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ABSTRACT

Feature learning and selection have been widely applied in many
researchareasbecauseoftheirgoodperformanceandlowercomplexity. Traditionalmeth
ods usually treat all terms with same feature sets, such that performance canbe
damaged when noisy information is brought by wrong features for a given
term.Here,weproposeaterm-basedpersonalizationapproachtofindingthebestfeatures
for each term. First, features are given as the input so that we focus onselection
strategies. Second, we present a feature searching method to generatefeature
candidate subsets for each term. Here, the big data only deals with theanalysis of
the patient details, problems, reports and hospitals specialties. Finally,we obtain
the personalized feature set for each term as a subset of all features

sotheycanusedtointegrateontosearchingmethod.
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CHAPTER

1INTRODUCTIO
1.1 OVERVIEW N

Itisbroadlyacknowledgedthatwellbeingdatadevicesandmethodscanbe
misused effectivelyto help specialists in diagnosing and treating their patientsall the
more  productively.  Utilizing their experience and information, the
doctorsorderpatientsandanalyzetheirinfections,howeverindoingassuch,itisplausiblet
hattheysubmitafewerrors,especiallywhentheyneedsufficientexperience or when
their staff of  judgment IS poor. In such circumstances,
ClinicalDecisionSupport(CDS)frameworks,includingframeworksthatgivefinding,cust
omizedrestorativeestimation,treatmentandimportantlearning,wouldbeuseful to the
doctors by method for giving them particular learning, patients’ dataand keen
applications, which can enhance the proficiency of their basic leadershipformCDS
frameworks center on separating attributes of patients, in light of
whichtheyorderpatientsandgiverelatingclinicalrecommendationstothedoctors.

Traditional methods usually treat all terms with same feature sets, such
thatperformancecanbedamagedwhennoisyinformationisbroughtbywrongfeaturesfor
agiventerm.Here,weproposeaterm-basedpersonalizationapproach to finding the
best features for each term. First, features are given as theinput sothat wefocus on
selection strategies. Second, wepresent afeaturesearching method to generate
feature candidate subsets for each term. The Bigdata deals with the analysis of the
patient details, problems, reports and hospitalsspecialties. Finally, we obtain the
personalized feature set for each term as asubsetofall features.

1.2 BIGDATA

Thedatawhichisbeyondtothestoragecapacityandbeyondtotheprocessing
power such a data is called Big Data. Big data means really a big data;it is a
collection of large data sets that cannot be processed using traditionalcomputing
techniques. Big data is not merely a data; rather it has become acomplete subject,
which involves various tools, techniques and frameworks.
DatawhichareverylargeinsizeiscalledBigData.NormallyweworkondataofsizeMB
(Wordbook, Excel) or maximum GB (Movies, Codes) but data in Petabytes

i.e.10715-bytesizeiscalledBigData.ltisstatedthatalmost90%oftoday'sdatahas



beengeneratedinthepast6years.However,therearecertainbasictenetsofBigDatathatwi
[Imakeit evensimplertoanswerwhatis BigData.

¢ Itreferstoamassiveamountofdatathatkeepsongrowingexponentiallywithtime.

e |tissovoluminousthatitcannotbeprocessedoranalyzedusingconventionaldatap
rocessingtechniques.

¢ ltincludesdatamining,datastorage,dataanalysis,datasharing,anddatavisualiza
tion.

e Thetermisanall-comprehensiveoneincludingdata,dataframeworks,alongwith

thetoolsandtechniquesusedtoprocessandanalyzethedata

The same concept applies on Big Data. Big Data says, till today, we
wereokay with storing the data into our servers because the volume of the data
waspretty limited, and the amount of time to process this data was also okay.But
nowin this current technological world, the data is growing too fast and people
arerelying on the data a lot of times. Also the speed at which the data is growing, it

isbecomingimpossibletostorethedatainto any server.

1.3 TYPESOFBIGDATA
1.3.1 Structured

Bystructureddata,wemeandatathatcanbeprocessed,stored,andretrieved in a
fixed format. It refers to highly organized information that can bereadily and
seamlessly stored and accessed from a database by simple searchengine
algorithms. Forinstance, the  employeetablein a companydatabase
willbestructuredastheemployeedetails,theirjobpositions,theirsalaries,etc.,willbepres

entinanorganizedmanner.
1.3.2 Unstructured

Unstructured data refers to the data that lacks any specific form or
structurewhatsoever.Thismakesitverydifficultandtime-
consumingtoprocessandanalyze unstructureddata.Emailisan

exampleofunstructureddata.



1.3.3 Semi-Structured

Semi-structureddatapertainstothedatacontainingboththeformatsmentioned
above, that is, structured and unstructured data. To be precise, it refersto the data
that  although has not  been classified under a  particular
repository(database),yetcontainsvitalinformationortagsthatsegregateindividualelem
entswithinthedata.

1.4CHALLENGESWITHBIGDATA

e Data Quality :The problem here is the 4"V i.e. Veracity. The data here
isvery messy, inconsistent and incomplete. Dirty data cost $600 billion to
thecompaniesevery yearintheUnitedStates.

e Discovery:FindinginsightsonBigDataislikefindinganeedleinahaystack.
Analyzing petabytes of data using extremely powerful
algorithmstofindpatternsandinsights arevery difficult.

e Storage:Themoredataanorganizationhas,themorecomplextheproblems of
managing it can become. The question that arises here
is“Wheretostoreit?”.Weneedastoragesystemwhichcaneasilyscaleupordowno
n-demand.

e Analytics: In the case of Big Data, most of the time we are unaware of
thekind of data wearedealingwith, soanalyzingthat data isevenmoredifficult.

e Security:Sincethedataishugeinsize,keepingitsecureisanotherchallenge. It
includes  user authentication, restricting access based on
auser,recordingdataaccesshistories,proper useof dataencryptionetc.

e Lack of Talent: There are a lot of Big Data projects in major
organizations,but a sophisticated team of developers, data scientists and
analysts whoalsohavesufficientamountofdomainknowledge isstilla

challenge.
1.5APPLICATIONSOFBIGDATA

Cannot talk about data without talking about the people, people who are
gettingbenefited by Big Data applications. Almost all the industries today are

leveragingBigDataapplicationsinoneortheotherway.



Figl.1BigData

SmarterHealthcare: Makinguse ofthe petabytesof
patient’sdata,theorganization canextract meaningful information and then
build applicationsthatcanpredictthepatient’sdeterioratingconditionin advance.
Telecom:Telecomsectorscollectsinformation,analyzesitandprovidesolutions
to different problems. By using Big Data applications, telecomcompanies
have been able to significantly reduce data packet Iloss,
whichoccurswhennetworksareoverloaded,andthus,providingaseamlessconn
ectiontotheircustomers.

Retail: Retail has some of the tightest margins, and is one of the
greatestbeneficiariesofbigdata. Thebeautyofusingbigdatainretailistounderstan
dconsumerbehavior.Amazon’srecommendationengineprovidessuggestionba
sedonthebrowsing historyoftheconsumer.

TrafficControl: Trafficcongestionisamajorchallengeformanycitiesglobally.
Effective use of data and sensors will be key to managing
trafficbetterascities becomeincreasingly denselypopulated.

Manufacturing: Analyzing big data in the manufacturing industry can
reducecomponent defects, improve product quality, increase efficiency, and
savetimeandmoney.

Search Quality: Every time we are extracting information from google,
wearesimultaneouslygeneratingdataforit. Googlestoresthisdataandusesittoim

proveits search quality.



1.6 FEATURESELECTION

Featureselectionhasbeenanimportantresearchareaindatamining,whichchoose
sasubsetofrelevantfeaturesforuseinthemodelbuilding. Thispaperaims
toprovideanoverviewof featureselectionmethods
forbigdatamining.First,itdiscussesthecurrentchallengesanddifficultiesfacedwhenmini
ngvaluableinformationfrombigdata. Acomprehensivereviewofexistingfeatureselection
methodsinbigdataisthenpresented.Herein,weapproachthereviewfromtwoaspects:met
hodsspecifictoaparticularkindofbigdatawithcertaincharacteristicsandapplicationsofm
ethodsinclassificationanalysis,whicharesignificantlydifferenttotheexistingreviewwork.
Thispaperalsohighlightsthecurrentissuesoffeatureselectioninbigdataandsuggeststhef

utureresearchdirections.
1.6.1 ChallengesOfFeatureSelection

Compared to traditional data, some influential points need to be
highlightedon extracting valuable information from big data. Taking the 3V
characteristics intoconsideration, traditional feature selection methods face the
following
threefoldchallengeswithrespecttothecaseofbigdata. Traditionalfeatureselectionmeth
ods usually require large amounts of learning time, so it is hard for
processingspeed to catch up with the change of big data. Generally, big data not
only
includeanimmenseamountofirrelevantand/orredundantfeatures,butalsohavepossibl
e noises of different degreesand different types,whichgreatly increasesthe difficulty
of selecting feature. Some data are unreliable/forged, due to differentmeansof

acquisition,or evenloss,whichfurther enhancesthecomplexityoffeatureselection.
1.6.2 ObjectiveOfFeatureSelection

Featurelearningandselectionhavebeenwidelyappliedinmanyresearchareasbe

causeoftheirgoodperformanceandlowercomplexity.

e Toproposeaterm-

basedpersonalizationapproachtofindingthebestfeaturesforeachterm.

o First,featuresaregivenastheinputsothatwefocusonselectionstrategies.



Second,wepresentafeaturesearchingmethodtogeneratefeaturecandidatesub
setsforeachterm.
Here,thebigdataonlydealswiththeanalysisofthepatientdetails,problems,report
s andhospitalsspecialties.
Finally,weobtainthepersonalizedfeaturesetforeachtermasasubsetofallfeature
ssotheycanusedtointegrateontosearchingmethod.



CHAPTER
2LITERATURESURVE

Y

2.1 TITLE:AMachine LearningApproach toClassifyingSelf-
ReportedHealthStatusina
cohortofPatientswithHeartDiseaseusingActivityTrackerData.

2.1.1 Author: YiwenMeng, William Speier, Member, ChrisandraShufelt,
SandyJoung, Jennifer E Van Eyk, C. Noel BaireyMerz, Mayra Lopez, Brennan
SpiegelandCoreyW.Arnold

2.1.2 Description:Constructingstatisticalmodelsusingpersonalsensordatacould
allow for tracking health status over time, thereby enabling the possibility
ofearlyintervention. Thegoalofthisstudywastousemachinelearningalgorithmsto
classify patient-reported outcomes (PROs) using activity tracker data in a cohortof
patients with stable ischemic heart disease (SIHD). A population of 182
patientswith SIHD wasmonitored over a period of 12 weeks. Each subject
receiveda Fitbit Charge 2 device to record daily activity data, and each subject
completed eightPatient-Reported Outcomes Measurement Information Systems
(PROMIS®) shortform at the end of each week as a self-assessment of their health
status. Twomodels were built to classify PRO scores using activitytracker data. The
firstmodel treated each week independently, while the second used a Hidden
Markovmodel(HMM)totakeadvantageofcorrelationsbetweensuccessiveweeks.Retro
spective analysiscompared the classification accuracy of the twomodelsand the
importance of each feature. In the independent model, a random forestclassifier
achieved a mean area under curve (AUC) of 0.76 for classifying
thePhysicalFunctionPRO.

2.2 TITLE:DynamicPredictioninClinicalSurvivalAnalysisusingTemporalConvolution

alNetworks

2.2.1 Author: Daniel Jarrett, Jinsung Yoon, Member, IEEE, and Mihaela van
derSchaar,Fellow,|[EEE

2.2.2 Description: Accurate prediction of disease trajectories is critical for

earlyidentification and timely treatment of patients at risk. Conventional methods
7



insurvivalanalysisareoftenconstrainedbystrongparametric assumptionsand



limited in their ability to learn from high-dimensional data. This paper develops
anovel convolutional approach that addresses the drawbacks of both
traditionalstatistical approaches as well as recent neural network models for
survival. Wepresent MATCH-Net: A Missing Awareness Temporal Convolutional
Hitting-
timeNetwork,designedtocapturetemporaldependenciesandheterogeneousinteractio
Nns incovariatetrajectoriesand patterns ofmissingness. To the bestofour knowledge,
this is the first investigation of temporal convolutions in the contextofdynamic
predictionforpersonalizedriskprognosis

2.3 TITLE:Guest-EditorialBiomedicallnformaticsinClinicalEnvironments
2.3.1 Author:M. AKAYandD. I.FOTIADIS

2.3.2 Description:Thepointofthisuncommonsegmentistogiveanoutlineofthe  rising
biomedical informatics advancements and their application in inquireabout and
clinical conditions. Later advancements in biomedical informatics havemade
strategies, strategies and apparatuses, which depend on the investigation
ofheterogeneousinformation,informationmining,choiceemotionallysupportivenetwor
ks,multiscaledemonstrating,andsoon.Theseparationfromtheimprovementofsuchfra
meworkswhat'smore,thegenuineclinicalsituationsisstill sufficiently long, and just
some of them have been utilized in a clinical
scale.Physiologicalsignals,suchasElectrocardiogramsandElectroencephalograms,a
re used for the diagnosis of the patient status and detection of events. In,
anunsupervised,robust,andcomputationallyfastalgorithmthatusesModifiedMultiscale
Sample Entropy and Kurtosis to automatically identify the independenteyeblink

components is presented.
2.4 TITLE:Learningmulti-labelsceneclassification
2.4.1 Author:MatthewR.Boutella,JieboLuob

2.4.2 Description:Ingreatexampleacknowledgmentissues,classesarefundamental
lyunrelatedbydentition.Classicationmistakeshappenwhentheclassescoverinthecom
ponentspace.Welookatadi5erentcircumstance,happening when the classes are, by
dentition, not totally unrelated. Such issuesemerge in semantic scene and archive
classication and in restorative analysis.
Wepresentasystemtodealwithsuchissuesandapplyittotheissueofsemantic

9



sceneclassication where a characteristic scene may contain various protests
tosuchanextentthatthescenecanbedepictedbydifferentclassnames(e.g.,aneld scene
with a mountain in the foundation). Such an issue presents difficulties
totheexemplaryexampleacknowledgmentworldviewandrequestsadi5erenttreatment.
We talk about methodologies for preparing and testing in this situationand present
new measurements for assessing singular precedents, class reviewand exactness,
and by and large precision. Investigations demonstrate that ourstrategies are
appropriate  for scene classication; besides, our work seems to

sumuptootherclassicationissuesofasimilarsort.
2.5 TITLE:TheProgressionofHypertensiveHeartDisease
2.5.1 Author:MarkH.Drazner

2.5.2 Description:Hypertensionremainsanoteworthygeneralmedicalissuerelated
with significantgrimness and mortality.Hypertensivecoronaryillness is
agroupofstarsofvariationsfromthenormthatincorporatesleftventricularhypertrophy
(LVH), systolic and diastolic brokenness, and their
clinicalappearancesincludingarrhythmiasandsymptomaticheartdisappointment
.Thework of art worldviewof hypertensivecoronaryillnessisthat theleft
ventricular(LV)dividerthickens inlightof hoisted blood weightas a
compensatoryinstrument
tolimitdividerpush.Inthisway,afteraprogressionofineffectivelyportrayedoccasions(“ch
angetodisappointment"),theleftventricleexpands,andthe
LVdischargeportion(EF)decreases(characterizedthusas"widenedheartfailure").1Ther
easonforthissurveyistocentrearoundthekeystridesinthemovementofhypertensivecoro

naryillness,featuringongoingadvancestooassomeuncertaindiscussions.
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CHAPTER3
AIM AND SCOPEOFTHEPROJECT

3.1 AIM

Toproposeaterm-basedpersonalizationapproachtofindingthebestfeatures for
each term. The big data only deals with the analysis of the
patientdetails,problems,reportsandhospitalsspecialties.Finally,weobtainthepersonal
ized feature set for each term as a subset of all features so they can usedto
integrate onto searching method. Analyzing clinical data by using Hadoop
toolalong with some Hadoop ecosystems like hdfs, MapReduce, Sqoop, hive and
pig.By using these tools we can process no limitation of data, no data lost problem,
wecan get high throughput, maintenance cost also very less and it is an open
sourcesoftware, it is compatible on all the platforms since it is Java based. In
clinical
datadetails,thisisbasedonwheneverpatiententerstheiridinhospitaldatabasewithinnoti
mecomplex theirdatawillpresent.
3.2 SCOPEOFTHEPROJECT

Analyzing Clinical Data by using Hadoop tool along with some
HadoopecosystemslikeHDFS,mapreduce,Sqoop,hiveandpig.Byusingthesetools,we
canprocess nolimitationof data, no data lost problem, wecan gethighthroughput,
maintenance cost also very less and it is an open source software, it iscompatible
on all the platformssince it isJavabased. In clinical,wewillknowwhich hospitalis
curingbetterforparticularhealthproblems.
3.3EXISTINGSYSTEM

ExistingconceptdealswithprovidingbackendbyusingMySQLwhichcontains lot
of drawbacks i.e. data limitationis that processingtime is highwhenthe data is huge
and once data is lost, we cannot recover so thus we proposingconcept by using
Hadoop tool. MySQL isa fast, easy to use RDBMSbeing usedfor many small and
big businesses. MySQL is developed, marketed and supportedby MySQL AB,
which is a Swedish company. MySQL is becoming so popularbecauseofmany

goodreasons.

11



e MySQLisreleasedunderanopen-
sourcelicense.Soyouhavenothingtopaytouseit.

e MySQL is averypowerfulprograminitsownright.lthandles
alargesubsetofthefunctionalityofthemostexpensiveandpowerfuldatabasepac
kages.

e MySQLusesastandardformofthewell-knownSQLdatalanguage.

e MySQLworksonmanyoperatingsystemsandwithmanylanguagesincludingPH
P,PERL,C,C++,JAVA etc.

e MySQLworks veryquickly andworkswellevenwithlargedatasets.

e MySQL is very friendly to PHP, the most appreciated language for
webdevelopment.

e MySQL supports large databases, up to 50 million rows or more in a
table.The default file sizelimit for a table is 4GB, but youcan increase this
(ifyouroperatingsystemcanhandleit)toatheoreticallimitof8millionterabytes(TB
).

e MySQLiscustomizable.Theopen-
sourceGPLIlicenseallowsprogrammerstomodifytheMySQLsoftwaretofittheiro
wnspecificenvironments.

3.3.1DrawbacksofExistingSystem

e Wecanprocesslimitation ofdata.

e Weget resultswith takemoretimeandmaintenancecostisvery high.

3.4PROPOSEDSYSTEM

Proposed concept deals with providing database by using Hadoop tool
wecan analyzeno limitation of data and simply add number of machines to
thecluster and we get results with less time, high throughput and maintenance cost

isverylessandweareusingjoins,partitionsandbucketingtechniquesinHadoop.

Hadoop is an Apache open source framework written in java that
allowsdistributed processing of large datasets across clusters of computers using
simpleprogrammingmodels. TheHadoopframeworkapplicationworksinanenvironme
nt that provides distributed storage and computation across clusters ofcomputers.
Hadoop is designed to scale up from single server to thousands

ofmachines,eachofferinglocal computationandstorage.

12



Hadoop consists ofthe Hadoop Common
package,whichprovidesfilesystemandoperatingsystemlevelabstractions,aMapRedu
ceeitherMapReduceandtheHadoopDistributedFileSystem(HDFS).TheHadoopCom
monpackage containsfilesandscriptsneededtostartHadoop.

Foreffectiveschedulingofwork,everyHadoop-compatiblefilesystemshould
provide location awareness, which is the name of the rack, specifically
thenetworkswitchwhereaworkernodeis.Hadoopapplicationscanusethisinformation
to executecode onthenode where the data is,and, failing that,onthe same
rack/switch to reduce backbone traffic. HDFS uses this method whenreplicating
data for data redundancy across multiple racks. This approach
reducestheimpactofarackpoweroutageorswitchfailureifanyofthesehardwarefailures

occurs,thedatawillremainavailable.

master slrve
1ask sk
vacker racker
’ -
MapReduce )
ryer Yacker

HDFS name
ryer node
L] -
c¥'a s
NOde NS
MUB-N03e Cluster

Fig3.1MultiNodeCluster

A small Hadoop cluster includes a single master and multiple worker
nodes.The master node consists of a Job Tracker, Task Tracker, Name Node, and
DataNode. A slave acts as both a Data Node and Task Tracker, though it is
possible tohave data-only and compute-only worker nodes. These are normally

used only innonstandardapplications.

13
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HadooprequiresJavaRuntimeEnvironment(JRE)1.6orhigher.Thestandard
startup and shutdown scripts require that Secure Shell (SSH) be set upbetween

nodesinthecluster.

In a larger cluster, HDFS nodes are managed through a dedicated
NameNode server to host the file system index, and a secondary Name Node that
cangenerate snapshots of the name nodememory structures, thereby
preventingfile-system corruption and loss of data. Similarly, a standalone Job
Tracker
servercanmanagejobschedulingacrossnodes.WhenHadoopMapReduceisusedwith
an alternate file system, the Name Node, secondary Name Node, and

DataNodearchitectureofHDFSarereplacedbythefile-system-specificequivalents.

HadoopFileSystemwasdevelopedusingdistributedfilesystemdesign.Itis  run
on commodity hardware. Unlike other distributed systems, HDFS is
highlyfaulttolerantanddesignedusinglow-
costhardware.HDFSholdsverylargeamount of data and provides easier access. To
store such huge data, the files arestored across multiple machines. These files are
stored in redundant fashion torescue the system from possible data losses in case

of failure. HDFS also makesapplicationsavailabletoparallelprocessing.

It is quite expensive to build bigger servers with heavy configurations
thathandle large scale processing, but as an alternative, you can tie together
manycommodity computers with single-CPU, as a single functional distributed
systemandpractically,theclusteredmachinescanreadthedatasetinparallelandprovide
a much higher throughput. Moreover, it is cheaper than one high-endserver. So
this is the first motivational factor behind wusing Hadoop that it

runsacrossclusteredandlow-costmachines.

Hadoop runs code across a cluster of computers. This process includes

thefollowingcoretasksthatHadoop performs.

e Dataisinitiallydividedintodirectoriesandfiles.Filesaredividedintouniformsized
blocksofl128Mand64M(preferably128M).

e Thesefilesarethendistributedacrossvariousclusternodesforfurtherprocessing.
¢ HDFS,beingontopofthelocalfilesystem,supervisestheprocessing.

¢ Blocksarereplicatedforhandlinghardwarefailure.

14
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Checkingthatthecodewasexecutedsuccessfully.
Performingthesortthattakesplacebetweenthemap andreducestages.
Sendingthesorteddatatoacertaincomputer.

Writingthedebugginglogsforeachjob.

3.4.1Advantages

Nodatalossproblem.

Lesstimeconsumption.

Accuracyisimproved.

Efficientdataprocessing.

Hadoop framework allows the wuser to quickly write and test
distributedsystems. It is efficient, and it automatic distributes the data and
work acrossthe machines and in turn, utilizes the underlying parallelism of
the CPUcores.
Hadoopdoesnotrelyonhardwaretoprovidefault-toleranceandhighavailability
(FTHA), ratherHadoop library itself has been designed to
detectandhandlefailuresattheapplicationlayer.
ServerscanbeaddedorremovedfromtheclusterdynamicallyandHadoopcontin

uesto operatewithoutinterruption.

Another big advantage of Hadoop is that apart from being open source, it
iscompatibleonalltheplatformssinceitisJavabased.

15



CHAPTER
AMETHODOLOG
Y

AnalyzingclinicaldatabyusingHadoopframeworkalongwithsomeHadoop
ecosystems like hdfs, MapReduce, Sqoop, hive and pig. By using thesetools we
can process huge amount of data, no data lost problem, we can get
highthroughput, maintenance cost also very less and it is an open source software
it iscompatibleonall theplatformssinceit is Javabased.

4.1 MODULES
1) Pre-processingClinicalDatabase
2) Storage
3) AnalyseQuery
4) AnalysisLatinScript(Pig)
5) Processing(MapReduce)
4.1.1 Pre-processingClinicalDatabase

In this module, Analyzing the data with different kinds of fields in

MicrosoftExcel then it is converted into comma delimited format which is said to

be csv(commaseparatorvalue) fileandmovedtoMySQLbackupthroughDatabase.

DB SERVER

Clinical.csv MYSQL DB

Fig4.1Pre-processing.

Here by getting historical data we have to convert those historical

batchprocessing data from (.xIsc) format to (.csv) format and by taking backup of
allthosedatainMYSQL Databasetoavoid lossofdata.

Pre-processing is a very important step in data analysis and can

heavilyinfluence the modelling results. In the following, we will show the main

problemsassociatedwithclinicaldatabases.AccordingtoBrauseetal(2001),alargeamo

16



untofmissingdataandunevensamplingtimesaretypicalformedicaldata
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and should be taken into account in all approaches for medical data diagnosis.
Toget a good clean data from a medicaldatabase, a systematic pre-
processingprocedureis proposedandis describedinmoredetail.

e Define Features: Through a systematic approach, identifying all
clinicalconcepts contained in EHR data and defining features
conveying eachconcept, including its type (numerical or categorical)
and mechanism
todeterminefeaturevalue;featuresmustaccountfordifferentdata.

e Process Data: Manipulating the feature set to improve homogeneity
andavoid data dispersion by mitigating redundancy (concepts represented
withdifferent designations) and granularity (clinical concept is expressed
withdifferent levels of detail), which are tackled by combining different
featuresreferringtosameclinical conceptintoasinglefeature.

e Assessfeaturevalues:Determiningthevalueofeachclinicalfeature(variable) for
each dataset instance, by querying the extracted
databaseentriesaccordingtothefeaturetypesandrecordingmechanisms.

4.1.2 STORAGE

In this module we are getting all those backup data which we have stored
inMYSQLandimportingallthosedatabyuseofSqoopcommandstoHDFS(Hadoop
Distributed File System). Now all the data are stored in HDFS were it isready to get
processed by use of hive. By storing the huge stock data into HDFS,the solution
provided is much more robust, reliable, economical, and scalable.Whenever data
size is increasing, you can just add some more nodes, configureinto Hadoop and
thats all. If sometime any node is down, then even other
nodesarereadytohandletheresponsibilityduetodatareplication.BymanagingtheHive
schema into embedded database or any other standardSQL database,
weareabletoutilizethepowerofSQLas well.

Sqgoop(SQL-to-
Hadoop)isabigdatatoolthatoffersthecapabilitytoextractdatafromnon-
Hadoopdatastores,transformthedataintoaformusableby Hadoop, and then load the
data into HDFS. This process is called ETL, forExtract, Transform,andLoad.

WhilegettingdataintoHadoopiscriticalforprocessingusingMapReduce,it is also
critical to get data out of Hadoop and into an external data source for

useinotherkindsofapplication.Sqoopis abletodothisas well.
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While it is sometimes necessary to move the data in real time, it is
mostoften necessary to load or unload data in bulk. Like Pig, Sqoop is a command-
lineinterpreter. You type Sqgoop commands into the interpreter and they are
executedoneatatime.FourkeyfeaturesarefoundinSqoop.

e Bulk Import: Sgoop can import individual tables or entire databases
intoHDFS. The data is stored in the native directories and files in the HDFS
filesystem.

e Direct Input: Sqoop can import and map SQL (relational) databases
directlyintoHiveandHBase.

e Data Interaction: Sqoop can generate Java classes so that you can
interactwiththedataprogrammatically.

e Data Export: Sqoop can export data directly from HDFS into a
relationaldatabase using a target table definition based on the specifics of
the targetdatabase.

Sqgoop works by looking at the database you want to import and selecting
anappropriate import function for the source data. After it recognizes the input, it
thenreadsthemetadataforthetable(ordatabase)andcreatesaclassdefinitionofyourinp
utrequirements.

You can force Sqoop to be very selective so that you get just the columns
youare looking for before input rather than doing an entire input and then looking
foryour data. This can save considerable time. The actual import from the
externaldatabasetoHDFSisperformedbyaMapReducejobcreatedbehindthescenesby
Sqoop.

Sgoopisaneffectivetoolfornonprogrammers.Theotherimportantitemtonote is the
reliance on underlying technologies like HDFS and MapReduce.

Youseethisrepeatedlythroughouttheelement oftheHadoopecosystem.

SQOOP TOOL

INI-PORT TABLE HDFS
) jo=gy————|
MYsQL &
B = /
EXPORT TABLE

Fig4.2Storage.
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All the existing Database Management Systems are designedwith
SQL standard in mind. However, each DBMS differs with respect to dialect tosome
extent. So, this difference poses challenges when it comes to data transfersacross
the  systems. Sqoop  Connectors are  components  which help

overcomethesechallenges.

Data transfer between Sqoop and external storage system is made

possiblewiththehelpofSqoop'sconnectors.

HDFS Architecture
Metadata (Name, replicas, ...):
Metadata,opé"'{ Namenode /homeffoo/data, 3, ...
Block ops
Read Datanodes Datanodes

! ] |
H B = = Replication a B -
_

i L] Blocks
% \ g & o
~ | v
Rack 1 Wite Rack 2

Fig4.3HDFS Architecture

Sgoophasconnectorsforworkingwitharangeofpopularrelationaldatabases,
including MySQL, PostgreSQL, Oracle, SQL Server, and DB2. Each ofthese
connectors knows how to interact with its associated DBMS. There is also
agenericJDBCconnectorforconnectingtoanydatabasethatsupportsJava'sJDBC
protocol. In  addition, Sqgoop  provides  optimized MySQL and
PostgreSQLconnectorsthatusedatabase-
specificAPIstoperformbulktransfersefficiently.

Analytical processing using Hadoop requires loading of huge amounts

ofdata from diversesources into Hadoop clusters. This process ofbulk data
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loadintoHadoop,fromheterogeneoussourcesandthenprocessingit,comeswitha
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certain set of challenges. Maintaining and ensuring data consistency and
ensuringefficient utilization of resources, are some factors to consider before
selecting theright approachfordataload.
e Data Load Using Scripts: The traditional approach of using scripts to
loaddataisnotsuitableforbulkdataloadintoHadoop;thisapproachisinefficientan
dverytime-consuming.
e DirectAccess ToExternalDataViaMap-Reduce Application:Providingdirect
access to the data residing at external systems (without loading
intoHadoop) for map-reduce applications complicates these applications.
So,this approach is not feasible. In addition to having the ability to work
withenormousdata,Hadoopcanworkwithdatainseveraldifferentforms.So,to
load such heterogeneous data into Hadoop, different tools have
beendeveloped.
4.1.3 ANALYZEQUERY

In this module we are getting all those data from HDFS to HIVE by use
ofSqoop import command were hive is ready to analyze. Here in HIVE we
canprocess only structured data to analyze. By extracting only, the meaningful
dataand neglecting unclenched data we can analyze the data in more effective
mannerby use of hive. The queries are executed by MapReduce, Apache Tez or
ApacheSpark.HivequeriesrunonMapReducetakelongtorunbecauseofbatchprocessi
ng.Sparkprovidesawaytorunlowlatencyqueries.Sparkprovidesbetter
performancethanMapReduce without requiringanychanges inqueries.Hive is able
to access data stored in HDFS. Hive is a data warehouse system fordata
summarization and analysis and for querying of large data systems in theopen-
source Hadoop platform. It converts SQL-like queries into MapReduce

jobsforeasyexecutionandprocessing ofextremelylargevolumesofdata

- - s “
ANALYSING PROCESS =

Fig4.4Analysing.



In this module we are getting those data from HDFS to HIVE by use
ofSqoop import request. Were hive is set up to separate. Here in HIVE we
canprocess ina general sense regulated data tolook at. By restricting only,
thegiganticdataandblamableunclencheddatawecanseparatethedatainmagnificently
reasonablecourse byutilizationof hive.toprocess the
informationthatbeginsfromthemapper.inthewakeofsettingitup,passesonanothersyst
em of yield, which will be affirmed. The three important functionalities for
whichHiveisdeployedaredata summarization, data analysis,and data
guery.Thequerylanguage,exclusivelysupportedbyHive,isHiveQL.Thislanguagetransl
ates SQL-like queries into MapReduce jobs for deploying them on Hadoop.HiveQL
also supports MapReduce scripts that can be plugged into the
gueries.Hiveincreasesschemadesignflexibilityandalsodataserializationanddeserializ

ation.

Hive isbest suited forbatch jobs, ratherthan working withweb log dataand
append-only data. It cannot work for online transaction processing (OLTP)systems
since it does not provide real-time querying for row-level update. Hiveservicessuch
as Meta store, Filesystem, and Job Client inturn

communicateswithHivestorageandperformsthefollowingactions.

e MetadatainformationoftablescreatedinHiveisstoredinHive"Metastoragedatab

ase’.

e QueryresultsanddataloadedinthetablesaregoingtobestoredinHadoopclustero
nHDFS.

41.3.1 JobExecutionFlow

ThedataflowinHivebehavesinthefollowingpattern.

e ExecutingQueryfromtheUIl(Userlnterface).

e ThedriverisinteractingwithCompilerforgettingtheplan.(Hereplanreferstoquery
execution)processanditsrelatedmetadatainformationgathering.

e Thecompilercreatestheplanforajobtobeexecuted.Compilercommunicatingwit
h Metastoreforgettingmetadatarequest.

¢ Metastoresendsmetadatainformationbacktocompiler.
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Compiler communicating with Driver with the proposed plan to execute
thequery.

DriverSendingexecutionplanstoExecutionengine.
ExecutionEngine(EE)actsasabridgebetweenHiveandHadooptoprocessthequ
ery.ForDFS operations.

EE should first contacts Name Node and then to Data nodes to get
thevaluesstoredintables.

EE is going to fetch desired records from Data Nodes. The actual data
oftables resides in data node only. While from Name Node it only fetches
themetadatainformationforthequery.
Itcollectsactualdatafromdatanodesrelatedtomentionedquery
ExecutionEngine(EE)communicatesbi-
directionallywithMetastorepresentinHivetoperformDDL (DataDefinitionLangua
ge)operations.HereDDLoperationslikeCREATE,DROPandALTERINGtablesa
nddatabasesaredone.Metastorewillstoreinformationaboutdatabasename,tabl
enamesandcolumnnamesonly.ltwillfetchdatarelatedtoquerymentioned.
ExecutionEngine(EE)inturncommunicateswithHadoopdaemonssuchas
Name node, Data nodes, and job tracker to execute the query on top

ofHadoopfilesystem.

USER HIVE COMMAND .

Hive QL Process Engine

Execution Engine

MAP REDUCE

Fig4.5HIVE.
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4.1.3.2 DifferentModesOfHive
Hive can operate in two modes depending on the size of data nodes
inHadoop.ThesemodesareLocal modeandMapreducemode
WhenTo UselLocalMode
e |f the Hadoopinstalled under pseudo modewithhaving one data
nodeweuseHiveinthis mode
¢ Ifthedatasizeissmallerintermoflimitedtosinglelocalmachine,wecanusethis
mode
e Processingwillbeveryfastonsmallerdatasetspresentinthelocalmachine
WhenTo UseMap ReduceMode
e IfHadoopishavingmultipledatanodesanddataisdistributedacrossdifferentnode
weuseHivein thismode.
¢ ltwillperformonlargeamountofdatasetsandquerygoingtoexecuteinparallelway.
e Processingoflargedatasetswithbetterperformancecanbeachievedthroughthis
mode
In Hive, we can set this property to mention which mode Hive can work?
Bydefault, it works on Map Reduce mode and for local mode you can have
thefollowing setting. From the Hive version 0.7 it supports a mode to run map
reducejobsinlocalmodeautomaticallydatawhichisavailableinhdfssowhileprocessing
the data first internally it will going to convert into the (key, value) pairthat input will
goes to mapper then sorting and shuffling of data will happened andthis
intermediate data will going to pass to the reducer and internally combiner
willcombine the data of key and value data and finally it will going to pass to the

hdfsforstoragepurpose.
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Fig4.6MapReduce.
e ltstoresschemainadatabaseandprocesseddataintoHDFS.
e |tisdesignedforOLAP.
e ItprovidesSQLtypelanguageforqueryingcalledHiveQLorHQL.

Itisfamiliar,fast,scalable,andextensible.

Clinical.CSV

HIVE QUERY LANGUAGE anaiyzepata  PARTITION TaBLE

BASED on COLUMNS
N —_— o= —
. N . ll
‘ [y — Q
e
Clinical_TABLE HIVE EXECUTION ENGINE _ Clinical / | \
INTERNAL TABLE
EXTENAL TABLE ' ' '
BUCKETING DATA
) x /!
HDFS

((.

HIVE WHEREHOUSE

Fig4.7AnalyzingQuery
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4.1.4 ANALYSISLATINSCRIPT(PIG)

To analyze Clinical using Pig, programmers need to write scripts using
PigLatin language and execute them in interactive mode using the Grunt shell.
Allthese scripts are internally converted to Map and Reduce tasks. After invoking
theGrunt shell, you can run your Pig scripts in the shell. Except LOAD and
STORE,while performing all other operations, Pig Latin statements take a relation
as inputand produce another relation as output. As soon as you enter a Load
statement
intheGruntshell,itssemanticcheckingwillbecarriedout. Toseethecontentsofthe
schema, you need to use the Dump operator. Only after performing the
dumpoperation, the Map Reduce job for loading the data into the file system will
becarried out. Pig provides many built-in operators to support data operations
likegrouping,filters,ordering,etc.

The major benefit of PIG is that it works with data that are obtained
fromvarious sources and store the results into HDFS (Hadoop Data File System).
Theprogrammershavetowritethe scriptsinPIGLatinlanguagewhicharethenconverted
into Map and reduce tasks with the Pig Engine component (Apache Pighas a
component called Pig Engine. It usually accepts the Pig Latin scripts
toconvertthemintoMapReducejobs).Generally,theApachePiggivesanabstraction to
reduce the complexity of developing MapReduce Programming forthe developers.

The common reason for using the Pig is that it gives hand to writeshort programs.

Pig Latin
Scripts

Apache Pig
Grunt Shaoall Pig Serwver
FParser
OptiTnizaesr
Compiler

Execution Engina

MoapRacodwuscoe

Hadoop

HDFS

Fig4.8Pig
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The advanced features of Apache Pig enable the programmers to do
moreworkthanotherframeworks.Thisalsoeasesthelifeofadataengineerinmaintaining
various ad hoc queries on the data sets. In fact, Apache Pig is a
boonforalltheprogrammersandsoitismostrecommendedtouseindatamanagement.

ThePigLatinCompilerisdefinedastheruntimeenvironmentwhichconvertsthePig
sourcecodeintoexecutablecode.Generally,mostoftheexecutablecodeexistsintheform
ofMapReduceform.Firstofall,theprogrammers have to write Pig scripts and analyze
them. These pig scripts areprocessed with the help of Apache Pig components
such as a parser, optimizer,compiler and finally to the execution engine. Now, you
will be able to get theexecutable code of Pig Latin which is to be converted into
MapReduce tasks.
TheMapReducetasksarethenstoredintotheHadoopDistributedFileSystem(HDFS).

LOCAL MODE Clvinical.csv 0

GRUNT SHELL B FILTER BY
CP“\' i — l
PIG LATIN O\s"(/

¢
’ S °>°°N SCRIPTING LANGUAGE Q
\ ‘
—7

= = GROUP BY
HDF S MODE =) |
SCRIPTING
L ANGUAGE GRUNT SHELL e
—\a : ORDER BY
> pig § " A¥~ RESULT STORED IN HDFS
HDFS

SEE RESULT

v

> cat hdfs/part-r-00000
part-r-00000 DUMP
Fig4.9AnalysisOfPIG
4.1.5 PROCESSING(MAPREDUCE):
MapReduceisaframeworkusingwhichwecanwriteapplicationstoprocesshugea
mounts ofClinical,inparallel,onlargeclusters ofcommodityhardware in a reliable
manner. Map Reduce is a processing technique and

aprogrammodelfordistributedcomputingbasedonjava. TheMapReduce
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algorithm contains two important tasks, namely Map and Reduce. Map
Reduceprogram executes in three stages, namely map stage, shuffle stage, and
reducestage. The map or mapper’s job is to process the input data. Generally, the
inputdata is in the form of file or directory and is stored in the Hadoop file
system(HDFS). The input file is passed to the mapper function line by line. The
mapperprocesses the data and creates several small chunks of data. This stage is
thecombinationoftheShufflestageandthe Reducestage.

The Reducer’s job is to process the data that comes from the mapper.
Afterprocessing,itproducesanewsetofoutput,whichwillbestoredintheHDFS.SinceHiv
eschemaiscreatedonastandardSQLdatabase,yougettheadvantage of running SQL
gueries on the huge dataset also and are able toprocessGBs orTBs of data
withsimple SQL queries. Since actualdata residesinto HDFS, so these Hive SQL
gueries are being converted into MapReduce jobsand these parallelized maps
reduce jobs process these huge volumes of data andachieve

scalableandfaulttolerantsolutions.

Input File (file.txt) (200 MB)

hi how are you
how is your job

(64 MB) 1-Split

Input Split Input Split Input Split Input Split

how is your family

how is your brother
(64 MB) 2-split

how is your sister

what is the time now
(64 MB) 3-Split

(byteOffSet,jentireLine) b -
s . eOffSet, |entireLine
Wh&tz;;‘z;‘;ﬁtﬂg‘h et hedoor (g, hi harN are y.oub) (byteOffSgt, entirelLine) {byt i )
{ighow isycgr job) (byteOffSet, lentirelLine)
FILETXT (200 MB) N/ NV
Mapp Mapp Mapper Mapper
e L 4 sl
(hi1) (how,1)  (how,1) (how,1)  (how,1) (what) (what,1)
(how,1) (is,1) (is, 1) (is, 1) (is,1) (is,1) (is,1)
(are,1) (your,1)  (youra1) (your,1) (your,1) (the,1)  (thed1)
(you,1) (job,1) (family,1) (brother,1) (sister,1) (time,1)  (strength,1)
(now,1) (of,1)
(hadoop,1)

are,1)
(brother,1)
(family,1)
(hadoop,1)
(how,4)
is6) etc.

_SUCCESS (it message for success)
_logs (it is directory for logs)
part-00000 (output file|

output likes

Fig4.10MapReduceProcess.
One map task is created for each split which then executes map function for
eachrecordinthesplit.
e Itis always beneficial to have multiple splits because the time taken

toprocessasplitissmallascomparedto thetimetakenforprocessingof the
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whole input. When the splits are smaller, the processing is better to
loadbalancedsincewe areprocessingthesplitsin parallel.

However, it is also not desirable to have splits too small in size. When
splitsare too small, the overload of managing the splits and map task
creationbeginstodominatethetotal jobexecutiontime.

For most jobs, it is better to make a split size equal to the size of an
HDFSblock(whichis 64MB,bydefault).

Execution of map tasks results into writing output to a local disk on
therespective nodeandnottoHDFS.

Reason for choosing local disk over HDFS is, to avoid replication
whichtakesplaceincaseofHDF Sstoreoperation.

Map output is intermediate output which is processed by reduce tasks
toproducethefinal output.

Once the job is complete, the map output can be thrown away. So, storing
itinHDFSwith replicationbecomes overkill.

In the event of node failure, before the map output is consumed by
thereduce task, Hadoop reruns the map task on another node and re-
createsthemapoutput.

Reduce task doesn't work on the concept of data locality. An output of
everymap task is fed to the reduce task. Map output is transferred to the
machinewhere reducetaskis running.

On this machine, the output is merged and then passed to the user-
definedreducefunction.

Unlike the map output, reduce output is stored in HDFS (the first replica
isstored on the local node and other replicas are stored on off-rack

nodes).So,writingthereduceoutput.
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Fig4.11MapReduceArchitecture

4.2 ALGORITHMS

Introduces the important concept of local aggregation in Map Reduce
andstrategies for designing efficient algorithms that minimize the amount of
partialresults that need to be copied across the network. The proper use of
combiners isdiscussedin detail,aswellasthe“in-mappercombining”designpattern.

Generally MapReduce paradigmis based on sending the computer to wherethe

data resides. MapReduce program executes in three stages, namely
mapstage,shufflestage,andreducestage.

e Map Stage: The map or mapper’'s job is to process the input data.
GenerallytheinputdataisintheformoffileordirectoryandisstoredintheHadoopfile
system (HDFS). The input file is passed to the mapper function line byline.
The mapper processes the data and creates several small chunks ofdata.

e Reduce Stage: This stage is the combination of the Shuffle stage and
theReducestage.TheReducer’sjobistoprocessthedatathatcomesfromthe
mapper. After processing, it produces a new set of output, which will
bestoredintheHDFS.

4.2.1WordCount
Themapperemitsanintermediatekey-

valuepairforeachwordinadocument.Thereducersumsupall countsforeachword.
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1:classMapper
2: method Map (doc id a, doc
d)3:forall termtedoc ddo
4:Emit(termt,countl)
1:classReducer
2: method Reduce (term t, counts [c1, c2, . .
J)3:sum— 0
4: for all count ¢ € counts [c1, c2, . . .]
do5:sum« sum+c
6:Emit(termt,countsum)
4.2.2
1:classMapper
2: method Map (doc id a, doc
d)3:H<—newAssociativeArray4:f
orall termtedoc ddo
5: H{t} — H{t} + 1. Tally counts for entire
document6:forall termteH do
7:Emit(term t,countH{t})
4.2.3
1:classMapper
2:methodinitialize
3:H—newAssociativeArray4:
method Map (doc id a, doc
d)5:forall termtedoc ddo
6: H{t} — H{t} + 1. Tally counts across
documents7:methodClose
8:foralltermteHdo
9:Emit(termt,countH{t}
4.3REQUIREMENTANALYSIS
Requirement analysis determines the requirements of a new system.
Thisproject analyses on product and resource requirement, which is required for
thissuccessfulsystem.Theproductrequirementincludesinputandoutputrequirementsit

givesthewantsintermofinputtoproducetherequiredoutput.
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Theresourcerequirementsgiveinbriefaboutthesoftwareandhardwarethatareneededto
achievetherequiredfunctionality.
4.3.1 HardwareEnvironment

The hardware requirements may serve as the basis for a contract for
theimplementation of the system and should therefore be a complete and
consistentspecification of the whole system. They are used by software
engineers as thestarting point for the system design. It shows what the systems
do and not how itshouldbeimplemented.

e Harddisk : 40GB

e Monitor : 15’colourwithVVGlcard support

e Ram : 4GBDDRam

e Processor : Pentiumivandabove(or)equivalent
e Processorspeed ; Minimum500MHZ

4.3.2 SoftwareEnvironment

The software requirements are the specification of the system. It
shouldinclude both a definition and a specification of requirements. It is a set of
what thesystem should do rather than how it should do it. The software
requirementsprovide a basis for creating the software requirements specification.It
is useful inestimating cost, planning team activities, performing tasks and tracking

the team ’sandtrackingtheteam’sprogressthroughoutthedevelopmentactivity.

e Operatingsystem : VMWare
e Frontend : MySQL
e Backend : Hadoop
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CHAPTER
SRESULT

To analyze no limitation of data and simply add number of machines to
thecluster and we get results with less time, high throughput and maintenance cost
isverylessandweareusingjoins,partitionsandbucketingtechniquesinHadoop.

Big Data are radically changing research. The unprecedented advances
inautomatedcollectionoflarge-scalemolecularandclinicaldataposemajorchallenges
to data analysis and interpretation, calling for the development of
newcomputationalapproaches.ThecreationofpowerfulsystemsfortheeffectiveuseofBi
gDatainPersonalizedwillrequiresignificantscientificandtechnicaldevelopments,includ
inginfrastructure,engineering,projectandfinancialmanagement. We review here how
the evolution of data-driven methods offers
thepossibilitytoaddressmanyoftheseproblems,guidingtheformulationofhypotheses
on systems functioning and the generation of mechanistic models,
andfacilitatingthedesignofclinicalprocedures.

OUTPUT

hive> select
where PROBLE

OSPITAL NAM,CIT,PATIENT N&M, count (PROBLE), PROBLE FROM hosl
'FEVER' GROUP BY HOSPITAL NAM,CIT, PATIENT NA&AM, PROBLE LIMIT

Il

20;

OK

hospital nam cit patient nam _c3 proble
Z.G.HOSPITAL CHENNAI VIEKASNI 1 FEVER

Z.G.HOSPITAL CHENNAI VISHETA 1 FEVER

LASHILNA HOSPITZAL CHENNAI SENDHEN 1 FEVER

AGARWALLS EYE INSTITUTE PRIVATE LIMITED CHENNAI SANITHI 1 FEVER
AGARWALLS EYE INSTITUTE PRIVATE LIMITED CHEHENNAT VIRANGANA 1
FEVER

AGARWALLS EYE INSTITUTE PRIVATE LIMITED CEENNAT YASENA 2 B FEVER
ZMAR HOSPITAL CHENNAT ADHIYAMOLZN el FEVER

ZMAR HOSPITAL CHENNAT RERISHNZ-DWATIPLYLNA 1 FEVER
ZMAR HOSPITAL CHENNAT EXKUPPURZM 1 FEVER

ZMAR HOSPITAL CHENNAT NALLAMUTHU 1 FEVER

AMAR HOSPITAL CHENNATI NANJAIYAR 1 FEVER

AMALR HOSPITAL CHENNAI SAMPREETI 1 FEVER

AMALR HOSPITAL CHENNAI SEVANDHT 1 FEVER

AMALR HOSPITAL CHENNAI VRITTI 1 FEVER

AZPOLLO CANCER HOSPITAL CHENNAT ACEYUTAM 3k FEVER
APOLLO CANCER HOSPITAL CHENNAT ADEIYAMOZN aE FEVER
APOLLO CANCER HOSPITAL CHENNAT N&AMBT 1 FEVER

ZPOLL.O CANCER HOSPITAL CHENNAI PARUSHI 1 FEVER

ZPOLL.O CANCER HOSPITAL CHENNAT RIDHUSHNI 1 FEVER
APOLLO CANCER k—iOSPITA_T_. CHENNAT SANJUSHREE 1 FEVER

Time taken: 11.48 seconds
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hive> select * from hos1 where PROBLE = "MELANOMA' LIMIT 5;

ded Job = job_201809242128 0002

il
1011  APOLLO MEDICAL CENTRE CHENNAI 2/3/20] 6 3266 ADITHAN 49 M
MELANOMA o7 o8 84 126 CHECKS THE PATIENTS BICARBONATE (CARBON

DIOXIDE) SENT TO DOCTOR TREATS PATIENT BY SEEING REPORTS DESCRIBED TO
PATIENTS 15821

1073 JAYADEV POLYCLINIC HOSPITAL  CHENNAI 6/25/2015 5641 TOKKA 54 F
MELANOMA 99 108 93 130  CHECKS THE PATIENTS BICARBONATE (CARBON
DIOXIDE)  SENT TO DOCTOR TREATS PATIENT BY SEEING REPORTS DESCRIBED TO
PATIENTS 6494

1083 LAKSHMI MATERNITY HOSPITAL CHENNAI 6,/26/2016 4654 VIKASNI 20 F
MELANOMA 99 116 95 140  CHECKS THE PATIENTS BICARBONATE (CARBON
DIOXIDE)  SENT TO DOCTOR TREATS PATIENT BY SEEING REPORTS DESCRIBED TO
PATIENTS 2832

1059 HANDE HOSPITAL CHENNAI 1/12/2017 4978 ROSHITA 91 F MELANOMA
o7 o7 93 117  CHECKS THE PATIENTS  BICARBONATE (CARBON DIOXIDE) SENT
TO DOCTOR TREATS PATIENT BY SEEING REPORTS DESCRIBED TO PATIENTS 20104

1027 CHINNAMMAL ENT HOSPITAL CHENNAI 11,/21/2015 2315 NALLAPERUMAL 34
M MELANOMA o7 106 85 142  CHECKS THE PATIENTS BICARBONATE
(CARBON DIOXIDE)  SENT TO DOCTOR TREATS PATIENT BY SEEING REPORTS DESCRIBED
TO PATIENTS 21552

hive> SELECT HOSPITAL_NAM,CIT PATIENT_NAM TEMPERATURE_MI FROM hos! where
+ TEMPERATURE I >= 90 or TENPERATURE_M < 90 i 5

Ended Job = job_201809242222_004]

oK

APOLLO SPECIALITY HOSPITALS ~ CHENNAI ABHINAVAN 97

ASIAN HOSPITAL CHENNAI NALLANBAN 99

A.GHOSPITAL  CHENNAI ABHISEKA 97

A.G.MHOSPITAL CHENNAI ABIJITH 98

ANMMEDICALS ENT RESEARCH FOUNDATION PVT LT CHENNAI ACHYUTAM 97

Time taken: 3.781 seconds
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CHAPTER
6CONCLUSIONANDFUTUREWORK

CONCLUSION

This model presented astudy on Clinicalis to help the doctors by gettingthe
idea of what treatment has been given to that particular patient in the past.
Apatientcangetanideatoseewhichhospitalistreatingbetterforparticularproblems.
Analyze the Clinical data using Hadoop ecosystem where Hive and
PigusedforanalysisandMapReduceforprocessing.
FUTUREENHANCEMENT

Apache Sparkisan open source processingengine built around speed,case
of use, and analytics. If you have large amounts of data that requires
lowlatencyprocessingthatatypicalMapReduceprogramcannotprovide,Sparkisthealte
rnative.Sparkprovidesin-
memoryclustercomputingforlightningfastspeedandsupportsJava,

Scala,andPythonAPIsforeaseofdevelopment.
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APPENDIX

A. SAMPLECODE
MySQL>select*fromtreat limit5;

+ + + + + +
+ + + + + + + +
o+ + + +
+ +
I[HOSPITAL_I[HOSPITAL_NAM ICIT | DAT
IPATIENT _I[PATIENT_NA
M|AG|GENDE|PROBLE ITEMPERATURE_MI
ITEMPERATURE_MA|BP_MIN|BP_MA|INTERACT_WITH_DOCTO]|
LAB_TES IREPORT [TREATMEN |
PRESCRIPTIO | BIL|
+ + + + + +
+ + + + + + + +
o+ + + +
+ +
|  1000]JAPOLLOSPECIALITYHOSPITALS | CHENNAI
|10/29/2015|1243  |ABHINAVAN [26| M IFEVER | 99

100]  87|100|CHECKSTHEPATIENTS|ACTHSUPPRESSION

| SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBEDTOPATIENTS| 23004

|  1001JASIANHOSPITAL |CHENNAI|12/31/2017|1565
INALLANBAN|  15|M  |BACKPAIN | 100| 96| 94| 108
ICHECKS THE PATIENTS | ADRENOCORTICOTROPIC HORMONE (ACTH)
ISENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBEDTOPATIENTS]| 4059|

| 1002]A.G.HOSPITAL |CHENNAI|11/27/2015|5564
IABHISEKA  [45| M INEURALPAIN| 97| 109] 91| 127
ICHECKS THE PATIENTS | ALANINE AMINOTRANSFERASE (ALT) | SENT
TODOCTOR | TREATS PATIENT BY SEEING REPORTS | DESCRIBED
TOPATIENTS]| 18508
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|  1003|A.G.M.HOSPITAL |ICHENNAI|1/19/2015|1147
IABIJITH | 68|M  |APPENDIX | 97| 96| 94136
|CHECKSTHEPATIENTS|ALBUMIN | SENT TO DOCTOR
ITREATSPATIENTBYSEEINGREPORTS|DESCRIBEDTOPATIENTS|20115
I
| 1004 | A.V.M. MEDICALS ENT RESEARCH FOUNDATION PVT LT
|ICHENNAI|4/11/2017]2013 JACHYUTAM  |10| M |CANCER

197] 107| 80|  120|CHECKSTHEPATIENTS|ALKALINE
PHOSPHATASE | SENT TO DOCTOR | TREATS PATIENT BY
SEEINGREPORTS|DESCRIBED TOPATIENTS|22761]

[traininglocalhost~] $Sqoop import --connect jdbc: mysql://localhost/movie lens --

usernametraining--password training--tabletreat--m1--target-dir.clinic;

[traininglocalhost~] $Sqoopeval --connect jdbc: mysql://localhost/movielens --

usernametraining--password training--query"select*fromtreatlimit5"

0 I O L L I S L B
+H+++++

+
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+ + + + + + + +
o+ + + +

+ +
|  1000JAPOLLOSPECIALITYHOSPITALS | CHENNAI
|10/29/2015|1243  |ABHINAVAN [26] M IFEVER | 99

100]  87|100|CHECKSTHEPATIENTS|ACTHSUPPRESSION

| SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBEDTOPATIENTS| 23004

|  1001JASIANHOSPITAL |ICHENNAI|12/31/2017|1565
INALLANBAN|  15|M  |BACKPAIN | 100| 96| 94| 108
ICHECKS THE PATIENTS | ADRENOCORTICOTROPIC HORMONE (ACTH)
ISENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBEDTOPATIENTS]| 4059|

|  1002]A.G.HOSPITAL |CHENNAI|11/27/2015|5564
JABHISEKA  [45| M INEURALPAIN]| 97| 109] 91| 127
ICHECKS THE PATIENTS | ALANINE AMINOTRANSFERASE (ALT) | SENT
TODOCTOR | TREATS PATIENT BY SEEING REPORTS | DESCRIBED
TOPATIENTS| 18508

|  1003]A.G.M.HOSPITAL |CHENNAI|1/19/2015]|1147
IABIJITH | 68M  |APPENDIX | 97| 96| 94136
|ICHECKSTHEPATIENTS|ALBUMIN | SENT TO DOCTOR

[TREATSPATIENTBYSEEINGREPORTS|DESCRIBEDTOPATIENTS|20115
I
| 1004 | A.V.M. MEDICALS ENT RESEARCH FOUNDATION PVT LT
|ICHENNAI|4/11/2017]2013 JACHYUTAM  |10| M ICANCER

197 107| 80|  120|CHECKSTHEPATIENTS|ALKALINE
PHOSPHATASE | SENT TO DOCTOR | TREATS PATIENT BY
SEEINGREPORTS|DESCRIBED TOPATIENTS|22761]

5rowsinset(0.01sec)
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listingdatabases:

[traininglocalhost~] $Sqoop list-databases --connect jdbc:
mysql://localhost/movielens--usernametraining--password training
18/09/11 01:10:07 WARN tool.BaseSqoopTool: Setting your password on
thecommand-lineis insecure. Considerusing-Pinstead.

18/09/11 01:10:07 INFO manager.MySQLManager: Preparing to use a
MySQLstreamingresultset.

information

schemamovie lens

training

HIVE:-

n—

[traininglocalhost~] $

hiveHivehistory

file=/tmp/training/hive_job_log_training 201809242142 713934136.txt
hive>

hive> show

databases;OK

default

Timetaken:1.618seconds

hive> create database
hospital;OK

Timetaken:0.239seconds

hive>showdatabases;
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OK

default

hospital
Timetaken:0.067seconds

hive> use
hospital;OK
Timetaken:0.067seconds

CreateHiveTable:-

SRR

hive> create table hos1(HOSPITAL | int HOSPITAL_NAMstring, ITstring,
ATstring,PATIENT _lint, PATIENT_NAMstring,AGstring, GENDEstring, PROBLEStri
ng, TEMPERATURE_MIint, TEMPERATURE_MAInt,BP_MINint,BP_MAInt,INTER
ACT_WITH_DOCTOstring,LAB_TESstring,REPORTstring, TREATMENString,PR
ESCRIPTIOstring,BILint) row format delimited fieldsterminatedby',’;

OK

Time taken: 0.334

secondsLoadingDataintoTheTa

ble:-

hive>loaddatainpath'/user/training/clin/part-m-00000'intotablehos1;

Loading data to table
hospital.hos10K

Time taken: 0.399
secondsHIVEANALYSIS:-

kkkkkkkkkkkkk

Howtoapply conditionsandseetheresult?

+++++++ bt
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hive>select*fromhoslwherePROBLE="MELANOMA'LIMITS5;

OK
hospital  hospital_namecitdat  patient_i patient_ nham ag

gendeproble temperature mi

temperature_mabp_minbp_mainteract_with_doctolab_tesreporttreatmenpre

scriptio bil

1011 APOLLOMEDICALCENTRECHENNAI12/24/2015 3266 ADITHAN
49 M MELANOMA 100 104 97 131 CHECKS
THEPATIENTS BICARBONATE (CARBON DIOXIDE) SENT

TO DOCTOR TREATSPATIENTBYSEEINGREPORTS
DESCRIBEDTOPATIENTS9454

1073 JAYADEVPOLYCLINICHOSPITAL CHENNAI6/16/2016
5641TOKKA54 F MELANOMA 98 116
100 102 CHECKS THEPATIENTS BICARBONATE (CARBON

DIOXIDE) SENT TO DOCTOR TREATSPATIENTBYSEEINGREPORTS
DESCRIBEDTOPATIENTS9669

1083 LAKSHMIMATERNITYHOSPITAL CHENNAI10/14/2015
4654VIKASNI20 F MELANOMA 98 95 86
101 CHECKS THEPATIENTS BICARBONATE (CARBON

DIOXIDE)SENT TO DOCTOR TREATSPATIENTBYSEEINGREPORTS
DESCRIBED TOPATIENTS 241781059
HANDEHOSPITALCHENNAI3/21/2015 4978 ROSHITA91 F

MELANOMA 99 102 86 109 CHECKS THE

PATIENTSBICARBONATE (CARBON DIOXIDE)SENT TO DOCTOR TREATS

PATIENT BYSEEINGREPORTS DESCRIBEDTOPATIENTS12559

1027 CHINNAMMALENTHOSPITALCHENNAI8/1/2017 2315

NALLAPERUMAL 34 M MELANOMA 98 103 81 123

CHECKS THE PATIENTSBICARBONATE (CARBON DIOXIDE)SENT

TODOCTOR TREATS PATIENT BY SEEING REPORTSDESCRIBED

TOPATIENTS17890

Timetaken:4.452seconds

Howtoapply conditionsontheclinicaldata?

++++++HH b
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hive>select COUNT (*) fromhoslwherePROBLE='"MELANOMA';

OK
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792
Timetaken:14.559seconds

hive> select HOSPITAL_NAM, CIT, PATIENT_NAM, count (PROBLE),
PROBLEFROM hos1 where PROBLE ='FEVER' GROUP BY HOSPITAL_NAM,
CIT,PATIENT_NAM,PROBLELIMIT 20;

OK
hospital cit patient _c3 proble
A.G.HOSPITAL CHENNAI VIKASNI1 FEVER
A.G.HOSPITAL CHENNAI VISHETA1
FEVERAASHIANAHOSPITAL
CHENNAISENDHEN1 FEVER
AGARWALLS EYE INSTITUTE PRIVATE LIMITED CHENNAI SANITHI
1FEVER
AGARWALLSEYEINSTITUTEPRIVATELIMITEDCHENNAIVIRANGANA

FEVER
AGARWALLS EYE INSTITUTE PRIVATE LIMITED CHENNAI
YASHNA1IFEVER
AMARHOSPITAL CHENNAIADHIYAMAAN 1 FEVER
AMARHOSPITAL CHENNAIKRISHNA-DWAIPAYANA 1
FEVERAMARHOSPITAL CHENNAIKUPPURAM 1
FEVER
AMARHOSPITAL CHENNAINALLAMUTHU 1
FEVERAMARHOSPITAL
CHENNAINANJAIYA 1
FEVERAMARHOSPITAL
CHENNAISAMPREETI 1
FEVERAMARHOSPITAL
CHENNAISEVANDHI 1
FEVERAMARHOSPITAL CHENNAI
VRITTI1 FEVER
APOLLOCANCERHOSPITALCHENNAIACHYUTAM 1 FEVER
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APOLLOCANCERHOSPITALCHENNAIADHIYAMAAN 1 FEVER
APOLLOCANCERHOSPITALCHENNAINAMBI1

FEVERAPOLL
OCANCERHOSPITALCHENNAIPARUSHI1

FEVERAPOLL
OCANCERHOSPITALCHENNAIRIDHUSHNI 1 FEVER
APOLLOCANCERHOSPITALCHENNAISANJUSHREE 1 FEVER

Timetaken:11.48seconds
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mysql> select * from treat limit 5;

+ - - - +
| HOSPITAL_I | HOSPITAL_NAM | T | DAT | PATIENT_| | PATIENT_NAM | AG
|G&40€|PROBLE |TEMPERATUREAM|TEMPERA‘IUREMA|BPMN|BPMA|
PRESCRIPTIO | BiL |

+ - - + -
| 1000 | APOLLO SPECIALITY HOSPITALS | CHENNAI | 10/29/2015 | 1243 |
ABHINAVAN | 26 | M | FEVER | 99 | 100 | 87| 100 | CHECKS THE PATIENTS
| ACTH SUPPRESSION | SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS | DESCRIBED
TO PATIENTS | 23004 |
| 1001 | ASIAN HOSPITAL | CHENNAI | 12/31/2017 | 1565 | NALLANBAN |
15| M | BACKPAIN | 100 | 96| 94| 108 | CHECKS THE PATIENTS |

ADRENOCORTICOTROPIC HORMONE (ACTH) | SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBED TO PATIENTS | 4059 |

| 1002 | AG.HOSPITAL | CHENNAI | 11/27/2015 | 5564 | ABHISEKA |
45 | M | NEURAL PAIN | 97 | 109 | 91| 127 | CHECKS THE PATIENTS | ALANINE
AMINOTRANSFERASE (ALT) | SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS | DESCRIBED TO
PATIENTS | 18508 |

| 1003 | AGMHOSPITAL | CHENNAI | 1/19/2015 | 1147 | ABUITH |
68 | M | APPENDIX | 97 | 96| 94| 136 | CHECKS THE PATIENTS | ALBUMIN
| SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS | DESCRIBED TO PATIENTS | 20115 |

| 1004 | AV.MMEDICALS ENT RESEARCH FOUNDATION PVT LT | CHENNAI | 4/11/2017 | 2013 |
ACHYUTAM | 10| M | CANCER | 97 | 107 | 80| 120 | CHECKS THE
PATIENTS | ALKAUNE PHOSPHATASE | SENT TO DOCTOR | TREATS PATIENT BY SEEING REPORTS |
DESCRIBED TO PATIENTS | 22761 |

Ended Job = job_201809262149_0007
Ended Job = 848722547, job s filtered out (removed ot runtime),

Moving data to; hdfs://localhost/tmp /hive-training /hive_2018.09-26_23.25-
39_693_5255021456270881882/.ex.10000

loading data to table hospitol.gende_buckets
Deleted hdfs:/ /localhost /user /hive/warehouse /hospital db / gende_buckets

Table hospital.gende_buckets stats: [num_partitions: O, num_files: 1, num_rows: 0, total_size:
11000670)

49999 Rows loaded to gende_buckets
oK
Time token: 5,908 seconds

49



C. PUBLICATIONWITHPLAGIARISMREPORT

50



Turnitin

lof4

https://www.turnitin. com/newreport_printviewasp?eq=1&eb=1&esm. ..

TurnitinOriginality

Report
Processed on: 21-Feb- SimilaritybySource
202010:56AMCSTID:1261533112 Similaritylndex InternetSources: 9%

WordCount: 1913 130/ Publications: 11%
Submitted:1 0 StudentPapers: 9%

Personalization For

FaatureSelection ln Clinic
=1 | |\ )

rcatur  cJouerceCuarvuvirTr mnm

FormAuto Filling By K.

Tejasri[
LecebwastamaviDr. L. 7%match(Internetfrom0O5-May-

2019)https://es.scribd.com/document
/341486263 /MapReduce-Algorithms

3%match(publications)
L. Ramanathan, G. Parthasarathy, K. Vijayakumar, L. Lakshmanan, S.

Ramani."Cluster-based distributed architecture for prediction of student’s

performanceinhighereducation”,ClusterComputing,2018

1%match(Internetfrom29-0Oct-
2019)https://ijsiet.org/vol32018/11.

pdf -

1%match(studentpapersfrom04-jun-2016)

SubmittedtoABV- )
IndianinstituteofinformationTechnologyandManagementGwalioron2016-06-04

<1%match(studentpapersfrom25-Apr-2016)
SubmittedtoSavitribaiPhulePuneUniversityon2016-04-25

Personalization For Feature Selection In Clinical Form Auto Filling
K.Tejasri[1],L.Sreevaishnavi[2],DR.L.Lakshmanan[3].[1],[2]UGStudent
Department of Computer Science Engineering,Sathyabamalnstitute of

Science and Technology.[3] Professor, Department ofComputer

science ,Sathyabama Institute of Science and TechnologyAbstract—
Feature learning and selection will be fully used in manytechnical
areas for the reason because of their advancedimplementation and
less delicacy. Usually established models arecustomarily treating
altogether based on terms with the even featuresets, such that should
be able to strident and that gives
AccompaniedinformationcangivesomeDistinctattributesforthegivenmodel
.Here,justweintroducedoneterminologyi.e,personalizationaccessibletoDis
cuss the properties based on each and every form. Each points
willbegivenastheinputsothatmethodswillgivemuchimportancetothesele
ctionscheme.Second,itdescribespropertyofsearchingpatterntoinducefeatu
reaspirantsubsetsforeveryphrase.Heretoweringfactsofindividualdealswit
htheinvestigationsoftheserenedetails,problems,Intelligenceandhospitalss
pecialties.Finallyitattainsthepersonalizedphrasesetforeverytermistorelat
edforallphrasessotheycanusedto integrate onto searching method.
Keywords—Big Data,
HDFS,MapReduce,CSV.I.INTRODUCTIONCuringissuperiorforscrupuloushe
alth problem. Feature selection is a searching pattern of a incisiveskill
for proposing the new bring out subsets, next to with evaluation
measureswhichcontainsdifferentfeaturesubsets.By[HDFS]spread
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outtolimitstorageusescanraisesalgorithmspeed.Theterm”Bigdata”isthegat
heringofhugechunkofinformation.thatcanbeusedbyoldtechniquesi.e,Socia
Imedia,itconsistsofthestructured,unstructured,semistructureddata.ltcantr
ansfer,thedatafromHadoopwiththeSqoopandpossessthedatausinghive.ltca
nanalyzethedatausingpig.areanalysingclinicaldatawithusageofHadoopapp
liancewiththeHadooptermslikeHDFS,mapreduce,Sqoop,hiveandpig.Whileu
singallthesetackels,itwillaffairunboundeddata,Bythiswewillgethighout-
turn,andContinuancevaluealsoverylowandthesoftwarethatcanbeusedherei
severyonecanmodifyandshareeasily.ltexecutedonalltheobjectives.anditisb
aseuponjava.Fromthis
clinicalformfeatureselectionwillknowwhichhospitalproblem.

Here using the [CSV] comma de limiter which load the data set in
thiswe are not giving the data entries. Il. RELATED WORK Daniel Jarrett
[4]exactpredictionofdiseasesarecriticalanditisessentialforprematurerecog
nize and identify suitable cure of patients at risk. Methods insurvival
psychoanalysis are frequently followed by highly
flavouredparametrical assumptions and inadequate in their ability to
be trainedfromhigh-dimensional data.This
paperdevelopsanovelcomeclose
tothataddressesthecornsofincooperationtimehonouredarithmeticalapproa
ches as splendidly as recent setup network models for
survival.WematchMATCH-Net:agoneastrayAwarenessSequentialHitting-
timeNetwork,deliberateforcaptureactivistdependencies.L.LAKSHMANAN
[7]Primarily contributes towards the EDM byintroducingthe clusterbased
distributedarchitectureforpredictingthestudentperfomanceforthehelpfula
cademics.Thefuturecluster—basedstwenarchitectureforPredicts the
student’saccomplishmentby collecting the academicperfomanceof the
students inearlierrecords.Theanticipatedarchitecture has
twojoininglayer,and two distributive layers forperformingvarious
operations,such as clustering,feature extraction
andthePrediction.M.AKAY[8]pointofthisuncommonsegmentistogiveforano
utlineoftheincreasingbiomedicalinformaticsadvancementsandtheirapplica
tionsininquireaboutandclinicalconditions.Afteradvancements in
biomedical informatics have made
strategies,strategiesandapparatuses,whichdependontheinvestigationofhe
terogeneousinformation,informationmining,choiceemotionallysupportive
networks,multiscaledemonstrating,andsoon.Theseparationfrom
theenhancements of such frameworks what's
more,thegenuineclinicalsituationsisstill fullylong,and
justsomeofthemhavebeenuseinaclinicalscale.Physiologicalsignals.Matthe
wR.Boutella[9]Inagreatexampleacknowledgmentthingsclassesarefundame
ntalunrelatedbydefinitionandClassificationmistakescanhappenwhenthecla
ssescoverinthecomponentspace.willlookatadifferentsituation,happeningw
hentheclassesare,bydefinition,nottotallyunrelated.Suchissuesemergeinsig
nificantsceneandhideclassificationandinrestorativeanalysis.Presentingasy
stemtodealwithsuchissuesandapplyittotheissuesofsignificantsceneclassifi
cation,whereacharacteristicscenemaycontaindifferentproteststosuchanext
entthatthescenecanbedepictedbydifferentclassnames(e.g.,an"oldscenewit
hamountaininthefoundation”).MarkH.Drazner[10]Hypertensionremainsan
oteworthygeneralmedicalissuerelatedwithcorrectgrimnessandmortality.Hy
pertensivecoronaryillisagroupofstarsofvariationsfromthenormofhypertens
ivecoronaryillnessisthattheleftventricular(LV)dividerthickensinlightofhoist
edblood
weightasacompensatoryinstrumenttolimitdividerpush.Inthisway,afterapro
gressionofineffectivelyportrayedoccasions("changetodisappointment"),the
leftventricleexpands,andthelLVdischargeportion(EF)decreases(characterize
dthusas"widenedheartfailure").lll.PROPOSEDSYSTEM:Anticipated
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systemdealswithbenevolentfilebyusingHadooptool.itwillbeabletodissectn
obarrieroffactsandplainlytallyuptomachinerytotheclusterandcontractdomi
noeffectwithreducedamountoftime,importantthroughputandmaintenance
rateisenormouslynotasmuchandbyusingpartitionsandbucketingterminolo
giesinSystem.

ADVANTAGES IN PROPOSED SYSTEM: a. No information
shortfallproblem. b. Systemized helpful data is processed. Fig 3.1
ProposedSystem.IV.ALGORITHMS:Algorithm4.1:WordcountMapperemit
sanintermediate key-valuetwo of akindforboth word in a document.
Thereducersumsupentirelycountsforallword.1:classstatusMapper2:pro
cessplot(codcrendtialsa,codd)3:togetherperiod € coddlook
after4:Emit(termt,calculatel)]1:classReducer2:ApproachReduce(termt,c
ounts)3:thelot—04:forentirelyconsiderc € counts[count]ldoorganize5:su
m=sum+c6:Emit(termt,count)Algorithm4.2:Wordcountmapperwithassoc
iativearrays1:wordcountMapper2:methodMaptems(credentialsid

a,codd)3:foralltermcontainsH :
—to thenewAssociativeArray4:forallthetermtconsists € codddob5:

H{t}—H{t}+1.Tallycalculatesfortotaldocument6:countt € Hdo7:Emitthete
rmcontains(termt,countH{t})Algorithm4.3:Word _

count mapperwill use the“-mapper combining” 1: class
Mapper(wordcount)2:proceduremaptendstointialize3:H-—newAssociative _
Array4:procedureMap(credentialsida,codd)5:forallthetermt € codddo 6:
H{t}— H{t}+ 1. Tally calculates for alldocuments 7: methodwillstop.8:
for all termconsists of t € H do 9: Emitthe (term t,
countH{t})V.METHODOLOGIESAnalysingtheinformationwithanassortment
variouskindsofpropertiesinMicrosoftExceldoextremelywellconfigureitwillf
ollows
thatitwillbeformedascommadelimitedformi.e,(commaseparatorvalue)bind
erwiththeMySQLencouragementsuchaDatabase.1.)Pre-
processing:Bygettingpaidchronologicalfactsittranslatesindividualswillcon
vertthose
chronologicalbatchhandingoutfilesfrom(.xlIsc)layoutto(.csv)setupandbyret
rievingeveryoneofthefilesMYSQLcatalogtopreventberaveamentofdata.Fig5.
1pre-
processing.2.)Processing(Mapreduce):ltisaframeworkwhichcanbecapablet
oinscribeapplicationsto dealwith
colossalchunkofClinical,withbothspacesoncorpulentformsandgarnishesta
ckleinaeffortlessway.ltisagivingoutskillandaagendaprototypicalforscattere
scomputedbaseduponjava.plandemotealgorithmwhichholdstwoimperative
ways,specificallyMapandReduce.Whichdemotestheprogramexecutesinthre
ephases,namelymapphase,shuffle-
phase,andreducephasee.Thisjobistothemethodofkeydata.Fig5.2processin
g.3.)AnalyseQuery:TakeseverypartofthefiguresfromHDFSwithintheHIVEby
depletionofsqoopimportdecree.wherehiveisavailabletoraringtogoforanaly
zationsortoutpointinHIVEitwilldealwithnomorethanthestructuredfactstoan
alyze.Byretrievingsomemeaningfuldataandavoidingindistinguishabledatai
nfurthervictoriousmethodbyconsumeofhive.Fig5.3AnalyseQuery.4.)Analys
isLatinScript(Pig):InspectClinicalusingPig,developerstocreatetheirscriptsvi
athelanguagei.e,PigLatinandeffectthoseparametersfortheuseofmeansmod
ewhileusingtheGruntshell.Everypartofthisscriptsareinterlinkthatshouldbec
onvertedtoMapandReduceways.AfterconnectingitwillbepresentintheGrunt
shell,PresservesandrunthePigscriptsintheshell.ExceptinsertandCache,time
liabilityeveryoneotheroperations,easechargelotsthefiguresinfilesystembec
apableofmoveout.Pigprovideslot of built-in operatorstobe familiarwith
numbersofoperations.Fig5.4AnalysisLatinScript.1V.RESULTSANDDISCUSSI
ONRESULTS:CONCLUSIONItpresentsareadingonClinicalistobeofassistancet
hedoctorsbygettingtheintentofwhattreatmenthasbeenagreedtothatnotewo
rthytolerantinthepast.Apatientcantoleratebe
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abletodevelopanawarenesstolookatwhichinfirmaryistreatingimprivedforfa
stidiousproblems.AnalyzestheclinicaldataviaHadoopflorawhereHiveandPi
gusedforanalysisandMapReduceforprocessing.REFERENCES[1]BhattiUA,H
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