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ABSTRACT

Clinicians, healthcare suppliers, policymakers, and patients are now faced with exciting new opportunities
as a result of the analysis of large data sets, a skill that has only recently been available. We have carried
out a structured assessment of healthcare big data analytics due to the quick rise of publications in the
healthcare sector. With reference to the resource-based view theory, we concentrate on how big data
resources are used to develop organizational values and capabilities. Using content analysis of the chosen
publications, we talk about how big data types related to healthcare are categorized, associated analysis
methods, the value created for stakeholders, platforms and tools for handling big health data, and potential
future developments.We give some real-world instances to illustrate how the developments in healthcare
were made feasible. The review's conclusions, in our opinion, are encouraging and offer practitioners,
decision-makers, and academics useful data as well as suggest specific directions for further investigation.
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l. INTRODUCTION

The healthcare industry is data intensive
and could use interactivedynamic big data
platforms with innovative technologies and tools
toadvance patient care and services (Ali, Shrestha,
Soar, &Wamba, 2018;Carvalho, Rocha,
Vasconcelos, & Abreu, 2019). The healthcare
industrymanages a wide amount of data every day
from clinical and operationalinformation systems,
such as Electronic Health Records (EHR)
(Brooks,El-
Gayar,&Sarnikar,2015)andLaboratorylnformationL
ibrarySys-
tems(LIMS)(Groves,Kayyali,Knott,&VanKuiken,2
013).Practi-
tionersaredevelopingnewapplicationsinordertoassist
healthcarestakeholders to increase opportunities for
a greater value (Groves et al.,2013).
Business Analytics include the techniques,
technologies, systems,practices, methodologies,
and applications for the analysis of the
vastamount of data and help organizations better
understand its business,market, and make timely
decisions (Chen, Chiang, &Storey, 2012;
DeCamargo Fiorini, Seles, Jabbour, Mariano, &
de Sousa Jabbour, 2018;Srinivasan&Swink,
2018; Wamba et al, 2017). Big Data
Analytics(BDA)inhealthcareinvolvethemethodso
fanalysingthewideamountof  electronic  data
related to patient healthcare and well-being.
Thisdataissodiverseanddifficulttomeasurebytradit
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ionalsoftwareor

hardware. There are various forms of health data
such as, clinical andlab data, medical notes,
machine generated data from medical equip-
ment or from at home monitoring sensors, health
services financialdata, hospital bills, literature
data from medical journals, social mediaposts
blogs in health subjects, etc. These data may be
available in-ternally in health services (e.g.EHR,
LIMS) or come from externalsources(e.g.
insurancecompanies, pharmacies,
government)andcouldbe in a structured format
(e.g. tables with laboratory results) or un-
structured(e.g.textofmedicalnotesinEHR)(Raghu
pathi&Raghupathi,2013).

To illustrate data volume magnitude, the health
data explosion from500 petabytes in 2012
(Feldman, Martin, &Skotnes, 2016) will

reach163zetabytesin20251.Bigdataarerecognised
byfourcharacteristics,the so called 4Vs: volume -
due to the incredible size of data, velocity -due to
the rapid and real-time accumulation, variety -
due to the dif-ferentiated formats (structured,
unstructured and semi-structured) andveracity,
which refers to reliable data (Gandomi&Haider,
2015). Themethods of BDA refer to techniques
such as forecasting, optimization,simulation, and
others which assist decision-making and provide
in-sights to managers and policy-makers
(Doumpos&Zopounidis,
2016;Duan,Edwards,&Dwivedi,2019).
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Computerpractitionersconstantlydevelopnewapplic
ationstohelp

healthcarestakeholdersincreaseopportunitiesforgrea
tervalue.Organizations also develop infrastructure
with big data capabilities tohelp improve manager
decision-making (Groves et al., 2013). It is saidthat
80% of the growth of information and
communication technologywill be about cloud
services, big data analytics, mobile technology
andsocialmediatechnologies(Andreu-
Perez,Poon,Merrifield,Wong,&Yang,2015).
Severalstudieshavecontributedindifferentwaystothe
under-
standingofBDAinhealthcare.Baro,Degoul,Beuscart,
andChazard(2015)and Wamba, Akter, Edwards,
Chopin, and Gnanzou (2015)
areliteraturereviewsthatdiscussthemeaningofbigdata
inhealthcare. ThestudiesofRaghupathiandRaghupath
i(2013)andWard,Marsolo,and ~ Froehle  (2014)
provide a general overview through the analysis
ofexamplesinthehealthanalyticsarea,concentratingin
certainaspectsof the field. The study of Zhang and
Li (2017) reviewed literature for
aspecializedhealthcaredomain,inHIVself-
management.Wang,Kung,Wang, and Cegielski
(2018) identified the relationships among big
dataanalytics capabilities, IT-enabled
transformation practices and benefits,using the
healthcare sector as their case study. Jacofsky
(2017), in hisoverview, raised concerns to
physicians about the pitfalls of
analyticsreportsfromlargemetadatasetsinhealthcare.
Inthisarticle,we
conductasystematicliteraturereviewstudy to
mapthescientificfield.Ourtheoreticalframeworkdra
wsupontheresource-based theory and aims to
identify the created organisationalvaluesalongwith
aspecial interestin the useddata, the appliedana-
lysistechniquesandtheinformationtechnologyinnova
tions.Webe-lieve that there is a need for a deeper
analysis of the “state of the
artstatusinthesubjectfield”’inordertoconnectthetechn
ologicalac-complishments ofBDA inhealthcare
with theachieved valuesand thecall for future work.
We believe that this paper contributes to the
globalliteraturebecauseitattemptstoclassifybasicanal
ytictermsfollowedbyrepresentativeresultsandexamp
les.Asaresultofanincreasinginterestinhealthanalytics
,thesynthesisofthecurrentliterature,throughatheoreti
calframeworkandthepresentationofitsoutcomes,ishe
neficialtoresearchersandtheindustryitself.

Il. RESEARCH FRAMEWORK
“Resources”, such as data and IT infrastructure
solutions and “ac-tivities”,such as Dbigdata
analysis,are  describedas the essential me-
chanismsthatcontributetothevaluecreationoforganiz
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ations(Lim

et al, 2018). It is important though for an
organization to recognize andunderstand the factors
of data-based value creation to gain
competitiveadvantageandtoprovidebetterservices. T
heresource-
basedviewstatesthatafirm,byacquiringvaluableresou
rcesandsynthesizingthem appropriately, can create
unique  values/capabilities that providetheir
competitive advantage (Barney, 1991). This is the
most
commonlyusedorganizationaltheorytobigdataresear
ch(see,DeCamargoFiorinietal.,2018;Gunasekaranet
al.,2017).ThedatagatheredfromIT infrastructure is
reported as an important organizational resource
forgainingcompetitiveadvantage(Jakli¢,Grubljesic,
&Popovi¢,2018;Mamonov&Triantoro, 2018).
Success in business analytics depends onthe firm’s
ability to simultaneously utilize multiple resources
(includingdata) and capabilities within a business
context, and make decisions
todeliveravaluedoutput(Dubey,Gunasekaran,Childe
,Roubaudetal.,

2019; Dubey, Gunasekaran, Childe,
FossoWambaet al., 2019;
Srinivasan&Swink,2018;Vidgen,Shaw,&Grant,2
017).
Thelastdecades,medicalscientistsrelymoreandmore
onauto-mation and cooperate with IT specialists for
the creation of new soft-ware solutions to manage
the wvast amount of patient and other
relateddata. Therefore,thehealthcaresectorisanappro
priateapplicationofthe resource-based view theory
for examining the value chain
createdfromtheanalysisofthevastamountofdata.Inthe
caseofthehealthcareindustry,datacomesfromclinical
andoperationalin-formation systems. Scientists use
this data to address healthcare pro-blems (reduced
budgets, demandfor faster turnaround times,etc.)
andto gain value from better decision making. Data
resources in healthcare(Tablel), suchas clinical,
patient, pharmaceutical data, etc., must
beappropriatelyprocessedandanalyzedinordertocrea
tecapabilitiestranslated into business values, which
are going to be thoroughly dis-
cussedinSection4.3(andTable3). Theiranalysisisbase
donOR
techniques,suchasmodeling,simulation,machinel
earning,visuali-
zation,dataminingandothers(Chen&Zhang,2014;Ya
goobetal.,2016)(Table2). Thesetechniquesdevelopm
odelswhicharefedwithraw big data and to cope with
their volume and their processing
timeutilizecomputingapplications,suchasApacheHa
doop.Theseappli-cations allow the distributed
processing of large data sets across clustersusing
simple programming models. The effective use of
data
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analyticstoolsormodelscanreachorganizations’“agili 1,2017). Thesemodelsareusefulforinterestedpar-
ty”onlywhenthereiscontinuouscooperationofvarious tiestooffersolutionsforobservedproblemsbasedonqu
bundledresources(Ghasemaghaei,Hassanein,&Ture antifiable
I BDA Resources | — Data Types Analytical Techniques
Clinical data, patient and sentiment Modeling, simulation, machine learning,
data, administration and cost activity + V‘s'ia"z'a‘.w"' dat_a mining, statistics,
l data, pharmaceutical, R&D data [ D, NG, Opt on, text mining,
forecasting, social network analysis
N
BDA Capabilities/Values . .
Better Diagnosis for Personalized healthcare G B 4 Data Ana Iyt' cs
Automated decision algorithms

New business models, services
Enhanced experimentation
Sharing of information

Data transparency

Identification of at-risk populations
Segmentation for customized interventions -
Reducing costs
Protecting privacy

Future Research

Hardware and software development

Compile error-free datasets

Standardized mechanisms to retrieve sensitive data
Training and educating clinicians and the public
Create mechanisms to identify “patients like me”
Integrate environmental factors in modeling

Cost effective analysis of new tools

Increase IT investment

Increase counties health monitoring

Create partnerships among stakeholders to share BDA value
Improve research/samples, apply it in other fields/countries

Fig.1.SchematicResearchFramework.

measures and propose alternatives which can
lead to improved per-formance (Katsaliaki,
Mustafee, & Kumar, 2014). This study aims
toidentifytheuseofthebigdataresourcesandtheiran
alysistechniquesandexaminethecapabilitiesandva
luesthatarecreatedforthehealthcareindustry

(Wamba, Anand, &Carter, 2013). These values
leadto the need of further developments and
therefore future research isessential in terms of

technological and organizational
improvementsthat big data analytics will bring in
healthcare. According to the

abovedescription,wesummarizetheresearchframe
workofBDAinhealthinFig.1.

1. METHODOLOGY
Fortheliteraturereviewprocess,amethodologycompri
sedoftwostepshavebeenappliedfollowingthesystema
ticprocesses
ofDubey,Gunasekaran,andPapadopoulos(2017)and
Tranfield,Denyer,andSmart(2003).Fig.2presentsade
scriptiveschemeoftheresearchsteps. Thefirststeprefer
stothecollectionofrelevantarticles. Toidentifythem,w
eransearchesintwowell-

knownelectronicdatabases,WebofScience®andSco
pus,fortheyears2000-
2016inclusive,basedonspecificterms. Assearchkeyw
ords,weusedthecombinationofthetermsa) ‘businessi
ntelligence”b)“analytics”andc)“bigdata”,whichhave
beenusedtodescribetheBDA
fieldinotherstudiestoo(Chenetal.,2012;Duan&Xion
0,2015)andappearintheliteratureinthelate1990sbegi
nningof2000s.Giventhatourgoalwastoexpandthere-
searchinthehealthcareindustry,wealsousedadditiona
llythekey-
words:“health*”anditsderivatives(healthcare,healthi
ndustry,healthrecords,healthdatasets,etc.), “medical
”(medicalrecords,medical
data,etc.)and““clinical”(Liberatore&Nydick,2008)

Thearticleswereselectedbasedonthefollowinginclusi
on-exclu-
sioncriteriaagreedbyallauthors. Thedatasetiscompris

edonlyof:
€Y} “articles”and“reviews”
) StudieswrittenintheEnglishlanguage
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STEP 1

pool

Identification of article

A

Electronic Searches in
Web of Science® and

Scopus = 6817 articles

L 2

After exclusion of

duplicates = 3241
articles

A 4

exclusion criteria: After

title and/or abstract =
1877 articles

Application of inclusion-

first screening, based on

4

exclusion criteria. After

articles

Application of inclusion-

full-text screening = 804

STEP 2
Content analysis &
categorization

Definition of the
categories and the sub-
categories of the
classification

¥

Categorization of
documents to extract
relevant knowledge using
NVivo

\ 4

Extraction of results by
subcategory

¥

Identification of
indicative examples and
table construction

Fig.2.Schemeofreviewmethodology.

(3) studiesrelevanttothehealthsector

4) studiesrelevanttobigdataanalytics

The search results numbered 6817 articles and after
excluding du-plicates, were reduced to 3241
papers. We conducted a first screening,basedon
thetitle and/or abstract and we excluded 1364
papers. Fromthefull-
textscreeningofthel877papersweexcluded
another1073papers,astheywerefoundtobeirrelevantt
othehealthindustryandthe bigdata analyticsfield.
Weended with  afinal  datasetof  804arti-
cles.Allauthorsassessedallabstractsandfull-
textscreeningin-
dependentlydiscussingcasesofdisagreementuponthe
inclusionorexclusioncriteria.

The second step of the methodology refers to
defining the
categoriesandsubcategoriesfortheclassification,cont
entanalysisandcategor-ization of documents to the
specific subcategories. Some of the
selectedcategories and subcategories were based on
the existing literature
andwereenhancedwithadditionalgroupsfrom
theknowledgegeneratedby reading the articles in
our dataset. We must acknowledge here
thatmanyofthe804studies,duringtheallocationproces
s,werecategor-ized in more than one subcategory.
The second step also refers to theoutputs of the
classification process. We present tables with the
clas-
sifications,articles’frequencyperdimensionandindic
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ativeresearchexamples.Allauthorswereinvolvedinth
eidentificationofthecate-gories and the construction
of tables and one author was responsible
forclassifyingthearticlesunderthesubcategorieswitht
heuseoftheNvivosoftwareandwithadvicefromtheoth
erauthorswhenneeded.
Westronglybelievethat
researchis

large enough to be considered as representative of
the health analyticsfield and therefore the presented
results can enhance researchers’
andpractitioners’knowledge.

theparticularsampleofthis

V. RESEARCH CONTEXT
Datatypes
The healthcare data resources which are used in
the collection ofour papers are categorized under
five groups as follows: 1. Clinical,
2.PatientandSentiment3. AdministrationandCost
Activity,4.PharmaceuticalandR&Dand5. Dataderi
vedfromDatabases. Thefirst4  categories  are
adopted from the literature (Gaitanou,
Garoufallou, &Balatsoukas, 2014; Groves et al.,
2013) and the last (Databases) was ourown
addition which refers to data retrieved from
bibliographic data-bases,
suchasMedline,PubMedanddatabasesfrom
publichealthsystemssuchaswHO,OECDandFDA

;I'ablelpresentsadefinitionofthesetypesofdataandthe
alloca-tionof the804 papersbased on the datatype
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which  was analyzed ineach study. Of
course,thereare  papers that have analyzed
morethanonedatatype. Thefrequenciesarefollowedb
yashortdescriptionofone or two studies which are
indicative of each data category and/orhighlycited.
With these provisions(description andexample),
wehopeto improve the comprehension of the
different data types and how theseare used in BDA

studies in the healthcare sector. It is not surprising
thatthemajorityofstudiesmanipulateclinicaldatawith

almost70%re-

presentationinourdataset(562papersoutof804). Inpar
ticular,electronic health records (EHRs) seem to be
input

the most common
inmodelsofBDA(Gaitanouetal.,2014).

Tablel

Tablel
DataTypesrelatedtchealth.

DataTypeDefiniton WN [ndicativeResearchExample

Climicaldata:FatientdatasuchasEHR&medicalimages 69.9% Presentedavisualanalytictocltha mzed dinicaldatafromS 784 pediatricasthmaeme rgen ordep

[(562) artmentpatientzandreportedthata sth mais the mostcomm onpediatricchronicdizeaseandisth
ethirdleadingranzecfhospitalizadonamon gehildrenundertheage ofiSyearsaffecting
raxementafl p[Basoleetal 2015)

Patient behavior and sentiment data: Dats collected from 16.5% Describedtheanal foredicivernolsth ih tmand iesframSedal Weh("Web2.0

wearablesensorsandsodalzites [133]) “Jtoclzmuchashlogs, micro-bloggingand sodalnetworldngsitestof or mooherent
representations of real-tme health events like flu out-breaks [Boulss,
Sanfilippo.Corley.&Wheeler.2010]
Desoibedawearable-te chnol ogy falled "fimessMOOC thattra chsphy sicala off vityofhu mans
in orderto gatherlmowledgeand promote healthy ageingAs part gfap, RE&D-
interactionofseniorswithwearablefimesstrackers[Bu chem Merceron Freutel Hacmner &5t
inert2014)

Administrativeandcostdata: 35059 Used avasmumber of individuals'administrative anddinical data toreate a
Datathatdescribecosts bill 5 rei mbursemen teate goriesand otherpat doudbasedsolution[Softurare aza Service] thatprovide sper sonalizedre commendation zabou
ientcharacteristics tthehealthinsuranceplansaccordingtothenserspedfied aiteria Abbas Bilal Thang &Fhan 2

015)

PharmaceuticalR&Ddata:Drugtherapeutianechanisms R&Ddatafro 4.7%[38]

mtargethehaviorinthe bodysu chaze ffe ctsoftocid oyt

Described "Pharmachosy chr ony™a zanew con ceptofanal yi calpharmacysolut onstoim
provecarecoordinati on Pharmagpda tasreela bora tedfor theeffe o veandza feuse of medicati o
n(Calabrese Minkoff. &Rawlings.2014)

Bigdatatechniques

In this section, we present the OR techniques which
were used in thestudies for the analysis of the data
types to assist decision-making.
Thecreatedcategoriesareadoptedfromtheliterature(C
hen&Zhang,2014; Waller & Fawcett, 2013). The
groups are not mutually
exclusive,andoverlapsareapparent.Forexample,text-
miningandweb-miningcan

be considered as special cases of data-mining,

however we refer

themseparatelyastheyindicateahypeandpresentamor
eanalyticviewoftheminingtechniques.Ontheothersid
eisthemodelingtechniquewhich is a generic term

and can incorporate many of the other
methods.Articles were distributed to the modeling
category if mathematical for-

mulationsofvariablerelationshipsweredescribedinas
taticform,whereasthesimulationcategoryincorporate

ddatavariabilitywhen

Table2
BigDaraT
Techniques WN IndicativeResearchExample
Modeling:Methodsoffastandcost- 42.8% Dew Ly medicalh om
fFecti ti i thappresma terelati onshipsbet [(344) esindicatingthatriskadjustmentforpatienthe althconditi ons cani mprovethep redictio
riables(Waller&Fawcett,2013) npower.D. VeteranHealth Admini strati on (4] orl
ouShams &¥ang 2015)
40.7% 2 software DEETCAn inputthe
Artificiali ith methatall (227 ppropriateinformat hasth dgetthedi isofthedi dthe
‘behavi iricaldata (Chen&Zhang2014) drugrelatedtothattreatmen tThi licati on colle: mo
untsofindicativedat d. idesk i tHe cost{h ohan Vigne shwraran Vine
ethBaj &HarlinfesuvaPrince, 2016)
Datamining:Asetoftechniquestoestractinformationfromdata[CheniThang 2 24.9% Tedth 1 iningtechniques[ded sion tree sartifi dalneuralnetworksand
014) [200) D hines) tod ppredict on model s ancer
survivability. The researchers obtained around 120,000 records and
formed iahl isticalanalyrsisTheycondndadsth iningmethadsan
hlenfs i hi rth At £
sedback{Delen,2009)
Vi P “Thetec i diagra 199(153] topl witheshertdats
h isplay (Chen&Zhang2014) isof2 00+ particdpants Thetool which d by psy chologicaltest
ng. magnetic-
rescmance(MR)imaging enablesa firstquickanaly siscftheiden tifiedhypotheses[ 4ng
elellietal 2014)
Statistics:Thetechni ing, ingstatist 16.4% UzedStanford’sdinicalda tawar ehouse fromLudleP ackard Children’sH ospitaltoanalys
jcaltechniques [Chen&Zhang 2014] (132
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epatientcharacteristi csa ssodatedwi thh roni caveiti sinalarg ejuvenileidiopathi car thri

danewa ssodati on betweena

icarthrit

hronicuvei tisinju tien ts(Calestal 20

15)
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ing(WallerdFaw

cett,2013)

Web mining: The process of information discovery from sources acoss

theWorldWideWeh (Cocley, Mobasher & Srivastave 1997)

Optimization Methods: Methods that improve the zcouragy of
forecastingand  quantitative  problems  following  computational
strategies [Chen &Thang2014)

68%(55)

$74054)

61%4(49)

Developed  asimulaionmodel FVGWAS  for  analysisof  “whole-genome  brain
data"suggesting that their approach could be 2 valuable statistical toolbex for fast
]a.rge—sm]emugnggenenmnalysns[—h angetal 2015)

i i [m tur.k cells and suhsﬂs in hlood and ussue]
collaboration [Chen &Eotecha 2014)
Bui]imad)ine]min g‘mls usin gwetmining

th ical optl ion methods for selecing

ﬂ)echemoﬁ)mpy Tegimens o

[[dinicaltrial sof:

dpastriceancerwithth
yofregi dinphase [[[trialz comparedtomurre
nmramce.%dauhamf!lédm:ca]malsw:susedfa:ﬂnsnumose[ ertsimasetal 201

imary

Table2(continued)

TableZ(sontinued)
Techniques N IndicativeResearchExample
TextminingTehniqueshassd. on machinslearming snddarmining 5,23[427)
tofindusefulpatternsintextdata Holzinger Schan 1,5 chroetmer, Seifert&V Presentedanewscftwaretomanageand tran sformBigDatainanew comprehen
erspoor.2014] siveformathased cntextindexingsystemfor: hidmagesretrievalanddas
Forecasting:Usingpredictivetechniquesforevaluatingwha twonldhavehappen sification(Farruggia Magro, &Vitabile 2014])
edunderdifferentiroumstances(Wallerf Faw et 2013) 278021 Developedandevaluatedaweb-
bazedforecasttool thatp redicts thedailybednesdforad mission sfromthe cardia ccathet
SocialNetworkAnalysis:Atechniquethatriewsandanalyzesdatafromsodalnet erizationlaboratoryusingavailables 384 dinicalda tafromea the terizationpatients[To
works erperetal 2015)
255020) Providedabriefintroduction tocommonlyusedSodalWebtool ssuchasmashupsand

aggxegatms as a way to observe peop]es collective health statns and oreate
3 mrenfenidemislog calouthreaks( Boulose tal 2010

havingmultiplerunsofthemodel. Wehaveincludedthe
mallinanattempt to address as many approaches as
possible. Table 2 presents theallocation of the
papers to the categories which are followed by a
shortdefinitionandanindicativeresearchexample. Itis
notsurprising,therefore, that Modeling surfaces is
the most popular of the
techniques. Thefirstmostspecifictechniqueis“machin
elearning”,whichauto-mates the execution of rules

in  modeling through algorithms.  This is
anemerging technique with many successful
applications in the

healthcaresector(Chen,Hao,Hwang,Wang,&Wang,
2017;Khalafetal.,2017).Data mining
andVisualization
followwithasubstantialnumberofstu-
diesusingthespecificmethods.
Gainedvalues/capabilitiesfromtheuseofBD
Ainthehealthsector
The benefits from the analytics in healthcare have
been
summarizedintheabilitytoprovidecomparativeeffecti
venessresearchtode-
terminemoreclinicallyrelevantandcost-
effectivewaystodiagnoseandtreatpatients(V.Raghup
athi&Raghupathi,2014;W.Raghupathi&Raghupathi
,2014).Morespecifically,inordertoidentifythefullran
geoftheemergingcapabilitiesinthehealthcaresectorfr
omtheuseofbig data analytics, we identified them in
the 804 papers ofour da-taset and classified them
under 10 categories of value creation. Table
3presents these values sorted by popularity with a
short explanation andthe frequency of papers from
the dataset that refer to one or more ofthese gains
based on the research they present. The first five
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values
aresimilartothoseidentifiedinthestudyofWambaetal.
(2017).
Themostpopularvalue*“‘Betterdiagnosisforprovision
ofmore

personalized healthcare” refers to the BDA
capability to direct to bettercase diagnosis from the
collection of more data and therefore offer
moretargeted therapy or health service to the
individual. This, for example,could be the analysis
of the numerous relationships of specific
patient’sbiomarkerswhichcanleaddiseasetherapytop
recisionmedicine(Alyass, Turcotte, &Meyre, 2015),
or the investigation of patient
healthmetricsandbehaviorthroughwearablesandthel
nternetofThingsleadingtospecificinterventionsbased
onthecollecteddata(Banosetal.,2016).
Thesecondvalue“Supporting/replacingprofessionals
’decision-
makingwithautomatedalgorithms”isaboutminingkn
owledgefromlarge data sets and training algorithms
to pattern matching. This
meansbetterautomaticcategorizationofnewinformati
onenteringtheana-lysis process and improved
decision-making when it comes to
diagnosisandchoiceoftherapeuticscheme,forexampl
e.

The third value “New business models, products
and services”
referstothedevelopmentofnewbusinessmodels,prod
ucts,andservicesthroughthecapabilitiesofferedbyBD
A suchasanewvisualizationsoftware with real-time
statistical analyses of brain images for
betterpatientdiagnosis(Angulo,Schneider,Oliver,Ch
arpak,&Hernandez,2016) or a mobile application in
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which people can enter symptoms

andgetpossiblediagnosesandrecommendedmedicati
on.

The fourth value “Enabling experimentation,
expose variability
andimproveperformance”fromtheuseofBDA,isforre
Table3

searcherstoacquireadeeperunderstandingofallpossib
leinterrelationshipshetweenvariables and develop
scenarios for further experimentation with
theirmodelsandexposenewhealthinformation.

Value Types Definition

Vi Betterdiagn osisforprovisiono fmorepersonalizedhealth care[P) Ana]wcappmachesfwbetr.emauemduynos:swhich]ea.dtopm\aslmofmre 286 356

vz Supporting replacdngprofessionals'ded sion-
makingwithautomatedal gorith ms(F]
V3 Newbusinezsmodels,produ ctzandservi ces(F)

e 5 56
ﬁrﬂughadapnberu]es, ﬂgmmnﬁfmﬁstategonzm onofsymptomsfmedi calresultsandpatt 206 2546
emmatchinganalyticscanprovide recommendati onsfordiagn osizandremedy facion s

EDA enables companies to areate newproductzand services gg newscftware foranalysiz 197 245

pfdata/images, enhance existing ones, and invent entirely new business models, new
waysofreachingtopatients.
V4 Analyticsoreateconditfon sforenhan cedexperimentalapplica ionsoflargeda tasetsforte stin 144 179

Enatblingexperimentation.expose variabilityandimpr ovepe
rformance[A]
V5 Healtheareinformationsharingandcoordinat on[A)

£ what-if"scenariosandassi stingpe rformanceanddedsi on-maling

BDAcanmgamzeﬂaese]em mandshmngoﬁnfﬁr{nuumanddat.una]ysl SAMON T 122 152

Ve Creatingdatatransparency[A)

115 143

BDAcancollect/con vertdataina standardizedformatand treatdatain thesa mewayfor

redudngtime costofsearchandprocessingwhilemaintaining daritrandgquality 79 498
V7 [dentifyingpatien teare-risk{F)
h dopportunitiesofheal thriskpredict onforactingproacively 79
topatentoare-risk
V8 Offeringou stomizedaction shysegmentngp opulatons[b)

EDAﬁJrﬂughh:ghexp]mratmcncapabu]mesofbugdauandiscmerspeaﬁcsegmematlms 729
dt A matEntaor thprs

va Redudngexpenditurewhilemaintaininggquality [

EDAenab]es newcost—eﬂemwewaystmmenenem thedeterminantsof heaJﬂ'J aimingat 41 51

vio Protectingprivacy[A)

Thefifthvalue*“Healthcareinformationshari
ngandcoordination™is gained by the coordination
and sharing of health information acrosshealthcare
services or even countries to improve of health
professionals’decision-making.

The sixth value “Creating data transparency” is
about the ability ofBDA to collect big data and
format them in a standardized way. Thiscapability
reduces data identification and analysis time and
assists  theprevious value of coordinating
meaningful and comprehensive health-
relatedinformation.

The next value “Identifying patient care-risk” refers
to the capabilityof running the big data in advanced
statistical techniques, such as lo-gistic regression
models and regressions trees which can identify
sce-narios of risk patterns and send an alert for
areas of health risk pre-vention. For example,
identifying high risk populations for a
particulardiseasehelpspolicy-
makerstodecideongivingearlieraccesstoscreeningtot
hesepopulations.
Thefollowingvalue“Offeringcustomizedactionsbyse
gmentingpopulations”referstotheuseofBD Atoidenti
fynewfactors,throughclusteringandothermethods,fo
rsegmentingpopulationsdifferentlyorinmorecategori
esandoffermoretargetedhealthservicesorproducts.V
alue9,thatis“Reducingexpenditurewhilemaintaining
quality”focusesonthecapabilityofanalytics,throughp
rocessmining,visua-
lizationtechniquesandcollaborativetools,topropose
waysforredu-
cinghealthorganizations’costsfrombetterresourceuti
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EDAcamdennfywaysofsecunngpnt a{}oﬂaez] th
related datatosupporttheethicalprin dplesandpeoplerespect

lization,elim-inationofnhon-value-
addedactions,capturinghospitalunderpayments,etc.,
whilemaintainingthequalitylevel. Anexamplecouldb
etheuseofvisualizationtoolsforidentifyingnon-
value-
addedprocessesinpatientswithchronicdiseasesbytrac
kingpatientdataovertimeduringhome,
ambulatoryandhospitalcare.
The last value, “Protecting privacy”, is about
how BDA can
offerdatasecurityinwayssuchastheidentificationof
privacybreaches,thecapabilitytoextractdatabyeli
minatinglDrecognitionfromelectronic
medical records and others. This has become a big
issue, especially fororganizations that use cloud
computing as their main processing plat-
forminwhichprivacyandsecurityaredifficulttobecont
rolled(Larson&Chang,2016).Overall,wecanseethatt
hemajorityofhealthdataanalyticsstudiesattempttodir
ecttheireffortstopatientbenefit.Needlesstosay,almos
tallstudieshavethisultimategoalbuttheirdirect focus
may be at the intermediate stage for improving the
way ofdoingit.
Gaining an overall picture of the identified values,
we can say
thatvalues1,23and7directlyrelatetopatientwellbeing
(P),values4,5,6, 10 relate to analysts (A) for better
data handling and values 8 and O9relate to
management (M) for better positioning their
products/servicesandgainingmanagementefficiencie
srespectively.Theidentificationcodes(P),(A),(M)are
presentedunderthe“Types”columninTable3.
Theassociationoftheselectedanalyticaltech
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niqueswiththedatatypesandcapabilities

Using the NVivo analysis software, we
performed comparisons todefine the techniques
that have most popularly been applied for
eachdata type and presented value. During this
procedure, we assigned eachone of the 804 articles
to the data types (as presented in Table 1)
andperformedabreakdownbytechnique(Table4). T
able4showsthatoutof all studies that deal with
clinical data (562), 41.5% have used ma-chine
learning for their analysis, from studies with
patient

behavior/sentimentdata51%haveusedmachinelear
ning,etc.Wealsorepeatedthis process to the 10
identified values (Tables 5). It seems that the
mostpopular techniques scientists need or prefer
to use are: modeling, ma-
chinelearning,datamining,visualization,andstatist
icalanalysis(Table 2). The same techniques are
also popular, in the same
order,withtheexceptionthatmachinelearningcome
sfirst,foralldatatypes(Table4).Overall,machinelea
rningandmodelingarethemostapplied

DatatypesB Clinical Patienthehaviorfzentiment Administrative[activity& cost] Pharmaceutical &R&Ddata

%o (m) 100{562] 100133 100759) 100738)

BDATechniques H(n) Haln) Fe[m) %a(n)

Machine learning 41.5(233) 51(69) 32(19) 31.6(12)

Modeling 286[161) 33A[45) 49(29) 447(17)

Datamining 24(135) ziafze) 25.4(15) 15.808]

Visualization 22.2(125) 158(21) 135(8) 53(2)

Statisticalanalysis 20.3(114) 11.3(15) 15.2(9) 13(5]

Simulation 71[40) 6709) 85(5) 13[5)

Optimization 7(36] 4] 8.804) 5.3(2)

Webmining 45(25) 165(22) 5(3) 26[1)

Textmining 45[25] arel 3402) 28(1)

Forecasting 2[14) 22(3) 15(2) o

Sodalnet Analysiz 18] 12(18) 3402) 28[1)

Table5

Classificationofdatasetarticlesbasedontheanalyticaltechniqueshycreatedvalue,
ValuesH Vi vz V3 V4 V5 V& V7 Vs va vig
%i(n) 100(288) 100[208) 100[197) 100[144) 100[122) 100[115) 100(79) 100(72) 100(72) 100[41)
BDATechniques[ H(n) H(n) %(n] %a(n) %(n] Haln) %e[n] %:(n) alm) Ye[m)
Machine learning 42(137) 39(20) 50(9g) 51.4(74) 47 59(5%) 31.3(36) 32(30) 32(23) 26.4(19) 61(25)
Modeling 46.5(133) 49(101) 39.6(73) 43(62) 37.7(46) 54.8(63) 60.8(48) 32(23) 43(31) 34.1(14)
Datamining 28(80) 25.2(52) 20(39) 23(33) 23.8(29) 235(27) 13.9(11) 30.5(22) 33.3(24) 41.5(17)
Visualization 20.3(58) 18.4[38) 16.7[22) 2009[20) 22 7(35) 29.5(34) 17.7[14) 11(8) 166[12) 7.3(2)
Datamining 28(80) 25.2(52) 20(39) 23(33) 23.8(29) 235(27) 13.9(11) 30.5(22) 33.3(24) 41.5(17)
Statisticalanalysiz 19.2(55) 17[35) 9.6[19) 13.9(20) 129(17) 13[15) 32(3m 30.5(22) 8.3[8) 12.2(5)
Simulation 6(17] 8217 7.1014) 14020 1.8(2) 12.2(14) 383 7(E) 977 2.4(1)
Optimization 56(16) 63[13) 5(10] 13.2(19) 3.3[4) 78[9) 38(3) 4(3] 9.7(7] o
Webmining L B[18) 4.409) 71[14) 9.7[14) 11.5[14) 183[21) 76(8) 11(8) 42[3) 19(2)
Textmining 25(7) 49(10) 5(10] 3.5(5) 7.4(9) 17(2) 7E(E) 8.3(6) 1401) o
Forecasting 209 2[4] 45(9) 3.5(5) 0 &(7] 12(1) ] 6.9(5) 24(1)
Sodalnetanalysis 1.7(5] 1403 204 2EM4) 4.9(8) 0.901] 1.3(1) 7(E) o ]

techniquesamongstalldatatypeswithavarianceof29%
—49%andacross almost all values, with a variance
of presence between 32% and61%. Noticing the
percentages on both tables, we ascertain a level
ofuniform distribution throughout each technique.
This is consistent
withmostvaluesasindicatedin Table3,andwithmostda
tatypesasshowninTablel.
TheuseofMachineLearninginthehealthfield
Machinelearning,themostpreferredoftheanalyticalte
chniquesfor the variety of data types, offers
immense potential in the healthcarepredictive
analytics arena for improving outcomes in many
domains ofresearch(Lopez-
Martinez,Schwarcz,Nufez-Valdez,&Garcia-
Diaz,2018). It facilitates the development of
patient-centric models for im-proving diagnoses
and intervention. Machine learning is a data
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analysismethod that automates analytical model
building. As a branch of arti-
ficialintelligencereferstoanalyticalalgorithmsthatiter
ativelylearnfromdata,identifypatternsandallowcomp
uterstomakeinferencesand find insights without
being  explicitly  programmed  where to
look(Breiman, 1996). Machine learning techniques
can be used to integrateandinterpretcomplexhealth
datain scenarioswheretraditionalsta-
tisticalmethodscannotperform(Shameer,Johnson,GlI
icksberg,Dudley,&Sengupta,2018).Usually,apletho
raofmachinelearningmodelsforriskpredictionareeval
uatedtochoosethemostaccurate
one.Theuseofmachinelearningbasedmethodsisimpo
rtantduring

data collection, dimension reduction, etc. to
achieve different
valuecreationobjectives(urRehman,Chang,Batool
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,&Wah,2016).
Machinelearningalgorithmsareprovingconvenientin
medicaldiagnosisthatrequiremoreaccurateprognosti
cmodels,suchasde-
tectingdiabeticretinopathy(Gulshan,Peng,&Coram,
2016)andinmedicaldisciplinessuchasoncology,and
wherepatternrecognitionisofultimateimportance,suc
hasradiologyandpathology(Cabitza,Rasoini,&Gensi
ni,2017).

Basedonourpath-to-
valuetheoreticalframeworkandthroughcontent
analysis of our articles, we targeted some excellent
examples
oftheapplicationofthemachinelearningalgorithm.Inr
elationtothevalueforthediagnosisofthepersonalizedh
ealth(V1),Bertsimas,O’Hair,Relyea,andSilberholz(
2016)developedmodelsthatusema-chine  learning
and optimization which identify a better
combination ofchemotherapy drugs and improve
the outcome of chemotherapy regi-
menstestedinclinicaltrialswithoutchangingtoxicityle
vels.Inlinewith V1 too, Voisin, Pinto, Morin
Ducote, Hudson, and Tourassi
(2013)identifiedthebestperformingmachinelearning
algorithmtopredictdiagnosticerrorinmammography
bymerginggazebehaviorchar-
acteristicsfromtheradiologistandimagefeatures.

To support the  business  value  of
“supporting/replacing human de-cision-making
with automated algorithms (V2)”, Lary, Woolf,
Farugue,andLePage(2014),usedthemachinelearning
algorithmstoanalyzegeospatialdataofpopulations(e.
g.smoking-obesityrates,educationlevel, air
pollution, existing health and social-support
services) and toconstruct tools  for  public
health  data-driven  decisions(budget allocation
on health interventions based on best return on in-
vestment).
Aparadigmofanewinnovativeproduct(\V3)thatcreate
svaluetothe healthcare business is the Wiki-Health
service platform that
collects,stores,andanalysespersonalhealthsensordat
awhichareusedfortrackingexistinghealthconditionsa
ndmostimportantlypredictingthem,throughtheuseof
machinelearningalgorithms, encouragingapro-
activeapproachtohealthcare(Li&Guo,2016).Moreov
er,forimprovingtheperformanceofthemodel(V4),Bre
iman(1996)usednew approaches at that time, such
as bagging (i.e. Bootstrap Aggrega-
tion)todecreasethevarianceoftheprediction.

V. BIGDATA ANALYTICS
Becausebigdataarelarge, processingcannotbeperfor

medby
traditional health informatics such as “a standalone
system” with just

asimpleanalyticsoftware.Whatisrequiredisamoreco
mplex,pro-
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grammingintensivesystemwithavarietyofskills(V.R
aghupathi&Raghupathi,2014;W.Raghupathi&Ragh
upathi,2014). ThatisinmanycasestheHadoopopen-
sourceplatform.Hadoop,releasedbyApache in 2011,
consists of mainly the Hadoop Distributed File
System(HDFS/ a way to divide large data sets in
smaller types and store
themacrossmultipleservers)andMapReduce(acomp
utationalparadigmusingtwosequencesofexecution-
parallelprocessing)whichincludes:

a) the map phase that produces interposed key
value pairs from initialkey-value pairs and b) the
reduce phase where the interposed key-valuepairs
are aggregated by a key and the values are
combined together to afinal reduction output.
HBase is a distributed database built on top
ofHDFStoprovidestorageforHadoopDistributedCo
mputingusingZooKeeper as a coordination service
(McClay et al., 2015). First,
GoogleintroducedMapReduceallowingbigdataproce
ssingonclusterswithMappingandReducing.Yahoode
velopedHadoopasanopensourceimplementationofM
apReduce
(VanPouckeetal.,2016).Map/reducejobsonHadoop,
whichcanalsobedevelopedonHive(aruntimeHa-
doopsupportArchitecture),provideamechanismtopro
jectstructureonthisdataandquerythemallowingMap
Reducejobsinotherlan-
guageswhenrequired(VanPouckeetal.,2016).
Businessanalytictoolsarefacedwithmanychallengesa
ndre-

searchers evaluate them in terms of availability,
continuity, ease of
use,scalability,abilitytomanipulateatdifferentlevelso
fgranularity,privacy and security enablement or
quality assurance (V.
Raghupathi&Raghupathi,2014;W.Raghupathi&Rag
hupathi,2014).Forexample,inordertoovercomethem
ajordisadvantageofHadoopthatistightcoupling
betweenthe programming modelandthe
resourcemanage-
mentinfrastructure,anewarchitecturewasdevelopedc
alledYARN.YARNdecouplestheprogrammingmode
Ifromtheresourcemanage-
mentinfrastructureanddelegatesmanyschedulingfun
ctions(VVanPouckeetal.,2016).Further,theApachePig
dataflowsystemwasdevelopedtoallowuserstoeasilyc
omposemultipledataprocessingfunctionsbecauseHa
doopMapReducewasrestrictedtopractitionerswithad
vancedtechnicalskillsduetothecomplexityofparallel
op-erationsandmulti-
stepdataflows(Sahooetal.,2016).
Sooverall,thecomputingplatformmostoftenusedfort
heBDA
toolsingeneralandforthehealthcareinparticularisApa
cheHadoop(DeSilva,Burstein,&Jelinek,2015;Dinov
,2016).Additionally,Ma-
pReduceisaprogrammingparadigmthatprovidesscal

84|Page




Int. Journal of Engineering Research and Application

Www.ijera.com

ISSN : 2248-9622, Vol. 8, Issue 3, ( Part -V) March 2018, pp.76-92

abilityacrossmany serversinaHadoop clusterwitha
broadvariety ofreal-
worldapplications(Belleetal.,2015;Berger&Doban,2
014;Khanetal.,2014; Luo, Wu, Gopukumar, &
Zhao, 2016). From the screening of
ourarticlepool,weidentified36paperspublishedin201
6thatpresentapplications based on the Hadoop
ecosystem with different
applicationsandcapabilities.Fromthemostrecentliter
aturewepresentexamplesofa  few  representative
studies with a reference to their data types
andtechniques and the achieved value. Along with
this, we also discuss
thetechnicalrestrictionsthateachcasebringsupandatte
mptstoover-come.
AnexampleoftheuseofHadoopecosystemistheonepr
esentedin
theresearchofBatarsehandLatif(2016),thatintroduce
da“userfriendly”  toolcalledCHESS and has
beendeveloped inVisual studio
forC#toreadEHRandprovidemeansforanalyststorun
queriesandexperiments. CHESSmovestheuploadedd
atasetstoHadoopandag-gregated data, with much
fewer rows, are settled to a SQL server
foranalysis. Then,usersaccessthemthroughthestatisti
calsoftwareoftheirchoice (e.g. excel, Tableau, R),
and afterre-organizing the datainthe
necessaryformat canrun statisticaltests to examine,
for example,the importance of some factors (e.g.
demographics) over certain healthconditions. The
application relies on Hadoop for handling big data
is-sues, and the users can query only smaller
amounts of data to the sta-
tisticalsoftware. Theapplicationcouldbenefitfrommo
readvancedclustering methods to allow for running
statistical significance tests
toidentifyimportanthealthcarefactorsinamoreautom
atedway.

In the post-genomic era, as the focus of biology has
started to
shiftfrommappinggenomestoanalyzingthevastamou
ntofinformationresultingfromfunctionalgenomicsre
searchBodenreiderandBurgun(2005);Cui,Tao,andZ
hang(2016)describetheevolutionofusingHadoopand
MapReduceinthescalableandcomputationalpowerfu
Icloud computing environment to perform
biomedical ontology
qualityassurance(OQA).Thiscapabilityhasmadeitpo
ssibletoreducethestandardsequentialapproachforim
plementingOQAmethodsfromweeks to hours. With
this speed, more exhaustive structural analysis
oflarge ontological hierarchies can be performed
and structural changesbetween versions for
evolutional analysis can be systematically
tracked.Areasoffurtherresearcharearoundthedevelo
pmentofbetteruserinterfaces for reviewing OQA
results and visualizing ontological align-
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mentandevolutionwhilealsoincreasingtheperforman
ceofthevisual

interfacebyautomaticallypre-
computingintensivejobswhileinin-
teractionwiththeuser.

Istephan and Siadat (2016) presented a new
approach of
unleashingthecontentofunstructuredmedicaldataand
enablingqueriesandprocessing of both structured
and unstructured health data for the di-agnosis of
personalized health. This is a step forward as most
applica-
tionsarelimitedtobeingabletoqueryonlyfromstructur
edmedicaldata,suchaspartoftheEHRdatasetsofapopu
lation.

For example, when it comes to medical image and
EHR
processing,therearecloudbasedsoftwareandplatform
s,suchasLifelmage,Nuance mPower for sharing and
retrieving big data medical images andother health
records, but they are limited to using structured
data (e.g.run a query on patient gender) to retrieve
all relevant images and re-
cordsandcannothandleunstructureddata(e.g.queryba
sedonvolumeofabrainstructure).
Otherdevelopmentsincorporatemodels,eveninaHad
oop/MapReduce environment (Yao et al., 2014),
that are related to
patternmatchingindatamedicalimages. Thismeanstha
tanimageisuploadedasaninputandfeatureextractiona
ndsimilaritypatternmatchingtechniquesareusedtoret
rievesimilarimages(Toews,Wachinger,Estepar, &W
ells,2015)
Sometechnologyrestrictionsthatareapparentfromthe
papersinour dataset with regards to the Hadoop and
MapReduce environment isthat they cannot always
handle unstructured content from health dataand
medical images in the desired way. In order to
overcome the pro-
blem,researcherscreatecustomizedtools(insteadfore
xampleofaHadoopcomponentlikeHive)(Istephan&S
iadat,2016).Suchap-
proachesfurtheraidmedicalexpertsingettingsupportf
ordecision-makingwithautomatedalgorithms.

VI. FUTURE RESEARCH
extending system capabilities, like the tracking of
patients across servicesites, the provision of more
standardized and comprehensive outcomefrom the
analysis of data, and the accessibility of EHR to all
caregivers(Barkley,Greenapple,&Whang,2013).
Thenextdirectionisaboutresearcherswhowanttofurth
erandbetter prove their hypothesis with a bigger or
a more diverse dataset. Thisis followed by the need
to investigate potential IT solutions for
reducingerrors when merging and standardizing
databases, and when
compilinginformationfrommultiplesources. Thefirst
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directionconcerningtheorganizations comes next,
requesting the development of a system
thatwillstandardizeandsecuretheprocessofextracting
anonymizedhealthcaredatasets(Al-
Shagi,Mourshed,&Rezgui,2016)whichre-asrchers
can manipulate without limits. The following
direction  comesfromresearcherswhowanttoapply
their presented approach to otherhealthcare
applications

totestifsimiIarvaluesaregained.TheSthdi-

rectionisaboutincreasinghealthdataaccuracy,bydeve
lopingnewtechnological methods for efficiently
handling issues of missing
values,correctionofwrongdataentries,etc.

The next important direction is the call for
appropriately educatingthe public and training
health professionals in the use of BDA techniques
togain knowledge of their capabilities and their
limitations. The 10thdirection is about researchers
improving the tested approach in terms ofproposing
new modalities to successfully provide more
sufficient results.Another emerging need is the

creation of secure mechanisms to poolpatient
data from across health services around the
world so that theclinician can find ‘patients like
mine’ to help with real-time clinicaldecision-
making (Broughman& Chen, 2016). Following
from the pre-vious, the next two directions are
about researchers’ need to expand thescope of their
models by examining their applied BDA
techniques
eitherwithanotherpoolofpatientdemographics(e.g.
fromothercountries)orinother scientific areas as,
for example, the interpretation of post
genomicsdata in nutrigenomics,
pharmacogenomics, vaccinomics, etc. (Ben-
AriFuchsetal.,2016).
Thel4thdirectionreferstotheintegrationofenvironme
ntalfactors
intotheBDAmodelsinordertoimproveandsecurepatie
ntlivingenvironment,suchasenablingautomaticopera
tionofcorridor/toiletlightstominimizepatientfalls. Th
enextdirectionistheanticipationthatthesenewtechnol
ogies,suchasthecomputer-aideddiagnosis

Futurefesearch WN

1 Developmentofthespedficappreach(T) 16.5%((133)]

2 Creatonofnewmechanismstoa coruem aximu mvalue of 12.6%((101]
dar(T)

3 Hardwareand softwaredevelopment— 109%(87)]
extendsystemscapabilides(T)

4 Moresmdiestoprovethehyp othesis[(R]) 71%[57]

5 Compileerror-freedatasets(T) 1% [41]

& Needofstandardizedmechanismtoretrie vesensiivedata 4.68%[[37)
andsemringprivago]

7 Proposeanapproachthatean beu sedino therhealth careappli 39%([31)
catoms(R]

8 [dentifirdatael ementsthatcan beautomat callv corre ched 28%M217
m

a Trainingandeducationofdinidan sandpublic[0] 2E%020])

10 Alternatetheproposedapproache s[R) 2.1%[17])

i1 Createmechanismstoidentfy " paten slikeme™ [ T] L9%M15]

iz Toreplicatezameme thodsin othe rcountries K] 1.7%([14)

13 Createvaluetnothersden tifi carea s[R) 15%:[12])

14 [ntegratingenvironmentalfa ctor sinanalyticsforde dsion 1.2%:[10]
makingl0]

i5 Changetheprotocolsanddefinepolicypurposes/o] 1.1%0M9

18 Moreinvestmentninfrastru cure[0] 0.6%:[5]

17 Nationalinvestmentsonheal thmonitoring[0] 0.5%:04])

18 Costeffectiveanalysisofthenewtool (0] 0.4%:(3]
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system,willchallengeoldpracticesandwillcreatenew
protocolsoftreatments. In line with this there are
also the expectations that higherbudgets will be
given to IT infrastructure and to BDA experts
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working
inhealthaswellasfromnationstowardshealthcare
monitoring,suchasautomated bio-surveillance
systems. The 18th  direction is about
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betterunderstanding the cost-effectiveness of the
design of new tools/policies likemonitoring drug
prescription patterns. The least mentioned direction
isthe development of partnerships among
manufacturers, health  providers,payers, and
regulators to communicate within each other the
values ofBDA.

In particular about machine learning in health, for
which we took
aspecialfocusinthispaperasitwasidentifiedtobethem
ostusedtechnique, future directions thatderived
fromour datasetshould
focusonthefollowingperspectives:useofunsupervise
dlearningtechniquesto more precisely phenotype
complex disease; the development of au-tomated
risk prediction algorithms which can be used to
guide clinicalcare; and the implementation of
reinforcement learning algorithms
tointelligentlyaugmenthealthcareproviders.Fromthe
technologicalperspective, an important issue is the
strain between accuracy and in-
terpretability.Studies
shouldbedirectedtowardsthedevelopmentofmachine
learningdecisionsupportsystemswhichwillautomatic
allyprovideclarifications,andofferdoctors’
interactivevisualizationtoolsto examine the
implications of potential exposure variables
(Batarseh&L atif,2016;Cabitzaetal.,2017).Finally,att
heorganizationallevel,an
importantissue,whichwasalsomentionedinTable6,ist
hetrainingof

doctorsto assessing the value ofmachine learning—
based aids in prac-
ticeandavoidthereductionoftheskillfordiagnosisorth
elossinjudgement of the accuracy of the decision-
support  systems results. Thisfurther requires
knowledge of how these machine learning
algorithmswork in practice, therefore, it requires
the acquisition of statistical anddataanalysisskills.
Of course, as the development of technology is a
step ahead of itspresentation in academic papers,
we can assume that recent technolo-
gicalinnovationsinanalyticaltechniquesarecreatingf
urtheroppor-
tunitiesderivingfromhidden,uptodateinformation.N
ovelanalyticfields,forinstance,theanalysisofdatagath
eredfromsocialmediaordataretrievedfrommobileapp
lications,willlikelyleadtonewin-
formationsystemsforthehealthcaresector. Alimitatio
nofprofilingstudies,suchasours,isthetime-
lagbetweentheyearofpublicationofthe reviewed
papers and the time of the presentation of the
synthesis oftheir findings, due to the long process
of literature reading and synth-esis. We hope that
future research will discuss more recent advances
intheinvestigatedfield.
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VII. DISCUSSION-CONCLUSIONS
Giventhelargenumbersandfrequentlyupdati
nghealthcarepub-
lications,systematicreviewsassisthealthcarepractitio
nerstomakedecisions as they provide summarized
research on a given topic of in-terest (Ali et al.,
2018). In this study, we aimed to present a
systematicoverviewoftheliteratureinordertodetermi
nethewayBDAhasmanagedtoimprovethehealthcare
domain.Wefollowedthere-source—based theory to
identify the big data sources and the
analyticstechniques which allow big data capacities
to create values which
willcontinuetofuelthroughnewresearchinthefield. W
emappedtheexistingliteratureonthefieldofBDAinHe
althcareusingcontentanalysis, while we aimed to
provide explanatory definitions of the ca-
tegorisationthroughrepresentativeexamples.
Themostpopularanalyticaltechniquesthatscientistsu
setomake
meaningfulinterpretationsofdataare:modeling,mach
inelearning,datamining,visualizationandstatisticala
nalysis.Inparticular,ma-chine learning is the most
applied technique across almost all
createdvaluesanddatatypesthatofferimmensepotenti
alinthehealthcarepredictiveanalyticsarenatoimprove
outcomesinmanydomainsofresearch(L6pez-
Martinezetal.,2018).Machinelearningisdescribedasa
complexfieldthatprovidesnumerouskindsoftools,tec

hniques,and
frameworks that can be exploited to address
challenges created by

thefusionofdata(Chowriappa,Dua,&Todorov,2014).
Moreover,itisapparentthatallappliedtechniquesare,
moreorless,equallyusedacrossthedatatypes,aswellas
equallycreatethedifferentcapabilitiesin the
healthcare sector. Clinical data was the most used
source of dataanalysis(70%).
FromthepresentationofBDAsoftware,basedonHado
opecos-

tystemortheMapReduceprocess, thisresearchconfirm
sthatmostusers use clinical or medical structured or
unstructured data for
theirstudiestobuildnewapproachesforthediagnosisof
personalizedhealthcare and to invent entirely new
business models to reduce
time,costofsearchorprocessingwhilemaintainingqua
lity.

From the articles in our dataset it is clear, that there
is demand
forresearchinhealthanalyticstofocusonimprovingthe
technologicalaspects. There isa definiteneed
inhealthcare for systems that
supportorimprovethedecision-
makingabilityofclinical
experts,specifically,todiagnosecomplexdiseasesorp
athologies(Ldpez-

Martinezetal.,2018).Progressthathas beenmade
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viaHadoopandMapReduce hasincreased
performance by reducing time and pre-computing
computa-

tionallyintensivejobs(Cuietal.,2016). Themaindiffic
ultywithbigdatainhealthcareisthatmostdataareoftenu
nstructured,whichmeans that there are obstacles to
computationally processing the largestpart of them
(Dinov, 2016). That is why scientists are in a
continuouseffort to advance infrastructure in order
to achieve the greatest
possibleanalysisandtofurtherdevelopcomputational
methodsinordertoextendsystems’capabilities.Itisexp
ectedthatmoreinvestmentwillbe

giventol TinfrastructureandtoBDAexpertsinthehealt
hcaresector,
orfromnationsforhealthmonitoring,orforthedevelop
mentofsys-tems that can track patients’ health-
related data across health
servicesandhomeandmaketheseaccessibletorelevant
professionals.

Therefore, firms in the healthcare industry, in the
private and
publicsector,startedincorporatingBDAforstrategicd
ecision-
making(Gandomi&Haider,2015).However,themajo
rreasonbehindBDAnon-adoption is that first firms
do not realize their strategic value andtheir
managers are not prepared to bring the changes
because of tech-
nologicalororganizationaldifficulties(Gupta,Kar,Ba
abdullah,&Al-Khowaiter, 2018). We hope that this
profiling study will act as a triggerfor health
organizations to redesign their strategies towards a
greateradoptionofBDAandharnesstheircapabilitiest
oimproveservice,mitigaterisks,reducecostsandgrasp
newopportunities.
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