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Abstract

:

In the health industry, the use of data (including Big Data) is of growing importance. The term ‘Big Data’ characterizes data by its volume, and also by its velocity, variety, and veracity. Big Data needs to have effective data governance, which includes measures to manage and control the use of data and to enhance data quality, availability, and integrity. The type and description of data quality can be expressed in terms of the dimensions of data quality. Well-known dimensions are accuracy, completeness, and consistency, amongst others. Since data quality depends on how the data is expected to be used, the most important data quality dimensions depend on the context of use and industry needs. There is a lack of current research focusing on data quality dimensions for Big Data within the health industry; this paper, therefore, investigates the most important data quality dimensions for Big Data within this context. An inner hermeneutic cycle research approach was used to review relevant literature related to data quality for big health datasets in a systematic way and to produce a list of the most important data quality dimensions. Based on a hierarchical framework for organizing data quality dimensions, the highest ranked category of dimensions was determined.
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1. Introduction


Big Data refers to the capacity to work with datasets using tools different to those used with traditional relational databases [1]. Big Data is generally characterized by volume, variety, and velocity. However, veracity is another characteristic of Big Data which is growing in popularity and concerns the rising issue of certainty or quality involved with the use of data. Data quality (DQ) is explained as data ‘fit for use’ [2]; this broad definition conveys the notion that data is used for certain objectives, and data of high quality would be data which is adequate enough to allow the users of data to meet their objectives. In the realm of Big Data, research on quality is still at an infancy stage, triggering the need for more research in this domain.



The healthcare sector is said to be a multi-trillion-dollar company in the making [3]. It is an example of an industry that makes use of a huge amount of data. Health data can be categorized differently, such as electronic health records, administrative data, claims data, disease registries, health surveys, and clinical trials data, amongst others [3]. Google Flu and Ebola forecast systems are two of the most well-known ways Big Data has been applied in the health industry [3]. There are other lesser known ways, such as:




	
Big Data is being used to improve decision making in the healthcare industry by increasing the potential of evidence-based medicine’s (EBM’s) “small data” [4]. EBM is defined as “the conscientious, explicit, and judicious use of current best evidence in making decisions about the care of individual patients” [5]. Personalized decision support systems (PDSS) are enhancing personalized medicine or evidence-based medicine through big data analytics [6].



	
Healthcare frauds are very serious issues in many countries. Big Data, with the help of data mining combined with machine learning, can play a major role in fraud detection. Data mining can identify some fraud as soon as it happens and therefore positively increase prevention.



	
Big Data analytics is being applied with the aim of reducing patients’ readmission numbers. Patient readmission is not only very expensive for hospitals, but the ratio of patients’ dying after readmission is alarmingly high [7].



	
Big data is proving to be a very useful tool for medical research. As there are many very large medical datasets, such as the human genomic dataset, pharmaceutical companies are harnessing the power of Big Data analytics to discover new medicines and understand diseases.



	
Through the use of Internet of Things (IoT) in healthcare, data is retrieved in a pervasive manner. The data collected through IoT governs the daily life of the patient. Through integrating Big Data and IoT with healthcare, both patients and health facilities cut down costs by reducing the repetition of tests, so they benefit from more accurate diagnoses.








Without proper data quality, most of the above use cases of Big Data in the healthcare industry will not be effective. Many authors involved with data quality argue that understanding the dimensions of data quality is the first step leading toward appropriate data quality activities [8,9,10,11]. Data quality dimensions are the means of expressing the notion of data quality; examples of very frequently cited data quality dimensions (DQDs) involved with Big Data are: consistency, accuracy, completeness, and timeliness [12]. In order to undertake any data quality initiative, it is imperative to ascertain the most important DQDs associated within the domain of data usage.



The principal goal of this paper is to discuss, analyze, and recommend DQDs suitable in the context of Big Data application in the health industry. Using the well-established hierarchical framework developed by [13], the paper also aims to confirm the importance and validity of each of the four main data quality dimension categories in the context stated above. Therefore, a major gap in knowledge would be addressed, as there is currently a lack of precise and scientific ways for evaluating the most important DQDs for Big Data within the health industry.



This paper first reviews relevant literature regarding DQDs in general, and specifically those adopted in the healthcare industry. Secondly, it discusses the application of an inner hermeneutic cycle (IHC) research approach to undergo a systematic review of literature related to data quality for big health datasets and to obtain a list of the most important DQDs. The main findings of the work are then be discussed and, finally, a summary of the results and their implications is given.




2. Literature Review


This section discusses the state of knowledge primarily related to DQDs. The link between data governance and DQ is first elaborated. Further, DQDs are discussed in general and within the specific contexts of Big Data and the healthcare industry.



2.1. Data Governance and Data Quality


Due to the growing awareness of the importance of using data correctly, many organizations are setting up data governance (DG) policies. Even if DG is often regarded as a pure information technology (IT) function, many authors believe that it should be an organization-wide concern [14]. The DG framework of the Data Governance Institute (DGI) defines DG as “the exercise of decision making and authority for data related matters” [15], and the principal benefits for organizations that adopt DG are (1) increased revenue and value, (2) managed cost and complexity; and (3) ensured compliance, security, and privacy risk control.



The DGI data governance framework discusses DQ in terms of DG’s focus on DQ [15]. This framework possesses six main focus areas, one of them being data quality. The idea is that DG programs aimed at improving DQ would normally involve the application of DQ software and could be applied locally to one department or throughout an organization/enterprise. Applying the data governance framework requires the involvement of data stewards and data stakeholders, and it is very often quite a challenging process. Other authors argue that having DG helps toward improving DQ [16]. They state that data governance officers can help improve the consistency and quality of data during the data life cycle instead of relying upon the IT department to achieve this enormous responsibility. The IBM Data Governance Council Maturity Model highlights data quality management as one of the core disciplines of effective data governance. It defines data quality management as “methods to measure, improve and certify the quality and integration of data” [17]. Other authors also list data quality as part of the decision domains for data governance [18]. Their logic is that DG should help set DQD-related standards, such as accuracy and completeness, but it should also create policies to facilitate the proper communication and evaluation of DQ measures.



The few research studies that have focused on Big Data governance also seem to indicate a clear link with DQ, e.g., [15,18,19]. Reviewing some of the major challenges and opportunities of Big Data, Malik [19] states the opinion that the volume and velocity of data will decrease the certainty associated with data. Furthermore, Malik claims that existing data quality technologies cannot cope with the uncertainty issues caused by the volume and velocity characteristics of Big Data.




2.2. Data Quality Dimensions


Throughout the literature, there have been different sets of DQDs considered by several authors. A brief discussion of some of the varied DQDs follows below.



Some authors have investigated how to measure or assess the level of the quality of data. They have argued that some assessments of data quality could be task-independent and, therefore, not restrained by the context of application, while others are task-dependent [20]. Table 1 depicts the main DQDs they thought were worthy of discussion, together with some accepted definitions.



There have been several other research studies undertaken which cite the above as potential DQDs [2,21]. Timeliness was investigated in the context of information manufacturing systems [21]. The aim was to assess the trade-off between maximizing accuracy and completeness versus improving timeliness. The results show a direct positive relationship between timeliness and accuracy in the sense that data recently created has been found to be more accurate, and that completeness depends upon the input time of data. This type of research demonstrates that the context of data use, in this case, information manufacturing systems, is very important in determining relevant DQ dimensions.



Panahy et al. [2] also discussed the trade-off between accuracy and timeliness while aiming to investigate the dependencies between four different DQ dimensions, namely: accuracy, completeness, consistency, and timeliness. The authors created a questionnaire called the ACCTI (accuracy, completeness, consistency and timeliness, improvement process) framework to assess correlations between the four DQDs cited above. After the application of multivariate statistical tests, the use of Bartlett’s test appeared to imply that the four dimensions denote a high level of dependency based on answers about different information systems. Hence, there seems to be some indication that the above four DQ dimensions are normally very relevant for different types of information systems, even if the research did not involve Big Data.



However, there seems to be a lack of uniformity and standardization in the terms used to describe DQDs [9]. Some ideas have been expressed by interchangeable terms: for example, some authors have described the idea of accuracy by use of the term completeness [22]. In other cases, other terms have been used to describe the same dimension of accuracy. Accuracy has been referred to as precision and also semantic accuracy [23]. Dong et al. [24] explained the notion of accuracy as ‘true value’ in the context of data fusion, which refers to a process of integrating data from different sources together while maintaining a standard of data quality.




2.3. Dimensions of Data Quality for Big Data


The high volume and velocity properties of Big Data make it more challenging to distinguish between clean and dirty data for further data analysis. Also, due to data coming from multiple sources, there is a need for a more effective method of increasing data quality through machine learning approaches [25]. Other authors argue that the importance of improving data quality for Big Data might not be high, since the amount of incorrect data is deemed to be negligible and hence will not affect the final outcome of data analysis [26]. The amount and impact of the erroneous or ‘dirty’ data as part of a big dataset is crucial in determining the importance of data quality for Big Data. A better understanding of DQDs that is more relevant for Big Data will support research and industry in building more appropriate data quality tools.



Caballero et al. [23] posit that the main DQD to be considered for Big Data is consistency, which they explain as the capability of information systems to ensure uniformity of datasets when data are being transferred across networks and systems. Their main hypothesis is that the business value of a dataset can only be estimated in its context of use. They further subdivide consistency into three subsequent parts, as discussed below and seen in Figure 1. Additionally, they connected many of the traditional data quality dimensions with the three consistency subdomains, as follows:




	
Contextual consistency refers to how far big datasets are used within the same domain of interest independently of data format, size, and velocity of the production of data. For the current research, the domain of interest refers to health data. Relevancy, credibility, ease of understanding, accuracy, and confidentiality are key DQDs for this type of consistency.



	
Temporal consistency conveys the idea that data needs to be understood in a consistent time slot such that the same data might not be comparable if it is from another time slot. Time concurrency, availability, and currency are deemed to be essential for temporal consistency.



	
Operational consistency brings in the operational influence of technology on the production and use of data. The sources of data could be more than one in Big Data scenarios; hence, operational consistency is crucial for ensuring the veracity of data. Availability, portability, precision, completeness, and traceability are considered the main connected dimensions here. Table 2 shows a mapping of the 3Vs of Big Data (volume, variety, velocity) to the 3Cs (contextual consistency, temporal consistency, operational consistency) of data quality.








Other research studies have focused on determining data quality dimensions for Big Data using the IHC research method [8]. However, the context of the research in [8] differs from the current work since the discussions were for Big Data in general, and not specific to the health industry domain. Furthermore, the authors in [8] use a different research hypothesis, focusing on three Big Data ‘coordinates’, namely: data types, sources, and application domains. They conducted research on specific types of data, such as maps, semi-structured texts, linked open data, sensor and sensor networks, and official statistics. Correlations between DQDs and the Big Data coordinates were reported as: accuracy for maps, completeness of official statistics, readability for semi-structured data, accessibility and trust for linked open data, and consistency for sensor and sensor networks. An IHC was carried out comprising an initial corpus of 1600 papers, related tables, and notes. Keywords as part of the titles and abstracts having a minimum thread of 100 citations for the period of 2005–2014 were used as criteria for sorting. A summary of the literature review results was used to devise their theoretical conceptual framework which detailed the Big Data quality dimensions clustered by the above-cited application areas, ranging from maps to official statistics.



The field of data stream management systems (DSMS) seems to be highly connected with Big Data, as both fields argue for being able to work with a large volume of data on a near real-time basis. The only difference lies in the variety characteristic of Big Data, and it is not clear whether it is also a requirement for DSMS [27]. Geisler et al. [27] conducted a research study to create an ontology-based data quality framework in that context. Their results are highly relevant for the work carried out in this paper since DSMS focus on the real-time aspect of data management systems, whereas most other work in the field of data quality tends to concentrate on the volume and variety aspects of Big Data quality. They quoted two categories of DQDs, namely: application-based and system-based DQDs. Thus, their hypothesis argues that data quality might vary between applications that are part of the same information system. Ultimately, they listed the following DQDs as the most important for DSMS: completeness, volume, accuracy, timeliness, consistency, and confidence. The distinguishing factor of their research is the inclusion of “volume” as a DQD, which is explained as the number of tuples or values that a result is based upon [27]. A final difference between DSMS and Big Data in the work of [27] is that their work was undertaken on tuples-based relational database systems, which might be quite different from non-relational techniques of Big Data systems.




2.4. Data Quality Dimensions Specific for the Healthcare Industry


The veracity characteristic of Big Data is argued to be of crucial importance for the healthcare industry [3]. The two main reasons forwarded are (i) inaccurate data could ultimately result in life or death decisions made with regard to patients and, therefore, accuracy is a very important dimension; (ii) the high level of incorrectness usually present in doctors’ prescriptions leads to a lot of wastages and inefficiencies, at the very least. Hence, correctness could be derived to be another important dimension, according to the authors. Lastly, as the veracity characteristic refers to the confidence in the use of data, believability and trust could be assumed to be also extremely prominent DQDs.



In the context of using clinical data in the US healthcare industry, some industry-based whitepapers point toward the importance of the following six DQDs, namely: timeliness, equitability, care-safe, patient-centered, effective, and efficient. Most of the above-mentioned dimensions are not part of the traditional list of DQDs normally discussed in data quality literature, and thus strengthen the rationale for the need for further research in this area. The six key attributes (dimensions) proposed by the UK audit commission in 2007 to improve data quality are: accuracy, validity, reliability, timeliness, relevance, and completeness.



The Canadian Institute for Health Information (CIHI) Data Quality framework assessment tools updated in 2017 discusses the following groups of DQDs—accuracy and reliability, timeliness and punctuality, comparability and coherence, accessibility and clarity, and relevance [28].



The data quality framework of New Zealand Health Information Service (NZHIS) was adapted from the CIHI’s data quality framework [28]. Furthermore, the NZHIS felt that there was a need for transparency in the quality dimensions, which brought the implantation of additional DQDs, such as privacy and security, by the ministry’s senior advisors for the health sector. Those dimensions were generated basically to address privacy and security standards, legislation, policies, and processes, with the idea of ensuring the privacy and security of individual information. In conclusion, the DQDs given by NZHIS are accuracy, timeliness, comparability, usability, relevance, privacy, and security.



There have been previous research studies conducted with the aim of determining the level of accuracy in international disease coding under the ICD-9 (International Classification of Diseases, ninth revision) standard, specifically in New Zealand [29]. The major result is that 18% of the first four digits of E-codes and 8% of the location codes were incorrect. No major differences were noted between small and large hospitals. This work tends to confirm the perception that accuracy is one of the very important DQDs, even for the very specific type of data in the health industry. This research again was carried out outside the Big Data context. Other authors conducted a research study within the specific domain of trauma-related registries [30]. Their aims included the classification of DQDs and the investigation of measurement methods and of ways of improving DQ in general [30]. The point of interest in their work in relation to the research carried out in this paper is that they posited that the dimensions of accuracy, completeness, and capture are the most relevant DQDs to explore. The work in [30] also made use of an integrative literature review technique approach. The capture DQD seems to be different compared to the normal DQDs usually cited. The authors described the capture dimension as the extent to which all necessary cases that could have been registered have actually been registered. The existence of this capture dimension confirms the assumption that DQ is linked with its context of use, and, therefore, each different context of use might require different DQDs.



A recent study within the context of the Ebola outbreak in 2014 pointed to some interesting DQDs [31]. Even if the authors did not directly investigate DQDs, they discussed some of the major challenges to improving data quality for Ebola outbreaks. Focusing on the challenges, the authors cited accuracy, privacy and security, heterogeneity, provenance and trust, availability, and completeness. The authors advocated for the use of different tools for data capture, including websites and mobile apps. Some of the characteristics of Big Data seem to be present as part of the datasets examine; however, at no point in their work did the authors confirm whether they were using Big Data.



Almutiry et al. [32] proposed a framework for DQ in the context of cloud-based information systems. The authors performed a general literature review and then filtered out DQDs for redundancies. The process of filtering was not discussed and, therefore, the rationale for eliminating certain dimensions and how redundancies were defined in this context are not known. The result is a framework consisting of three sections: Information (accuracy, completeness, consistency, relevance, timeliness, and usability), Communication (provenance, interpretability), and Security.



Other authors have carried out research into DQDs in specific areas of health data. One such example is the work concerning DQDs for genome annotations [10]. The complexity and variety of genome annotations make it prone to suffer from DQ issues. The authors applied a scenario-based research method. Out of a total of 17 typical DQDs detected after the analysis of the scenarios, 5 main DQDs were deduced after the statistical analysis performed: accuracy, accessibility, usefulness, relevance, and security.





3. Research Methodology


This section focuses on explaining the research methods applied in this research study. Initially, the rationale for the use of IHC as a research method is discussed. Subsequently, based on the hierarchical framework for organizing DQDs proposed by [13], four research questions are formulated.



3.1. Description of IHC


The IHC could be loosely described as the analysis and interpretation of texts and literature. The IHC consists of searching, sorting, selecting, acquiring, reading, identifying, and refining ideas within existing literature. IHC is reported to be applicable to research studies which are emergent in nature [33]. This property is reflected in the current work in this paper since the fields of Big Data and health informatics can be considered ‘emerging’ areas. As the discovery of DQDs most important to Big Data within the health industry is of a qualitative nature, potential research methods consist of the use of interviews of data quality managers and the integrative review of existing literature using the IHC. In this work, there are practical issues that deterred from the application of interviews as a research method, namely: the almost non-existence of data quality managers in Mauritius, which is where the research was carried out; the difficulty getting into contact with data quality managers who are external to Mauritius; and, most importantly, the fact that many data quality managers in the health industry have not yet adopted a proper framework in the context of Big Data.



On the other hand, IHC or similar integrative reviews of literature are research methods which have already been applied in the context of health and data [11] and in the context of Big Data quality [8]. This method is suitable for any domain of research which is emergent in nature and, as such, there are very few real-life or practical applications of the concepts discussed. This in-depth investigation of past literature allows for the formulation of theoretical frameworks which could be validated by further practical experiments once the emergent technology or domain area becomes more mainstream.



Therefore, despite the existence of very few academic publications related directly to data quality for Big Data in the health industry, an exploratory approach to data quality was undertaken in this work. Search activities were carried out on different research databases, with IEEExplore, ACM, health.gov, SCOPUS, Web of Science, and PubMed being the most well-known ones. The keywords and search operators used consisted of: data quality in big health datasets, data quality AND Big Data, data quality dimensions AND health datasets, information quality AND health datasets, very large datasets AND data quality, data streams, and data quality. Regarding the sorting phase, only articles published from the year 2006 to the present were selected. Other criteria for selection were: the popularity and hence acceptance of the article determined by the number of citations obtained, wherever possible; also, the interpretation of ideas or concepts put forward by authors and their relevance related to this current work. With regard to the latter, some work focusing on data quality with machine-related or sensor-based data was initially thought to be irrelevant for this research, but after analysis of some of those papers, corresponding ideas in terms of having similar types of data to the healthcare industry were discovered. Hence, those papers were included for further decoding and analysis.




3.2. Conceptual Reasoning


The main steps of the research carried out are depicted in Figure 1 below:



The first two steps in Figure 1 are explained in the next section below. The analysis and linking of DQDs related to big health dataset characteristics were aimed at developing new knowledge. Part of the research methodology used in this work was adopted from previous work by Wang and Strong [13], i.e., mapping which category of DQD could be transposed to Big Data within the health industry context according to previous literature. The aim of Wang and Strong was to develop a hierarchical framework for organizing DQDs. They used clustering methods to associate a set of 15 dimensions into four categories according to the opinion of the participants. This clustering led to the labeling of the following categories, as discussed in Table 3:



Four important research questions, given below, were investigated.




	RQ1: 

	
Should the Intrinsic category of DQDs still be applicable in the health industry context?




	RQ2: 

	
How does the breadth of health data use cases impact the Contextual category of DQDs?




	RQ3: 

	
Is the Representational category of DQDs negatively affected by the variety characteristic of Big Data and the fact that the quality of data would depend upon the aims of data analysis?




	RQ4: 

	
Does the fact that health datasets are very often publicly available and voluminous data slows down access and retrieval of data negatively impact the Accessibility category of DQDs?











4. Work Undertaken


The initial search using the criteria discussed in Section 3 resulted in thousands of hits. With the SCOPUS database only, there were 2063 matching returns for the query “data quality and Big Data”. However, subsequent manual analysis of abstracts of most of the matching articles and research studies resulted in less than 15 papers discussing data quality dimensions. This small amount confirmed the emerging nature of the area but also presented a practical issue in terms of having too few related research studies to perform IHC. Therefore, other search methods had to be devised to access relevant existing work. The term “health data” was appended to the original search criteria to search through journals and online resources focusing on health informatics.



Manual searching of some journals, such as Data Science Central and Journal of Data and Information Quality (JDIQ), revealed that there were some potentially applicable research articles which were not being highlighted by the search criteria mentioned above. For example, with JDIQ, out of around 160 matches with the broad key terms of “data quality”, around 15 of them could be linked to either DQDs or data quality in health datasets or data quality in big datasets, but none of these 15 were matched when specifying the search criteria. This could be explained by different terms used as part of the titles of journal papers and the complexity of those titles, such as “Challenges in data quality: the influence of data quality assessments on data availability and completeness in a voluntary medical male circumcision programme in Zimbabwe”. Some research work written before 2006 was also discovered to be relevant for the current research, and, therefore, it was included for the IHC. Even if it was out of the initial date range for the search of relevant literature, the current authors believed that the content from these research papers was still relevant and adequate and, therefore, should be included.



The source of some past literature also varied in terms of authority; not many sources originated from refereed journals or reviewed conference publications; therefore, articles and resources from credible health and data quality websites were consulted. For example, the Centre for Disease Control and Prevention (CDC) website generated over 100 matches just for the search criterion of ‘data quality dimensions’. No additional results were returned using most of the other search terms mentioned at the beginning of this section. With the search term ‘data quality in big health datasets’, there were around 24 results, which were attributed greater weight for subsequent analysis. Results from some search terms from the CDC website were not research papers but reports and manuals, such as ‘National Health and Nutrition Survey Anthropometry procedures manual’. These types of documentation were either not considered or considered with a low weight. Some of the results were pages which contained further links only to abstracts of papers but without the full paper details. In some cases, the abstract contained enough information relative to data quality dimensions and, therefore, the authors had to look for the complete paper. However, as CDC is a global center with high recognition and authority, the dimensions mentioned in the different reports were taken into account even if a lesser weight was given to those reports, compared to journals or conference papers. The final number of papers included for further reviewing amounted to 41.



The 42 papers retained for the integrative review were analyzed to understand and assess the importance of the DQDs discussed by the authors. An initial organization of the ideas is summarized in Table 4 below. A weight (L:Low, M:Medium, H:High) was assigned to each of the 41 papers. The weight was attributed taking into consideration the degree of alignment between the ideas presented within a paper and the context of the evaluation of DQDs for big datasets in the healthcare industry. This method of data evaluation was inspired by integrative review discussions in nursing, where reports were coded on a 2-point scale [34].



Low weights were assigned whenever the research lacked both the Big Data and health industry context, but some association could be made between the importance of DQDs cited and Big Data within health industry according to the authors’ judgment. Medium weights were assigned when either a Big Data or health industry context was present. High weights were assigned when the two concepts (Big Data and health industry) were present. The judgment of the authors was again used to resolve semantic differences in jargon used by different authors to express specific data quality dimension.



Each weight was assigned a numerical value as follows: L: 1, M: 2, and H: 3. The total of weighted counts per DQD was computed to ascertain which DQDs were the most important following the application of the inner hermeneutic cycle. A staggering unique count of 43 distinct DQDs was noted following the IHC analysis. This confirmed the impression of a lack of a universal data quality framework and the possible fact that different authors might be using different jargon to express the same idea. DQDs cited only once with a low weight were discarded from further analysis, and the remaining number of DQDs became 38. The total count results of the dimensions listed tended to confirm previous general research on DQDs, with ‘accuracy’ being one of the most cited.




5. Discussions


The results of the total of weighted counts per DQD are displayed in Table 5, sorted in descending order:



As seen in Table 5, it is clear that DQDs such as accuracy and completeness were the most cited, with 58 and 52 total counts, respectively. The authors posited that the dimensions with a total count of more than 10 are the ones which are most important in the context of Big Data within the health industry. Therefore, the most important DQDs are accuracy, completeness, consistency, reliability, and timeliness. This list of dimensions closely matches the ‘information’ section of the data quality framework proposed in the context of cloud-based health information systems [32]. Four out of five of the proposed dimensions are included in the ‘information’ section, with only reliability being excluded. In general, taking into account the discussions from the literature review, it is not surprising to see accuracy as the most important DQD. Accuracy is very often cited in most DQD research, but very often, the meaning of accuracy varies.



The results were analyzed within the framework of [13], discussed earlier in Section 3.2. Table 6 below shows the summation of individual DQD counts when grouped within the four categories advocated by the hierarchical framework for organizing DQDs developed by Wang and Strong [13].



Hence, the following might be concluded for each of the research questions:



RQ1: Should the ‘Intrinsic’ category of DQDs still be applicable in the health industry context?



The ‘Intrinsic’ category ranks second, as per Table 5. This suggests that some DQDs, such as accuracy and trust in data, are applicable in all situations in which data could be used, including that of Big Data for the health industry. However, at the same time, the fact that the ‘Intrinsic’ DQD category is not the most cited category gives some credit to previous researchers who state that data quality might not be impactful in the context of Big Data [26]. Finally, it also points to the fact that data quality work in the health industry context should not be considered intrinsically, but the importance of DQDs vary according to software applications accessing data and users working with data.



RQ2: How does the breadth of health data use cases impact the Contextual category of DQDs?



The Contextual category dimension carries the highest importance. The results of the IHC imply that DQDs in the Contextual category have a higher collective importance for Big Data in the health industry. This might be explained by the fact that there is such a huge variety of categories of data (patient-related, genomic, trauma-based, and others) and many different end-consumers of data (doctors, insurance companies, pharmaceutical groups, and others) such that each specific use of data might uphold different perspectives of quality to suit the “fitness for use” definition of data quality. Hence, the conclusion is that the context is extremely important for data quality applications in the specific domains of Big Data within the health industry.



RQ3: Is the Representational category of DQDs negatively affected by the variety characteristic and the fact that the quality of data would depend upon the aims of data analysis?



The importance of the Representational DQ category is quite low relative to the two previous categories with a total count of only 48. The authors were of the opinion that this category could be relatively unknown due to the variety characteristic of Big Data. However, most of the research data involved in the IHC conducted in this work concerned mostly text-based data, including numbers, and the results were analyzed and used by well-trained personnel. This could warrant future work concerning data quality with other kinds of data (images, charts, and videos) used in the health industry. On the other hand, even if some authors, such as [23], point toward the final goals of data analysis and how data quality is therefore important, most other research studies as part of the IHC do not give enough indication pertaining to the rationale behind the data analysis. Therefore, there is the inherent assumption in most research studies that data would be used in one or very few use cases; as discussed in the earlier sections of this paper, this assumption might not hold true, especially in the Big Data context.



RQ4: Does the fact that health datasets are very often publicly available and voluminous data slows down access and retrieval of data negatively impact the Accessibility category of DQDs?



Finally, the Accessibility category ranks unsurprisingly last in the findings. Many datasets are publicly available for analysis and research; hence, previous authors have undertaken their work within a context in which accessibility was easy. Thus, the volume aspect could be deduced not to have affected the accessibility to data, but care should be taken to probe the investigation of the relationship between volume and accessibility for Big Data applications. Furthermore, for private and industry-based applications of Big Data within the health industry, it could be argued that DQDs such as Security, Privacy, and Compliance would have a higher impact. Thus, future Big Data governance frameworks specifically for the health industry should further explore this Accessibility category.




6. Conclusions and Implications


This research was set in a multidisciplinary context involving three main fields: data quality (as an integral part of data governance), Big Data, and health informatics. Although data quality has been a well-researched field for the last two decades, there is still a lack of precise nomenclature when it comes to data quality dimensions. Big Data and health informatics are two emerging fields with very little past research focusing on the data quality perspective. The use of DQDs as part of data governance initiatives is arguably very important, as it ensures that data users can extract the maximum value from data use. The aim of the research discussed in this paper was to investigate methodically which DQDs could be more important within the context of Big Data in the health industry. Initial reviews of literature suggested that previous research for this specific field is extremely limited. The inner hermeneutic cycle (IHC) was adopted as a research method due to the emerging degree of novelty of Big Data and health informatics, but also due to the impracticality of implementing other research methods because of organizational, geographical, legal, and ethical constraints.



The results confirm the popularity of some well-discussed DQDs, such as Accuracy, Completeness, and Consistency. Based on this research, the DQDs of reliability and timeliness were added to the three aforementioned DQDs to make up a list of the five most adequate DQDs for the context of Big Data within the health industry. When mapping the results of the IHC to the hierarchical DQ category framework of Wong and Strong [13], the Contextual category of DQDs was considered to be the most important. This could be easily explained by the broadness of the three domains (i.e., Big Data, data quality, and health informatics) involved, where there could be thousands of unique applications of Big Data for the health industry. Thus, for each application, the probability of selecting different DQ dimensions increases.



This current research study provides a hierarchy of the most important DQDs in the specific context of Big Data within the healthcare industry. It is one of the first studies within this area to use a systematic method to achieve this. This research study can be further validated by the use of the same research methods but applied in different contexts. Taking into account the very contextual nature of DQ, it would be expected that different contexts would produce a different list of the most important DQDs.



The comparatively small volume of literature, and, more specifically, papers denoting a high weight, is one of the main limitations of this research study. Other research methods which could be applicable using the same corpus of literature are being planned, with the main aim of reducing the amount of author bias introduced when considering the weights allocated to papers.



This research study will serve as a foundation for further research in the context of Big Data in the health industry to be conducted by the authors. Using the DQDs as features for machine learning algorithms, future work will distinguish quality data from non-quality data from very large streams of health datasets. Also, the application of more enhanced statistical methods, such as least semantic analysis (LSA), for determining the most important DQD dimensions will be used in further research. Further, empirical research methods will be applied with a wider choice of data variety in order to probe deeper into the Representational and Accessibility data quality categories (derived from Strong and Wong’s framework described above) to confirm the findings of this current research. Finally, the five main DQ dimensions determined would serve as a basis to help determine which machine learning algorithms could be more efficient in classifying incorrect data. Following this, an optimal data repair algorithm which will not be computationally expensive will be developed.
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Figure 1. Main steps of inner hermeneutic cycle (IHC) applied. 
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Table 1. List of well-cited traditional data quality (DQ) dimensions [20].






Table 1. List of well-cited traditional data quality (DQ) dimensions [20].





	Dimensions
	Definitions





	Accessibility
	Extent to which data is available, or easily and quickly retrievable



	Appropriate amount of data
	Extent to which volume of data is appropriate for the task at hand



	Believability
	Extent to which data is regarded as true and credible



	Completeness
	Extent to which data is not missing and is of sufficient breadth and depth for the task at hand



	Consistent representation
	Extent to which data is presented in the same format



	Ease of manipulation
	Extent to which data is easy to manipulate and apply to different tasks



	Free-of-error
	Extent to which data is correct and reliable



	Interpretability
	Extent to which data is in the appropriate languages, symbols, and units, and the definitions are clear



	Objectivity
	Extent to which data is unbiased, unprejudiced, and impartial



	Relevancy
	Extent to which data is applicable and helpful for the task at hand



	Reputation
	Extent to which data is highly regarded in terms of its source and content



	Security
	Extent to which access to data is restricted appropriately to maintain its security



	Timeliness
	Extent to which data is sufficiently up-to-date



	Understandability
	Extent to which data is easily comprehended



	Value-added
	Extent to which data is beneficial and provides advantages from its uses
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Table 2. Matrix of 3Cs (contextual consistency, temporal consistency, operational consistency) relative to the 3Vs (volume, variety, velocity) [23].
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	Velocity
	Volume
	Variety





	Contextual
	Consistency, Credibility, Confidentiality
	Completeness, Credibility
	Accuracy, Consistency, Understandability



	Temporal
	Consistency, credibility, Currentness, Availability
	Availability
	Consistency, Currentness, Compliance



	Operational
	Completeness, Accessibility, Efficiency, Traceability, Availability, Recoverability
	Completeness, Accessibility, Efficiency, Availability, Recoverability
	Accuracy, Compliance, Accessibility, Efficiency, Traceability, Availability, Recoverability, Precision
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Table 3. Data quality dimension (DQD) categories [13].
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	Category
	Description and Main DQ Dimensions





	Intrinsic
	Is explained by data having quality in their own right. (accuracy, objectivity, believability, and reputation)



	Contextual
	Highlights the idea that data quality is a factor of the task at hand (value-added, relevancy, timeliness, completeness, and appropriate amount of data)



	Representational
	Includes aspects linked with the format and meaning of data (interpretability, ease of understanding, representational consistency, and concise representation)



	Accessibility
	Emphasizes the role of getting access to data (accessibility and access security)
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Table 4. Integrative review with details of weights.
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	Research Article USED
	DQ Dimensions
	Weight





	(Panahy et al., 2013) [2]
	Accuracy, Completeness, Consistency, Timeliness.
	L



	(Khan et al., 2012) [35]
	Consistency, Completeness, Accuracy
	M



	(Jones et al., 2017) [36]
	Accuracy
	L



	(Amoakoh-Coleman et al., 2015) [37]
	Accuracy, Completeness
	L



	(Jacke et al., 2012) [38]
	Accuracy, Completeness
	M



	(Langley et al., 2006) [29]
	Accuracy
	L



	(Serhani et al., 2016) [39]
	Accuracy, Completeness, Consistency, Timeliness
	H



	(Batini et al., 2006) [40]
	Accuracy, Completeness, Accessibility, Trust, Readability, Consistency
	M



	(Xiao et al., 2017) [41]
	Availability, Completeness
	L



	(O’Reilly et al., 2016) [30]
	Accuracy, Capture, Completeness
	M



	(Giarrizzo-Wilson et al., 2011) [42]
	Accuracy, Completeness, Trust, Legibility
	L



	(Giarrizzo-Wilson et al., 2011) [43]
	Accuracy, Completeness
	L



	(Varshney et al., 2015) [31]
	Accuracy, Privacy and Security, Heterogeneity, Provenance and Trust, Availability, Completeness
	M



	(Li et al., 2007) [44]
	Completeness, Reliability, Correctness, Consistency, ‘minimality’
	L



	(Sidi et al., 2012) [45]
	Accuracy, Completeness, Consistency
	L



	(Weber et al., 2015) [46]
	Correctness, Provenance, Currency, Plausibility
	M



	(Leon et al., 2016) [47]
	Accuracy, Completeness, Consistency, Currency, Reliability, Uniqueness
	H



	(Pinto, 2006) [48]
	Relevance, Consistency, Accuracy, Currency, Comprehensiveness, Format
	L



	(Arts et al., 2002) [49]
	Accuracy, Completeness, Clarity, Format
	M



	(Weiskopf and Weng, 2012) [11]
	Completeness, Correctness, Plausibility Concordance, Currency
	M



	(Geisler et al., 2011) [27]
	Accuracy, Completeness, Consistency, Timeliness, Confidence, Data Volume
	M



	(Todoran et al., 2015) [50]
	Accuracy, Completeness, Currency, Reliability
	H



	(Nystrom et al., 2013) [51]
	Accuracy, Precision
	L



	(Huang et al., 2012) [10]
	Accuracy, Usefulness, Accessibility, Relevance, Security
	H



	(Aday and Cynamon, 2010) [52]
	Accuracy, Reliability, Consistency
	H



	(Cure, 2012) [53]
	Accuracy, Completeness
	M



	(Vattulainen, 2015) [54]
	Completeness, Redundancy, Accuracy, Representativeness, Consistency
	L



	(Byrd and Byrd, 2013) [55]
	Accuracy, Completeness, Timeliness
	M



	(Lin et al., 2016) [56]
	Completeness, Consistency, Coincidence
	M



	(Gibson, 1997) [57]
	Accuracy, Completeness, Precision, Verifiability, Validity, Plausibility
	M



	(Vetro et al., 2016) [58]
	Accuracy, Completeness, Understandability, Traceability, Compliance
	M



	(Craswell et al., 2016) [59]
	Accuracy, Consistency, Clarity
	M



	(Lee and Haider, 2013) [60]
	Believability, Security, Accuracy, Timeliness
	L



	(Lima et al., 2009) [61]
	Reliability, Validity, Coverage, Accuracy, Completeness
	M



	(CDC, 2009) [62]
	Consistency, Accuracy, Plausibility
	M



	(Cai and Zhu, 2015) [9]
	Availability, Usability, Reliability, Relevance, Presentation Quality
	M



	(Blake and Mangiameli, 2011) [63]
	Accuracy, Completeness, Consistency, Timeliness
	L



	(Salati et al., 2016) [64]
	Completeness, Reliability
	L



	(Rhodegero, 2014) [65]
	Completeness, Accuracy
	M



	(Kahn et al., 2012) [35]
	Format, Availability, Timeliness, Consistency
	L



	(White, 2014) [66]
	Consistency, Conciseness, Completeness, Expandability, Sensitivity.
	M
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Table 5. Counts of different DQDs.
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	DQD
	Total Weighted Count
	DQD
	Total Weighted Count





	Accuracy
	58
	Readability
	2



	Completeness
	52
	Capture
	2



	Consistency
	30
	Privacy
	2



	Reliability
	15
	Heterogeneity
	2



	Timeliness
	11
	Provenance
	2



	Currency
	8
	Comprehensiveness
	2



	Availability
	6
	Concordance
	2



	Accessibility
	5
	Confidence
	2



	Trust
	5
	Data volume
	2



	Security
	5
	Coincidence
	2



	Correctness
	5
	Verifiability
	2



	Plausibility
	4
	Understandable
	2



	Relevance
	4
	Traceability
	2



	Clarity
	4
	Compliance
	2



	Validity
	4
	Coverage
	2



	Uniqueness
	3
	Usability
	2



	Format
	3
	Presentation quality
	2



	Precision
	3
	Expandability
	2



	Usefulness
	3
	Sensitivity
	2
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Table 6. DQ category dimensions with count aggregates.






Table 6. DQ category dimensions with count aggregates.





	Category
	Individual Dimensions
	Count





	Intrinsic
	Accuracy, Trust, Plausibility, Precision, Compliance, Traceability, Verifiability, Provenance, Confidence, Concordance, Correctness
	87



	Contextual
	Completeness, Timeliness, Currency, Reliability, Availability, Uniqueness, Relevance, Validity, Expandability, Sensitivity, Coverage, Data volume, Comprehensiveness, Heterogeneity
	108



	Representational
	Consistency, Format, Usefulness, Readability, Capture, Coincidence, Understandable, Usability, Presentation quality
	48



	Accessibility
	Accessibility, Security, Privacy, Compliance
	14
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