and integration, bridging between ontol-
ogies and datasets, and data quality [2]. Apart from usability, interoperability and
scalability aforementioned, other quality attributers are assessed closely for architec-
ture evaluation for instance, modifiability with many facades/locations where da-
ta/data types are transferred in our solution, integrability and extensibility which are
especially critical as several open source software components are used in our design.
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