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ABSTRACT

Theobject-relationalimpedancemismatch(ORIM)problemcharacterisesdifferencesbetweenthe
object-oriented and relational approaches to data access. Queries generated by object-relational
mapping(ORM)frameworksaredesignedtoovercomeORIMdifficultiesandcancauseperformance
concernsinenvironmentswhichuseobject-orientedparadigms.Theaimofthispaperistwofold,
firstpresentingasurveyofdatabasepractitionersontheeffectivenessofORMtoolsfollowedbyan
experimentalinvestigationintotheextentofoperationalconcernsthroughthecomparisonofORM-
generatedqueryperformanceandSQLqueryperformancewithabenchmarkdataset.Theresultsshow
thereareperceiveddifficultiesintuningORMtoolsanddistrustaroundtheireffectiveness.Through
experimentaltesting,theseviewsarevalidatedbydemonstratingthatORMsexhibitperformance
issuestothedetrimentofthequeryandtheoverallscalabilityoftheORM-ledapproach.Futurework
onestablishingasystemtosupportthequeryoptimiserwhenparsingandpreparingORM-generated
queriesisoutlined.
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INTRODUCTION

Object-relationalimpedancemismatch(ORIM)occurswhenobject-orientedapplicationdevelopment
– a hierarchical paradigm - meets the relational database layer, a set-based paradigm. ORIM is
categorisedintoseverallayersofgranularity,fromconcepttolanguage(Chenetal.,2014;Ireland
etal.2009).Inimplementationterms,ORIMmeansovercomingthemismatchbetweeninvokinga
methodwithinanapplicationtogeneratingtheStructuredQueryLanguage(SQL)thatisrequiredby
themethod.UsinginlineSQLcanmeetthisneed,butthismethodisintolerantofschemachangesand
canintroducesecurityflaws,suchasinjection.Usingastoredprocedurelayerasanalternativecan
helpmimictheobject-orientedmodelinthedatabase,butcomesatthecostofmovingtheapplication
logicintothedatalayer,tighteningthecouplingbetweenthesetwolayers,potentiallymovingthe
logicoutofsourcecontrolandnecessitatingSQLskillstomakechangesinthefuture.Theneedto
addressrelationsasobjectsintheapplication-databaseinterfaceinsteadbredathirdsolution,aclass
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oftoolsknownasobject-relationalmapping(ORM)frameworks,designedtobridgethegapbetween
object-orientedmethodcallsandthegenerationofStructuredQueryLanguage(SQL)queries.ORM
frameworksdiffer inspecifics,but typicallystorean internaldatamodelanduse rulebasesand
heuristicstogenerateSQLfromthisdatamodelinresponsetoapplicationrequests.Theresultant
SQLispresentedtotherelationaldatabasemanagementsystem(RDBMS).

Relationaldatabasesaredatastoresthatoperateaccordingtothelong-establishedprinciples
ofrelationalalgebra(Date,1990;Astrahanetal.,1976;Held,Stonebraker&Wong,1975;Codd,
1974;Stoll,1963).Incontrasttodocument-styledatabases,storingunstructuredorsemi-structured
attribute-valuepairs, relationaldatabasedesign isbasedon relations,or setsof tuplesof related
values,whicharestoredintables,linkedwithkeysandqueriedwithSQL.Itisclaimedthat4ofthe
top5mostpopulardatabasetoolsinrecentusearebasedontherelationalmodel(SolidIT,2018).

ThispaperinvestigateswhetherORMframeworksarewell-suitedtoproducingSQLqueries,
given thatORMtoolsare, themselves,object-orientedconstructs;morespecifically,whether the
mismatchpostulatedbyORIMcanbeobservedinthemethodsandoutputsofORMtoolsasmeasured
byrelativeperformance;inessence,areORMtoolsproducingefficientSQL?

Weinvestigatethisaiminthreeways:firstly,throughaliteraturereviewofORIMandassociated
relevanttopics;secondly,throughtheadministrationofasurveyofpractisingdatabaseprofessionals
aimedatgatheringexpertopinionsontheperceivedeffectivenessofORMtooling,usingthematic
analysis to construct appropriate narratives; and thirdly by investigating, through empirical
experimentationandusingindustrialsoftware,theoperationofORM-generatedperformanceimpacts
onarelationaldatabaseusingabenchmarkdataset,extendingourpriorresearch(Colley,Stanier
&Asaduzzaman,2018)inthisarea.Bycombiningallthreeapproaches,wevalidatewhetherthe
opinionsofoursurveyparticipantsareborneoutbythefindingsoftheORMtesting;whetherthe
resultsoftheORMtestingconcordwiththefindingsofotherresearchers;andtoestablishwhether
ORIMisasolvedproblemthroughtheuseofORMs,orwhetherORIMattheapplication-database
interfaceremainsacurrentandrelevantissue,tobeaddressedbyfutureresearch.

Theremainderofthispaperisstructuredasfollows.TheLiteratureReviewsectiondefinesORIM
inmoredetail,summarisespriorresearchintotheissue,anddescribeshowtheissuecanbemanifested
inrelationaldatabasesystems.TheProblemInvestigationsectiondescribestheinvestigation;split
intotwosections,theDomainExpertViewssub-sectionexplainsthemethodologyandprocessof
gatheringdomain-expertviewsandpresentstheresults;andtheEmpiricalInvestigationsub-section
describestheexperimentalinvestigationintotheimpactsofORM-generatedqueriesandtheresults
ofthiswork.TheConclusionsectiondrawstogethertheseresultsinthecontextofexistingresearch,
andFutureWorkdiscussesideasforfurtherresearchinmitigatingORM-generatedqueryperformance
issuesandfuturestrategiesforaddressingORIMinthedatalayer.

LITERATURE REVIEw

The need for a mechanism to translate from object-oriented programming methodologies to the
relationaldatabaselayerisrelativelynew,gainingmomentumsinceonlythemid-1990s(compared
tothedevelopmentofdatabaseplatformsfromthelate1960s).Priortotheadventofobject-oriented
programming,functionalprogramming,characterisedbylinearprogramflowandfixedapplication
code,allowedforSQLtobewrittenaspartof theapplication.Asobject-orientedprogramming
becamemoreprevalentthroughoutthe1990s,researchersstartedtorecognisethatwhatwouldbecome
knownasobject-relationalimpedancemismatch(ORIM)wasarealconcernwhenusingarelational
datalayer,andstartedtocreatesolutions–precursorstotoday’sobject-relationalmapping(ORM)
frameworks–toaddresstheissue.Durandetal.(1994)wereoneofthefirsttodoso,withthe‘Object
ViewBroker’–aprimitiveORMthatstoredobject-orientedviewsofrelationaldata;inthesameyear,
Kempetal.(1994)experimentedwithstoringobject-orienteddatainrelationaldatastores,andcreated
whattheytermedan‘object/relationalmapping’methodologytodoso,basedonobject-orienteddata
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architecture(Kim,1990;Banerjee,1987).Thisdecadeprovedtobethebeginningofthedevelopment
ofORMtools;Orenstein(1999)presentsanORMbuiltforJava,predatingHibernate;Jungferetal.
(1999)notehowcoding‘InterfaceDefinitionLanguage’componentstocommunicatewithrelational
databasesis‘tedious’andproposeanewlanguageandstructuretoeffectthissemi-automatically;
MlynkovaandPokorny(2004)areamongthefirsttoconsidertheuseofXMLasadatamapping
layerbetweentheapplicationandtherelationallayers(amethodusedtodayinsomeORMs).

ORMsaredesignedtomitigatemanyofthefacetsoftheORIMproblembytheprovisionof
aninterfacefromtheapplicationlayertothedatalayer.Despitethis,ORMsarereportedtohave
pervasiveperformanceissueswhichariseasanartefactoftheirdesign.Karwin(2017)labelssome
oftheseissues‘anti-patterns’;theseareundesirablebehavioursofthequeryorqueriesthatexhibitin
severaldifferentways.Ineffect,theseanti-patternsaremanifestationsofobject-relationalimpedance
mismatchinthe‘paradigm’and‘language’classes(Irelandetal.,2009).

Karwin discusses SQL anti-patterns in general but specifically identifies issues with
ORM-generated queries. Models (in the Model-View-Controller (MVC) arrangement) are very
closely coupled with database schemas; this means changes to the schemas can result in model
incompatibilities.Anotherrelatedproblemisinheritance;ifaclassisgivencreate,updateandinsert
capabilities,subclassescaninheritfromthisclasswhichcanallowdirectaccesstothedatabase,
reducingcohesionintheapplications.

ItwasdemonstratedbyChenetal.(2014)thattheseanti-patterns,lateridentifiedbyKarwin
(2017),canincludethe‘N+1’problem;thisiswhereaqueryisimplementedasaseriesofrow-by-row
implementations.Althoughthishasthebenefitofbeingmemory-efficientinthatthedata‘in-hand’
ineachexecutionloopisasmallsubsetofthewhole,fromadatabaseperformanceperspectivethis
canproduceanunwantednumberoftableorindexlookups(ortable/indexscans,orindexseeks)
andcanleadtoanexponentialoverheadinqueryprocessingtimeandresourceconsumption.By
thetenetsofrelationaltheory,itisacceptedthatset-basedqueriesarepreferredoverobject-based
accessesduetobetterefficiencyandlowerquerycost(Karwin,2018;Cheungetal.,2016;Fritchey,
2017;Chenetal.(2014);Date,1990).

Chenetal.(2014)alsodescribetheeagerfetchingproblem(‘excessivedata’)commontoORMs
whereextracolumnardataisbroughtthroughtotheapplicationfromwithinthequerythendiscarded
whentheresultsarecompiled,anddemonstrateda71%increaseinperformanceforasetofqueries
whenmitigatingthisanti-patternthroughexperimentationonastandarddataset.Cheungetal.(2016)
repeatedthisfindingandreportedthedetailsofhowORMscanhidethisbehaviourfromtheuser,for
examplebyusingpre-fetchingtogroupSQLcalls,withmixedresults(RamachandraandSudarshan,
2012).Theconsequencesofpre-fetchingdatacanincludeslowerexecutiontime,increasedsystem
resourceuse,andmoredatatraffic-themanufacturersofORMtoolsalsoreportrelatedadverse
behaviouralpatternswiththeirtools;MicrosoftCorporation(2009),thecreatorofEntityFramework,
thedominantORMtoolinthe.NETapplicationstack,describe8differentperformanceconsiderations
thatnegativelyimpactqueryperformance(7ofwhichoccurbeforethequeryisexecuted).They
alsodiscussnestedqueriesandoffercommentaryontheimpactsofreturninglargedatavolumeson
temporarydatastoresandoverallexecutiontime.

Dependingonperspective,theimplementationofORMshasbeenamixedsuccess.Forapplication
developers,ORMscanabstractawaythemaintenanceofhardcodedSQL,simplifyingdevelopment.
CallingORM-suppliedmethodsratherthanexecutingstoredproceduresorrunninginlinequeries
isconvenientandcompatiblewithobject-orientedprogramminglanguagesandfitsintothecurrent
zeitgeist of Agile, continuous-integration led application development. However, one important
drawbackofthemodel-basedapproachisthemaintenanceoverheadinvolvedinkeepingtheconceptual,
orlogical,datamodelandthephysicaldatamodelinsynchronicity,whichcanmanifestindifficulties
maintainingthecodebase(An,Hu&Song,2010).

From theperspectiveof thedatabaseadministrator,ORMscanpresent seriousperformance
issues. Replacing static queries with dynamically-generated queries has inherent problems; the
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aforementionedN+1andeagerfetchingproblems(MicrosoftCorporation,2009;Astrahanetal.,
1976);largerexecutionplans,reducingtheeffectivenessoftheplancache;excessiverecompilations
duetolackofparameterisation;thepromotionoflesswell-performingstructureslikenestedqueries
at theexpenseofset-theoreticconstructionssuchasJOINs; theavoidanceofadvancedlanguage
constructionswhichcouldaidefficiency,suchaswindowfunctions;anddifficultydiagnosingaccess
patterns(HeandDarmont,2005).

FundamentalconstructionissuesattheheartofORMdevelopmentthatstemfromtheformal
classificationofobject-relationalimpedancemismatchcontinuestobeacontemporaryissue.Torres
etal.(2017)presentasurveyofninedifferenttypesofORMtoolandrelatethecharacteristicsofeach
tooltotheunderlyingdesignpatternsintheliterature.Theirsurveyhassomenotableoutcomes;first,
thateverytooltheyassessedwasfoundtobeimplementingstrategiestomitigatetheORIMproblem
(whichtheytermIMP–ImpedanceMismatchProblem)andthatthosestrategiesmaptologicaldesign
patterns.ThisimpliesthatthereisnosingleORMproductwhichissignificantlybetterorworseat
dealingwithORIM,onlythateachproductusesthesameunderlyingmethodologiestoimplement
apartialsolution,whichinturnimpliesthatacompletesolutionhasyettobefound.Althoughthey
explicitly exclude the ability of the ORM to generate SQL queries from their assessment, their
findingsshowthatORMtoolsaremerelyimplementationsofacommonsetoftechniquestowork
aroundORIM,meaningthatqueriesthatresultfromsuchtoolswillsharethesamecharacteristics
preventingthemfrombeingcompletelyefficientagainstdatabaseschemata.

There isalsoevidence in the literature thatpractitionersare still findingORMtoolscanbe
unfitforpurpose.Vial(2018)definesORMsandhighlightslessonslearnedabouttheireffective
implementation.Manyofhisfindingsechoearlierliterature(ORMshavefetchingproblemswhich
bringabouttheN+1pattern,asperAstrahanetal.,1976);andthesuggestedmitigationsinclude
deferringlogicbackto thedatabase in theformofcomputedcolumnsandstoredprocedures,or
overcomingtheproblembymovingdatabasesin-memory.Thisisanacknowledgementthatfroma
puristperspective,ORMsarenotprovidingsatisfactioninthefieldsincethemismatchissuescontinue
tobefeltandstrategiesdevelopedtoworkaroundtheproblemsthatORMspresent.

ORMs,however,continuetobeapopulartoolirrespectiveofperformanceproblems.Ismailova
&Kosikov(2018)gosofarastosuggestthattherelationalelementoftheobject-relationalmismatch
couldbeatfault;thatORMslackanoverarchingconceptualbasisthatisnotrootedintherelational
model,andthatareassessmentoftherelationalmodel(movingfromBooleanalgebrainsettheory
toStonealgebra)mightbeinorderforORMstobecomemoregeneralised.Althoughthisappears
tobeasingularview,someresponsibilityformitigatingnegativeperformanceeffectsofORMsand
ensuringqueriescanbeexecutedinatimelyandefficientmannermustalsofallupontherelational
databasemanagementsystem.Duringqueryprocessing,queriesaredisassembled,orparsed(Pachev,
2007),boundtoobjects,arrangedintoanexecutionplanandexecutedagainstabaseschema.Although
theoptimiserisabletomitigatesomeeffectsofinefficientSQLqueryconstructionsthroughthe
simplificationofqueriestoaparsetreeandacollectionofheuristics, it isevidentthroughthese
repeatedfindingsintheliteraturethatthecost-basedoptimiserwasnotdesignedtodealwiththe
querystructuresandsub-optimalperformancebehavioursassociatedwithORM-generatedqueries.

An alternative approach is to modify the relational schemas to fit the demands of the
ORM-generatedquery, rather thanattempt tomodify thequeries to fit theunderlying relational
schemas.Bolloju(1997)wasanearlyidentifierofthisapproach,andinvestigatedwhetherschema
denormalisationwasaneffectivemethodforbetterobject-relationalinteraction.Denormalisationis
theprocessofrearrangingalogicaldatabaseschematoreducethenumberoftablesandsofacilitate
querieswithfewerJOINs–forORMs,whichtendtoproducenestedqueriesratherthanuseJOIN
syntax,thisisbeneficialforperformance,butcanleadtoundesiredoutcomes;Bolloju(1997)identifies
excessivefragmentation,butarguablythisproceedsfromthephysicalstorageofthedata,ratherthan
thelogical;butalsoidentifiesissueswithintegrity(maintainingdataintegrityindenormalisedtables
whichallowduplicatesisproblematic)andflexibility(normaliseddatabaseschemasarebuilttoscale
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well).Dataclusteringisproposedasanalternative,wheredataisrearrangedtobetterresemblethe
object-relationalhierarchicalmodelofdata.Thereisevidenceofresearchintothelogicalmappingof
‘metaschemas’–methodologiesforschemacreation–inboththeobjectandtherelationaldomains
(x,x)whichprovidetheconceptualfoundationforremappingschemas(Halpin,2002).

He(2005)identifieschangingaccesspatternsindatabasesasadriverforperformanceissues.This
isparticularlyprevalentinqueriesgeneratedbyORMs,whichbytheirnaturecanbeunpredictable,
generatedautomaticallyandpronetochangebetweeniterationsorgenerationsofsubsequentqueries.
SeveralRDBMSplatformssupportplancaching;thisisdefinedasthestorageoftheexecutionplan
foraqueryforsubsequentre-use(removingsomeofthecostofplangeneration)(Microsoft,2019)
andisachievedbythesubstitutionofstringliteralsforparameters.ORM-generatedqueriescanfill
anexecutionplancachethroughtheover-generationofsimilarqueryplansthatcannotbegroupedin
thisfashionandassuchfillthecache,necessitatingthegenerationofnewplansoneveryexecution
notjustfortheORM-generatedqueriesinhandbutforotherqueriesbeingrunonthesamedatabase
instance.

ThefutureforORMsasadatalayerbetweenobjectandrelationalparadigmsisunclear.Although
the toolsareconstantly improving, theanti-patternsassociatedwithORMtoolingpersist. In the
remainderofthispaperweseektheexpertopinionsofdatabasepractitionersontheeffectiveness
ofORMtools,andexperimentuponabenchmarkdatasettoattempttoreplicatesomeoftheissues
reportedintheliteratureonindustry-standardtools.

PROBLEM INVESTIGATION

The investigation of the problem was split into two halves; first, through a survey of database
practitioners with a focus on the uses of ORM frameworks, performance tuning in database
environments,andthefutureofrelationaldatabasequeryperformancetuning.Secondly,anexperiment
todeterminetheperformanceoutcomesfromaseriesofscenario-basedquerieswasdesignedto
compareandcontrasttherelativeperformanceofquerieswrittenbyaspecialistandqueriesproduced
byanORMtool.Theresultsofbothinvestigationsarepresentedinthissection.

Domain Expert Views
Givenpriorresearchintoobject-relationalimpedancemismatch,thissectionaimstoinvestigateif
ORIMpresentspracticalissues,andifsotheextentoftheseissues,bytheadministrationofasurvey
focusedonobject-relationalmappingtools,deliveredtoanaudienceofdatabasepractitioners.

Inthissection,evidenceissoughtastowhetherORM-producedqueries,andORMsingeneral,
causeperformanceissuesinreal-lifedatabaseenvironments.Asurveyconsistingof18questionsfor
anaudienceofdatabasepractitionerswasdesigned,pilotedanddeliveredwiththeintenttoinvestigate
severaltopics:theproportionofrespondentswhouseanORM,oruseoradministerdatabasesystems
withORMinputs;anestimationoftheproportionofquerytraffictorelationaldatabasesystems
originatingfromORMs;theexperiencesoftherespondentsinworkingwithORMqueryperformance
tuning,schemamanagement,big-data-feddatabasesystemsandnon-relationaldatastores;thebeliefs
of the respondents in relation to the effectiveness, compatibility and integrative abilityofORM
tooling;and theopinionsof the respondentsonORM-relatedparadigmssuchasobject-oriented
programming,BigData,theAgilesoftwareprogrammingmethodology;object-relational(hybrid)
systemsandautomation.

Design
Thesurveywasdesignedtocaptureresultsusingamixed-methodsapproach.Thequestionswere
structuredprimarilyusingLikert-scaledquestioning,withamixtureofqualitativefree-formtextual
informationtogatherfurtherdetailswithoutplacingconstraintsontheresponsesoftheparticipants.
Thisapproachinvitedrespondentstoexpresstheirlevelofagreementordisagreementwithanumber
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ofdatabase-specificstatementsona5-pointLikertscalewithanadditionalneutraloptionadded(to
allownullanswerstobestatisticallydisregarded).

Deliveredviatheinstant-messagingplatformSlacktoadatabase-specificinterestgroup,the
survey returned 19 responses. Responses were analysed as indicative samples of opinion using
qualitative analysis, with free-text commentary from the respondents treated as significant and
centralcontributions.Asanalternative,themethodologyofthematicanalysis(Clarke&Braun,2013;
Aronson,1995)isusedtogrouptheresponsedataintocategoriesandobservations,createthemes
andformulatesummarynarratives.

Checksandbalanceswerebuiltintothesurveydesign.Giventhattheresearchquestionswere
well-definedbeforethesurveywasissued,someriskexistedthatconfirmationbiaswouldskewthe
resultsifthequestionswereputinsuchawayastoseekaffirmationofapre-definedperspective.
Inmitigation,amixtureofpositiveandnegativequestionformswasusedwhenpositingstatements,
andatseveralpoints,questionsweremirrorsoralternativephrasingsofothersalreadyanswered.
Thisuseofcross-checkingwasdesignedtomeasurevalidity,anditwasfoundtobeeffectiveduring
analysisoftheresultingdatawithfewcontradictionsintheresults.

Additionally,thesurveyunderwentapilotstageafterwhichimprovementsweremadetothe
internalconsistencyofthesurvey,refinementofthetopicsandrefinementoftheterminology.The
surveywasdesignedtoincludeadditionalfree-formtextfieldstoensurethecaptureofmeaningful,
context-awarequalitativeinformationtoaddvalue,hencetheuseofthematicanalysis.Thisapproach
wassuccessfulinuncoveringadditionalinformation,usefulwhenconstructingthethematiccodes.

Results and Analysis
Thereareseveralcommonly-acceptedstagesofthematicanalysisasdefinedbyClarkeandBraun
(2013),noneofwhichareprescriptivebutprovideacoherentprocesstoanalysingqualitativedata.
Thesurveywasdesignedtocapturebothquantitativeandqualitativeresponsesandwasanalysedby
usingallsixstagesofthematicanalysis,fromdatafamiliaritythroughtothematicmapping.

Thepreliminarystage,inaccordancewithClarkeandBraun’sapproach,focusesonsemantic
analysis–theextractionofthekeyinformationaboutwhatissaid,orwritten,ratherthanlatentanalysis
oftheunderlyingmeaning.Theresponsesfromthesurveywereanalysedinthisway,resultingina
preliminarycodificationofthedata.

Inthenextphase,refinementofthecodesandre-arrangementofthethemestookplaceinorder
tosimplifythefindings.Thiswasaccomplishedbyde-duplicatingcodes,re-arrangingthemintoa
differentconfigurationofthemes,andrephrasingthecodestoremoveunnecessarydetail.Atthis
stage,latentanalysisbegantotakeprominenceoversemanticanalysis.Table1showstheoutcome
ofthisphase.

Next,byexaminingthecodificationandthemegroupings,simplificationsandlinkagesofthe
conceptsresultedintheinterpretativecreationofathematicmap.Linksaredrawnbetweenconcepts
toshowtheinterplayofthethemes.Figure1showsthethematicmapwiththemesasellipses,sub-
themesasroundedrectangles,andthelinksandinsightsassociatedwiththem.

Thefinalstagewastoconstructnarrativesfromthethematicmap,usingthenotarisedcodesas
supportingmaterial.Thesenarrativesarepresentedbelow,anddrawfromthecodifications,thematic
mapandthesupportingliterature.

Theme - ORM Use
Theresults showed thatORMuptakeamongstorganisations linked to respondents in thesurvey
isapproximately60%andofthose,around25%oftrafficisthoughttooriginatefromORMtools.
Consequently,ORMsareresponsibleforasizableminorityofquerytraffic.ORMsareheldtobe
generallycompatiblewithdatabasescalabilitydesignssuchasnormalisation,butnotablyincompatible
withsomefeaturesoftheRDBMS,suchasre-useofplanswithintheprocedurecache,goodmatching
withindexes,andadherencetoquerystructuresthatcreateefficientexecutionplans(suchasJOINs).
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Table 1. Final codification of the survey data

ORM Use Negative ORM Behaviour

MinorityproportionofquerytrafficgeneratedfromORMs Parametersniffing

ORMsnotusedacrossallorganisations Poorexecutionplans

Bigdataperformancetuningnotintegralpartofroles Eagerfetching

Compatiblewithscalableschemadesigns Procedurecachemisuse

Difficulttoreproduceperformanceissues N+1rowfetching

ChallengeswhendesigningagainstORMs Indexesnotconsideredorsupplied

Lazyloading

Education, Awareness and Perception Nestedqueries

DBAshavefewerskillsinbigdataadministration Nocontextualawareness

LackofawarenessinORMinternalsamongprofessionals Future Outlook

Lackofawarenessofnativedatabasetoolsamong
developers

LackofbeliefinORMsasviablefuturetechnology

Traditionaltuningmethodswellunderstood Automationbelievedtobebeneficial,withcaveats

ORMsperceivedasdifficulttotuneeffectively Lackofbeliefthatautomationofquerytuningis
achievable

PerceptionthatORMsexhibitpoorperformance PerformanceasimportanttoviablefutureDBsystems

ORMquerytuningperceivedasdifficult Flexibilityislessimportantthanothercomponents

Figure 1. Thematic map of survey results
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TheuseofORMscouldbeevidencethattuningdatabasesanddatabasequeriesisdifficult,with
thepathofleastresistanceseenastheuseofORMstoabstractquerydesigntoaninterfacelayer,
althoughthisfindingiscounteredbysomeevidencefromthecommentsreceivedinthesurveythat
therearedesignandinteractiondifficultiesinherentwheninterfacingwithORMs,backedupwith
theparadigmaticdifferencesoutlinedbyIrelandetal.(2009).ThedifficultiesoftuningORMsis
reinforcedbyageneralperceptionamongstpractitioners(67%detractingviews)thatthisisthecase,
alongsidethenegativeconsequences(anti-patterns)thatarisewhenusingthem.

Theme - Education, Awareness and Perception
There is someevidenceof theview that theperceptionsofORMsasbeingdifficult to tuneare
reinforcedbyalackofawarenessofhowORMsoperate,orhowtheyareconfigured,andthatmutually
thelackofawarenessandeducation(ofbothadministrativepractitionersandusers,ordevelopers)
contributestothemisconfigurationofORMs–82%ofrespondentshad3ormoreyearsofexperience,
butonlyathirduseORMsregularlyintheirroles.ThereisawidespreadperceptionthatORMscause
negativeperformanceimplicationsevidencedinboththefree-formtextresponsesandthestatistics
(norespondentsagreedthatORMswerestraightforwardtotune),withnumerousexamplesprovided,
andthiscouldcontributetotheminorityuseofthistechnology.

TheresponsessuggestthattheproliferationofORMtoolsisinpartconsequentialtoalackof
awareness amongst thedevelopment communityof thenative toolingavailablewithin relational
databasemanagementsystems;forexample,theuseofstoredproceduresasinterfaces,orqueue-
based messaging systems built into the product suite. However, this view could be biased by a
culturalperception,evidencedinliterature(Ambler,2018;Ambler,2008),ofadisconnectionbetween
developmentandadministrativetechnicalcommunities,manifestbytheadministrativeaudienceof
thesurvey.

Theme - Negative ORM Behaviour
Thechieffindingwasthatqueryanti-patternsareheldtobethecausesofpoorqueryperformance
inthedatabaselayer,andthatthisisexacerbated,withreferencetotheotherthemes,byalackof
awarenessindatabaseperformanceoptimisationamongstdevelopers,bylackofawarenessofthe
nativefeaturesofRDBMSsystems,andbythedifficultyoftuningORMtooling.Theexhibited(or
perceived)behaviouroftheORMtoolscorrelatedwithagenerallypessimisticviewoftheroleof
ORMsinthefutureofdatabaseinteraction,althoughcontradictedsomewhatbysupportforfurther
automation.Itisnoteworthythatalthough57%ofrespondentsagreedautomationhadaroleinthe
futureofdatabaseperformancetuning,only8%(2respondents)agreedthatORMsformedpartof
thatrole.

Theme - Future Outlook
Automationofquery-anddatabaseperformancetuningwassuggestedbothbythemeasuredquestion
responsesandbyad-hocsuggestionsinfreetextresponses,buildingonpriorworkintheliterature
addressingmoreeffectivedatabaseworkloadmanagement(Niu,Martin&Powley,2009).Itwasfelt
thatthefutureofperformancetuningwasunderpinnedbyautomation,althoughemphaticallynotby
ORMs.ThissuggeststhatORMsareperceivedtohavereachedapeakperformancelevel,andthat
thefutureofdatabaseinteractionmaylayinadifferentdirection.

Severalcoreconcepts, suchasperformance,confidentiality,availabilityand flexibilitywere
ratedforimportanceonascaleof1-10,with10asthemostimportant.Onenotableresultwasthat
performancewasratedat8outof10,andflexibilityat6outof10,indicatingperformancetobea
moreimportantissuethanflexibility,despiteaflexibleapproachbeingdesirabletodealwithORM-
relatedqueries.

In conclusion, the survey indicated thatORMsaredistrusted amongdatabasepractitioners;
that there is a perception, backed by anecdotal evidence, that ORM tools create performance
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tuningproblems;thatthereisanappetiteformoreautomationinperformancetuninganddatabase
management;thatpractitionersfeltthereisalackofawarenessamongdevelopersaroundeffective
ORMuse;andthatORMuptakeissignificantenoughinindustryforORM-generatedquerytuning
tobeanimportantandtimelyresearchissue.

Next,aninvestigationwascarriedoutintowhetherperformanceissuesreportedbythesurvey
canbereplicatedthroughexperimentationwithanindustry-standardORMtool.

Empirical Investigation
Thepurposeoftheexperimentalvalidationistotriangulateuponthefindingsofthesurvey,particularly
around the finding that practitioners experienced performance issues when dealing with ORM-
generatedqueries.We investigatewhetherORMtoolsmaygeneratequerieswhichhaveadverse
performanceeffectswhencomparedtoquerieswrittenbyasubjectmatterexpert.

Test Data
For testing, the El Nino data set from the Pacific Marine Environmental Laboratory in Seattle,
Washington,USA(PacificMarineEnvironmentalLaboratory,2018)waschosenas itcontainsa
selectionofmultivariatedatathatlendsitselftoreformattingwithoutlossofintegrityandisrecognised
asabenchmarkdatasetusedfordatamining(Bayetal.,2000),ensuringrepeatability.Thisdataset
containsweatherdatareadingsrecordedbyaseriesof70buoysspreadacrosstheAtlanticOcean
between1980and1998andispresentedasasinglecomma-separatedvaluesfilewith178,080rows
and2,136,960datapointsspreadacross12attributes.

Configuration Methodology
Datawereimportedfromacomma-separatedformattoasingletableinMicrosoftAzureDB,then
normalisedto3NFtoprovidetheadvantageofsimulatingmulti-tablequeries,andeachcolumnwas
assignedanappropriatedatatype.FortheORMlayer,PythonwasconfiguredwiththeDjangoweb
framework which includes the ORM tool Django ORM. The package django-pyodbc-azure was
usedforAzureDBdatabaseconnectivityandanewmodelwasgeneratedfromthe3NFschema.A
newpropertyandfunctionwerecreatedforthedistancemeasurementrequiredbyoneofthequery
objectives,detailedinthediscussionofqueryobjectiveO5.

Aim, Objectives and Variables
Theaimof thissetof tests is toexaminethedifferencesbetweenqueriesgeneratedbyasubject
matterexpertandqueriesgeneratedbyanORMtool,andnotewhich,ifany,structuralanti-patterns
(Karwin,2017;Irelandetal.,2009)areobserved.

Theobjectivesofthisexperimentweretodeterminewhether:

1. TheperformanceofORM-generatedqueriestendstobeinferiortomanually-writtenqueries
whencomparingexecutionspeed,resourceconsumptionandexecutionplancomplexity;

2. ORM-generatedqueriesdemonstratepoorerrelationalqueryconstructionthanqueriesconstructed
byasubjectmatterexpert;specifically,whetherORMstend togeneratequerieswhichhave
redundancies, are loop- rather than set-based, or display other inefficient characteristics as
detailedelsewhereintheliterature.

Theevaluationcriteriausedwerebaseduponquantifiableandmeasurableinstruments,andwere
chosenasaccuraterepresentationsofhowqueriesareassessedbyprofessionals(Fritchey,2017).
Eachcriterioniscomposedofanindependentvariable(‘measure’)whosevaluechangesuponthe
manipulationofthedependentvariable,andadescriptionindicatinghowthecriterionshouldbe
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assessed(‘comparativerule’).ThecriteriaarealsodefinedanddescribedfullyinFritchey(2017)
andsummarisedinTable2.

Thevalidityofobjective2,whetherORM-generatedqueriesexhibitanti-patterns,isaddressed
throughthecomparisonofeachSQLquerypair,notinganyanti-patternsthatemerge,cross-referencing
againsttheperformanceanalysiswhereappropriateandsourcesofqueryanti-patternsintheliterature,
andcaseswherequeryfunctionalityismissingintheORM.

TheobjectivesdescribedinTables3to7representqueriesagainstthedataandarerenderedfirstly
inEnglish,thenasarelationalSQLquerywrittenbyapractitioner;asaDjangoORMmethodcall;
andasoneormorerelationalSQLqueriesproducedbyDjangoORMasaresultofthemethodcall.

Thenon-ORMgeneratedquerieswerewrittenmanuallybyasubjectmatterexperttomeetthe
queryobjectivesbeforeusingDjangoORMtogeneratequeriesthatwouldmeetthoseobjectives.
TheunderlyingdatabaseobjectsviatheDjangoORMwereaccessedbyopeningaDjangoshellin
Pythonthencallingthemethodsinthemodelsmoduleofthenewapplicationandtracingthequeries
againstthedatabaseusingaprofilingtool.Thisenabledthecomparisonofthemanualdatabasequeries
withtheORMqueriestodetermineiftherewereanydifferenceswhichmightimpedeperformance.

Experimental Results
Table8showshowthemanualSQL(non-ORM)queriescomparewiththeORM-generatedqueries
forthe7independentvariablesusedasmeasures.

Notethatduetorandomfluctuationsinthecompiletimeandtotalexecutiontimesthatwere
outside the control of the experiment (including network latency to the database server; worker
availabilityontheCPUscheduler;andmemoryallocationdelays)a totalof tenexecutions,with
forcedrecompilationtoavoidplanre-use,foreachtestwereconductedtomitigatetheseeffectsand
themeanaverageresults(denotedasμ)areshown.Wheretherearemultiplequeries,thesumofthe
iterationsaregivenundereachmeasureheading.

Table 2. Measures (independent variables) to compare the efficiency of queries

Measure Definition Comparative Rule

Cachedplansize
(B)

Thesizeofthecachedplaninbytes. Smallestplan

Totalplancost Relativemeasureexpressedasarealnumber. Lowestplancost

Compiletime(ms) Timeinmillisecondstocompiletheplan(readyfor
execution).

Shortestcompiletime

Memoryused
duringcompilation
(B)

Memorythatwasused(B)tocompiletheplan. Lowestmemoryuse

Memoryrequired
(KB)

Memorythatwasrequiredtoexecutethequery(KB). Lowestmemoryuse

Memoryrequested
(KB)

Memorythatthequeryoptimiserrequestedtobe
reservedtoexecutethequery(KB).

Mostaccurate(toMemoryRequired)

Totalexecution
time

Thetimetaken,inms,betweenthequerybeing
executedandthereturnoftheresultset.

Shortestexecutiontime

Totalcountof
queries

ThetotalnumberofseparateSQLqueriesrequiredto
achievetheobject.

Fewestnumberofqueries
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Query Objective O1
Thequerieswerenon-identical.TheORMtoolproducedanear-identicalstructuralquerybutwith
theadditionofanexplicitCONVERT()operationontheairTempcolumn.Thisconversionwasnot
requiredsincethecolumnwasalreadystoredintheFLOATdatatype.Thisdifferencewasabsorbed
bythequeryoptimiserignoringtheconversionrequestwhichresultedinidenticalqueryplans.

Anti-pattern(s):Redundant code

Query Objective O2
Notethataggregate()returnsadictionaryobject,notaQuerySetobject.Theannotate()methodis
notsuitablewhenthereisnocolumntogroupby.

The queries were structurally identical with very small differences in the alias names and
whitespace.Thiswasreflectedintheidenticalqueryplans,althoughtheORM-generatedversion
tookslightlylongertocompileandexecute,possiblyduetoaminuteadditiontothedelayinthe
parsingstagebythedifferentsyntax.

Table 3. Query Objective O1

Descriptor Values

Summary Returnthemeanaverageairtemperatureforallbuoysonamonth-by-month,year-by-yearbasis,
orderedbymonthandyearascending.

ManualSQL SELECT[dimDate].[mthNum],[dimDate].[yrNum],
AVG([factTAO].[airTemp])AS[airtemp__avg]
FROM[factTAO]
INNERJOIN[dimDate]
ON([factTAO].[dateKey]=[dimDate].[dateKey])
GROUPBY[dimDate].[mthNum],[dimDate].[yrNum]
ORDERBY[dimDate].[mthNum]ASC,[dimDate].[yrNum]ASC

Python/Django FactTAO.objects.all().select_related(‘datekey’).values(‘datekey__mthnum’,‘datekey__yrnum’).
annotate(Avg(‘airtemp’)).order_by(‘datekey__mthnum’,‘datekey__yrnum’)

ORMSQL SELECT[dimDate].[mthNum],[dimDate].[yrNum],
AVG(CONVERT(float,[factTAO].[airTemp]))AS[airtemp__avg]
FROM[factTAO]
INNERJOIN[dimDate]ON([factTAO].[dateKey]=[dimDate].[dateKey])
GROUPBY[dimDate].[mthNum],[dimDate].[yrNum]
ORDERBY[dimDate].[mthNum]ASC,[dimDate].[yrNum]ASC

Table 4 Query Objective O2

Descriptor Values

Summary Returntheearliestandlatestdatesforwhichbuoysensorreadingsexistwithinthedataset.

ManualSQL SELECTMIN(f.dateKey)[earliestDate],MAX(f.dateKey)[latestDate]
FROMdbo.factTAOf

Python/Django FactTAO.objects.aggregate(Min(‘datekey’),Max(‘datekey’))

ORMSQL SELECTMIN([factTAO].[dateKey])AS[datekey__min],
MAX([factTAO].[dateKey])AS[datekey__max]
FROM[factTAO]
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Anti-pattern(s):None

Query Objective O3
Thequerieswerestructurallysimilar,withaliasingdifferencesandtranspositionofthepredicatesin
theWHEREclause.Althoughdifferentqueryplanswereused,theirkeymetricswereidentical.Of
smallnoteishowtheORMtoolgeneratedneedlesssyntax(brackets)anddidnotaliasthecolumns.
Executiontimewasinconclusive,withthenon-ORMversionregisteringalongerexecutiontimebut
theORMversiontakinglongertocompile.

Anti-pattern(s):Redundant code

Query Objective O4
DjangoORMdoesnotsupportthecreationofCartesian(CROSS)JOINsagainstthedatamodel.
Instead,amorecreativesolutionisrequired.Themeanaverageandstandarddeviationsofthedata
werecollectedandstoredasdictionaryentriesinmemory,thenthemainqueryresultssimilarly.
TheisAnomalouscolumnofthemainresultswasupdateddependingontheaverageandstandard
deviationvalues,andwhetherthedatawasmissing(NULL).Thisovercamepracticaldifficulties
workingwiththeNoneType(NULLableQuerySetcolumn)whentryingtoconverttofloat.However,
forafaircomparisontotheSQLversion,thetimetakentoupdatethisQuerySetinmemorywas
added.Consequently,theORMequivalentbecameathree-stepprocess.

Thequeriesandsubsequentplansproducedforthisquerypairwereextremelydivergent.Due
tolackoffullANSI-SQLsyntaxsupport(identifiedhereandindirectlybyIrelandetal.(2009)),the
approachneededtosolvetheproblemandtheconsequentqueriesproducedwerecorrespondingly
different.TheORM-generatedqueryalsodemonstratedaredundantCONVERT(),asinobjective
O1,butdiddemonstrateuseofthenativequerypreparationtoolstohandletheparametersandavoid
storingthevalueswiththecompiledplan,whichwouldincreasethelikelihoodofparametersniffingin
futureiterationsandconsequentlyskeweddataaffectingplanefficiency.Asshownbytheperformance
measurements,theORM-generatedquerydisplayedsignificantlyworseperformanceinmanyterms.

Table 5. Query Objective O3

Descriptor Values

Summary ReturnthelatitudeandlongitudepositionsofallbuoysinJanuary1984,withnoordering.

ManualSQL SELECTf.obsID,l.lat,l.long
FROMdbo.factTAOf
INNERJOINdbo.dimLocationlONf.locationKey=l.locationKey
INNERJOINdbo.dimDatedONf.dateKey=d.dateKey
WHEREd.yrNum=1984ANDd.mthNum=1

Python/Django FactTAO.objects.select_related(‘dimlocation__locationkey’).all().select_related(‘dimdate__
datekey’).all().values(‘obsid’,‘locationkey__lat’,‘locationkey__long’).filter(datekey__mthnum=
1,datekey__yrnum=1984)

ORMSQL SELECT[factTAO].[obsID],[dimLocation].[lat],[dimLocation].[long]
FROM[factTAO]
INNERJOIN[dimLocation]
ON([factTAO].[locationKey]=[dimLocation].[locationKey])
INNERJOIN[dimDate]
ON([factTAO].[dateKey]=[dimDate].[dateKey])
WHERE([dimDate].[mthNum]=1AND[dimDate].[yrNum]=1984)
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Table 6. Query Objective O4

Descriptor Values

Summary Analyseseasurfacetemperatureduringtheyear1990,andreturnallrows,includingmissingdata,
indicatingasanomalousallvalueswheretheseasurfacetemperatureisfurtherthan2.5standard
deviationsfromtheaveragefortheyear,orderedbydateascending.

ManualSQL SELECTd.dateKey,f.obsID,f.seaSurfaceTemp,
CASEWHENf.seaSurfaceTempISNULL
THEN‘Datamissing’
WHENABS(f.seaSurfaceTemp-sd.[avg])>(2.5*sd.sd)
THEN‘Anomalous’
ELSE‘Normal’
END[isAnomalous]
FROMdbo.factTAOf
INNERJOINdbo.dimDated
ONf.dateKey=d.dateKey
CROSSJOIN(
SELECTAVG(f.seaSurfaceTemp)[avg],STDEV(f.seaSurfaceTemp)[sd]
FROMdbo.factTAOf
INNERJOINdbo.dimDated
ONf.dateKey=d.dateKey
WHEREd.yrNum=1990)sd
WHEREd.yrNum=1990
ORDERBYd.dateKeyASC

Python/Django aggs=FactTAO.objects.select_related(‘datekey’).filter(datekey__yrnum=‘1990’).aggregate(Avg
(‘seasurfacetemp’),StdDev(‘seasurfacetemp’))
outer=FactTAO.objects.select_related(‘datekey’).values(‘datekey’,‘obsid’,‘seasurfacetemp’,
isAnomalous=Case(When(seasurfacetemp=None,then=Value(‘DataMissing’)),default=
Value(‘Normal’),output_field=CharField())).filter(datekey__yrnum=1990).order_by(‘datekey’)

foriinouter:
ifabs((float(i.get(‘seasurfacetemp’)or0)–
aggs.get(‘seasurfacetemp__avg’)))>2.5*
aggs.get(‘seasurfacetemp__stddev’)and(i.get(‘isAnomalous’)!=‘DataMissing’):
i[‘isAnomalous’]=‘Anomalous’

ORMSQL (@P1int)
SELECTAVG(CONVERT(float,[factTAO].[seaSurfaceTemp]))AS[seasurfacetemp__avg],
STDEVP([factTAO].[seaSurfaceTemp])AS[seasurfacetemp__stddev]
FROM[factTAO]
INNERJOIN[dimDate]
ON([factTAO].[dateKey]=[dimDate].[dateKey])
WHERE[dimDate].[yrNum]=@P1
(@P1nvarchar(24),@P2nvarchar(12),@P3int)
SELECT[factTAO].[dateKey],[factTAO].[obsID],[factTAO].[seaSurfaceTemp],
CASEWHEN[factTAO].[seaSurfaceTemp]ISNULL
THEN@P1
ELSE@P2
ENDAS[isAnomalous]
FROM[factTAO]
INNERJOIN[dimDate]ON([factTAO].[dateKey]=[dimDate].[dateKey])
WHERE[dimDate].[yrNum]=@P3
ORDERBY[factTAO].[dateKey]ASC
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Table 7. Query Objective O5

Descriptor Values

Summary Returntheapproximatedistanceinmilesbetweenthetwobuoysthatwerefurthestaparton01May1994,ignoringmissing
data.

ManualSQL ;WITHlocationDataAS(
SELECTf.obsID,d.dateKey,l.lat,l.long
FROMdbo.factTAOf
INNERJOINdbo.dimLocationlONf.locationKey=l.locationKey
INNERJOINdbo.dimDatedONf.dateKey=d.dateKey
WHEREd.dateKey=‘1994-05-01’),
allCombinationsAS(
SELECTl1.obsID[from],l2.obsID[to],
l1.lat[fromLat],l2.lat[toLat],
l1.long[fromLong],l2.long[toLong]
FROMlocationDatal1
CROSSJOINlocationDatal2),
distancesAS(
SELECTc.[from],c.[to],c.fromLat,c.fromLong,c.toLat,c.toLong,
MAX(ACOS(SIN(c.fromLat)*SIN(c.toLat)+
COS(c.fromLat)*COS(c.toLat)*COS(c.toLong-c.fromLong))*3958.75)[d]
FROMallCombinationsc
GROUPBYc.[from],c.[to],c.[fromLat],c.[toLat],c.fromLong,c.toLong)
SELECTTOP1CAST(d.dASNUMERIC(16,2))[MaxDistance]
FROMdistancesd
ORDERBY[d]DESC

Python/Django fromdjango.db.modelsimportMax
importmath

locationData=FactTAO.objects.select_related(‘datekey’,‘locationkey’).values(‘obsid’,‘datekey’,‘locationkey__lat’,
‘locationkey__long’).filter(datekey=‘1994-05-01’)

locationDataList=list(locationData)
vals=[]
foriinlocationDataList:
vals.append(list(i.values()))
allCombinations=[]
foriinrange(0,len(vals)):
forjinrange(0,len(vals)):
r=dict({”from”:vals[i][0],“to”:vals[j][0],“fromLat”:vals[i][2],“toLat”:vals[j][2],“fromLong”:vals[i][3],“toLong”:vals[j]
[3]})
allCombinations.append(r)

forrowinallCombinations:
LocationDataTempTable(fromField=row.get(“from”),toField=row.get(“to”),fromLat=row.get(“fromLat”),toLat=row.
get(“toLat”),fromLong=row.get(“fromLong”),toLong=row.get(“toLong”)).save()

all=LocationDataTempTable.objects.all()
dists=[]
foriinall:
dists.append(i.distance)
max(dists)

ORMSQL declare@p1intset@p1=NULL
execsp_prepexec@p1output,N’@P1nvarchar(20)’,N’SELECT[factTAO].[obsID],[factTAO].[dateKey],[dimLocation].
[lat],[dimLocation].[long]FROM[factTAO]INNERJOIN[dimLocation]ON([factTAO].[locationKey]=[dimLocation].
[locationKey])WHERE[factTAO].[dateKey]=@P1’,N’1994-05-01’
select@p1
(thefollowingqueryisrepeated1,156timeswithdifferentparameters)
declare@p1intset@p1=NULL
execsp_prepexec@p1output,N’@P1int,@P2int,@P3float,@P4float,@P5float,@P6float’,N’SET
NOCOUNTONINSERTINTO[locationDataTempTable]([from],[to],[fromLat],[toLat],[fromLong],
[toLong])VALUES(@P1,@P2,@P3,@P4,@P5,@P6);SELECTCAST(SCOPE_IDENTITY()ASbigi
nt)’,997,997,46.064999999999998,46.064999999999998,57.380000000000003,57.380000000000003
select@p1
SELECT[locationDataTempTable].[uqid],[locationDataTempTable].[from],[locationDataTempTable].[to],
[locationDataTempTable].[fromLat],[locationDataTempTable].[toLat],[locationDataTempTable].[fromLong],
[locationDataTempTable].[toLong]FROM[locationDataTempTable]
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Anti-pattern(s):Lack of full ANSI-SQL syntax support, redundant code, multiple queries

Query Objective O5
ThedatabasequeryistoocomplexfortheDjangoORMtoreplicatedirectly,sinceitdoesn’tsupport
CROSSJOINandthereislimitedsupportfortheCOS,ACOS,SINandASINfunctions.Instead,
theORMwasusedtoextractthelocationdata,whichwasconsumedrecursivelybyiteratingover
eachrowinthelocationdataforeachrowinthequeryset,effectivelyrecreatingaCROSSJOIN.The
distancesCTEwasthencompiledusingacustomdistances()functionintheclassdefinitionusing
methodsfromthemathmoduletoimplementthelogic.Finally,themaxaggregationoftheoutput
ofthisfunctionwasreturnedtotheconsole.

Thissetofcalculationsisanimplementationofthesphericallawofcosines,scaledformiles,to
calculatedistancebetweentwopointsonasphere(‘SphericalTrigonometry’,n.d.,para.6).Thiswas
usedtoaccuratelymeasuredistancewhiletakingintoaccountthecurvatureoftheEarth.

Observationsincluded1,156individualINSERTqueriesraninplaceofasingleINSERT,the
splittingupofthequeryintomultiplequeries,doublewritestothedatabase,redundantcodeand
implicitconversionissues.Althoughsomemetricssuchasplansizeweresmallerthannon-ORM
generatedqueries,thequeryexecutiontimefortheORMquerywasmorethan300xthatofthenon-
ORMquery.

Anti-pattern(s):Multiple queries, N+1, implicit conversion, redundant code, lack of ANSI-SQL support

Discussion
Theresultsareassessedagainsttheevaluationcriteriaasfollows.Foreachcriterion,thetworesults
–fortheORM-generatedquery,andforthenon-ORMgeneratedquery–arecomparedusingthe
conditionforthecriterionspecifiedinthe‘ComparativeRule’column(ofTable2).Ifthenon-ORM

Table 8. Results from ORM-generated and manual query performance testing

Cached Plan 
Size (KB)

Total Plan 
Cost

μ Compile 
Time (ms)

Memory Used During 
Compilation (B)

Non-ORM ORM Non-ORM ORM Non-ORM ORM Non-ORM ORM

O1 80 72 2.59791 2.59791 14.8 13.4 376 376

O2 16 16 1.51565 1.51565 1.0 1.4 216 216

O3 72 64 2.42003 2.42003 2.0 9.4 512 512

O4 96 128 5.24644 5.25825 17.4 24.2 776 856

O5 56 64 3.37822 13.08612 16.0 4.0 1344 472

Memory
Required (B)

Memory
Requested (B)

μ Total Execution
Time (ms)

Total Number
of Queries

Non-ORM ORM Non-ORM ORM Non-ORM ORM Non-ORM ORM

O1 2048 2048 3152 3152 1482.0 1484.0 1 1

O2 0 0 0 0 537.6 596.4 1 1

O3 3240 3240 3240 3240 449.0 572.2 1 1

O4 3712 5704 3712 5704 1942.4 1829.8 1 2

O5 1736 0 1736 0 98.0 32441.0 1 1,158
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resultmeetsthecondition,ascoreof-1isassigned.IftheORMresultmeetsthecondition,ascore
of1isassigned.Iftheconditioncannotbeappliedasbothresultsareequal,0isassigned.

For illustration:ForthecriterionTotal Execution Time (ms),thecomparativeruleisShortest execution 
time.Theresultsobtained,asperTable9,forthiscriterionacrossthe5queryobjectiveswereas
follows,intheformatNon-ORM/ORM:1482.0/1484.0,537.6/596.4,449.0/572.2,1942.4/1829.8
and98.0/32441.0.Soforeachpair,thesmallestvalueisfound,andtheappropriatescoreassigned.
Comparingeachpair,weassignthescoresasdescribed:-1,-1,-1,1,-1.Summingthesescores
yields-3.Consequently,thescoreforthiscriterionacrossallqueryobjectivesis-3.

InFigure2,thescoresforall7criteriaarepresentedusingthisscoringmechanism.Negative
scoresareassociatedwithnon-ORMgeneratedqueries,positivescoreswithORM-generatedqueries
andzeroscoreswithneithercategory.Foreveryevaluationcriterion,theresultsshowedthatnon-
ORMgeneratedqueriesoutperformedORM-generatedqueriesusingthedefinitionsoftherespective
comparativerules.

Thedatacanalsobepresentedpivotedbyqueryobjective(O1toO5).Forthisanalysis,thesame
scoringmechanismisusedbutinsteadofassessmentsolelybyevaluationcriterion,theassessmentis

byqueryobjective,whichhelpsillustratetherelationshipbetweenquerycomplexityandsuperiority
ofmethod.Thecomparativerulesoftheevaluationcriteriaareusedtoassignscores,asbefore.

For illustration: For query objective O4, each pair of results is assessed against the respective
comparativerules.Theresultsare,intheformatNon-ORM/ORM:96/128,5.24644/5.25825,
17.4/24.2,776/856,3712/5704,3712/5704,1942.4/1829.8and1/2.Thecomparativerulesfor
eachcanbesummarisedas‘findthesmallestvalue’,andsoforeachpairthesmallestvalueis
found,andtheappropriatescoreassigned:-1,-1,-1,-1,-1,-1,1,-1,whichsumsto-6.Therefore,
thescoreforObjectiveO4acrossallcriteriais-6.

Figure 2. Total score by evaluation criterion
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ThescoresforthequeryobjectivesacrossallevaluationcriteriaareillustratedinFigure3.There
isacorrelationbetweenquerycomplexityandscore–queryobjectiveO1,asimplequery,hadbetter
overallperformancewhengeneratedbyanORMthanotherwise.QueryobjectiveO4,acomplex
query,hadsignificantlybetterperformancewhengeneratedbyanon-ORMmethodthanbytheORM,
withonlyoneevaluationcriteriaratingtheORMasbetter-performing.

However,queryobjectiveO5showsaneutralresultdespitethecomplexityofthequery,and
thereasonisthatthenumberofevaluationcriteriathatfavourednon-ORMgeneratedquerieswas
equaltothenumberfavouringORM-generatedqueries,sonocleardeterminationcanbemade.This
highlightsaweaknessinthisanalysisapproach–eachcriterionisgivenequalweightinginthescoring
despiteextremesinthedataandcomparativeimportanceofeachcriterion.Queryexecutiontimecan
bethoughtofasastrongdesirabletraitinqueryperformanceoutcomes,perhapsmoreso(fromthe
user’sperspective)thanplancostormemoryuse,andanequalweightingforallcriteriaobfuscates
thisview.Thisweaknesscanbeovercomebydrawinguponthedataindetail.Figure4illustrates

Figure 3. Total score by query objective

Figure 4. Correlation between increasing complexity and execution time of ORM methods
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therelationship,drawnfromtheresultsbetweenmeantotalexecutiontimeandqueryobjectives,or
complexity(whereO1isleastcomplexandO5mostcomplex).

Thisresultshowsthatthereisagenerallypositivecorrelationbetweencomplexityofqueryand
thetimetakentoexecutethequeryderivedbytheORM-generatedmethod,eveniftheresultfrom
O5asanextremeoutlierisexcluded.

Performingt-testingontheobservationsofthemeanexecutiontimeacrossthequeryobjectives
illustratedinFigure2,thisanalysisisborneoutbythep-valuesobtainedforalltheobservations.
Table9showsthatintheset-tests,p>0.05(highlighted).Thissupportstheconclusionthatthereis
asignificantupliftintheexecutiontimeoftheORM-generatedqueriesthanthenon-ORMgenerated
queriesascomplexityrises.

Ingeneral,theresultsshowedthatasquerycomplexityrose,ORM-generatedqueriesincurred
performancepenaltiesacrossmultipleevaluationcriteria,andstartedtoexhibitperformanceanti-
patternsreferencedintheliterature(Karwin,2017;Chenetal.,2014)andobservedinrelatedstudies
(Colley,Stanier&Asaduzzaman,2018;Colley&Stanier,2017).Thep-valuetestingoftheresultsof
oneimportantevaluationcriterionhelpedsupporttheevidence(p>0.05)thatthiscorrelationexists.

Thescopeoftheinvestigationwasoverarelativelysmalldatasetofthreetables.Theresults,
showingdivergenceacrossmanyoftheperformancemeasuresbetweenbothORM-generatedqueries
andnon-ORMgeneratedqueries,arelikelytodivergefurtherasthecomplexityofthedatabaseschema
andtheamountofdatainvolvedincreases,aconclusionsupportedbytheevidencefromthesurvey
detailingperformancedeficitsinORMtoolsfromdatabasepractitioners.

RESEARCH CONTRIBUTIONS

Object-RelationalMappingtoolsareubiquitousinmodernapplicationdevelopmentenvironments,
with a range of different packages available for most contemporary development languages and
frameworks.Thenecessityof thesepackages isdue to theneedforobject-oriented languages to
communicatewiththerelationalmodel.ORMsareabletoprovidepracticalSQLqueriesinresponse
tomethodcalls,andtotranslatereceivedresultstoobjectsforconsumptionbytheapplicationlayer,
butinourliteraturereview,wequestionedthesuitabilityofORMstoprovideoptimisedSQLqueries,
performanttothesamedegreeaswell-writtenSQLqueriesexecuteddirectlyagainstthedatabase
platform.Weidentifiedseveralimportantworksintheliteraturethatacknowledgedthisproblemand
characterisedsomeattemptsatmitigation.TheimportanceofascertainingtheefficiencyofORM-
generatedSQLandfindingstrategiestomitigatethegenerationofpoorly-performingqueriesisof
paramountimportanceinthenearfuture;asthevelocity,varietyandvolumeofdatacontinuestogrow,
queriesmustdealwithanincreasinglevelofinformationdensityandtocontinuetooperateinany
practicalmanner,thetimeisrightforare-examinationofthefundamentalparadigmsbehindORM
softwaretools.Ourresearchaimstocontributetothebodyofliteraturethathasalreadyinvestigated

Table 9. p-values from t-testing of mean execution time observations

Non-ORM ORM

Mean 901.8 7384.68

Variance 600811.08 196496129.3

Observations 5 5

HypothesizedMeanDifference 0

P(T<=t)one-tail 0.180

P(T<=t)two-tail 0.360
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thisareaandshowwhether theseproblemsarestillcurrent inmodernORMenvironments,both
throughsurveyofthepractitionersinvolvedanddemonstrationusingcurrenttools,andtoworkto
identifywaysinwhichtheobject-relationalimpedancemismatchproblemcanbesolved.

Inourresearch,throughquestioningdatabasepractitionersabouttheirexperienceswithORM
tooling,wefoundthemajorityofpractitionerstakeadimviewoftheirefficacy.Oursurveyresults
addtothegrowingbodyofresearchthatnotedthedisparitybetweenobject-orientedandrelational
coding(Jungferetal.,1999)throughtotheformalclassificationoftheproblem(Irelandetal.,2009),
andmorerecentlycataloguingthedesignflawsinherentinsuchsystems(Chenetal.,2014;Karwin,
2017,Torresetal.,2017).Thereiscomparativelylittlequalitativeresearchavailablewhichquestions
industrialdatabasepractitionersspecificallyaboutthisissue,andsoourfindingsaddsomecredence
toviewselsewhereintheliterature(ibid.)thatORMsarenotentirelywell-suitedassolutionstothe
object-relationalimpedancemismatchprobleminthefield.

Weacknowledgetheremayexistsomelatentflawsinoursurveyresearch;notably,therelatively
lowrespondentcount,andthepotentialreliabilityoftherespondents’answersbroughtaboutbytheir
self-selectionasparticipants.Thesearenotoriginalproblemswithsurveyresearchingeneral,but
difficulttoovercomeconsideringtherelativelyspecialistaudience.Wesoughttomitigatetheseissues
byinvestigatingtheproblemfurtherusingexperimentalwork,usingoneprimaryoutcomefromthe
survey–itisperceivedthatORMqueriestendtobelessperformantthanmanually-writtenqueries.
Indoingso,wetestedthecurrencyandvalidityofthisclaim,withsomesuccess.Ourtheoretical
contributionsarethereforetheconfirmationthattheobject-relationalimpedancemismatchproblem
isstillcurrent;thatimplementationofORMsdonotyetfullymitigateitstheoreticaleffects;andthat
theperceptionofORMsintheindustryispoor,meaningmoreworkinbetterintegratingtheobject
andrelationalworldstoproducemoreeffectivesolutionsislikelytobebeneficialinfutureindustrial
softwaredevelopment.

ExaminationoftheunderlyingconceptualandpracticalissuesofORMs,whetherbyqualitative
orquantitativemeans,isnotnew;numerousexamplesbyKarwin(2017)andTorresetal.(2017)
couldbeseenasmorethorough;howeverourinvestigationsandsubsequentresultsfrombothstrands
benefitfrombeingindustry-aligned,lessabstractthanpurelyacademicstudiesandrootedinconcrete,
reproducibleoutcomes.Consequently,ourpracticalcontributionstothefieldaretheidentification
ofspecificuse-casepatternswhereSQLqueriesarebetter-performingthroughdirectcallsfromthe
applicationlayerthanthroughanORM;there-affirmationthatthisissuecontinuestobecurrent;and
theconclusionthatORMshavenegativeperformanceimplicationsasquerycomplexityincreases,both
intermsofmaterial,measurableperformanceimpactstothecallingapplicationandsystemresources
throughthedisplayofinefficientdesignpatterns,whichmayencouragemitigationstrategiessuchas
thedesignofdatabaseschemasforsimplicity.

CONCLUSION AND FUTURE wORK

Weanalysedthesurveyresultsthematicallyanddrewanumberofnarrativesfromthefindings.These
narrativeswerecharacterisedasORM use;education,awareness and perception;negative ORM 
behaviour;andfuture outlook.ThesurveyresultssuggestedthatORMtoolsarenotubiquitousbut
arepresentinasizeableminorityofrespondents’organisations.ItwasfeltbyrespondentsthatORMs
werefundamentallyincompatibleinseveralwayswithRDBMSsystems;thattheyweredifficultto
tune,andthiswassupportedbyexamplesfromtherespondentsthatwereechoedintheliterature
(ibid.).ThefindingssuggestedthatatleastsomeoftheperformancedifficultiesassociatedwithORM
toolingcanbeattributedtolackofawarenessinthedevelopercommunityinhowtousethesetools
efficiently,althoughthisconclusionisarguablycounteredbythedifferencesofopinionbetweenthe
databaseadministrationcommunityandthedevelopercommunity(Ambler,2018;Neward,2006).The
surveyfindingsweresupportiveingeneralofautomationandpositiveaboutthefutureofrelational
databaseperformancetuning,albeitscepticaloftherolethatORMtoolingmayplayinthatfuture.
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Theexplorationoftheobjectiveswascontinuedintheexperimentalinvestigation.Fivequery
objectivesweredefinedandbasedonarealdatasetwereconstructedandpresentedinincreasing
orderofcomplexity,andtheperformanceofORMandnon-ORMgeneratedversionscompared.The
outcomeofourexperimentationshowedthatwhentheresultsweregroupedbyperformancemetric,
manually-written(non-ORM)queriesoutperformedORM-generatedqueries.Thismeantthatafter
assessingeachquerybyeachevaluationcriterionandproducingsumtotalsgroupedbycriterionin 
no cases did ORM queries generally outperform manually-written queries;thisonlyoccurredwhen
consideringindividualresults,andforlowlevelsofcomplexity.Thefindingswerethenpivotedto
analysetheevaluationcriteriabythequeriesinincreasingorderofcomplexity.Usingthisviewof
thedataitwasshownthatin3of5cases,manually-writtenqueriesoutperformedORM-generated
queries,with1vice versa caseand1 inconclusiveobservation.Deconstructing theoutcomesby
querycomplexity,itwasfoundtherewasapositivecorrelationbetweenquerycomplexityandquery
executiontimeandthattheORM-generatedqueriesconsistentlytooklongertorun(p=0.18)than
non-ORMqueriesascomplexityincreased.

Additionally,undesirablebehaviourwasobservedbytheORMtoolingandmirroredsomeof
thebehaviour listedbytherespondentsof thesurveyanddetailed in the literature. Inparticular,
redundantcode,lackofsupportforthefulllanguage,multiplequeries,implicitconversionandrow-
by-rowprocessing(theN+1problem)wereobserved.

The survey findings and experimental evidence support the conclusion that ORM tooling
hasnegativeperformance implicationsasquerycomplexity increases,both in termsofmaterial,
measurableperformanceimpactstothecallingapplicationandsystemresources,andthroughthe
displayofinefficientdesignpatterns.ORMsarewidespreadbutnotuniversallyusedwiththesurvey
findingssuggestingthatbarrierstoadoptionarerelatedtoperceivedpoorperformance,andsothere
isagapforfutureresearchintoapproachestomitigateorremovethenegativeimpactstodatabase
queryperformancecausedbyORMtools.

Ourfindingshaveillustratedtheneedtoconsideralternativeapproachestodatabaseperformance
tuningthatarebetterabletoassistincompilingandexecutingqueriesgeneratedfromnon-traditional
sources such as ORM frameworks. Such a solution could take the form of a flexible database
performancemanagementframeworkcapableofhandlingsub-optimalqueries.

Onepotentialsolutionisamodelincorporatingsomedegreeofschemaselectivity.Oneofthe
issuesnotedinthefindingsofthispaperwastheexistenceofredundantcodeandtheexistenceof
implicitconversionproblems.Otherundesirablebehaviours,suchasfetchingmorecolumnsthan
required,suggestthatapotentialdirectionisthecreationofmultipleschemaswithinadatabase,
eachofwhich isessentiallya‘whole-database’ index.Buildingalternativeschemason thesame
tree-basedprinciplesasindexesbutwideningthescopetomultipleobjectscouldformthebasisof
anewschemaselectionalgorithm.Thisisnotwithoutprecedent,asChen(1999)investigatedthe
choiceofalternateschemataonaquery-by-querybasiswithinitiallypositivefindings.Onedirection
weareexploringistheemploymentofaquerycomparisonandschemaselectionalgorithmusing
an alternative model for query representation. Another direction is the reconsideration of SQL
queriesasconstructedobjectscomposedoffirst-orderlogic,representableinmorecomputableand
comparablewayswithindatabaseengines.Theviabilityanddetailoftheseproposedsolutionsare
currentresearchtopicsfortheauthors.
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