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ABSTRACT

There is a consensus among scientists that the analysis of Big Data in health care (such as electronic health
records, patient reported outcomes or in motion data) can improve clinical research and the quality of care pro-
vided to patients. Big Data mainly deals with the storage and processing of large scale and complex structure
data sets for which the traditional methods prove to be incapable. They show a slow responsiveness and lack of
scalability, performance and accuracy. The paper provides a systematic review of recent progress and advances
in Big Data science, healthcare and the human genome research one of the most promising medical and the
healthcare domains. Further the paper includes some of the major challenges and opportunities with a focus on
the upcoming and promising areas of medical research: image, signal, and genomics-based analytics to improve
big data applications in healthcare in the summarized form.
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I. INTRODUCTION:

In the last decade a Big Data revolution is
under way in the health care sector: as a result, the
new challenge for world healthcare is to take ad-
vantage of these huge amounts of data de-
structured among them [1,2]. Various attempts at
defining Big Data essentially characterize it as a
collection of data elements whose size, speed, type,
and/or complexity require one to seek, adopt, and
invent new hardware and software mechanisms in
order to successfully store, analyze, and visualize
the data [3,4]. The current trend toward digitizing
healthcare workflows and moving to electronic
patient records has seen a paradigm shift in the
healthcare industry. The quantity of clinical data
that are available electronically will be then dra-
matically increased in terms of complexity, diversi-
ty and timeliness, resulting what is known as Big
Data [5].

In this context, scientists have been fo-
cused on the improvement of public health policies,
clinical research and the care provided to patients
through the analysis of health-related big datasets
[6]. There are several large sources for Big Data in

health care: genomics, electronic health record
(HER), medical monitoring devices, patients, hos-
pitals, providers and organizations and health-
related mobile phone apps. More medical discove-
ries and new technologies such capturing devices,
novel sensors, and wear-able technology have con-
tributed to additional data sources [7].

It is a multidisciplinary field involving
various sciences such as biomedical, medical, nurs-
ing, information technology, computer science, and
statistics. Using Information and Communication
Technologies (ICTs), health informatics collects
and analyzes the information from all healthcare
domains to predict patients’ health status. Recently
the proliferation of wear-able medical devices has
significantly added fuel to the healthcare data.
Those devices are able to continuously monitor a
series of physiological information, such as biopo-
tential, heart rate, blood pressure, and so forth [8].
The enormous scale and diversity of temporal-
spatial healthcare data have created unprecedented
opportunities for data assimilation, correlation, and
statistical analysis [9]. However, the advent of
modern ubiquitous and social networking technol-
ogies has given rise to new forms of patient gener-
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ated data, such as electronic patient reported out-
comes (ePROs); physiological and psychometric
data (especially real-time data collecteddirectly
through sensor devices); and data generated online
(for example, patients' comments and posts in on-
line social networking tools).

The analytical analysis of big volumes of
unstructured, semi-structured and structured hete-
rogeneous data sets is an important predicate of
modern science and one of the key drivers of inno-
vation and economic growth in developed coun-
tries. Despite the fact that data has been used for a
long time in the sciences to understand natural
phenomena (especially through simulations and
algorithms) in different domains [10]. The modern
term Big Data refers to data whose heterogeneity
and complexity require new architectures, tech-
niques, algorithms, and analytics to manage it and
extract value and hidden meaning from it [11].

Big Data also arises with many chal-
lenges, such as difficulties in data capture, data
storage, and data analysis and data visualization the
characteristics of Big Data require powerful and
novel technologies to extract useful information
and enable more broad-based health-care solutions.
In most of the cases reported, | found multiple
technologies that were used together, such as artifi-
cial intelligence (Al), along with Hadoop and data
mining tools. Parallel computing is one of the fun-
damental infrastructures is capable of executing
algorithm tasks simultaneously on a cluster of ma-
chines or supercomputers. In recent years, novel
parallel computing models, such as MapReduce
have been proposed for a new Big Data infrastruc-
ture. More recently, an open-source MapReduce
package called Hadoop was released by Apache for
distributed data management. The Hadoop Distri-
buted File System (HDFS) supports concurrent
data access to clustered machines. Hadoop-based
services can also be viewed as cloud-computing
platforms, which allow for centralized data storage
as well as re-mote access across the Internet. [12].
Scientists define Big Data by the following four
main characteristics (called the 4 Vs): volume
(amount or scale of data), velocity (data in motion
and more specifically to the speed at which data is
created, processed and analyzed). Variety (manag-
ing the complexity and heterogeneity of multiple
data sets), veracity (refers to data uncertainty and to
the level of reliability/quality associated with cer-
tain types of data) [13] and some experts added
more Vs :Vision (a purpose), Verification
(processed data conformed to some specifications),
Validation (the purpose is fulfilled) and finally
Value- Refers to techniques of deriving value from
data [14,15]. There is an intrinsic value that the
data may possess and must discover for analysis.
[16]. The purpose is to perform a systematic review

of the literature in order to deter-mine the extent to
which Big Data applications in health care systems
have managed to improve patient experiences and
clinicians' behavior as well as the quality of care
provided to patients.

Il. METHODOLOGY:

While several different methodologies are
being developed in this rapidly emerging discip-
line, here I outline one that is practical and hands-
on. Which shows the main stages of the methodol-
ogy [17].The first step involves identification of
problem and then adopts appropriate approach and
strategy to select relevant papers for solving the
problem .The second step involves search for four
bibliographic databases to find related re-search
articles: PubMed, Science Direct, Springer, and
Scopus. In searching these databases | used the
main keywords*“Big Data,”*Healthcare,” “Genom-
ics research” and “Electronic Health Records”
Then selected relevant papers based on following
criteria. At the third step the paper was published
within the last five years i.e.2014-2018 discussing
the design and the use of a Big Data application in
healthcare domains. At the fourth one the paper
reported a method for processing Big Data and
discussed the performance of the method. In the
last step the paper evaluated the performance of a
new and existing Big Data application [18]. All
potentially related papers were collected by review-
ing the title and abstract. This initial search resulted
in 115 papers from 2014 to 2018. Finally, |
screened the papers based on the abovementioned
criteria and subsequently selected 41 candidate
papers.

I11. HEALTHCARE STAKEHOLDERS:

The different interested independent per-
son / organization in healthcare industry have dis-
similar expected incentives and hopes from Big
Data which can be summarized as follows:

3.1 Patients community: Patients want to
avail a broad range of healthcare services at afford-
able cost with personalized recommendations [19].
In addition to physician’s clinical diagnosis, they
have an opportunity to gain more medical know-
ledge through digital platforms: social media net-
works, clinical forums etc. These big data sources
enable the patients to connect with similar people
for gaining information such as dis-ease symptoms,
side-effects, hospitalization, and drug information
[20]. Everyone wants customer-friendly service,
one-stop shopping, and better coordination of care
between themselves, caregivers and various pro-
viders, with an ultimate goal of error-free effective
care. [21]
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3.2 Healthcare Providers: Providers may
recognize high risk population and act appropriate-
ly the massive amount of data generated from vari-
ous phases of diagnosis and treatment plans of pa-
tients helps healthcare providers to identify the real
insight about the progress of the treatments that are
offered by them [22]. They want technology to be a
transparent tool, not an encumbrance.

3.3 Pharma and Clinical Researchers:
Pharmaceutical and clinical research Big Data
helps to build predictive models for understanding
the biological and drug processes that attribute to
the high success rate in attaining effective drug
designs[23]. Effective analysis of health data from
diversified big data sources helps pharma compa-
nies to measure the outcome of designed drugs
with smaller and shorter trials [24]. They want new
tools to improve the quality and quantity of
workflow — e.g., predictive modeling, statistical
tools and algorithms that improve the de-sign and
outcome of experiments and provide a better un-
derstanding of how to develop treatments.

3.4 Medical device: The strategic opera-
tors of the hospitals can also utilize the location
aware-ness data to decide the co-location of various
departments to optimize the use of expensive
healthcare equipment. Companies, many of which
have been collecting data for some time from hos-
pital and home devices for safety monitoring and
adverse event prediction, are beginning to wonder
what to do with this data, and how to integrate it
with old and new forms of personal data.[25] .

IV. IMAGING ANALYSIS:

Medical imaging data is a type of Big Da-
ta in medical research and genomics is a rapidly
growing field derived from recent advancement in
multimodal imaging data [26]. Imaging in-
formatics is the study of methods for generating,
managing, and representing imaging information in
various biomedical applications. It is concerned
with how medical images are ex-changed and ana-
lyzed throughout complex health-care systems. The
goal of medical image analytics is to improve the
interpretability of depicted contents. Many methods
and frame-works have been developed for medical
image processing. However, these methods are not
necessarily applicable for big data applications.
One of the frameworks developed for analyzing
and transformation of very large datasets is Hadoop
that employs MapReduce. MapReduce is a pro-
gramming paradigm that provides scalability across
many servers in a Hadoop cluster with a broad va-
riety of real-world applications. However, it does
not perform well with input-output intensive tasks
[27]. Imaging informatics developed almost simul-
taneously with the advent of EHRs (Electronic

Health Records) and the emergence of clinical in-
formatics. Imaging can be classified in to three
types they are: data storage and retrieval, data
sharing, and data analysis.

4.1. Data storage and retrieval :Imaging
informatics is predominantly used for improving
the efficiency of image processing workflows, such
as storage, retrieval, and interoperation. PACS
(Picture Archiving and Communication Systems)
are popular for delivering images to local display
workstations, The Big Data technologies based on
the implementation of cloud platforms with PACS,
developed a massive Hadoop-based medical image
retrieval system that extracted the characteristics of
medical images using a Brushlet transform[28] and
the MapReduce computation model and Hadoop
Distributed File System ( HDFS) storage model
used to address the challenges of content-based
image retrieval systems.

4.2. Data and workflow sharing. PACS
primarily provide image data archiving and analy-
sis workflow at single sites. Radiology groups op-
erating under a disparate delivery model face sig-
nificant challenges in a data-sharing infrastructure.
Super PACS provides two approaches: (a) the fede-
rated approach and (b) the consolidated approach,

4.3. Data analysis. Data analysis is a
process of inspecting, cleansing, transforming, and
modeling data with the goal of discovering useful
information, suggesting conclusions, and support-
ing decision-making. Data analysis has multiple
facets and approaches, encompassing diverse tech-
niques under a variety of names, in different busi-
ness, science, and social science domains. Re-
quirements, Collection, Migration, Integration,
Data Management, Communication & Visualiza-
tion, Profiling, Data Auditetc, are common types of
data analysis. Data analysis is closely linked to data
visualization and data dis-semination. Seeking to
overcome the challenges brought by large-scale
data derived from pathological images, proposed
Hadoop-GIS, an efficient and cost-effective parallel
system [29].

V. SIGNAL GENERATION ANALYSIS:

Families of methods commonly referred to as DPA
(disproportionality analysis) are currently the most
widely used approach for automated ADR (Ad-
verse Drug Reactions) signal detection in pharmaco
vigilance [30]. A well-accepted database of all cur-
rently known ADRs does not exist at this time. For
reference standard of drugs associated with each of
the targeted ADRs is divided into the following
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two inclusion criteria: (i). Established- drugs con-
firmed to be causally related to the ADR: drug la-
bel warning, a Micromedex listing literature re-
views of well-established ADRs, and other pub-
lished reports having conclusive evidence such as
laboratory data, clinical data, or a rechal-
lenge/dechallenge study. and (ii). Plausible- drugs
that have a high likelihood of being causative:
analysis of one or more case reports mentioning the
drug as a potential cause for a certain adverse
event.

VI. GENOMIC ANALYSIS:

Genetic analysis is the overall process of
studying and researching in fields of science that
involve genetics and molecular biology. Ge-nomics
is an interdisciplinary field of science focusing on
the structure, function, evolution, map-ping, and
editing of genomes. Genomics also involves the
sequencing and analysis of genomes through uses
of high through put DNA sequencing and bioin-
formatics to assemble and analyze the function and
structure of entire genomes. Ge-nomic research
areas can be broadly categorized into following
way.

6.1. Molecular Analyses. Genetic ana-
lyses include molecular technologies such as
PCR(The polymerase chain reaction is a bio-
chemical technology in molecular biology to ampl-
ify a single or a few copies of a piece of DNA
across several orders of magnitude, generating
thousands to millions of copies of a particular DNA
sequence), DNA sequencing (DNA sequencing
process is used to determine the order of nucleotide
bases) and DNA microarrays (A DNA microarray
is a collection of microscopic DNA spots attached
to a solid surface. Scientists use it to measure the
expression levels of large numbers of genes simul-
taneously or to genotype multiple regions of a ge-
nome), and cytogenetic (cytogenetic is a branch of
genetics that is concerned which the study of the
structure and function of the cell) methods

6.2. Functional genomics: is a field of
molecular biology that attempts to make use of the
vast wealth of data produced by genomic projects
to describe gene (and protein) functions and inte-
ractions. Functional genomics attempts to answer
questions about the function of DNA (Deoxyribose
Nucleic Acid) at the levels of genes, RNA (Ribo-
nucleic Acid) transcripts, and protein products. A
key characteristic of functional genomics studies is
their genome-wide approach to these questions,
generally involving high-throughput methods ra-
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ther than a more traditional “gene-by-gene” ap-
proach.

6.3. Structural genomics: seeks to de-
scribe the 3-dimensional structure of every protein
encoded by a given genome. This genome-based
approach allows for a high-throughput method of
structure determination by a combination of expe-
rimental and modeling approaches.

6.4. Epigenomics: is the study of the
complete set of epigenetic modifications on the
genetic material of a cell, known as the epigenome.
Epigenetic modifications are reversible modifica-
tions on a cell’s DNA that affect gene expression
without altering the DNA sequence Two of the
most characterized epigenetic modifications are
DNA methylation and histone modification.

6.5. Metagenomics: is the study of meta-
genomes, geneticmaterial recovered directly from
environmental samples. The broad field may also
be referred to as environmental genomics, econom-
ics or community genomics.

Genomics research is the dream use case
for Big Data technologies which, if unified, are
likely to have a profoundly positive impact on
mankind. The significance of genomic sequence
data in the medical discoveries of the future will
largely depend on our ability to process and ana-
lyze large genomic data sets, which continue to
expand as the cost of sequencing decreases. Next-
generation sequencing (NGS) technology enables
genomic data acquisition in a short period of time.
The role of Big Data techniques in bioinformatics
applications is to provide data repositories, compu-
ting infrastructure, and efficient data manipulation
tools for investigators to gather and analyze biolog-
ical information. Genomic data generated by NGS
technologies are a vital component in supporting
genomic medicine, but the volume and complexity
of the data raise challenges for its use in clinical
practice. NGS involves breaking DNA into large
amounts of segments. Each segment is called a
‘read’. Due to biases in sample processing, library
preparation, sequencing-platform chemistry, and
bioinformatics methods for genomic alignment and
assembly of the reads, the distribution and/or
length of reads across the genome can be uneven
[31]. Therefore, some genomic regions are covered
with more reads and others with fewer reads. For
RNAseq, read depth is more often designated as
number of millions of reads. Read alignment in-
volves lining up the sequence reads to a reference
sequence to allow comparison of sequence data
from a sample sequenced with the reference ge-
nome [32]. A number of genomic alignment tools
including Acharjya [33], Yang [34], and Oussous
[35] have been developed on Big Data infrastruc-
tures.
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VIl. CHALLENGES OF HANDLING

BIG DATA:
Millions of data points regarding tens of thousands
of clinical elements within the electronic health
records are available for EHR-based phenotyping.
Like sequence data, it will also become a signifi-
cant challenge to manage and manipulate the com-
plete data of millions of individuals. The top chal-
lenges were issues of data structure, data standardi-
zation, data storage and transfers, security, regula-
tory compliance, inaccuracies in data, real-time
analytics and managerial skills such as data gover-
nance [36]. At minimum, a Big Data analytics plat-
form in healthcare must support the key functions
necessary for processing the data. The criteria for
platform evaluation may include availability, abili-
ty to manipulate at different levels of granularity,
continuity, scalability, privacy and security
enablement, ease of use, and quality assurance [37].
The major challenges in adopting Big Data analyt-
ics from enterprises are more managerial and cul-
tural than associated with data and technology
[38].Realtime big data analytics is a key require-
ment in healthcare. Real-time analyticsis typical-
ly performed on data collected from sensors. In this
situation, data change constantly,and rapid data
analytics techniques are required to obtain an ana-
Iytical result within a short period. The lag between
high-quality data collection and processing system
has to be addressed.The important managerial is-
sues of ownership, governance and standards have
to be considered. Health care data is rarely standar-
dized, often fragmented, or generated in legacy IT
systems with incompatible formats. It is difficult to
determine the proper balance between protecting
the patient’s information and maintaining the inte-
grity and usability of the data. Open access, inte-
gration, standardization of readable and useabledata
is a challengeA vital challenge of incorporating
genomic data into clinical practice is the lack of
standards for generating NGS data, bioinformatics
processing, data storage, and clinical decision sup-
port [39]

VIIl. OPPORTUNITIES:

Big Data offers big opportunities for Re-
tail, Financial, Web Companies. The top opportuni-
ties revealed were quality improvement, quality
control and performance measurement, population
management, early disease monitoring, data quali-
ty, structure, and accessibility, improved decision
making, drug and medical device surveillance, rou-
tine clinical practice and research, and cost reduc-
tion. Despite the challenges that Big Data needs to
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overcome, the advanced analytics that are promised
through big data offer tremendous opportunities for
most stakeholders in the health care industry. If
even some of the opportunities of Big Data are rea-
lized, they can radically change patient outcomes
and the way decisions are made by providersand
help solve some macro-level issues related to
health care.[40]

IX. DISCUSSION:

In healthcare/medical field, large amount
of information about patients’ medical histories,
symptomatology, diagnoses and responses to
treatments and therapies is collected. To conduct
pilot studies on incorporating genomic data into
clinical care, a number of healthcare systems have
developed bioinformatics infrastructures to process
NGS data through group of databases supplementa-
ry to the EHRs [41]. Most of the infrastructures are
locally developed and proprietary, but this is be-
cause these centers are among the first healthcare
providers. However, there are still challenges with
integrating genomic data into EHRs in clinical
practice, including reliable bioinformatics sys-
tems/pipelines that translate raw genomic data into
meaningful and actionable variants, the role of hu-
man curation in the interpretation of genetic va-
riants, and the requirement for consistent standards
to genomic and clinical data. A vital challenge of
incorporating genomic data into clinical practice is
the lack of standards for generating NGS data, bio-
informatics processing, data storage, and clinical
decision sup-port. Standards could promote intero-
perability in data quality. Obedience to standards
would enable the routine use of genomic data in
clinical care. However, it is challenging to build
standards when NGS technology and biocinformat-
ics tools are frequently evolving. Furthermore, ap-
proaches to clinical decision support differ among
healthcare institutions. Appropriately integrating
genomic data with EHRs for the discovery of clini-
cally actionable variants can generate novel in-
sights into disease mechanisms and provide better
treatments. To improve our understanding on the
nature of the disease from comprehensive EHRSs,
new methods such as ML (machine learning), NLP
(natural-language-processing), and other artificial
intelligence approaches are needed. However, not
all patients are likely to benefit from the use of Big
Data in healthcare due to our current knowledge
gaps on how to extract useful information from
large-scale genomic and clinical data and how to
interpret discovered variants properly. In the mean-
time, targeted therapies are not yet available for
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many important genes, and regulatory issues need
to be solved before some useful bioinformatics
tools can be applied to clinical setting.

Apache Hadoop is a wellknown Big Data
technology that has an important supporting com-
munity. It has been designed to avoid the low per-
formance and the complexity encountered when
processing and analyzing Big Data using traditional
technologies. One main advantage of Hadoop is its
capacity to rapidly process large data sets, thanks to
its parallel clusters and distributed file system. In
fact, unlike traditional technologies, Hadoop do not
copy in memory the whole distant data to execute
computations. In-stead, Hadoop executes tasks
where data are stored. Thus, Hadoop relieves net-
work and servers from a considerable communica-
tion load. Furthermore, there is a current trend to-
wards further developing analytics and visualiza-
tion technologies on top of the Hadoop platform, to
enable better standardization of reporting and
summarization of results. This is a problem which
is not adequately addressed in the technology sec-
tor and is vital if the technology is to be widely
embraced by diverse Industry sectors.

For Big Data healthcare systems,
the Hadoop-Map Reduce framework is uniquely
capable of storing a wide range of healthcare da-ta
types including electronic medical records, ge-
nomic data, financial and claims data etc. and of-
fers high scalability, reliability and availability than
traditional  Database = Management  Systems
(DBMS).

X. CONCLUSION

We are currently in the era of emerging field of
“Big Data science”, in which Big Data technology
is being rapidly applied to biomedical research and
healthcare fields. This systematic review provides
some examples in which Big Data technology has
played an important role in modern day healthcare
revolution, as it has completely changed people’s
view of health care activity. The increasing devel-
opment of medical imaging and genomic data will
certainly play an important role in clinical activi-
ties. Further, the review revealed both challenges
and opportunities that Big Data science offers to
the health fields. The main objective is to provide
the healthcare services to all and to improve the
accessibility of healthcare amenities to all the stra-
tum of the society. The outcomes of this review
will surely be helpful in the knowledge of the Big
Data in healthcare in area of research, such as

processing heterogeneous datasets, patient reported
outcomes and in motion data.

Most of the above challenges can be fu-
ture research topics. These future research topics
can be: Aggregating and analyzing unstructured
health care data, indexing and processing of conti-
nuously stream data, medical data confidentiality
and interoperability and e-Infrastructures as persis-
tent platforms for health care Big Data, etc.
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