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ARTICLE INFO ABSTRACT
Article history: Healthcare is a sector where both the doctors hadehgineers come together. ~
Received 04 December 2015 recent outbreak of Ebola, keemorrhagic fever throughout Africa requires a sof
Accepted 22 January 2016 since it has consumed half of its population. Bagadcan store and analyze the pat
Available online 14 February 2016 records. Big data provides a framework where igs fata can be employed. Big d
tools such as hadoop aefficient to store petabytes of data and it has Haeloof
Keywords: Distributed File System framework. The input dathich is usually in text forme
Ebola; Big Data; Hadoop; requires Sqoop to enter data within hadoop. MapBeduodel is used to analy
Prediction; Sqoop; MapReduce patient factors where a key/valuaipis associated with each of the factors. L

IMDB code is used to provide rating for each of taetor based on which the map
and reducer adequately work together to estalilisipossibility of survival of patient
This solution can further bexeended to treat the disease and contain the efic

INTRODUCTION

Big data technology was originally immerged for theuse of storing and retrieving petabytes of
processing was also entertained. It originatedrasnfData warehousing where basic databases such
Microsoft Excel or MS Access were used. While operal data made use of OLTP (Online Transac
Processing), informational data used OLAP (Onlinealtic Processing). Various tools such as Had
YARN, Oozie, Hive, Pig, MondoB, Cassandra, Flume, Spark, Storm, Sqoop were. Usgplications ol
bigdata include enterprises, business intelligercaffic monitoring, predictive analysis and heatte.
Healthcare is a broader and sensitive area whetehy be used for sentimal analysis, disease identificatic
and treatment to serve as a physician guide. Thlay techniques like MapReduce and languagesRike
deploy IMDB. Java is used for code and implemeontatind MYSQL for backend creation querying. A v
dominant @plication of bigdata are search engines withouthlipdation is impossible has bigdata as its |
on which large amounts of data are being uploaddddawnloaded across the globe via the

Ebola is a hemorrhagic fever which contracted nmaohli he year 1976. Researchers concluded that
bats and macaques were the cause for the widedspfeéhe epidemic in Africa. Though the diseasetioned
throughout the following years, its major outbreaéis recognized in the year 2014. 2014 saw thth of
nearly half of the population of the affected ar@ag\frica. Its common symptoms include fever, ving,
diarrhea, headache, rashes and conjunctivitis wtocitract the patients withir-8 days of being in contact wi
the virus. The disease alsnds to attack the eyes, brain, kidneys, liver tardheart. It increases the densit)
the blood. The affected people need to be quash

The later stage of the disease leads to intermdlexiternal bleeding. This disease spreads throogly
fluids like urine, sweat, saliva, semen and blooe d&ath occurs within-21 days after being attacked by
disease. To control further spread of the virus, dttendees should take precautionary measuresvékeing
gloves, socks, shoes, aprons astirfets in order to prevent intensive outbreak efdisease. The dead boc
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should be buried or cremated promptly. No treatnoemaccine has been still proposed. Research éaliaimes
is on the go but they are all undertaken only @nahimals.

The main reason to be infected with Ebola is beeaf people coming in contact with the body fluids
the infected people. Initial spread was throughhboeats from which virus cannot be destroyed evtsr a
intensive cooking. Blood tests are used to diagtiosalisease as symptoms alone are not sufficeobnfirm
the disease. Moreover, people come only in the &#ges, as in the beginning they think that ymepgoms are
common and by the time they suspect they would héready spread the disease.

Hence containing the spread of this contagiousadis is a vital one in assuring a healthy enviramrime
the epidemic hit area. Detection of the factorglileg to the death rate in Ebola can be ascertaiisgny the
existing data of the patients. The patient recargsvery large in number and therefore they nedzbtbandled
by an efficient manner whereby they are not ontyest but also they need to be processed and retri@y and
when required. Through patient information the rmlist of the patient can be detected. Such detestand
predictions will be useful to prevent the deaththed patient by providing solution to the factorattlead to
intensive death. Ratings can be given to each efdhtors whereby we can determine the mortality. rBy
existing patient records, an analysis was madederao check the outcome of various factors onfétality
rate. Using Market Basket Analysis (MBA) we can makalysis on the patient with which the fatalayercan
be determined.

Related work:

Big data in healthcare is mostly used for storamglyzing, processing and retrieving patient résdor the
reference of the physicians during patient consaha Initially there were only 3V’'s namely volumeariety
and velocity associated with bigdata. Bigdata engydo column oriented, document oriented and graph
databases. In (Lin, Chin-Ho, 2014) enormous amofiqtatient records are used by Lin for diagnodimg
disease at an early stage and providing suitablnrent. According to Mian in (201#)-Memory databases
like MemSQL are used to scan queries faster eveéh joins. Another in-memory database, VoltDB works
faster withcondition clauses. There is a dire need to go beyond the currerttipes in healthcare where it is
required to i) handle bigdata, ii) extract dataren knowledge and iii) exploit acquired knowledgenake
decisions. Variable heterogeneity, patient hetareig and time asynchronization are used by YunnCine
(2014) as the characteristics associated with ddtae data categorization, data pre-processinguriea
extraction, feature selection and predictions a&réopmed step by step.

Medical data are an asset to analyze and prediatef disease, symptoms and treatments. Healthcare
transformation objectives are discussed by Chadtaiigiul in (2015). Sustainable healthcare systemh wi
collaborative techniques are used. Operationaieffties can be improved. Responses to diseasengpilcan
be planned and predicted. Moreover optimized dafaatients can be converged with hospital systerhsis
quality can be improved in healthcare sector. Bigdzere is analyzed using the data from pharmaruti
companies. Electronic medical and health recorda @8aghunath Nambiar, 2013) by Raghunath Nandniar
obtained from healthcare providers and clinicabtdase. Recent advancement in engineering techeslbgis
made it easier to collect, store, aggregate, anayz transfer data from various resources.

Later in (Marco Viceconti, 2015) 5V’'s were intrashd by Marco Viceconti namely volume, variety,
velocity, veracity and value. These help to idgngatients after analyzing large volumes of patidata and
correlate them to develop predictive models ustagjstical or machine learning techniques. R isaankwork
for developing and applying predictive models bye@nr Stiglic in (2014) including data preparatituming
and evaluation of large medical records.

Haemorrhagic fever occurred in Africa during the year 197Bbola virus was identified in humans from
congo according by georges in. During fall 19%4st epidemic was recorded and the symptoms include
arthralgia, conjunctivitis, diarrhea, fever, jaurgli melena or myalgia, was found. Thacond epidemic
occurred during spring in 1996 where bloody diaarhbeadache, fever were recorded. Tiiied epidemic
happened in the fall of 1996 where fever, bleedimgmiting, diarrhea, and headache were the notable
symptoms. They were largely confined to the renhmdations in Africa and the sick patients were quéined.
According to (Bausch, D.G., 2014) severe outbrezdured in Liberia, Sierra Leone and Guinea asrgive
Bausch.

Proposed work:

The dataset used in bigdata involves Ebola. THropagtient records, an analysis was made in order to
check the outcome on the fatality rate. The atteébun the dataset contains the interval betweersyimptoms
offset, WHO (World Health Organization) notificaticand hospitalization which are assigned vkidly/value
pairs. As the dataset may consist of attributes thatnaterequiredfiltering techniques have been applied so
that effective data can be selected and appliedh Aesult complexity in analysis is reduced so thabuld be
easy to be processed. The system architecturgas @i Fig. lwhich is the proposed architecture of this paper
as given below.
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Ratings can be given to each of the factors orp#ignt information the mortality of the patiertncbe
detected whereby it can determine the mortalitg.r&@arlier detection might be useful to preventdbath of
the patient by providing solution to the factoratttead to death. The input dataset is a samptieegbopulation
infected with Ebola virus.

MySQL is used for storing datasets. To bring thaga into the Distributed File System (DFS), Sq@op
required. The factors causing or leading to theaghiof Ebola are used in creatiiMpPB code.

INITIAL PRE-PROCESS THE DATASET ‘
DATASET l

‘ MAP-REDUCE MODEL

l

TEST THE DATA ‘

|

‘ OQUTPUT |

l

| ANALYSIS OF THE OUTCOME ‘

Fig. 1: Proposed Architecture.

In Daniel Peraltaa uses a map function to asso&iey value pair. The reduce function aggregatekdy
value pair and gives a new key value pair as tlpubu
Map (keyl, valuel)> Reduce (key2, value2)

The map phase splits input across various mappeargler to perform the task where all the valuethe
attributes in the dataset are been recognized. iNéthreduced results further analysis can be dbims.in turn
helps us to know the actual reason for the causeath and find adequate solutions to reduce thatity rate.

A partition function can be used on the intermeglley to partition data across the tasks. Hasisinged
as a default partitioning. Thus well-balanced piarts are produced. The intermediate key/valuespaie in an
incremental order. Thus the sorted output files lbarcomputed per partition that supports potemdiatiom
access lookups by keys. This enables the useravi® the sorted data. The intermediate keys prodogetie
mapper tasks are repetitive and the reduce furectma permutable and exclusive. The reduce funetides
the output in the final output file. For a “textiput each line is considered as a key value pagrevthe key is
the offset of the file and the value is the corgesftthe line. An alternative way is to store tley/kalue pairs
that are sorted using the key. It allows schedutedundant execution of tasks near the end ofdhenjhich
greatly decrease the finishing implementation. Mmegfial ranges are used for processing individuap reesks.
Thus debugging, profiling and small-scale testiag be done in the same local machine using theatipes in
the MapReduce by using the MapReduce library. Hegsucan control the map tasks by invoking theigmm
with special flags which can be used for debugging testing. The status of the progress of comiputat
includes tasks that are in progress, input bytesrinediate data bytes, output bytes, processteg,ratc.

The users can assume the computation time ofdbkeurces. A built-in identity function is used as a
Reducer operator which passes the intermediatevdeny’ pair as the unchanged output key/value pair.
Partitioning involves built-in knowledge of the tlibution of keys. A MapReduce operation collectsaanple
of keys to compute splitting points for the finakts The shuffling rate is higher than the outmterin order to
provide reliability and availability to the replicd data. This execution overview is clearly degitin Fig. 2.

The MapReduce programming model has become thee-céatric platform for processing huge data
records for scalability and simplicity in the manesam. It is a software architecture used for camguhuge
data records with commercial hardware simultangouslwork is divided into map job and reducer jdihe
mapper reads the data from the source, resolveleethgalue for the data and the intermediate rasuliritten
into the local memory. Reducer reads the interntediasult written, given by the respective mappesplves
the key-values of the same key and writes the fiesdilt into the file system. The JobTracker ipogsible for
monitoring and managing the mapper and the redudee. data is transferred between the mapper and the
reducer. When the mapper completes its tasksgethécer gets the respective data from the shufftedg. The
reducer will not begin its task until the mapperighes its task, but it occupies the given slotsha time to
wait for the mapper to complete its task. Thisabed coupled relationship. Even the schedulinthefreducers
is done after the mapper completes its task. ltoxexs the dependency relations between the mapplethan
reducer and replaces the shuffled data with thpututata of the MapReduce tasks. The reducer thaddata
from the local memory, after the mapper completedask and stores the compressed result. The efditie
compressing job and the property of the output dataild be predicted.
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For instance, if the patient’s initial symptomféver, headache, vomiting, diarrhea then they siilivive
for more days if properly treated but in case tih@tial symptom is bleeding then the chance of/aual will be
less and hence surgical treatment should be prgrimmbered to mitigate the arising side effectssielining
the affected organ condition. Correlating all theatues can be created for each of them and adwegach
dataset is fixed.

USER
PROGRAM

MASTER

FILESON ouTPUT

INPUTDATA WORKER LOCALDISK DATA

SPUTT
FILEL ouTPUT
SPUT2 / FILE1
\

FILE2 ‘ QuTPUT
WORKER FILE2

FILE3

SPUT3

SPUT4

SPUTS

i G

MAPPHASE REDUCE PHASE

Fig. 2: Execution Overview.

Various factors are used in the algorithm to araliyntensity and impact of Ebola virus on eacheptin
the given dataset. A sample pseudo code of theitdgois given in Fig. 3.

IF (age > 60 AND age < 6) THEN
IF (gender = “F") THEN

IF (symptoms = “bleeding”) THEN
IF (past history = “leukemia”) THEN
IF (immune gene = “B-67") THEN
IF (virus variant = “Zaire”) THEN
condition = “fatal”

END IF

END IF

END IF

END IF

END IF

END IF

Fig. 3: A Sample Pseudo Code.

Predictions on these results can be made so thay mill survive, if suitable actions are takenctntrol
the fatal disease.

I mplementation And Results:

The input is taken into MySql where data reducticategorization and transformation take places T#i
the pre-processing phase. MySql is used to maimtédmmation present within records. In order tingrthis
data into Hadoop Sqoop is required. Sqoop allofisvinand outflow simultaneously within relationahtébase
tables. Java classes need to be generated tcasibmetrieve the data. Sqoop decides how to $@itable rows
across the map jobs. Capacity is virtually unlighieend scalability is automatic. The tables can fieiently
used to create a large range of new and excitiadysis. Structures that accept new rows are in Sgoul it
has columns with continuous incremental value. @ircyithe new records with the old records by ovéimg
the contents from the old records with contentsnfittie new records can be done. Sqoop handles lesge
cases by employing grouping techniques and stesefgir multiple export map tasks, to map simultaiseo
changes from one database technology to another.

Hadoop supports MapReduce model. The preprocéspatis given as tasks to job tracker. Job traéker
associated with multiple tasks trackers. Each tesgker includes multiple racks with each rack ¢dgaf
holding blocks. Status of the task is maintainedth®y job tracker. Normalization is performed withrious
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factors of the patient using the IMDB code. Theuaa combines all the mapper answers to give theubu
which turns out to be is either fatal or non-fatal.

Here, Ebola patient records are partitioned intdrdgments. The input fragments can be processed in
parallel. Reduce invocation are distributed by kbg value and the number of reduce workers areifigedy
the user.

The master is one of the special copies of thgnara. The rest are nodes that are assigned wotkeby
master. There are M map nodes and R reduce nodss assigned. The master picks idle nodes andnassig
each one a map job or a reduce job. A node whicasggned with a map job reads the contents of the
corresponding input split. It parses key/value pairoduced by the mapper and are buffered in menidry
buffered pairs are written to local memory, spiibi R splits by the partitioning function. The ltioas of these
buffer pairs on the local memory are passed badkdomaster, who should efficiently work for fonaarg
these locations to the reduce workers. When a erdadnformed by the master about these positidinsses
remote procedure calls to read the buffered data the local memory of the mapper.

When a reducer has read the data it segregattisealleys so that all the instances of the sameakey
batched together. The sorting is needed becausmliypmany different keys map to the sameuce task If
the amount of data is too large to set in memonyexrternal sort is used. The reducer continues ther
segregated data and for each different key recedniz sends the key and the corresponding setlags to the
reduce function of the user. The result of the cedus updated to a final output file. When all mpeapand
reducer jobs have been completed, the master wak#se user program. At this point, the MapReduaikiie
the user instruction which returns back to the sseirce.

After successful completion, the output of the Ragduce result is available in the R output files.

The master keeps several data structures. For maphtask and reduce task, it storesdtadus such as
idle, in-progress or completed. The master is the conduit through which the lacatf the file regions is sent
from the map tasks to the reducer tasks. Thereforegsach completed map task, the master storeeetfiens
and volume of the R file regions produced by thep i@sk. Updates on the location and size of thelteare
notified as map jobs are completed. The informatsoopushed incrementally to workers that have ingpess
reduce tasks.

In the input data all the patient factors are git@the master where the masplits the tasks and provide
them to themapper. The output from the mapper phase is given torédacer which aggregatesthe result of
the mapper in order to give the output file fromendnthe user can retrieves it.

As in Table | given below, we have carried outlgsia on the hospitalized patients to evaluateirtigact
of symptoms on the fatality rate and the impadatdlity rate after WHO notifications.

Table I: Estimates of Epidemiologic Variables of Confirneetl Probable Ebola Cases, According to Countrgf 8eptember 14, 2014.

VARIABLE ALL COUNTRIES GUINEA LIBERIA SIERRA LEONE
No. of No. of No. of No. of
INCUBATION PERIOD No. of Days patients with No. of Days patients with No. of Days patients with No. of Days patients with
data data data data
Single-day exposures
Observed 9.4+7.4 500 10.7+8.7 35 9.546.6 259 9+8.1 201
Fitted 9.1+7.3 500 9.9+9.8 35 9.446.7 259 8.5+7.6 012
Multi-day exposures
Observed 11.4 155 10.9 20 11.7 79 10.8 48
Fitted 9.7+5.5 155 8.3+4.5 20 9.9+5.7 79 9.9+5.6 48
Serial interval
Observed 15.3+9.1 92 19+11 40 13.1+6.6 26 11.645. 25
Fitted 15.3+9.3 92 19+11.2 40 13.1+7.8 26 11.66.3 25
Interval from symptom
onset
To hospitalization 5.0¢4.7 1135 5.3+4.3 484 4.945.1 245 4.645.1 395
To hospital discharge 16.4+6.5 267 16.3+6.1 152 4452 41 17.246.2 70
To death 7.5+6.8 594 6.445.3 248 7.9+8 212 8.6+6.9 128
To WHO notification 6.1+8.5 2185 7.5+10.4 743 6.048 797 4.5+5 634
Interval from WHO
notification
To hospital discharge 11.847.2 312 11.1+5.8 164 811+ 41 12.445.8 102
To death -3.0£13.8 584 -4.4+14.4 300 -1.8+13.6 221 4.4+6 58
Interval from
hospitalization
To hospital discharge 11.846.1 290 11.1+5.8 159 8421 40 86
To death 4.2+6.4 121 2.5+3.4 36 4.5+6 63 17
Duration of hospital stay- 6.42 2.99 6.72 6.88
days

From March 2014 many Ebola cases have been olilsenté September 2014. This epidemic consumed
most of the population fronSerra Leone, Guinea and Liberia. Nigeria was also is affected due to this
hemorrhagic fever. The number of death cases idynequal with the number of affected cases whilkan
indication that all Ebola patients faced death. Thigle above depicts the data collected from thmegor
provinces severely affected by the epidemic narGeliynea, Liberia and Sierra Leone.

Fig. 4 depicts the onset of initial symptoms whie to the hospitalization of patients over a perof
three weeks of September 2014. Fig.5 shows thevalnility rate of patients after hospitalizationhi¥ is an
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indication of patients who have survived the diseaisd have been discharged from hospital afteotiset of

symptoms. Fig.6 emphasizes on the fatality rfgatients after the onset of symptoms. Hence itdécation
of the death rate after hospitalization.
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Fig. 4: Incubation period between symptom onsets to halgmtion.
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Fig. 5: Incubation period between symptom onsets to halspischarge.

No. of days

123456 7 8 91011121314 1516 17 18 19 20 21 22 (in 100s) No. of patients

Fig. 6: Incubation period between symptom onsets to death.
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Fig. 8: Incubation period between WHO notifications to it discharge.
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Fig. 9: Incubation period between WHO notification to deat

As the epidemic had serious effects on human pgipn, WHO was notified by #8August 2014 and
subsequent actions were initiated by WHO. Doctasghysicians from various parts of the world vétlitable
medicines were rushed to the affected areas anetagyrflows were initially encouraged from variquetions
and countries. Fig.7. depicts the symptoms whitimidated admission of patients into hospital aftéHO
notification. Fig.8 and Fig.9 shows the fatalityerand survivability rate of patients after hodmtion. This is
an indication of the impact of additional suppateived from WHO in decreasing the impact of symystan
order to contain and control the disease effegtivel

Conclusion And Future Work:

The greatest challenge in healthcare is to getssco a very large database, which is scalalpettbytes,
to accommodate patient data from multiple sourdesthis proposed work, bigdata was used and Map&ed
model in the hadoop framework paves the way to fintlition for Ebola which is one of a life thredten
epidemic which claimed many lives in Africa throagih the past years. Sample test cases from thegitmpu
were obtained for the analysis. Many patient factwere considered from the test results which seagethe
basis for the experimentation to take place. $tihancing could be done with more parameters aalysis.
This paper could serve as a base for the futurergéaon to observe and make new transformations thee
past findings. This can significantly redumgman mortality rate. Prediction analysis is a key technique that can
be used to extend the clinical and treatment datisin healthcare field. Once high risk patientsidentified,
they can be given personalized medication or suggesto avoid risk of death and thereby help intaming
the disease.
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