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ABSTRACT

Cardiovasculardiseasesarethemaincauseofmortalityintheworld.Asmorepeoplesufferfrom
diabetesandhypertension,theriskofcardiovasculardisease(CVD)increases.Asedentarylifestyle,
anunhealthydiet,andstressfulactivitiesarebehaviorsthatcanbechangedtopreventCVD.Taking
measurestopreventCVDlowersthecostoftreatmentsandreducesmortality.Data-drivenplans
generatemoreeffectiveresultsandcanbeappliedtogroupswithsimilarcharacteristics.Currently,
thereareseveraldatabasesthatcanbeusedtoextractinformationinrealtimeandimprovedecision
making.ThisarticleproposesamethodologyforthedetectionofCVDandawebtooltoanalyze
thedatamoreeffectively.Themethodologyforextracting,describing,andvisualizingdatafroma
state-levelcasestudyofCVDinMexicoispresented.Thedataisobtainedfromthedatabasesof
theNationalInstituteofStatisticsandGeography(INEGI)andtheNationalSurveyofHealthand
Nutrition(ENSANUT).Ak-nearestneighbor(KNN)algorithmisproposedtopredictmissingdata.
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INTRoDUCTIoN

According to theWorldHealthOrganization (WHO,2018), ischaemicheart disease and stroke,
arethemaincauseofdeathintheworld;theorganizationestimatesthat15.2millionpeopledied
duetothosediseasesin2016.Themainfactorsofcardiovasculardisease(CVD)arehypertension,
dyslipidemia,abnormalglucoselevelsanddiabetes(Anstiss&Passmore,2020).Despiteitshigh
mortality,CVDcanbepreventedthroughbehavioralchangesasphysicalactivity,healthydiet,limiting
tobaccoexposition,restrictingalcoholconsumption,andreducingstress(Hooker,2013).Changing
thelifestyleofpeopleisabigchallengeduetotheincreaseinsedentaryworkandtheconsumption
ofhighcaloriefoods,sodedicatedattentionandtrainingforCVDpreventionisrequired(Saeedetal.,
2018).PlansandactionstoreducetheriskofCVDcanbeimprovedbyanalyzingthedatagenerated
everydayfromthetreatmentofpeoplewithCVDcases,includingtheiroriginandevolution.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonJuly31,2020willproceedwithpublicationasanOpenAccessarticle
startingonJanuary18,2021inthegoldOpenAccessjournal,InternationalJournalofBigDataandAnalyticsinHealthcare(converted
togoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-

ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe
originalworkandoriginalpublicationsourceareproperlycredited.
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Multipledatabasesare fedwithCVDdataeverydayaround theworld.Centers forDisease
ControlandPrevention(CDC,2020),NationalSurveyforHealthandNutrition(ENSANUT,2020),
NationalCardiovascularDiseaseDatabase(NCVD,2020),andWorldHealthOrganization(WHO,
2020)aresomeorganizationsthatkeepdatabasesavailableonline.Datastoredinpublicdatabasescan
besupplementedwithpatientrecords,clinicalanalyzes,diagnoses,anddatacollectedfrommobile
devicesthatpeopleusetotracktheirtreatments.Newcorrelationsbetweendatacanbediscovered
throughbigdataanalysistools.BigDataanalysiscanhelpidentifycommoncharacteristicsinpeople
withCVD,andthoseresultscouldhelpselectactionsofgreaterimpactthatcouldbecarriedoutin
countrieswherethelackofresourcesrestrictstheamountofclinicalanalysisthatcanbeperformed
inthepopulation.

ThetermBigDatawascoinedbyGartnerGroupin2008(Emmanuel&Stanier,2016)forreferring
tothelargeamount(volume)ofdatathatisgeneratedcontinuously(velocity)fromseveralsources
(variety)everyday(Edward&Sabharwal,2015).Toanalyzethecollecteddata,anexplorationis
performed,followedbyadescription,andthenvisualizedtointeractivelyexplorethecontent;inthis
way,userscanidentifypatternsandinfercorrelationstosupportdecisions(Bikakis,Papastefanatos,
&Papaemmanouil,2019).Goodresultsintheanalysisphasecanbeguaranteedwithqualityofdata.
Quality isensuredbyevaluatingtheaccuracy,completeness,consistency,distinctness,precision,
timelinessandvolumeofdata(Cappiello,Samá,&Vitali,2018).Afterdatapreparation,asetof
analysistechniquescanbeappliedtodiscoverrelevantinformation;mostusedtechniquesare:pattern
matching,classification,clustering,andregression(Mogha,Ahlawat,&Singh,2018).Allthestages
involvedinbigdataprocessingallowthegenerationofnewinsightsthatcouldbeusedtotakeactions
forsolvingtheproblemunderstudy.

According to Hong et al. (2018) Big Data in healthcare can be divided in four categories:
medicineandclinics,publichealthandbehavior,medicalexperiment,andmedicalliterature.Inthe
firstclassthedataisextractedfromelectronichealthrecords(Hoffman,2016),electronicmedical
records(Setiawan,Utami,Mengko,&Indrayanto,2014),personalhealthrecords(Okore,Bakyarani,
&Phil,2015)andmedicalimages(Tahmassebietal.,2019).Dataofsecondclassiscollectedfrom
electrocardiograms(Cipresso,Rundo,Conoci,&Parenti,2019)andvitalsigns(MohammadForkan,
Khalil,&Atiquzzaman,2017).Thethirdclassobtainsdatafrommolecularbiology(Cannataro,2019),
humanbodysamples,andclinicaltrials(Mayoetal.,2017).Finally,medicalliteratureisobtained
fromstructuredknowledge,journalandconferencearticles(Wangetal.,2018).

ThisworkproposesamethodologyforCVDriskdetectionatstate-levelmakinguseofaweb
toolforprocessingdataobtainedfrompublicdatabases.Thepaperisorganizedasfollows:first,the
relatedworkispresented;then,amethodologyforthedetectionofCVDthroughabigdatatoolis
described;themethodologytoextract,describe,andvisualizedatafromaCVDcasestudyatthestate
levelinMexicoispresentedbelow;then,aK-NearestNeighbor(KNN)algorithmisproposedfor
theclassificationofmissingdata;finally,futureworkandchallengestobeaddressedarepresented.

BACKGRoUND

Alshraidehetal.(2014)developedanalgorithmtodetectarrhythmiasinindividualsbyidentifying18
attributesofpersonalinformationandelectrocardiogram(ECG)signals.Thesystemismadeupofan
AndroidapplicationthatobtainstheECGsignalwirelesslyandsendstheinformationtoawebserver
wherethealgorithmisstored.IfCVDisdetected,anSMSissenttotheusertoviewtheirinformation
throughawebinterface.Rosesetal.(2017)conductedareviewtoidentifytheeffectivenessofpositron
emissiontomographysupplementedwithcomputedtomography(PET/CT)forthedetectionofCVD.
PET/CTisusedtodeterminethepresenceofischemiainmyocardialtissue.Theyconcludethatthere
iscurrentlyalimitationoftheindicators,especiallyinasymptomaticpatients,whichiswhynew
protocolsarerequiredtoimprovetheeffectivenessofPET/CTforthedetectionofCVD.Hernesniemi
etal.(2018)createdadatabasetointegratedatafromhospitalrecordsandnationalregistries,disease
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phenotype,detailsofinvasiveoperations,patientclinicalinformation,biometricdataphysiological,
anatomicalmeasurements,andlaboratoryresultsobtainedfrom73,000individualstreatedinTAYS
HeartHospital;thenextstepwillbetoanalyzethedatawithaconvolutionalneuralnetwork.Pfohlet
al.(2019)developedanadversarialnetworktoconsiderunder-representedminoritiesintheriskmodel
ofatherosclerothiccardiovasculardisease(ASCVD)byconsideringrace,gender,andage.Manonmani
andBalakrishnan(2020)proposedasemanticannotationprocessonhealthcaredatacollectedfrom
sensors,handhelddevices,anddatasetstoestablishrelationshipsbetweenthecharacteristicsidentified
inthedatathroughfuzzyrulemining.Oncethedataisannotated,classificationalgorithmscanbe
usedtodeterminewhetherornotapatienthasaspecificdisease.Leoneetal.(2020)identifiedthat
theriskofCVDinpatientswithsystemiclupuserythematosus(SLE)isunderestimatedusingstandard
riskcalculators;Forthisreason,theyproposetheuseofechocardiographyasanon-invasivedetection
tooltoaccuratelyassesstheriskofCVDinpatientswithSLE.

DetectingCVDriskisaprocesswhichrequirestoanalyzeseveralfactorsonpatientsorhealthy
persons.Therisksassessmentcanbeperformedthroughtheidentificationofriskfactors,imaging
methods or methods like fibrinogen, homocysteine, and lipoprotein-associated phospholipase 2.
According to the European Guidelines on cardiovascular disease prevention in clinical practice
(Piepolietal.,2016),forpatients20to79yearsofagewhoarefreefromclinicalatherosclertic
cardiovascualardisease(ASCVD),thefirststepistoassessASCVDriskfactors:Age,gender,race/
ethnicity,currentsmoker(yes/no),anyfamilyhistoryofheartattackinfirstdegreerelative(parent/
sibling/child)(yes/no),diabetes,totalandHDLcholesterol,useoflipidloweringmedication(yes/
no),systolicbloodpressure(mmHg),anduseofantihypertensivemedication.Forpatientsoutside
thisagerange,providersshouldrefertoapplicableclinicalpracticeguidelinesandadultprimary
preventionguidelines.

Theassessmentofcardiovascularriskisnotnecessaryforspecificsubgroupsofasymptomatic
individuals at unusually high risk, such as those with genetically determined extreme values of
traditionalriskfactors,hypercholesterolemia,hypertensionandothersdiseaseslikediabetes,chronic
kidney disease, obstructive sleep apnoea, and erectile dysfunction (Arnett et al., 2019). These
parametersarepresentedbelow:

1. Diabetesandage>60years;
2. Diabeteswithmicroalbuminuria (>20mcg/minorurinaryalbumin:creatinine ratio [UACR]

>2.5mg/mmolformales,>3.5mg/mmolforfemales);
3. Moderateorseverechronickidneydisease(CKD)(persistentproteinuriaorestimatedglomerular

filtrationrate[eGFR]<45mL/min/1.73m2);
4. Apreviousdiagnosisoffamilialhypercholesterolaemia;
5. Systolicbloodpressure(SBP)≥180mmHgordiastolicbloodpressure(DBP)≥110mmHg;
6. Serumtotalcholesterol(TC)>7.5mmol/L.

Othersmethodsfordiagnosisthatareusedasacomplementtotheriskassessmentare:

1. Imaging Studies:Measurementofcarotidintima-mediathickness(Ravanietal.,2015)and/or
screeningforatheroscleroticplaquesbycarotidarteryscanning(Romanens,Sudano,Adams&
Schober,2019),measurementofankle–brachialindex(Bendermacheretal.,2012),computed
tomographyforcoronarycalcium(AlJaroudietal.,2019),andexerciseelectrocardiographywith
microalbuminuria(Al-Saffar,Nassir,Mitchell&Philipp,2015);

2. Measurement of Inflammatory and Thrombotic Biomarkers:High-sensitivityC-reactive
protein(CRP)andhomocysteine(Cheng,Tu,Shen,Zhang&Ji,2018),fibrinogen(Kaur,
Singh, Indu, & Singla, 2012), homocysteine and lipoprotein-associated phospholipase 2
(Lp-PLA2)(Nicholls,2018);
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3. Genetic Testing:Deoxyribonucleicacid(DNA)-basedtestsforcommongeneticpolymorphisms
(Dinteretal.,2019);

4. Assessment of Psychosocial Risk Factors:Lowsocioeconomicstatus,lackofsocialsupport,
stressatworkandinfamilylife,depression,anxiety,hostility,andthetypeDpersonality(Sood
&Gidding,2016).

Theapplicationofthemethodsdescribedabovewilldependofthelevelofrisk:

• Moderate Risk:High-sensitivity-C-reactiveprotein(CPR)andhomocysteine(Deebukkhum,
Pingmuangkaew,Tangvarasittichai&Tangvarasittichai,2012),measurementofankle–brachial
index(Nishimuraetal.,2017),computedtomographyforcoronarycalcium(AlJaroudietal.,
2019),andexerciseelectrocardiography(VandeSande,Breuer&Kemps,2016);

• High Risk of a Recurrent Acute Atherothrombotic Event: Lipoprotein-associated
phospholipase2(Lp-PLA2)(Rallidisetal.,2012).

Thegenetictestingisnotrecommended,thetestingdonotaddsignificantlytodiagnosis,risk
prediction,orpatientmanagementbutthepsychosocialriskfactorscanbeassessedthroughdata
miningtoimprovetreatmentadherence.

MeTHoDoLoGy FoR CARDIoVASCULAR RISK DeTeCTIoN (MCRD)

Thereexistseveraldatabaseswhereindividualcharacteristicsarestoredandcanbeusedtoperformand
automatedanalysisinordertoidentifyaccuratelyCVDrisklevels.Forexample,theDartnetInstitute
providesadatasetcontainingrecordsofbloodpressure,LDL,TotalCholesterol,HDL,amongothers,
obtainedfrompatientsofseveralinstitutionsintheUnitedStates.IntheUnitedKingdomthesame
datacanbeobtainedfromtheConsumerDataResearchCentre(CDRC).InEuropedataiscollected
bytheEuropeanGenome-phenomeArchiveandtheEuropeanSocietyofCardiology.Othersdatasets
canbeobtainedfromdiverseinstitutionsaroundtheworld,whichcanbeusedforidentifyingCVD
riskslevelsbyregionsfollowingthenextmethodology(Figure1):

Figure 1. CVD detection from big data
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1. Datasets Merging:Collectalldataavailablewhichincludemostfactorsaspossibleofthose
describedabove.Amoreaccurateassessmentisobtainedwhenmultipleriskfactorsareanalyzed.
Moredataavailableincreasesaccuracy;

2. Identify People With Established CVD and Exclude:Whendataiscollectedfromseveral
sources,dataaboutpersonswhicharecurrentlyunderCVDtreatmentcouldbeincluded.So,
excludethemandcontinueworkingwiththeremainingregistries;

3. Age classification:Separatemenandwomenolderthan30.Includethoseregistriesinthehigh
levelriskandcontinueworkingwiththeremainingregistries;

4. Risk Assessment and Risk Stratification:Forclassifyingtheremainingregistriesapplythe
PooledCohortEquations(Yadlowskyetal.,2018)andclassifyaccordingtotheTable1.

ReSULTS AT STATe LeVeL IN MeXICo

A web tool was designed to evaluate the proposed methodology. The first version of the tool
allowstheanalysisofinformationatthestatelevel.First,dataiscollectedfrompublicdatabasesof
ENSANUTandINEGIinMexico;then,thevariablestoconsider(obesity,diabetes,hypertension,
infarct,cholesterol,andsmoking)areextractedfromthedata(Figure2).

Table 1. Absolute cardiovascular risk (Arnett et al., 2019)

Categories Score

LowRisk <5%

BorderlineRisk 5%-<7.5%

IntermediateRisk >=7.5%-<20%

Highrisk >=20%

Figure 2. Data collected from ENSANUT and INEGI in 2018
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Once the variables are extracted from the databases, a classification algorithm (k-closest
neighbors) is trained to fill in themissingvalues from thedatabases for eachvariableandeach
state.Figure3a illustrates theprobabilityofdiabetes in thestateofAguascalientes,Mexico; the
dataavailableinthedatabasesisrepresentedbybluedotsandthepredictionsobtainedaftertraining
thealgorithmwith1,2,3and4neighborsareillustratedwithdifferentcoloredlines.Itispossible
toobservethatgoodresultsareobtainedwith3neighbors.Theprecisionofthetrainedsetis0.24.
Forbetteraccuracymoredataisrequired.Thesedatacanbecomplementedwiththenewdatabases
publishedbytheNationalInstitutesintheyearsinwhichthepopulationevaluationiscarriedout.
Figure3billustratestheresultsontheobesityvariableobtainingaprecisionof0.30.

AftercompletingallthedatawiththeKNNalgorithmforeachstate,thegroupingcohortequation
(Arnettetal.,2019)isappliedtoobtaintherisklevelcategory.Percentageofpopulationolderthan30
years(Figure4),withobesity(Figure5),anddiabetes(Figure6)arevisualizedinaninteractivemap.

CoNCLUSIoN

The availability of more data sources opens up the possibility of finding patterns that improve
decision-making;however,analyzingallthedatageneratedisachallengingactivity.BigDatatools
helpprocesslargeamountsofdataanddiscoverpatternsthatcanbevisualizedthroughinteractive
interfacesthatallowtheanalysisofinformation.Inthiswork,astate-levelanalysisofCVDinMexico
wascarriedoutthroughawebtoolfollowingtheproposedmethodology.Thisinformationcanbe
usedtoestablishpoliciesthatencouragepeopletochangetheirhabitstoreducetheriskofCVD.As
futurework,theapplicationwillbeimprovedtoallowtheanalysisofinformationatthemunicipal
levelandtovisualizethebehaviorofseveralyearsinrealtime.Tomakebetterpredictionsmoredata
havetobecollectedandthemachinelearningalgorithmimproved.

Figure 3. a) KNN Prediction Algorithm for Diabetes in Aguascalientes, Mexico; b) KNN Prediction Algorithm for Obesity in 
Aguascalientes, Mexico
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Figure 4. Population older than 30 years

Figure 5. Percentage of the sample with obesity
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Figure 6. Percentage of the sample with diabetes



International Journal of Big Data and Analytics in Healthcare
Volume 5 • Issue 2 • July-December 2020

9

ReFeReNCeS

AHA.(2004).Statistical fact sheet: International cardiovascular disease statistics.AmericanHeartAssociation.
Retrievedfromhttp://www.sld.cu/galerias/pdf/servicios/hta/international_cardiovascular_disease_statistics.pdf

Al-Saffar,H.B.,Nassir,H.,Mitchell,A.,&Philipp,S.(2015).Microalbuminuriainnon-diabeticpatientswith
unstableangina/nonST-segmentelevationmyocardialinfarction.BMC Research Notes,8(1),1–7.doi:10.1186/
s13104-015-1347-xPMID:26362770

AlJaroudi, W.,Mansour,M. J.,Chedid,M.,Hamoui,O.,Asmar, J.,Mansour,L.,&Chammas,E. (2019).
Incremental value of stress echocardiography and computed tomography coronary calcium scoring for the
diagnosisofcoronaryarterydisease.The International Journal of Cardiovascular Imaging,35(6),1133–1139.
doi:10.1007/s10554-019-01577-xPMID:30874979

Alshraideh,H.,Otoom,M.,Al-Araida,A.,Bawaneh,H.,&Bravo,J.Awebbasedcardiovasculardiseasedetection
system.InR.Hervás,S.Lee,C.Nugent,&J.Bravo(Eds.),Ubiquitous Computing and Ambient Intelligence: 
Personalisation and User Adapted Services (LNCS)(Vol.8867,pp.243–250).Springer.doi:10.1007/978-3-
319-13102-3_40

Anstiss,T.,&Passmore,J.(2020).Healthandwellbeingcoaching.InW.LealFhilo,T.Wall,A.M.Azul,L.
Brandli,&P.GokcinOzuyar(Eds.),Good Health and Well-Being(pp.266–277).Springer.doi:10.1007/978-
3-319-95681-7_100

Arnett,D.K.,Blumenthal,R.S.,Albert,M.A.,Buroker,A.B.,Goldberger,Z.D.,Hahn,E.J.,&Ziaeian,B.
et al.(2019).ACC/AHA guideline on the primary prevention of cardiovascular disease.AmericanCollegeof
Cardiology/AmericanHeartAssociation.

Bendermacher,B.L.W.,Teijink,J.A.W.,Willigendael,E.M.,Bartelink,M.L.,Peters,R.J.G.,Langenberg,
M.,Büller,H.R.,&Prins,M.H.(2012).Applicabilityoftheankle-brachial-indexmeasurementasscreening
device for high cardiovascular risk: An observational study. BMC Cardiovascular Disorders, 12(59), 1–7.
doi:10.1186/1471-2261-12-59PMID:22846150

Bikakis,N.,Papastefanatos,G.,&Papaemmanouil,O.(2019).Bigdataexploration,visualizationandanalytics.
Big Data Research,18,1.doi:10.1016/j.bdr.2019.100123

Cannataro,M.(2019).Bigdataanalysisinbioinformatics.InS.Sakr&A.Y.Zomaya(Eds.),Encyclopedia of 
Big Data Technologies(pp.161–180).Springer.doi:10.1007/978-3-319-77525-8_139

Cappiello,C.,Samá,W.,&Vitali,M. (2018).Quality awareness for a successful bigdata exploitation. In
Proceedings of the 22nd International Database Engineering & Applications Symposium (IDEAS ’18).Villa
SanGiovanni,Italy:ACMdoi:10.1145/3216122.3216124

CDC.(2020,Mar27).Centers for Disease Control and Prevention.Retrievedfromhttps://www.cdc.gov/

Cheng,L.-S.,Tu,W.-J.,Shen,Y.,Zhang,L.-J.,&Ji,K.(2018).Combinationofhigh-sensitivityC-reactiveprotein
andhomocysteinepredictsthepost-strokedepressioninpatientswithischemicstroke.Molecular Neurobiology,
55(4),2952–2958.doi:10.1007/s12035-017-0549-8PMID:28456936

Cipresso,C.,Rundo,F.,Conoci,S.,&Parenti,R.(2019).Bigdata inpreclinicalECGalterationsresearch.
Biomedical Journal of Scientific & Technical Research,13(2),9895–9896.doi:10.26717/BJSTR.2019.13.002384

Deebukkhum,S.,Pingmuangkaew,P.,Tangvarasittichai,O.,&Tangvarasittichai,S.(2012).Estimatedcreatinine
clearance, homocysteine and high sensitivity-c-reactive protein levels determination for early prediction of
nephropathyandatherosclerosisriskintype2diabeticpatients.Indian Journal of Clinical Biochemistry,27(3),
239–245.doi:10.1007/s12291-012-0192-0PMID:26405381

Dinter, F., Burdukiewicz, M., Schierack, P., Lehmann, W., Nestler, J., Dame, G., & Rödiger, S. (2019).
SimultaneousdetectionandquantificationofDNAandproteinbiomarkersinspectrumofcardiovasculardiseases
inamicrofluidicmicrobeadchip.Analytical and Bioanalytical Chemistry,411(29),7725–7735.doi:10.1007/
s00216-019-02199-xPMID:31760445

Edward,S.G.,&Sabharwal,N. (2015).Practical MongoDB; Architecting, Developing, and Administering 
MongoDB.Apress.

http://www.sld.cu/galerias/pdf/servicios/hta/international_cardiovascular_disease_statistics.pdf
http://dx.doi.org/10.1186/s13104-015-1347-x
http://dx.doi.org/10.1186/s13104-015-1347-x
http://www.ncbi.nlm.nih.gov/pubmed/26362770
http://dx.doi.org/10.1007/s10554-019-01577-x
http://www.ncbi.nlm.nih.gov/pubmed/30874979
http://dx.doi.org/10.1007/978-3-319-13102-3_40
http://dx.doi.org/10.1007/978-3-319-13102-3_40
http://dx.doi.org/10.1007/978-3-319-95681-7_100
http://dx.doi.org/10.1007/978-3-319-95681-7_100
http://dx.doi.org/10.1186/1471-2261-12-59
http://www.ncbi.nlm.nih.gov/pubmed/22846150
http://dx.doi.org/10.1016/j.bdr.2019.100123
http://dx.doi.org/10.1007/978-3-319-77525-8_139
http://dx.doi.org/10.1145/3216122.3216124
https://www.cdc.gov/
http://dx.doi.org/10.1007/s12035-017-0549-8
http://www.ncbi.nlm.nih.gov/pubmed/28456936
http://dx.doi.org/10.26717/BJSTR.2019.13.002384
http://dx.doi.org/10.1007/s12291-012-0192-0
http://www.ncbi.nlm.nih.gov/pubmed/26405381
http://dx.doi.org/10.1007/s00216-019-02199-x
http://dx.doi.org/10.1007/s00216-019-02199-x
http://www.ncbi.nlm.nih.gov/pubmed/31760445


International Journal of Big Data and Analytics in Healthcare
Volume 5 • Issue 2 • July-December 2020

10

Emmanuel,I.,&Stanier,C.(2016).Definingbigdata.InProceedings of the International Conference on Big Data 
and Advanced Wireless Technologies (BDAW ’16).Blagoevgrad,Bulgaria:ACM.doi:10.1145/3010089.3010090

ENSANUT.(2020,Mar27).National Survey for Health and Nutrition.Retrievedfromhttps://ensanut.insp.mx/

Hernesniemi, J.A.,Mahdiani,S.,Lyytikäinen,L.P.,Lehtimäki,T.,Eskola,M.,Nikus,K., . . .Oksala,N.
(2018).CohortdescriptionforMADDEC:Massdataindetectionandpreventionofseriousadverseeventsin
cardiovasculardisease.InProceedings of the International Federation for Medical and Biological Engineering: 
EMBEC & NBC 2017(Vol.65,pp.1113-1116).Singapore:Springer.

Hoffman, S. (2016). Electronic Health Records and Medical Big Data. Cambridge University Press.
doi:10.1017/9781316711149

Hong,L.,Luo,M.,Wang,R.,Lu,P.,Lu,W.,&Lu,L.Bigdatainhealthcare:applicationsandchallenges.Data 
and Information Management, 2(3),1-23.

Hooker,S.A.(2013).Cardiovasculardiseaseprevention.InM.D.Gellman&J.R.Turner(Eds.),Encyclopedia 
of Behavioral Medicine(pp.337–340).Springer.doi:10.1007/978-1-4419-1005-9_1611

Kaur,S.,Singh,P.,Indu,V.,&Singla,G.(2012).Fibrinogen,Lp(a),microalbuminuriaandleftventricularmass
index:Cardiovasculardiseaseriskfactorsindiabetes.Indian Journal of Clinical Biochemistry,27(1),94–96.
doi:10.1007/s12291-011-0184-5PMID:23277719

Leone,P.,Cicco,S.,Prete,M.,Solimando,A.G.,Susca,N.,Crudele,L.,Buonavoglia,A.,Colonna,P.,Dammacco,
F.,Vacca,A.,&Racanelli,V.(2020).Earlyechocardiographicdetectionofleftventriculardiastolicdysfunctionin
patientswithsystemiclupuserythematosusasymptomaticforcardiovasculardisease.Clinical and Experimental 
Medicine,20(1),11–19.doi:10.1007/s10238-019-00600-8PMID:31848778

Manonmani,M.,&Balakrishnan,S.(2020).Areviewofsemanticannotationmodelsforanalysisofhealthcare
databasedondataminingtechniques.InP.VenkataKrishna&M.Obaidat(Eds.),Emerging Research in Data 
Engineering Systems and Computer Communications: Advances in Intelligent Systems and Computing(Vol.
1054,pp.231–238).Springer.doi:10.1007/978-981-15-0135-7_22

Mayo,C.S.,Matuszak,M.M.,Schipper,M.J.,Jolly,S.,Hayman,J.A.,&TenHaken,R.K.(2017).Bigdata
indesigningclinical trials:Opportunitiesandchallenges.Frontiers in Oncology,7(187),1–7.doi:10.3389/
fonc.2017.00187PMID:28913177

Mogha,G.,Ahlawat,K.,&Singh,A.M.(2018).Performanceanalysisofmachinelearningtechniquesonbigdata
usingapachespark.DataScienceandAnalytics.InB.Panda,S.Sharma,&N.Roy(Eds.),Data Science and Analytics: 
Communications in Computer and Information Science(Vol.799,pp.17–26).Springer.doi:10.1007/978-981-10-8527-7_2

MohammadForkan,A.R.,Khalil,I.,&Atiquzzaman,M.(2017).Visibid:Alearningmodelforearlydiscovery
andreal-timepredictionofsevereclinicaleventsusingvitalsignsasbigdata.Computer Networks,113,244–257.
doi:10.1016/j.comnet.2016.12.019

NCVD.(2020,Mar27).National Cardiovascular Disease Database.Retrievedfromhttp://www.acrm.org.my/ncvd/

Nichols,S.J.(2018).Inflammatorymarkersandnovelriskfactors.InP.Toth&C.Cannon(Eds.),Comprehensive 
Cardiovascular Medicine in the Primary Care Setting(pp.87–98).HumanaPress.

Nishimura,H.,Miura,T.,Minamisawa,M.,Ueki,Y.,Abe,N.,Hashizume,N.,Mochidome,T.,Harada,M.,
Shimizu,K.,Shoin,W.,Yoshie,K.,Oguchi,Y.,Ebisawa,S.,Motoki,H.,Izawa,A.,Koyama,J.,&Ikeda,U.
(2017).Prognosticvalueofanklebrachialindexforfutureincidentheartfailureinpatientswithoutpreviosheart
failure:Datafromtheimpressivepredictivevalueofanklebrachialindexforclinicallongtermoutcomein
patientswithcardiovasculardiseaseexaminedbyABIstudy.Heart and Vessels,32(3),295–302.doi:10.1007/
s00380-016-0873-3PMID:27412398

Okore,S.K.,Bakyarani,E.S.,&Phil,M.(2015).Bigdatapersonalhealthrecordsmanagementandanalysis
oncloudusingnosql-mongodb.International Journal of Computer Trends and Technology,20(2),68–74.
doi:10.14445/22312803/IJCTT-V28P113

Pfohl,S.,Marafino,B.,Coulet,A.,Rodriguez,F.,Palaniappan,L.,&Shah,N.H.(2019).Creatingfairmodelsof
atheroscleroticcardiovasculardisease.InProceedings of the AAAI/ACM Conference on AI, Ethics, and Society 
(AIES ’19).Honolulu,HI:ACM.doi:10.1145/3306618.3314278

http://dx.doi.org/10.1145/3010089.3010090
https://ensanut.insp.mx/
http://dx.doi.org/10.1017/9781316711149
http://dx.doi.org/10.1007/978-1-4419-1005-9_1611
http://dx.doi.org/10.1007/s12291-011-0184-5
http://www.ncbi.nlm.nih.gov/pubmed/23277719
http://dx.doi.org/10.1007/s10238-019-00600-8
http://www.ncbi.nlm.nih.gov/pubmed/31848778
http://dx.doi.org/10.1007/978-981-15-0135-7_22
http://dx.doi.org/10.3389/fonc.2017.00187
http://dx.doi.org/10.3389/fonc.2017.00187
http://www.ncbi.nlm.nih.gov/pubmed/28913177
http://dx.doi.org/10.1007/978-981-10-8527-7_2
http://dx.doi.org/10.1016/j.comnet.2016.12.019
http://www.acrm.org.my/ncvd/
http://dx.doi.org/10.1007/s00380-016-0873-3
http://dx.doi.org/10.1007/s00380-016-0873-3
http://www.ncbi.nlm.nih.gov/pubmed/27412398
http://dx.doi.org/10.14445/22312803/IJCTT-V28P113
http://dx.doi.org/10.1145/3306618.3314278


International Journal of Big Data and Analytics in Healthcare
Volume 5 • Issue 2 • July-December 2020

11

Piepoli,M.F.,Hoes,A.W.,Agewall,S.,Albus,C.,Brotons,C.,&Binno,S.et al.(2016).2016European
Guidelinesoncardiovasculardiseasepreventioninclinicalpractice.European Heart Journal,37(29),2315–2381.
doi:10.1093/eurheartj/ehw106PMID:27222591

Rallidis,L.S.,Tellis,C.C.,Lekakis,J.,Rizos,I.,Varounis,C.,Charalampopoulos,A.,Zolindaki,M.,Dagres,N.,
Anastasiou-Nana,M.,&Tselepis,A.D.(2012).Lipoprotein-associatedphospholipaseA2boundonhigh-density
lipoproteinisassociatedwithlowerriskforcardiacdeathinstablecoronaryarterydiseasepatients:A3-yearfollow-up.
Journal of the American College of Cardiology,60(20),2053–2060.doi:10.1016/j.jacc.2012.06.057PMID:23083783

Ravani,A.,Werba,J.P.,Frigerio,B.,Sansaro,D.,Amato,M.,Tremoli,E.,&Baldassarre,D.(2015).Assessment
andrelevanceofcarotidintima-mediathicknessinprimaryandsecondarycardiovascularprevention.Current 
Pharmaceutical Design,21(9),1164–1171.doi:10.2174/1381612820666141013121545PMID:25312737

Romanens,M.,Sudano,I.,Adams,A.,&Schober,E.A.(2019).Sonographicassessmentofcarotidatherosclerosis:
Preferred risk indicator for future cardiovascular events? Swiss Medical Weekly, 149, 1–14. doi:10.4414/
smw.2019.20142PMID:31846503

Rosas,E.A.,BadinCastro,J.,VencesAnaya,D.A.,MoralDiez,J.J.,MassoBueso,J.S.,JiménezNiño,A.,
&MeaveGonzález,A.et al.(2017).MetabolicsyndromeanddiabetesmellitusinMexico:TheroleofPET/
CTinendothelialdysfunctionandcardiovasculardiseasedetection.Current Cardiovascular Imaging Reports,
10(7),1–8.doi:10.1007/s12410-017-9404-6

Saeed,A.,Dabhadkar,K.,Virani,S.S.,Jones,P.H.,Ballantyne,C.M.,&Nambi,V.(2018).Cardiovascular
disease prevention: Training opportunities, the challenges, and future directions. Current Atherosclerosis 
Reports,20(35),1–7.

Setiawan,A.W.,Utami,N.,Mengko,T.R.,&Indrayanto,A.(2014).Implementationofelectronicmedicalrecord
incommunityhealthcentertowardsmedicalbigdataanalyticsapplication.InProceedings of the International 
Conference on Electrical Engineering and Computer Science (ICEECS ’14).Kuta,Indonesia:IEEE.doi:10.1109/
ICEECS.2014.7045215

Sood,E.,&Gidding,S.S. (2016).Childhoodpsychosocialdeterminantsof cardiovascularhealth.Current 
Cardiovascular Risk Reports,10(20),1–8.

Tahmassebi,A.,Ehtemami,A.,Mohebali,B.,Gandomi,A.H.,Pinker,K.,&Meyer-Baese,A.(2019).Bigdata
analyticsinmedicalimagingusingdeeplearning.InProceedings of the Conference on Big Data: Learning, 
Analytics, and Applications.SPIE.doi:10.1117/12.2516014

VandeSande,D.A.J.P.,Breuer,M.A.W.,&Kemps,H.M.C.(2016).Utilityofexerciseelectrocardiography
inpre-participationscreeninginasymptomaticathletes:Asystematicreview.Sports Medicine (Auckland, N.Z.),
46(8),1155–1164.doi:10.1007/s40279-016-0501-5PMID:26893099

Wang,Y.,Wang,L.,Rastegar-Mojarad,M.,Moon,S.,Shen,F.,Afzal,N.,Liu,S.,Zeng,Y.,Mehrabi,S.,Sohn,
S.,&Liu,H.(2018).Clinicalinformationextractionapplications:Aliteraturereview.Journal of Biomedical 
Informatics,77,34–49.doi:10.1016/j.jbi.2017.11.011PMID:29162496

WHF.(2017).Factsheet:EnfermedadescardiovascularesenMéxico.World Heart Federation.Retrievedfromhttps://
www.world-heart-federation.org/wp-content/uploads/2017/05/Cardiovascular_diseases_in_Mexico__Spanish_.pdf

WHO.(2018,May24).Thetop10causesofdeath.World Health Organization.Retrievedfromhttps://www.
who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death

Yadlowsky,S.,Hayward,R.A.,Sussman,J.B.,McClelland,R.L.,Min,Y.-I.,&Basu,S.(2018).Clinical
implicationsofrevisedpooledcohortequationsforestimatingatheroscleroticcardiovasculardiseaserisk.Annals 
of Internal Medicine,169(1),20–30.doi:10.7326/M17-3011PMID:29868850

Zaydi Anaí Acosta Chí was born in January 13 of 1984. She graduated in Nutrition and has a Master’s degree in 
Chemical and Biochemical Sciences. she is interested in public health issues and nutritional intervention programs. 
She is currently working at “Universidad de la Cañada” in Oaxaca, Mexico, and is teaching subjects about community 
practices and public food polices.

http://dx.doi.org/10.1093/eurheartj/ehw106
http://www.ncbi.nlm.nih.gov/pubmed/27222591
http://dx.doi.org/10.1016/j.jacc.2012.06.057
http://www.ncbi.nlm.nih.gov/pubmed/23083783
http://dx.doi.org/10.2174/1381612820666141013121545
http://www.ncbi.nlm.nih.gov/pubmed/25312737
http://dx.doi.org/10.4414/smw.2019.20142
http://dx.doi.org/10.4414/smw.2019.20142
http://www.ncbi.nlm.nih.gov/pubmed/31846503
http://dx.doi.org/10.1007/s12410-017-9404-6
http://dx.doi.org/10.1109/ICEECS.2014.7045215
http://dx.doi.org/10.1109/ICEECS.2014.7045215
http://dx.doi.org/10.1117/12.2516014
http://dx.doi.org/10.1007/s40279-016-0501-5
http://www.ncbi.nlm.nih.gov/pubmed/26893099
http://dx.doi.org/10.1016/j.jbi.2017.11.011
http://www.ncbi.nlm.nih.gov/pubmed/29162496
https://www.world-heart-federation.org/wp-content/uploads/2017/05/Cardiovascular_diseases_in_Mexico__Spanish_.pdf
https://www.world-heart-federation.org/wp-content/uploads/2017/05/Cardiovascular_diseases_in_Mexico__Spanish_.pdf
https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death
https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death
http://dx.doi.org/10.7326/M17-3011
http://www.ncbi.nlm.nih.gov/pubmed/29868850

