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Abstract. Big data analytics is emerging in many industries and is a prominent
undertaking in healthcare. The healthcare industry has more opportunities now
to garner insights and advantages from data than ever before. Big data analytics
has the potential to enhance many aspects of the industry from enhancing quality
of patient care to revenue cycle improvements. However, successfully lever-
aging big data analytics poses challenges as well, such as data standardization
and integrity. Therefore, it will be important to identify the essential factors that
will facilitate the ability to derive the maximum value from big data analytics for
such endeavors. This research proposes to identify these pivotal factors of big
data analytics in healthcare by utilizing value-focused thinking (VFT). VFT will
entail interviews with both healthcare data analysts and management to identify
these important factors. The findings can provide guidance to practitioners when
considering the essential factors for big data analytics success, as well as provide
topics for future research.
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1 Introduction

Big data analytics has the potential to provide increased, improved, and more salient
insights that were previously unfathomable. With the increased usage of and contin-
uous improvements in technology and its capabilities, utilizing massive amounts of
data to improve healthcare services is now possible and being explored [1]. The
healthcare industry has been exploring and using big data from a variety of sources
such as electronic health records and health information exchanges [2]. Healthcare
systems can leverage this data to gain new insights into reducing costs, generating new
revenue streams, and, most importantly, improving quality of care and patient out-
comes. Hence, utilizing data to assist healthcare and administrative professionals, is a
significant focus [1]. Leveraging this data and applying big data analytics to derive
value is a current topic of concern in healthcare.

With the escalating use of big data analytics in many industries, many opportunities
as well as challenges emerge. Being able to utilize data analytics software applications,
develop new insights into the data, having the skills and analytical prowess to extract
the relevant data and model it in the most insightful manner, as well as develop and
decipher the many different representations of data that are possible can be beneficial
and problematic. Being able to garner the full potential of big data analytics will require
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more than just data, such as knowledge of and ability to utilize appropriate analytic
techniques and tools [3]. Some organizations have not realized the benefits that were
intended and are re-addressing their strategies, which makes identifying factors that
will lend to deriving value essential.

Although the amount of data continues to grow, some healthcare organizations are
not sure what the true potential is of big data analytics [4]. Also, organizations are
trying to identify cost-effective and optimal ways to deploy their resources to gain the
most benefit from data analytics. For example, leveraging predictive analytics to create
definite business value has not been fully realized [5]. Factors that have been chal-
lenges in this endeavor include the volume and complexity of data, analysts who are
not fluent with data analytic techniques, and being able to demonstrate a salient impact.
Deriving value from big data analytics is a major undertaking in healthcare [1]. In order
to derive the full value that big data analytics can offer to healthcare, it’s essential that
we identify the factors that will contribute to this endeavor. Therefore, the research
question being pursued for this study is: What are the factors essential to deriving value
from big data analytics in healthcare?

Shedding light on the perspectives of various individuals, at varying levels or areas
of the organization, impacted by big data analytics will be important for realizing the
true value from big data analytics in healthcare [1]. This research proposes to address
this research question by interviewing data analysts and management using value-
focused thinking to identify the factors essential to deriving value from big data ana-
lytics. The outcome from these interviews and subsequent analysis will be a means-
ends objective network. This approach will allow the essential factors (i.e., means)
needed to derive the value (i.e., ends) from big data analytics in healthcare to be
identified.

2 Literature Review

Big data has been defined with various characteristics. Big data has been described with
the attributes of volume, velocity, variety, veracity, value, variability, and valence [3, 6].
Volume refers to the amount of data. Velocity is the speed that data is being created and
delivered. Variety is a multifarious gamut of structured and unstructured data. Veracity
is the quality, uncertainty, and imprecision in the data. Value is the data’s worth such as
developing competitive advantages. Variability refers to continuous modification.
Valence is connectedness or relational aspects of the data.

Healthcare information systems and big data analytics are prominent in the
healthcare industry. Healthcare information systems can be classified as clinical
information systems (CIS) and administrative information systems (AIS), although
some systems combine both [1]. CIS support the service provider and delivery of the
service (e.g., electronic health records). AIS support administrative functions (e.g.,
payroll systems). Types of big data analytics include descriptive, predictive, and pre-
scriptive [6]. Descriptive analytics provide insights into what has occurred in the past
and is currently taking place. Examples include dashboards and standardized reporting.
Predictive analytics provide projections regarding what could occur. Examples include
Monte Carlo simulations and data mining. Prescriptive analytics provide guidance and
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suggestions regarding recommended courses of actions. Examples include adaptive
algorithms.

Big data analytics can be leveraged to provide valuable insights and support
decision-making processes in organizations [6]. Specific applications, such as predic-
tive analytics, have been utilized to refine business processes, discover unanticipated
opportunities, and proactively identify problems [5]. For instance, predictive analytics
are being used to assess the probabilities of patient readmissions and identify patients
with higher risks of certain diseases. Insurance companies can create such predictive
models based on medical claim data. Some argue that insurers’ experience and history
with predictive analytics, along with magnitude of the institution, provides an advan-
tage over healthcare systems capabilities.

Also, sources of data used in analysis can be more expansive and diverse [5].
Analysis can include not only data seen by payers but include clinical as well as
psycho-socioeconomic data. This can then be leveraged to identify at-risk patents. For
example, if a patient is not filling a necessary prescription, their healthcare provider can
be given this information who can then intervene by communicating with the patient
about his or her treatment plan. Another possibility is to develop a treatment plan based
on the patient’s current status including levels of activity and health condition
(e.g., weight).

The healthcare industry has utilized big data in areas of bioinformatics and
exchanging healthcare information to improve patient care, for example disease
diagnosis [2]. Opportunities for big data analytics in healthcare include improvements
in medical diagnoses, predicting disease epidemics, improving quality of care, iden-
tifying discontinuity in the delivery of healthcare services, reducing costs, discovering
trends associated with reactions to medicines and hospital readmissions, and deriving
treatments or cures and doing so based on an individual’s personal circumstances (e.g.,
previous treatments and reactions, medical history) [1, 6, 7]. Healthcare models are
evolving to be more personalized as well as proactive versus reactive, such as iden-
tifying categories of individuals with similar biological basis of a disease for better
treatment plans [8, 9]. Healthcare systems have leveraged clinical data to gain better
insights into populations’ concerns and improving accuracy in predictions [5].

In an accounting context, big data analytics has been used for endeavors such as
health care charge capture, fraud detection, continuous auditing/monitoring, anomaly
identification or gaining other insights during an audit, and vendor payment transac-
tions [5, 7, 10-12]. The value of big data analytics is still emerging and will require
users who can apply advanced technical and analytical skills making the factors needed
for competent usage potentially unique in comparison to other system usage such as
enterprise resource planning systems. Also, identifying new uses of the data that will
benefit one’s organization will require attributes, skills, and knowledge capabilities that
expand many users’ existing repertoires. Hence, existing frameworks may need
adaptation to properly align with the needs of big data analytics.

Big data analytics in healthcare is replete with challenges. This includes issues such
as security as well as privacy [2, 7]. Other potential issues some have posed include the
use of big data analytics over healthcare professional services. Greater reliance may be
placed on big data analytics with less reliance on healthcare professionals’ opinions and
diagnoses, creating lesser need for their services [7].
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Data governance issues have emerged such as fragmented data sets that could be
integrated to decrease costs and improve integrity, accessibility, reliability, standard-
ization, sharing, integration, transmission, processing, storage, and security [5, 6]. Data,
such as electronic health record data, can be in both unstructured and structured formats
[9]. Unstructured data, such as clinical notes, can be problematic to analyze because
formats may vary, unnatural grammar or misspellings may be included, and domain-
specific acronyms may be used. The frequency of data collection also varies. Some
tests only occur once (e.g., genome), while others can be several times in one day (e.g.,
labs) or continuous (e.g., respiration). Data can also be generated from sensor devices,
self-reporting data, videos, and medical images [6].

Data may be incomplete (e.g., pharmacy data for an entire population), substantial
costs may be incurred, and extensive amounts of time to generate a return on invest-
ment can all be considered barriers to overcome [5, 6]. Data can have a significant
amount of dimensions and highly heterogenous, and the quality of the data can be
problematic [6, 9]. For instance, inadequate signal-to-noise ratios, errors in data entry,
and gaps in data [9]. Effective utilization of predictive analytical models can be
problematic due to data analysts’ lack of medical knowledge creating inabilities to
provide recommendations [S5]. Also, healthcare professionals are deficient on time to
participate in predictive model development and need to integrate these predictive
models into existing work routines.

Some healthcare professionals may be averse to change [1]. Recommendations to
effectively leverage data analytics include understanding the impact desired, consoli-
dating data into a single location, integrating data analytics when deciding upon patient
care and treatment, and utilizing qualitative as well as quantitative data [5]. Also,
achieving the benefits that big data has to offer is dependent upon the correct assembly
of technology, methods, and skill sets [1]. Organizations will need to consider effective
approaches to integrate big data analytics in their current IT infrastructures. Also, for
those who have historically used analytics, they will need to integrate big data analytics
in a complementary fashion.

Previous research has addressed some aspects of leveraging information technology
to achieve its full potential and the greatest return on investment. For instance, the
abilities of the users. Previous literature has conceptualized information systems user
competency or the ability of some users to obtain the greatest benefits possible from IS
usage [13]. Also, previous research has explored critical success factors in domains
such as ERP implementations (e.g., [14]). However, users of big data analytics can
have unique challenges because of the inherent and potentially unstructured nature of
the tasks to accomplish. For example, the objective may not be clearly defined and
entail more exploratory, innovative, and unplanned discovery. Big data analytics is
unique in that it can also entail statistics and machine learning [6]. The importance of
proficient big data analytics usage needs to permeate the organization and not be
centralized to just a few. In addition, this research focuses on ongoing usage of big data
analytics versus its implementation.

Previous research has explored aspects of big data analytics in healthcare such as
improving models, enhancing the richness of the data used, and identifying more
optimal methods of processing data to improve hospital readmission predictive ana-
Iytics [15]. Research has explored the use of variegated -omic and electronic health
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record data to facilitate precision medicine [9]. Research has put forth frameworks for
studying big data and business-IT alignment from a social dynamics perspective [1].
However, previous research has not identified the elements needed to realize the
desired value of big data analytics in healthcare. In other words, a gap in the literature
can be filled by focusing on identifying the essential factors needed to derive the
desired value from big data analytics in healthcare.

3 Research Methodology

This study proposes to utilize value-focused thinking (VFT) to identify essential factors
associated with deriving value from big data analytics in healthcare. VFT can be more
readily understood using Means-Ends Chain (MEC) Theory and a laddering inter-
viewing technique [16]. According to MEC, product or service attributes are linked to
the values that individuals are trying to achieve through the consequences associated
with consumption [16, 17]. These values are pivotal drivers in decision making [17].
When individuals identify items (such as product or service attributes) that have the
potential to fulfill what one values, these items can be categorized as such. Items or
attributes used to create these categories are derived from one’s values and originate
from distinctions which “are dichotomies that represent the end points of dimensions
along which objectives may be compared” [17, p. 63]. In other words, item or attribute
categories are created based on their association with or ability to achieve a desired
value or end state.

Consequences are the outcomes derived from an activity, whether they are expe-
rienced immediately or in the future, and are evaluated based on situational circum-
stances [17]. These consequences of engaging in an activity are associated with that
activity in one’s memory. Consequences can be directly derived from the activity, or
indirectly from external sources (e.g., other individuals’ reactions) after the activity
occurs. The basic tenet is that decision making among various activities is based on
achieving consequences that are deemed favorable or desirable and reducing unfa-
vorable or undesirable outcomes. In some circumstances, trade-offs can occur in that
achieving certain consequences means having to tolerate unfavorable consequences or
sacrificing some other favorable consequences.

Values are arranged in one’s value system by their importance [17]. Accordingly,
consequences associated with more cardinal values or desired ends are more salient.
Whereas, consequences associated with less vital values are less salient. Therefore, its
important to understand the correlations between attributes and the consequences that
can be derived in order for a decision to be made.

Attributes are considered means and the lowest level of the hierarchy of one’s
memory [16, 17]. The next level is considered means as well and consists of the
consequences generated from consuming the product or service. The consequences can
be physical, psychological, or social. The final level is the ends or the value that is
derived from the consequences. Hence, in the decision-making process, individuals
identify the means (or attributes and consequences) that ultimately provide the desired
ends (or values). This chain can then shed light on the means that are important to
achieving the ends.
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Laddering allows deeper probing into cognitive structures and has been used with
techniques such as Repertory Grid [18, 19]. This is accomplished by first prompting the
interviewee to identify attributes that differentiate products or services [16]. Then, to
reveal the ladder or means-ends chain (i.e., attribute, consequence, and end value), the
interviewee is asked questions about the attribute elicited such as “Why is that
important to you?” [16, p. 29]. The answers provided represent levels of abstraction
and are subsequently used for additional questioning to further understand the chain or
ladder until the highest level of abstraction is revealed. In the context of means-ends
chains, this technique provides a mechanism to expose the relationship between the
means/attributes, consequences, and values. Content analysis can then be utilized to
identify pivotal elements of means/attributes, consequences, and values elicited from
interviewees. Then, a cognitive map is created by the salient relationships among the
elements.

VFT provides a mechanism to illuminate what individuals consider important to
them and the manner to successfully attain it [16]. In other words, VFT focuses on the
means-ends value chain. Values are identified by stated objectives, or something one
aspires to accomplish. These objectives include “a decision context, an object, and a
direction of preference” [16, p. 30]. Two types of objectives can be elicited — funda-
mental and means objectives. Fundamental objectives represent the values or end state
one desires [16, 20, 21]. The means objectives are the methods to accomplish or bring
to fruition these end states. The goal of VFT is to identify both of these objectives as
well as their relationships, with the result being a means-ends objective network that is
representative of decision-making in a given context.

Considering that VFT explicitly elicits the methods of obtaining a desired end state,
this research method is considered appropriate considering the focus of this research is
identifying those factors (i.e., methods of achieving the end state) associated with value
from big data analytics in healthcare. VFT also places no restrictions on the objectives
(i.e., means and ends) that participants can generate and facilitates a comprehensive
approach to obtaining these objectives [22]. VFT is considered most ideal for this study
because other methods, such as surveys, may not shed light on the relationships
between means and ends.

VFT has been utilized previously in contexts such as strategic management and
decision making, mobile technology in education, mobile technology’s strategic
impact, information system security, terrorism, system architecture assessment, and
emerging technologies [16, 20-26]. The VFT approach allows the uncovering of what
an individual values, or a desired objective, and the means with which it can be
achieved. In the context of big data analytics, this study can utilize VFT to identify the
values that data analysts have and the means to achieve these values. This study can
also use VFT to identify management’s values and the means with which they believe
that they can be achieved. These means represent factors necessary to derive value from
big data analytics in healthcare, and this study intends to identify these factors both
from analysts’ and management’s perspectives to provide a more complete under-
standing of the relevant factors.

The VFT procedures are noted in Table 1 [16, 25, 27]:

Interviews with both data analysts and management will be recorded and tran-
scribed. Research participant interviews will continue until the point of saturation is
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Table 1. Value-focused thinking procedures

Step

Procedure

Research participants will be interviewed and asked to identify what they value in big
data analytics or the value they see in big data analytics. This will include identifying
issues, goals, and potential benefits. Participants will include both data analysts and
management who are most familiar with these aspects of big data analytics (e.g.,
issues, desired value) so a more inclusive view of essential factors can be identified.
Also, these factors will be identified by those who are interacting with, or responsible
for the analysis, and are more likely directly impacted by or are familiar with
objectives associated with big data analytics. Others, such as medical professionals,
may be considered end users which can be addressed in future research studies.
Specific questions to identify values will include:

1. What are the goals of using big data analytics in healthcare?

2. What are the potential benefits that can be derived from using big data analytics

in healthcare?

3. If there were no limitations with big data analytics, what value could be derived?

4. What are the issues with effectively using big data analytics?
After participants have identified all values they can generate, additional questions will
be asked to identify additional values. For example, the pros and cons of big data
analytics as well as the use of big data analytics in specific contexts. Also, questions
will be posed to identify potential issues such as cost versus benefits and expertise. All
participants’ value lists will then be aggregated. Objectives will be reviewed by two
individuals and consistent themes or meanings will be grouped together
The identified values are then transformed into objectives which will then be classified
as either fundamental or means objectives. As mentioned previously, an objective is
considered “something one wants to strive towards” and “has three features: a decision
context, an object, and a direction” [27, p. 535]. Discerning these objectives can be
accomplished by asking probing questions about the importance of each objective.
More specifically, during the interviews, participants will be asked “Why is that
important” in order to clearly distinguish means from fundamental objectives.
Fundamental objectives are goals that the individual would like to achieve. Means
objectives are methods of achieving other objectives. Hence, fundamental objectives
will be identified as those that provide end values states and additional objectives
cannot be derived
A means-ends objective network will then be constructed from the findings in the
previous step in which the relationships between the means and fundamental
objectives are depicted. The network will include any sub-objectives as components of
the overarching fundamental objective

reached, or no new objectives emerge. Two individuals will code the results and
identify means and fundamental objectives, and inter-rater reliability will be assessed
using Cohen’s Kappa coefficient [28]. Yin’s [29] Principles of Data Collection will be
utilized to enhance the reliability and validity of this study. This will include utilizing
various sources of evidence, a database, and chains of evidence.

Utilizing various sources of evidence will be fulfilled by triangulation of the data in
which two individuals will independently code the data and inter-rater reliability
assessments made using Cohen’s Kappa coefficient. Coefficients that are above .65 will
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be considered acceptable based on previous recommendations [30]. Also, both data
analysts and management will be interviewed. To address the principles regarding
creating and maintaining a database and chains of evidence, a database of all transcripts
and notes taken during the interviews will be created. Also, all coding and the results
obtained through each iteration will also be maintained in a database, and done so
separately so a chain of evidence is created.

Based on the research participants responses to the probing question “Why is that
important” and the objectives identified, the means-ends objective network will be
derived. The ladders or relationships between the objectives will be included in the
network if at least four participants have generated it, based on previous recommen-
dations [16].

4 Expected Contributions, Implications, and Conclusion

Big data analytics is being heavily adopted in healthcare. However, deriving the full
value it has to offer is a challenge for many organizations. The findings from this
research study can potentially improve outcomes in the healthcare industry by iden-
tifying the pivotal factors needed to successfully leverage big data analytics. This
model of means and fundamental objectives can provide insights into the most
important factors (i.e., means objectives) needed to realize the greatest benefits from
big data analytics in healthcare.

Practitioners can utilize the findings from this study to address the factors needed to
realize the greatest return on their investment in big data analytics, as well as achieve
successful performance outcomes. This can provide guidance regarding mechanisms
that need greater investment or development to derive the desired values. Organizations
may have already identified some of these mechanisms and not others. Hence, orga-
nizations can receive confirmation that current investments may be justified, and new
investments may be needed. Also, current investments in mechanisms that are not
identified in the network may need to be re-addressed in regard to the contribution they
are making to achieve the end goal, i.e., the desired value from big data analytics.

Leveraging Means-Ends Chain (MEC) Theory and a laddering interviewing tech-
nique, value-focused thinking uncovers the methods or means to achieve the desired
end or value. In this context, the means to achieve the desired value from big data
analytics in healthcare (i.e., ends) will be identified. The research results from this study
will provide a means-ends objective network that can provide future research direc-
tions. For example, the importance of means or essential factors for deriving value from
big data analytics in healthcare can be addressed. Also, the findings can be explored or
used in future research studies such as experiments entailing the assessment of iden-
tified means or mechanisms for deriving value from big data analytics. The network
could be applied in action research studies of big data analytics in a healthcare insti-
tution as well, for example. Also, the findings can be assessed for generalizability to
other domains, such as the financial services industry. Overall, big data analytics has
the potential to make a significant contribution to improvements in healthcare, and
identifying essential factors to derive its value is pivotal to this endeavor.
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