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ABSTRACT

The domain of healthcare acquired its influence by the impact of big data since the data sources involved in the healthcare organizations are well known for their 
volume, heterogeneous complexity and high dynamism. Though the role of big data analytical techniques, platforms, tools are realized among various domains, their 
impact on healthcare organization for implementing and delivering novel use cases for potential healthcare applications shows promising research directions. In the 
context of big data, the success of healthcare applications solely depends on the underlying architecture and utilization of appropriate tools as evidenced in pioneering 
research attempts. Novel research works have been carried out for deriving application specific healthcare frameworks that offer diversified data analytical 
capabilities for handling sources of data ranging from electronic health records to medical images. In this paper, researcher presented various analytical avenues that 
exist in the patient centric healthcare system from the perspective of various stakeholders. Researcher also reviewed various big data frameworks with respect to 
underlying data sources, analytical capability and application areas. In addition, the implication of big data tools in developing healthcare eco system is also presented.
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INTRODUCTION:
Big Data analytics and its implications received their own recognition in many 
verticals of which healthcare system emerges as one of the promising sectors 
(AndreuPerez et al., 2015). The distinguishing characteristics of big data namely 
Volume (hugeness of data availability), Velocity (arrival of data as a flood of fash-
ion),

Variety (existence of data from multiple sources with diversified formats) find 
their own features in the abundant sources of healthcare data (MartinSanchez 
and Verspoor, 2014). The data sources for healthcare system have been broadly 
classified as (i) Structured data: Data that obeys defined data type, format, and 
structure. Example for such data in healthcare domain includes hierarchical ter-
minologies of various diseases, their symptoms and diagnosis information, labo-
ratory results, patient information such as admission histories, drug and billing 
information for the availed clinical services. (ii) Semi structured data: Data that 
has been organized with minimal structure along with self-describing nature. 
Example for such data includes data generated from devices such as sensors for 
effective monitoring of patient’s behaviour. (iii) Unstructured data: Data that has 
no inherent structure, which may include medical prescriptions written in human 
languages, clinical letters, biomedical literature, discharge summaries and so 
forth. Hence, the exploration of healthcare data to achieve valuable insights for 
diversified stakeholders (clinicians, patients, hospitals, pharmacy etc.) is a chal-
lenging and daunting task due to the enormous variety of data (structured, 
unstructured, semi structured) from various sources. To extract Value (the fourth 
‘V’ of big data attribute) from the existing 3 V’s, it is appropriate to advocate effi-
cient data processing platforms, smarter technologies for data collection, intelli-
gent computational analysis, storage and visualization techniques (Sedig and 
Ola, 2014) towards attaining novel knowledge and efficient decision support 
strategies for different issues in healthcare.

Big data exhibits abundant potential to support a wide range of medical and 
healthcare functions such as clinical decision support, disease surveillance and 
population health management (Liang and Kelemen, 2016). Rapid advancement 
in Electronic Health Records (EHR) of patients, integration of social, behav-
ioural and omics data with ICT based mHealth, eHealth, Smart Health and tele 
health devices have led to the development of novel healthcare frameworks for 
supporting precision medicine and personalized patient care. Recent research 
attempts show that the comprehensive healthcare solutions have resulted with 
the aid of architectural frameworks that supports various levels of layered ser-
vices. The underlying idea behind the development of these frameworks is the 
effective analytics of various healthcare data sources for identifying casual rela-
tionships and pattern of interest among the sources of big data. These frame-
works promote healthcare solutions from the disease centric model to patient 
centric model, where active participation of patients in their own healthcare 
resulted. In this paper, we review significant developments that occurred over 
recent years in building healthcare frameworks to orchestrate data analysis, man-
agement and visualization techniques as an end to end solution for the provision 
of improved healthcare services.

Due to the existence of diversified data formats, huge volume and associated 
uncertainty that exist among the sources of big data, the task of data curation 
plays a vital role in transforming raw data into an actionable knowledge. Though 
medical data are complex in nature, they exhibit strong interdependency and 

hence tasks such as simplification of data complexity, identification of intercon-
nection among various health features, selection of target attributes for 
healthcare analytics require highly sophisticated and matured domain specific 
tools and techniques. There are various diversified complexities that exist in the 
healthcare computing environment such as handling of stream oriented data 
from ubiquitous devices for the purpose of patient monitoring, integration of dis-
parate data sources towards developing predictive models, format construction 
and compression of medical images. In addition, most of the data enrichment 
activities and knowledge synthesizing processes in the various stages of data ana-
lytics life cycle largely rely upon the usage of big data tools. In this perspective, 
the important features of various big data tools that play significant role in the 
construction of healthcare frameworks are highlighted by providing a systematic 
review.

2. THE IMPACT OF BIG DATA IN HEALTHCARE:
In the business sector, the core value of big data has been effectively utilized for 
the identification of behavioural patterns of the consumers to develop innovative 
business services and solutions. In the healthcare sector, the implication of big 
data serves predictive analytical techniques and machine learning platforms 
(AlJarrah et al., 2015) for the provision of sustainable solutions such as the 
implementation of treatment plans and personalized medical care. Jee and Kim 
(2013) compared the healthcare big data with the big data generated from the 
business sector under different attributes and their values. They redefined the 
characteristics of the healthcare big data into three features namely Silo, Secu-
rity, and Variety instead of Volume, Velocity and Variety. Silo represents the leg-
acy database that contains public healthcare information maintained in stake-
holders’ premises such as hospitals. The security feature implies the extra care 
needed in maintaining healthcare data. The variety feature indicates the exis-
tence of healthcare data in many forms such as structured, unstructured and semi 
structured.

With the advent of big data analytics and its associated technologies, the 
healthcare domain witnessed pragmatic transformations at various stages from 
the perspective of involved stakeholders (Wang and Alexander, 2015). The 
impact of big data in healthcare results in identifying new data sources such as 
social media platforms, telematics, wearable devices etc. in addition to the anal-
ysis of legacy sources that includes patient medical history, diagnostic and clini-
cal trials data, drug effectiveness index etc. When the mixture of these data 
sources and analytics are coupled together, it provides a valuable source of infor-
mation for healthcare researchers towards attaining novel healthcare solutions 
(Zhou et al., 2017). A typical patient centric healthcare ecosystem with its signif-
icant stakeholders and their diversified data sources (structured/semi struc-
tured/unstructured) is perceived in Fig. 1.
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When these stakeholders work collaboratively and share their data insights 
effectively, healthcare solutions would be offered in a cost-effective manner 
with improved personalized care for patients.

By considering the importance of these stakeholders in building big data 
healthcare ecosystem, the next section throws insights on their perspective over 
the effective utilization of big data sources.

3. IMPLICATIONS OF BIG DATA TOOLS IN DEVELOPING 
HEALTHCARE FRAMEWORKS:

Though diversified big data frameworks are designed towards meeting specific 
healthcare objectives, they themselves orient well for adopting standard archi-
tectural guidelines for performing activities such as data gathering, preprocess-
ing, data analysis, interpretation, and visualization. Due to domainspecific 
nature of big data healthcare framework, professionals such as data scientist 
should take utmost care in selecting appropriate tools (Philip Chen and Zhang, 
2014; Sukumar et al., 2015) to be used at each level of the framework design and 
implementation. In this section, we insight the usage of various big data tools 
that play significant role in executing tasks such as integration of data, injecting 
intelligence, searching and indexing, stream data processing, and data visualiza-
tion.

3.1 Data Integration Tools:
The continuous growth in the volume and velocity of healthcare data with diver-
sified data types demands the necessity of utilizing the services of data integra-
tion tools for aggregating data from disparate sources.

Pentaho (2017) is a big data analytical platform that provides endtoend data inte-
gration to support users for analyzing data from disparate sources such as rela-
tional databases, Hadoop distributions, NoSQL stores and enterprise applica-
tions. It also provides a flexible user interface for creating visual data flows to per-
form transformation and integration of data.

Palantir (2017) is a data integration tool that rapidly fuses data from disparate 
sources such as medical device outputs and medical codes. Further, it enables 
analytical techniques to develop models for tracking sequence of procedures and 
clinical data metrics to manage healthcare diagnosis. Ayata (2017) efficiently 
brings together structured and unstructured (videos, images, text, sound) 
healthcare data, mathematical models, business rules to build predictive and pre-
scriptive models.

As data integration software, Attunity (2017) ingests data from disparate data 
sources in an efficient, cost effective and scalable fashion. It integrates data from 
major sources such as data warehouse, Hadoop and cloud platforms in a rapid 
manner without manual coding. Informatica (2017) offers a wide range of data 
management services that includes analytics, integration and governance of 
healthcare data for improved patient care. It accesses and transforms both clini-
cal and administrative data that conforms to HIPAA (Health Insurance Portabil-
ity and Accountability Act) and HL7 standards into usable format. Jitterbit 
(2017) offers a single secure platform for healthcare organizations to access clin-
ical and workflow data by merging unstructured data with structured data in mul-
tiple standard formats. The data received from sources such as proprietary EHR 
systems can be transformed for comprehensive analysis.

3.2 Scalable Searching And Processing Tools:
Since large volume of clinical notes and unstructured text are commonly used by 
the physicians in the healthcare domain, there is an immense need for searching 
and indexing tools for performing optimized full text search capability of clini-
cal data. These tools are utilized for effective distributed text management and 

indexing large volume of data in file system such as HDFS (Hadoop Distributed 
File System).

Apache Lucene (2017) is a scalable, high performance indexing system that 
offers powerful and accurate full text search facility for variety of applications 
across different platforms. Google Dremel (Melnik et al., 2010) is a distributed 
system for interactively querying large data sets and supports nested data with 
column storage representation. It uses multilevel execution trees for query pro-
cessing. Apache Drill is the Open Source implementation of Google Dremel.

Cloudera Impala (2017) offers high performance, low latency SQL queries on 
data stored in Apache Hadoop file formats. Impala integrates with the Apache 
Hive metastore database to share databases and tables between them. It pioneers 
the use of Parquet file format, a columnar storage layout optimized for large 
scale queries. Dryad is a general purpose distributed execution engine (Isard et 
al., 2007) that was designed to support a wide variety of parallel applications 
such as relational queries, large scale matrix computations and text processing 
tasks. It supports scalability by extending its processing capabilities from very 
small to large clusters. Application represented in the form of a data flow graph 
gets executed on a set of available computers, communicating through files, TCP 
pipes, and sharedmemory FIFOs.

3.3 Machine Learning Tools:
The healthcare industry is keen in availing the applications of machine learning 
tools to transform the abundant medical data into actionable knowledge by per-
forming predictive and prescriptive analytics in view of supporting intelligent 
clinical activities.

Apache Mahout (2017) is an open source machine learning library that sits on 
top of Hadoop to facilitate the execution of scalable machine learning algorithms 
for a distributed environment. It offers techniques such as Recommendation, 
Classification, and Clustering. Mahout applications include pattern mining, user 
interest modeling, and personalization. Skytree (2017) is a general purpose 
machine learning platform that uses artificial intelligence to produce sophisti-
cated algorithms for performing advanced analytics. It has the ability to process 
massive datasets (structured and unstructured) in an accurate manner without 
down sampling. Few of its use cases are recommendation systems, anomaly/ out-
lier identification, predictive analytics, clustering and market segmentation, and 
similarity search.

Karmasphere (2017) creates a big data platform that mines and analyzes the web, 
mobile, sensor and social media in Hadoop. It provides a graphical environment 
that supports navigation through big data of any variety and spot trends and pat-
terns in it. Karmasphere had been acquired by FICO in 2014. BigML, 2017 is a 
scalable and programmable machine learning platform that provides several 
tools to perform machine learning tasks such as classification, regression, cluster 
analysis, anomaly detection and association discovery. It seamlessly integrates 
the features of machine learning with cloud infrastructure to build cost effective 
applications with high scalability, flexibility, and reliability.

3.4 Real Time and Stream Data Processing Tools:
Advances in IoT and sensor devices found in healthcare domain prompts the data 
processing from diversified data sources to be carried out in a real time manner. 
The on the fly analysis of healthcare data enables the system to make better deci-
sions for personalizing patient oriented services.

Apache Storm (2017) is a real time data platform for processing limitless stream-
ing data that boasts capability to integrate seamlessly with existing queuing and 
database technologies to process over a million tuples per second per node. Its 
applications include real time analytics, interactive operation system, online 
machine learning, and ETL. S4 (Simple Scalable Streaming System) is a distrib-
uted stream processing engine (Neumeyer et al., 2010) that allows programmers 
to develop applications for processing continuous unbounded streams of data. 
Some of the key properties such as robustness, decentralization, scalability, clus-
ter management, and extensibility have been offered by S4.

SQLstream Blaze (2017) is a streaming analytics platform that acquires data 
from all available sources in all formats and at all speeds (Unstructured, struc-
tured, local, distributed, in motion, at rest, live or historical). The Blaze has the 
potential to scale up its data handling capability to millions of records per second 
per CPU core with 1–5 ms latency. Splunk (2017) is a real time and intelligent 
big data platform that enables organizations to gain operational intelligence 
from machine data for real time insights. It performs indexing of structured /un-
structured machine generated data, real time searching and reporting analytical 
results.

Apache Kafka (2017) is a distributed streaming platform used for building real 
time streaming data pipelines (reliable transfer of data between systems or appli-
cations) and applications (transform or act on streams of data). It uses four core 
APIs (Producer, Consumer, Streams, and Connector) to facilitate services such 
as message passing, storage and stream processing. SAP Hana (2017) an in mem-
ory analytics platform that provides real time analysis along with support for vari-
ous capabilities such as database services, advanced analytics, application 
development, data access, administration, and openness.
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Figure 1: A patient centric healthcare ecosystem – From the perspective of 
big data.
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3.5 Visual Data Analytical Tools:
Data visualization tools in healthcare helps to identify patterns, trends and devia-
tions that include outliers, clusters, association discovery and time series analy-
sis for improving clinical healthcare delivery and public health policy.

Jaspersoft (2017) is a scalable big data analytical platform that supports effective 
decision making with the help of interactive reports, analytics, and dashboards. 
It provides fast data visualization on storage platforms such as MongoDB, Cas-
sandra, Redis, Riak, and CouchDB. Tableau (2017) has the ability to transform 
large, complex data sets into intuitive pictures. It combines advances in database 
and computer graphics technology to analyze huge datasets with limited com-
puting resources. Qlik (2017) enables healthcare organizations to explore clini-
cal, financial and operational data through visual analytics to discover insights 
that lead to improvements in care, reduced costs and delivering higher value to 
patients.

4. CONCLUSION:
Framework based solutions always cater to the comprehensive requirement of 
various stakeholders involved in the healthcare domain. With the impact of big 
data, healthcare domain was revamped and offer intensive solutions for handling 
diversified big data sources that range from patient health records to medical 
images. This paper reviews various research attempts in establishing healthcare 
frameworks and summarizes their significant outcomes. The summary of contri-
butions by various researchers highlights the data source utilized, adopted ana-
lytical techniques and other features. At the end, the implication of various big 
data tools in developing healthcare framework is also extensively studied.
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