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A B S T R A C T

Background: The application of Big Data analytics in healthcare has immense potential for improving the quality
of care, reducing waste and error, and reducing the cost of care.
Purpose: This systematic review of literature aims to determine the scope of Big Data analytics in healthcare
including its applications and challenges in its adoption in healthcare. It also intends to identify the strategies to
overcome the challenges.
Data sources: A systematic search of the articles was carried out on five major scientific databases: ScienceDirect,
PubMed, Emerald, IEEE Xplore and Taylor & Francis. The articles on Big Data analytics in healthcare published
in English language literature from January 2013 to January 2018 were considered.
Study selection: Descriptive articles and usability studies of Big Data analytics in healthcare and medicine were
selected.
Data extraction: Two reviewers independently extracted information on definitions of Big Data analytics; sources
and applications of Big Data analytics in healthcare; challenges and strategies to overcome the challenges in
healthcare.
Results: A total of 58 articles were selected as per the inclusion criteria and analyzed. The analyses of these
articles found that: (1) researchers lack consensus about the operational definition of Big Data in healthcare; (2)
Big Data in healthcare comes from the internal sources within the hospitals or clinics as well external sources
including government, laboratories, pharma companies, data aggregators, medical journals etc.; (3) natural
language processing (NLP) is most widely used Big Data analytical technique for healthcare and most of the
processing tools used for analytics are based on Hadoop; (4) Big Data analytics finds its application for clinical
decision support; optimization of clinical operations and reduction of cost of care (5) major challenge in
adoption of Big Data analytics is non-availability of evidence of its practical benefits in healthcare.
Conclusion: This review study unveils that there is a paucity of information on evidence of real-world use of Big
Data analytics in healthcare. This is because, the usability studies have considered only qualitative approach
which describes potential benefits but does not take into account the quantitative study. Also, majority of the
studies were from developed countries which brings out the need for promotion of research on Healthcare Big
Data analytics in developing countries.

1. Introduction

Over the last decade, there has been a rapid digitalization across the
industries. Healthcare has also undergone this digital transformation
with an increase in use of Electronic Medical Records (EMRs);
Healthcare Information Systems (HIS); and handheld, wearable and
smart devices. As a result, a massive amount and variety of health-re-
lated data today, is in digital form, which includes −omics data, socio-
demographics data and insurance claims data apart from clinical data.
This high-quality healthcare data offers potential value for optimizing
care delivery, but it is still “perceived as a by-product of healthcare

delivery, rather than a central asset source for competitive advantages”
[1]. As the electronic health data remains largely underutilized and
hence wasted [2], there is a need for converting the raw data into
meaningful and actionable information [3,4].

Much of the highly valuable healthcare data is in unstructured or
semi-structured form. Added to it, the complex, dynamic and hetero-
geneous characteristics of the data [5–7] renders it difficult to extract
useful information using traditional data analytical tools & techniques
[8]. In fact, there is a finite human ability to process this data without
effective decision support [9]. This creates the need for integration of
Big Data analytics into healthcare. Big Data analytics has the ability to
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analyze a wide variety of complex data and generate valuable insights
which otherwise would not have been possible. When applied to the
healthcare data, it has the potential to identify patterns and lead to
improved healthcare quality & reduced costs and enable timely deci-
sion-making [6,8,10,11]. As per the report by McKinsey Global Institute
[12], by utilizing Big Data effectively, US Healthcare can create a value
of more than $300 billion every year, of which two-third would be in
the form of reducing healthcare expenditure by about 8%. Using Big
Data technology, hidden knowledge can be uncovered using automated
analysis of outcomes [13].

Advancement in cloud computing and increased deployment of
EMRs enable easy access to longitudinal patient data [14]. The in-
tegration of longitudinal patient data with data from disparate, struc-
tured and unstructured Big Data sources offer the potential of com-
prehensive understanding of diseases at a considerably higher pace
[15,16]. The ability of Big Data analytics to identify disease hetero-
geneity allows quick and accurate diagnosis and assessment of therapies
[3,17–19]. By linking data from different sources and discerning pat-
terns, the predictive power of Big Data analytics can also be used for
transforming continuous real-time data into valuable information. This
is of utmost importance in emergency medical situations as it can mean
the difference between life and death [10].

The promising value of Big Data technology in healthcare has cre-
ated an increasing interest of academic & industry investigators.
Nevertheless, there have been only a few literature reviews and the
literature remains largely fragmented. The purpose of this research
therefore is to gain a comprehensive understanding of current outlook
on this technology. It aims at answering the research question on: How
“Big Data analytics” fits in healthcare environment to enhance its value?
Accordingly, this review explores the conceptual aspect of applying Big
Data analytics to healthcare and its significance in enhancing care de-
livery and business worth. It also describes the challenges posed in
leveraging Big Data analytics in healthcare and the need for approaches
to overcome them.

2. Review method

A systematic review was conducted for capturing relevant literature
from different sources, focusing on the following objectives:

• To determine different perspectives to definition and concepts of Big
Data in healthcare

• To explore the sources of Big Health Data

• To identify Big Data analytical techniques and technologies in
healthcare

• To illustrate the potential benefits and applications of Big Data
within healthcare

• To present strategies for tackling the challenges of Big Data appli-
cation within healthcare

By investigating these objectives in detail, this review will make a
significant contribution in understanding the overall context and the
future application of Big Data techniques in the healthcare domain.

2.1. Information sources

A search for articles was made on following databases:
ScienceDirect, PubMed, Emerald, IEEE Xplore and Taylor & Francis.
The references included in these articles were also scanned for a thor-
ough review.

2.2. Selection criteria

To select the literature for inclusion in the literature review, fol-
lowing inclusion criteria were used:

IC 1: Articles that deal with Big Data analytics in healthcare

IC 2: Articles published between 2013 and 2018
IC 3: Only articles published in English
To capture the literature relevant to the research interest, the arti-

cles with their primary emphasis on traditional analytics in healthcare
were excluded.

2.3. Study selection

The procedure for search and selection of research material was
carried out in the following four phases (Fig. 1):

1. The search for publications on electronic databases containing
keywords “big data” or “big data analytics”, and “healthcare” or
“medicine” or “biomedicine”

2. Scrutiny of the title, abstract and keywords of identified articles and
selection of the significant articles on the basis of selection criteria

3. Perusal of articles that were not eliminated in the previous phase for
the review

4. Scanning of cross-reference articles for detailed study

2.4. Quality assessment

During the review, activities ensuring the quality of the search
process were undertaken. The web searches were made in incognito
mode to avoid any influence of historical searches. From initial sear-
ches, the authors manually extracted relevant papers and articles. The
analysis and evaluation of abstracts was carried out and the authors
verified which articles were to be included or excluded from the study.

Fig. 1. Research Process.
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3. Results

The study selection process was followed for each of the databases.
In ScienceDirect, Emerald and Taylor & Francis, the initial searches
yielded a larger number of hits (3324, 3167 and 5816). While the
search resulted in 23 articles on PubMed and 60 articles on IEEE Xplore.
After the examination of title, a total of 122 articles were selected as per
the selection criteria. The abstracts and keywords of these articles were
scrutinized and 87 relevant articles were chosen for further study. The
full text of these 87 articles was read. Articles discussing technical as-
pects of Big Data computing and statistical models for Big Data analy-
tics in healthcare were beyond the scope of this review and were thus
excluded. Of the 87 articles screened, a total of 58 articles were in-
cluded in this review.

The literature included in this review comprises mainly of de-
scriptive articles and usability studies. On the basis of the main research
objectives, the content from these articles was extracted and the articles
were organized into different groups: Big Data analytics definition and
concepts, sources of Big Data in healthcare, Big Data techniques for
healthcare analytics, application and potential benefits of Big Data in
healthcare and challenges in Big Data analytics in healthcare. The fol-
lowing section summarizes the findings in each of these categories.

3.1. Concept of big data and its definitional perspectives

The concept of Big Data was framed in late 1990s when Michael Cox
and David Ellsworth [20] considered visualization as a problem of Big
Data. But one of the early definitions of Big Data was given by Francis
X. Diebold [21] in 2000 when he referred to Big Data as “explosion in
the quantity (and sometimes, quality) of available and potentially re-
levant data”. Later the key dimensions of Big Data – volume, velocity and
variety: the 3Vs – were derived from the study of Doug Laney in 2001
[22]. Manyika et al. [12], in their report, regarded value as another
important element of Big Data. With regards to Big Data in healthcare,
Feldman et al. [23] introduced veracity as yet another critical feature.
Several definitions of Big Data currently exist based on the character-
istics of Big Data (Table 1). However, Scruggs et al. [24] state that the
definition of Big Data is beyond the scope of these characteristics and
should extend to its potential “to be useful and reused, accumulate
value over time, and innovate a multi-dimensional, systems-level un-
derstanding”.

In healthcare, “Big Data includes heterogeneous, multi-spectral,
incomplete and imprecise observations (e.g., diagnosis, demographics,
treatment, prevention of disease, illness, injury, and physical and
mental impairments) derived from different sources using incongruent
sampling” [25]. Some of these data are structured and they focus on

genotype, phenotype, genomics data, ICD codes [3,7,26]; but the un-
structured data includes memos, clinical notes, prescriptions, medical
imaging, EHRs, lifestyle, environmental, and health economics data
[3,7,26,27]. The challenge for Big Data analytics is to deal with this
heterogeneous data in order to generate insights for improved health-
care outcomes.

For defining Big Data in healthcare, Auffray et al. [26] focused on
the types of healthcare data, while authors like Raghupathi & Raghu-
pathi [10], Karen et al. [28], Tan et al. [29] emphasized on the re-
quirement of analytical and management tools. According to Liyanage
et al. [30], a quantitative definition of Big Data is difficult because the
volume aspect of Big Data is relative to the time of definition and would
change with the advancement in technologies. Hansen et al. [25] and
Roski et al. [31] concentrate on its analytical ability. On the other hand,
Bates et al. [18], Dinov [25] and Bian et al. [32] focuses on the char-
acteristics of Big Data. These characteristics are defined as 5Vs: volume,
velocity, variety, veracity and value.

The volume refers to the quantity of Big Data in healthcare, which is
estimated to increase dramatically to 35 zettabytes by 2020 [33]. The
variety refers to the different types of healthcare Big Data collected
including their heterogeneous characteristics [8] and structured and
unstructured nature of medical data [7]. The velocity is the speed of
data generation (i.e. real-time patient data [7]) as well as data collec-
tion. The veracity refers to sources that influence accuracy such as in-
consistencies, missing data, ambiguities, deception, fraud, duplication,
spam and latency [34]. Veracity and data quality issues are of acute
concern in healthcare because life or death decisions depend on having
the accurate information [10]. Lastly, the value represents cost-benefit
to the decision maker through the ability to take meaningful action
based on insights derived from data [34]. These characteristics of
medical data contribute to their complexity: diversity of health-related
ailments and their co-morbidities; the heterogeneity of treatments and
outcomes [21]; differences in clinical workflows, practice standards,
patient populations, available technologies, and referral resources [35].

Specific to healthcare, Dinov [25] presented two important char-
acteristics of Big Data: their energy and life-span. The energy en-
capsulates the holistic information content included in the data. Hence,
the energy of the aggregated dataset is much higher than individual
database, rendering it more beneficial for exploring associations. The
life-span of Big Data is in terms of its value past time of acquisition
which decays at an exponential rate. As per the definition of Big Data by
Ghani et al. [36], Big Data is not limited by the purpose of answering a
specific question. On the other hand, Baro et al. [37] defines healthcare
big data in terms of the number of statistical individuals (n) and the
number of variables (p). According to him, Big Data are datasets with
Log (n * p)≥ 7, and they have the properties of great variety and high

Table 1
Big Data Definitions.

Authors Definition

Raghupathi & Raghupathi [10] By definition, big data in healthcare refers to electronic health data sets so large and complex that they are difficult (or impossible) to manage
with traditional software and/or hardware; nor can they be easily managed with traditional or common data management tools and methods

Auffray et al. [26] “Big data in health” encompasses high volume, high diversity biological, clinical, environmental, and lifestyle information collected from single
individuals to large cohorts, in relation to their health and wellness status, at one or several time points.

Bates et al. [18] By big data, we refer to the high volume, variety, and potential for the rapid accumulation of data
Dinov [25] Big healthcare data refers to complex datasets that have some unique characteristics, beyond their large size, that both facilitate and convolute

the process of extraction of actionable knowledge about an observable phenomenon
Karen et al. [29] Big Data is a term used to describe data sets with such large volume or complexity that conventional data processing methods are not good

enough to deal with them.
Tan et al. [30] Big data has been referred to as data that are too complex and large that cannot be processed and managed by traditional data processing tools
Hansen et al. [25] In addition to just having more data, Big Data also generally refers to the application of machine learning for analyzing the data sets.
Roski et al. [31] Big data–that is, the sophisticated and rapid analysis of massive amounts of diverse Information
Bian et al. [32] Big data is commonly defined through the 4 Vs: volume (scale or quantity of data), velocity (speed and analysis of real-time or near-real-time

data), variety (different forms of data, often from disparate data sources), and veracity (quality assurance of the data).
Ghani et al. [36] The term big data refers to ultra-large bodies of data that have not been prospectively limited in size or scope by the intent to address specific

research questions or disease conditions, and that grow continuously and rapidly.
Baro et al. [37] Big data can be defined as datasets with Log (n∗p) ≥7. Properties of big data are its great variety and high velocity.
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velocity.
By analyzing the literature, it is evident that although the sig-

nificance of big data in strengthening healthcare is recognized and
understood, there is still a lack of consensus on the operational defi-
nition of big data in healthcare. Thus, the examination of definitions
from previous studies allows discernment of the common elements.

3.2. Sources of healthcare big data

Data in healthcare are disorganized and distributed, coming from
various sources and having different structures and forms [38].
Healthcare Big Data includes data on physiological, behavioral, mole-
cular, clinical, environmental exposure, medical imaging, disease
management, medication prescription history, nutrition, or exercise
parameters [26]. Some of the primary sources of Big Data in healthcare
are administrative databases (insurance claims and pharmaceuticals),
clinical databases, electronic health record data [11], and laboratory
information system data [39]. The other sources of data [11] are bio-
metric data (wearable or sensor generated [35]), patient-reported data
(standardized health surveys), data from social media [35], medical
imaging data, and biomarker data, including all the spectrum of ‘omics’
data (that is, genomic, proteomic, and metabolomic data). Miller [40]
identifies two main sources of health Big Data to be genomics-driven
Big Data (genotyping, gene expression, sequencing data) and payer–-
provider Big Data (electronic health records, insurance records, phar-
macy prescription, patient feedback and responses). On the other hand,
Swan [41] categorized Big Data streams into (a) Traditional medical
data obtained from EMRs, medication history and lab reports which
assist in a better understanding of disease outcomes and optimizing
healthcare delivery; (b) “Omics” data including genomics, micro-
biomics, proteomics, and metabolomics, which helps in understanding
the mechanisms of diseases and accelerate the individualization of
medical treatments (c) Data from social media, wearables & sensors
which provides the information about behavior and lifestyle of in-
dividuals. Thus, the healthcare data comes from internal sources such
as EMRs, CPOE, imaging data and biomedical data, as well as external
data sources, such as government, insurance claims/billing, R&D la-
boratories, and social media [10,42].

According to Belle et al. [2], healthcare data is spread among dif-
ferent healthcare systems, health insurers, researchers, government
entities. Huang et al. [43] recognizes that Big Data in precision medi-
cine comes from four different stakeholders: (a) Government and large
companies, (b) Smaller stakeholders such as academic groups and
technology, biotech, and device startups, (c) Health care providers and
payers, and (d) Not-for-profit foundations and patient advocacy groups.

Clinical data such as vital signs, past medical history, medications,
immunizations and medical imaging can be derived from electronic
health records, CPOE, clinical decision support systems medication
administration records, laboratory and pharmaceutical records [10,44],
cohort studies, government surveys & clinical trials [20]. Adminis-
trative data, on the other hand, contains patient demographic data and
visit information, admit date, discharge date, ICD diagnosis & proce-
dure codes, admit source, discharge disposition and claims data such as
charges for the visit, payer and reimbursement [44]. Table 2 sum-
marizes the sources of different types of healthcare data.

3.3. Big data analytical techniques and technologies in healthcare

The multi-dimensional healthcare data – medical images (X-ray,
MRI images), biomedical signals (EEG, ECG, EMG etc.), audio tran-
scripts, handwritten prescriptions and structured data from EMRs [45]
− and its dynamicity and complexity makes it difficult to analyze them.
There is paucity of analytical strategies that can handle such hetero-
geneous data and facilitate decision-making [46]. The literature men-
tions some of the analytical approaches which can apply to healthcare
and medicine.

As described by Asante-Korang & Jacobs [3] and Groves et al. [47],
by incorporating descriptive and comparative analytics, healthcare or-
ganizations have seen improved quality of care. However, they state
that the long-term tangible benefits can be accrued with utilization of
predictive analytics. According to the literature, predictive analytics
can be used for prediction of high-cost patients, readmissions, triage,
decompensation (when a patient’s condition worsens), adverse events,
and treatment optimization for diseases affecting multiple organ system
[18,27,36,48]. Some of the Big Data Analytical Techniques used in
healthcare are shown in Table 3.

Furthermore, Mohammed et al. [39] highlighted some of the ap-
plications of Big Data Technologies like MapReduce and Hadoop for
healthcare analytics which was supported by other researchers:

• MapReduce has the ability to improve the performance of common
signal detection algorithms for pharmacovigilance at approximately
linear speedup rates [59].

• Algorithms based on the Hadoop distributed platform can refine
protein structure alignments more accurately than existing algo-
rithms [60].

• MapReduce based algorithms can improve the performance of
neural signal processing [61].

• Image reconstruction algorithms accelerate the reconstruction pro-
cess [62].

MapReduce framework has been also been used by Markonis et al.
[63] for finding optimal parameters for lung texture classification and
to increase the speed of medical image processing.

Peek et al. [64], in their study discussed about some of the Hadoop-
based Big Data processing tools like Oozie and Pig which can be used
for batch processing; and non-Hadoop processing tools like Storm,
Spark, Hive and GraphLab which can be used for streaming data ana-
lysis. Regardless of these potential applications, there is a need for
analytical tools to offer parallelization, in order to enable the timely
processing of data [5].

3.4. Application of big data analytics in healthcare

Big Data analytics has the potential to transform business and
clinical models for smart and efficient delivery of care [34]. It enables
integration of de-identified health information to allow secondary uses
of data [65]. Also, by recognizing patterns and deciphering associations
it can facilitate autonomous-decision making [66]. In clinical practice,
Big Data analytics can help early detection of disease, accurate pre-
diction of disease trajectory, and identification of deviation from
healthy state, changed disease trajectories and detection of fraud. By
providing this information, it helps the healthcare organizations in
personalization of predictions, targeted-treatment and cost-effective-
ness of care, and reduction in waste of resources; and by giving ac-
tionable recommendations to individuals it encourages them maintain
themselves in good health [10,18,26]. Big Data presents an opportunity
to detect relatively low-frequency events that nonetheless can have
significant clinical impact. Apart from that, clinical data integration and
its effective usage support a vast range of applications, such as disease
surveillance, clinical decision support systems, and individual health-
care management; improvement of health-process efficiency; enhance-
ment of healthcare quality and reduction of healthcare cost [8,67].
Sukumar et al. [34] reveals that integrating Big Data analytics into
healthcare can provide answer to eight important questions in health-
care − 1. How are costs for various aspects of health care likely to rise
in the future? 2. How are certain policy changes impacting cost and
behavior? 3. How do health care costs vary geographically? 4. Can
fraudulent claims be detected? 5. What treatment options seem most
effective for various diseases? 6. Why do some providers seem to have
better health outcomes? 7. Why do patients choose one provider over
another? 8. Are there early signs of an epidemic?
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Belle et al. [2] identified three major areas for the application of Big
Data analytics in Healthcare: Image Processing, Signal Processing and
Genomics. On the other hand, the eight areas of application of Big Data
analytics to improve healthcare as per Rumsfeld et al. [11] include: 1)
predictive modelling for risk and resource use; 2) population manage-
ment; 3) drug and medical device safety surveillance; 4) disease and

treatment heterogeneity; 5) precision medicine and clinical decision
support; 6) quality of care and performance measurement; 7) public
health; and 8) research applications. Raghupathi & Raghupathi [10]
state that, ‘the areas in which advanced analytical techniques yield the
greatest results include: pinpointing patients who are the greatest
consumers of health resources or at the greatest risk for adverse out-
comes; providing individuals with the information they need to make
informed decisions and more effectively manage their own health as
well as more easily adopt and track healthier behaviors; identifying
treatments, programs and processes that do not deliver demonstrable
benefits or cost too much; reducing readmissions by identifying en-
vironmental or lifestyle factors that increase risk or trigger adverse
events and adjusting treatment plans accordingly; improving outcomes
by examining vitals from at-home health monitors; managing popula-
tion health by detecting vulnerabilities within patient populations
during disease outbreaks or disasters; and bringing clinical, financial
and operational data together to analyze resource utilization produc-
tively and in real time’. Electronic phenotyping is another area which
can successfully exploit Big Data technologies for ascertaining a clinical
condition or characteristic (phenotype) [68,69]. These studies show
that there is a vast potential of Big Data analytics in Healthcare. It is
beyond the scope of this review to encompass each of these potential
applications. Table 4 summarizes some of the usability studies ac-
cording to their application areas.

Apart from these clinical benefits and applications mentioned
above, the literature also presents operational and financial benefits of

Table 2
Sources of Healthcare Data (Adapted from [15]).

Type Description Source

Clinical Electronic Medical Records (EMRs) Detailed patient-related information (physician prescriptions, medications, medical
history)

Hospitals & Clinics

Diagnostic Diagnostic Results (imaging results, laboratory reports) Laboratories
Radiology Departments

Biomarkers Molecular data (genomic, proteomic, transcriptomic, metabolomic) Diagnostic Companies
Ancillary Administrative data (admission, discharge, transfer) & financial data (claims) Hospitals & Clinics

Data Aggregators
Claims Medical Claims Medical reimbursement data (procedures, hospital stay, insurance policy details) Payers

Data Aggregators
Prescription Claims Prescription reimbursement data (drugs, dose, duration) Payers

Data Aggregators
Clinical Research Clinical Trails Design parameters (compound, size, end points) Pharma Companies

Medical Journals
Patient-generated Data Social Media Community discussions Web Health Portals

Social Media Websites
Wearable & Sensors Wellness & lifestyle data (smartphones, fitness monitors) Device Data Systems

Table 3
Big Data Analytical Techniques in Healthcare.

Big Data Analytical Technique Healthcare Application Studies By

Cluster Analysis Determination of obesity clusters for identifying high-risk groups; Clark et. al. [49]
Determination of population clusters with specific health determinants for treatment of chronic diseases Swain [50], Schatz [51]

Data Mining Bio-signal monitoring for health-related abnormalities; Forkan et. al. [52]
Determination of epidemics; Ghani et. al. [36]
Inductive reasoning and exploratory data analysis in healthcare Roski et. al. [31]

Graph Analytics Analysis of hospital performance across various quality measures Downing et. al. [53]
Machine Learning Prediction of disease risk; Chen et. al. [54]

Assessment of the hospital performance; Downing et. al. [53]
Determination of epidemics Ghani et. al. [36]

Natural Language Processing (NLP) Improvement of efficiency of care and controlling costs; Wang et. al. [27]
Providing training, consultation and treatments; Khalifa and Meystre [55]
Identification of high-risk factors; Martin-Sanchez et. al. [5]
Extraction of information from clinical notes; Roski et. al. [31]
Reducing likelihood of morbidity & mortality

Neural Networks Diagnosis of chronic diseases; Al-Jumeily et. al. [56]
Prediction of patients’ future disease Martin-Sanchez et. al. [5]

Pattern Recognition Improvement of public health surveillance Luxton [57]
Spatial Analysis Extracting meaningful population-level insights by using visual, spatial and advanced analytics Amirian et al. [58]

Table 4
Big Data Applications in Healthcare.

Application Area Studies By:

Genomics Maia et al. [70]
Drug Discovery & Clinical

Research
Szlezák et al. [15]; Taglang & Jackson [46];
Wong et al. [72]

Personalized Healthcare Viceconti et al. [73]
Precision Medicine Leff & Yang [9]; Weng & Kahn [35]; Huang

et al. [43]
Elderly Care Jiang et al. [74]
Mental Health Geerts et al. [75]
Cardiovascular Disease Asante-Korang & Jacobs [3]; Rumsfeld et al.

[11]; Mandawat et al. [76]; Kim [77]
Diabetes Bellazi et al. [68]; Kumar Sarvana [48]
Gynecology Erekson & Iglesia [78]
Nephrology Nandkarni et al. [79]
Oncology Mandawat et al. [76]; Maia et al. [70]; Naqa

[80]
Ophthalmology Clark et al. [49]
Urology Ghani et al. [36]
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Big Data analytics. From among all the articles examined, three articles
[6,27,70] unveil the business value in healthcare. Findings from the
study of Wang & Hajli [6], exhibits that benefits of Big Data analytics
are improved IT effectiveness and efficiency, and optimization of clin-
ical operations.

3.5. Challenges in big data analytics in healthcare and strategies to
overcome them

Even with huge potential benefits, the healthcare industry is in its
nascent stage for adoption of Big Data analytics. With the huge amount
of data available, there is a lack of knowledge about which data to use
and for what purpose [15]. Another major challenge that healthcare
faces is the lack of appropriate IT infrastructure [8,27,81] and transi-
tion from use of paper-based records to use of distributed data pro-
cessing [64,82]. The resistance for redesigning processes and approving
technology that influences the health care system [39,70] and need for
huge initial investment [15,83], makes it more difficult to utilize Big
Data technology. Studies show that because of the lack of knowledge
about the best algorithm and tool for analysis [71] and unavailability of
trained clinical scientists and Big Data managers for interpretation of
Big Data outcomes [3,26,81,83], healthcare remains far from realizing
the potential of Big Data analytics. A major concern with the use of Big
Data analytics in Healthcare is the processing of information without
human supervision which might lead to erroneous conclusions [84,85].
According to Raghupathi and Raghupathi [10], there is a need for a
simple, convenient and transparent Big Data analytics system which can
be applied for real-time cases.

From the technical point of view, challenges include integration of
structured, semi-structured and unstructured data from a variety of
resources [26]. Studies show that the main technical issues in Big Data
analytics include siloed/fragmented data [10,15,45], limitations of
observational data [11,43], validation [11], data structure issues, data
standardization issues [10,32,43,75,86], data inaccuracy and incon-
sistency (veracity) [15,20,32,34], data reliability [87], semantic inter-
operability [25,64,87], network bandwidth, scalability, and cost [2].
The problems such as missing data and the risk of false-positive asso-
ciations [11,88] also add to it. Security issues such as Big Data breaches
can be significant threat in healthcare [3,35].

Patient privacy and confidentiality are of utmost importance in
healthcare. But data sharing between various stakeholders for deriving
insights, can deepen the concern for privacy [8,39,43,70,83,85]. Ac-
cording to Mittelstadt et al. [83] informed consent and privacy are the
key areas of concern. Lack of data protocols and standards are some of
the governance issues faced by Big Data analytics in healthcare [2]. One
of the studies by Lee and Yoon [20] states that one of the prominent
reasons for the lack of clinical integration of Big Data technology is the
dearth of evidence of practical benefits of Big Data analytics in
healthcare.

In order to overcome these challenges, various strategies were found
in the literature. The strategies for curbing the aforementioned issues
include:

• Implementing (big) data governance: Due to poor governance,
healthcare organizations incur huge financial costs in IT investment
[23]. With appropriate data governance, the enterprise-wide data
resources can be leveraged effectively to create business value
[27,83].

• Developing an information sharing culture: Information sharing and
aggregation of data can address the issue of interoperability and
enable effective utilization of the Big Data analytical and predictive
capabilities [27,45].

• Employing security measures: Strong encryption of data, validation of
source of data, access control and authentication [89] and de-
identification [90] are some of the measures for securing the data
and maintaining confidentiality.

• Training key personnel to use Big Data analytics: In order to extract
meaningful insights and valuable information from Big Data,
healthcare professionals should be trained with Big Data analytics
competencies. This is critical for healthcare, because incorrect in-
terpretation of the reports generated could lead to unanticipated
consequences [27].

• Incorporating cloud computing into the organization's Big Data analytics:
The challenge of storage of voluminous data can be tackled by
making use of cloud computing. This would enable small and
medium sized hospitals and care organizations to eliminate cost and
data storage issues [27].

According to Wang et al. [27], a shift of focus from technology tools
to the managerial, economic, and strategic impacts of Big Data analytics
and exploration of effective path for acquiring healthcare business
value would enable exploit the benefits of Big Data analytics.

4. Discussion

4.1. Main findings

This systematic review assessed the emerging landscape of Big Data
analytics for healthcare. Specifically, it identified the best available
literature about the concept of Big Data analytics, sources of Big Health
Data, Big Data analytical techniques for clinical data, implementation
of Big Data analytics in healthcare, causes for underutilization of Big
Data analytics in healthcare and strategies to mitigate them.

The concept of Big Data covers a wide range of definitions extending
from the data that is difficult to manage using traditional analytical
tools, to the characterization of big data as having large volume, high
velocity, huge variety and varied veracity. While most of the studies
define Big Data in terms of the aforementioned characteristics, one of
the studies state that Big Data in healthcare is also characterized by
having energy and life-span [25], but the literature lacks detailed de-
scription of these characteristics especially with regards to healthcare.
Studies have demonstrated that Big Data analytics differ from tradi-
tional analytical approach in terms that instead of tracking care quality
and outcomes in retrospective view by using deductive reasoning, it
uses inductive reasoning for prospective analysis of data [91]. These
techniques of data analysis are hypotheses-generating rather than hy-
potheses-testing since they focus on finding association and correlation
in the observational data and not on the casual relationship between
variables. But it needs for the testing of hypotheses before applying
results into a clinical practice [92]. Few of the studies state that there is
a need for the application of human judgement and supervision on the
insights obtained from application of Big Data analytics in healthcare
[84,93], as it would prevent the occurrence of adverse events which
result from relying solely on Big Data analytics. Big Data analytics can,
thus, lead to a shift from experience-based to evidence-based decision-
making in healthcare [10,94].

Most studies have shown that there are a large number of sources of
healthcare Big Data. Clinical and administrative data in healthcare
comes from various sources including healthcare providers, labora-
tories, diagnostic companies, insurance companies, pharmaceutical
firms, not-for-profit organizations, government and web-health portals
[38–44]. The literature on Big Data techniques and technologies that
are applied to clinical data is largely fragmented. Most of this literature
highlights the use of natural language processing for clinical as well as
operational applications. As identified from the review, other Big Data
techniques which find application in healthcare are cluster analysis,
data mining, graph analytics, machine learning, neural networks, pat-
tern recognition and spatial analysis. Studies showed that in most of the
cases, Hadoop and tools which run on top of Hadoop are used for
processing of patient-data [59–64], but since they are batch-processing
tools, newer tools like Storm, Spark and GraphLab have started finding
their application for streaming and real-time data [64].
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Majority of the studies reviewed, concerned the application of Big
Data analytics in different areas of healthcare. According to them, Big
Data analytics finds application in clinical decision support; persona-
lized medicine; and optimization of clinical operations and cost-effec-
tiveness of care. Thus, the integration of Big Data technology into
healthcare can not only improve the quality of care, but enable early
identification of high-risk patients by making use of real-time analytics
and hence can benefit by saving lives. Studies on the use of Big Data
analytics for cardiovascular diseases, diabetes, oncology, elderly care,
gynecology, and clinical research have shown that it can enable de-
livery of timely care and cost-saving by eliminating inefficiencies
[70–80].

Despite the tremendous value-addition with use of Big Data analy-
tical tools, healthcare industry still lags in adoption of this technology
due to many challenges. The non-availability of appropriate IT infra-
structure, huge investment costs associated with implementing analy-
tical tools, data privacy & security issues, fragmented data ownership
and technical challenges such as data quality & multi-dimensionality of
data are some of the issues. One of the studies identified lack of evi-
dence of practical benefits as a major cause behind the reluctance for
using Big Data analytics in healthcare [20]. Few studies highlighted
that there is a shortage of skilled Big Data analysts with knowledge of
healthcare, who have the ability to identify right data and right tools for
analysis of health-related data and interpret insights obtained after
analysis, which makes the use of technology difficult. The complexity of
Big Data analytical systems, is also one of the factors for limited use of
technology for healthcare applications [10]. Strategies for mitigating
these challenges are hence required in order to realize its full potential.
Some of these strategies include change in organizational culture;
health-information exchange; training of key healthcare personnel;
development of simple-transparent Big Data systems; use of cloud sto-
rage and distributed data processing; and strengthening of IT security.

4.2. Gaps and implications for future research

• Most of the studies reviewed, have a relatively narrow scope with
limited practical application. The published work discussed about
the potential application of Big Data analytics but there was no
evidence of real-world cases about the application in healthcare.

• None of the usability studies on Big Data analytics included in this
review discussed about quantitative results by the usage of tech-
nology. Most of these studies used qualitative approach to explain
the benefits and challenges of using Big Data technology for
healthcare applications, while the use of quantitative approach will
provide evidence for the practical benefits and will enable wide-
scale adoption of technology.

• Majority of the studies included in review, were from the developed
countries. It is essential to promote the research on Big Data ana-
lytics in healthcare in the developing countries, since that will en-
able delivery of better quality care.

4.3. Limitations

While the literature covers information about Big Data analytics and
its role in healthcare and medicine, current research has few limita-
tions. First, the contents of this study consists of a systematic review of
the current status of Big Data technology in healthcare, but it does not
take into consideration the technical details regarding the im-
plementation and results obtained in each of the study reviewed.
Second, there is a heterogeneity in documentation since the literature
contains disparate sources of information on definition of Big Data,
techniques of Big Data analytics and their application and challenges in
healthcare. Finally, despite the use of a systematic approach for review,
the inclusion of studies on ‘big data analytics’ in ‘healthcare’ for this
review was based on subjective judgement, hence the cross-reference
articles were also considered for this review.

5. Conclusion

Big Data analytics has emerged as a new frontier for enhancing
healthcare delivery. With the opportunities created by digital and in-
formation revolution, healthcare industry can exploit the potential
benefits of leveraging Big Data technology. Big Data analytics increas-
ingly provides value to healthcare by improving healthcare quality and
outcomes and providing cost-effective care. The predictive nature and
pattern-recognition aspect of Big Data analytics enable the shift from
experience-based medicine to evidence-based medicine. Through its
systematic review, the study presents a useful starting point for the
application of Big Data analytics in future healthcare research. In ad-
dition, the study reflects that once the scope of Big Data analytics is
defined; its characteristics and features are understood; and challenges
are properly tackled, its application will maximize the healthcare value
through promoting the extensive usage of insights.
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Summary Points

What was already known on the topic:

• With digital evolution in healthcare, there is a huge amount of
health data available

• which remains unexploited and hence is wasted.

• Big Data analytics (BDA) has the ability to process health data
and generate valuable insights which can help improve the
clinical, operational and financial outcomes.

• Despite the potential applications of BDA, healthcare industry
is slow in leveraging Big Data initiatives.

What this study has added:

• Technology readiness for BDA is very low in healthcare ma-
jorly because of the non availability of skilled and trained
clinical Big Data analysts.

• There is minimal evidence on how BDA can improve the
quality of care, nor are there any economic assessment stu-
dies regarding its cost-effectiveness.

• There is a need for a user-friendly and transparent Big Data
system for wider adoption of BDA in healthcare.

• Shift in organizational culture and training of key healthcare
personnel, will enable effective utilization of BDA for better
healthcare outcomes
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