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Exploring the Role of Big Data Analytics Capabilities in Creating Business
Value in Healthcare Industries: A Synthesis of the Resource-Based Theory
and Capability Building View

Abstract
Although computer scientists indicate that big data technologies have tremendous benefits
for healthcare industries, extant research has paid insufficient attention to the exploration of its
business value. In order to bridge this knowledge gap, this research proposes a business
analytics-enabled business value model in which we use the resource-based theory (RBT) and IT
capability building to link big data architectural components, through big data analytics
capabilities, to a big data-specific benefits framework. To test the validity of our conceptual
model, we employed content analysis as our research approach. The dataset consisted of 109
case descriptions, covering 63 healthcare organisations. Our results of the analysis have
identified five big data analytics capabilities and their underlying items as well as three path-tovalue chains. These findings may be a starting point in studying how big data analytics
constitutes business value in practice and offers an empirical basis that can stimulate a more
detailed investigation of big data implementation.

Keywords: Big data architecture, big data analytics capabilities, business value, resource-based
view, information technology source management, healthcare industries
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1. Introduction
During the past decade, there has been a proliferation of research on health information
technology (HIT), from both practitioners and academics, showing that HIT is essential for
improving various aspects of clinical service and healthcare outcomes (Agarwal, Gao,
DesRoches, & Jha, 2010). The intensive use of healthcare technologies and information systems
has generated the enormous variety of patient data that comes from rich and large-scale
healthcare recordings (e.g., electronic healthcare records; EHRs), as well as external data sources,
such as insurance claims/billing, R&D laboratories, and social media (Ward, Marsolo, & Froehle,
2014). SSuch “big data” galvanises healthcare organisations toward making huge investments in
advanced data management and new analytical procedures to acquire valuable insights and
facilitate timely decision-making, minimise patient risk, and reduce clinical cost (Chen, Chiang,
& Storey, 2012).
Along with this trend, big data analytics is increasingly advocated as one of the most
important strategic IT innovations for healthcare organisations (Raghupathi & Raghupathi,
2014). The application of big data analytics has the potential to help healthcare organisations
harness large-scale and complex electronic health data (Bardhan, Oh, Zheng, & Kirksey, 2014;
Basole et al., 2015; Bates et al., 2014), and support a wide range of medical and healthcare
functions at a lower cost (Raghupathi & Raghupathi, 2014). Compared to other industries, such
as retailing and banking industries, however, healthcare industry lags behind in taking advantage
of thoughtful analytical tools and methods (Ferranti et al., 2010; Fihn et al., 2014). In fact,
healthcare organisations continue to struggle in gaining significant benefits from their
investments; some of them are sceptical about the power of big data analytics, although they
invest in big data technologies with the hope for business transformation (Murdoch & Detsky,
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2013; Shah & Patak, 2014). Evidence from a joint MIT Sloan Management Review and IBM
institute of business value study shows that only 42 percent of healthcare organisations surveyed
are adopting rigorous analytics approaches to support their decision-making process; only 16
percent of them have substantial experience using analytics across a broad range of functions
(Cortada, Gordon, & Lenihan, 2012). This implies that business value of big data analytics still
remains unclear as big data analytics is still at an early stage of development in health care
(Cortada et al., 2012l; Groves, Kayyali, Knott, & Kuiken, 2013). Obstacles, such as high
introduction costs for big data projects (Winter, Gilbert, & Davis, 2013) and underestimating the
value of incorporating big data technologies into an EHRs system (Murdoch & Detsky, 2013,
p.1351), have been preventing healthcare organisations from fully embracing big data analytics.
Therefore, understanding how to leverage big data analytics for healthcare transformation is
currently one of the most discussed topics in the fields of computer science, information systems
(IS) and healthcare informatics.
Computer scientists emphasise that big data analytics is capable of processing an immense
volume, variety and velocity (3V) of data across a wide range of healthcare platforms, and has
tremendous benefits on medical functions (Jiang et al., 2014; Srinivasan & Arunasalam, 2013).
According to a systemic review on the current state of big data research, by Wamba et al. (2015),
the constantly growing body of research on big data analytics is mostly technology oriented.
However, leveraging big data analytics to obtain business value is not a simple technical issue,
per se (Mcafee & Brynjolfsson, 2012); it requires strategic choices and resource configuration
(Xu, Frankwick, & Ramirez, 2016), as well as understanding the managerial, economic, and
strategic impact of big data analytics (Raghupathi & Raghupathi, 2014; Ward et al., 2014).
Without reasonable justifications gained from business cases, it is harder to convince healthcare
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practitioners to adopt big data analytics technology if they have not seen sufficient evidence of
how big data analytics investment can pay off (Murdoch & Detsky, 2013; Shah & Patak, 2014).
Moving a deeper understanding of big data analytics for business value creation will result in
reducing a resistance to adopt big data and an ineffective use of analytics. Thus, this study seeks
answers to the following research question: How do big data analytics capabilities triggered by
big data technologies, contribute to business value in health care?
To answer this question, we base our exploratory analysis on a theoretical model - namely
the big data analytics-enabled business value (BDAE-BV) model in which we use the resourcebased theory and IT capability building view to link big data architectural components, through
analytics-based IT capabilities, to a big data analytics-specific benefits framework. This model is
intended to increase our knowledge about what and how big data analytics-enabled IT
capabilities can be developed and what potential benefits can be obtained by these big data
analytics capabilities in healthcare organisations. This model was validated on a broader
empirical basis by 109 case descriptions of big data analytics implementation which prior studies
merely explore the value of big data analytics by means of single case study (e.g., Ferranti et al.,
2010; Fihn et al., 2014). Our findings offered theoretical and practical insights on big data
analytics in the healthcare context; this can enrich the understanding of big data analytics’
business value creation and can also provide guidance and evidence for healthcare practitioners
for their business case justifications.

2. Theoretical Foundation for Deriving Big Data Analytics-Enabled Business Value Model
The theoretical foundation of our BDA-BV model comprises of elements: resource-based
theory (RBT) and IT capability building view. During the last two decades, RBT has been the
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principal theoretical foundation for explaining how resources can be transformed into a sustained
competitive advantage (Barney, 1991, 2001). RBT assumes that a firm can be profitable as long
as it can exploit a bundle of valuable, rare, inimitable, and non-substitutable (VRIN) resources in
a highly competitive market (Barney, 1991). Drawing on the RBT, much of the works in the IS
field have argued the different types of IT resources (e.g., physical, technical and human IT
resources) can add value to firms’ operations (Bharadwaj, 2000; Doherty & Terry, 2009; Karimi,
Somers, & Bhattacherjee, 2007; Lin & Wu, 2014; Melville et al., 2004). However, several
research commentaries criticize RBT, stating that it lacks explanatory power on how IT
resources are orchestrated, how specific IT systems can create unique and idiosyncratic IT
capabilities and how they ultimately lead to competitive advantage gains (Kim et al. 2011; Kohli
& Grover, 2008; Mukhopadhyay, Kekre, & Kalahur, 1995).
Capability building view has been utilised to complement the pitfalls of RBT (Bharadwaj,
2000; Doherty & Terry, 2009; Karimi et al., 2007; Santhanam & Hartono, 2003; Saraf, Langdon,
& Gosain, 2007; Wang et al., 2012). Capability building refers to “the ability of firms to build
unique competencies that can leverage their resources” (Karimi et al., 2007, p. 223). Capability
building view suggests that firms have to build capabilities by selecting and deploying resources
and assembling these resources into synergetic combinations, thereby transforming inputs into
valuable outputs (Karimi et al., 2007; Weill & Vitale, 2002). Teece, Pisano, and Shuen (1997)
have argued that such capabilities cannot easily be bought; they must be built (p. 529). Applying
the capability building view in the IS field, Bharadwaj (2000) extend the notion of capabilities to
a firm’s IT function and defined a firm’s IT capability as its “ability to mobilize and deploy ITbased resources in combination or copresent with other resources and capabilities” (p. 160).
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Kohli and Grover (2008) further suggest that IT capabilities are often created by combining
specific physical IT artefacts, human, and technological resources.
Drawing on the capability building view, a proliferation of research has explored IT
functional capabilities by certain basic IT architecture, IT functionalities or system software,
arguing that such capabilities can lead to better strategic value and organisational performance
(Iyer & Henderson, 2010; Rai, Pavlou, Im, & Du, 2012; Ravichandran, Lertwongsatien, &
Lertwongsatien, 2005; Mueller, Viering, Legner, & Riempp, 2012; Pavlou & El Sawy, 2010). By
breaking down IT-leveraging capabilities into its three underlying IT system components, for
example, Pavlou & El Sawy (2010) examine whether the effective use of project and resource
management systems, organisational memory systems, and cooperative work systems can
achieve organisational capabilities and competitive advantage in the new product development.
Meanwhile, by developing a comprehensive service-oriented architecture economic potential
model (SOA-EPM), Mueller et al. (2010) identify a set of SOA capabilities (e.g., reusability,
interoperability, and flexibility), derived from its design principles for enhancing organisational
performance. In the healthcare context, Anand & Wamba (2013) assess the business value
realised from radio frequency identification (RFID) healthcare transformation projects and
propose a comprehensive model to elucidate how capabilities of RFID improve process level
effects (i.e. automational, informational, and transformational) resulting in the gain of
organisational performance. Singh, Mathiassen, Stachura, & Astapova (2011) disentangle the
relationship between different types of IT-enabled capabilities and improved clinical and
financial outcomes. By conducting a longitudinal study on a home care provider, they found that
the abilities formed by remote patient monitoring (RPM) and home healthcare devices can
facilitate the formation of transactional and transformational dynamic capabilities and
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performances. Ghosh and Scott (2011) describe how analytical capabilities facilitate data-driven
decision making. Their case study shows that Veterans Health Administration’s (VHA) big data
analytics systems allow aggregating patient data to establish measurable improvements, which
help healthcare managers to allocate resources (e.g. determine the resource utilisation for the
facility and geographic distribution of patients’ support service needed) and choose future
treatments and policies (e.g. assess the outcomes of policy initiatives and develop medical
protocols).
Guided theoretically by these aforementioned studies, we view big data analytics
architecture as a specific IT source based on the RBT. It is characterised by a set of big data
analytics architectural components (i.e. data aggregation, data processing, and data visualisation).
Each big data analytics architectural component is constituted by the specific big data analytics
tools and functionalities that are used to transform healthcare data from various sources into
meaningful clinical insights through big data analytics tools. Building on the IT capability
building view, each component could be logically expected to generate big data analytics
capabilities and these capabilities are expected to induce the business value. We thus link the
logical paths among the big data analytics architectural components, big data analytics
capabilities, and potential business value driven by these capabilities.
The conceptualisation of our model is illustrated in Figure 1. In Figure 1, the solid boxes are
left blank at this stage, since the logic path between analytics-based IT capabilities and benefit
dimensions is part of our exploratory work. Later, they are filled by first identifying big data
analytics capabilities, then they are linked to benefit sub-dimensions, based on the analysis of big
data implementation cases. In the following subsections, we first elaborate on each big data
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analytics architectural component, followed by the definition of big data analytics capabilities,
and the conceptualisation of big data analytics’ business value.
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Note: The solid box indicates the path to business value, driven by big data analytics capabilities, which is the
primary focus of this exploratory study.

Figure 1. Big Data Analytics-Enabled Business Value Model

3. Constructs of Big Data Analytics-Enabled Business Value Model
3.1 Big Data Analytics Architecture as a Technical IT Source
To identify the analytics-based IT capabilities, we begin with understanding big data
analytics architecture and its underlying components. To identify the big data analytics
architectural components, we reviewed the relevant academic literature (e.g., Raghupathi and
Raghupathi, 2014; Ward et al., 2014; Wang et al., 2016), technology tutorials (Hu et al., 2014;
Watson, 2014), and case descriptions, regarding applying big data systems in healthcare settings.
Our starting point was Ward et al.’s (2014) proposed big data analytics architectural framework
in healthcare, which elucidates how decisions are made in terms of four architectural layers that
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begin with data generation and continue through data extraction and data analysis to visualisation
and reporting, listing the tools and functionalities that are used in each architectural layer. With
these dimensions in mind, we invited four IT experts (two practitioners and two academics) to
participate in the five-round discussions for finalizing this architecture. We agree that big data
analytics architecture is rooted in the concept of information life cycle management (i.e.,
collection, repository, process, and dissemination). It consists of an information flow logical
framework that starts with data capture, proceeds via data transformation, and culminates with
data consumption. Over 10 big data analytics architectures were reviewed. This review generally
affirmed Ward et al.’s framework, apart from the need to integrate data generation and data
extraction under a single dimension – data aggregation – because big data analytics systems
typically use data warehousing and ELT tools to capture, aggregate, and ready data from various
sources for processing (Raghupathi & Raghupathi, 2014). Therefore, big data architecture in this
study is comprised of three major architectural components: (1) data aggregation, (2) data
processing, and (3) data visualization, as described below.
Data aggregation component. The first architectural component is data aggregation, which
aims to collect heterogeneous data from multiple sources and transform various sources of data
into certain data formats, which can be read and analysed (Ward et al., 2014). In this component,
data will be intelligently aggregated by three key functionalities from data aggregation tools:
acquisition, transformation, and storage (Raghupathi & Raghupathi, 2014). First, data acquisition
is used to effectively collect and extract data from external sources and all of the health system’s
components throughout the healthcare units (Phillips-Wren et al., 2015). Second, during data
transformation, transformation engines are capable of moving, cleaning, splitting, translating,
merging, sorting, and validating data. These transformation engines make data consistent, visible,
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and easily accessible for analysis. Healthcare context (data such as that typically contained in a
patient record) would be extracted from EHR systems and subsequently converted into a specific
standard data format, sorted by the specified criterion (e.g. patient name, location, or medical
history); the record is then validated against data quality rules (Cha, Abusharekh, & Abidi, 2015).
Finally, the “cleaned” data is loaded into the target databases, such as Hadoop distributed file
systems (HDFS) or in a Hadoop cloud for further processing and analysis. The data storage
principles are based on compliance regulations, data policies, and access controls; data storage
methods can be implemented and completed in batch processes or in real time.
Data processing component. The second architectural component – data processing – aims
to process all kinds of data and perform appropriate analyses for harvesting insights (Wald et al.,
2014). This is particularly important for transforming patient data into meaningful information
that supports evidence-based decision making and meaningful use practices for healthcare
organisations. In A Simple Taxonomy for Analytics, developed by Delen (2014), there are three
main kinds of analytics: descriptive, predictive, and prescriptive analytics, each distinguished by
the type of data and the purpose of the analysis.
Descriptive analytics has been widely used in both business intelligence systems and big
data analytics systems (Watson, 2014). The methods and algorithms for descriptive analytics,
such as online analytics processing (OLAP) reporting, excel-based business intelligence
application, and data mining, support the analysis of structured data within the relational data
warehouse, which provides the ability to describe the data in summary form for exploratory
insights; this also provides the ability to answer “what has happened in the past?” questions for
managers (Phillips-Wren et al., 2015; Watson, 2014). In hospital settings, descriptive analytics is
useful, as it allows healthcare practitioners to understand past patient behaviours and how these
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behaviours might affect outcomes from their EHR database. It also provides high-speed parallel
processing, scalability, and optimisation features, geared toward big data analytics, and offers a
private and secure environment for confidential patient records (Wang et al., 2015). For example,
a Dutch long-term care institution visualises the number of incidents, the location of incidents
occurred, and the type of physical damage by mining a collection of 5,692 incidents at a certain
time (Spruit et al., 2014). Frequency tables, displayed in visual dashboards, enable the Dutch
long-term care institution to improve their patient safety in the hospital areas.
Predictive analytics allow users to predict or forecast the future for a specific variable,
based on the estimation of probability (Phillips-Wren et al., 2015; Watson, 2014).
Hadoop/MapReduce is one of the most commonly used predictive analytics-based software
products, which integrates the analytical approaches, such as natural language processing (NLP),
text mining, and natural networks in a massively parallel processing (MPP) environment. In
general, predictive analytics provides the ability to process large volumes of data in batch form
cost-effectively, allowing the analysis of both unstructured and structured data, as well as
supporting data processing in near real time or real time (Belle et al., 2015). More importantly,
predictive analytics enables users to develop predictive models in a flexible and interactive
manner to identity causalities, patterns, and hidden relationships between the target variables for
future predictions. For example, the Hospital for Sick Children finds that predictive analytics can
respond to unexpected events by tracking patient data in motion as they happen, and quickly
determining the next best decisions (Blount et al., 2010).
Prescriptive analytics is a relatively new kind of analytics, which uses a combination of
optimization-, simulation-, and heuristics-based predictive modelling technique, such as business
rules, algorithms, machine learning, and computational modelling procedures (Delen, 2014).
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Whereas predictive analytics suggests “what will occur in the future (Watson, 2014, p. 1251)”,
prescriptive analytics offers the optimal solutions or possible courses of action to help users
understand what to do in the future (Phillips-Wren et al., 2015; Watson, 2014). Prescriptive
analytics can continually re-predict and automatically improve prediction accuracy by taking in
new datasets (a combination of structured, unstructured data, and business rule) to aid decision
makers in solving problems (Riabacke et al., 2012).
Data visualisation component. The third architectural component is data visualisation. This
component generates outputs, such as various visualisation reports, real-time information
monitoring, and meaningful business insights, derived from the analytics components to users in
the organisation. Three key functionalities are included. The first functionality yields general
clinical summaries, such as historical reporting, statistical analyses, and time series comparisons.
Such reporting can be utilised to provide a comprehensive view to support the implementation of
evidence-based medicine (Ghosh & Scott, 2011), in order to detect advanced warnings for
disease surveillance (Jardine et al., 2014) and to guide diagnostic and treatment decisions (Fihn
et al., 2014). Second, data visualisation – a critical big data analytics feature – tends to
extrapolate meaning from external data and perform visualisation of the information (e.g.,
interactive dashboards and charts). In healthcare, these visualisation reports support physicians
and nurses’ daily operations, and help them to make faster, better, evidence-based decisions
(Roski et al., 2014). Third, real-time reporting, such as alerts and proactive notifications, real
time data navigation, and operational key performance indicators (KPIs), can be sent to
interested users or be made available in the form of dashboards in real time.

3.2 The Definitions of Big Data Analytics Capabilities
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Several definitions of big data analytics capability have been developed in the literature. In
general, big data analytics capabilities are derived from big data analytics, which refers to the
ability to manage a huge volume of disparate data to allow users to implement data analysis and
reaction (Hurwitz, Nugent, Hapler, & Kaufman, 2013). Wixom, Yen, & Relich (2013) indicate
that big data analytics capabilities for maximising enterprise business value should encompass
speed to insight, which is the ability to transform raw data into usable information; it should also
encompass pervasive use, which is the ability to use big data analytics across the enterprise. With
a lens of analytics adoption, LaLalle, Lesser, Shockley, Hopkins, & Kruschwitz (2011)
categorise big data analytics capabilities into three levels: aspirational, experienced, and
transformed. The former two levels of analytics capabilities focus on using big data technologies
to achieve cost reduction and operation optimisation. The last level of capability is aimed to
drive customer profitability and make targeted investments in niche analytics.
In this study, we define big data analytics capability through an information lifecycle
management (ILM) view. Storage Networking Industry Association (2009) describes ILM as
“the policies, processes, practices, services, and tools used to align the business value of
information, with the most appropriate and cost-effective infrastructure from the time that
information is created through to its final disposition (p. 2).” Generally, data, regardless of its
structure in a system, has been followed this cycle, starting with collection, through repository
and process, and ending up with dissemination of data. The concept of ILM helps us to
understand all of the phases of the information life cycle in big data architecture (Jagadish et al.
2014). Therefore, with a view of ILM, we define big data analytics capability in the context of
health care as:
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-the ability to acquire, store, process and analyse large amounts of health data in various
forms, and deliver meaningful information to users, which allows them to discover business
values and insights in a timely fashion.

3.3 Conceptualizing the Business Value of Big Data Analytics
Business value of IT is defined as “the organisational performance impacts of information
technology at both the intermediate process level and the organisation-wide level, and
comprising both efficiency impacts and competitive impacts” (Melville, Kraemer, & Gurbaxani,
2004, p. 287). In order to conceptualise business value of big data analytics, we adopt a
multidimensional IS benefit framework, developed by Shang & Seddon (2002) to categorise the
potential benefits of big data analytics, which ultimately lead to business value. Shang & Seddon
(2002)’s framework – built on a large bogy of previous research – has determined five benefit
dimensions, including IT infrastructure benefits, operational benefits, organisational benefits,
managerial benefits, and strategic benefits.
We argue that there are four main reasons for choosing Shang & Seddon’s benefit
dimensions to serve as the outcome of our model. First, part of our research’s exploratory work
was to provide a specific set of benefit sub-dimensions in the big data context. This framework
will help us to classify the benefits of big data analytics into proper categories, which enhances
our understanding of big data’s business value. Second, this benefit framework was designed for
managers to assess the benefits of their companies’ enterprise systems; it has been refined by
many studies related to ERP systems and specific IS architectures (Esteves, 2009; Gefen &
Ragowsky, 2005; Mueller et al., 2010). In this regard, this framework is suitable as a more
generic and systemic model for categorising the benefits of a big data analytics system.
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Third, Shang & Seddon (2002) provide a clear guide for assessing and classifying benefits
from enterprise systems. This guide also suggests the ways in which the IS benefit framework
can be validated through implementation cases, which is helpful for our study. Finally, IT
infrastructure, operational, and managerial benefits have been reported in some of the existing
big data analytics studies (e.g., LaValle et al., 2011; Trkman et al., 2010), and strategic benefits,
such as speed to market, improved business understanding, and reputation have been mentioned
in Wixom et al.’s (2013) study.

4. Research Method
To test the validity of the model in Figure 1, we employed content analysis as our research
approach. Content analysis is “a research method for the subjective interpretation of the content
of text data through the systematic classification process of coding and identifying themes or
patterns (Hsieh & Shannon, 2005, p.1278).” Kohi & Grover (2008) suggest that the better way to
increase a broader understanding of how companies’ IT investments pay off is to learn from their
success stories and observe their best practices. Thus, it is appropriate to gather secondary data
from real-world implementation cases to understand the idea of how big data analytics
capabilities and benefits will be developed over time.
Numerous studies have employed the secondary data (e.g. case materials) to elaborate on
exploring business values of a specific information system (e.g., Mueller et al., 2010; Peppard,
Weill, & Daniel, 2007). In current studies, where no big data analytics constructs are available,
inductive content analysis is particularly appropriate for our study to generate categories and
subcategories inductively from the case materials, and explore the relationships among them.
Our approach involves analysing the statements from case materials, exploring the various big
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data analytics capability categories and the outcomes that arise because of these capabilities.
These statements consist of the descriptions of technical solution, business benefit, the
functionalities of a specific big data technique, and the ways in which they are applied to
healthcare services or operations. We treated statements in the text of the case materials as
evidence of support for the patterns and connections of constructs in our model.

4.1 Data Collection and Selection
One of the major challenges to validate conceptual model from cases is the case selection
(Eisenhardt & Graebner, 2007). Several studies have relied on case materials to explore the value
of emerging technologies (e.g., Mueller et al., 2010; Seddon et al., 2012; Tiefenbacher & Olbrich,
2015). However, one main common limitation of these studies is that the materials chosen for
creating the model are provided from IT vendors and companies, and thus, may be potentially
biased. Usually, companies only report on their success stories and vendors showcase their
success projects to promote their products. To address this concern, we selected cases from both
academic databases, which may provide more rigorous and objective statements and IT vendors’
case descriptions.
Our cases were drawn from case material on current and past big data projects from
multiple sources, such as journal databases, print publications, press coverage, case collections,
and reports from companies, vendors, and consultants. The following case selection criteria were
applied: (1) the case presents a real-world implementation of big data analytics in healthcare; (2)
it clearly describes the software or techniques they introduce and benefits obtained from big data
analytics. Technical reports released by IT vendors or white papers without particular case
examples were removed from our data set. Meanwhile, to avoid the selection bias, we widely
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searched for the big data cases from major IT vendors, such as IBM, SAP, Intel, Microsoft, EMC,
CISCO, Oracle and Siemens (Costa, 2014), as well as academic journal databases (i.e.
ABI/INFORM Complete, Web of Science, and IEEE Xplore Digital Library). We identified 112
cases from these sources and reviewed these case descriptions to ensure they met our inclusion
criteria. In this phase, one case description was eliminated due to a lack of company information
and two of them were technical case studies, which only described the novel analytics
technologies being developed.
The final data set consists of 109 case descriptions covering 63 organisations specifically
related to the healthcare industries. Of these sources, we classified 41 sources (37.61%) as
reports (e.g. success stories) released by companies or IT vendors, 33 sources (30.28%) as
originating from the journals or conference proceedings, and 35 sources (32.11%) as press
coverage and print publications, including healthcare institute reports and case collections. In this
data set, approximately one third of the cases descriptions are collected from academic journals
and conference proceedings. The relative absence of academic sources in our case collection is
due to the incipient nature of big data adoption in health care. Yet, relying on a vendor
perspective to explore the value of emerging technologies has been fruitful in IS research (e.g.
Tiefenbacher & Olbrich, 2015; Mueller et al., 2010), since this approach allows us to understand
how big data analytics is adopted and developed in practice.

4.2 Data Analysis and Procedures
A three-phase process for inductive content analysis (i.e. preparation, organizing, and
reporting) that developed by Elo & Kyngäs (2008) was performed to ensure a better
understanding of big data analytics capabilities and their benefits in the healthcare context.
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The purpose of the preparation phase is to make sense of the coding process, in terms of
coding unit of analysis, the level of analysis, and the purpose of evaluation (Elo & Kyngäs,
2008). After meeting five times to discuss coding process and reconcile codes, we selected the
“themes” (informative and persuasive nature of case material) as the coding unit of analysis,
primarily looking for the expressions of an idea, which can be sentences, paragraphs, or a portion
of a page (Minichiello, Aroni, & Timewell, Alexander, 1990). The level of analysis in this study
is the organisation that engages in big data analytics implementation. The purpose of evaluation
is to identify the core drivers of the business value of big data analytics in the healthcare context
from an organisational perspective, in order to develop a big data-enabled business value model.
To make sense of coding process, we developed an explicit coding instruction, which
allows coders to be trained until reaching certain reliability requirements. As suggested by
Krippendorff (2012), our coding instruction contains descriptions of the constructs of the BDAEBV model (See Appendix A) to ensure coders’ understanding of each construct (Strauss &
Corbin, 1998). We also provided an outline, examples of the coding procedures, and a guideline
for using and administering the data sheets for all coders (Krippendorff, 2012). Some confusion
over classification has been addressed by providing detailed descriptions and examples. For
example, for separating the analytical and predictive capabilities, we introduced Delen’s (2014)
taxonomy of analytics to our coders and provided a list of tools and functionalities for generating
these two capabilities, as well as the examples obtained from our coding pre-test. After making
sense of coding process, analysis is conducted in the second phase.
The second phase concerns organising the qualitative data. We created a Microsoft Excel
spreadsheet to assign a code to each statement. The first coder purposively highlighted the
textual contents, which can inform the research questions under investigation, which completely
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describes the path-to-value chains about 1) How big data analytics architecture creates the big
data analytics capabilities and 2) How these big data analytics capabilities lead to obtain
potential benefits, while reading through all 109 case descriptions several times. The additional
interpretation for each path-to-value chain was recorded in the spreadsheet by the first coder. To
achieve neutral or unbiased results, an audit trail and audit process was used at this stage, which
will increase the accuracy of classification and interrater reliability (Hsieh & Shannon, 2005).
The second coder who has over 15 years working experience with a multinational technology
and consulting corporation headquartered in the United States, and is currently involved in
several big data projects, went through the same process independently. During the coding
process (see the coding examples in Appendix B), we followed the coding process suggested by
Strauss & Corbin (1998), including open coding, axial coding, and selective coding.
In the open coding process, the coders broke down, examined, and categorised the
statements into predetermined conceptual model categories. The coders also used different color
highlights to distinguish each concept relating to the constructs and its underlying items. In order
to record these items, we have rephrased the statements from case studies rather than use direct
quotes. This is because the quotes are generally too long and difficult to comprehend. Both
coders provided rich background knowledge and industrial experience in classifying these
statements into the constructs and items with similar meaning.
In the axial coding process, the coders reread the statement to explore the pair-wise
connections and path-to-value chains, and to develop more precise explanations of what big data
analytics architectural components, capabilities, and benefits are, what cause them, and the
benefits that arise because of them. Pair-wise connection was determined by examining the
absolute number of times a construct was used to describe a path-to-value chain between big data
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and business value. Path-to-value chain was determined by examining unique combinations of
constructs from the conceptual model’s different layers and identifying the chains found in
multiple cases. In the selective coding, the coders focused more on finalizing the codes by
comparing and contrasting other similarly coded constructs (Urquhart, 2007). Frequency analysis
was used to evaluate the importance associated with a construct, pair-wise connection, and pathto-value chain based on the repeated appearance of statements (Weber, 1990).
Finally, this coding process resulted in a total of 247 path-to-value chains. The two coders
agreed on 82% of the categorisation. Most discrepancies occurred between the two coders on the
categories of analytical capability and predictive capability. Once conflict occurred, the two
coders reassessed each case and eventually arrived at a consensus. Ensuring interrater reliability
led to much discussion and debate (Schilling, 2006). Ensuring interrater reliability led to the
elimination of 9 chains. The final set comprises 238 chains. After consolidating the results of the
coding and ensuring data quality, we analysed our data set in respect of two questions:


Which strong, pair-wise connections occur between the constructs of BDAE-BV model in
the analysed case material?



Which are the most prominent path-to-value chains that link big data and benefits?

5. Research Results and Discussion
From the analysis of the 109 cases and the resulting 238 coded chains, we present our
results in the following subsections according to three distinct perspectives: (1) the total number
of occurrences of the constructs (i.e., big data analytics architectural layers, big data analytics
capability, and benefits), (2) the distribution of pair-wise connections between the constructs of
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BDAE-BV model, and (3) the distribution of path-to value chains connecting all the constructs
describing big data analytics’ business value.

5.1 Discussion of Constructs
5.1.1 Big data analytics architectural components
Big data analytics capabilities are derived from the various tools and functionalities of big
data analytics. Table 1 shows that big data analytics capabilities are mainly triggered by a data
processing component (coded as part of 103 chains). This is followed by a data aggregation (74)
and data visualisation component (61). We break down three big data analytics architectural
components, which displays the number of occurrence in the case materials for each component.
Numerous cases highlight descriptive analysis, OLAP, and data mining as useful tools in big data
analytics systems for analyzing structured data from multiple perspectives (e.g., EHRs and
activity based historical data) (e.g., Garrido et al., 2014; Kudyba & Gregorio, 2010; Spruit et al.,
2014).
Furthermore, our results also show that data aggregation is one of the critical big data
analytics features, which can be used to improve the standardization of health care data (Shah &
Pathak, 2014). An example is the Dutch long-term care institution that has been collecting
incident events that include attributes, such as client, department, date and time, type of incident,
cause, location, physical damage and mental damage (Spruit et al., 2014). Using data aggregation
tools allow them to capture and extract the data from multiple sources and locations and integrate
into their system. This helps them explore the causes of occurred ancient events from the
relational databases.
Table 1. Breaking down Big Data Analytics Architectural Components
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Big Data Analytics
Architectural Components

Data aggregation

Data processing

Data visualization

Tools being used in the cases
 Middleware
 Data warehouse tools (SQL database,
NoSQL database, and cloud-based database)
 Extract-transform-load (ELT) tools
 Hadoop distributed file system (HDFS)
 Apache Hadoop/Map Reduce
 Statistical analysis
 OLAP
 Predictive modeling
 Social media analytics
 Machine learning
 Adhoc querying analysis
 Text mining/ Natural language processing
(NLP)
 Visual dashboards/systems
 Reporting systems/interfaces

Total

The number of
occurrence

74

103

61
238

5.1.2 Big data analytics capabilities
Among the five big data analytics capabilities identified, analytical capability was the
primary capability for big data analytics (coded as part of 74 chains), followed by speed to
insights capability (51), predictive analytics capability (46), interoperability capability (40) and
traceability (27). Breaking down five big data analytics capabilities as shown in Table 2, which
displays the number of occurrence in the case materials for each capability, we find that the
ability to analyse semi-structured and unstructured data is mentioned most often. Unstructured
and semi-structured data in healthcare refers to information that can neither be stored in a
traditional relational database nor fit into predefined data models, such as XML-based electronic
healthcare records (EHRs), clinical images, medical transcripts, and lab results. Prior research
points out that the ability to analyse unstructured data plays a pivotal role in the success of big
data in healthcare settings since 80% of health data is unstructured data (Murdoch & Detsky,
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2013; Russom, 2011). The main difference in the analysis process between big data analytics
management systems and traditional management systems is that the former has a unique ability
to analyse semi-structured or unstructured data that reveals important correlation patterns, which
were previously difficult or impossible to determine (Watson, 2014). One of our cases, Leeds
Teaching Hospitals in the UK analyse approximately one million unstructured case files per
month, and have identified 30 distinct scenarios where there is room for improvement in either
costs or operating procedures by taking advantage of natural language processing (NLP). This
unstructured data analytical capability enables Leeds to improve efficiency and control costs
through identifying costly healthcare services such as unnecessary extra diagnostic tests and
treatments (Intel, 2013).
Speed to decisions capability allows healthcare organisations to automatically generate
warmings or notices and send it to clinicians in due course (17) and generate clinical summary
and presents it using visual dashboards/systems (16). Reports generated by big data analytics
engines are distinct from transitional IT architectures as they facilitate the assessment of past and
current operational environments across all organisational levels. Visualization reports are
normally generated after near-real-time data processing and displayed on healthcare performance
dashboards which assist healthcare analysts to recognize emerging healthcare issues such as
medical errors, potential patient safety issues and appropriate medication use.
Predictive analytics capability manifested in 46 occurrences. However, most of occurrences
come from the cases reported by the IT vendors. The cases from academic literature indicate that
the application of predictive analytics to health care fields is still in its earliest stages
(Amarasingham et al., 2014; Bardhan et al., 2015; Shmueli & Koppius, 2010; Spruit et al., 2014).
One of our cases demonstrated the difficulty in developing a reliable predictive model without
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the ability to exploit large quantity of valuable dataset (Spruit et al., 2014). Similarly,
Amarasingham et al. (2014) conclude that due to the difficulty to customize legacy healthcare
information systems for predictive models it limits the quality of predictions. They further
suggest that predictive models may not respond to changes in EHRs, therefore requires IT
personnel to manually refine the predictive rules which lowers the efficiency and productivity.

Table 2. Breaking down Five Big Data Analytics Capabilities in Health Care
Business
Analytics
Capabilities

Items

Access to historic lab results, current patient medications, and
immunization history
Traceability
Track patient data based on the rules that built on hospital
claims data
Monitor patient conditions on a daily basis
Analyse semi-structured and unstructured data (e.g., imaging
data, the meaning and context of human language and voice)
Run broad multidisciplinary studies that extract important
insights from large amounts of healthcare data.
Identify correlations and patterns from diverse data to gain new
insights
Analytical
Analyse information in near-real or real time
capability
Automate a process for continuous patient safety monitoring
Compare “what if” scenarios
Provide comparative interpretation of similar patient cases over
time
Detect fraud, abuse, waste, and errors in care claims
Automatically notify clinicians of critical issues (e.g., the
appropriate dosing of anti-coagulation medication.
Speed
to
Generate detailed reporting in visual ways
decisions
Provide actionable insights to decision-makers in near-real or
capability
real time
Generates proactive clinical recommendations for conditions
Allow to predict patient behaviors
Identify the patients who need extra follow up
Predictive
analytics
Generate a set of predictions about the effectiveness of various
capability
treatment options for patients based on unique characteristics.
Perform “what if” analysis using predictive modeling
Interoperability Integrate heterogeneous data from multiple hospital systems
25

The number
of
occurrence
in the cases
14
8

27

5
22
14
13
10
5
4

74

3
3
17
16

51

12
6
21
14
7
4
17

46

40

Capability

and devices
Integrate data from other hospitals, clinics and data sources
Allow the information to be shared in the cloud-based data
warehouse with other institutions

Total

14
9
238

5.1.3 Potential benefits of big data analytics
Our results (see Table 3) show that the more compelling benefits of big data analytics are
operational benefits (128) and IT infrastructure (55). The results also indicate that improve the
quality and accuracy of clinical decisions (38), process a large number of health records in
seconds (21), and enable proactive treatment before the condition worsens (12) are the elements
with high frequency in the category of operational benefits. Reduce system redundancy (17),
avoid unnecessary IT costs (14), and transfer data quickly among healthcare IT systems (12) are
the elements most mentioned in the category of IT infrastructure benefit. This finding implies
that big data analytics has a twofold potential, as it is implemented in an organisation. It not only
improves IT effectiveness and efficiency, but supports the optimisation of clinical operations.

Table 3. Breaking down the Potential Benefits Driven by Business analytics in Health Care
The number
Potential benefits of
of
Items
big data
occurrence
in the cases
Reduce system redundancy
17
Avoid unnecessary IT costs
14
Transfer data quickly among healthcare IT systems
12
IT
infrastructure
55
Process standardization among various healthcare IT
benefits
6
systems
Simplify IT management
4
Reduce IT maintenance costs regarding data storage
2
Improve the quality and accuracy of clinical decisions
38
Process a large number of health records in seconds
21
Operational benefits
Enable proactive treatment before the condition worsens
12
128
Reduce the number of unnecessary treatments
11
Shorten the time of diagnostic test
8
26

Organisational
benefits

Managerial benefits

Strategic benefits

Meaningful use of EHRs
Reduce the rate of readmission
Reduce the time of patient travel
Reductions in surgery-related hospitalizations
Immediate access to clinical data for analysis
Explore inconceivable new research avenues
Deliver a seamless, coordinated and consentient patient
experience across all of its facilities
Improve
cross-functional
communication
and
collaboration among administrative staff, researchers,
clinicians and IT staff
Detect interoperability problems much more quickly than
traditional manual methods
Drive full adoption of EHRs across organisational
boundaries
Enable to share data with other institutions and add new
services, content sources and research partners
Gain insights quickly about emerging trends
Provide members of the board and heads of department
with sound decision-support information on the daily
clinical setting
Optimization of business growth-related decisions
Provide a comprehensive view of treatment delivery for
meeting future need
Use business analytics as a competitive differentiator

8
8
7
7
5
3
12
9
7

37

5
4
6
3

11

2
4

7

3

5.2 Discussion of Pair-Wise Connections
In the next level of analysis, we looked at the pair-wise connections between any two of our
BDAE-BV model’s elements, which contribute to a deeper understanding of the causal
connections among them. Our results reveal that there are some pair-wise connections, which we
deem to be particularly prominent. With respect to the connections between big data analytics
architectural layers and big data analytics capabilities, as shown in Table 3, 43% of big data
analytics capabilities were formed by the data processing layer. This layer mainly leads to
analytical capability (53 connections) and predictive analytics capability (21 connections). This
aspect underlines that a data processing component in big data solutions is the critical role in
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enhancing healthcare organisations’ various analytics capabilities. On the other hand, the data
visualisation layer leads to speed to decision capability (39 connections) and predictive analytics
capability (22 connections). This shows that providing the meaningful information in a visual
way enables managers to make decisions with ease.

Table 3. Number of Pair-wise Connections linking Big Data Analytics Architectural
Components with Big Data Analytics Capabilities
Business analytics
Big data analytics architectural components
capabilities
Data aggregation Data processing Data visualization
Total
Traceability
10
17
0
27
Analytical capability
21
53
0
74
Speed to decisions
2
10
39
51
capability
Predictive analytics
3
21
22
46
capability
Interoperability
38
2
0
40
Capability
Total
74
103
61
238

Our results regarding the connection between big data analytics capability and benefits
dimensions reveal that different big data analytics capabilities and various combinations bring
different benefits (see Table 4). One particular big data analytics capability – analytical
capability – is associated with all five potential benefits, with a total of 74 connections:
operational benefits (43 connections), IT infrastructure benefits (14 connections), and managerial
benefits (12 connections). Speed to decisions capability has the second highest count of
connections (51), which contributes to operational benefits (29 connections) and managerial
benefits (12). Predictive capability leads in five dimensions of benefits and it has 46 links in total.
On the other hand, interoperability capability could potentially bring both IT infrastructure
benefits (23 connections) and operational benefits (11 connections). Based on this results, we
find that healthcare organisations needs to focus on developing the analytical, speed to decisions
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and predictive analytics capabilities that in order to gain operational and managerial benefits,
while for IT infrastructure benefits, interoperability and analytical capabilities are needed. All
five big data analytics capabilities could bring IT infrastructure and operational benefits, but only
analytical, speed to decisions, and predictive analytics capabilities are associated with
managerial, organisational, and strategic benefits. Overall, 77% of chains show that IT
infrastructure and operational benefits can be acquired by the use of big data analytics. However,
our results also demonstrate that big data analytics have a limited ability to help healthcare
organisations gain organisational, strategic, or managerial benefits as of now. Thus, in health
care, more advanced applications and maturing analytical processes, along with alignment
between the business and analytics strategies, the formation of decision-making culture, strong
committed sponsorship, and people skilled in the use of analytics, are necessary for big data
solutions to achieve their full potential (Watson, 2014; Wang et al., 2016).

Table 4. Number of Pair-wise Connections linking Business Analytics Capabilities
Benefit Dimensions
Benefit
Business analytics capabilities
dimensions
Speed to
Predictive
Analytical
Interoperability
Traceability
decisions
analytics
capability
Capability
capability capability
IT infrastructure
10
14
5
3
23
benefits
Operational
17
43
29
28
11
benefits
Managerial
0
12
12
7
6
benefits
Organisational
0
3
4
4
0
benefits
Strategic benefits
0
2
1
4
0
Total
27
74
51
46
40

5.3 Discussion of Path-to-Value Chains
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with

Total
55
128
37
11
7
238

Three path-to-value chains were observed most frequently as shown in Appendix C. Three
of the path-to-value chains were observed most frequently (coded 71 times in total). We did not
present any process link from predictive capability, because the frequency count is below the
cut-off point (20 occurrences) chosen.
The first of these chains leads from data processing component, through analytical
capability, to operational benefits (26 occurrences). Analytical capability refers to the analytical
techniques typically used in a big data management system to process data with an immense
volume (from terabytes to exabytes), variety (from text to graph), and velocity (from batch to
streaming) via unique data storage, management, analysis, and visualisation technologies (Chen,
Chiang, & Storey, 2012; Zikopoulos et al., 2012). An analytical process in a big data analytics
system starts by acquiring data from both inside and outside the healthcare sectors, storing it in
distributed database systems, filtering it according to specific discovery criteria, and then
analyzing it to generate meaningful outcomes for users to facilitate decision-making.
Having analytical capability allows healthcare organisations to identify patterns of care and
discover associations from massive healthcare records, thus providing a broader view for
evidence-based clinical practice. Analytical approaches provide solutions to parallel process
large data volumes, manipulate real-time, or near real time data, and capture all patients’ visual
data or medical records. In doing so, such approaches can identify previously unnoticed patterns
in patients related to hospital readmissions and support a better balance between capacity and
cost. Interestingly, our many cases shows that analyzing patient preference patterns also helps
hospitals to recognize the utility of participating in future clinical trials and identify new
potential markets. For example, through taking advantage of social media resources such as
comments and feedback, hospitals can gain access to more information on current patient
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treatment conditions (e.g., side effects and hospitalization), and thus detect rapidly increasing
interest in specific markets that will enable them to develop high quality health care that meets
the needs of patients.
The second, which starts with data visualisation component and moves through speed to
decisions capability to operational benefits, is equally significant (24 occurrences). Speed to
decisions refers to the ability to quickly transform raw data into meaningful information for
supporting decision making and action taking (Wixom et al., 2013). Healthcare organisations
with successful analytics initiatives are more likely to yield actionable information and
knowledge, such as historical reporting, executive summaries, drill-down queries, statistical
analyses, and time series comparisons. Such information is deployed in real time (e.g. medical
devices’ dashboard metrics), while other information (e.g. daily reports) will be presented in
summary form. Healthcare organisations take advantage of this information to uncover
comprehensive solutions to pre-set questions, in order to support the implementation of
evidence-based medicine, as well as detecting advanced warnings for disease surveillance, and
developing personalised patient care (Chawla & Davis, 2013; Jee & Kim, 2013).
Moreover, the new insights can be discovered by an assessment of past and current
operation environment all organisational levels and a systemic and comprehensive perspective.
This enables managers to recognise feasible opportunities for customer relationship
improvement, particularly regarding long-term strategic decisions (Persson & Ryals, 2014). For
example, Premier Healthcare Alliance collects data from different departmental systems and
sends it to a central data warehouse. After near-real-time data processing, the reports generated
are then used to help users recognize emerging healthcare issues such as patient safety and
appropriate medication use. By expeditiously correlating clinical research, patient data, and
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clinical practice guidelines, WellPoint, one of the largest health benefits companies in the United
States, not only could pre-approve a doctor’s urgent request for coverage of a treatment in near
real-time, but also could provide recommendations on a confidence scale to support nurses’
decisions on treatment for each patient in seconds. Such a speed to insight capability allows
WellPoint to expedite their decision-making process for each patient, and thus, improve service
quality and reduce considerable costs (WellPoint, 2014).
The final chain, which goes from a data aggregation layer, through interoperability
capability, to IT infrastructure benefits, is slightly less common (21 occurrences). In general,
interoperability capability in a healthcare information system is defined as the ability to integrate
data and process, in order to support collaboration and other healthcare activities (Sadeghi
Benyoucef, & Kuziemsky, 2012). Traditionally, legacy healthcare systems have been designed in
an iterative manner which focused on business process automation, not care delivery (Eastwood,
2013). As a result, medical errors frequently originate from the fragmentation of clinical data and
the lack of standardization of health care data among labs, hospital systems, financial IT systems
and EHRs (Institute for Health Technology Transformation, 2013; Shah & Patak, 2014). Data
normalization is an essential process to solve this problem. This process can be accomplished in
Hadoop/MapReduce, which is aimed to associate similar types of data from disparate systems
into a single data in an attempt to minimise the rate of redundant procedures. Once clinical data
has been normalised among healthcare systems, this allows big data analytics platforms to
facilitate the transformation of asynchronous patient information and dissemination of patient
data in an interoperable way that authorised users can gain easier access to a broad array of data.
Big data analytics system, which provides interoperability capability in a healthcare
environment could be an important solution, not only in the early detection and prevention of
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adverse events from multiple medical functions or locations, such as medication errors, lack of
patient monitoring, and patient deterioration, but also in enabling the identification of differences
in patient characteristics among different referral workflows (Dolin, Rogers, & Jaffe, 2015). A
typical example in our case is Rhode Island Quality Institute (RIQI), which they build an
interoperable infrastructure to permit the seamless exchange of data among various systems and
aggregate individual patient data into a comprehensive and meaningful view of health care. RIQI
use the aggregated quality data and analytics to improve clinical workflow by adjusting
resources to cope with inconsistent IT function workflows and identify disease patterns across
the state (Institute for Health Technology Transformation, 2013). Therefore, we argue that
interoperability capability, driven by big data analytics, can enhance IT infrastructure benefits for
healthcare organisations.

6. Implications
6.1 Theoretical Implications
Big data-related technologies are probably the most influential innovations in the last
decade. Resulted from such phenomenon, IS research has been focused on the technical side,
instead of the managerial and/or strategic views, which further hinders the progress of IS
business value research. One of the research gaps identified by Schryen (2013), after an intensive
literature review on IS business value, is “IS business value creation process as grey box”, which
indicates the need to research on “How, why, and when do IS assets, IS capabilities, and socioorganisational capabilities jointly create competitive value, thus performing a value creation
process?” (p.159). One goal of this study is to explore the paths of the value creation process via
IS/IT. Intent to close such a gap, we use RBT and IT capability building view as our base to
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develop a generic BDAE-BV model for research/theory and then validated it empirically in the
context of healthcare. Given the lack of models to explore the business value of big data
analytics in healthcare, our research model, with three proposed propositions, underpins that big
data analytics is a technical IT source with a potential to create analytics-based IT capabilities
that, in turn, support the acquisition of business value. Our exploratory study reveals the essential
constructs, connections, and path-to-value chains for understanding big data analytics
implementation. In doing so, this model is among the first attempts to systematically capture the
complex relations that link big data resources and its capabilities and the associated business
value. Compared to recent studies that proposed a big data analytics process model (Seddon et
al., 2012; Tamm et al., 2013), our theoretical model elucidates how big data analytics capabilities
were formed by four-layer big data architecture, and how these capabilities lead to business
benefits, which improves the general understanding of big data’s business value. To the best of
our knowledge, this is a first study that took such a unique approach towards integrating the most
prominent IS theories, by applying the new perspectives to a current IT innovation to show the
“causal chains” of IS business value theoretically and empirically.
We also frame our research in healthcare industries, because different industries have
different needs or goals of using big data technology solutions. It is best to test a generic model
in a specific context. Most prior works focused on a technological understanding of big data
rather than identifying the business value of big data analytics in healthcare settings. There has
not been sufficient evidence of big data analytics investment benefits (Murdoch & Detsky, 2013;
Shah & Patak, 2014). These findings could be a starting point to study how big data analytics
constitutes business value in practice and offer an empirical basis that can stimulate a more
detailed investigation of big data implementation.

34

6.2

Practical Implications
Considering the needs for cost effectiveness and high service quality demands, healthcare

organisations have started paying attention to the phenomenon of big data related technologies
and how such innovations can help them optimize the quality of care and simultaneously
enhance their economic potential (Agarwal et al. 2010; Bhattacherjee et al. 2007; Chen et al.,
2012; Goh et al. 2011; Mantzana et al. 2007). Our proposed model has allowed us to examine
how healthcare professionals and managers believe big data analytics creates business value. The
case descriptions affirm the components of big data analytics architecture with the potential to
develop big data analytics-specific capabilities, thereby generating business value. Therefore, our
model and the insights we gained provide healthcare practitioners with the easy-to-follow
scenarios for assessing the benefit of big data analytics and support them in defining their
approach to its implementation as they claim that the application of big data analytics to health
care is “inevitable” (Murdoch & Detsky, 2013). We also identified five big data analytics
capabilities and found three path-to-value chains that healthcare managers can use as a template
to build their capability portfolio of big data analytics according to their immediate and future
plans.
The fourth path-to-value chain we identified in the analytics, which goes from data
processing component through predictive analytics capability to operational benefits, was below
our cut-off criteria. Yet, it still provides practical insights. Although the application of predictive
analytics to health care fields is still in its infancy and the difficulties were demonstrated by
many studies (Amarasingham et al., 2014; Bardhan et al., 2015; Shmueli & Koppius, 2010;
Spruit et al., 2014), failure to adequately utilize predictive analytics tools in analyzing large-scale
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clinical data results in missed opportunities to offer more insights into clinical decision making
process. Predictive analytics helps healthcare managers disentangle the complex structure of
clinical cost, identify best clinical practices, and gain a broader understanding of future
healthcare trends based on knowledge of patients’ lifestyles, habits, disease management and
surveillance (Groves et al., 2013). An example form our case selection, Beth Israel Deaconess
Medical Center indicates that predictive analytics supports home health care by predicting
patient illness, quickly deploying nurse to supplement the care no matter where the patient
suffers a health emergency, avoiding expensive emergency department visits, and collaborating
with local healthcare providers for care coordination (Halamka, 2014). Therefore, healthcare
managers should encourage their employees to establish predictive models that fit in their
business situations to discover new ideas in relation to healthcare service and market
opportunities.
Finally, to follow the path-to-value chains and to enjoy all the benefits, merely
implementation of big data technologies is not enough. A crucial component for success is the
governance of big data analytics technology. However, successful big data governance requires a
series of organisational changes in business processes. Several issues such as information
integration and sharing culture should be taken into consideration when developing big data
governance for a healthcare organisation. Indeed, big data is a double-edged sword for IT
investment, potentially incurring huge financial costs for healthcare organisations due to poor
governance. On the other hand, with appropriate data governance, big data has the potential to
equip organisations with the tools they need to harness the mountains of heterogeneous data,
information, and knowledge that they routinely gather, to disentangle intricate customer
networks, and develop a new portfolio of business strategies for products and services.
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7. Limitation, Future Research and Conclusion
Notwithstanding the above-mentioned contributions and implications, our study is subject
to a limitation. One challenge in the health care industry is that IT adoption usually lags behind
other industries, which is one of the main reasons that cases are hard to find. Although efforts
were made to find cases from different sources, the majority of the cases identified for this study
came from vendors. There is, therefore, a potential bias, as vendors usually only publicise their
success stories. On the other hand, though, it is a great indicator of areas that require
improvement if cases from vendors do not show some of the path-to-value chains.
The limitation of this study is the data source. Further and better validation of the BDAEBV model could be carried out through collecting and analysing primary data. Given the
growing number of healthcare organisations adopting big data technologies, the sample frame for
collecting primary data is larger. Examining the BDAE-BV model and our propositions with a
quantitative analysis method, based on primary data, could shed different light.
In addition to requiring empirical analysis of big data enabled transformation, our study also
exposed the needs for more scientific and quantitative studies, focusing on some of the big data
analytics capability elements we identified. This especially applies to analytical and speed to
decision capabilities, which are frequently cited in the big data cases. With a growing amount of
diverse and unstructured data, there is an urgent need for advanced analytic techniques, such as
deep machine learning algorithms that allows computers to detect items of interest in large
quantities of unstructured and binary data, and to deduce relationships without needing specific
models or programming instructions (Computerworld 2014). We, thus, expect future scientific
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studies to take developing efficient unstructured data analytical algorithms and applications as
primary technological development.
Different industries have different needs or goals of using big data technology solutions.
We targeted healthcare for this study, hence, the results are industry-specific. Future research
can apply the logic of the BDAE-BV model to other particular industries. Different big data
analytics capabilities, practices, benefits, and outcomes may surface. Finally, in light of these
future opportunities, we believe the big data research steam, with a focus on strategic view, has
great potential to help even the number of studies of big data’s technological and managerialoriented perspectives.

In conclusion, drawing on the RBT and capability building view, this study illustrates how
big data analytics architecture enhances a healthcare organisation’s big data analytics capabilities,
which can in turn contribute to the generation of business value. We find that the ways to reach
business value do not seem to be determined by a single factor, but instead, by a variety of big
data analytics capability profile. The model was tested by analysing secondary data consisting of
big data cases specifically in the healthcare context. From analyzing our data set, we used the
number of occurrences of constructs, pair-wise connections, and path-to-value chains as
indicators for discovering the remarkable paths driving big data analytics to gain business value
rather than using the single case. Therefore, we believe that this study offer remarkable insights
regarding theoretical and managerial implications for big data analytics research.
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Appendix A. Defining the Initial Constructs of BDAE-BV Model
Constructs
Data aggregation

Data processing

Data visualization

Traceability

Analytical
capability

Speed to decision
capability
Predictive
capability
Interoperability
capability
IT infrastructure
benefits
Operational
benefits
Managerial
benefits

Strategic benefits

Descriptions
The tools use to transform different types of
healthcare data into a data format that can be read
by the data analysis platform.
The tools use to process all kinds of data and
perform appropriate analyses to harvest insights
and decisions
The tools use to produce reports about daily
healthcare services to aid managers’ decisions and
actions
Integrate and track the patient data from all of the
IT components throughout the various healthcare
service units
Enable users to process clinical data with an
immense volume (from terabytes to exabytes),
variety (from text to graph) and velocity (from
batch to streaming) by using descriptive analytics
techniques
Produce outputs regarding patients, care process
and service to guide diagnostic and treatment
decisions
Explore data and identify useful correlations,
patterns and trends and extrapolate them to
forecast what is likely to occur in the future
Integrate data and process to support collaboration
and other healthcare activities.
Sharable and reusable IT resources that provide a
foundation for present and future business
applications
The benefits obtained from the improvement of
operational activities
The benefits obtained from business management
activities which involve allocation and control of
the firms’ resources, monitoring of operations and
supporting of business strategic decisions
The benefits obtained from strategic activities
which involve long-range planning regarding highlevel decisions
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Sources
Raghupathi and
Raghupathi (2014)
Wald et al. (2014)
Ghosh & Scott
(2011); Jardine et al.
(2014)
Wang et al. (2016)

Watson (2014);
Seddon et al. (2012);
Cao et al. (2015)
Groves et al. (2013);
Wixom et al. (2013)
Negash (2004);
Hurwitz et al. (2013)
Sadeghi Benyoucef,
& Kuziemsky (2012)

Shang & Seddon
(2002)

Organisational
benefits

The benefits arise when the use of an enterprise
system benefits an organisation in terms of focus,
cohesion, learning, and execution of its chosen
strategies.

Appendix B. Coding Example
Statements
(Case name: London’s Royal Free
Hampstead National Health Service
(NHS) Trust)
The
RAPIDComm
4.0
solution
integrates oversight of blood gas,
urinalysis, and diabetes care testing and
helps drive compliance in all of these
areas,” says Hall. “We can generate
audit trails, process QC data, record
patient results while maintaining patient
privacy, and limit instrument access to
only trained and certified operators. All
of this happens on a common platform
that supports different types of point-ofcare test equipment. The benefits of
integrated connectivity also make it
easier to build a case for funding to
connect more analyzers. Ten of our 35
CLINITEK® analyzers are capable of
connectivity, pending the installation of
network points. (a case study provided
by Siemens Healthcare Diagnostics)
(Case name: Memorial Healthcare
System)
The vendor vetting system, known as
VETTED, was built based on Memorial
Healthcare System’s existing enterprise
content management platform from IBM
and business partner Information
Management Consultants (IMC). By
adding IBM i2 analytics capabilities,
Memorial Healthcare now has greater
visibility into its vendor community and
accounting staff can complete vetting
activities within a few hours. The
system’s analytics connect the dots
among vendor companies and between

Open (underlined) and
Axial (italic) Codes

Themes Emerging from
Selective Coding

Comparing this statement
to other similarly coded
Data
aggregation elements
(i.e.
data
Component
aggregation
component,
Capabilityinteroperability capability
interoperability
and operational benefit).
Integrate heterogeneous
data
from
multiple Two coders agreed on
hospital systems and interoperability capability
devices
driven by data aggregation
(cause)
component can lead to
improved
operational
benefit
Operational benefit
Immediate access to
clinical data for analysis
(effect)

Recording this statement
as one of the path-to-value
chain:
Data
aggregationinteropera
bilityoperational
benefit

Comparing this statement
to other similarly coded
Data processing component elements
(i.e.
data
Capability-analytical
processing
component,
Identify correlations and analytical capability and
patterns from diverse managerial benefit).
data to gain new
insights
Two coders agreed on
(cause)
analytical capability driven
by
data
processing
component can lead to
improved
managerial
Managerial benefit
benefit.
Gain insights quickly about
emerging trends
Recording this statement
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individuals, vendor companies and
physicians to help uncover potential
fraudulent behavior. (a case study
provided by IBM)

(effect)
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as one of the path-to-value
chain: Data processing
analytical
capability
managerial benefit

Appendix C. Big data analytics-Enabled Business Value Model Including the Analysis of
Constructs in the Cases

Big data
analytics

Big data
analytics
components

Data processing
(103)

Big data
analytics
(238)

Data
visualization
(61)
Data aggregation
(74)

Big data
analytics
capabilities

Benefit
dimension

Traceability
(27)

Organisational
benefits (37)

Analytical capability
(74)

Operational
benefits (128)

Speed to Decisions
capability
(51)

IT infrastructure
benefits
(55)

Predictive analytics
capability
(46)

Managerial
benefits (11)

Interoperability
capability
(40)

Strategic benefits
(7)

Business
value

Business
value (238)

Note: (#) represents number of times this element was coded in the cases analysed.
represents the highest path-to-value chains (26);
represents the second highest path-to-value chains (24)
represents the third highest path-to-value chains (21)
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