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ABSTRACT

Projectmanagersfacecomplexchallengeswhenplanningprojectstagesbecausecontractdurations
andprojectcostsaredifficulttopredictaccurately.Thepurposeofthisstudyistoinvestigatestatistical
toolsandconceptsthatcanbeintegratedinthesecondphaseoftheprojectlifecycle:theplanning
stage.Furthermore,thisstudyaimstocomparetheaccuracyofmultipleregressionandartificialneural
networkmodels,aswellastheapplicationofsimulationinconstructionmodelsusedinpredicting
projectdurationandcost.Thispaperwillalsodiscusstheindustry’scurrentestimationmethods,
theuseofstatisticalapproaches,simulation,andtherelationshipbetweentheapplicationstatistical
toolsandprojectsuccess.Thus,thisreviewidentifiesthetrendingstatisticaltoolsusedbyscholars
todevelopregressionandneuralmodelstosolvethecomplexityofcostanddurationestimation.
The findings indicate that although the industryneedsmoreaccuratepredictionsandestimating
tools,andregardlessoftheinvestigationsandadvancementsmadewithintegratingstatisticaltools,
implementingthesestatisticalapproachesisfacedwithbarriers.
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INTRoDUCTIoN

Inthefieldofprojectmanagement,thelifecycleofaprojectiscomposedofthefollowingphasesor
stages:initiation,planning,execution-monitoring,andprojectclosure.Thefocusofmyinvestigation
isconcernedwiththeplanningstage,namelycostestimatinganddurationestimation.Thispaper
intendstoprovideanunderstatingoftheapplicationofstatisticalmethodsandconceptsusedinthe
forecastingofcostanddurationsinconstructionprojects.

Theprojectlifecycle,asdescribedpreviously,lacksthephaseofprojectimplementationorpost-
occupancyplanning.Constructionprojects,suchaspowerplants,treatmentplants,buildings,dams,
factoriesandothertypesofstructures,undergoaperiodofimplementation.Thispaperexploresthe
applicationofstatisticaltoolsforforecastingtherunningcostforoperatingandmaintainingcompleted
projects.Inthecontextofthispaper,operationandmaintenanceistreatedasthelastphaseofthe
projectlifecyclepriortoretiringtheassetorterminatinganinitiative.

Furthermore,thispaperreportsonexistingliterature,concerningtheapplicationofstatistical
modelsby industryprofessionals, todeterminedurationof contracts,managecost, andestimate
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cyclecosts.Additionally,wewilldiscussthestepsinvolvedindevelopingregressionandtheneural
networkmodel.Wecomparetheviewofresearchesandresultsofregressionandneuralnetworks,
aswellastheadvantagesanddisadvantagesofeachmethod.

Theliteratureappearstosharethesameconceptofsignificantitems.Costsignificantitemsrefer
toelementsoftheworkthatinfluencecostanddurationwhencomparedtoothers.Theidentification
oftheseitemsisessentialfordevelopingmodelsofhighaccuracy.Researchershavedevelopedmodels
forvariousprojecttypes,butimplementingstatisticalprinciplestodetermineprojectcostandduration
duringtheplanningphaseremainslowamongprofessionals.

Thedifficultyofestimatingprojectcostanddurationsaccuratelyresultsinadilatedschedule;
longer durations will require additional resources, and project cash flows may be impacted.
Nonetheless,computer technologyadvancementand the integrationofapplicationsandsoftware
havemadestatisticshelpfulinestimatingprojectsuccessfactors,suchascostestimating,duration,
andscheduling.Thewideimplementationofstatisticalapproachestoestimatingishinderedbycost
oftechnology,skilllevel,andawareness.

Scholarsagreethatcostisalifecycleconstituentofgreatimportance.Apoorestimatecanmake
thedifferencebetweensuccessandfailure,sotheaccuracyofcostestimatesandmonitoringisessential
toavoidcostoverruns(Chew,2017;Burnes,2014;Galli,Kaviani,Bottani,&Murino,2017).Asa
responsetothisproblem,theindustryisadoptingmodernsimulationtoolsthataregainingground,
ascomputingpowercanhandlelargeamountsofdataandcanperformadvancedmathematicaland
statisticalanalysis.

Atypicalconstructioncontractiscoupledtoaconstructionschedulethatislegallybinding.The
durationofprojectsisdeterminedbytheownerandconsultants.Oncethecontractorisselectedand
thecontractisawarded,thenthecontractormustfinishonorbeforethestipulateddate.Thisresearch
willreportonthequantitativedataprocessingmethodsandtechniques,suchasstepwiseregression,
multiple regressing, and artificial neural networks.Researchers agree that regression andneural
networksareviablemethodsforestimatingprojectcostandprojectduration(Adjei-Kumi,2017;
Marcelino-SádabaPérez-Ezcurdia,Lazcano,&Villanueva,2014;Schwedes,Riedel,&Dziekan,
2017).

Thecurrentmethodofestimatingdurations representsa risk to thecontractor, as there is a
highprobabilitythattheprojectdurationdeterminedbytheownerisnotreasonable,whichmakes
the contractor liable for penalties and liquidated damages (Jin, 2016; Zwikael, & Smyrk, 2012;
Todorović,Petrović,Mihić,Obradović,&Bushuyev,2015;Medina&Medina,2015).Furthermore,
unplanneddurationsincreaselitigationandcompromisesconstructionquality.Similarly,ifduration
isoverestimated,thentheclientwillincurdamages,sothedifficultiesofprojectsareuniqueand
requirehigh-levelcustomization.

DeviationfromplanneddurationindevelopingpartsofAfricarangesfrom51%to92%.This
affectsbuildingandtransportationprojectsthatarereportedtodeviatefromthestipulatedcompletion
date by 20%. Stakeholders, project owners, the government, and construction professionals will
benefitfrommoreaccurateprojectdurations(Mensah,2016;Galli&Hernandez-Lopez,2018;Easton
&Rosenzweig,2012;Brown&Eisenhardt,1995).Overall,thereisconsensusintheliteraturethat
thedurationofprojectsisstronglyrelatedtothequantitiesofwork,ratherthantotheprojectcost.
PopularschedulingcomputerprogramsarebasedontheGantChart,thecriticalpathmethod.The
GantChartillustratestheprojectscheduleandthedependencyrelationshipbetweenitemsofwork,
andcostisnotinfluential.Developedcountries,suchastheU.SJapan,HongKong,andcountries
inEurope,havedevelopedmodelsforestimatingtheconstructiondurationofbridges,roads,and
buildings(Ahmadu,2015;David,David,&David,2017;Galli&Kaviani,2018;Hartono,FNWijaya,
&M.Arini,2014;Parast,2011).

Moreover,theliteratureimprovestheanalysisofthequantitiesofworkfornon-significantitems
tobeidentified.Onlythemostimportantitemsareconsideredforstudy.Also,thispaperwillreport
onstatisticalsignificantworkitemsthatimpactthedurationofbridgeconstructionprojects.The
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completedactivitieswillbetheindependentvariables,andthegoalistounderstandsignificantwork
activitiesthatgreatlyinfluencecontractduration.Thisstudyaimstounderstandthedevelopmentof
modelsusingregressionandartificialneuralnetworkmethods.

Inadditiontodiscussingtheapplicationofregressionandneuralnetworksforestimatingduration
ofprojects,wealsoexplaintheapplicationofthesestatisticaltoolsfortheestimationofthelifecycle
buildings(Whyte,2014;Sharon,Weck,&Dori,2013).Theliteratureemphasizesthecommonnotion
thattheinitialcapitalcostofprojectsrepresentsafractionoftheoperatingandmaintenancecost.A
cradletograveorwhole-lifeapproachisrequiredtocapturefutureexpendituresaccurately.

Theconceptoflifecyclecostisimportantbecausedecisionsregardingelementsofconstruction
duringdesigndevelopmentwillbeselectedbasedonoperationandmaintenancecost,ratherthanon
theinitialcost.Moreover,costsavingscanbeidentifiedandappliedbeforetheprojectgoesintothe
executionphase(whentheimplementationofdesignchangesiscostly).

AccordingtoPMBOK,theprojectlifecycleisbrokenupintophasestomaketheprojectmore
manageable.Therefore, thedesignorplanningphasecreatestheroadmaptoasuccessfulproject
completionand implementation.Theestimationaccuracyofaproject’s lifecyclecost isheavily
dependentontheamountofinformationthatisavailableduringthedesignphase.

Theplanningphaseprovidestheopportunitytoidentifyareasofwaste,toenhancethedesignby
improvingspecifications,toforeseechallengingconstructiontasks,andtoplanforefficientoperation
andmaintenanceoncetheprojectisimplemented.Researchesattributetheincreasedimportanceof
lifecyclecosttothedevelopmentofsimulationsoftware,whichallowstheinclusionofestimating
andmanagingfacilitiesintothemodel.

Theuniquenatureofconstructionprojectsmakes themgoodcandidates tobenefit fromthe
enhancedaccuracyofstatisticalestimatingtools.Primarily,thecostestimationofprojectsisreliant
ontheaccuracyoftheestimationoflaborandmaterial,andthecostestimateissubjectedtothe
specificationprovidedbythedesignorplanningteam(Whyte,2014;Parker,Parsons,&Isharyanto,
2015;Nagel,2015).Inaccuracyincostestimatescontinuestoaffecttheindustry;estimatorsfailto
recognizefactorsthataffectaccuracyandcontinuetorelyontheaggregatevalueofestimatesby
generatingestimatorsforvariouselementsoftheproject.Effectivemethodsforcostforecastingmust
bedevelopedforthedesignintenttobemetwithreduceddelays,andlifecyclecostisestimatedwith
greaterconfidence(Yamn,2009;Papke-Shields&Boyer-Wright,2017;Milner,2016).

Clearly,thesignificanceoftheplanningphaseinprojectmanagementissupportedbyresearch,
primarily the cost estimation component. Authors state that cost estimation provides significant
amounts of useful information in decision-making, regarding planning, resource allocation, and
monitoring.Thesophisticationofconstructionsystemsandtherequesttoreducerunningcostdrives
themarkettolookforinnovation.Thisisoftenfoundindigitalestimatingtoolsthatcanhandlethe
largerangeofvariablesfoundinconstructionprojects.

Ultimately,thegoalofdevelopingsuchestimatingtoolsistohelpsolvethechallengesofcost
prediction.Researchersarguethatsimulationandstatistical toolscanbeusedtodevelopmodels
that close this gap (Cheng, 2010; Svejvig & Andersen, 2015). Regression models are gaining
popularityfordeterminingtheimpactofsignificantfactorsoncostestimation.Toselectthemost
appropriateregressionequation,therelationshipbetweensignificantfactorsandcostestimationmust
beestablished.Theliteratureindicatesthatmodelingmethodscanaddresspredictionproblemsin
constructioncostestimating(Whyte,2014;Xue,Baron,&Esteban,2016;Zhang,Bao,Wang,&
Skitmore,2016).

Artificialneuralnetworksproposetosolveestimatingchallengesbyformulatingtherelationship
betweenvariables,butformulatingormappingtherelationshipbetweendatapointsischallenging.
Therefore,methodsforidentifyingactivitiesthatarestronglyrelatedtocostfactormustbeapplied.
Interestinglyenough,theParetoruleispresentinconstructioncostestimating,whichcontainsabout
80%oftotalconstructioncostthatcanbecontainedin20%ofconstructionactivities.Indeveloping
themodels,significantactivitiesandnon-costactivitieswillbeapplied.
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This literature review focuses on the application of regression analysis and artificial neural
modelstopredicttheconstructiondurationandlifecyclecostofconstructionprojects.Also,this
investigationseeks todemonstrate theuseofstatisticalmodelsduring theplanningphaseof the
projecttopredictdurationsandcost.Theselectionofappropriatevariablesandsimulationsmodels
incostmanagementwillbediscussed.Theresearchpapersreviewedforthisreportrelatetotheuse
ofstatisticaltoolsinpublicworksandcommercialconstruction,buttopicsrelatedtoprojectlifecycle
applytoallprojectenvironments.

Background
Typically,thedurationofconstructionprojectsisestimatedpoorly,withmethodsthatareantiquated
andunabletohandlethecomplexityofmodernprojects.Thecriticalpathmethodistheprevailing
toolforconstructionschedulingandactivityplanning.Unfortunately,thedevelopmentofestimation
modelsisdelegatedtoteamsthatdonotaccountforallfactors.Thetypeofequipmentused,weather
conditions,laborforce,cashflows,theavailabilityofmaterials,issuanceofrequiredpermits,and
otherunforeseenconditionsaffectduration.Similarly,costestimatingisperformedwithoutaccounting
forsignificantcostfactors,leadingtoprofitlossforinvestors.Inthetraditionalmethod,anestimator
performsaquantitytake-offtowhichaunitcostisassigned.Theproductwillconstituteabillof
quantityitem,andthesumofthelineitemsistheprojectcost.Inthismethod,theprojectissubdivided
intomultiplesections,andeachsectionisestimatedindividuallybyindividualestimators.Then,all
oftheestimatesareaddedtoarriveataprojectcost.Bothdurationsandcostaredifficulttoestimate
becausetheconditionofeachprojectisunique,andprojectsarecustomized.

Previously,researchhasbeendonetopredictthelowestbidderforpublicschools.Thestudies
concludedthatforaccurateresultstobeachieved,theappropriatenumberofsignificantfactormust
beused(Whyte,2014;Xue,Baron,&Esteban,2017;Winter,Andersen,Elvin,&Levene,2006a;Von
ThieleSchwarz,2017).Also,thebuildingsectorappliedthemultipleregressionmethodtodevelopa
modeltoestimatethedurationofhousingprojects(Jin,2016;Yun,Choi,Oliveira,Mulva,&Kang,
2016). The research indicates that neural networks can minimize uncertainties when estimating
buildingsystemsandsomeauthorshaveconductedstudiesthatdemonstratethattheneuralnetworks
aremoreaccuratethanregressiontechniques(Elkassas,2011;Xiong,Zhao,Yuan,&Luo,2017).

Additionally,scholarsinNigeriaandKuwaithavedevelopedregressionmodelstopredictthe
durationofbuildingconstruction.Durationmodelswereconstructedusingbuildingscharacteristics
or elements of construction as the major determinants (Jarkas, 2015; Shenhar & Levy, 2007).
Nonetheless,neuralnetworkscannotshowtherelationshipbetweenthepredictorwiththeoutcome,
andregressioncannotassistinselectingacostmodelthatfitsthevariablestoanestablishedlevelof
accuracy(Wheaton,2009;UsmanTariq,2013;Sutherland,2004).

However,scholarsinBosnia,Korea,Vietnam,havedevelopedartificialnetworkandregression
modelstopredictconstructionduration(Petruseva,2013).Probabilisticmodelshavealsodeveloped
modelstopredictriskanditsinfluenceinpublicworks.Thesamplesizeusedfordevelopingmodels
wasgreaterthan30inallcases.Ifthesamplesizeissufficientlylarge(n>30)andthesampledata
is approximate the normal distribution, then sample measures and data description will closely
approximatethatofthepopulation.

IntheUnitedStates,theDepartmentofTransportationofNorthCarolinaanalyzedover400
bridgeprojectstodeterminethedurationofthedesigndevelopmentphase.Theresearcherdetermined
anumberoffactorsthathadaninfluenceinthedurationoftheengineeringphase(Liu,2012;Ahern,
Leavy,&Byrne,2014).Of thefactors identified, fourweresignificant:1)geographical location
ofproject,2)environmentalrequirements,3)scopeofwork,and4)teaminchargeofassembling
environmentaldocuments.Thestudywasvalidatedusingasub-sampledrawnfromthelargersample.
TheresultwasasetofregressionequationsthattheDOTcanusetoestimatethedurationofthe
engineeringanddesignphase.
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Governmentsandadministrationscanbenefitfromstatisticalmodelstomoreaccuratelyestimate
durationduringthesecondphaseofprojectlifecycle,theplanningstage.Anaccuratepredictionof
projectdurationsminimizescompletiondelaysandmaximizestheuseofprojectresources.Other
researchpointstoNeuronalnetworksasamoreaccuratemethod,anditisarguedthatneuralmodels
canpredictconstructioncostwithoutdetaileddrawings.Thisnotiondeviatesfromcurrentpractices;
projectsmustreachahighdevelopmentlevelforanaccurateestimatetobegenerated(Arafa,2013;
Al-Kadeem,Backar,Eldardiry,&Haddad,2017a;Andersen,2014).

Overall,thisresearchreviewcontributestotheunderstandingofeffectivelyintegratingstatistical
conceptsintoconstructionprojectplanning.Thebodyofthispaperisframedtostudytheintegration
ofstatisticalmodelsintheconstructionindustryagainstthebackgroundofcurrentestimatingmethods.

Problem Statement
Projectmanagersintheconstructionindustryarefacedwithchallengesinthesecondphaseofthe
projectlifecycle:planning.Theplanningphaseincludesthreevitalparts:1)estimatingthedurations
ofprojects,2)projectcost,and3)thecostofrunningbuildingsaftercompletion.Traditionalmethods
prevailintheindustry,butthesemethodsarebeingdisplacedbystatisticalmodelsthatcanmake
predictionsmoreaccurately.Thisisanareaofconcerntoinvestorsandmanagersbecauseitdirectly
impactsprofits.Also,theplanningstageofaprojectisvitalbecauseitsetsproceduresformonitoring
theexecutionof theproject.Hence, theability toaccuratelyestimateduration,project,cost,and
operatingcostisvitalforprojectsuccess.Thispaperseekstoshedlightonthebenefitsofstatistical
tools,aswellastoprovideabackgroundandpracticalexamplesofregressionandneuralnetworks.

Research Hypothesis
Statisticalmodelscanbeeffectivelyintegratedintoaprojectlifecycle.Artificialnetworks,regression,
andmodelingwillbeexploredtoconfirmtheeffectivenessofstatisticalmodelsappliedtoproject
planning.Regardlessofthepoorperformance,traditionalmethodscontinuetobewidelyused.Ifthe
findingsrevealthatstatisticalmodelsaremorereliableinestimatingdurationsandlifecyclecost,then
theindustryshouldconsiderinvestinginresourcesthatwouldallowtheadoptionofstatisticalmodels.

Research objective and Research Gap
For the most part, literature addresses how these variables, concepts, and models are necessary
inprojectmanagementandperformance,butcertain information isnotaddressed.Therecanbe
moreliteratureonwhythesevariables,theirconcepts,andmodelseasetheprogressionofproject
managementandperformance.Thus,aresearchgaphasdeveloped.Thevariables,concepts,and
modelswillbeassessedtofindwhattheyshareandwhattheydonot.Asaresult,thiswillallowfor
auniversalframeworkthatfeaturestheirbestaspects.Inthisstudy,thereareevidence-basedanswers
forprimaryquestionsaboutthesevariables,theirconcepts,andmodels,suchashowtomaximize
onthemforprojectmanagementandperformanceobjectives.Thisstudycanactasareferencefor
futureresearch,aswell.

Originality
Theoriginalityof this literaturereviewisexpressedtoexplore thereachofstatisticalestimating
methodsintheconstructionindustry.Inaddition,theexistingliteraturedoesnotmentionthetraditional
methodandanecdotalapproachestoestimating.Thispaperheavilyfocusesontheapplicationof
statisticalmodels,butitalsotouchesontraditionalestimatingmethodsanddrawbacks.Furthermore,
thisliteraturereviewaimstosynthesizeresearchperformedonthetopicsof1)statisticalmodels,2)
traditionalmethods,and3)simulationtechniques.

This studywill contributemore literature to expandon the effectivenessof thesevariables,
theirconcepts,andmodelsandtheirlikenessesanddifferences.Studiesthathavetestedthispaper’s
hypothesescontribute information,aswell.Thisstudyusesadesign-science-investigatestrategy,
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anditthenapprovesavaluablegrowthrevealtoapplyreasonablyandhypothetically.Intheend,this
studyprovidesanassessmentmodelforthesevariables,theirconcepts,andmodels.Theevaluation
instrumentisemphasizedasresponsestotheexaminationquestion,andtheinstrumentisreviewed
withanexplanationoftheapproachtotheoutlineandresultsofthemeetings.Theconclusionfeatures
primaryfindingsandideastoarrangeinvestigativelimitationsandfuturestudies.

Contribution to the IE/EM/PM
Clearly, this paper contributes to the field of project management and engineering management
becauseitexploresnon-traditionalmethodsforestimatingcostanddurationofconstructionprojects.
Also,thisstudyintroducesthecombinationofstatisticaltoolsandsimulationtechniquesforbetter
durationandcost estimation.These research findings show thebenefitsof thesevariables, their
concepts,andmodels.However, thisstudydepicts thedetrimentsofnotaddressingperformance
andsustainability.Thisstudyalsohighlightstheneedforreal-lifeexamples,asitfeaturesexamples
toapplythesetheoriestotherealworld.

Managerial Relevance
Engineeringmanagersmustalwaysmakedecisions,whichwillbecomeevenmoreimportantinthe
futureofprojectmanagementandengineering.Thisstudyaddressessuchafutureandtheroleof
theengineeringmanagerandtheengineeringmanagementfield.Furthermore,theimplicationsare
addressedwithindifferentorganizationallevels,suchascorporatelevel,manageriallevel,andproject
teamlevel.Also,anengineeringmanagementpractitionercanutilizetheconclusionstocapitalizingon
thesevariables,concepts,models,andtheirrelationshipwithinprojectenvironmentsandoperations.
Thevariables,theirconcepts,andmodelswillbeassessedtoproposeaframeworkthatwillfilla
researchvoidinpre-existingliterature.Manydifferentbusinesssubjectscanbeenhancedbythis
study,asitcontributestoeachbodyofknowledgewithnovelapproachesforfutureresearch.

Paper organization
Thispaperbeginswithsectiontwo,whichfeaturestheliteraturereviewofliteratureinthesefields
ofresearch.Theresearchmethodologyispresentedinsectionthree,andthefindingsandanalysis
areinsectionfour.Lastly,theimplicationsareoutlinedinsectionfiveforpractitioners,butitalso
featuresideasforfutureresearch,limitations,andgeneralconclusions.

LITERATURE REVIEw

Multiple Regression Cost Prediction Application
Constructionprojectspresentcomplexestimatingchallenges.Therearemanyvariablesorfactors
thatcanaffecttheoutcomeofaproject,asconditionsareuniqueandproductsarepersonalized.The
diversityofchallengesinconstructionprojectsmakesitdifficulttopredictdurationsandcosts.Hence,
tofindapracticalsolutiontotheestimationofprojectdurationandrunningcosts,anequationthat
canhandlemultiplevariablesisrequired.Inthiscase,weareinterestedinthevariablesthatinfluence
themeandurationandrunningcostofprojects.

Beforeweintroduceresearchinformationonmultipleregression,basicdefinitionsandconcepts
shouldbediscussed.Themultipleregressionmodelisanextensionofthesimplelinearregression
analysis.Thelinearregressiononlyusestwovariables:adependentvariable,suchascost,andan
independentvariable, suchasbuilding type.Wesaya regression is linearwhen the relationship
betweentheindependentanddependentvariableislinear.Withthistechnique,wetrytoexplainthe
variationinthedependentvariable.

Nowthatwehaveexplained thebasicconceptof linear regression,wecandiscussmultiple
regression.Wewillbeginwithintroducinganexperimentperformedbyaresearchertodetermine



International Journal of Applied Industrial Engineering
Volume 7 • Issue 1 • January-June 2020

7

theoperationandmaintenancecostusing20constructionprojects.Thedatawastakenfromthree
separatesources.Thesignificantcostfactoraffectingthecostofoperationandmaintenancehad
beenestablishedfrompreviousresearch(Whyte,2014;Arumugam,2016;Badi&Pryke,2016).
Furthermore,theparametersoftheexperimentindicatethat11costsignificantitemswereidentified
asmostinfluential,andtheseitemsappliedtoallbuildings.

Wewillalsointroducethedefinitionofneuralnetwork,asthefollowingexamplewillcompare
theaccuracyofbothmethods.Artificialneuronnetworkmodelsarenonlinearandfindthecomplex
relationshipbetweeninputsandoutputs.Artificialnetworksdifferfromregressionmodels,inthat
theyemploytheconceptofmachinelearningtoreachthedesiredoutcome(Ontepeli,2012;Besner
&Hobbs,2012;Cova&Salle,2005;Detert,2000).

Existingpublications indicate that the runningcostofbuilding isapproximately70%of the
building’slifecyclecost.Thismeasureistheresultofan18-yearstudydoneontheoperationand
maintenancecostofbuildings.Also,7non-costfactorsthatarereportedashavinganinfluenceon
theestimationcostarealsoestablishedbyanexistingstudy.

Overall,eightfactorswillbeusedastheinputforthemultipleregressionmodel.Theseinputs
arethenodesthatwillbelinkedtothehiddenlayersviaweightconnection.Wewilllaterperformthe
sameexperiment,butbyusingtheneuralnetworkmethod.Themultipleregressionmodelequation
forthementionedoutputswillbeconstructedasfollows:

Y=a+b1x1+b2x2+b3x3+b4x4+…bnxn+u
Where:
Y=Thevariablethatwearetryingtopredict(DV)
X=ThevariablethatweareusingtopredictY(IV)
a=Theintercept
b=Theslope(CoefficientofX1)
u=Theregressionresidualerror

Inourequation,aistheinterceptb1-bn.TheR-squaredvalueisameasureofhowcloseadata
pointistothefittedregressionline.R-squaredvalueof0%indicatesthatthemodelcannotexplainthe
variabilityofthedataaroundthemean.Similarly,p-valuesarekeyfortheevaluationofthemodel.
Apvalue<.05meansyoucanrejectthenullhypothesis.Also,ifapredictorhasalowp-value,then
itismostprobablyasignificantadditiontothemodel.

Resuming our model, the R-squared values indicate the percentage cost variability. If our
R-squaredvalueisclosetoorequalto1,thenthereisastrongcorrelationbetweenthemodeloutput
andtheactualvalue.Moreover,p-valueswereusedtodetermineifchangesinthepredictorresultedin
changesintheresponsevariable.Thosevariablesthatwerenotdeemedsignificantwereeliminated.
Thus,theresearcharguesthatvariableswithap-valuelessthan.05shouldbeincludedinthemodel
(Ontepeli,2012;Eskerod&Blichfeldt,2005;Galli,2018c).

Inregressionanalysis,wehavetheoptiontobringallpossibleindependentvariablesintothe
model in one step using full regression, but the case selected for illustration utilizes a stepwise
methodtoidentifysignificantvariables.Inthismethod,wedeterminethep-valueforeachofthe
eightvariablesoriginallyidentified.Anyvariablewithap-valuegreaterthan.05iseliminateduntil
onlythesignificantvariablesareremaining.

Atthisstageoftheexperiment,wemoveontoregressionvalidationtodecideiftheresultsare
acceptabledescriptionsofthedata.Validationcanbedonebydeterminingtheaptnessofthemodel
(Sosmez,2010;Galli,2018a;Galli,2018b).However,ourresearchutilizesthecross-validationmethod.
Fromthe20projects,17areusedtodevelopthemodeland3areusedtovalidatethemodel.Themodel
performancewillbemeasuredusingthemeanpercentageerror.Thisvalueisthecalculatedaverage
ofallpercentageerrorsbywhichthepredictionsdifferfromtheactualvalue.Forthiscalculation,
weusethedifferenceoftheactualoutputandthepredicted/modeloutput.
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Neural Networks Cost Prediction Application
Asdiscussedearlier,neuralnetworksutilizeahiddenlayercalledtheblackbox,astherelationship
betweenthevariables isdetermined.Theinputsareselectedandareprocessedthroughtheback
box;themodelvalueisthengenerated.Inthissection,wewillconsiderthesamescenariopresented
inthepreviousregressionmodel,where20constructionprojectsarebeingstudiedtoestimatethe
operationandmaintenancecost.

Inourmodelof20projects,thegoalistooptimizethemodelandtoreducetheneuralnetwork
weightederrortozero.Toreducetheweightederror,theweightswillbeadjustedfrominputtoblack
boxandfromblackboxtooutputs.Aneuralmodelcanbetrainedtopredictoutcomes.Optimizing
onenodeatatimecanturnintoadauntingtask,sotheprocessoftrainingbeginsbyguessingor
selectingarandomweight.Theprocessisthenallowedtorun,andtheresultingdeviationisthe
analyzedandthenweightsadjusted.Finally,theprocessisrepeated.

Thenumberofhiddenlayerscanbecalculatedusingtraditionalparametricmethods.Aspreviously
mentioned,duringthetrainingprocess,theweightsandhiddennumberintheblackboxareadjusted
tofindamodelthatwillresultinthelowestvalueofmeanpercentageerrorandrootmeansquare.
Thesigmoidcurveisusedtoanalyzetheneuralmodel.

Similartotheregressionmodel,the20projectsaredividedintwosets,while17projectsare
usedformodeldevelopmentandtheremainingsetfortestingtheprocedure.Itisworthemphasizing
theimportanceofthetrainingthemodelforthebestarrangementoftheneuronstobeidentified.
Onemustkeepinmindthatacceptanceofthemodelisjudgedbasedontheroot

meansquareandmeanpercentageerrorvalues.
Inthissection,wewilltalkabouttheconnectionweightmethodthatisusedtodeterminethe

importanceoftheinput.Ourinputswillbetheeightvariables,whicharealsocalledpredictors,and
ouroutputsaretherunningcost(Olden,2014;Gimenez-Espin,2013;HoonKwak,&Dixon,2008).
Inthisstep,wecalculatethesumoftheproductsfromtheoutputtothehiddennodeandthenfrom
thehiddennodetotheoutput.Wedeterminetheimportanceofanodebasedonhowlargethesum
oftheproductsoftheweights.Also,alargernumbermeansthemoreinfluenceonthecorresponding
inputvalue.

Consideringboththeregressionmodelandtheneuralnetworkmodelsarethesame,apaired
testwasconductedtocomparetheaccuracyofthetwoestimationmethods.Therulesweresetup
asfollows:

H0:Noaccuracydifferencebetweenthetwomethods
H1:Thereisdifferenceinaccuracybetweenthetwomethods

Thecomparisonindicatesthatneuralnetworkmodelsaremoreaccuratethanregressionmodels.
Theneuralnetworkmodel isargued topredict thecostofoperationandmaintenancewithhigh
accuracy,whiletheregressionmodelislessaccurate.Thedifferencemayseeminsignificant,but
wemustpayattentiontotheminimumnumberofvariablesrequiredtodevelopamodel.Thelowest
numberofvariablesrequiredmansthatthetechniquewouldbemoreusefulforpractitionersduring
theplanningstageofaproject.Accurateestimatesgeneratedearlyduringplanningwilltranscend
andhavepositiveimpactsontheprojectoutcome.

Regression and Duration Estimation
Inthissection,wewilldemonstratetheapplicationofmultiplelinearregressionandartificialneural
networkfortheestimationofprojectdurations.Forthedevelopmentofthismodel,asampleof30
completedbridgeswastaken.Fromtheseprojects,thebillofquantitieswascollected.Information
onthebillonquantitieswillbeusedtodeterminetheitemsthatcanpotentiallyaffectthedurationof
projects(Czarnigowska,2014;Labedz&Gray,2013;LeeLapira,Bagheri,&Kao,2013).
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Theworkitemsthatwereselectedasinputsareelementsofconstructionandcharacteristics
ofthebridges,andtheseelementsofconstructionrepresentworkactivitiesthathavebeenbilled.
Overall,11activitieswereselectedandanalyzedstatistically,whiletheitemsselectedfromthebill
ofquantitiesrepresent the independentvariablesandareanalyzed.Then,descriptivestatisticsof
meanandstandarddeviationarecalculated.Forthepurposeoftheanalysis,thescheduledandactual
completiondataweresecured.Theseparameterswillbeusedtocomparecalculatedpredictions.

Multipleregressionanalysis isgainingpopularityamongpractitioners,butscholarsuseit to
advancemodels topredictprojectdurations.Theformulafor thedurationestimation is identical
totheregressionformulausedincostpredictioninthepreviousexample.Inthiscase,thecostof
maintenancewillbereplacedbythe“T”fortimeduration:T=a0+a1x1+a2x2+a3x3+a4x4+…anxn + u.

“X”representstheindependentvariables,and“a”istheregressionparameter.
Theliteratureexplainstheeffectsofmulticollinearityandhowtodetermineifthemodelappears

reasonable.Multicollinearitycanbeaproblemwhentwoindependentvariablesprovideduplicated
informationtothemodel.Whenhighlycorrelatedindependentvariablesarepartofthemodelinputs,
thentheregressionresultscanbenegativelyimpacted.Thestandarderroroftheregressioncoefficients
isincreasedandimpactstheaccuracyoftheregressionmodel(Jarkas,2015;Loyd,2016).

Althoughtherearedisagreements,someresearchersarguethatiftheinflationfactorisgreater
than10betweentwopairsofindependentvariables,thentheseareregardedashighcorrelationor
multilinearity.Intheanalysisunderstudy,avariableinflationvalueexceeding2isenoughevidenceof
multicollinearity.Themodelunderexaminationconsistsof30completedprojectstodevelopproject
durationmodels;theregressionmodeldesignated80%oftheprojectsformodeldevelopmentand
20%tovalidatethemodel(Irfan,2013).

Forthe30projects,fourmodelsaredevelopedusingstepwiseregressiontoidentifythesignificant
variables.Theprocessidentifiedfoursignificantworkitemsfromthebillofitems.Also,themodel
selectedwillbetheonewithanR-squaredvalueclosestto1,whichindicatesthemostaccuracyin
predictingduration(Nani,2017).Thisresult,iflessthanzero,wouldsuggestthatourbestmodelhas
apercentageofvariancebetweenpredictedvalueandactualvalue.TheR-squaredistheproportion
oftotalvariationinthesignificantvariables.

Conversely,theR-squaredvaluewouldindicatethepercentageofvariationofthedependent
valuesthatareaccountedfor:1)materialtransportationandhandling,2)castinplaceconcrete,3)
weightofstructure,and4)underlaymentsubbase.Forthestandardizedcoefficientsofthemodelto
beconsideredsignificant,theirrespectivep-valuesmustbelowerthan.05.Thevarianceinflation
factoringoodmodels,accordingtoscholars,shouldbelowerthan2.Thisprocesswillconfirmthat
multicollinearitybetweenvariableswasremovedduringthestepwiseregressionprocess.Also,the
Rvalueofthemodelselectedmustbechecked,asitindicatestherelationshipsignificancebetween
thepredictingvariablesandthedurationofconstruction.Theresultisamathematicalexpressionto
estimatetime,“t”:

T=StandardCoefficient+BataCoefficientX(billofquantity)

Neural Networks and Duration Estimation
Artificialneuralnetworks,asmentionedearlier,aremathematicalmodelsthatusenodesasprocessing
unitsintheformoflayers.Asimplemodelwouldcontainthreelayers:theinputlayer,thehiddenlayer
andtheoutputlayer.Also,alllayersofnodesareconnectedwithweights(Afrifa,2013).Thenodevalue
andtheweightsareadjusteduntilthedesiredoutcomeisachieved.Thesignificantquantitiesobserved
duringtheregressionanalysiswillbeenteredastheinputlayer,thehiddenlayer,andinternallywill
representtheissueathand.Lastly,theoutputlayerwillprovidethetimedurationprediction.

Theartificialneuralnetworkdescribeditstermedmultilayeredperceptron,anditischaracterized
bycomprisingthreelayersofnodes.Furthermore,allnodes,excepttheinputlayer,areneuronsthat
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employanon-linearactivationfunction.Inthisperceptron,thequantityofhiddenlayerisdetermined
bytrialanderrorduringthemodeltrainingphase.Theneuronsinthehiddenlayer,alsocalledthe
blackbox,areactivatedbyapredeterminedfunctionandgenerateanoutput(Ahiaga-Dagbui,2013).

Theartificialneuralnetworkissensitivetotheamountofdatausedfortraining.Researchers
agreethattheabilityofthemodeltoaccuratelymakepredictionsisaffectedbytrainingdata.The
accuracyofthemodelcanbeassessedbycalculatingthemeanabsolutepercentageerror,MAPE.
Theproportionsfortrainingandtestingareconsistentwithproportionsusedbypreviousscholarsin
developingneuralmodels.Inthecaseillustratedinthispaper,22projectswillbeusedfortraining
and8forvalidatingthemodel.Thisrepresents75%and25%respectively.

Thehypothesesdevelopedforcomparingtheregressionandartificialneuralmodelareasfollows:

1).
H1:Thereisnosignificantdifferencebetweenactualmeanandpredictedduration
H11:Thereissignificantdifferencebetweenactualmeanandpredictedmeanofduration
2).
H2:Thereisnosignificantdifferencebetweentheplannedandactualdurationmeans
H22:Thereissignificantdifferencebetweentheplannedandactualdurationmeans

Theartificialneuralnetworkwasdevelopedusing22projects,and8projectswereusedfor
validation.Asintheregressionmodel,fourindependentvariableswereused:materialtransportation,
castinplaceconcrete,weighofstructure,andunderlaymentsubbasematerial.Atotaloffivemodels
aredeveloped,whiletheR,R-squared,MAPE,andaverageaccuracyarecalculatedtocomparethe
accuracyoftheartificialneuralmodel(Nani,2017).R-valueindicatesthestrengthoftherelationship
between thevariable and theoutcome, and theR-squaredvalue thedetermination.The selected
modelshouldhavethehighestaccuracylevelandthelowestmeanabsolutepercentageerror(MAPE)
(Asiedu,2017).

Simulation Techniques
Simulationmethodsinvolvemathematicalandlogicmodelsthatrelyon1)equationswithknownand
specificoutputvaluesand2)randomvariables.Theresultisagraphicalrepresentationofconstruction
activities(Chew,2017).Simulationisusedtostudytheinfluencethatvariablesoruncertaintieshave
onprojectplanning.Also,simulationcanbeapowerfultoolduringtheplanningstagesofaproject,
namely duration estimation, scheduling, cost estimating, risk assessment, and resource loading
(Jahangirian,2011).

Currently,theconstructionindustryreliesoncommercialcomputersoftware,suchasCristal
Ball,Innovaya,MonteCarlo,Revit,andBentley(Liozou,2013).Theseprogramsareusedtomodel
uncertaintiesandtohelpconstructionprofessionalsmakedecisions.TheMonteCarlosimulation
techniqueisoneofthepioneeringsimulationtoolsappliedintheconstructionindustry.Thesimulation
isbasedonprobabilitydistribution,andstatisticalsampling.

Furthermore,thismethodusesuncertaintiesasinputsandwillthenpredictdifferentscenariosof
riskbyrandomlyselectinginputstoestimateoutputsthatrepresentthedesiredsolutions(Grinstead,
2013).Intheplanningphaseofconstruction,thismethodcanbeusefultoestimateconstructioncost
and/ordurations.MonteCarloreliesonrandomsamplingtocalculatevaluesthatareplottedtoform
auniformdistribution.Inourstudy,constructionprojectvariablesareusedtogeneratevaluesfor
thevariable,andacomputerwillrepeatthisprocessmultipletimestodeterminethedistributionof
theproject(Potts,2011).

Another simulation method used in construction is 4-diamentional. The 4th dimension in
constructionmodelingistheschedule,allowingtheconstructiontobesimulatedbeforeactualproject
execution.Theliteraturestatesthatalthoughcostvaluescannotbelinkedtothemodel,thesimulation
oftimeprovidesfurtherinsighttomanagersduringtheplanningphaseoftheproject.Themodern
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computeraideddrawingallowsthecreationofmulti-layeredmodelsthatdisplaythedifferentbuilding
systems,suchasplumbing,electrical,andmechanical(Latiffi,2013).

RESEARCH METHoDoLoGy

Literature Review Research Approach
Twostepswentintotheliteraturereview.Steponeinvolvedsearchingforrelevantinformation,which
includedinputsfromkeywords.Steptwowasmorestructured,asitinvolvedtheuseofdatabases
andsearchstrongforthereviewprocess.Thetablesofcontentswerealsosearchedthrough,astwo
journalswereapplicable.

Part 1: Explorative and Unstructured Literature Review
Thisstudyaimstoreconsidercertainkeywords,sopublicationsthatreflectedthekeywordswere
assessed.Thisledto31applicablejournalarticlesand7books.Withthe38publications,thekeywords
werestudiedtobesearchtermsinthestructuredreview.

Part 2: Structured Literature Review
Ingeneral,thisstepinvolvedastructuredandsystematicapproachtoconductreviews,whichwas
takenfromotherliterature.Fourphaseswentintothisstep,asphaseoneentailedpreparationand
scoping.Phasetwowasthereviewplanning,andphasethreewasthesearch,evaluation,andselection
ofliterature.Phasefourentailedevaluatingtheliterature.

Thephase(1)reviewscopewasbasedonkeyconceptsonprojects,marketing,andstrategic
planning.Thisphasepromisedtoresultinadequatedatafromjournalsthatwouldcontributetothe
study.

Togainmoreinformation,phase(2)involvedconnectingotherconceptstothekeywords.Other
conceptswerethekeywordsandtheirrelationshipandinteraction.Someconceptsweretoovague,
suchassuccess,evaluation,andimpactbecausetheirresultswerenotpractical.

Then,phase(3)beganwithasuccessfulcompilationofapplicableresultsfrommanydatabases.
SomedatabasesincludedProQuest,BusinessSourceComplete,EBSCO,andScienceDirect.Asa
result,15conferencepapersand25resultswerefoundthatreflectedthejournals.Overall,40results
werecompiled,whichfeaturedconferencepapersandthejournalentries.

Thesearchendedwithlookingthroughthetablesofcontentsfortier1andtier2journals.These
journalswereacademicandpractitioner-based,asanypertinentarticlewasappliedthatmaynothave
matchedthekeywords.Below,Figure1illustratesthattherewerethreestreamstothesearchand
selectionphase:theexplorativeandunstructuredsearch,thestructuredsearchwithsearchstrings,
andthetablesofcontentssearch.

Applyingthethreestreamscondensedtheresultsto42publications.Withtheselectionprocess,
between24and18resultswerecollectedwithaconcentrationonresults fromacademic journal
articles,literaturereviews,conferencepapersandproceedings,andbooks.Triangulationmethods
wereutilized,whilethefirstselectionshouldindicatealinkbetweentheresultingpublicationsand
thekeywordstotheprojectresearch.Also,theevaluationwasexecutedwithinclusionandexclusion
criteriathathighlightedtheabstract,assomepublicationsusedtheintroductionortheentirepaper.

Forphase(4),thecollectedinformationwasorganizedintoaninductiveanddeductiveanalysis.
Thiswasthendocumentedwithasoftwarepackage,asthedeductiveanalysisinvolveddocumenting
the author’s university and country. To indicate the research genre, empirical research, theory
development, researchessaysand literature reviews,or thecategoryof “other”wereused.With
proofthatthepublicationsutilizedtheoreticalframeworks,thedeductivecodingwasadded.Such
frameworks included a research-based perspective and contingency theory. Lastly, there was an
indicationifthepublicationhadamodel.
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Agroundedtheoryapproachwasutilizedfortheinductiveanalysistocodepublicationswith
openandselectivecodes.Sincetheannualnumberofcitationswasthebasisofmostoftheselected
publications,olderagedpublicationswerebalancedout.Vitalliteraturereviewswereapplied,aswell
assomecurrentpublicationsthatcontributetothekeywordsresearch.

Furthermore,phase(4)involvedthecreationofcertainkeythemesbystudyingthelistofopen
codes.Thesewouldthenbecollectedintoaxialandselectivecodes.ThroughoutAprilandAugustof
2018,parts1and2oftheliteraturereviewtookplace.Also,therewasafinalevaluationperformed
duringthistimeforpertinentdataandhowtheyoverlap.

Thecollectionof thesepapershas revealed that thereare somekey themes sharedbetween
thevariables,concepts,andmodels.Byperformingastatisticalanalysisandinvestigationofother
variablesorfactors,thisstudy’sresearchconclusionsweregivenmoreweight.Thefollowingsection
includesTable1,whichincludesthe42studiesandkeythemes.

Assessingthe42studiesshowedthattheliteratureevaluatedthekeywordswithmanystatistical
methods that took relational and causal perspectives. This added significance to the research
conclusions, as well. In Table 2, the statistical methods for the 42 studies were summarized.
Additionally,Table3summarizesthefactorsorvariablesthatwereassessedinthejournals.

Thesubsequentsectionfeaturesthefindingsoftheresearchmethods.Thesefindingsarerooted
inthethemesandtopicsthatarefeaturedlaterwithinthisstudy.

FINDINGS

Thefindingssectionwillbeformattedinthecorrespondingorderwiththesectionsandtopicscovered
in the literature review sectionof this paper.Multiple regression andneural networksmodeling
techniqueswereappliedinconstructioncostestimation;regressionandneuralmodelsweretoestimate
projectdurations,andthentherewassimulationforcostmanagement.

Before discussing the results of the literature review, the data collection methods and the
instrumentsforcollectingdatawillbediscussed.Theexperimentsandstudiesreviewedforthisreport
collectedsampledatafrom1)billofquantitiesand2)costsindexdata.Therearealsotwoinherent

Figure 1. Research approach for literature review
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problemswiththesourceofthedata:1)inaccuracyofquantityinitialestimateand2)priceindexes
estimatedprobabilistically.

Constructionestimatesarenotaccurate,andthequantitiesrecordedonabillofquantitiesdiffer
from theactualvalues.The final costofprojects canbepredictedwithmoreaccuracy than the
componentsofthetotalcost.Literatureindicatesthatconstructionestimatesareincorrect17%of
thetime(Jarkas,2015).Thus,collectingandusingpoordataqualityaffectsthevariablesandinputs
thatareselectedfortheregressionandtheartificialneuralnetwork.

Estimatesinconstructionandotherproject-basedindustriescontinuetobeestimatesandnot
exactpredictionsofcostandduration.Traditionally,estimatorsaddasafetyfactortotheestimateas
contingency,butthiscontingencyisbasedontheestimatorsexperiencedandnotonactualproject
costrecords.Thispreciselyistheproblemthatstatisticaltoolsandconceptsaimtosolveforthe
constructionindustry.

Table 1. Identified studies from research approach by theme

Theme #1 Theme #2

Adjei-Kumi(2017)
Ahern,Leavy,&Byrne,(2014)
Arumugam,(2016)
Cova&Salle(2005)
David,David,&David,(2017)
Eskerod&Blichfeldt,(2005)
Galli&Kaviani,(2018)
Gallietal.,(2017)
Hartono,FNWijaya,&Arini,(2014)
Jarkas,(2015)
Xue,Baron,&Esteban,(2016)
Xue,Baron,&Esteban,(2017)
Andersen,(2014)
Schwedes,Riedel,&Dziekan,(2017)
Petruseva,(2013)

Afrifa,(2013)
Al-Kadeemetal.,(2017a)
Badi&Pryke,(2016)
Irfan,(2013)
Liu,(2012)
Medina&Medina,(2015)
Milner,(2016)
Parast,(2011)
Parker,Parsons,&Isharyanto,(2015)
Sosmez,(2010)
Sharon,Weck,&Dori,(2013)
Shenhar&Levy,(2007)
Yun,etal.(2016)
Gimenez-Espin,(2013)
Kwak,&Dixon,(2008)
Sutherland,(2004)
Wheaton,(2009)

Theme #3 Theme #4

Ahiaga-Dagbui(2013)
Arafa,(2013)
Cheng,(2010)
Detert,(2000)
Easton&Rosenzweig,(2012)
Elkassas,(2011)
Galli,(2018c)
Galli&Hernandez-Lopez,(2018)
Grinstead,(2013)
Jin,(2016)
Liozou,(2013)
Svejvig&Andersen,(2015)
Todorovićetal.,(2015)
Labedz,&Gray,(2013)
Olden,(2014)
Ontepeli,(2012)
Leeetal.,(2013)
Potts,(2011)
UsmanTariq,(2013)
VonThieleSchwarz,(2017)
Yamn,(2009)
Zwikael&Smyrk,(2012)

Ahmadu,(2015)
Asiedu,(2017)
Besner&Hobbs,(2012)
Brown&Eisenhardt,(1995)
Burnes,(2014)
Chew,(2017)
Czarnigowska,(2014)
Galli,(2018a)
Galli,(2018b)
Jahangirian,(2011)
Latiffi,(2013)
Xiongetal.,(2017)
Winteretal.,(2006a)
Loyd,(2016)
Marcelino-Sádabaetal.,(2014)
Mensah,(2016)
Nani,(2017)
Nagel,(2015)
Papke-Shields&Boyer-Wright,(2017)
Whyte,(2014)
Zhangetal.,(2016)
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Similarly,costdata indexesareprobabilisticallydetermined.Costsaredeterminedbasedon
representativesamples.Samplingerrorsareinherentinprobabilisticmethodsofestimation,sothere
isameasurablelevelofuncertaintyinthevariablesselectedformodeldevelopment.Sincethesame

Table 2. Systematic analysis results by statistical analysis method

Statistical Method Number of Articles (Frequency) Author(s)

Regression 17
(22.97%oftotalarticles)

Adjei-Kumi(2017)
Asiedu,(2017)
Chew,(2017)

Cova&Salle,(2005)
David,David,&David,(2017)

Detert,(2000)
Easton&Rosenzweig,(2012)

Elkassas,(2011)
Gallietal.,(2017)

Gimenez-Espin,(2013)
Irfan,(2013)
Loyd,(2016)
Nani,(2017)

Petruseva,(2013)
Sutherland(2004)

Xue,Baron,&Esteban,(2017)
Zwikael&Smyrk,(2012)

ANOVA 13
(17.57%oftotalarticles)

Afrifa,(2013)
Ahern,Leavy,&Byrne,(2014)

Ahiaga-Dagbui(2013)
Brown&Eisenhardt,(1995)

Cheng,(2010)
Galli,(2018b)
Galli,(2018c)
Latiffi,(2013)
Nagel,(2015)

Papke-Shields&Boyer-Wright,(2017)
Potts,(2011)

Xiongetal.,(2017)
Yun,etal.,(2016)

Q-Test 13
(17.57%oftotalarticles)

Arumugam,(2016)
Badi&Pryke,(2016)
Czarnigowska,(2014)

Grinstead,(2013)
Kwak&Dixon,(2008)

Jarkas,(2015)
Jin,(2016)

Labedz&Gray,(2013)
Olden,(2014)

Parker,Parsons,&Isharyanto,(2015)
Schwedes,Riedel,&Dziekan,(2017)

UsmanTariq,(2013)
VonThieleSchwarz,(2017)

t-Test 15
(20.27%oftotalarticles)

Ahmadu,(2015)
Andersen,(2014)

Arafa,(2013)
Besner&Hobbs,(2012)

Burnes,(2014)
Eskerod&Blichfeldt,(2005)

Galli,(2018a)
Winteretal.,(2006a)

Hartono,FNWijaya,&Arini,(2014)
Leeetal.,(2013)

Sharon,Weck,&Dori,(2013)
Shenhar&Levy,(2007)

Sosmez,(2010)
Yamn,(2009)

Zhangetal.,(2016)

Chi-SquareTest 17
(22.97%oftotalarticles)

Al-Kadeemetal.(2017a)
Galli&Kaviani,(2018)

Galli&Hernandez-Lopez,(2018)
Jahangirian,(2011)

Liozou,(2013)
Liu,(2012)

Marcelino-Sádabaetal.,(2014)
Medina&Medina,(2015)

Mensah,(2016)
Milner,(2016)

Ontepeli,(2012)
Parast,(2011)

Svejvig&Andersen,(2015)
Wheaton,(2009)
Whyte,(2014)

Todorovićetal.,(2015)
Xue,Baron,&Esteban,(2016)
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datasampleswereusedtodeveloptheregressionandneuralnetworkmodels,theeffectsofstandard
errorwillimpactthepredictiveaccuracyofbothmodels.

Table 3. Systematic analysis results by number of variables studied

No. Factors Studied Number of Articles (Frequency) Author(s)

1 14
(18.92%oftotalarticles)

Andersen,(2014)
Arafa,(2013)

Besner&Hobbs,(2012)
David,David,&David,(2017)

Galli,(2018b)
Grinstead,(2013)

Latiffi,(2013)
Leeetal.,(2013)

Medina&Medina,(2015)
Nagel,(2015)

Papke-Shields&Boyer-Wright,(2017)
Sutherland,(2004)

VonThieleSchwarz,(2017)
Yunetal.,(2016)

2 14
(18.92%oftotalarticles)

Afrifa,(2013)
Ahiaga-Dagbui(2013)

Ahmadu,(2015)
Al-Kadeemetal.,(2017a)

Brown&Eisenhardt,(1995)
Cheng,(2010)

Elkassas,(2011)
Galli&Hernandez-Lopez,(2018)

Jahangirian,(2011)
Jarkas,(2015)

Shenhar&Levy,(2007)
Sosmez,(2010)

Petruseva,(2013)
Xue,Baron,&Esteban,(2016)

3 17
(22.97%oftotalarticles)

Arumugam,(2016)
Badi&Pryke,(2016)

Chew,(2017)
Czarnigowska,(2014)

Eskerod,&Blichfeldt,(2005)
Gallietal.,(2017)

Gimenez-Espin,(2013)
Irfan,(2013)
Liu,(2012)

Loyd,(2016)
Marcelino-Sádabaetal.,(2014)

Mensah,(2016)
Nani,(2017)

Svejvig&Andersen,(2015)
UsmanTariq,(2013)
Winteretal.(2006a)
Zhangetal.(2016)

4 11
(14.86%oftotalarticles)

Adjei-Kumi(2017)
Ahern,Leavy,&Byrne,(2014)

Detert,(2000)
Easton&Rosenzweig,(2012)

Galli,(2018a)
HoonKwak&Dixon,(2008)

Labedz&Gray,(2013)
Parast,(2011)
Potts,(2011)

Todorovićetal.,(2015)
Zwikael&Smyrk,(2012)

5 9
(12.16%oftotalarticles)

Asiedu,(2017)
Burnes,(2014)

Cova&Salle,(2005)
Galli,(2018c)

Jin,(2016)
Liozou,(2013)

Sharon,Weck,&Dori,(2013)
Wheaton,(2009)

Xue,Baron,&Esteban,(2017)

6 10
(13.51%oftotalarticles)

Galli&Kaviani,(2018)
Hartono,FNWijaya,&Arini,(2014)

Milner,(2016)
Olden,(2014)

Ontepeli,(2012)
Parker,Parsons,&Isharyanto,(2015)
Schwedes,Riedel,&Dziekan,(2017)

Whyte,(2014)
Xiongetal.,(2017)

Yamn,(2009)
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Themainresultsoftheliteraturereview,relatedtothehypothesisstatement,indicatethatstatistical
analysistoolscanbesuccessfullyintegratedintotheplanninglifecyclestageofconstruction.There
aredisadvantagesfoundinrandomsampling,suchassamplingbias,inwhichsomedatapointsare
lesslikelytobeselectedduringsampling.Nevertheless,statisticaltoolscanbeappliedtoengineering
managementandprojectmanagementfields.

Furthermore,intheliteraturereview,theauthorsdemonstratetheleadingstatisticalmethodsused
inconstructionforcostanddurationestimation.Moreover,theauthorsdemonstratetheperformanceof
eachmodelingtechniqueandrankthepredictiveaccuracyofeachmodelingtechniques.Theliterature
arguesthatartificialneuralmodelshavesuperiorpredictiveaccuracyovermultipleregression.

The inability to explain or to trace the steps of the hidden layer creates skepticism among
practitioners,whichaffectstheacceptanceoffindings,itsimplications,andthepracticalapplication
in the field.Thehidden layer canapproximate the statistical algorithmor function,but the link
betweentheweightandthenode,ortheaxonandtheneuron,cannotbestudied.Thus,noinsightis
gainedconcerningtherelationshipbetweentheinputvariablesandtheoutputs.Twodistinctartificial
neuronmodelscanproducethesameresult,buttherearedifferentconnectionweights.Theinability
toproduceaformulaorequationthatwillalwaysproducethesameresultisproblematic.Below,
Table4andFigure2showthecalculatedaccuracyofthecostestimatingmodelsdeveloped:

Table 4. Accuracy of cost estimating models

MPE Standard Deviation

Multiple Regression Training -0.02 1.67

Testing 1.28 1.77

Neural Network Training -0.01 0.38

Testing 0.18 0.31

Figure 2. Multiple regression vs. neural networks
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Inourcostpredictionstudies,themeanpercentageerrorinthetestingstagefortheneuralnetwork
wassignificantlylowerthanthatofmultipleregression.Themeanpercentageerrorforregressionis
1.28comparedto0.18oftheneuralmodel.Itisdemonstratedbythisliteraturereviewthatartificial
neuralmodelsnotonlyworkwellinpredictingcost,buttheyalsodisplayhigherpredictiveaccuracy.
Inourstudy,theneuralnetworkcanpredictcostwithanaccuracyof99.8%(Whyte,2014).

Intheliteraturereview,wediscussedtheimportanceofrankingtheindependentvariables,such
thatonlycostsignificantitemsareselectedasinputs.Giventheaccuracyofthedevelopedmodel,the
literaturedemonstratescostitemsselectedassignificantareinfluencingtheoutputvalues.Inother
words,presumedcostsignificantitemsinfluencethelifecyclecostofbuildings.

Intheregressionmodel,thestepwisemethodwasappliedtotheinputvariablestoselectthose
influencingthemodel.Also,theaimofthestepwisemethodistooptimizethemodel.Thep-value
foreachvariableisdetermined,andthevalueofcoefficientofcorrelationiscalculatedtodetermine
therelationshipstrengthbetweenvariables.Alowvaluemeansalowassociation.Also,avaluethatis
greaterthanzeromeansthatthevariableisbothsignificantandpositivelyassociatedtotheoutcome.
Asthevalueoftheindependentvalueincreases,thevalueoftheoutputisalsoaffected.

Consequently, the best regression model is identified. The literature indicates that the most
accurateregressionmodelhasameanpercentageerrorof1.28,comparedtothesamestatisticfor
theneuralnetworkmodel,0.18.Thisresulttellsusthattheregressionmodelcanpredictthelife
cyclecostofbuildingswithanaccuracyof98%.Despitetheevidencethatartificialneuralmodels
aremoreaccuratethanregressionmodel,theresultsconfirmtheadequacyofstatisticalmodelsin
thepredictionofprojectcosts.Therefore,thenullhypothesisisrejected,asthereisadifferencein
thepredictiveaccuracyofthetwomodels.

H0:Noaccuracydifferencebetweenthetwomethods-REJECTED
H1:Thereisadifferenceinaccuracybetweenthetwomethods

Overall,ourstudyconstitutedfourmodelsforthemultipleregressionanalysisandfivemodels
fortheartificialneuralnetworkanalysis.Thestepwisemethodwasusedtodeterminetheaccuracy
oftheregressionmodels.Aftertheprocess,regressionmodelfourwasselected,asithasacalculated
R-squarevalueof0.71.Thisvalueishigherthanmodels1,2,and3,anditrepresentsthepercentage
ofvariancethatisexplainedbythemodel.TheselectedmodelalsohasacalculatedRof0.84,while
thecalculatedR-valueconfirmsthesignificanceofthepredictorsusedtobuildthemodel.Thus,
theinputvariablesdoinfluencethedurationofprojects.Table5,below,summarizestheR-squared
valuesforeachofthemodels.

ThefourregressionmodelsunderconsiderationhaveameanandmedianR-squaredvalue0f0.53,
whichmeansthatonaverage,thelevelofaccuracyofthefourmodelsconsideredisapproximately
50%.Thestandarddeviationis0.15,whichrepresentstheextentofdeviationforthegroupofmodels.
ThemodelwiththeleastaccuracyhasanRsquarevalueof0.36,andthehighestwastheselected
model,modelfour.

The difference between the actual value and the predicted value show no indication of
autocorrelation,asthestudyshowsthatthevariationinflationfactorforallmodelswaslessthan
2.Variationinflationmodelswithvalueslessthan2areassumedtohavenocollinearity,andthat
predictor isnot influencingeachother.Amodelwherecollinearitybetweenvariablesexistswill
exhibitahighvariance.Variablesfoundtohavealinearrelationshipwereeliminatedfromthemodel
duringthestepwiseprocess.Table6highlightstheR-squareddescriptivestatisticsforthismodel:

In thecaseofneuralnetworkmodels, fivemodelsweredeveloped.Theaimis toselect the
modelwiththeMAPEclosesttozeroandthehighestpercentageofaccuracy.TheMAPEscorewas
asfollows:6.6,4,4.6,5.8,and7.9formodels1,2,3,4,5,respectively.Also,thevalidationtestwas
26.8,26.0,27.7,27.7,and26.1formodels1,2,3,4,5,respectively.
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Fromtheresults,wecanseethatmodeltwohasthelowestMAPEscore,soitwasselected.
However,modelsthreeandfourindicateahigherpercentageofaccuracy,whilemodeltwoisselected
based on MAPE criteria. The selected model has an R value lower than the other four models
considered.Thisindicatesthatvariablesinmodelsnotselectedhaveastrongerrelationshipwiththe
outcomevalue.

DISCUSSIoN

Implications to the Field of Engineering Management and Project Management
Costanddurationestimatinghasalwaysbeenachallengingtaskintheplanningphaseofconstruction
projects.Poorestimatesleadtocostoverruns,andthedilationofprojectschedulesimpactsproject
successandinvestor’sprofits.Planningistheroadmaptoprojectsuccess,butifplanningisnotdone
properly,thentheroadmapcanleadtoprojectfailure.Also,resourcemanagementisparticularly
impactedbypoordurationandcostestimation.

Theindustryhassystemsandmethodsinplaceforschedulingandestimatingprojectcosts.Large
amountsof timeandresourcesareallocatedtoschedulingandestimatingprojects.However, the
resultsobtainedthroughsuchmethodslacktheaccuracyneededforcapitalbudgetingandinvestment
decision-making.Investors,owners,endusers,andmanagingteamsareaffectedbytheinaccuracy
ofprojectscheduleandcostestimates.

Thisliteraturereviewdemonstratesthattheindustrycanbenefitfromutilizingstatisticaltoolsand
conceptsinestimatingcostanddurationofprojects.Multipleregression,artificialneuralnetworks,
andconstructionsimulationaremodelscapableofpredictingconstructioncostanddurationwith
high levels of accuracy. The literature demonstrates that regardless of neural networks superior
predictiveaccuracy,bothmethodsperformwellandprovidehigh-levelconfidenceestimatesand
accuratepredictions.

Furthermore,theliteratureprovidesstep-by-stepinstructionsonhowtobuildworkingmodels
formanagersandadministrators.Theliteraturepresentsthetwospecificmethodsforcollectinginput
variables,namelybillofquantitiesandcostsignificantitems.Thebillofquantitiescanbeobtained

Table 5. Summary of R-squared values for each model

Model R-Square

1 0.36

2 0.47

3 0.58

4 0.71

Table 6. R-squared descriptive statistics

R-Square Descriptive

StandardDeviation 0.15

          Mean 0.53

          StandardError 0.08

          Median 0.53
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fromcostrecordsofcompletedprojects,andsurveyingconstructionprofessionalsandprojectteams
canprocurefrompublishedcostindexdataorthesignificantcostitems.

Oneissuethatconstructioncompaniesfaceispoordatacollectionandrecordkeeping.Companies
typicallydisposeofprojectrecordsaftercompletion,andtherecordskeptduringtheprojectarenot
alwaysrepresentativeofrealconditionsandcosts.Pricesaretypicallysetbasedonnegotiationsorthe
estimator’sexperience,ratherthanquantitativemathematicalapproaches.Thisculture,coupledwith
antiquatedestimatingmethods,hasanegativeimpactontheaccuracyofdurationandprojectcost.

Furthermore,theaccurateestimationofquantitieshasitssetofchallenges.Anaccurateestimation
ofquantitiesisdependentonthequalityandlevelofdevelopmentofthedesigndocuments.Although
therearecommercialcomputerprogramsdedicatedtoconstructionestimation,theimplementation
oftheseprogramsremainslow,duetocostandlevelofskillrequiredandculture.

In the literature, the authors illustrate methods and techniques for designing a predictive
model.ThestepwiseconceptandDurbinWatson’sstatistictoaddressissueswithcorrelationand
multicollinearityarecovered.Theadvantagesofdevelopinganequationthatcanbeusedforestimating
costandprojectdurationcanbeofstrategicvalue.Predictingeventsaccuratelyduringtheplanning
phaseisvitalforprojectstoachievemilestonesandtargetedbudgets,whichwilloptimizeresource
allocationandinvestmentplanning.

Themodelsstudiedinthispapercanbeusedbyprojectmanagersforpredictingtheduration
andcostofconstructionprojects.The literaturedemonstrates thatprojectdurationsstipulated in
contractdocumentsdeviatesignificantlyfromtheactualduration.Thescholarsrecommendusing
theestimatedquantitiesoncetheprojectisreadyforbidding.However,theproblemwithinaccurate
quantitytake-offsandunitpricescanaffecttheinputsusedformodeldevelopment.Nevertheless,
theresearchdemonstratesthatstatisticalmethodsareeffectiveandcanbeintegratedintheplanning
phaseofprojectlifecycle.

Themultipleregressionmodelappearstobethemostuser-friendlychoice,sinceoncethemodel
isdeveloped,thenonlythevaluesforsignificantitemsareneededforapredictiontobemade.The
applicationofneuralnetworksrequirestheuseofacomputerandanoperatortoenterthesignificant
itemsandtorunthesimulationsuntiltherequiredprojectdurationiscreated.Multipleregressingis
amoreaccessibletool,andtheresultsareverysimilar.

Scholarssuggestthatregressionmodelsbereplacedbyartificialneuralnetworkmodelsbecause
forhigheraccuracy.Also,neuralmodelscanhandlealargernumberofinputs,whereastheregression
modelequationmaybecometoocomplexwithanincreasingnumberofcostfactors.Moreover,the
relationshipbetweenvariablesmustbeanalyzedpriortodesigningthemodel,addingtothecomplexity
oftheproblemifalargenumberofvariablesarebeinghandled.

Thestudydemonstratesthatbothmodelsarecapableof identifyingthesignificantvariables
affectingcostandduration.Theimportantfactorsidentifiedbytheauthorsinthepapersreviewed
match those identifiedbyother researches inprevious studies.The literaturealsopointsout the
opportunityestimateofaproject’slifecycle,takingintoaccounttaxes,inflation,andothernon-cost
factorthatinfluencethetotallifecyclecostoftheasset.Anaccurateselectionandspecificationof
materialsduringplanningstagecantranslateintofuturesavingsaccruedduringthelifeoftheasset.

Additionally, the implicationsof thisstudy inprojectmanagementareprofound.Effectively
integratingstatisticaltoolsandconceptsintotheplanningphaseoftheprojectlifecyclecanchange
currentpractices.Theimplementationofstatisticalmodelsincostanddurationestimationcanhelp
intheoptimizationofprojectmanagementanddelivery.Thus,statisticalmodelswillincreasethe
capacityofmanagersandfirmstohandlemorecomplexprojects.Goodplanningtranslatesinthe
effectiveuseofresources,namelytimeandmaterials.

organizational Implications
Throughstudyingtheacquiredskillandmanagementstrategiesfromthesevariables,concepts,and
models,itisseenthattheyareusefultoolsforbusinessprojectsandprojectmanagement.Furthermore,
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theyencourageteamworkskills tobetterachievecompanygoals,sotheyaremorevaluablethan
currenttechnologyforprojectsormanagement.Withintheresults,itisemphasizedthatstrategic
planningisimportant.Thisincludesatop-downandbottom-upapproachfromleadership,especially
withprojectmanagement,operationsmanagement,andprocessimprovementelements.

Also,thisstudyindicatesthatcurrentorganizationalproblemsarederivedfrompoorleadership
skills,asonlyhavingabottomlinefocuscanbedamaging.Long-termproblemscanarisebyonly
focusingonprofitsandcosts.Thus,thenecessarytoolsandinformationisneededforsupervising
projectmanagementandoperationalperformance.Havingonlyafinancialfocusisnotasbeneficial
as managing multiple business elements, such as operations, project management, financials,
performance, strategy, and human resources. As a result, multiple organizational elements will
improve,includingperformance,profits,andcosts.

Managerial and Team Implications
Theprimaryimplicationfromthisstudyisthattheresultsevaluatethevariables,concepts,models,
andtheirrelationshipinanovelway.Thisnewapproachaimstofillaknowledgegapinresearchby
evaluatinghowthevariablesandtheirrelationshipaffecteachotherandoutsideelements.Abusiness’
performanceandeffectivenesscanbeimpacted,sousingthesevariablesinthebestwayisimportant.

Secondly,anoutlinecanbederivedfromthisstudyforbusinessprojectsandperformances.
Havingabetterunderstandingoftherelationshipbetweenthesevariablescanyieldbettermanagement
performances.Businessleaderscanthengeneratemorecomprehensiveconstructstomentorteamsto
findtheirshortcomingsandperformancegaps.Thus,teamscanfindwaystoavoidtheseshortcomings
forbetterperformances.

Thirdly, this study reveals how businesses can benefit from a more comprehensive training
programtoimproveprojects,performances,andoveralleffectiveness,especiallyforprojectteams,
projectleadership,andorganizationalleadership.Inthisstudy,theycanfindwaystoevaluatethe
performanceofateam,project,orbusiness,soastomeasurethemagainststandardandindustry
acceptedmodels.Also,leaderscanfindwaystobettermanageteamsandprojectstorevealhowteams
andprojectsinfluenceoverallperformanceandeffectiveness.

Applications to the Field of Engineering Management and Project Management
Thetechniquesandmethodsdiscussedinthispaperhavemanyapplicationstothefieldofproject
management,particularlyintheplanningphase.Ofthefivephasesintheprojectlifecycle,planning
andmonitoringareofgreatimportance.Twocomponentsoftheplanningphasethatwereinvestigated
inthisliteraturereviewwerecostanddurationestimation.Thesetopicswereselectedbecausethey
playanessentialroleinthesuccessofprojects.

Projectmanagersfacechallengeswhendevelopingprojectdurationschedulesandcostestimates,
sotheytypicallyrelyonreportsandadvicefromconsultants.However,theseschedulingandestimating
consultantsarenotcontractuallyboundtotheaccuracyoftheirestimates.Estimatesarereportedtobe
30%offtargetthemajorityoftimes.Toaccountforthisvariation,contingencymoneyisaddedtothe
estimate.Inthecaseofdurationestimates,consultantsarbitrarilydeterminethedurationofprojects.

Furthermore,projectmanagersandotherpractitionersaccuratelyestimatethecostandduration
ofprojectswithmultipleregressionandartificialneuralmodels.Theycandothisbydeveloping
equationsandmodelsforeachprojecttype.Managershavethenecessarytoolstoidentifysignificant
costfactorsthatcanbeusedasinputsforpreliminaryexperimentation.

Independent variables can be obtained from the project’s schedule of values; this schedule
providesabreakdownofconstructioncostbycategory.Also,thesecategoriesaretakenfromthe
constructionspecificationsinstituteandarerelatedtoconstructioncomponentsofaproject,such
asmetals,thermalprotection,conveyingequipment,andearthwork.Thesesectionscanbeusedas
startingpointsforselectiondependentvariables.



International Journal of Applied Industrial Engineering
Volume 7 • Issue 1 • January-June 2020

21

Oncevariablesofinterestareidentified,managerscanbeginexperimentingwithcostandduration
models.Thestepwiseprocessvariablesthatarenotsignificantcontributorstoeithercostorduration
canbeeliminated.Theliteratureofferstechniques,suchasthestepwisemethod,todeterminehow
muchtheinputvariablehasontheoutputvariable.Toperformthisstep,managersneedtocalculate
thep-valueforeachvariable.Ifthevalueishigherthan.05,thenthevariableisconsiderednon-
significantandiseliminated.Overall,theresultingmodelshouldbeaworkingmodelthatcanbe
usedbyprojectmanagerstopredictcostandduration.

For the traditionalconstructionfirms, Isuggest theuseof themultiple regressionmodeling
technique because it can be computed and programmed using excel or a basic calculator. Once
anequationisdeveloped,thenadjustmentscanbemadeasvariablechangeovertime.Foramore
sophisticated firm, I suggestusingneuralnetworkmodel.Also, for the implementationof these
models,computersandaprogramareneededtoperformtheiterationsproducesanoutput.

Constructionsimulationisatechniquereviewedintheliterature.Therearecommercialcomputer
programsavailableforconstructionsimulation.Thiscanbeapowerfultoolfordesigners,managers,
andbuilders,asitallowsteamstoexecutetheprojectvirtuallyandtogaininsightaboutconstructability
issues.Thetooliscurrentlyusedforestimating,logisticsplanning,andriskanalysis.

The simulation approach can be useful in communications management because it allows
stakeholderstovisualizetheconstructionprocess.Thisvisualizationcanprovidestakeholderswith
theinformationrequiredtomakeprojectdecisions.Improveddecision-makingduringthedesign
phasecanreducethecostofconstructionerrorsandrework.Thesimulationofconstructioncanhave
apositiveimpactonconstructionandsitemanagement.Also,thebenefitsofsimulationcanbeshared
bydesigners,owners,andbuilders,assimulationcreatesaplatformforcollaboration.

Engineersrequiremoreattention,aswell.Thejobofengineersusedtoinvolveproblem-solving
withmathandtechnology,buttheynowprovidestakeholderswitheconomicallyviablesolutions.
Thesevariables,theirconcepts,andmodelsareundoubtedlyvitalforengineeringdecisions,asa
productmustbecreatedoneconomicallysoundmanufacturingtosucceed.Businessmanagement
andmaturitymodelscanhelpengineerstofindtechnicalknowledgethatcanhelptheirinvestors.

According to research, these models can identify certain project elements from a business
perspective. This study takes an engineering perspective to also address pure engineering filed
techniqueslikebudgeting,equipment,andpurchasingmaterial.TheIE/EMprofessionandresearch
fieldheavilyreliesonprojectmanagementandoperationalperformance,asleanthinkingisnotalways
theanswer.Asaresult,thesevariables,theirconcepts,andmodelsarebestusedtocreatedifferent
environmentsinthisprofession.However,thestructuralorientationofascopecanmakethosewithin
IE/EMcreatetherequiredscopesofinterestateachlevel.Astrategycanonlycomefromapplying
theconcentrationsneededforeveryinterestlevel.

Also,stakeholders,suchassystemengineers,projectmanagers,andotherswithin industrial
engineering and engineering management, can find information on applying maturity to project
management.Stakeholderswillalsobeguidedtocapitalizeontherolesofsystemengineeringand
projectmanagement,sotheirsuccessratewillincrease.

CoNCLUSIoN

Recommendation for Future Research
Theseresearchfindingsshouldbedonetoimplementpredictivemodelsinconstruction.Also,research
shouldinvestigatethedegreeofvarianceinconstructionquantityestimations.Thisisimportantbecause
estimatedquantitiesandcostwillthenbecomeinputsforpredictivemodeling,sothequalityofthe
independentvariablesisessential.Forfutureresearch,itcanbestudiedhowthesevariables,concepts,
andmodelsrelatewithinotherenvironments,suchasotherindustriesandmanagerialsettings.This
canrevealanybenefits,detriments, impacts,outsideinfluences,andoutsideperspectives.Future
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researchcanalsoassesstheorganizational,strategic,orculturalperspectivesonthistopictofind
howculture,strategy,humanresources,andoperationsinfluencethesevariables.

Limitations
Theprimarylimitationofthisresearchisthequalityofthedatausedfordevelopingthemodels.The
errorsinthedatacollectedarenotaccountedforintheexperiments.Further,thefindingsofthis
studypertaintocommercialconstruction,primarilyinthepublicsector.Asecondarylimitationisthe
limitedavailabilityofrelevantliterature.Althoughthefindingscanbeappliedtoanyproject-based
company,theliteraturereviewappliestoconstructionprojectsandtothelifecyclecostofcompleted
projects.Hence,thisstudyissomewhatlimitedtothepredictionofcostanddurationofcommercial
constructionprojects.

Additionally,thisstudyislimitedbyasmallsamplesizethatonlyaddresseskeyfactorswithin
them.Thus, there isbiasandvalidity thatcouldbeavoidedwitha largersamplesize.Since the
studyonlyassessescertainkeyfactorsandtheirrelationshipfromaprojectenvironment,thenthe
conclusionsandanalysiscanonlyapplytoprojectenvironments.Thefindingsarealsonotapplicable
tosupplychainmanagement,operationsmanagement,strategicmanagement,andmore.Asaresult,
thefindingscannotbedeployedtootherindustriesormanagerialsettings.

Conclusion of Research
Decision-makingbecomesdifficultwhenthereislimitedinformation.Predictingtheoperatingcost
ofabuildingwillimpactthechoiceofmaterialsandspecificationsfortheprojectduringtheplanning
phase.Thefirststeptowardsdevelopingamodelistheidentificationofsignificantvariables.Also,
regressionmodelscannotselectthemostaccuratedesignmodelandcanbecomecomplexwithan
increasingnumberofinputvariables.Ontheotherhand,neuralnetworkscanhandlemanyvariables.
Althoughtheresultsidentifytheartificialneuralnetworkasthebestmodel,multipleregressioncan
bemorepracticalforprojectmanagement.

Furthermore,thestepwisemethodiscriticalindevelopingaregressionmodelbecauseithelps
theestimatortoranktheinputvariablesinorderofimportance.Thegoalistoidentifythepredictors
thatwillbeusedtodevelopthemodel.Theimplementationofthemodelsdiscussedinthisliterature
reviewisrecommendedtoprojectmanagers,designers,andowners.Also,theresourcesreferenced
inthisstudycandevelopmethodologiesforreal-worldscenarios.Statisticaltoolsmayrequirealevel
ofunderstandingthathasnotbeenobservedinconstructionfirms.Constructionplanningcanbenefit
fromapplyingstatistical tools,as informationcanbegained incostestimation,projectduration,
constructability,andriskanalysis.

Overall, project management professionals are ambassadors for the implementing new
technologies.Thebestwaytopromoteinnovativeestimatingtechniquesistousethemwithinforums
and professional organizations. Thus, stakeholders can greatly benefit from statistical tools and
simulationduringtheplanningandmonitoringphasesoftheprojectlifecycle.
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