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Scenario: Origo—C(rafting a
Precision Medicine Platform
for Cancer Patients on a Global
Scale'

n 2017, Genotech Matrix, a New Haven,

Connecticut, biotech company, partnered

with Vishuo Biomedical, a Singapore
healthcare technology company, to advance
cancer care on a global scale. Together, these
companies have developed an award-winning
Precision Medicine Platform to resolve chal-
lenges for the need of personalized cancer care
faced by a leading Manhattan hospital group
that wanted to implement their own precision
medicine initiative. This hospital group was
not prepared to have their patient database
management and cancer genetic sequenc-
ing process, including secured information
sharing and management, outsourced when
the viability of their Origo Clinical Cancer
Genome (CCG) Platform solution was suc-
cessfully demonstrated.

According to cancer researchers work-
ing in these biotechnology companies,?®V
“advancements in genetic testing have allowed
clinicians and researchers to better character-
ize types of tumor, specific mutations and then
tailor treatment regimens to save time and
money. Simultaneously, genetic sequencing
costs have decreased significantly, while the
speed of analysis and generating results has
increased. With this alignment, academic and
healthcare organizations have been migrat-
ing quickly into the arena of precision medi-
cine... Cancer continues to bewilder even the
best clinicians. While there are more than 100
types of cancer, we are learning that there are
many more genetic mutations that cause one
person’s tumor to be unique and respond dif-
ferently to treatments that may work for others
with the same type of cancer”

As shown in FIGURE 2-1, the proposed
solution involves implementing the Geno-
tech Matrix Precision Medicine Platform in
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FIGURE 2-1 Precision medicine workflow pipeline 22
Data from genotechmatrix.com/wp-content/uploads/2017/05/Case-Study.pdf

combination with iCMDB® (intelligence in
Clinical Medicine for Decision-Making and Best
Practices), a core product of Vishuo Biomedi-
cal. This combination advances the manipula-
tion of a globally enriched knowledge base for
automating sequencing and analysis of variants
of gene expressions to support personalized
treatment by clinicians based on the genetic
and histologic pathology profiles of patients.
Aside from integrating iCMDB into the
Manbhattan hospital group’s database, a person-
alized workflow pipeline that supports report
generation to meet the specific needs of caring
oncologists within the organizations setting
has also been developed. For secured patient
data management, an on-site server installed
with the Origo platform has been deployed,
and the analysis pipelines have been custom-
ized to protect and encrypt any confidential



personal information used in generating auto-
mated personalized reports that support clin-
ical decision-making. In aiming to provide a
more efficient and effective (personalized)
approach to cancer care, it is purported that to
date over 2000 oncology patient samples have
been sequenced and their respective reports
have been generated via the Origo platform
since its 2016 implementation.

Watch the YouTube video about the power
of the Origo platform.* Think about how this
new Genotech-Vishuo collaboration will
impact the future of global cancer care deliv-
ery in light of the rapidly increasing mobility
of patients. Additionally, reflect upon why and
how precision medicine may now be redefin-
ing health care and fulfilling the potential to
minimize side effects from traditional cancer
treatments as cancer care moves toward more
personalized treatment. What other innovative
biotechnological services might potentially be
supported on the Origo platform, and how will
such collaborative efforts usher in a new era of
precision medicine?

» |. Introduction

This chapter introduces the readers to an
emerging healthcare model known as Pre-
cision Medicine (PM). PM is an approach to
health care that is largely dependent on the
digitization of health data and bioinformatics,
a field of study intersecting key areas of com-
puter science and biology. PM attempts to
improve health outcomes by refining diagno-
sis, treatment, and disease prevention through
understanding of the many factors that can
contribute to the intrinsic biology of disease.
A core principle of PM is that by decoding
the genetic and molecular changes that lead
to the development of disease, we can alter
the course of disease and preserve health. The
technology used to analyze someone’s genetic
sequences and other molecular events is now
readily available and may be clinically utilized.
Molecular data provide perspective as to how a
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disease develops or how someone may respond
to treatment. New technologies are creating a
wealth of health-related data that will offer
additional insight into behavioral and environ-
mental influences on molecular biology and
genetic changes that cause specific disease(s).
Harnessing the power of computer science to
create big data knowledge networks that con-
nect the intrinsic biology of disease with other
health-related factors, such as behavior, expo-
sures, and environment, is central to PM.*

In this chapter, we review advances in the
scientific understanding of the intrinsic biol-
ogy of disease with an emphasis on genomics,
introduce the utilization of large-scale molec-
ular testing in health care, survey barriers to
implementing PM, and discuss the future of
this new approach.

‘And thats the promise of precision
medicine - delivering the right treatments, at
the right time, every time to the right person.
And for a small but growing number of patients,
that future is already here” - President Barack
Obama®

» Il. Background:
What Is PM?

PM is an emergent healthcare perspective
focused on the prevention, diagnosis, and
treatment of disease based on an individuals
unique health features, with an emphasis on
the molecular underpinnings of health and
disease.®”

In the last several years, there has been a
tremendous increase in available healthcare
information, including genetic analysis, envi-
ronment, and behavior. Molecular data, which
include information about an individual’s genes,
gene activity, proteins, epigenome, and cellular
activity, have entered everyday clinical care
and disease management. There is great opti-
mism that this influx of molecular and other
health data into medical management (specif-
ically, PM) will accelerate our understanding
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of disease and dramatically improve treatment
outcomes and disease prevention. This is a
progression from Western medicine’s current
approach of guideline-modeled care where
therapeutic regimens are intended to be appli-
cable to large groups of people.

Importantly, advances in computer sci-
ence and bioinformatics have ushered in PM
through the ability to process large amounts
of data from many data sources so as to iden-
tify new factors in the development, preven-
tion, and treatment of disease. PM attempts
to answer why some people with similar risk
factors develop an illness and others do not
and why a therapeutic strategy is curative in
only select cohorts of people, and, ultimately,
illustrate how an illness can be prevented from
occurring in the first place. The PM commu-
nity is confident that the answer to these ques-
tions is hidden in the subcellular molecular
data that we are beginning to understand. Most
cancers, for example, are thought to occur due
to genetic instability. Three common explana-
tions for the genetic instability include inher-
ited mutations that we are born with, somatic
mutations that occur in cells during develop-
ment or throughout life, and deviations in the
regulatory mechanisms that maintain genetic
integrity.* Science has made great strides in
understanding the genetic and genomic fea-
tures of cancer and noncancerous conditions.
Efforts are underway to create networks of
knowledge that connect the molecular and
genetic building blocks of disease with other
health data at a population and individual level.

As an example, we will review a standard
patient presentation and physician evaluation
in our current model of care. A 52-year-old
woman presents to her doctor with symp-
toms of weight loss and a progressive cough
over the last 3 months. The doctor asks a lit-
any of symptom-based questions, performs a
clinical exam, and orders additional testing to
help make a diagnosis, such as chest X-ray and
blood work. The chest X-ray reveals a mass.

The patient undergoes a biopsy of the mass,
which shows a type of lung cancer called ade-
nocarcinoma. The cancer is identified by his-
tologic diagnosis (how the cells look under a
microscope), and the patient is treated per the
national guidelines for that type of cancer. In
recent years, we have seen tremendous devel-
opments in our understanding of the molecu-
lar drivers of disease and have another layer of
clinically relevant diagnostic and therapeutic
information to add to this patients diagno-
sis and treatment decision-making. Through
molecular information, we are finding simi-
larities between cancer types that were previ-
ously thought to be unrelated. In this example,
the patient was identified to have a gene
mutation called anaplastic lymphoma kinase
(ALK), which is also seen in a type of brain
tumor called neuroblastoma. As the network
of knowledge matures, advances in treating
ALK-mutant lung cancer may shed light on
neuroblastoma brain tumors, two diseases that
present very differently in the body. The lung
cancer patient is started on an approved drug
that targets this ALK pathway. Specific treat-
ment recommendations based on molecular
information is slowly being integrated into
guideline-based care recommendations.

Considerable overlap exists between PM
and other approaches to health care, includ-
ing our current symptom-driven model. P4
medicine stands for predictive, preventive,
personalized, and participatory health care.’
P4 medicine approaches health care with a
broad view spanning population health to
subcellular science and molecular medicine.
P4 medicine, developed by the Institute for
Systems Biology in Seattle, Washington,
attempts to bring together system-based
biology with patient-provided data genera-
tion and advanced technology through the
use of digital tools that aggregate multi-
dimensional patient-health-experience data,
which they call the “networks of networks”
(see FIGURE 2-2).1°
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FIGURE 2-2 The “Network of Networks”aggregated health data foundation of the P4 medicine approach.

From http://future.psjhealth.org/scientific-wellness/about-the-institute-for-systems-biology?utm_source=TWITTER&utm_medium=social _organic&utm_term=--&utm_content=psjh
-1773051757-&utm_campaig g tent-+Type-+%285econdary%29?
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» lll. Key Eventsin the
History of PM

The opportunity to implement PM has
occurred due to simultaneous milestones in
our understanding and access to molecular
data, advances in computer science that can
curate and analyze large multivariate datasets,
and routine use of molecular testing, which
has dramatically reduced cost while increasing
efficiency. This has ignited an interdisciplinary
effort with cross-training in many disciplines,
the most notable being bioinformatics, which
is the combination of biology and computer
science. In the “omics” research lab, I observe
and participate in many biologists and com-
puter scientists work side by side with over-
lapping educational paths and research skills.
“Omics” refers to scientific disciplines that end
in the suffix “-ome,” which implies large-scale
study of the subject field, such as gene(omics)."
Leading omics disciplines include genomics,
proteomics, transcriptomics, epigenomics,
metabolomics, radiomics, and others.

Survey of Human Genetics
in Health Care

Early understanding of genetics is attributed to
Gregor Mendel’s work in the 1860s describing
the inheritance of traits in pea plants. In the
1950s, the structure of deoxyribonucleic acid
(DNA) was identified. DNA is the hereditary
chemical code made up of adenine, guanine,
cytosine, and thymine base pairs that create a
structure called a double helix. The sequence
of DNA base pair combinations directs how
cells are formed and maintained. A practi-
cal method of DNA sequencing was pub-
lished in 1977, ushering in an era of genomic
medicine."

Conceptualized in 1990 and completed
in 2002, the Human Genome Project coura-
geously mapped the complete human genome,

providing the world with “the structure, orga-
nization and function of the complete set of
human genes”" In 2006, the National Cancer
Institute (NCI) launched The Cancer Genome
Atlas (TCGA) characterizing the genetic and
molecular features of 33 tumor types. Mas-
sively Parallel Sequencing (MPS), which is also
called Next Generation Sequencing, performs
many sequencing tests at once. MPS was intro-
duced in the academic literature in 2008 and
dramatically changed the landscape of genetic
testing by reducing costs 100-fold and reduc-
ing the time to completion of sequencing to
just 8 weeks (it can now be done in matter of
few days)."*

Prior to MPS, each exon, which is a seg-
ment of DNA that codes for a corresponding
segment of ribonucleic acid (RNA) and, ulti-
mately, a protein, had to be sequenced and
amplified individually, requiring considerable
time and resources. The 2011 report by the
National Research Council (NRC) laid out the
framework for a molecular taxonomy of dis-
ease and implementation of PM, and in the
United States in 2015 President Barack Obama
committed $215 million to funding a national
PM effort. Only recently has genetic sequenc-
ing entered routine clinical care, as previously
this testing was cost prohibitive.

In 2001, the cost to sequence one entire
human genome was estimated at $95 million."*
Sequencing costs continued to drop, and in
2007 the estimated cost for the sequencing of
a single human genome was approximately
$10 million.'® In 2011, the cost was $21,000,
and in 2018 whole genome sequencing was
obtained for less than $3000."” This reduction
in cost coupled with the availability of results
in less than 2 weeks has brought molecular
medicine into clinical practice for a growing
list of health conditions.

Now that molecular data are approaching
a cost-effective and actionable timeline, efforts
are underway to include these data into rou-
tine clinical practice. The point of obtaining
genetic data is to identify the cellular blueprints



of health and disease. In understanding the
building blocks of disease, we can better cat-
egorize conditions and hopefully reveal why
some patients respond to treatment and others
do not. The goal is to prevent disease before it
occurs, but to do so we must also understand
how and why deviations from health develop.
Cancer is particularly ripe for a PM approach
as most cancers are thought to occur due to a
complex relationship between genetic instabil-
ity and environment at the cellular, individual,
and population level.

A brief discussion of genetics and molec-
ular anatomy is helpful to understand the
molecular aspects of PM. DNA is the building
block of proteins in our body. DNA is the cel-
lular template that undergoes a process called
transcription to create precise sequences of
ribonucleic acid (RNA). During translation,
this code of RNA is the blueprint used to build
defined amino acids with which proteins are
formed. The epigenome refers to the chemi-
cal compounds and proteins that package and
control access to the genetic code and cellular
functions, controlling how the genetic code is
implemented.”® As one can imagine, environ-
mental factors such as smoking, age, or dis-
ease can impact this process. There are many
additional factors that contribute to the devel-
opment of disease and disruption of “normal”
molecular pathways. Phenotype refers to the
observable characteristics or expression from
the genetic code,'” which can be thought of as
the manifestation of the genetic code. The rela-
tionship between the genetic code and an indi-
vidual’s phenotype is also complex, with each
interconnected layer of biologic information
harboring tremendous potential insight into
health and disease.

“Variant calling” is the identification
of molecular deviations from the expected
genetic code, which are also called mutations.
There is no consensus definition of the “nor-
mal” genetic code in humans, as existing data
are based on small sample sizes that may not
reflect the general population. Prospective
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efforts are underway to characterize the
genomic and health data of large groups of
people, numbering from 500,000 to more
than 1 million people. Many existing molec-
ularly characterized datasets are based on ret-
rospective data, or data obtained in isolation
that may not include other relevant attributes
such as someone’s activities, quality of life,
geographic location, comorbidities, environ-
mental exposures, or family history. Large
prospective studies that track participants lon-
gitudinally over a number of years with cross
platform data collection, including Electronic
Health Records (EHR), and personal health
data like the All of Us project and others have
the potential to illuminate the complex factors
that contribute to disease development and,
ultimately, prevention.?

Research to characterize the nearly 3 bil-
lion units of DNA across 23,000 DNA base
pairs has made tremendous progress over the
last several years. Similar research in other
omics disciplines has also shown progress.
The magnitude, specificity, and types of test-
ing available in health care are evolving rapidly
as is our insight into the relationships between
this data and health. Some diseases may reveal
direct variants in DNA or RNA that can be
successfully targeted with PM therapies; how-
ever, it is more likely that there is a complex
relationship between many factors, including
environment, molecular events, and other
attributes that contribute to the development
of disease.

In 2011, the NRC laid out the framework
for a molecular taxonomy of disease summa-
rizing the state of molecular medicine and
presenting an action plan to implement PM.
Implementing PM requires a profound change
to clinical practice, including how data are
recorded, what data are recorded, how clini-
cians analyze and process vast quantities of
data, how patients participate in healthcare
data, the medical decision-making process,
access to molecular testing, access to targeted
therapies, approval and safety process for drug
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development, and many other aspects of our
current care model, in addition to new tech-
nologies that will develop.

» IV. Current Perspective

Over the last few years, we have seen the
availability and commercialization of high-
throughput sequencing flood oncology clinics
with real-time genetic data, including hun-
dreds (and soon thousands) of anticipated
genetic variants that may have clinical sig-
nificance, as well as new biomarkers that can
be used to measure health or disease. These
genetic data are typically reported within
2 weeks of sending out the bio-specimen and
are therefore clinically actionable. Molecular
testing is usually requested to subclassify a
diagnosis, refine therapeutic options, or fulfill
claims of PM. Oncology centers are racing to
utilize these data through molecular tumor
boards (MTBs) and third-party data naviga-
tion platforms provided by academic institu-
tions, non-profit organizations, and for-profit
companies.

In addition, new realms of data such as
digital phenotyping, wearable devices, Internet
of Things (IoT) medical devices, smart phones,
patient self-reporting, social media inputs, and
beyond are being generated for the healthcare
sector at a rapid pace, leaving clinical teams
scrambling to digest all of these data. Curat-
ing medical data for security and meaningful
use is necessary to maximize this opportunity
and ensure the safety of potentially vulnerable
patient health information (PHI). At the time
of this publication, there is no publicly avail-
able standard tool to view these data in concert
and leverage their collective value. To accom-
plish this task, advancements in healthcare
genetics education, health data curation, and
technology implementation in clinical practice
will have to occur.

This volume of genetic and molecu-
lar testing available in clinical care and the

commercialization of this data production
process through large third-party providers
that aggregate test results into large privately
held or public datasets is a paradigm shift in
medicine. Our current use of molecular data
is built upon the groundbreaking work of
expansive genome atlases, such as TCGA and
others. Whereas participation in foundational
genomics studies like the TCGA was primarily
performed at large academic medical institu-
tions, the utilization of MPS through commer-
cial platforms and regional labs is available
through any provider with access to a tissue
sample. This testing, which typically investi-
gates a panel of known genetic variants, is now
commonly performed in academic and com-
munity centers alike. This is a critical shift—
placing volumes of genetic medical data into
public registries and private companies. Both
private and academic bodies offer genetic
testing using MPS methods, retaining data in
functional databases that hold great intellec-
tual and financial value. Increasingly, these
groups are partnering with private and for-
profit entities to harvest the data for research
and discovery such as drug development or
academic consortia. Prior collaborative aca-
demic efforts (like TCGA) have generated
this data for public utility, fueling countless
research efforts, and are available in search-
able formats through web interfaces such as
the NCI genomic data commons portal, the
open source Clinical Interpretation of Vari-
ants in Cancer (CIViC) dataset, Cbioportal,
and others.!#* Of note, most federally funded
research efforts are required to provide the
molecular data in a publicly accessible for-
mat after publication. Owing to the escalating
financial and intellectual value of healthcare
data, new paradigms of data protection and
monetization have evolved.

Molecular data are increasingly integrated
with routine cancer care. Many cancer types
use some molecular or genetic data for diagno-
sis or to define disease subtypes. Multiple can-
cers have guidelines that use molecular data



for treatment decisions that are oftentimes
also supported by dramatically improved
patient outcomes, such as those seen in mel-
anoma and lung cancer. Many major cancer
centers are in the early phases or have recently
created dedicated molecular tumor boards. A
few cancer centers have had dedicated MTBs
for several years. A MTB or PM tumor board
typically refers to a multidisciplinary team of
healthcare professionals who prospectively
review a patients molecular testing in the
context of their disease and treatment plan.
An MTB often discusses treatment options
when: (1) a possible drug target is present;
(2) associated conditions require further test-
ing (i.e., concern for a germline mutation); and
(3) the molecular variant may impact health
outcomes. Most MTBs are restricted to cases
with actionable genetic variants but are not
restrictive to any disease or histologic type.
At larger tertiary centers, specialized tumor
boards, which are also called prospective
multidisciplinary cancer meetings, are orga-
nized by disease site such as a lung cancer
tumor board or a nervous system tumor
board. Tumor boards at dedicated cancer cen-
ters typically consist of a medical oncologist,
disease-specific surgeon, radiation oncolo-
gist, radiologist, pathologist, nurses, and other
healthcare providers, such as genetic counsel-
ors, social workers, and clinical trial experts.**

There are several barriers to implement-
ing a PM recommendation, such as identi-
fication of a targeted therapy that disrupts a
critical tumor growth pathway, access to the
desired drug or therapy, and safety of admin-
istration. A PM-targeted therapy must dis-
rupt the identified molecular pathway, and
the tumor must be dependent on the specific
pathway.” Some variants that are identified
may not be the primary driver of the disease
and are less likely to have a clinical impact
if targeted. The goal is to identify molecular
variants that are thought of as driver muta-
tions or master regulators that may have great
impact on disease development. The process
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to bring a new drug into clinical practice
requires tremendous regulatory oversight that
should be followed in the interests of patient
safety and scientific advancement. Investi-
gational therapies should be administered
through a clinical trial with extensive safety
monitoring.

Clinical trials are historically organized
by disease, organ involved, and histology (the
cellular features seen under a microscope).
Only recently have molecularly driven clin-
ical trials become available. Scientists have
postulated for many years that the specific
molecular features of a disease likely contrib-
ute to therapeutic response but have lacked
tools of scale to prospectively investigate and
quantify these features. PM and the addition
of molecular taxonomy to histologic diagno-
sis have changed the way diseases are catego-
rized and also impacted the way clinical trials
are designed. Clinical trials are historically
described in phases, with different questions
being asked at each phase. Phase 1 trials pri-
marily research safety and the tolerated dos-
ing of a new therapy. Phase 2 and 3 trials
investigate if the intervention has an impact
on the disease as well as associated adverse
events.”

Two newer types of clinical trials designed
for PM are “basket” trials (treatment cohorts
are based on a shared mechanism of action
across multiple histologic tumor types) and
“umbrella” trials (which may include multiple
molecular pathways and corresponding inves-
tigational drugs in the same trial designed for
one histologic cancer type).” Several other
innovative clinical trial designs are being
explored.

In addition to refining histologic diag-
nosis with molecular subclassification, we
must also decipher the variation of molecular
and genetic expression both spatially within
a tumor and as time progresses. This varia-
tion likely contributes to treatment resistance.
Some healthcare clinics are attempting to
obtain longitudinal genetic testing at multiple
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points in a person’s disease course or samples
from multiple locations within a tumor. As the
cost of testing decreases and the insights pro-
vided by the test increase, we will undoubtedly
see the utilization of molecular testing for can-
cer throughout a disease course as a monitor-
ing tool. As the knowledge networks mature,
we anticipate increased use of PM-driven
informatics in disease prevention programs.
If a person is identified to have known risk
factors for disease, they may undergo periodic
molecular screening tests to measure their
risk of developing the disease and to hope-
fully reduce known risk factors. To accomplish
this, the medical community must understand
the many factors that contribute to disease
development, identify a way to measure these
factors, and then implement an intervention
process.

Several technology platforms exist with
the purpose of curating molecular and health-
care data. Major U.S. hospitals often use some
form of EHR to curate healthcare data. In
the PM space, there are specific technologies
designed to organize and help clinical teams
interpret genetic and other molecular data,
facilitate PM MTBs, aggregate clinical data,
and navigate clinical trial opportunities. Some
of these platforms are open source, while oth-
ers are proprietary. Through multisite PM
applications, large databases are created that
hold immense monetary and intellectual
value. The opportunity to impact health care
through big data analysis with machine learn-
ing and other analytic approaches in medicine
is currently underutilized. The bulk of exist-
ing healthcare systems have not capitalized on
big data; however, many are showing greater
interest, which may be in response to the avid-
ity with which private companies are trying to
accomplish this task. To maximize this oppor-
tunity, healthcare data will need to evolve and
solve concerns over semantic heterogeneity,
technical heterogeneity, patient data security,
financial limitations, and the resulting impact
on clinician workflows.

Genetic Data

In the clinical practice of oncology, physicians
use genetic panels to look for known cancer
variants to fuel PM. Many of these panels test
for changes at specific areas of DNA but may
also include other molecular investigations,
such as RNA or whole genome sequencing.
Clinically available sequencing tests look at
DNA for base pair substitutions, deletions,
insertions, and fusions that have been shown
to be relevant in cancer.?® In some cases, inves-
tigators will look for only a few specific perti-
nent mutations or genetic aberrations that are
important for a type of disease. For example, in
neuro-oncology, which is the field of medicine
focused on cancer and the nervous system, the
molecular features of brain tumors have only
been included in the World Health Organiza-
tion’s pathologic diagnosis recommendations
since 2016.%°

Prior to 2016, a brain tumor diagnosis was
made solely on histologic review despite the
availability, clinical utility, and known impor-
tance of molecular data in the classification
of brain tumors. When someone is diagnosed
with a brain tumor, it is standard practice for
the pathologist to report select mutations such
as IDH1 mutation, which conveys information
on tumor development and prognosis; MGMT
promoter hypermethylation, which provides
insight into treatment response with certain
types of chemotherapy; and genetic deletions
on the 1p arm and the 19q arm, which are a
diagnostic requirement for a tumor type called
oligodendroglioma.® This is an example of PM
in current practice. The clinical team may elect
to investigate these tests as part of a broader
panel or they may test individually. There are
many ways to perform these tests; however,
some centers may not have the needed equip-
ment or expertise and elect to send the tissue
to a qualified testing center.

In this chapter, we have focused on
known variants of DNA used in the clini-
cal management of someone diagnosed with



cancer, although there is a wealth of addi-
tional molecular testing available. Many other
pertinent investigations into molecular data
are evolving at a rapid pace. RNA, protein
expression, genetic fragments found in blood,
whole genome sequencing, tests that inves-
tigate the accessibility of DNA, and the char-
acterization of the tumor microenvironment
are other areas of research. Nonetheless, a
detailed discussion is beyond the scope of this
chapter. Some molecular tests are only used
in preclinical research, while others have met
requirements that permit use in clinical care.
Historically, research and clinical testing have
been performed and analyzed separately, but
with the development of PM and the reduced
cost of testing, we hope to see hybrid research
and clinical molecular investigations.

In summary, genetics is the study of how
specific traits are inherited. This differs from
genomics, which is the study of large-scale
genetic data, such as the entirety of the human
genome. “Omics” refers to scientific disciplines
in biology that end in the suffix “~-ome,” which
implies large-scale study of the subject field,
such as gene(omics). Genomics is generally
considered the first of the omics disciplines—
but now there are many. The omics disciplines
were ignited by advancements in computer
processing that now allow scientist to ana-
lyze large quantities of biologic data. A driv-
ing message of PM, and the root of the omics
disciplines, is that through processing large
multivariate datasets, we can unlock the keys
of health and disease. The emphasis on con-
necting data from many different sources by
removing barriers across research disciplines
and data silos is a tremendous undertaking
and a rate-limiting factor for PM, as well as
health informatics.

» V. Future Trends

In 2013, the NRC laid out the framework for
a molecular taxonomy of disease summarizing
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the state of molecular medicine and present-
ing an action plan to implement PM.*! Most of
the issues, objectives, and solutions outlined in
this landmark publication are still relevant and
can be applied toward curating and accessing
the data and implementation of findings. As
discussed, PM has existed in health care for
many years and has made significant progress
toward a mechanism-based classification of
disease and treatment decision-making. Large-
scale efforts to understand human genomics
across populations (a) in the pre-disease state,
(b) as disease develops, and (c) during treat-
ment, are now underway. In cancer and other
disease states, molecular-derived classification
and treatment protocols are becoming routine
clinical practice; still, much work is needed to
fully support a paradigm shift toward PM.

Curating the Data

Only recently has western medicine recorded
healthcare data in digital formats through adop-
tion of an EHR. While EHRs are relatively sim-
ilar in concept to Electronic Medical Records
(EMRs), an EHR is meant to encompass more
data and extend beyond the health system or an
individual doctor’s office. In the United States,
a handful of large commercial EHR services
dominate the market. It is possible that separate
institutions or hospitals that use the same EHR
software can link medical records for an indi-
vidual patient. By reducing institutional bar-
riers and promotion of data aggregation, PM
efforts may also be strengthened; however, this
may require aggregating the data to some level
of uniform reporting and analysis.

The power in PM stems from connecting
many data types into a larger knowledge net-
work so that subgroups and patterns can be
identified. For an individual healthcare dataset
to contribute to a larger knowledge network,
the descriptors and attributes that describe
the same value must use the same language.
In medicine, there are many ways to say the
same thing. A common data model should be
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implemented across healthcare sectors to per-
mit data aggregation and sharing. A common
data model uses a defined dictionary of terms.
If care teams are not recording data using a
common language, then a solution is required
to convert the recorded information into the
common data model while maintaining the
integrity or value of the data. For example, a
devastating brain tumor that affects people of
all ages may be referred to as a glioblastoma,
glioblastoma multiforme, astrocytoma grade
IV, or GBM; despite these four names, the
clinical diagnosis is the same. If the cohort
is reduced by “fragmented naming,” then the
power of the sample size may not be sufficient
to reveal disease subtypes and associations
needed to power PM.

With developing technology comes
renewed questions of ethics and barriers to
implementation. PM is limited by a litany of
regulatory hurdles that are designed to pro-
tect patient safety and security. Smartphone
navigation platforms and wearable devices
provide a wealth of available environmental
and behavioral data that until recently was too
complicated to record and aggregate. Collect-
ing healthcare data while maintaining privacy
and adherence to strict regulatory policy as
required by the Health Insurance Portabil-
ity and Accountability Act (HIPAA) remains
a challenge. Digital phenotyping, as defined
by Dr. John Touros et al, is the use of dig-
ital devices to provide health data through
“moment-by-moment quantification of the
individual-level human phenotype in-situ”*
Digital phenotyping holds tremendous poten-
tial to identify modifiable disease risk factors
and environmental association with molecu-
lar data and health outcomes. Best practice in
aligning these data sources while respecting
privacy is unclear. One solution is that patient
groups opt in and provide their own digital
phenotyping data and connect this with their
health history or molecular testing. But can this
solution provide the volume required to power
analysis and what bias does this introduce?

How can science be representative when seg-
ments of the population do not have access to
molecular data or digital phenotyping devices?
Implementing PM requires thoughtful review
of regulatory and ethical concerns as each new
technology enters the knowledge network and
clinical arena.

PM is dependent on the merger of clinical
and research data from across the spectrum of
health and disease. Clinical medicine in cancer
requires multidisciplinary collaborative teams
of clinicians to adequately care for patients
with complex disease. Cancer-based PM
research may benefit from a similar approach
of multidisciplinary teams to connect disparate
data sources and fuel collaborative research.
Open data networks can compromise intellec-
tual property housed in the data and devalue
individual or institutional contributions,
which are critical aspects of research funding.
A shift in how research is being organized and
approached is needed. Only laboratory tests
that meet strict requirements can be used in
patient care. There is clearly opportunity to
learn from preclinical work and research-
level investigations. New policies of preclinical
research investigation of molecular mecha-
nisms and targeted therapies that support clin-
ically approved molecular testing and PM
treatment access are needed. PM and the enor-
mity of new health data sources pose unique
challenges to health informatics, requiring col-
laboration and data fluidity across traditionally
isolated clinical and research efforts. Research
and clinical care should be a connected, closed-
loop system in the interest of delivering on PM
for improved health outcomes.

The data commons needed for promoting
PM will have data inputs from many different
sources. A knowledge network will require
data inputs from technically heterogeneous
sources into a shared data commons. The days
of a medical record coming solely from the
doctor’s scribbles and notes are gone. A patient
may have a histology report from proprietary
software, DNA methylation analysis from



another software type, nutrition data from
a phone app, and environmental data from a
smartwatch that must all connect in a central
repository. The opportunity for new streams of
healthcare data is endless. A PM solution will
need to address how to connect technical het-
erogeneous information so that the data com-
mons can access and support data from many
sources.

Informatics and computational science
play a huge role in processing this vast quantity
of information so that it can be digested and
harvested for scientific discovery and improve-
ment in human health. With this explosion in
innovation and opportunity comes a never-
ending stream of questions. How are the indi-
vidual patients rights protected in this age
of mass data collection? The patient always
“owns” their health record, but when this data
is monetized who is the beneficiary? How can
healthcare systems pay for the considerable
resources needed to execute PM? How do we
safeguard this data against irresponsible use
and prevent harm to those who agree to share
their personal health data?

Access to the Data

In a PM-optimized healthcare environment,
all data would be uploaded into a large, pub-
licly accessible, international, pan socioeco-
nomic, anonymized knowledge network that
shares the common data model with uniform
definitions and testing assays connected to
a wealth of multi-dimensional omics data,
powered to decode the molecular mecha-
nisms of disease and therapeutic discovery.
In the United States, private companies, hos-
pitals, government organizations, consor-
tiums, and other healthcare groups are racing
to develop large interdisciplinary datasets
to power PM discovery. Such datasets are
extremely valuable and require considerable
resources to manage.

In oncology, a basic knowledge network
includes patient demographics, genetic or
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molecular test results, chemotherapy history,
and imaging, with the opportunity for so much
more. PM informatics platforms require access
to health data, analytics to process the data,
regular updating to reflect advancing knowl-
edge, and at least one user interface to facilitate
use of the data by clinicians and researchers.
There are public and private PM platforms that
can provide a user or health system with the
tools needed to participate in PM. It is possible
that individual repositories fragment the data
to the point that discoveries in rare diseases or
infrequent health attributes no longer have the
sample size to be found. On the other hand,
curation of an information commons requires
considerable resources that could potentially
be funded through monetizing the health-
care data that many companies are racing to
obtain. A mechanism is required to support
this infrastructure for a large cross-sectional
PM network and provide the resources needed
to achieve data aggregation across health sys-
tems and populations. These datasets harbor
valuable intellectual property, which may need
to be protected so researchers can invest in
new discoveries that enrich the information
commons. The bottom line is that these data
belong to the patients, something institutions
and companies often lose sight of.

Rare diseases and molecular aberrations
may require extremely large datasets to achieve
the volume required to draw conclusions. Oth-
ers have identified this concern and started
independent repositories of information,
either for rare disease types or for rare muta-
tions. One such effort is the NCI-backed Rare
Diseases Registry (RaDaR) Program that con-
nects investigators of rare diseases to a com-
mon data management center utilizing shared
data practices and resources harnessed from
public-private partnerships to collectively
progress our understanding of rare diseases.*

Although there are strict rules and reg-
ulations safeguarding patient data, new solu-
tions are needed to protect patient privacy
in the age of PM and digital phenotyping.
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As our healthcare data evolve, so must the con-
versation regarding data privacy and security.
Individual health data now include second-by-
second data points from smart devices that
track behaviors, actions, and locations—
information that could help determine mod-
ifiable risk factors. This level of monitoring,
however, comes with additional ethical and
data management concerns. Increasingly,
genetic testing and healthcare data are bypass-
ing the clinical team and being delivered
directly to the patient. Two examples include
My Family Health Portrait by the Surgeon
General, where individuals can input family
history to learn about disease risk factors, and
home genetic testing kits that provide a win-
dow into genetic risk factors that predispose
people to different diseases.***

Largely due to opportunities to improve
care through advancing technology, physi-
cians and health systems have loosened their
grip on healthcare data, increasingly using
third-party services, such as genetic testing
that harbor large aggregate patient-derived
datasets and patient-centered health registries.
Applications exist that store useable personal
EMR data on cell phones and provide ways to
connect with your own EHR. Patients with rare
diseases are coming together through social
media and creating dedicated data reposito-
ries, tissue banks of pathologic specimens,
and clinical trials for their rare conditions.*
Patient advocacy groups are creating apps to
chronicle patient-reported symptoms and out-
comes. In the United States, the Patient Cen-
tered Outcome Research Institute (PCORI)
is driving structured inclusion of the patient
perspective into healthcare delivery mod-
els and research implementation to enhance
value and improve patient trust.”” Investment
by patients in personal health data when
applied to molecular and clinical information
may lead to new discoveries of environmental
or behavioral influence on health and indi-
vidualized quality of life metrics. Patient-led
participation in healthcare research beyond

traditional institutional or geographic bound-
aries has also led to increased enrollment in
clinical trials, as well as other advances that
are yet unseen.”®

Implementation of PM Findings

The impetus for PM is anchored in the hope
of drastic improvements in health outcomes
for all people through continuing advances in
biology and computer science. The addition
of a molecular taxonomy and subclassifica-
tion of disease is the first stage of PM imple-
mentation; it is already well underway. PM
has helped to identify subsets within a histo-
logic diagnosis that harbor distinct subcellu-
lar molecular disease development pathways
that result in an altered response to therapy
and outcomes when compared with the gen-
eral disease cohort. These molecular subsets
help explain response variability among peo-
ple who carry the same diagnosis and even-
tually will decode why some people respond
to a drug and others do not. For some con-
ditions, targetable genetic variants have been
identified that respond to pathway-disrupting
therapies, whereas other subclassifications
reveal less malignant conditions that may not
require as aggressive therapies. These discov-
eries have ushered in new perspectives into
clinical care and research. To fully imple-
ment PM, considerable work is required to
change how health information is recorded,
collected, aggregated, and analyzed. Incor-
porating molecular data into the current
diagnostic process and treatment algorithms
has proved to be a challenging albeit solvable
problem. Connecting data in a useable way
across health systems or from sources that are
not routinely integrated into clinical care (diet
and activity) will be an important milestone
toward delivering on PM.

Many contemporary clinical trials are
designed to disrupt the molecular and genetic
events that drive disease development. For
the last few decades, clinical trials have used



agents that target critical molecular pathways,
but the investigators may not have had the
data or computational power to prospectively
stratify treatment groups based on a molecu-
lar feature or genetic biomarker. Examples of
contemporary clinical trials that assign treat-
ment cohorts based on shared biomarkers or
key genetic variants as a key to trial design
include basket and umbrella trials. Completed
biomarker-driven clinical trials have shown
feasibility and promise with this scientific
approach.***

A developing treatment design referred to
as N-of-1 trials asks clinical trial questions of
efficacy; side effect profiles are at an individual
level, using a person’s own genetic and health
data.** N-of-1 trials in PM oncology require
considerable data resources and have many
design concerns; however, the meta-analysis
from individualized studies, if done in a con-
trolled and reproducible manner, may reveal
generalizable data and identify new disease
or treatment subsets. Another nuanced trial
design often referred to as “personalized med-
icine” is when an individual’s genetic profile or
other features are used to determine the opti-
mal dose of a medication or predict an individ-
ual response to an intervention. Of note, there
is ambiguity in the terms “precision” and “per-
sonalized” medicine in the medical commu-
nity. Increasingly, health care is seeing the use
of commercially provided screening panels as a
navigational tool for participation in a clinical
trial or as a deciding factor in assigning a spe-
cific therapy in a multi-arm trial. This is largely
because such panels are common in clinical
care and provide verified central testing sites
and assays, which are important to maintain
research quality. The molecular investigations
of interest that define disease subgroups or
treatment regimens are also evolving. Science
is identifying ways that global changes to DNA,
modification of tumor suppressor signals,
cellular access to the genetic code, and other
molecular events impact cancer and clinical
outcomes in addition to the identified genetic

V. Future Trends 39

variants that are commonly investigated.
Next-generation clinical trials and other means
of using PM to deliver treatments and impact
patient care will need to adapt and capitalize on
evolving technology and scientific discovery.

Developing a high-quality integrated
multivariate knowledge network was the
foundation of the U.S. NRC’s landmark 2011
publication that outlined a vision for PM.*
Delivering on PM requires a large comprehen-
sive knowledge network capable of fueling big
data analysis with sufficient volume and qual-
ity to tease out molecular subgroups and asso-
ciations with other health features. National,
academic, and commercial PM efforts are
underway, with nearly all participants utilizing
a cross-sectional data repository connected to
molecular and genetic testing. This knowledge
network is anchored to the intrinsic biology
of disease but must also continue to evolve
and add new pertinent data sources that may
shed light on modifiable factors in disease
development.®

The success of PM will depend on the
quality and volume of data that is aggregated
in the knowledge network. Transitioning
health data into a searchable structured for-
mat is a critical step that many health systems
are finding difficult. To maximize adoption,
PM platforms should be designed to augment
existing healthcare operations and under-
standing of disease. PM can only change
the healthcare landscape if it is adopted into
clinical care and research. The transition to
indexed healthcare data where clinical and
other data sources are easily aggregated in a
uniform and structured way may be the Achil-
les heel of implementing PM.

PM principles are already integrated into
the clinical care of cancer patients. Many can-
cer types have established molecular subclas-
sifications that are used to subtype a diagnosis
or refine disease-specific treatment options. In
some settings when a patient has failed stan-
dard therapies or if no standard therapy exists,
a provider may pursue a molecularly targeted



40 Chapter 2 Precision Medicine: Decoding the Biology of Health and Disease

PM approach. In this scenario, the patients
cancer specimen is investigated with a can-
cer genetic variant panel, or test of specific
actionable variants, in hopes of identifying a
growth-dependent tumor-driving mutation
that can be targeted by an approved drug that
is typically used in other conditions or can-
cer types. Ideally, this patient would qualify
for, and have access to, a clinical trial that tar-
gets the pathway of interest. Unfortunately, in
many cases, a clinical trial or standard option
is not available. Outside of a clinical trial, a
molecularly targeted approach is best facili-
tated through an MTB with multidisciplinary
review by a dedicated team of experts, includ-
ing oncologists, pharmacists, other specialized
providers, geneticists, and drug procurement
specialists.

For patients who fall outside of the struc-
ture of a clinical trial, a dedicated and sys-
tematic process should occur that emphasizes
patient safety. The first step is to identify if
the genetic variant of interest is a driver of the
cancer type and not a passenger mutation.
Hopefully, safety data exist for use with this
agent in the organ system being treated and
information is available as to whether or not
the drug reaches the cancer site. Typically, this
information would come from a previously
completed early phase clinical trial, which in
many instances may not have been performed
with knowledge of whether patients harbored
the mutation of interest. Once these require-
ments have been satisfied, then an effort
can be made with the support of the MTB
to procure the drug. Obtaining and paying
for the drug is often met by resistance from
insurance providers, as there is often not an
approved indication to use this agent for the
patient’s disease. When a treatment plan is
derived in this way, a rigorous standardized
process emulating an early phase clinical trial
is advised. Contemporary clinical trials, such
as basket and umbrella trials, often include
multiple treatment arms enrolling patients
in parallel based on molecular targeting of

specific pathways identified in the tumor.
Clinical trials for rare conditions, such as
cancers that harbor rare genetic variants, are
often delivered across many institutions to
achieve recruitment goals needed to statis-
tically power research questions and justify
the resources needed to implement the trial.
Clinical trials are the best method to deliver
PM when safety, efficacy, and side effects of
a treatment plan are not known. Medicine
marches forward through clinical trials that
validate new treatments and interventions
in a rigorous and scientifically reproducible
manner.

This chapter attempts to show how
advances in the life sciences and informatics
have ushered in PM and the molecular tax-
onomy of diseases and how this information
is currently used in clinical care of patients
with cancer. The next steps needed are: (a) to
implement this change at a larger scale and
(b) the creation of a robust knowledge net-
work that has the potential to decode con-
tributors to health and disease. It is my hope
that large-scale, population-based genetic
and environmental research efforts to cata-
log millions of people representative of the
population at large will reveal modifiable risk
factors and intricate associations that lead to
disease development—so that we can change
these factors and prevent illness. Imagine if
you could identify when an individual’s mod-
ifiable risk factors for a disease, such as smok-
ing, diet, or toxin exposure, are approaching a
critical threshold that escalates risk for genetic
instability and a resultant cancer or disease.
Technology exists that can edit the intrinsic
biologic processes that occur during disease
formation. It is only a matter of time before
this technology is refined to the point that
editing a biologic process in humans is a real-
istic opportunity. Herein lies the excitement
behind CRISPR, an acronym that stands for
Clustered Regulatory Interspersed Short Pal-
indromic Repeats. CRISPR technology has
the power to edit DNA in a precise manner.*



At the time of this publication, CRISPR is in
its infancy, but the implications of this tech-
nology are tremendous as are the associated
ethical concerns.*

» VI. Conclusion

The availability and routine application of
vast new realms of health information has
ushered in an era in health care referred to
as PM. This paradigm shift has occurred due
to advancements in molecular analysis using
high-throughput sequencing, new ways of
recording biologic and environmental data
across populations, and large-scale data repos-
itories of genetic and health data, coupled
with advancement in informatics to support
interdisciplinary health data aggregation and
real-time analyses. Understanding disease at a
genetic level has become the standard of care
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Chapter Questions

2-1  What key events trigger PM?

2-2 What are the underlying principles of
PM? Discuss the appeal and challenges
of adopting PM principles for patients
as well as care providers.
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Abstract

Owing to the recent digitization of medical ser-
vices with tools, such as electronic health records,
mobile health apps, wearable sensors, and smart
fitness devices, huge amounts of medical and
healthcare data have been generated and collected
at an unprecedented volume, velocity, and variety.
Traditional limits in handling these massive and

heterogeneous datasets create the need for insights
into the latest research on Big Data and Big Data
techniques in health care. This review surveys the
basic concepts, sources, and types of Big Data appli-
cations; the most popular analytical techniques; and
tools used in the medical-Big Data field appearing in
the extant literature between 2015 and 2018.
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(radiology, blood test, etc.), as well as phar-
macy (e.g., prescriptions, medications),
administrative (e.g., cost and claims data,
population, and public health data) and
behavior data (e.g., those from mobile apps,
social media, sensors, wearable devices, and
fitness monitors), the shift from paper-based



patient records to electronic health records
(EHR) represents a necessary digitalization in
today’s healthcare systems. With fast growth,
increased complexity, heterogeneity, and size
of these accumulated data, the big challenge
now is how to collect, store, analyze, and man-
age these Big Data in healthcare systems to
improve the quality of care delivery, including
the move toward personalized medicine, the
sharing of real-time decisions in diagnosis and
treatments, and the prediction of treatment
outcomes at earlier stages, as well as the under-
standing of new diseases and therapies.

Traditional data analysis cannot ade-
quately handle Big Data processing. New
approaches that can analyze a wide variety of
complex data and generate valuable insights are
needed.? When applied to healthcare Big Data,
these tools will have the potential to identify
patterns, improve care quality, reduce costs,
and enhance real-time decision-making. Big
Data analytics integrate machine learning and
statistical analysis. They include a set of tools
and techniques, such as classification, cluster-
ing, regression, and association,’ each serving
a distinct purpose depending on the modeling
objective. Often, the choice of the right tech-
nique depends on the problem at hand and
how the data are represented and stored.

35
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This review encompasses Big Data in
health care. It explains the processing of
Big Data in health care from collection to
decision-making, citing and classifying the
sources of Big Data, and illustrating the tools
and technologies used to handle Big Data, for
example, the Hadoop ecosystem. Additionally,
the review covers the applied analytical tech-
niques, such as machine learning algorithms,
and sheds light on the potential benefits of Big
Data to health care. Finally, it highlights some
challenges of Big Data analytics and discusses
potential future developments in the related
areas.

» Background

The review process starts with searching
information databases, such as ScienceDirect,
PubMed, IEEE Xplore, and other electronic
databases, with keywords, such as “Big Data”
OR “Big Data analytics” AND “Healthcare” OR
“Medicine” OR “Biomedicine” OR “Medical”
OR “Bioinformatics” As FIGURE TR1-1 noted,
the review covers 76 identified articles that
deal with Big Data in health care published
between 2015 and 2018. Six main categories
emerged from an analysis of these selected
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FIGURE TR1-1 Distribution of identified articles by year (76 articles).
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papers: (a) Big Data definition and basic con-
cepts; (b) Big Data sources; (c) Big Data tools
and technologies; (d) Big Data analytical tech-
niques; and, finally, (e) Big Data challenges
and opportunities. These various subtopics are
elaborated next.

Definition and Basic Concepts

Big Data have been defined variously in the
literature. Bellazzi, et al.* cited Haper® as view-
ing Big Data to have “scale, diversity, and
complexity;” requiring “new architecture, tech-
niques, algorithms, and analytics to manage it
and extract value and hidden knowledge from
it” Hemingway, et al.® alluded to Big Data as
high volume, velocity, and variety information
assets demanding new forms of processing to
drive enhanced decision-making, insight dis-
covery, and process optimization. More sim-
ply, Big Data are very large datasets, structured
or unstructured, static or dynamic, simple or
complex, that may be gathered, stored, pro-
cessed, and analyzed using different advanced
techniques. FIGURE TR1-2 contrasts between
traditional versus Big Data according to 4Vs:
Volume, Variety, Velocity, and Value.

In biomedical informatics, Luo, et al.”
and Mathew, et al.® define Big Data in health

care according to its Vs: first is the exponen-
tial growth in the Volume of data in biomedical
informatics from real-time health monitor-
ing systems, EHRs, electronic patient records
(EPRs), labs, sensor devices, and more. In
fact, the U.S. healthcare system alone already
reached 150 exabytes (10'®) of data 5 years ago.’
Second is Variety of data types and structures,
that is, the ecosystem of biomedical data can be
structured, semi-structured, or unstructured,
collected from different sources, such as wear-
able sensors, health community blogs, social
media, and more (often in numerous formats,
such as relational tables, flat files, and comma
separated values or comma-separated values
[CSV]files). Third is Velocity, which is the need
to process the data in real-time, whether it is
coming from streaming data, such as remote
patient monitoring, from sensor devices or
telemedicine servicing (e.g., the new genera-
tion of sequencing technologies that enables
the production of billions of DNA sequence
data each day at a relatively low cost). Fourth
is Veracity, which deals with the quality of data
being captured. Here, the truthfulness of data,
or how certain we are about these data, mat-
ters. The last, and most important, V' is Value.
Unlike other Vs, this V is the desired outcome
of processing Big Data in health care as we are
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primarily interested in extracting maximum
value and generating insights from Big Data so
as to improve the quality of health care.

Sources

In health care, data heterogeneity and the
variety of structured, semi-structured, and
unstructured data are derived from diverse
biomedical data sources. These include phys-
iological, behavioral, molecular, clinical, envi-
ronmental exposure, medical imaging, disease
management, medication prescription history,
nutrition, exercise parameters, and more."

Big Data sources have been classified in
various ways in the literature. Stokes, et al.!
divide data sources into two general classes:
Administrative (Government [CMS], National
surveys [Medical Expenditure Panel Survey],
commercial vendors [health plans, PBMs]) ver-
sus Clinical (Hospital EMR, Physician EMR,
Integrated delivery network EMR, Clinical
database). Hemingway, et al.’? simply suggest a
classification using structured versus unstruc-
tured data in clinical care: Structured EHR data
are recorded using controlled clinical termi-
nologies, such as Systematized Nomenclature
of Medicine Clinical terms (SMOMED-CT) or
statistical classification systems, such as ICD-
9, ICD-9-CM, or ICD-10, while unstructured
clinical data can be patient medical histories,
discharge summaries, handover notes, and
imaging reports. These data are often captured
and recorded in patient’s health records as raw
unformatted text.

In Mathew & Pillai,"* Big Data sources
may come from: (a) Providers: medical data
(EHRs, EPRs); (b) Payers: claims and cost data;
(c) Researchers: academic or independent;
(d) Consumers and Marketers: patient behavior
and sentiment data; (e) Government: popula-
tion and public health data; and/or (f) Develop-
ers: pharmacy and medical device research and
development (R&D). Briefly, two underlying
types of sources emerged here: internal sources,
such as EMRs, computerized provider orders
entry (CPOE), imaging data, and others versus
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external data sources, such as government,
insurance (e.g., claims, billing), and social
media. Andreu-Perez, et al."* also focused on
two clusters: quantitative (e.g., sensor data,
images, gene arrays, laboratory tests) versus
qualitative (e.g., free text, demographics). How-
ever, Ma, et al.”” identified four major sources
of pharmacy Big Data: (a) Pharmaceutical
research and development from pharmaceuti-
cal companies and academia, clinical trials, and
high-throughput screening libraries; (b) Claims
and cost data from payers and providers that
contain utilization of care and cost estimates;
(c) Clinical data provided by the EMR that
contain patient-specific data on treatment out-
comes; and (d) Patient behavior and sentiment
data that come from consumers and stakehold-
ers outside of health care (for instance, from
retail exercise apparel and exercise monitor-
ing equipment). Finally, Fang, et al.'® classify
healthcare Big Data differently with categories
ranging from: (a) Human-generated data: phy-
sicians’ notes, email, and paper documents;
(b) Machine-generated data: readings from
diverse health monitoring devices; (c) Trans-
action data: billing records and healthcare
claims; (d) Biometric data: genomics, genetics,
heart rate, blood pressure, X-ray, fingerprints;
(e) Social media data: interaction data from
social websites; to (f) Publications: clinical
research and medical reference material.

The large variety of Big Data in health
care sources and their corresponding classifi-
cations inspired from aforementioned authors
are summarized in FIGURE TR1-3, showcasing
prominent taxonomies of Big Data sources in
health care.

FIGURE TR1-4 offers another proposed
classification which adds more details about
data types including their format (text or
ASCII, image, and video) and sources (inter-
nal, external). This domain-based classi-
fication is constructed according to three
specialized areas in health care: cardiology,
diabetes, and oncology. TABLE TR1-1 presents
various data types used in the selected papers
being reviewed.
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FIGURE TR1-3 Main sources of Big Data in health care.

Tools

Big Data in health care, which are difficult to
store and process via traditional methods,
require the use of new technological tools for
their capture from different sources and sys-
tems, their transformation, storage, analysis,
and visualization. Mathew & Pillai"” classify
tools of Big Data into two options: open source
versus available commercial solutions. Here,
some key products include Hadoop-based ana-
lytics, data warehouse for operational insights,
stream computing software for real time anal-
ysis of streaming data, and NoSQL databases
such as Cassandra, MongoDB, and DynamoDB.

We start with Apache Hadoop open
source platform as it is among the earliest tool
successfully applied in different Big Data spe-
cialized software projects. Hadoop supports
the processing and storage of extremely large

the Biology of Health and Disease
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Smartphone

datasets in a distributed computing environ-
ment. Data in a Hadoop cluster is divided into
small pieces and stored throughout a com-
puter cluster with thousands of nodes. Hadoop
uses two main components, MapReduce and
Hadoop Distributed File System (HDEFS).
Closely related software tools include NoSQL
databases such as MongoDB, Cassandra, and
HBase, which are basically an open source ver-
sion of BigTable.'®

Vijayarani & Sharmila classify Big Data
tools vis-a-vis Big Data phases:

®m In Big Data storage, three types of storage
(in memory, in the cloud, and hard disk
storage) are noted;

®m In Big Data processing, we have real-

time processing using Storm, Spark,
$4, and more versus batch processing
(Hadoop); and
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FIGURETR1-4 Domain-based classification of Big Data in health care.

®m In Big Data technologies, we have many
successful applications in biomedicine,?
including four types of tools used in
bioinformatics, clinical informatics, and
imaging informatics:
* Tools used in data storage and

retrieval;

* Error identification;
* Data analysis; and
*  Platform integration deployment.

Bellazzi, et al.* highlighted the main types
of Big-Data tools oriented solutions in health
care as comprising of: cloud computing, paral-
lel programming, and NoSQL databases.

TABLE TR1-2 (adapted from Lourengo,
et al?) shows the existing Big Data plat-
forms and tools for storing Big Data, with the
advantages and disadvantages of each tech-
nique. NoSQL databases (i.e., nontraditional
relational databases) are becoming the core
technology for Big Data. Here, we examine
the following three main NoSQL databases:

key-value databases, column-oriented data-
bases, and document-oriented databases, each
based on certain data models.

Sharing and storing data over the cloud
plays a key role in providing flexible, reli-
able, and cost-effective solutions to users.”* 2
Despite advantages of a cloud-based health-
care system, privacy of data is a major prob-
lem.** TABLE TR1-3 highlights the existing Big
Data platforms and tools for batch and real-
time processing. As shown, there are three
main types of Big data processing tools: (i)
batch-only tools, (ii) stream-only tools, and
(iii) hybrid tools (see also FIGURE TR1-5).

» Analytical Techniques

The literature on Big Data techniques in health
care is broad. Alonso, et al.”” highlighted the
most popular techniques of machine learn-
ing and Big Data classification (decision
tree, Naive Bayes, Artificial Neural Network
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TABLE TR1-1 Types of Data Used in Literature

Genomic data

Turgut, et al®% Xiao, et al.®%; Su, et al.®; Hinkson, et al*;, Maia, et al.®*; Morovvat,

et al®; Shah, et al.’%, Ding, et al.*%; Zheng & Zhang®”

Imaging

Volynskaya, al.?2; Nawaz, et al.%; Kurc, et al.®%; Shah, et al.’%; Margolies, et al.%;

Albargouni, et al*’; Wang, et al.% Silva, et al.®'; Panayides, et al.%; Kovalev,
et al.*%; Alickovic & Subasi®; lvanova®®; Hinkson, et al.*

Biomedical data Asri, et al.': Shen, et al.”

Behavior data Asri, et al.': Shen, et al.”

Pharmaceutical data

Billing data Erekson & Iglesia®

Clinical notes Forsyth, et al®®

Lab tests Miranda, et al.®®

CDI_9 Choi, et al.%; Forsyth, et al.*®

[ANN]) to bundle the objects or data into
groups. Clustering and search optimization
are also applied as data mining strategies,
such as self-organization map; vector quan-
tization; and genetic algorithm, regression,
association, and prediction. Bachiller, et al.?®
showed the various computational methods
applied in health care and classified them
into two clusters: machine learning (Support
Vector Machines or SVM, Naive Bayes, ANN,
Auto-encoders); and deep learning (Convo-
lutional Neural Networks, Recurrent Neural
Network, Restricted Boltzmann Method).
Mathew & Pillai* showed that analytics can
be classified into three major types: predictive,
descriptive, and prescriptive analytics. Mehta
& Pandit® reviewed some of the Big Data ana-
lytical techniques across various healthcare
applications including cluster analysis, data
mining, graph analytics, machine learning,

Choi, et al.®%; Ma, et al.”®; Walczak & Okuboyejo®

natural language processing (NLP), neural net-
works (NNs), pattern recognition, spatial anal-
ysis, and more to argue that the choice among
techniques really depends on the problem at
hand and the nature of the stored datasets.

As shown in Table TR1-3, there is a large
variety of techniques for Big Data in health
analytics. Each technique serves a different
purpose depending on the modeling objective,
with some techniques applicable to more than
one modeling objectives (e.g., classification,
regression, clustering, and more). FIGURETR1-6
maps out the existing analytical techniques
vis-a-vis their utilizations whereas TABLE TR1-4
defines existing computational algorithms
popularly used in the medical field.

As noted previously, there are three main
types of analysis: (a) Diagnostic analytics are
used to answer what happened and why it
happened; (b) Predictive analytics cater to
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TABLE TR1-2 NoSQL Databases Comparison

Cassandra

HBase

BigTable

MongoDB

CouchDB

DynamoDB

Voldemort

Redis

OrientDB

Neo4j

Column
oriented
data stores

Document
data stores

Key-value
stores

Graph
oriented
data stores

Recovery Time
Read Performance

Availability
Read Performance
Robustness

Availability
Read Performance

Availability
Scalability
Write-Performance
Stabilization Time

Consistency
Write-Performance
Scalability

Unable to do complex
queries
Latency in read/write

Consistency

Availability

Requires more schema
design up front

Write-Performance

Multi data center replication
High scalability

Supports rich data structure and
Powerful query language (CQL).
Availability

Consistency

Consistency
Partition tolerance
Scalability

Consistency
Partition tolerance

Support complex data types
Consistency

Partition tolerance

Powerful query language
High-speed access
Reliability

Flexible
Availability
Partition tolerance (AP)

High expandability and smaller
query response time
Consistency

Automatic data replication

Availability
Partition tolerance
Write-Performance

Consistency
Partition tolerance

Useful in dealing with data where
relationships play an important role
Easy to query
Robust

Data from Lourengo, J. R., Cabral, B., Carreiro, P, Vieira, M., & Bernardino, J. (2015). Choosing the right NoSQL database for the job: a quality attribute
evaluation. Journal of Big Data, 2(1), 18.2
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TABLE TR1-3 Big Data Processing Tools

Batch
processing

Batch
processing

Stream
processing

Hadoop
MapReduce

Oozie

Mahout

Hive

Pig

Spark

Storm

Flink

The MapReduce is a parallel programming model that enables
many of the most common calculations on large scale data to be
performed on computing clusters containing a large number of
computing nodes efficiently using two functions: Map and Reduce
(Rahim, et al.”).

Oozie is a workflow processing method that allows users to define
a series of jobs written in different languages (e.g., Pig, Hive, and
MapReduce) and then logically links them with each another
(Raghupathi & Raghupathi”).

Mahout is another Apache project; it enables the generation of free
applications of distributed and scalable machine learning algorithms
that support big data analytics on the Hadoop platform (Landset,
etal®).

Hive is a runtime Hadoop support architecture that supports
Structure Query Language (SQL) with the Hadoop platform. It
permits SQL programmers to develop Hive Query Language (HQL)
statements similar to SQL statements (Raghupathi & Raghupathi”).

Apache Pigis a high-level platform for creating programs that run on
Apache Hadoop. The language for this platform is called Pig Latin.
Pig programming language is configured to assimilate all types of
data (structured/unstructured, etc.) (Singh & Reddy®).

Apache Spark is a next generation batch processing framework with
stream processing capabilities. On the speed side, Spark extends
the popular MapReduce model to efficiently support more types of
computations, including interactive queries and stream processing
(Singh & Reddy®).

Apache Storm is an open-source Apache tool; its scalable and fast
distributed framework has a special focus on stream processing.
Storm provides a topology to control data transfers, which is a
critical part of routing data where it needs to go for analytics and
other operations (Fang, et al.’®).

Apache Flink is a tool for supporting Hadoop project structures and
processing real-time data. Its stream processing framework can also
handle batch tasks. As a type of batch processor, Flink contends with
the traditional MapReduce and new Spark options (Gurusamy, et al.*%).
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TABLE TR1-4 Analytical Techniques and Their Application in Health Care

Decision
Tree (DT)

Naive Bayes

Logistic
regression

Artificial
Neural
Network
(ANN)

Support
Vector
Machines
(SVM)

DT is a most popular and
powerful classification technique.
It classifies instances by sorting
them in a tree, where each
internal node denotes a test

on an attribute, each branch
represents an outcome of

the test, and each leaf node
holds a class label. (Sivakami &
Saraswathi®3).

Oncology

Naive Bayes are probabilistic
classifiers based on applying
Bayes theorem with strong
independence hypothesis
between the features (Prerana,
etal”).

Cardiology

Logistic regression is a statistic
model where the log-odds of the
probability of an event are a linear
combination of independent or
predictor variables (Alickovic &
Subasi?®).

Oncology

ANNSs are a family of
computational models based on
biological neural networks, which
are used to estimate complex
relationships between inputs and
outputs (Wu, et al.*).

Cardiology

SVM is an example of supervised Diabetes
learning. Known labels help

indicate whether the system

is performing the right way or

not. This information points to a

desired response, either validating

the accuracy of the system, or

to help the system learn to act

correctly (Sivakami & Saraswathi®3).

This publication presents

a decision tree based data
mining technique for early
detection of breast cancer.
This is helpful because early
detection of breast cancer
makes it far easier to cure
(Sumbaly, et al.®).

This paper proposes a mining
model using a naive Bayes
classifier that could detect
cardiovascular disease and
identify its risk level for adults
(Miranda, et al.).

This work aims to predict
grad 2 acute radiation-
induced dermatitis after
hybrid intensity modulation
radiotherapy for breast cancer
using a logistic regression
normal tissue complication
probability model (Sung,
etal?).

They use decision support
systems based on artificial
neural networks to predict
heart failure risks (Samuel,
etal’?).

The paper explores the hybrid
of SVM and a system of ANN as
the finest binary classification
system for calculating the
diabetic nature of people in
comparison to SYM (Aliwadi,
etal¥).



Random
forest

Hierarchical
clustering

K-means

Hidden
Markov
Model
(HMM)

Gaussian
Mixture
Model
(GMM)

Random forest is one type of Genomics
ensemble learning algorithm

that constructs multiple trees

at training time. This algorithm

overlaps the over fitting problem

of decision trees by averaging

multiple deep decision trees

(Fang, et al.™®).

In data mining and statistics, Genomics
hierarchical clustering (also

called hierarchical cluster analysis

or HCA) is a method of cluster

analysis which seeks to build a

hierarchy of clusters (Ding, et al.#).

K-means is a known partitioning
clustering algorithm. It partitions
objects into k clusters, computes
centroids (mean points) of

the clusters, and assigns every
object to the cluster that has the
nearest mean in an Expectation-
Maximization fashion (Fang,
etal.’o).

Cardiology

HMM is a statistical model
representing probability
distribution over the sequences
of observations. This model uses a
Markov chain to model signals in
order to calculate the occurrence
probability of states (Fang, et al.’®).

Oncology

GMM is a statistical model widely
used as a classifier in pattern
recognition tasks. It consists of a
number of Gaussian distributions
in the linear way (Fang, et al.’®).

Oncology
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|dentify variables correlated
with a diagnosis of diabetic
peripheral neuropathy (DPN)
using random forest modeling
applied to EHR (DuBrava,

et al.?).

This work aims, to find
differentially expressed genes
rather than directly de-noise
the single cell data. They
present a method to remove
technical noise. These cells
use these genes to cluster by
hierarchical clustering (Ding,
et al.®).

In this work they use medical
terms, such as age, weight,
gender, blood pressure, and
cholesterol rate, for prediction.
To perform grouping of
various attributes, it uses a
k-means algorithm and for
predicting it uses the Back
propagation technique in
neural networks (Malav,

et al%).

They use a Bayesian HMM
with Gaussian Mixture (GM)
clustering approach to model
the DNA copy number change
across the genome for cancer
diagnosis (Manogaran, et al.%).

This paper proposes a
framewaork using voice
pathology assessment as a case
study. The machine learning
algorithms in the form of a
support vector machine, an
extreme learning machine, and
a GMM are used as the classifier
(Hossain & Muhammad®).

(continues)
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TABLE TR1-4 Analytical Techniques and Their Application in Health Care

(continued)

Deep
learning

The success of deep learning
for big data is the use of a large
number of hidden neurons and
parameters such as deep neural
networks, deep convolution
neural network, and deep belief
networks (Remadna, et al.5).

knowing what will happen; and (c) Prescrip-
tive analytics are used to find the best course
of actions by providing decision support for
specific scenarios or situations. TABLES TR1-5A
and 5B classify papers in the extant literature
according to the type of analysis and summa-
rize which machine learning techniques have
been used.

By combining big data and machine learn-
ing, the knowledge and information hidden
in Big Data can be uncovered to improve the
quality of healthcare delivery. As shown in
FIGURE TR1-7, key benefits are allowing diseases
to be detected at earlier stages; making the right
treatment decisions at the right time; identi-
fying new diseases, new therapies, and new
approaches for health care; and reducing costs.

Figure TR1-7 concludes by showing the
high complexity of the big health data pro-
cessing steps, which transforms the raw big
health data into valuable insights. This is due
to the difficulty faced in each step, with the
large variety of data types and a range of com-
peting choices in selecting the best tools and
techniques to store and analyze these datasets.
TABLE TR1-6 shows the distribution of identi-
fied papers in this review (76 articles) accord-
ing to the application domains.

Big Data Challenges

Despite the large potential benefits of explor-
ing big data uses in health care, challenges and
problems remain to be resolved if outcomes
are to be improved. Hemingway, et al.** high-
lighted several formidable challenges: data

Oncology This paper presents results of
(Breast the use of the deep learning
cancer) approach and Convolutional

Neural Networks (CNN) for
the problem of breast cancer
diagnosis (Kovalev, et al.>?).

quality; knowing what data exist; the legal-
ethical dimension for their use; data sharing;
building and maintaining public trust; devel-
oping standards for defining disease; develop-
ing tools for scalable, replicable science; and
equipping the clinical and scientific work force
with new interdisciplinary skills. Other chal-
lenges identified by Mathew & Pillai*? include
the lack of standards for representing and
sharing of healthcare data, the complication
in integrating heterogeneous data sources, the
need for skilled resources, attention to privacy,
security and infrastructure issues, the need for
quality control of the acquired and input data,
the demand on real-time processing, and the
interpretation of the analytical results.

More challenges are identified by Cyganek,
et al.® These include the understanding of
doctors’ notes (unstructured text analysis); the
handling of huge volumes of medical images
that are part of the EHR, which increase stor-
age requirements; and the need to backtrack
the effect of medical decisions. In pharmacy,
Ma, et al.** noted several challenges for big
data: (a) a storage challenge on the size scale
of petabytes, for secure data transmission and
continued development of tools to analyze the
data; (b) a variety challenge and the issue of
data integrity and validity; (c) a patient confi-
dentiality challenge where Big data also raises
issues regarding how to keep the information
safe; and (d) a physician prescribing patterns
challenge; here, the issue at hand is whether
detailed information about prescriptions writ-
ten by doctors (with the doctor identified) can
be bought and sold.
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FIGURE TR1-7 Big Health Data Process.

TABLE TR1-6 Distribution of Selected Papers by Application Domains

Big Health Data
Application Areas

Reviewed Papers

Ophthalmology
Alzheimer

Oncology

Pharmacy

Diabetes

Cardiology

Personalized medicine

Clark, et al#
Geerts, et al.*; Varatharajan, et al.®%; Aramendi, et al*

Turgut, et al®; Xiao, et al.%%; Forsyth, et al.>% Albargouni, et al.*’; Asri,

et al*'; Margolies, et al.®%; Shah, et al.’%; Kurc, et al.®; Nawaz, et al.%; Brims,
et al.#; Thiebaut, et al.%; Su, et al.®; Hinkson, et al.?; lvanova®®; Alickovic &
Subasi*®; Maia, et al.?% Kovalev, et al*%; Taglang & Jackson®; Wang, et al%
Silva, et al®"; Volynskaya, et al.?

Hernandez & Zhang**; Ma, et al.”*; Geerts, et al.*% Taglang & Jackson®

Prasad, et al.’% Kalyankar, et al.”’; Bellazzi, et al.%; Zheng & Zhang®’; Chen,
et al®; Miranda, et al %, Eljilet al.“%; Saravana, et al.’; Aliwadi, et al*°

Miranda, et al.®; Hemingway, et al.%; Choi, et al.%; Priyanga & Naveen’

Daniel, et al.*>; Viceconti, et al.”!
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Finally, Mehta & Pandit* argued that
major challenges include patient privacy and
confidentiality; missing data and the risk of
false-positive associations; security issues,
such as Big Data breaches; the limitations of
observational data, including data inconsis-
tency and inaccuracy; the lack of knowledge
about which data to use and for what purpose;
the lack of appropriate IT infrastructure; the
transition from use of paper-based records to
use of distributed data processing; the lack of
knowledge about the best algorithm and tool
for analysis; the unavailability of trained clini-
cal scientists and Big Data managers for inter-
pretation of Big Data outcomes; and the need
for a simple, convenient, and transparent Big
Data analytics system which can be applied for
real-time cases.

» Discussion

This review highlights the role of Big Data in
enhancing care quality. Specifically, it identi-
fied the latest findings on Big Data in health
research between 2015 and 2018. Evidently,

Personalized medicine

4%

Diabetes
13%

Gynecology ——
4%

Pharmacy

1%

there is a variety of Big Data definitions largely
focusing on Big Data’s characterization as large
volume, high velocity, huge variety, value,
and veracity. In medicine, Big Data have been
applied across various key domains includ-
ing cardiology, diabetes, oncology, pharmacy,
and more. FIGURE TR1-8, which displays the
percentage of Big Data articles applied in spe-
cific healthcare domains, shows that oncology
has the largest interest in most of the latest
research work on Big Data (53%).

The oncology Big Data research includes
all types of cancer, especially breast and lung
cancer. Diabetes comes next (13%), with phar-
macy (11%) and cardiology (9%) following.
The other domains comprise only between 2%
and 5% of Big Data in health applications. It
may be concluded that the absence of effective
cancer treatments has led Big Data researchers
to focus on the oncology domain and how Big
Data analytics can be used to understand these
very complex diseases.

The medical field is considered among
the most important sources of Big Data. In
gathering Big Data in health care (see Figure
TR1-3), we notice varied sources such as:

Ophthalmology

0,
Alzheimer
4%

Oncology
53%

FIGURE TR1-8 Percentage of medical domains applied in big data research papers.



healthcare providers, laboratories, diagnostic
companies, insurance companies, pharma-
ceutical firms, fitness devices and wearable
sensors, government, and Web-health portals.
These diverse sources generate data in vari-
ous types and formats: structured, unstruc-
tured, and semi-structured data in the form
of text, image, video, audio, ASCII characters,
and so on. FIGURE TR1-9 shows the results of
Table TR1-1 that presents data type used in
the papers we reviewed. Here, four main types
were identified: genomic, behavior, imaging,
and pharmaceutical data. The other EHR data
involve clinical notes, International Classifica-
tion of Disease or International Classification
of Disease (ICD) codes, blood tests, and more.
As shown in the histogram, it is clear that the
majority of papers use imaging data (16 arti-
cles), including Whole Slide Imaging (WSI),
Computed Tomography (CT), Positron Emis-
sion Tomography (PET), Magnetic Resonance
Imaging (MRI), X-ray, infrared thermographs,
and more. As expected, genomic data repre-
sent the second most dominant type.
Altogether, the Big Data heterogeneity led
to the issue of data integrity and validity. Ven-
dors offer a variety of extract transform load
(ETL) and data integration tools designed to
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make the process easier, but many researchers
believe that they have yet to solve the data inte-
gration problem. The collected data from care
monitoring devices vary with respect to noise,
redundancy, consistency, and more. The chal-
lenge here is to improve the data quality so as
to get accurate analytics (FIGURE TR1-10).

In the storage and processing of big health
data, the extant literature on Big Data tools
and techniques is broad and largely varied (see
Table TR1-2). But we still have the problem
of infrastructure, cost, security, corruption,
scalability, user interface (UI), and accessi-
bility. The latest research has identified that
the Hadoop ecosystem is the most common
adopted family of software tools used for stor-
age and processing big health data, but since
they are batch-processing tools, developers
have created new tools for streaming and real-
time data; for example, Spark, Storm, and Gra-
phLab. Cloud computing has also increased
our attention on accessing and storing Big
Data. In health care, to share and store data
over the cloud plays a key role in offering
flexible, reliable, and cost-effective solution
to users. Despite many advantages of a cloud-
based healthcare system, security and privacy
of data remain a major cause for concerns,

18
16 -
14 -
12 -
10
Ba
6a
4
2 |
o I I

FIGURE TR1-9 Data Type used in the Extant Literature.
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which have restricted the acceptance of the
cloud-based model.

Various analytical techniques have been
applied in health care. Currently, the most

Prescriptive analysis
8%

Diagnostic analytics
46%

FIGURETR1-10 Percentage of papers utilized each
type of analysis.

popular one is machine learning, such as
NNs and SVM, decision tree, deep learning,
k-means, random forest, rotation forest, con-
ventional NN, and more. FIGURE TR1-11 pres-
ents the machine-learning techniques most
cited in the literature according to analysis
type (diagnosis, predictive, prescriptive).
Overall, we notice that SVM is the most
used technique in diagnosis analytics. How-
ever, in predictive analysis, decision tree
dominates. All in all, SVM appears to be the
most accurate compared to other techniques.
Despite this large advanced analytics, we still
have some critical questions in this phase; for
example: Does all data need to be analyzed?
How does one go about finding out which
data points are really important? How can the
data be used to the best advantage? Which
technique is more accurate? As the accuracy
of medical analysis is critical, any mistake
in diagnosis or prediction puts the patient’s
life at risk. So, the huge volume of data poses
technological challenges not only for storage
on the size scale of petabytes but for contin-
ued development of tools to analyze the data

2erspective analysis -{SJ- 1}

20 25 30 35

0 5 10 15
[ SVM @ NB
Il CNN [ Rotation forest
2 ANN DL
DT

k-means
= Logistic regression

1 Random forest

FIGURE TR1-11 Use of Machine Learning Technique vis-a-vis Major Type of Analysis.



properly, for knowing what has happened, why
it happened (diagnostic), what will happen
(predictive) and how we can make it happen
(prescriptive). The target here is to find how to
choose the right technique with the right data,
to make the right decision at the right time, at
the lowest cost.

Data analysis is the final and the most
important phase in the processing of Big Data
in health care. It has three main types:

m  Diagnosis analytics is usually used to
answer the question what happened and
why it happened? It uses the past and
current healthcare data to make quality
healthcare decisions.

m  Predictive analytics can be used to
forecast what might happen in the
future. It uses statistical approaches to
search through large patient datasets and
analyzes those data to predict individual
patient outcomes.

B Prescriptive analytics is a type of ana-
lytics used to prescribe actions for the
decision makers to act upon. In health
care, prescriptive analytics is used in
evidence-based medicine to improve
patient care and to prescribe better busi-
ness practices.

The graph in Figure TR1-10 shows results
adapted from Table TR1-5, which illustrates
the distributed percentages of papers that deal
with diagnosis, prognosis, and perspective
analyses. From the pie chart, it is clear that the
majority of papers focus on diagnosis and pre-
diction using big data in health care with equal

Notes

1. Mehta, N., & Pandit, A. (2018). Concurrence of big
data analytics and healthcare: A systematic review.
International Journal of Medical Informatics, 114, 57-65.

2. Wang, D., Khosla, A., Gargeya, R., Irshad, H., & Beck,
A. H. (2016). Deep learning for identifying metastatic
breast cancer. arXiv preprint arXiv:1606.05718.

3. Alonso, S. G., de la Torre Diez, L., Rodrigues, J. J. P.
C., Hamrioui, S., & Loépez-Coronado, M. (2017).
systematic review of techniques and sources of big
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percentage (46%); only a small minority falls
in the domain of prescriptive analysis.

» Conclusion

This work overviews Big Data analysis to
improve health sector performance. It has
focused on the newer scientific research pub-
lished between 2015 and 2018 to identify the
latest trends and direction of researchers in
this field. The review affords a comprehensive
picture of how Big Data analysis can impact
medicine. Yet challenges abound, the most
prominent of which is the nature and integ-
rity of the Big Datasets serving as input to the
analysis. On account of the strong relationship
between quality of data and accuracy of analysis
results that led to the decision taken, in addition
to the sensibility of working on human lives,
researchers should concentrate on this problem,
as any mistake can have critical consequences.

The future of Big Data health analytics
sees rapid advances in more empowering tools
and technologies, incorporating greater intelli-
gence, more user-friendliness, and other opti-
mization features so as to ease users in making
the appropriate choice when choosing among
the various techniques applicable to particular
dataset(s). With Big Data analytics exhibit-
ing greater success in improving care quality,
effectiveness and cost, a deeper understanding
of patients, a more personalized treatment, as
well as a great help for doctors to make the
right decisions, there is hope for greater lon-
gevity among humankind.
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