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Abstract 

This research began a journey towards improved maturity around data quality management in New Zealand health 

care, where total data quality management is ‘business as usual’, institutionalised into the daily practices of all those 

who work in health care. The increasingly information intensive nature of health care demands a proactive and 

strategic approach to data quality to ensure the right information is available to the right person at the right time in 

the right format, all in consideration of the rights of the patient to have his/her health data protected and used in an 

ethical way. The work extends and tests principles to establish good practice and overcome practical barriers. This 

thesis explores the issues that define and control data quality in the national health data collections and the 

mechanisms and frameworks that can be developed to achieve and sustain good data quality. The research is 

interpretive, studying meaning within a social setting. The research provides the structure for learning and potential 

change through the utilisation of action research. Grounded theory provides the structure for the analysis of 

qualitative data through inductive coding and constant comparison in the analysis phase of the action research 

iterative cycle. Participatory observation provided considerable rich data as the researcher was a member of staff 

within the organisation. Data were also collected at workshops, focus groups, structured meetings and interviews. 

The development of a Data Quality Evaluation Framework and a national Data Quality Improvement Strategy 

provides clear direction for a holistic and ‘whole of health sector’ way of viewing data quality, with the ability for 

organisations to develop and implement local innovations through locally developed strategies and data quality 

improvement programmes. The researcher utilised the theory of appreciative enquiry (Fry, 2002) to positively 

encourage change, and to encourage the utilisation of existing organisational knowledge. Simple rules, such as the 

TDQM process and the data quality dimensions guided the change, leaving room for innovation. The theory of 

‘complex systems of adjustment’ (Champagne, 2002; Stacey, 1993) can be instilled in the organisation to encourage 

change through the constant interaction of people throughout the organisation. 

Keywords: Institutionalisation, Data Quality, New Zealand Health Sector 

 

1.0 INTRODUCTION 

It has been estimated by an industry consultant that 1–5% of data found in organisations are of poor quality 

(Redman, 1996a). The average perceived cost of poor data quality is as high as 10% of organisations’ revenues, 

according to a 1998 survey of New Zealand and Australian organisations (Malcom, 1998; Redman, 1996a, 1996b). 

The survey queried 29 organisations from government, banking and financial, utilities and service organisations. 

These costs arise through the need to repeat work, cleanse data, fix and find errors, reduced trust in data meaning 

duplicate data are collected, and lost customers through poor customer relationship management. This thesis is 

concerned with the issues that define and control data quality and the mechanisms and frameworks that can be 

developed to achieve and sustain good data quality. In particular, the work focuses on the requirements to create high 

quality data in the New Zealand health sector and develops the fundamentals of data quality in this environment. The 

work extends and tests these principles to establish good practice and overcome practical barriers. Data quality is 

central to both health planning and delivery as it is a key factor in balancing the equation between appropriateness 

(i.e. quality) and cost effective health care.  

 

1.1 Searching the Data Quality Literature 

Data quality is now emerging as a discipline, with specific research programmes underway within Universities, 

the most significant being that of the Engineering School Information Quality Programme at the Massachusetts 

Institute of Technology (MIT)1. The field encompasses the well-established Quality Discipline, drawing on the work 

of Deming (Deming, 1982), with the adaptation of the plan, do, check, act, cycle of Crosby (Crosby, 1980), through 

the notion that ‘quality is free’ because of the cost of doing things wrong, and Juran (Juran & Godfrey, 1999) through 

the utilisation of Six Sigma and Total Quality Management, adapted to Total Data Quality Management (TDQM) and 

the management of information as a product (Wang, Lee, Pipino, & Strong, 1998).  An extensive review of the data 

quality literature was undertaken by Wang et al (Wang, Storey, & Firth, 1995) in 1995, finding articles dating back to 

1970. The review found that at that time research efforts focused on operation and assurance costs, research and 
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development, and the production of data products. Much of the current literature continues to focus on solving specific 

data quality issues but with a move towards Customer Relationship Management (CRM) (Alshawi, Missi, & Eldabi, 

2003) to justify the cost of improvement programmes. MIT publishes many articles outlining the systematic prevention 

of errors through the adoption of total quality management principles and much of the current research utilises these 

principles.  

In the present study a search on electronic sources using the phrases ‘data quality’, ‘information quality’ and ‘data 

assurance’ provided an initial overview of the literature. The search was on databases from multiple disciplines due 

to the cross-disciplinary nature of data quality. For example, there is considerable research around data quality in 

health care that is published only in health related journals. More specific searches on journals such as 

Communications of the Association of Computing Machinery (ACM), and the Institute of Electrical and Electronic 

Engineers (IEEE), and MIS Quarterly, elicited much of the foundation literature for the data quality discipline 

underpinning the current work. Further research was then elicited through a review of the references cited in the 

articles found. Websites provided considerable available literature through data quality organisations, such as the 

newly formed International Association for Information and Data Quality (IDIAQ)2, the MIT Information Quality 

Programme Website3, and Data Management Review Online4. The MIT website provides academic literature, with 

many commercial websites providing case studies and anecdotal information. 

Health care related articles were located through searching the online health care databases, such as PubMed, 

Cinhal, and Medline. This was followed by specific journal searches. Much of the health care literature focuses on 

data quality in clinical research, with websites also containing a wider reference to data quality improvement for 

national and local clinical, administrative and management data that are required to manage health care. Key elements 

of this literature are discussed below. 

 

1.2 Data, Information and Knowledge 

Tayi and Ballou (Tayi & Ballou, 1998) define data as ‘the raw material for the information age’. A datum is a 

fact; a value assigned to a variable (Saba & McCormick, 2001), a single observational point that characterises a 

relationship (Shortliffe & Barnett, 2000). Data support managerial and professional work and are critical to all 

decisions at all levels of an enterprise (Tayi & Ballou, 1998), (Fuller & Redman, 1994). Data can take the form of 

single entities that are textual or numerical, but can also include documents, photographic images, sound, or video 

segments (McFadden, Hoffer, & Prescott, 1999). In particular in the health care environment data are found in many 

different forms than just textual (Hovenga, Kidd, & Cesnik, 1996). Unlike physical raw material, however, data are 

not consumed and in fact can be reused repeatedly for various purposes (Tayi & Ballou, 1998). Data models are the 

definitions of entities, their attributes, and the relationships between them that organisations use to structure their view 

of the real world (Fox & Levitin, 1996), (Rothenburg, 1996). There is general agreement in the literature that data are 

now important to all organisations, regardless of their functions. Organisations are becoming more and more 

dependent on data; virtually everything the modern organisation does both creates and depends upon enormous 

quantities of data. A comprehensive data management program is therefore essential to meet the needs of the 

organisation (Pautke & Redman, 2001). 

The management of data is becoming increasingly complex, in part through the progress of technology such as 

databases and telecommunications (Fuller & Redman, 1994). Pautke and Adelman (Adelman, 2001) have found that 

the typical organisation does not take full advantage of its data resources. There is often a poor connection between 

the organisation’s business strategy and the data it holds and manages. Data are of low accuracy levels, there is 

inadequate knowledge of what data resources are available and lack of management accountability. These issues point 

to the need for an organisation-wide policy on data management that actively considers data as a business requirement, 

that data should be of good quality and that accountability for data needs to sit at the highest level of the organisation. 

According to Adelman (Adelman, 2001), what is required is a ‘data strategy’.  

Information is useful data that have been processed in such a way as to increase the knowledge of the person who 

uses the data (McFadden et al., 1999) and the term is often used interchangeably with ‘data’ in the data quality 

literature. High quality data and derived information are also needed to create institutional knowledge (stored 

information) plus reasoning processes that help an organisation extract the maximum benefit from the resources. This 

approach, which has recently been dubbed knowledge management (Davenport, 1998; Davidson & Voss, 2002), draws 

together the tangible and intangible elements of data and shares them amongst all workers. 

                                                           
2 www.iaidq.org 
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English (English, 1999b), as a consultant in the field of data quality, builds on the idea of information being data 

in context, with knowledge being information in context, where you know the significance of the information. 

Translating information into knowledge requires experience and reflection. Knowledge emerges from the 

transformation of information, is derived through the formal and informal analysis and interpretation of data, but does 

not always result from processing information (Shortliffe & Barnett, 2000). Knowledge itself may be processed to 

generate decisions and new knowledge (Saba & McCormick, 2001) including the results of formal studies and also 

commonsense facts, assumptions, heuristics (strategic rules of thumb), and models – any of which may reflect the 

experience or biases of people who interpret the initial data (Shortliffe & Barnett, 2000). 

 

1.2.1 Quality 

Data (or information) quality is now recognised as one aspect of the Total Quality Management (TQM) 

movement. Perhaps the first and best known quality practitioner is W Edwards Deming. Deming initiated extensive 

changes in work practices that brought about a culture of quality at all levels of the organisation. The widely practised 

Deming Cycle for Quality Enhancement (Deming, 1982) consists of: 

  

 plan – develop a plan for improving a process that produces commodities with unacceptable quality;  

 do – implement the improvement in a controlled environment; 

 check – assess the results to see if the plan has achieved the desired results on the level quality; 

 act – if so, roll out the improvement to provide consistent results.  

 

Another of the founders of the data quality movement is Joseph Juran. Juran is considered by many to be the 

father of the modern quality movement and developed the ‘Six Sigma’ theory of TQM (Juran & Godfrey, 1999). Juran 

purports that most of the possibilities for improvement lie in action on the organisation’s systems, and that 

contributions of production workers to improve quality are severely limited. Six Sigma is a whole operating 

philosophy of a customer focused methodology that drives out waste, raises levels of quality and improves the 

financial and time performance of organisations. Crosby, another recognised quality practitioner, writes about the cost 

implications of data quality and his best known book is titled ‘Quality is Free’ (Crosby, 1980). The cost of quality is 

defined as ‘the expense of doing things wrong’. Crosby sees quality as an achievable, measurable, profitable entity 

that can be installed once you have commitment and understanding from management down to all levels of the 

organisation. Quality is defined as ‘conformance to requirements’ to assist in its management. Similar to Deming, 

Crosby notes that the system is where quality fails, not in workforce issues.  

Some organisations have implemented TQM programmes with considerable success, i.e. increased efficiency and 

profits. There has been less success in companies where there has been incomplete buy in to the TQM philosophy, 

particularly amongst management (Juran & Godfrey, 1999). The health care sector is now beginning to implement 

quality management programmes to improve care processes in the light of poor safety records for patient care (Institute 

of Medicine, 2000) following recognition that more and better quality information is required to manage health care 

effectively (Pierce, 2004a). 

 

1.2.2 Data Quality 

Klein and Rossin (Klein & Rossin, 1999) note there is no single definition of data quality accepted by 

researchers and those working in the discipline. Data quality takes a consumer-focused view (consumers being people 

or groups who have experience in using organisational data to make business decisions) that quality data are ‘data that 

are fit for use’ (Wang, Strong, & Guarascio, 1996), (Redman, 2001), (Loshin, 2001). Data quality is ‘contextual’; the 

user defines what is good data quality for each proposed use of the data, within its context of use (Strong, Lee, & 

Wang, 1997), (Pringle, Wilson, & Grol, 2002). Therefore: Data are of high quality if they are fit for their intended 

uses in operations, decision-making, and planning. Data are fit for use if they are free of defects and possess desired 

features. (Redman, 2001). Often the same data are used several times across the organisation for different purposes 

using different presentations. Therefore, data quality needs to be a multidimensional concept (Klein & Rossin, 1999) 

as data themselves are multidimensional (Fox & Levitin, 1996; Juran & Godfrey). 

 English (English, 1999a) makes use of  the emerging discipline of ‘Enterprise Data Quality Management’ 

(EDQM) in his data quality consultancy practices, whereby the organisation develops and adopts a set of consistent 

technology processes, which institutionalise data quality as a strategic asset to make a consistent competitive 

advantage. These theories have evolved from the TQM principle and provide the underpinning rigour to the academic 

discipline of data quality. It is particularly important to note that data quality is not just ‘information technology’ or 

‘information systems’ focused. The information system is merely the ‘enabler’, used to create, store, retrieve and 
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manipulate data items. Although such a focus may provide insight and tools to help improve data quality, data quality 

improvements cannot be attained merely through information technology, the problem is one of processes and people 

and technology (Karr, Sanil, & Sacks, 2000). For example, the Data Warehousing Institute surveyed 647 data 

warehousing and business intelligence professionals (Eckerson, 2002). The survey revealed that 76% of data quality 

problems were caused by incorrect data entry by employees. Many studies note that people problems are most apparent 

when data collectors do not understand the importance of their role in the information production process (Lee, 2004), 

(Long, 2004), (UK Audit Commission, 2004), (Kmietowicz, 2004), (Pautke & Redman, 2001). As noted in Ward and 

Peppard: … clearly, technology on its own, no matter how leading edge is not enough. (Ward & Peppard, 2002) 

 

1.2.3 The Context of Data Quality  

Context defines the type of data collected and how they are used, for example, customer data, financial data, 

electrocardiogram (ECG), monitoring data (Dravis, 2004a). Data are also collected within an organisational context, 

under defined policies and procedures. The context under which the data are collected may change over time (Lee, 

2004). Data quality practitioners solve problems by understanding the contexts in which an organisation collects or 

creates data and how the data are stored and used. Data users may decide the quality of the data for their use depending 

on the context under which they were collected. This is particularly noted in the health care environment where data 

are collected from multiple disparate sources (Strong et al., 1997). Problems can arise where users and practitioners 

are not informed of this context and may make assumptions without sufficient data quality information. Data quality 

information is metadata (data about data) that can be included with data to provide the user with information regarding 

the quality of that data (Fisher, Chengalur-Smith, & Ballou, 2003). Metadata are defined as: all the characteristics 

that need to be known about data to build databases and applications and to support knowledge workers and 

information producers. (English, 1999a). As data users are more and more removed from any personal experience 

with the data and the knowledge that would be beneficial in judging the appropriateness of the data for the intended 

decisions, increasing data quality information is required (Fisher et al., 2003). 

 

2.0 DATA STEWARDS, CUSTODIANS, CONSUMERS AND COLLECTORS 

The context under which data are judged for quality can be affected by the role or viewpoint of the assessor. Roles 

are defined by Abate, Diegert and Allen (Abate, Diegert, & Allen, 1998) and Wang, Ziad and Lee  (Wang, Ziad, & 

Lee, 2001) as: 

 Data collectors – those that provide initial input of data by creating, collecting, or supplying data for the 

information product; 

 Data custodians – those that are responsible for storage and maintenance of data through the design, 

development and maintenance of information systems; 

 Data consumers – those that utilise the data for further integration, aggregation, presentation, and 

interpretation of data and information products. 

These roles can overlap, as a single person within an organisation may collect and utilise data, and may also have 

overall responsibility for the management of that data (Loshin, 2001). All roles may view the quality of the same data 

with considerable differences of opinion (Wang et al., 2001), particularly where data custodians are not aware of the 

uses of the data or do not have domain knowledge. Research on the roles in data quality has found that data collectors 

with knowledge about why data are collected throughout the data production process contribute to producing better 

data quality (Lee & Strong, 2003), (Kmietowicz, 2004). The education of the data collector is therefore one of the 

most effective measures to improving data quality (Kmietowicz, 2004), (English, 1999c), (Sanderson, Adams, 

Budden, & Hoare, 2004), (Haan, Adams, & Cook, 2004). 

 

2.1 Data Governance and Ownership 

Governance is the set of processes that ensure an asset is sustained for the benefit of a group of people who value that 

asset. Governance comprises two major processes: that of stewardship, and that of custodianship (Ministry of Health, 

2004). Dravis (Dravis, 2004a) defines a data steward as ‘a person or group who manages those activities that 

encompass data creation, capture, maintenance, decisions, reporting, distribution, and deletion’. Data stewards have 

the authority to approve change and this may be their only role, where there is a data stewardship group consisting of 

representatives from stakeholders. The custodian then takes on the role of actively managing the data. A distinction 

between stewardship and custodianship in the case of national health data collections is provided in Table 1 below. 

 

Governance comprises: 

stewardship, which is: and custodianship, which is 
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 representation of stakeholder 

interests (both data providers and 

data users) in national collections 

requirements, definition and 

maintenance; 

 monitoring of the delivery of 

collections to meet these 

requirements. 

 day to day management of national 

collections development or 

operations; 

 operational decision-making on 

allocation of IS resources or funds; 

 management of IS or business 

projects. 

 

Table 1: Governance and Custodianship (Ministry of Health 2004) 

 

Identifying data ‘ownership’ is considered paramount in data quality, as this ownership helps to define the 

roles and responsibilities throughout the data flow (Loshin, 2001). This can be complex in a distributed, national 

environment where there are many suppliers to one collection, all with varying uses of the data and the sometimes 

considerable cost to suppliers in collecting and submitting data to the national collection. Loshin (Loshin, 2001) 

discusses the ‘creator as owner’ concept, whereby a consortium creates the information, and data from all members 

are required for the data to be of use; therefore the consortium claims ownership of the data. What is required is a 

‘data ownership policy’ whereby the stakeholders, data sets, responsibilities, and dispute resolutions are all clearly 

defined and to which stakeholders agree to subscribe (Loshin, 2001). 

 

3.0 DIMENSIONS OF DATA QUALITY 

The concept of data quality is defined by a set of dimensions, usually considered in data quality literature as 

quality properties or characteristics of data. A data quality dimension is defined by Wang et al (Wang et al., 2001) as 

‘a set of data quality attributes that most data consumers react to in a fairly consistent way’. This treatment of 

dimension is consistent with previous empirical research (Zmud, Lind, & Young, 1990). Modern definitions of data 

quality have a wider scope and many more attributes than the traditional characteristics of accuracy. Ballou and Tayi 

(Ballou & Tayi, 1999) identified four dimensions of data quality as being accuracy, completeness, consistency, and 

timeliness. In 1996, Wand and Wang (Wand & Wang, 1996) noted there was no general agreement on data quality 

dimensions and this is still the case today. However, research is beginning to show consistency, for example, Lee 

(Lee, Strong, Kahn, & Wang, 2002) concurred with Zmud et al (Zmud et al., 1990) that accessibility issues are 

becoming increasingly important to organisations. Each data quality practitioner needs to determine the dimensions 

of data quality applicable to the consumers of their data. Lee et al (Lee et al., 2002) note that dimensions employed 

by data quality practitioners are driven by the context in which they are delivering data quality, more so than academic 

research. Loshin (Loshin, 2001) notes that dimensions take on different levels of importance to different organisations. 

Dimensions break down data quality into practical constructs that can be defined and measured. In defining 

appropriate dimensions for the context of their use the developer must take care to include all relevant dimensions of 

data quality to ensure subsequent appropriate measurements of data quality. For example, measuring timeliness is 

often considered important, as is completeness. By measuring both and prioritising their importance the organisation 

has appropriate data quality information on which to base decisions around a timeliness versus completeness trade off 

(Ballou & Pazer, 1995). Trade-offs are sometimes required where, for example, complete data are not available in a 

timeframe acceptable to the data user, and therefore the user could decide to use the incomplete data set. Data 

consumers may need to decide which is more important for the context in which they use the data. 

These dimensions need to be clearly understood by everyone as having the same meaning to be effective 

(Wand & Wang, 1996). Without consistent definitions for the naming of dimensions, it will be difficult to develop 

generic data quality frameworks. At present there are no consistent definitions used and further research is required in 

this area to develop these definitions.  

Wang & Strong (Wang et al., 1996) analysed the various attributes of data quality from the perspective of 

data consumers. Dimensions were then grouped into four broad categories: intrinsic, contextual, and representational 

and accessibility. These dimensions and categories are detailed in Table 2. Intrinsic data quality captures the fact that 

data has quality in its own right. Contextual data quality highlights the requirement that data quality must be considered 

within the context of the task at hand. Representational and accessibility data quality emphasise the importance of the 

role of information systems (Wang et al., 2001) and reveal the need for ease of use and convenience if ‘quality’ data 

are to be of value. 

 

Category Dimension 
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Intrinsic Accuracy 

Objectivity 

Believability 

Reputation 

Accessibility Accessibility 

Access security 

Contextual Relevancy 

Value-added 

Timeliness 

Completeness 

Amount of data 

Representational Interoperability 

Ease of understanding 

Concise representation 

Consistent representation 

 

Table 2: Data Quality Categories and Dimensions (Wang et al., 1996) 

Gendron and D’Onofrio (Gendron & D'Onofrio, 2001) examined the data quality dimensions developed by 

Wang et al, (Wang et al., 1996) for three sectors of the health care industry, eliminated five dimensions and analysed 

the efficacy of the remaining 15.  They found the dimensions, as noted in Table 3, to be sufficient to define data quality 

in all sectors of the health care industry, but that each segment of the health care industry must develop a set of domain 

specific dimensions to supplement the generic 15.  

 

Category Dimension 

Accuracy of Data Believability 

Accuracy 

Objectivity 

Reputation 

Relevancy of Data Value Added 

Relevancy 

Timeliness 

Completeness 

Appropriate amount of data 

Representation of Data Interpretability 

Ease of Understanding 

Representational Consistency 

Concise Representation 

Accessibility of Data Accessibility 

Access Security 

Eliminated Dimensions Traceability 

Variety of Data Sources 

Ease of Operation 

Flexibility 

Cost-Effectiveness 

 

Table 3: Data Quality Categories and Dimensions (Gendron & D'Onofrio, 2001) 

 

By defining the dimensions important to the health care industry, Gendron and D’Onofrio (Gendron & 

D'Onofrio, 2001) provide the data quality field with clear structure for further research into data quality specifically 

in health care.  

 

3.1 Total Data Quality Management (TDQM) 

Total data quality management (TDQM) is based on the traditional Total Quality Management (TQM) discipline and 

adapts the widely used Deming Quality Cycle (Deming, 1982), pictured in Figure 1, to encompass a continual cycle: 
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define:  e.g. what does data quality mean to the user?;  

measure: to provide data quality information through the measurement of data collections; 

analyse: what level of data quality do we need and where should our priorities lie?; 

improve: implement improvement initiatives. (Kovac, Lee, & Pipino, 1997), (Wang et al., 2001), (English, 1999a). 

 

 
Figure 1: Components of the TDQM Cycle (Wang, 1998) 

 

The definition component of the TDQM cycle identifies important data quality dimensions and the 

corresponding data quality requirements. Defining and measuring data quality should include both objective (metric 

based) and subjective (opinion based) views. The measurement component produces data quality metrics. The analysis 

component identifies root causes for data quality problems and calculates the impact of poor quality data. The 

improvement component provides techniques for improving data quality. The components are applied along data 

quality dimensions according to requirements specified by the consumer. TDQM has been shown to be particularly 

effective in improving information management in organisations where top management has a strong commitment to 

a data quality policy (Wang et al., 2001). 

Defining what data quality means to an organisation the level of data quality required by those who use the 

information can be a difficult task. Wang et al (Wang et al., 2001) provide some guidance. 

 Define the functionalities of the information product. This is the data needed by the data consumers. 

 Define the characteristics of the information product. Information product mapping shows us the ‘critical 

path’ that data takes as it develops into an information product and helps define the information product. 

 Define the basic unit, components and their relationships for the information product through an entity 

relationship (ER) model. The ER model outlines the relationships between different data entities. For new 

data collections, Quality Entity Relationships (QER) can define where data quality can be incorporated into 

the database design (Wang et al 2001). 

 Define the data requirements from the perspectives of information product suppliers, manufacturers, 

consumers and managers. 

 Prioritise the data quality dimensions for the information product. This could include ranking, weighting or 

applying a trade-off to decide what dimensions are of the highest priority for an individual or group of 

information products. 

Fundamental to the TDQM process is that data are seen as product, a valuable asset that should be produced as 

part of a well-defined production process rather than the traditional view of data as a by-product (Wang et al., 1998), 

(Ballou, Wang, Pazer, & Tayi, 1998), (Shankaranarayan, Ziad, & Wang, 2003). A process is ‘a structured, measured 

set of activities designed to produce a specified output for a particular customer or market (such as a bank statement 

or a hospital discharge summary). It implies a strong emphasis on how work is done within an organisation’ (Wu, 

2004). TDQM looks at the processes that data flow through before ending in an information product. Whilst human, 

 

TDQM 

Cycle 

Define 

Improve Analyse 

Measure 
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random error may lead to the entry of incorrect data, it is paramount that none of the processes themselves should 

change the initial meaning of the data leading to systematic errors and repeated data quality problems. 

 

In order to manage data as a product, organisations should: 

 

 know their customers/consumers of the data and their data needs; 

 manage the data as if it were the product (rather than a by-product) of a well-defined data process, which 

includes considering the technology and the organisational culture; 

 manage the entire life cycle of their information products; 

 make management accountable for managing their data processes and resulting products (Wang et al., 1998). 

The multidimensional nature of data and therefore data quality requirements means that TDQM encompasses the 

existing practices of ‘find and fix’ and adds to this the dimension of prevention. Whilst prevention of all errors is the 

aim, it is likely that some errors will still occur. Further, traditional TQM practices encourage building on existing 

practices and knowledge, rather than a complete change (Plsek & Greenhalgh, 2001). There is a paradigm or culture 

shift towards adding preventative measures and process management to a structured data quality programme.  

Process management requires the mapping of each step along the data continuum from collection to warehousing. 

To meet this need, the MIT Information Quality research group has developed the concept of Data Production Maps 

(Ballou et al., 1998). Production Maps use the concept of the Data Flow Diagram (Shankaranarayan & Cai, 2005), 

(Wang et al., 1998), already understood by many information systems professionals. In addition a ‘quality block’ 

provides the analyst with the ability to pinpoint specifically in the data flow where data quality issues are likely to 

arise, what data quality initiatives are already underway, and where data quality checks need to be made. The data 

quality block enhances data quality so that the output stream has a higher quality level than the input stream; the nature 

of the activities performed by the quality control block is context dependent. Davidson (Davidson, 2004) has used this 

process to successfully map patient discharge reporting requirements in a health care environment. The Process Map 

could also be used in the development phase of a new data collection, in much the same way as data modelling 

techniques such as Entity Relationship Modelling (Moody & Shanks, 1998). This would provide the developer with 

a clear outline of where data quality needs to be instilled into the new system, allowing for the prevention of errors 

caused by poorly developed systems (Storey & Wang, 1994). 

 

3.2 Alternative Approaches to TDQM 

The alternative to TDQM, whereby issues are managed through single initiatives such as a ‘database cleanup 

project’, is compared with TDQM methodologies by Redman (Redman, 1994). Cleanup involves inventorying each 

record by comparing its fields with corresponding properties of objects in the real world, discarding inaccurate data, 

and entering new correct values. Many organisations employ outside consultants to provide one off database cleanups. 

This may be an expensive outlay, but provides the organisation with specialist services and a ‘quick fix’. Redman 

(Redman, 1994) does note that cleanup is often necessary, and could be used in conjunction with process management 

where specific deficiencies require immediate rather than long term improvement. Existing data management practices 

within the organisation are unlikely to change as a result, however, and in time further expensive cleanups could be 

required. By comparison, management of the data processes would mean that all processes that can enter or change 

data be identified, the level of data quality measured, and the quality compared with the requirements. Processes that 

are found to be deficient can then be improved.  

Data quality software exists that is able to test data collections for compliance with Codd’s database Integrity 

Rules (Codd, 1986), business rules compliance and data accuracy, and basic completeness of fields. Where data are 

more complex than names and addresses, however, this software can be of limited use and is often expensive to buy 

and support. Many organisations develop in-house software much more applicable to their needs. Much of the 

proprietary software available does not meet the needs of health care, in particular for clinical data, largely due to the 

complexity of the data. Whilst the software does not provide data quality information for all data quality dimensions 

or attributes that may be important to customers, it can be used as one method of data quality assessment. In the area 

of customer relationship management, data quality software is prevalent and often provides sufficient data quality 

information for organisations to improve their customer demographic data. 

 

4.0 THE IMPACT OF POOR DATA QUALITY 

As noted earlier, it has been estimated that around 1-5% of data found in organisations are of poor quality 

(Redman, 1996a). The average perceived cost of poor data quality can be as high as 10% of organisations’ revenues, 

according to a 1998 survey of New Zealand and Australian organisations (Malcom, 1998). Gartner have found that 
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‘by 2005, Fortune 1000 companies will have lost more money in operational inefficiency due to data quality issues 

than they will spend on data warehouse and customer relationship management initiatives’ (Dubois, 2003). 

The cost to private organisations is also far more than merely financial. Trust is lost from valuable customers 

(both internal and external), potential customers and sales are missed, operational costs increased, workers lose 

motivation, long-term business strategy is hindered (Leitheiser, 2001) and business re-engineering is impeded (Bowen, 

Fuhrer, & Guess, 1998; Redman, 1996a; United States Department of Defence, 2003), (Loshin, 2001). Redman also 

details how poor data quality affects operational, tactical and strategic decisions (Redman, 1996a). Strong et al note 

(Strong et al., 1997) the social impact of poor quality data when governmental organisations fail to ensure their data 

have sufficient quality to make effective decisions.  

Organisations generally struggle with the issue of estimating the actual cost of poor data quality and the 

return on investment (ROI) of data quality initiatives (Loshin, 2001), (Ballou & Tayi, 1989). There is no formal 

structure that would be applicable to all organisations; priorities for improvement differ from one organisation to the 

next. The literature suggests that the cost of poor quality is often underestimated as not all impacting factors are 

considered (English, 2003), (Loshin, 2003), (Olson, 2003). In calculating the cost of poor data quality organisations 

need to: 

 assess the business problems that create ‘data scrap and rework’; 

 calculate direct (lost and missed opportunity) versus indirect costs (soft measures); 

 identify the organisation’s key performance indicators (KPIs) and business drivers; 

 identify critical data that has a significant impact on the business; 

 meet with subject matter experts to assess the impact of poor quality (English, 1999a). 

 

The rapid expansion of information technology only increases the problem through the ability to collect large 

amounts of disparate data and to integrate that data. Organisations are only now realising the implications of not 

addressing poor data quality in a systematic fashion (Stackpole, 2001). An example is the progress on e-business, 

where businesses need to change their methods of delivering products and services. Where web services have become 

the foundation of service delivery new and improved ways to manage data quality are required. This method of 

business has increased the complexity of data quality management due to the increase in a company’s interaction with 

its environment and new levels of data integration (English, 2003; Redman, 2001; Segev, 1999). Web based companies 

will have to establish trust with their customers. Those which provide high quality data have a better chance of doing 

so and can expect to achieve competitive advantages (Redman, 2001). 

Poor data quality in health care can impact on patient safety. A significant review of the safety and quality of 

health care in the United States (Institute of Medicine, 2000) found that between 44000 and 98000 deaths in the US 

each year can be attributed to medical errors. While not all of these errors are attributable to data quality issues, the 

report recommends ‘better access to accurate, timely information’ and to ‘make relevant patient information available 

at the point of care’ in an effort to improve patient safety. The cost of compliance for health care providers to meet 

national reporting requirements can be considerable when systems do not provide a process for data collection and 

submission that enables high quality data management. A detailed review of data quality in health care is provided in 

Chapter Two. 

 

4.1 Assessing and Measuring Data Quality 

Pipino et al (Pipino, Lee, & Wang, 2002) conclude that assessing data quality is an ongoing effort that 

requires awareness of the fundamental principles underlying the development of subjective and objective data quality 

metrics. Currently many organisations’ data quality assessments are developed on an ad hoc basis to solve specific 

problems. Data quality is both the subjective perception of those involved in either the collection or usage of an 

organisation’s data; and an objective, measurable metrics-based analysis of the data sets. Subjective data quality 

reflects the needs of the stakeholders. However, because the evaluation is subjective it is important to be cognisant of 

the environment; to be aware that what represents poor data quality to one stakeholder might be deemed more than 

sufficient for another, depending on their perception, usage of that data and requirements (Wand & Wang, 1996). 

When performing objective data quality analyses, metrics must be established and a decision made as to 

whether to test the data in the context of the application and business rules in which it is utilised, or independently. In 

the latter case, the data quality test is often a test of the integrity, validity and quality of the data, whereas in the former, 

it is contextualised to extend the concept of quality into the operational environment that created, sustains and utilises 

those data (Pipino et al., 2002). Data quality problems are more likely to arise as data become more complex, as they 

are shared across multiple systems and as their volume increases.   
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The quality of data can be accessed at an internal level (the data conform to commonly accepted validity 

criteria), a relative level (they comply with the requirements of the user) and at an absolute level, where observation 

and sampling can be used to confirm that data closely resemble reality (Agmon & Ahituv, 1987). Strong et al (Strong 

et al., 1997) define high-quality data as ‘data that are fit for use by data consumers’. This concept of fitness for use 

places an emphasis on both the usefulness and the usability of data, leading to the definition of a data quality problem 

as ‘any difficulty encountered along one or more of the quality dimensions that renders data completely or largely 

unfit for use’ (Strong et al., 1997). As noted earlier the complex nature of data has led to a long standing belief that 

data quality itself has many attributes (Agmon & Ahituv, 1987), (Wang & Strong, 1996) leading to the introduction 

of data quality frameworks to capture this complexity. 

 

4.2 Data Quality Frameworks 

Seminal works (Wang & Strong, 1996), (Willshire & Meyen, 1997), (Eppler & Wittig, 2000) in the area of 

data quality have defined various extensive frameworks to review systems within organisations. The frameworks all 

seek to assess areas where poor quality processes or inefficiencies may reduce the profitability of an organisation. At 

its most basic, a data quality framework is a tool for the assessment of data quality within an organisation (Wang & 

Strong, 1996). The framework can go beyond the individual elements of data quality assessment, becoming integrated 

within the processes of the organisation. Willshire and Meyen (Willshire & Meyen, 1997) describe data quality 

frameworks as ‘a vehicle that an organisation can use to define a model of its data environment, identify relevant data 

quality attributes, analyse data quality attributes in their current or future context, and provide guidance for data quality 

improvement’. Eppler and Wittig (Eppler & Wittig, 2000) add that a framework should not only evaluate, but also 

provide a scheme to analyse and solve data quality problems by proactive management.  

Porter’s (Porter, 1998) conception of theory development adds that a framework:  identifies the relevant 

variables and the questions which the user must answer in order to develop conclusions tailored to a particular 

industry and company. Frameworks seek to help the analyst to better think through the problem by understanding the 

firm and its environment and defining and selecting among strategic alternatives available. Wang and Strong (Wang 

& Strong, 1996) argue that any conceptual model for data quality, such as a framework, should ensure that the 

consumer: 

 is able to access the data; 

 can interpret the data; 

 sees relevance in the data; 

 finds that the data are accurate. 

The final step is to identify, evaluate and select effective remedies. These should be based on the current and future 

functional context or environment, type of data, processes affecting the data, recommendations from the literature, 

experience and best judgement. The framework is a step-by-step process. Steps include: 

a) modelling existing data; 

b) defining data quality attributes; 

c) determining data quality priorities; 

d) evaluating existing data quality levels; 

e) identifying remedies and 

f) re-measuring and reiterating (Gendron & D'Onofrio, 2001). 

Rather than defining a framework, Willshire and Meyen (Willshire & Meyen, 1997) provide a methodology for the 

development of domain specific frameworks. The methodology prescribed is: 

 develop an appropriate functional and data modelling paradigm; 

 define data quality attributes; 

 collect, measure and analyse data quality attributes; 

 identify, evaluate, select, apply and analyse results. 

Similar to the Wang & Strong framework (Wang & Strong 1996), the Willshire and Meyen (Willshire & Meyen, 

1997) framework uses a modelling phase before the traditional define, analyse and improve quality cycle. The model 

would include a description of the environment which the data supports, to provide context for data users, as well as 

describing their needs. Data requirements flow and business rules would be defined.  In developing a data quality 

framework for the International Monetary Fund, Carson (Carson, 2000) notes that an assessment tool for data quality 

needs to have the following characteristics: 

 comprehensive coverage of the dimensions of quality and characteristics that might represent quality; 

 balance between rigour desired by an expert and the bird’s eye view desired by a general data user; 

 structure but enough flexibility to be applicable across a broad range of data collections; 

https://damaacademia.com/fmeja/
http://www.damaacademia.com/


Finance & Management Engineering Journal of Africa (https://damaacademia.com/fmeja/) 
Volume 1, Issue 5, pp.22-46, May 2019 

Published by: Dama Academic Scholarly & Scientific Research Society (www.damaacademia.com) 

ISSN: 2676-2749 (Online) | Impact Factor (IF): 7.807 | Journal DOI: 10.15373/22501991                                      32 

 a lead to transparent results; 

 a conclusion, arrived at by drawing on best practice. 

Data quality practitioners agree (Willshire & Meyen, 1997), (Carson, 2000) that a framework needs both objective 

and subjective attributes to be considered, using both objective and subjective measurement metrics to reflect the 

contextual nature of data quality and the many users of that data. 

An extensive review of data quality frameworks from the last ten years (Eppler & Wittig, 2000) analyses seven 

conceptual frameworks, identifying common elements, differences, and missing components of such frameworks and 

outlines future direction in the development of data quality frameworks. The review found that existing data quality 

frameworks are often domain specific and either strong on objective or subjective measurements, but not strong on 

both types of measurements at the same time. Frameworks also often fail to analyse the interdependencies between 

the various criteria within the framework. Therefore, Eppler and Wittig (Eppler & Wittig, 2000) suggest new 

developments in data quality frameworks provide:  

 a generic framework, not specific to a single application such as data warehouses or corporate 

communications; 

 a framework that shows interdependencies between the different quality criteria; 

 a framework that includes a list of problem areas and indicators, therefore going beyond a simple quality 

criteria list; 

 the development of tools which are based on information quality frameworks; 

 a framework that is at the same time theoretical and practical. 

Included in the Eppler and Wittig (Eppler & Wittig, 2000) assessment of frameworks is the Wang & Strong 

(Wang & Strong, 1996) data quality framework. This framework was assessed using the following criteria – clear 

definitions, contextual positioning, mutually exclusive and collectively exhaustive criteria, concise, provides 

examples, and provides tools. Table 4 shows the conclusions made by Eppler and Wittig (Eppler & Wittig, 2000) 

when assessing the Wang & Strong (Wang & Strong, 1996) framework. They found that overall the framework is 

generic and balanced. The Wang & Strong (Wang & Strong, 1996) framework was the only one out the seven assessed 

that included a means of measurement, tools to assist with using the framework and offering both a solid foundation 

in existing literature and practical applications. The framework also stands out as being the only one to strike a balance 

between theoretical consistency and practical applicability. 

 

Criteria: Wang & Strong 1996 

1. Definitions All criteria and dimensions are defined. 

2. Positioning Clearly positioned within existing information quality literature in the 

information technology context. 

3. Consistency Overall concise. Some criteria are quite similar such as interpretability and 

ease-of-understanding. 

4. Examples Many examples are provided. 

5. Conciseness 16 criteria in 4 dimensions 

6. Tools A comprehensive tool (questionnaire with software support) provided. 

Conclusion Generic, balanced 

 

Table 4: The Assessment of the Wang & Strong (Wang & Strong, 1996) Data Quality Framework Using 

Criteria Defined by Eppler and Wittig (Eppler & Wittig, 2000). 
 

The Eppler and Wittig (Eppler & Wittig, 2000) review of frameworks provides empirical support for the 

development of the Canadian Data Quality Framework and this is discussed further in Chapter Five. It can be said 

from the literature then, that a data quality framework is: a point-in-time assessment and measurement tool, integrated 

into organisational processes, providing a benchmark for the effectiveness of any future data quality improvement 

initiatives and a standardised template for information on data quality both for internal and external users.   Data 

quality frameworks can provide guidelines and structure to an organisation-wide data quality improvement 

programme. 
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5.0 Data Quality Improvement Programmes 

Olson (Olson, 2003) notes that any data quality improvement programme has the goal to reach high levels of 

data quality within the critical data stores. It must encompass all existing important databases and, more importantly, 

is a part of every project that creates new data stores or that migrates, replicates, or integrates existing data stores. Its 

mission is three-fold; to improve, prevent, and monitor.  An analysis of the requirements for a data quality 

improvement programme finds that the data quality practitioners, including English (English, 1999a), Wang (Wang 

et al., 2001), Olson (Olson, 2003) and Loshin (Loshin, 2001), agree that to make effective improvements to data 

quality the organisation needs to: 

 take an organisational view of data management and data quality; 

 have high level buy-in from management to support change and projects across business units; 

 instil a continuous process of improvement and assessment, such as TDQM, with effective measurements 

(data quality metrics) to assess whether improvement has taken place; 

 utilise total quality management principles, such as a customer focused view, to define quality user 

requirements; 

 use statistical process control (Carey & Lloyd, 2001) to highlight process management, process measurement 

and process improvement; 

 instil, in the organisation, a culture of producing information products that contain high quality data; 

 clearly define accountability and ownership of data through data stewards and stewardship policies;  

 provide contextual information and clear standards on data definitions through a metadata repository that is 

maintained and available to all stakeholders; 

 treat data as a product with a life-cycle, map the processes the data flows through and where quality can be 

impacted in that flow; 

 prevent errors and expensive re-work through root cause analysis of known process problems; 

 instil data quality into new systems at the development phase or at the time of system change/upgrade; 

 profile and model data and systems to highlight problems with data quality; 

 understand that data quality is not just an information technology (IT) problem; IT enables the movement of 

information but is reliant on the data input to be of high quality. The cause of poor quality data is often found 

to be human or process error. 

A programme of work is required by many participants in an organisation and often across business units to implement 

the above initiatives and such a programme requires long term commitment (Olson, 2003).  

 

5.1 A Strategic View of Data Quality 

There are currently few published ‘data quality strategies’, although the components of many data quality 

improvement programmes could be considered strategic. A review of the literature shows there is no one definition 

for what a strategy is. Robson (Robson, 1997) defines strategy as ‘the pattern of resource allocation decisions made 

throughout an organisation. These encapsulate both desired goals and beliefs about what are acceptable and, most 

critically, acceptable means to achieving them’. In discussing data quality strategies, Dravis (Dravis, 2004a) came to 

an appropriate definition of a data quality strategy: a cluster of decisions centred on organisational data quality goals 

that determine the data processes to improve, solutions to implement, and people to engage. 

 

According to Dravis (Dravis, 2003) a data quality strategy should include the following: 

1. a statement of the goals. What is driving the project? 

2. a description of the primary organisational processes impacted by the goals 

3. a high-level list of the major data groups and types that support the operations 

4. a description of the data systems where the data groups are stored 

5. a statement of the type of data and how they are used 

6. discussion of cleansing solutions matching them to the types of data 

7. inventory of the existing points where data are accessed 

8. a plan for how, where, and when the data can be accessed for cleansing 

9. a plan for how often the cleansing activity will occur and on what systems 

10. a detailed list of the individual data elements. 

While Dravis’s (Dravis, 2003) list is a useful starting point, it does include aspects that could be considered ‘sub-

strategies’, such as point numbers 6 to 10, where operational teams may develop applicable strategies to meet these 

requirements. These sub-strategies may not be applicable across all of the organisation’s business units. Further, a 

data quality strategy must consider the needs of the customer and define and document these (Wang et al., 1998). 
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While it may not be possible to meet all the needs of all customers, a practical strategy will define the most 

important customers and meet their most important needs. This may be difficult to do, particularly as customers often 

do not know what their needs are (Redman, 2001). Fuller and Redman (Fuller & Redman, 1994) found when 

improving data quality in a telecommunications company that, similar to Dravis (Dravis, 2003), strategies must feature 

the process approach to ensure long-term sustainable improvement. The greater the rate of turnover in data, the greater 

the relative effort applied to the process approach and that data clean-ups should be targeted at data that turn over 

relatively slowly.  

Redman (Redman, 2001) discusses ‘second generation data quality systems’. The difference between first and 

second-generation systems (systems here means the totality of the organisation’s efforts on data quality) is the 

inclusion of the prevention of errors, reducing the amount of clean up and correction of data required. The second-

generation system includes ‘strategic data quality management’, whereby the data quality program aims to ensure that 

the organisation’s business strategy is ‘data enabled’ so the organisation has the data and information assets required 

to effect its strategy. One benefit of a strategic view is that data are related to strategy and not to information 

technology. A third generation data quality system would be based on the philosophy of making it virtually impossible 

to make errors, similar to six-sigma theory in manufacturing. Redman (Redman, 2001) notes most organisations 

currently focus on the cleaning and correction of data. When a data quality problem is found, organisations increase 

the effort of clean up and correction and are often reticent to change from this paradigm (Lee, 2004). This approach 

will not continue to be effective in the absence of preventative measures due to the increasing amount of data collected 

and could become increasingly cost ineffective. If clean up of data is required, then root cause analysis should be 

performed and changes made to the process or system to ensure the clean up does not need to be repeated (Redman, 

2001), (Loshin, 2001), (English, 1999a). Changing the processes by which data are collected is the fourth step in the 

TDQM process (Lee, 2004). 

 

6.0 CONCLUSION 

This research aims to develop a data quality evaluation framework and improvement strategy for the New 

Zealand Health sector. The research elicits the dimensions of data quality that data consumers, collectors and 

custodians in the New Zealand health care sector consider important to measure and improve. These dimensions form 

the basis of the development of a national strategy for data quality improvement that provides guidance initially to 

data custodians and suppliers of the national health collections, but that can also be used by all stakeholders of data in 

the health sector. The research was limited to the improvement of data quality on the national health data collections 

held at NZHIS, with data supplied by multiple public health care providers. A national health data collection is a long 

term collection of nationwide data or reference data set, of which NZHIS is the custodian on behalf of the sector, and 

which is used for analysis and information provision to achieve improvement in the services and capabilities of the 

publicly funded health sector (Ministry of Health, 2004). A comparison with other domains highlights different driving 

forces, such as a need for cost effective and safe health care rather than improving profit margins. 

The research explores the progress of the learning and development of stakeholders through action research 

methodology that enables the changes in philosophy required to institutionalise data quality, first within the Ministry 

of Health and then out into the national public health sector. Institutionalisation in this context is defined as:  

fundamental changes in daily behaviours, attitudes, and practices that make ‘changes’ permanent. The cultural 

adoption of changes made by process improvement, design or redesign including complete business systems such as 

HR, MIS etc (One Six Sigma Glossary). 

There was considerable impetus from within the organisation for improvement in data quality management, 

and any improvement needed to be applicable to the local environment. The organisation’s management felt that 

improvements needed to be based on the existing literature, where available and appropriate. The framework 

developed by the CIHI appeared to provide an applicable initial guideline for the organisation to further explore 

through action research methods. The absence of literature around strategic data quality management in general, and 

in particular in the context of a national health sector, provided justification for undertaking the research for the 

purpose of a PhD thesis.  

The research questions were developed following an initial review of the literature and discussions with the 

research participants and stakeholders of data in the health sector. This helped to elicit the high level needs of the 

health sector around the improvement of data quality. 

1. What existing data quality theories assist in the decision making around defining and measuring data quality 

requirements in national health data collections? 

2. What are the data quality dimensions considered important to measure and improve by data consumers, 

collectors and custodians in the New Zealand health sector? 

3. What initiatives assist to raise the profile of data quality improvement in the New Zealand health sector? 
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4. What are the data quality roles found and by which stakeholders, in the New Zealand Health sector? 

5. Does action research methodology provide appropriate research methodologies for understanding learning 

and change initiation in a data quality improvement programme? 

6. What steps would be required to initiate a structured data quality improvement programme within the New 

Zealand Health Information Service? 

7. What are the components of a national health care data quality improvement strategy that initiates effective 

‘institutionalisation’ of total data quality management across the New Zealand health sector? 

 

These research questions have evolved through the learning process enabled by action research and grounded 

theory methods for the analysis of research data. The initial action research cycle focused on questions one to five. 

Following initial data collection and analysis it was evident that further work was required to prevent increasing data 

quality problems through the development and implementation of strategic management initiatives and the research 

was expanded to answer research questions numbers six and seven. 

A review of the current data quality literature finds that there are increasing levels of research from an emerging 

discipline that seeks to find ways to improve data quality. This is achieved through the adaptation and application of 

TQM processes and the implementation of TDQM. Much of the literature can be found in information technology 

journals, and also in journals relating to specific domains, where the research outlines the application of data quality 

practices within an organisation or domain. The impetus for research is the increasing complexity of data management 

through improved information technology and telecommunications, allowing for the movement, integration and 

subsequent mining of data. Organisations are beginning to realise the importance of data as an asset to the organisation, 

the potential loss of profits through poor customer relationship management, and the cost of having to fix poor data 

once it is in the information systems.  

The research thus far has provided the discipline with the theoretical underpinnings required to develop practical 

structured programmes to address data quality from a holistic perspective, whereby all aspects of data management 

are addressed with prioritisation for improvements that meet the needs of customers, as defined by customers. The 

roles of customer, collector and custodian have been defined and research has noted the differing data quality needs 

and perceptions for each of these roles. 

Research is now developing ways to combine TDQM into the strategic direction of the organisation, aligning the 

data quality requirements with overall goals of the organisation. At present, there is little research published in this 

area, although some organisations do have data quality programmes with some strategic alignment to the business 

requirements.  

This thesis seeks to develop a national data quality strategy in the domain of health care, where there is now 

considerable interest in general quality improvement in health care delivery and management that requires alongside 

it an improvement in access to high quality clinical and administrative data. The strategy is aimed at the initial 

‘institutionalisation’ of data quality practices within the New Zealand health care sector. It is important to note that 

the New Zealand health care system is not competitive, but collaborative. For this reason the strategy development 

does not seek to provide financial competitive advantage, but does seek to provide the New Zealand health sector with 

world leading data quality management tools. 
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