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ABSTRACT

Transaction processing systems are primarily based on the relational model of data and offer
theadvantagesofdecadesofresearchandexperience inenforcingdataquality throughintegrity
constraints,allowingconcurrentaccessandsupportingrecoverability.Fromaperformancestandpoint,
theyofferjoins-basedqueryoptimizationanddatastructurestopromotefastreadsandwrites,but
areusuallyverticallyscalablefromahardwarestandpoint.NoSQL(NotOnlySQL)systemsfollow
differentdatarepresentationformatsthanrelations,suchaskey-valuepairs,graphs,documentsor
column-families.Theyoffera flexibledata representationformataswellashorizontalhardware
scalabilitysothatBigDatacanbeprocessedinrealtime.Inthisreviewarticle,wereviewrecent
researchoneachtypeofsystem,andthendiscusshowteachingofNoSQLmaybeincorporatedinto
traditionalundergraduatedatabasecoursesininformationsystemscurricula.
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INTRoDUCTIoN

Startingfromthe1980-s, therelationalmodelofdatahasdominatedthestorageandretrievalof
commercialdatainthebusinessworld.Relationaldatabasemanagementsystems(DBMS)byvendors
suchasOracle,IBM,MicrosoftandopensourceofferingssuchasMySQLhaveevolvedintostable
platformsthatusetheSQL(StructuredQueryLanguage)standardfordevelopingonlinetransaction
processingapplications(OLTP),whichconstitutethebulkofinformationsystemsusedbybusinesses.

However,theexplosivegrowthofWeb2.0andtheInternetofThings(IoT)hasledtoaproliferation
ofmassiveamountsofdata,oftentermedbigdata,thatneedstobeprocessedinrealtime(vander
Aalst,2018).Thestructuringofinformationintonormalizedtableswithsubsequentjoinsforquerying,
theoverheadrequiredforcheckingintegrityconstraints,andtheenablementofdatarecoverabilityhas
ledtoperformancebottleneckswhenbigdataisstoredonrelationalDBMSs.ThefirstNoSQL(Not
onlySQL)applicationsweredevelopedbytheinitialusersofbigdata,suchasGooglethatbegan
developmentofBigtablein2004(Whitchcock,2005).Overtime,severaldifferentNoSQLdatamodels
haveemergedbasedontheneedsofdifferentdomains.Ineachcase,theyhaveemergedbecauseof
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fasterperformanceandsupportofevolvingdataschemas.Asofnow,aplethoraofNoSQLsystems
exist,thoughrelationalDBMSsarestillbyfarthemostpopular(seeusagedataforvariousDBMSs
athttps://db-engines.com/en/ranking).Aseachofthesesystemshasevolved,theyhaveraisedtheir
ownsetofresearchquestions.

Fromateachingstandpoint,theundergraduatecurriculainInformationSystemshavecontained
a course onDatabase Management starting from the 1980s, and the most recent ACM IS 2010
curriculumspecifiesthatthiscourselargelydealwithdesigninganormalizedrelationalschemaand
buildingapplicationsusingthestructuredquerylanguage(SQL)standard(Topietal.,2010).However,
recentindustrytrendsindicatethattheadoptionofNoSQLsystemsisincreasingbyorganizations
whoareincreasinglywillingtotryoutthesenewdatastoresinapolyglotapproachtomanagingtheir
datastorage(Simone,2019).Atthesametime,manyofthecloudvendorsthatofferNoSQLstores
alsoofferrelationalstoreswhichareincreasinginpopularity.TheCIOofAmazondescribeshow
theirrelationalAuroraproductisthefastestgrowingserviceinthehistoryofAmazonWebServices
(AWS)in(Vogel,2019).

Giventhischanginglandscape,areviewofopenresearchquestionsinSQLandNoSQLsystems
isneeded.Anotherquestionthatneedsexplorationis:shouldIScurriculaadoptNoSQLaspartof
theirdatabasecourse,perhapsattheexpenseofteachingrelationalconcepts?Inthisworkwedescribe
currentandevolvingresearchquestionsforeachtypeofNoSQLsystem.Next,wecontrastrelational
versusNoSQLsystems,basedontheirapplicationdevelopmentmethods,theirapplicationdomains
andthelevelofstandardsavailable.Usingthisreview,weanalyzehowNoSQLcanfitintoanIS
databasecurriculumovertheneartomidtermhorizon,andifitisappropriatetoreplacerelational
conceptswithNoSQLconceptsinacoredatabasecourse.

Therestofthispaperisorganizedasfollows.InSection2,wedescribethedifferentcategories
ofdatamodelsavailabletodayanddescribeopenresearchquestionsforeachmodel.InSection3,we
describetheapplicationdevelopmentmethodscommonlyusedforeachtype,aswellasthedomains
ofcommonapplication.Section4containsananalysisofappropriatecurricularcontentforeachtype
inanundergraduateIS(InformationSystems)curriculum.WeconcludeinSection5withadiscussion
onthefutureimportanceofeachtypeofsystem.

ReVIew oF DIFFeReNT DATA MoDeLS AVAILABLe

First,wedescriberesearchrelatedtoconsistencyandavailabilityissues,followedbydatapartitioning
research.Next,welookatthefollowingdatamodelsthatareinwideusetoday:therelationalmodel,
thekey-value(KV)model,thecolumnfamilymodel,thegraphmodel,theJSONmodelandtheXML
(eXtensibleMarkupLanguage)model.

ACID, BASe and the CAP Theorem
Theconsistency, availability, andpartition tolerance (CAP) theoremwas introduced in theearly
2000-sasthesizeoftheInternetwasexploding(Gilbert&Lynch,2002).Initssimplestform,it
assertsthatadatabaseimplementationcanonlymaintaintwoofthethreeconceptslistedintheCAP
acronym.Forexample,ifadatabasesystemprioritizesconsistencyandpartitiontolerance,itwill
sacrificesomeamountofavailability.Tryingtomaintainhighavailabilityandpartitiontolerance
wouldcauseconsistencyissues.Networkpartitioningisarequirementfordatabasesystemsbeing
accessedtodayovernetworks,sopartitiontoleranceisabasicrequirement.Hencethetradeoffwhen
buildingorselectingasystemisconsideringthecontinuumwithguaranteedconsistencyononeend,
andguaranteedavailabilityontheotherend(Brewer,2012).

Thewell-knownACID(Atomicity,Consistency,Isolation,andDurability)modelsignifiesthe
four requirements for transactions inmore traditional relational systems (Gray&Reuter, 1992).
SystemsthatfollowapureACIDmodelareatoneendoftheCAPcontinuum,whereconsistencyis
alwaysguaranteed.However,inabigdatacontext,thisoccursattheexpenseofavailability.Atthe
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otherendoftheCAPcontinuumisBASE(BasicallyAvailable,Soft-state,Eventuallyconsistent)
(Pritchett,2008).Thisisasetofdesignprincipleswhereavailabilityisparamount,asinbigdatareal
timesystemswheredatapartitionsensurethatlocallyconsistentdataisalwaysavailable,butglobal
consistencycanbeaccomplishedatalatertime(V.Gudivada,Apon,&Rao,2018).Collectively,
NoSQLsystemstendtobeonthesideofBASEtodifferentdegrees.

Thehighest levelof consistency is strict serializabilityof transactions.This assures that all
transactionscanbeorderedstrictly,so that lostupdatesanddirtyreadsareeliminated.Fornon-
transactionalsystems,thisiscalledlinearizabilityorstrongconsistency(Davoudian,Chen,&Liu,
2018).Sequentialconsistencyisthenextlowerlevelwhereeventuallyatotalorderingiscreated,but
areadoperationmayseeadirtyvalue.Sinceprovidingconsistencyoveradistributedsystemisvery
expensive,manyNoSQLsystemsuseatomicaggregateswheredenormalizeddataisstoredtogether
onthesamenode.Eventualconsistencyisthenextlevelofrelaxationofconsistency,whereordering
isnotenforced,butultimatelyallthecopiesofthedataconverge(Vogels,2009).Thisallowsfor
realtimespeedsofbigdatastores,butdirtywritesandreadsareapossibilityhere.Strategiesused
hereincludethelastwritewinsrulewhereeverywriteistimestamped.Insomevariantsofthis,the
valuesofeachattributearetimestamped,forexampleinApacheCassandraandAmazonDynamo
(Lakshman&Malik,2010).Inaddition,datacanalsoberepairedwhilereadinginconsistentvalues.
Inthisstrategy,thereadoperationforadataitemgetstoseeallthedatavalueswiththeirtimestamps
ondifferentnodes,andthensendsbackupdatestoeachnodewiththelatestdatavalue(DeCandia
etal.,2007).Thisstrategyisusedinseveralsystems,includingDynamo,CassandraandVoldemort.

There are different approaches to data replication, for example, master-slave (Couchbase,
MongoDB,Espresso),master-master(BDRforPostgreSQL,GoldenGateforOracle)andmasterless
(Dynamo,Cassandra).Inamaster-slavereplicationarchitecture,databaseclientssendthedatatoone
knownmasterpartition,andthesysteminturnupdatestheslavepartitionsatalatertime.Aspointed
outrecentlyin(Gonzalez-Aparicio,Younas,Tuya,&Casado,2019),pushingthetradeoffenvelope
betweenavailabilityandconsistencyforNoSQLstoredcontinuestobeanongoingresearcharea.

Data Partitioning Schemes
Data indistributed systemscanbe split horizontally,verticallyor functionally.Horizontal splits
occurwhenthedataschemaispreservedacrosseachpartition,butonlyasmallsubsetofdataison
eachsegmentorshard.Verticalpartitioningoccurswhenasubsetoffieldsintheschemaareineach
partition,usuallybasedonfieldaccessperformanceofthesystem.Functionalpartitioningoccurs
whentheentireschemaissplitbasedonsomefunctionality,forexampleallaccountspayablerecords
maybeinonepartition.

Whendataispartitioned,theperformancescalingisusuallyhorizontal,sothatsubsequentshards
orpartitionsareloadedontolowcosthardware,andscalingupisindefinite.Thedesigngoalsfor
partitioningstrategiesincludeminimizinginter-partitionrequests,loadbalancingofreadandwrite
requestsacrossnodesafternormalizingfornodecapacityandfinallyfacilitatingthe insertionor
removalofnewnodesinthesystemwithminimumdisruptiontopartitions(Huang,Wang,Zhong,
Song,&Yu,2015;Schall&Härder,2015;Stonebraker,Brown,Zhang,&Becla,2013).

Keybasedshardingisthemostcommonmethodofhorizontaldatapartitioning,exceptinthe
caseofgraphdatabases,wheregraphvertices that are stronglyconnectedaregroupedontoone
node.Researchinkeybasedshardingmaybedividedintoworkload-unawareandworkload-aware
sharding.Workload-unawareshardingisstaticinnature,andoptimizesstorage.Examplestrategies
includerange-basedshardingwherekeyrangesdeterminethedestinationpartitionforadataitem
asinMongoDb(Kookarinrat&Temtanapat,2015).Thedisadvantagesherearethatsomepartitions
mayhavemoredatasincedistributionofdataitemsamongstrangebucketsmaynotbeuniform,and
themaintenanceofacentralmappingstructureisrequiredthatmapsrangevaluestoactualnodes.

Hashing is anothermethod,wheredata itemkeys arehashed and thehashvalue is used to
determinethestoragenode.Adisadvantagehereistheincreaseinmultipartitionqueries,sincedata
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itemsthatarequeriedtogetheroftenmayhaveverydifferenthashvaluesfortheirkeys.Another
disadvantageofsimplehashingistheremovalandinsertionofnodes.Asolutiontothisisconsistent
hashing,wherenodesarealsogivenseveralvirtualpositionsbasedonahashfunctionanddataitems
areallocatedbasedonproximityoftheirhashedkeyvaluetothehashedvalueofthenode.This
distributestheloadsothattheremovaloradditionofnodesiseasier.Hashingschemestomeetthe
designgoalsofpartitioning,describedabove,continuetobeanongoingareaofresearch.Forexample,
aconsistenthashingschemewithboundedloadsisproposedin(Mirrokni,Thorup,&Zadimoghaddam,
2018)fordynamicloadbalancing,wherethegoalistominimizethemaximumloadonanynode,
andtominimizethenumberofdataitemstobemovedifanynodeisaddedorremoved.

Relational Model
Proposed in1970(Codd,1970), the relationalmodel is themostpopularmodel inexistence for
thestorageandaccessofalpha-numericdata.Decadesofresearchhavecreatedsecureandreliable
systemsthatallowconcurrentaccesstousersinanorganization,securerecoveryincaseofsoftware
orhardwarefailureanddeclarativeaccesstodataviaSQL.Rolebasedaccessisalsoafeatureof
relationalmodels.Whileearlieriterationswereoptimizedformorewritestothedatabase,alsocalled
onlinetransactionprocessing(OLTP),neweriterationsprovidestoragethatisoptimizedforonline
analyticprocessing(Chaudhuri&Dayal,1997),whereroll-upanddrill-downqueriesareoptimized
acrossmeasuresofinterestsuchassalesfiguresalongdifferentdimensions.

Therelationalschemaneedstobeusuallydefinedattheonsetofdeployinganapplication,and
isnotamenabletofrequentevolution(V.N.Gudivada,Rao,&Raghavan,2016).Readandwrite
performance can be scaled up in relational systems via vertical scaling (adding more expensive
hardware) though this is expensive and reaches a ceiling quickly (Vaquero, Rodero-Merino, &
Buyya,2011).Therelationaldatabasemarketisover$40billionandexpectedtoconstituteover80%
0ftheentiredatabasemarkettill2022(Doherty,2013;Wells,2019).Over100relationaldatabase
managementsystemvendorsexist,includingOracle,MicrosoftSQLserver,IBMDB2andMySQL.

Fromaresearchstandpoint,relationalsystemsarestillanactiveareaofresearchinmanyareas.
Hardwareadvances,suchasNVMe(NonVolatileMemoryExpress)drivesthatdeliversignificantly
lowerlatencyandhigherbandwidthforI/Oapplicationscontinuetoappear,andexploringhowthese
advances impactrelationaldatabasedesigngoingforward isan important researchquestion.For
example,itwasfoundin(Xuetal.,2015)thatNVMebackedsystemsdelivereduptoeighttimes
fasterclient-sideperformanceoverenterprise-classSATA(serialadvancedtechnologyattachment)
solidstatedrives.Indexingschemestogetbetterreadandwriteperformancefromrelationalstores
alsocontinuetobeanareaofresearch.Asurveyof48indexingtechniqueswaspresentedin(Gani,
Siddiqa,Shamshirband,&Hanum,2016),withaviewtomanagingbigdataondifferentdatamodels.
Forexample,acompactsteinerindexwaspresentedin(Li,Feng,Zhou,&Wang,2011)tofacilitate
keywordsearchesinrelationaldatabases.

Anotherongoingareaofresearchisassociatingontologieswithrelationaldata.Thishasbecome
easiersinceOWL(OneWorldLanguageorWebOntologyLanguage)becamethede-factostandard
forcreatingclass-basedontologies.Asurveyoftoolstomapontologiestorelationaldataispresented
in (Moldovanet al., 2015).Ontologies canbeused to createmorenatural query interfaces.For
example,usageofanOWLschematocreatefuzzyqueriesonscalardatainarelationaldatabase
ispresentedin(Martínez-Cruz,Noguera,&Vila,2016).Anaturallanguagequeryinterfaceusing
ontologies isproposed in (Lei et al.,2018).Mapping semanticconstraints inOWL to relational
databaseimplementationmechanismssuchastriggersisanothercurrentareaofresearch(Achpal,
Kumar,&Mahesh,2016).Ausefulsummaryofontologiesforknowledgemodelingandinformation
retrievalisavailablein(Munir&Anjum,2018).

AthirdareaofresearchistheemergenceofNewSQLdatabasesthatcombinethethroughput
performanceofNoSQLsystemswiththeACIDpropertiesofrelationalsystems(Duggirala,2018).
Manyoftheseusesomeformofin-memorystoragetoenhanceI/Operformance.Applicationdomains
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ofNewSQLdatabasesaredescribedin(Almassabi,Bawazeer,&Adam,2018),andincludearchival
datawarehouses,real-timeandstreamingsystemsandsystemsthatsupporttimestampedinformation.

Key Value Model
Datainthekeyvaluemodelisstoredassimplekey-valuepairs,whereakeyisgeneratedusingany
partitioningalgorithm,suchasahashalgorithm,andthevalueisstoredasanopaquebinaryBLOB
(binarylargeobject).Oncetheapplicationhasthekey,theBLOBcanbemadetoappearasalist,or
adictionary,oranotherstructure,dependingonthesystemandtheapplication.Theperformanceof
keybasedqueryingisindependentoftheamountofdatastored.TheKVdatamodelisveryextensible
inadeployedapplication,sothatthevalueinthenextKVpairdoesnothavetomatchtheformat
ofthevalueofanearlierKVpair.KVsystemslendthemselveswelltohorizontalscaling(adding
cheapermachinestoapoolofresources)sincedatacanbeshardedmoreeasilyandshardscanbe
storedondifferentservers.AggregatequeryingisalsofacilitatedusingaMapReduceprogramthat
runsqueriesinparallelacrossmultipleshardsandcombinestheresult(Dean&Ghemawat,2008).Big
dataapplicationsthatrequirerealtimereadingandwritingperformanceinmillisecondsbenefitfrom
theKVmodel.Over50vendorsexistforKVapplications,includingAerospike,Redis,Memcached,
RiakandDynamoDB.

Whileapplicationssuchaswebsessionlogsandshoppingcartsneedprimarilykeybasedquerying,
mostapplicationsrequiresomeformofvalue-basedquerying.Ratherthanrequiretheapplicationto
parsethevalueobjectandwritequerycode,recentKVsystemssupportindexingandqueryingvalues
ofcertaindatatypes,suchaslists(redisandAerospike)ortablerows(HyperDexandSpinnaker).

In-memoryKVsystems(suchasMemcachedandVoldemort)offerveryfastaccess,andareused
forcloudcachingorwebsessioninformation.Persistentsystems(suchasRiakandOracleNoSQL)
offersolidstatediskstorage,whilehybridsystems(suchasAerospikeandRedis)offerinmemory
performancewithpersistentstorageifcertainconditionsaremet(Davoudianetal.,2018).Ongoing
research in KV systems focuses on developing access control models for data access (Moreno,
Fernandez,Fernandez-Medina,&Serrano,2018)andteasingoutdatasemanticsinthevalueportion
(Rudnicki,Cox,Donohue,&Jensen,2018).WhileKVsystemsofferfastqueryperformance,the
issueofdataqualityinthevalueportionisanissuesinceintegrityconstraintshavetobewrittenat
theapplicationlevel.

Column Family Model
Unlikerelationalsystemsthatarerelativelyimmutablewhenitcomestoschemaevolution,column
familysystemsmodeldataasmultiplefamiliesofcolumns,whereusuallyintra-columnmutability
isfacilitated.Columnfamiliesarenoteasilymutableoncecreatedforanapplication,butcolumns
withinafamilycanbeeasilyaddedortakenaway.Thisallowsforthedataschematochangeeasily
astheapplicationevolves,sothateach“row”withinacolumnfamilycanhaveaflexiblenumber
ofcolumns.Columnswithinafamilyarephysicallystoredtogetherandeasilyaccessedquickly.In
essence,anestedKVmodelcanbeusedtorepresentacolumnfamilyschema,whereeach“row”has
onekey,andthennestedkey-valuepairstostorethedata.Newvaluesdonotreplaceoldones,but
areinsteadtimestamped,soatriple<row-key, column-key, timestamp>canbeusedtoaccessdata
(Davoudianetal.,2018;Wiese,Waage,&Brenner,2019).Computingaggregatemetricsonlarge
databasesthathavetemporaldata,suchasfinancialapplications,isaclassicapplicationofcolumn
familydatabases.Optimizingaggregatequeriesisanongoingresearchquestionforcolumnfamily
systems(Storey&Song,2017).Forexample,storingtheresultsofexpectedsearchesonbigdata,so
that,say,allin-boxmailmessagesrelatedto‘picnics’areinonerowandallmessagesrelatedtouser
‘johnDoe21’areinanotherrowisanotherexampleoftheapplicationofcolumnfamilydatabases.An
aggregatesearchcanthenberunveryfastforretrievingmessagesbasedonsearchcriteria.Notable
systemsincludeCassandra,HBase,BigTableandHyperTable.
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Thepartitioningof column family systemscanbebycolumn families (vertical)orby rows
(horizontal).Storageisusuallyin-memory,usingadatastructuresuchasanLSM(log-structured
merge)treeforeachcolumnfamily(Wu,Xu,Shao,&Jiang,2015).Copiesofthesetreesarekept
inpersistentstorage,usually immutably,so that themost recentcopy isused toaccess thedata.
Updatesbecomefasterbecauseoftheimmutabilityofoldvaluesinoldercopies.TheMapReduce
programming model pioneered by Google works well with the column family model, and there
isongoingresearchtoalter themodel toaccommodatedifferent typesofdomains.Forexample,
processingGeospatialdata inHBaseusingMapReduce iscovered in (Gao,Yue,Wu,&Zhang,
2017).Atwo-phasedMapReducealgorithmtofacilitatereplicationofdataindatawarehousesis
presentedin(Barkhordari&Niamanesh,2018).AsummaryofthedifferentMapReducevariants
usedinColumnFamilysystemsispresentedin(Seera&Taruna,2018).

Graph Model
Thenativegraphmodelstoresdataasverticeswithedges.Usuallyverticesrepresentthingsorevents,
andedgesrepresentrelationshipsbetweenthesethingsorevents.Attributescanbeusedtofurther
describetheverticesandtheedges.Ongoingresearchinthismodelinvolvestwobroadareas:storage
ofgraphdata,andoptimizingdeepqueries.

SystemssuchasearlyversionsoftwitterFlockDBstoredtheirgraphdatainadjacencylistson
arelationalsystemsuchasMYSQL.Adjacencylistsstoreasinglelistofneighborverticesforeach
verticesinanon-directedgraph,andtwolists(inandout)foreachvertexforadirectedgraph.This
storagecausesdataredundancy,sinceeachlinkinformationisstoredonceforeachvertexinthelink.
Updatesarefasterwiththiskindofstorageoveramatrixrepresentation,sinceavertexcanbeeasily
addedbyconcatenationofalistforthenewvertex.Avariationofthisiscalledanedgelist,where
thesourceanddestinationverticeIDsofeachedgearestoredinatwocolumnrelationaldatabase
table,thatmaybeindexedusing,say,aB-Tree(Comer,1979).Inthiscase,dataredundancyislower
sinceeachpieceofinformationisretainedonlyonceinthedatabase.

Themostpopulargraphstorageformatisacompressedsparserow(CSR)wheretwointeger
arraysareused(Qian,Childers,Huang,Guo,&Wang,2018).Thefirstisanedgearraythatmapsan
edgeIDtotheIDofitsdestinationvertex,andthesecondisavertexarraythatmapseachvertexto
theIDofitsfirstoutgoingedge.ThemainadvantageofCSRisthecontiguousstorageofoutgoing
edgesofeachvertexinmainmemory,therebyleadingtoareducedneedforsecondarystorageaccess.
ThecostofedgeinsertionorremovalisO(m)wheremisthenumberofedges.CSRiscommonly
foundinmanygraphenginessuchasGraphChi(Kyrola,Blelloch,&Guestrin,2012)wherebillions
ofedgescanbemanaged.RecentadvancesintheareaincludeG-storewheretrillionedgegraphsare
optimized(Kumar&Huang,2016).

Thesecondareaofresearchingraphdatabasesisthequeryingoflargegraphs.Agoodsurvey
ofmodernquerylanguagesforgraphdatabasesispresentedin(Anglesetal.,2017).Graphqueries
canberealtimequeries,relatingtoasmallportionofalargegraph,orofflinecomputationsthat
optimize queries covering over large portions of the graph. The storage mechanisms for these
twoneedsaredifferent,inthattheformerusesanonlinemodel,whereupdatesandqueriesover
smallportionsofthegraphareoptimized,whilethelattermayactuallytakethegraphofflineand
optimizeforquicktraversaloverthegraph.SystemslikeGraphCHIandMicrosoftTrinitysupport
bothaspectsofgraphquerying.ThethreemostpopularquerylanguagesforgraphsareSPARQL
(Harris&Seaborne,2013),Neo4J’sCypherandApache’sGremlin.Allthreeemploygraphpattern
matching,wheregraphpatternswithvariablesforedgesandnodesarematchedwithactualdatain
agraphschema.Bothhomomorphic(SPARQL)andisomorphic(Neo4j)matchstrategiesmaybe
supportedwhenitcomestocriteriaforfindingmatchesbetweenpatternsandactualdata.Asecond
aspectofqueriesisfindingpathsbetweennodesthatsatisfycertaincriteriasuchasexistenceofthe
path,satisfactionofaregularexpressionormorecomplexqueries(Libkin,Martens,&Vrgoč,2016).
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Theselectionofproperstandardizedsemanticsfortheseaspectsofgraphqueries,acrosslanguages,
isanongoingresearchissue.

Document Model (JSoN and XML)
Thedatamodelusedhereisavariantofthekey-valuemodel,wherethevalueisnotanopaqueBLOB,
butisinsteadastructuredfileformat,usuallyJSON(JavaScriptObjectNotation)orXML(eXtensible
MarkupLanguage).Eachvalueisafilewithitsownattributesorfields.Thedataschemacanevolve
sincesubsequentfilesneednothavethesamefieldsaspriorones.Documentsthataresemistructured
withwidelyvaryingfieldswhosefieldstructureanddatatypescanchangearesuitableforthedocument
model.Indicescanbebuiltfordifferentattributes.Aggregatequeryingacrossdocumentcollections
isoptimizedinthesesystems(V.N.Gudivadaetal.,2016).Over40vendorsfordocumentsystems
exist,includingMongoDB,CouchDB,CouchBase,DynamoDB.Sincethedifferencebetweenthe
KVmodelandthedocumentdatamodelliesinhowthevalueisstored,manysystemsofferachoice
ofboth.AnexamplequerylanguageinthisdomainisN1QL(nonfirstnormalformquerylanguage)
inCouchBasethatsupportsdeclarativequeryingacrossdocuments.

DatabasemanagementsystemssupportingtheXMLstandardgobeyondjustdocumentmodel
systems.XMLschemascanbevalidatedusingnamespacesordocumenttypedefinitions(DTD),so
aschemacanbeenforcedondata.Atthesametime,becauseoftheextensibility,anewDTDcanbe
definedeasily,therebysupportingtheevolutionoftheschemaasthedomainchanges.Rule-based
datavalidationcanalsobedoneusingtheSchematronstandard(VanderVlist,2007).Unlikeadd-on
modulestosomesystemsthatstoreXMLfilesasCharacterLargeObject(CLOB)files,dataisstored
inthesesystemsnativelyasanXMLfile(V.N.Gudivadaetal.,2016).

XPathandXQueryextensionsarestandardsthatcansupportreadsandwritestothedata.Other
accompanyingstandardssuchasXFormsandXProcalsomaybeimplementedinthesesystems,
therebysupportinganevolvingstandardindataprocessingandapplicationdevelopment.Standards
basedstorage,accessandprocessingallowsapplicationstobemoreeasilymovedacrossdifferent
nativeXMLsystemsandallowsforbetterrecoveryandsecuritypolicies.ExamplesofnativeXML
systemsincludeMarkLogic,BaseX,andSedna.Anongoingareaofresearchindocument-based
systemsispolyglotstorage,sothattherelationshipsbetweendocumentsmaybestoredin,say,a
graphrepresentation,whilethedataitselfisstoredinanunderlyingJSONorXMLformat(Oliveira
&delValCura,2016;Sadalage&Fowler,2013).

Table1summarizestheongoingresearchquestionsinthedifferentNoSQLdatamodelsdiscussed
inthissection.

Next,webrieflydescribetheapplicationdevelopmentmethodsthatmaybeusedforthedifferent
models,andhowthismayimpactpedagogicalcontentinIS.

APPLICATIoN DeVeLoPMeNT AND DoMAINS

Relational Model
There is a great deal of mathematical theory associated with the design of relational schemas,
primarilybasedonthenotionoffunctionaldependenciesbetweenattributesintheschema(Kent,
1983).Reducing redundancyof thedata that is storedwith appropriate formsof normalization,
therelationalschemaiswidelytaughtinundergraduatedatabasecoursesinbothISandcomputer
sciencecurricula.Semanticmodels like theextendedentity relationshipmodel (EER)havealso
beendevelopedtobridgethegapbetweennatural languagedescriptionsofdomainrequirements
andarelationalschemadesign(Engelsetal.,1992;Teorey,Yang,&Fry,1986).Thus,thenotion
ofdesigningaschemaforimproveddataqualityintheapplicationiswellunderstoodwhenusing
therelationalmodel.Inbuiltconstraintenforcementmechanismssuchasprimarykeyandreferential
integrityconstraintsandtriggersarebuiltintomostrelationalOLTPsystems,furtherenhancingtheir
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abilitiestofacilitatedataqualityfortransactionprocessingapplicationswithalphanumericdata,as
iscurrentlyfoundinmostfunctionalbusinessareas(Reiter,1988).Rolebasedsecuritymechanisms
withafine-grainedlevelofcontrol,theabilitytosupportconcurrentusersandrecoveryfromsystem
faultsarealsobuiltintothesesystems.

Typically,theperformancescalingforthesesystemsisvertical,inthatfasterspeedisusually
obtainedthroughincreasingthemainmemory,diskaccessspeedsandprocessingspeedsofexisting
hardware.This limitation implies that relational systems typically arenot suitable for veryhigh
throughputapplicationswhereinputdataisgeneratedfromprograms,suchasdatafromInternetof
Things(IoT)appliances,orwebserverlogs.Instead,theyaremoresuitableforapplicationswhere
dataisbeinginputbyseveralhumansormachinesinatypicalbusinesssetting,suchascustomer
relationshipmanagement,banking,etc.

Column Family Systems
ColumnfamilysystemslikeCassandradoallowthecreationofaprimarykey.Thekeyisusedto
ensureuniquenessofrecords,andalsotodeterminethelocationofthepartitionthatwillhousethat
record.Thisfacilitatessearchesbykey.However,thereisnosupportforreferentialintegrity,triggers
orotherdataqualitychecks.Thismeansthatdataisoftenstoredinduplicatelocations,leadingto
redundancybutveryfastreadssincenojoinsareneeded.

Columnswithinafamilycanbedynamicallyorstaticallytyped,andfamiliesareextensible,
whichsupportsapplicationswithanevolvingdataschema.Anapplicationdevelopmentframework
forcolumnfamilysystemsismoreinvolvedthanKVsystems,sincethereissomestructureto
data(columns),thoughnormalizationisnotanoption.Sincetimestampsareassignedtoeach
update/delete/insert mutation with micro second granularity, big data applications such as
financialtransactionsandstreamingmultimediawheretimestampingisimportantaresuitable
forcolumnfamilysystems.

Table 1. Ongoing research areas in NoSQL systems

NoSQL Area of Research Ongoing Research Questions

Consistency/Availability Algorithmstopushtheconsistency-availabilityenvelope

PartitioningSchemes Schemestoreduceinter-partitionrequests,loadbalanceread/writerequestsacrossnodes
andreducedisruptiontopartitionswhennodesareinsertedorremoved.

RelationalModel

Memorymanagementchangesbecauseofadvancesinsecondarystoragelatency
andbandwidth.Indexingschemesforimprovedread/writeperformance.Mappingof
ontologiestorelationalschemasandintegrityconstraintssuchasreferentialintegrity
andtriggers.Increasethroughputandread/writelatencytoNoSQLlevelswhilestill
allowingforrelationalschemas.

KeyValueModel Providingdataaccesssecuritytoroles.Capturingapplicationsemanticsandintegrity
constraintsinthevalueportion.

ColumnFamilyModel
Balancelatencyofaggregatequerieswithstoragerequirements.Applycolumn
familydatamodeltodifferentdomains.ModifyMapReducealgorithmsforincreased
performance.

GraphModel
Formulategraphstoragemethodssothatstoragespaceislower,linkinsertionand
removalisfasterandaccessisfaster.Standardizeandoptimizequerylanguage
constructsforsmallsegmentqueriesandlargertraversalqueries.

DocumentModel
Developsystemswithpolyglotstoragetocapturelinksbetweendocumentsegments.
EvolvingstandardsinJSONtomatchthoseofXMLfordocumentschemavalidation
andquerying.
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Graph Systems
Thelogicalmodelforgraphsystemsisvertex-edgeinformationwhichisoftenphysicallyimplemented
indifferentformats.Supportfortransactionsordatapartitioningvariesbasedonthesystem,andthere
seemstobenoconvergingstandardatpresentforhowtodevelopapplications.Graphsystemsare
veryusefulwherelargedatasetsofvertex-edgeinformationisneeded,asinrecommendersystems,
securityaccesssystems,socialnetworks,etc.

Document Systems
Documentsystemsthatarenon-XMLusuallystoreinformationasKey-JSONfilepairs.Systems
likeCouchDBofferbothakey-binaryvaluepairandakey-JSONfilestoragemodel.Systemslike
MongoDBandCouchDBalsoallowsystemspecificdocumentvalidationfeatures,thoughnostandard
exists.JSONhasadvantagesoverXMLinthatitcanbeparsedwithJavaScriptfunctionsversususing
anXMLparseranditsupportsarrays,solesscodingisrequiredtomovedatatoandfromaJSON
file.ForAJAXstyleapplications,JSONiseasiertousethanXMLsincenoloopingthroughthe
XMLdocumentobjectmodelisrequired.JSONfilesalsotendtobesmallerandfastertotransmit
andretrieveinthecaseofbigdataapplications.Applicationsthatrequireflexibleschemas,have
mainlyalphanumericdataandrequirefastthroughputonthewebaregoodcandidatesforJSON
baseddocumentsystems.

XMLsystemsstoredatainnativeXMLformat,whichmeanstheycanalsostoredatawithvarying
degreesofstructure,similartoJSONbasedsystems.However,inXML,attributescanbeputinto
theopeningtagsinXML,therebydelineatingmetadatafromactualdata.Applicationdevelopmentis
themostmaturehereamongstalltheNoSQLsystems.First,dataschemadesigncanbeundertaken
usingconstraintssuchasprimarykeyandreferentialintegrityconstraints,withautomatedchecking
usingSchematron.Everynewdocuments’schemacanalsobecheckedagainstaDTDoranamespace
(Bray,Hollander,&Layman,1999).

Second, query-based applications can be written using the Xpath/XQuery standards, so
applicationsareportableacrosssystems.Third,frontendclientapplicationscanbebuiltusingXForms,
that supports common graphic user interface (GUI) architectures. Standards-based development
permitstheusualadvantagesofgreateravailabilityoftechnicalpersonnel,portabilityacrossdifferent
XMLplatformsandeasieroutsourcingofdevelopment.XMLbasedsystemsareslowerthanJSON
basedsystems,butprovidebetter support fordocumentheavyapplications.Typicalapplications
for XML systems include workflow systems with very long transactions and evolving schemas,
automatedsupplychainsystemsandanyapplicationwithlargeamountsofsemi-structureddatathat
ismainlyalphanumeric.

Key Value Systems
KVsystemsareapplicableinveryhighthroughput,bigdataenvironmentswhererealtimeresponse
isessential.Examplesincludewebsessiondata,auctionsystems,dynamiccustomizeduserinterface
generationforauser,withthousandsofusersconcurrentlyloggedin,recommendationengines,etc.
ThedesignofdatainKVsystemsisveryflexible,sincethestoragestructureisanopaquebinary
object.Theselectionofwhattypeofkeytouseissomewhatimportant,thoughoftenahashkey
maybesufficient.Thus,intermsofdataqualityenforcement,allmechanismsmustbecodedinthe
application code,unlike the relationalmodelwithbuilt in constraints and triggers.Applications
wheretheprimarylookupisviakeysareespeciallywellsuitedforKVsystems,especiallyifthe
dataschemaevolvesconstantly.

Table 2 summarizes the discussion above and contrasts the application development in he
differentdatamodels.

Next,weexploretheextenttowhichNoSQLneedstobeincorporatedintoadatabasecourse
inInformationSystems.
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Table 2. Application domains and development for relational and NoSQL data models

Data Model Logical 
Representation

Major 
Characteristics

Application 
Development Application Areas

RelationalModel Relations,
Attributes

Integrity
constraints,fine
grainedsecurity,
SQLstandard,
strongACID
support

Strongnormal
formdesign
theory,SQL
standardtowrite
code,vertical
scaling

OLTPandOLAPsystems,multiuser
systemsusuallywithinanorganization.
Queryspeedandthroughputnotas
criticalasdataquality.Typicallynot
usedforbigdataapplications.

ColumnFamilyModel
Columnswhich
canbedynamically
addedtoafamily

Primarykey,but
nonormalization
support

Lotsof
duplicationof
data,sinceeach
queryoften
becomesitsown
family.Leadsto
veryfastreads.

Bigdataapplicationswheretime
stampingisimportant,anddatastill
needstobeorganizedintocolumns.
Includesfinancialapplicationsanddata
warehouses.

GraphModel
Nodesandedges,
withattributesfor
both

Nonormalization
orother
standardized
integrityconstraint
support.Supports
graphoriented
operationssuch
asshortest-
path,minimum
spanningtree,
clusteranalysis,
etc.

Identifying
whattomodel
asnodesversus
edges,what
attributes
tocapture.
Developing
queriesusing
thelanguage
providedbythe
particularsystem.

Bigdataapplicationwhererichnessof
relationshipsisimportant.Examples
includerecommendersystemsand
socialnetworkanalysis.

JSONSystems
Key-Valuepairs
withaJSONfile
aseachvalue

UseJSONsyntax
tocapturedata
structure,which
islightweight,
thoughlacksmeta
dataspecification
support.

Structurethe
dataasJSON
files,andUses
JavaScriptto
processquickly.
Dataintegrity
constraint
checkingis
unstandardized
andneedstobe
coded.

Webbasedbigdataapplicationswhere
thereislotsofnetworktrafficand
thedatamodelevolves,butismainly
alphanumeric.Examplesinclude
webbasedsharingoflargenumbers
ofdocuments,textsearchesonlarge
databases,etc.

XMLSystems
Key-Valuepairs
withanXMLfile
aseachvalue

UseXMLsyntax
tomodeldata
structure,structure
canbevalidated
againstDTDor
namespace,and
valuescanbe
validatedusing
astandardlike
Schematron.

Structurethe
datafields,and
listintegrity
constraints.
Develop
applications
usingSchematron
andXForms.Set
upqueriesusing
XQueryand
XPath.

Dataapplicationswheredatasharing
isessentialandthedatamodelevolves,
butwhererealtimespeedisnotcritical
anddataqualityandintegritychecking
ismoreimportant.Examplesinclude
multiorganizationalsupplychain
systems,andotherOLTPsoftwarethat
spansmultipledatabases.

Key-ValueSystems

Key-valuepairs
wherethevalueis
anopaquebinary
value

Keysare
partitionedand
usuallyhash
values.Maximum
flexibilitysince
eachvaluecan
beanything,
including
multimedia.
Nochecking
forintegrity
constraints

Decideonthe
keypartitioning
schemeand
whichobjects
toimplementas
values.Decide
ondatapartition
mechanisms
solocaldatais
alwaysconsistent
forapplication.

Veryfastrealtimeperformancein
bigdatasetsforwritesandreads,
independentofsizeofdata.Workswell
fordistributedapplications,aslongas
localizeddatapartitionsareconsistent.
Anykindofapplicationthatrequires
nonalphanumericdatawithvery
flexiblestructure.Examplesinclude
largescalevideodatabases,music
databases,imagedatabases,etc.
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How SHoULD NoSQL DATABASeS Be 
INCoRPoRATeD INTo AN IS CURRICULUM?

Theoverallmarketforbigdatasoftwareandservicesisestimatedtogrowfrom$42billionto$103
billionfrom2017to2027(Columbus,2018).ThemarketforNoSQLdatabasesisrelativelysmall,
andthoughgrowingrelativelyfast,likelytoremainatunder10%oftheoveralldatabasemarkettill
2022,asperareportin(Wells,2019).AnanalysisofdatapublishedbyIDC,themarketintelligence
firm, indicates that the total database market in 2022 will be approximately $40.4 billion with
relationaldatabasesaccountingforabout$33billion(Mullins,2019).TheNoSQLmarketinthesame
analysisisestimatedtobeapproximately$3.7billionin2022.Thisimpliesthatstorageandusageof
transactionaldata,storedinarelationaldatabase,inthebusinessworldwilldominateinformation
generationandusageinthenearfuture.

TheACM/AIScurriculumforISschoolsrecommendsacoursetermed“DataandInformation
Management”(IS2010.2)withanintenttoprovide“anintroductiontothecoreconceptsindataand
informationmanagement”(Topietal.,2010).Therecommendedlearninggoalsincorporateconceptual
modeling(e.g.entity-relationshipmodel),relationaldatabasedesignwithnormalizationlevels,with
aprimary focusonOLTPsystems.UnderstandingOLAP,semi-structuredandunstructureddata
managementislistedingoals19and21(outofatotalof21learninggoals).Oneoftheauthorsof
thispaperhasbeenteachinganISdatabaseclassatvariousUSbasedUniversitiessince1995,and
thisistypicalofthecurrentsyllabiusedinIScurricula,whereERorEER(extendedER)modeling,
normalization,SQLandapplicationdevelopmentonarelationalplatformarethebulkofthecourse,
withoneor two lectures regardingwarehousingandsemi-structuredorunstructureddata.These
componentsconformtothewellunderstoodrequirementthatUniversitylevelcoursesofferknowledge
witha“longshelflife”thatisindependentofanyparticularISartifactorsystem.

The discussion of NoSQL systems in Sections 2 and 3 of this work indicates that NOSQL
hasundergoneabottom-upevolution,wheresolutionswereputtogethertosolveperformanceand
scalingissuesinemergingwebandbigdatascenarios.Thereisalackofunderlyingtheoryguiding
databasedesignandstandardssimilartoSQL,excepttosomedegreeinthecaseofXMLsystems.
ApplicationdevelopmentonNoSQLsystemsalsoseemstobelargelybasedonthefeaturesprovided
byeachvendor,versusasetofstandards.Finally,therearemanydifferenttypesofNoSQLsystems,
dependingonthebigdataapplicationdomain.

AnearlyworkonincorporatingNoSQLintoatraditionaldatabasecoursearguedthatNoSQL
needstobeaddedbecauseof“industrychanges”andsuggestedthatstudentsbeaskedtodothesame
projectonrelationalandaNoSQLplatform(Stanier,2012).Morerecently,acasewasproposedthat
couldbeusedasaNoSQLprojectinatraditionaldatabasecourse,usingCouchDB(Fowler,Godin,
&Geddy,2016).Thegoalbehindthisprojectwastoshowstudentshowanevolvingdataschemacan
becapturedinCouchDB,andsampleJavaScriptquerieswereprovided.Pre-andpost-testmeasures
showedthatstudentshadabetterunderstandingofwhyNoSQLishelpfulinasocialnetworking
contextandhowitsupportsanevolvingdataschema.However,asshownin(Topietal.,2010),the
currentAIScurriculumforadatabasecoursehas littleroomtoaddnewcontent,without taking
awaycontent.Further,thechallengeistoteach“longshelflife”intellectualcontent,whichcanbea
challengeinalandscapethatevolvedbottom-upandhasfewstandards.

ShouldanewcourseforNoSQLbecreated?Arecentworkdescribedthecreationofsucha
course in thecurriculumatRose-HulmanInstituteofTechnology (Mohan,2018). Itwasargued
thatincomputerscience,theemphasisoncoursecreationisbasedonrealisticusecasescenarios
andproblem-basedlearning(Walker&Slotterbeck,2002),andnotjustontheory-basedlearning.
ThecourseexposedstudentstotheunderlyingmotivationsbehindNoSQL,andavarietyofNoSQL
databases(document,graph,KVandColumnar).Studentshadtoworkonanapplicationoneach
system and reflect on the differences and applicability of each system. A final project required
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studentstodevelopaninformationsystemusingaNoSQLsystemtheyselect.Studentfeedbackwas
positiveonthecourse.

While concepts such as scaling, big-data performance and multiple system application
developmentcanbecoveredinacomputersciencecourse,aretheyrelevantinanIScurriculum?
Asperthe2010ISCurriculuminIS,thegoalofISprogramsistoproduceindividualswhocanuse
technologytomaketheenterpriseworkbetter(Topietal.,2010)pp.374.Giventhefluidlandscape
ofNoSQLmodels,andthecontinuedpreponderanceofrelationalsystems,werecommendthatIS
coursesintheareaofdatabasesdonotsignificantlychangetheircontentatpresent.However,thefast
growthofNoSQLinbigdataapplicationsimpliesthatattheveryleast,ISstudentshouldbeawareof
thecontrastbetweenrelationalandNoSQLsystems,andhowapplicationdevelopmentwouldoccur
inaNoSQLscenario.OneoptionhereistoutilizealectureinthetraditionalISdatabasecourseto
discusstheseissues,perhapswithexamplescenarios.AsecondchoicewouldbetointroduceaNoSQL
courseasamoretechnicalelectiveinthecurriculum,wherestudentsbuildapplicationsinavariety
ofNoSQLsystems,alongthelinesofthecoursedescribedin(Mohan,2018).

CoNCLUSIoN

NoSQLsystemsevolvedfromtheground-up tohelpmanage latencyand throughput inbigdata
applicationswheremuchof thedatacomes fromautomated sources, suchasadatabaseofweb
pagesmaintainedbyasearchengine,orwebserverlogstocustomizeuserexperience.Severaldata
models,suchascolumnfamilies,key-valuepairs,graphsanddocument-basedsystemshaveemerged
torepresentdataindifferentdomains.Theysharecommontraitssuchasemphasizinglowlatencyand
highthroughputattheexpenseofdataconsistencyandmanagementofdataintegrity.Inthiswork,
wehighlightedongoingresearchquestionsforeachofthesedatamodels,andsummarizedcurrent
techniquesusedtodevelopapplicationsonthedifferentdatamodels’platforms.

Thehistoricevolutionofrelationaldatabasessystemsofferssomeguidanceonthefutureof
applicationdevelopmentintheNoSQLlandscape.Therelationalmodelwasproposedin(Codd,1970),
andtherelationalcalculusshortlythereafter(Codd,1971).TheemergenceofSQL(Chamberlin,
1980;Pirotte,1979)allowedtheimplementationofrelationalsystemsontheuniversitycampusand
eventuallyintoindustry.Atthesametime,theriseofconceptualmodeling(Chen,1976)allowed
the creation of an application development methodology that bridged the gapbetween end-user
requirementsinanenterpriseandthedesignandimplementationoftransactionprocessingsystems.
Databasecourses incomputer sciencecurriculadealtwith learning thearchitectureof relational
DBMSs,fromthepointofviewofthealgorithmsrelatedtoenforcingtheACIDrequirement.Courses
inIScurriculaevolveddifferentlyanddealtwithtranslatingbusinessrequirementsintoanormalized
design,usinganintermediateconceptualmodelsuchastheE-Rmodel,andapplyingSQLtocreate
applicationsonanexistingDBMSplatform.

IntheareaofNoSQLsystems,therehasbeenanabsenceofatop-downtheorythathasdriven
theevolutionof thedifferentdatamodels.Bottom-upprinciplessuchashorizontalscaling,data
partitioningandaggregatingdenormalizeddatahavebeen thedriving factors,motivatedby real
worlddatahandlingrequirementsthathavemushroomedforspecificbigdataapplications.However,
itisimportanttonotethatwhilebigdataapplicationusagegrows,themarketforNoSQLsystems
isstillprojectedtobeasmallfractionoftheoverallDBMSmarket,inthefuture.WhileUniversity
coursesincomputersciencearestartingtoappearthatdiscussarchitecturalissues,therehasnotbeen
anapplicationdevelopmentmethodologythathasemerged,specifictoNoSQL,thatwouldwarrant
acourseinIScurriculaatpresent.ISstudentsneedtobeawareofNoSQLprinciplesandwhere
NoSQLcanbeapplied,butrelationaldesignandSQLcontinuestoremainacoreskillforISmajors
thatcannotbereplaced.
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