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ABSTRACT

Theearlyarchitecturaldesigninvolves themostsalientdecisions.However,becauseof thelarge
amountofvariance,thedecision-makingishighlyarduous.Thisarticlepresentsamethodologyto
enablethemosteffectivedesignvariablestobeselectedwithinthemosteffectivevaluerangeby
presentingamethodthatallowsthemeasurementofoutputuncertaintydependingontheimpact
ofdesigndecisionsonoutputs.Themethodologywastestedwithdifferentbuildingfunctionsand
climateregionsusingtwo-phasesensitivityanalysis.Thevaluesofdesignvariablesweregenerated
withquasi-randomsampling.Theyweresortedwithfactorprioritization.Ineffectivevariableswere
eliminatedwithfactorfixing.Advancedglobalsensitivityanalyseswereperformedforthetotaleffect.
Factormappingwasappliedwith theoutputweighting.Theresultswerepresentedwithparallel
coordinateplot(PCP).ThedesignerscanmakeselectionsfromalternativeswithPCP.Finally,the
studydemonstratedhowclimateandbuildingfunctionsshouldbeconsideredforbuildingperformance.

KEywoRDS
Early Architectural Design, Building Function, Cooling Energy, Decision-Making, Global Sensitivity Analysis, 
Heating Energy, Overheating Degrees, Performance-Based Design, Quantitative Analysis

INTRoDUCTIoN

Inrecentyears,theperformance-basedarchitecturaldesignapproachhasbecomesignificantbecause
ofclimatechangeimpacts.Themaincausesofclimatechangearetheincreaseinenergydemand
duetoindustrialization,therapidgrowthofurbanareas,andincreasedfossilfueluse(Mumovic,
2009).Thus,thedesignprocessneedstobeenergyefficientusinganalyticalobservationstoapply
betteradaptationstrategiesagainstclimatechange.Althoughthebuildingdesignandconstruction
processinvolvemanystakeholders,themostcriticalinfluencebelongstothearchitects.Althoughthe
designersareresponsibleformakingimportantdecisionsregardingthebuildingenvelopeandplan
scheme(Granadeiroetal.,2013),manyofthemfallshortofperformance-baseddesignandfailto
grasptheprocess’sadvantages(Morbitzer,2003).Duetotheperformanceimprovementsrequested
orneededinarchitecturalprojects’proceedingstages, thedesignprocess’searlystagesareoften
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returned.Thissituationcauseslossesoftimeandmoney(Hienetal.,2000).Figure 1pointsout
thatthemostsignificantinfluenceonbuildings’energyperformancecomesfromtheearlydesign
process(Attiaetal.,2012).Forinstance,improvementsintheorientationofopeningandbuilding
envelopedesigncanreducethebuilding’senergydemandby40%(Wangetal.,2005).Forthisreason,
theimportancegiventotheearlydesignstagesshouldbeincreasedbydoingtechnicalreviewsto
understandbettertherelationshipbetweendesigndecisionsandbuildingperformance,e.g.,building
energysimulations,statisticaldatareview.

Theperformance-basedarchitecturaldesignallowsthedesignertoachievebetterenergyuseand
environmentalperformance.Becausethedesignercanquantifyandvisualizethebuildingperformance.
As an example methodology for performance-based design, genetic optimization algorithms are
frequentlyusedamongdesigners(Kampf&Robinson,2010;Konisetal.,2016).Theoptimization
processleadstocreatinghigh-performancedesignsolutionsbyautomatingthedesignprocess.Inthe
process,thedesigneronlyeditsthevaluerangesandconstraintsofthedesignvariables.Nevertheless,
thedesignergainsalimitedunderstandingoftheestablisheddesignsolution’sreasonsbecauseof
point-basedperformanceestimation.Therefore,thisapproachfallsshortofmeaningfulevaluation
ofalternativesinearlyarchitecturaldesign.Anexcellentsolutiontothisproblemcanbefoundin
statisticalsamplingmethodstoanalyzetheprocess’suncertaintyandprovideapowerfulalternative
to quantifying the relationship between design variables and performance outputs (Hemsath &
AlaghebandBandhosseini,2015).

Thisstudyusesthesimulation-basedmethodologyinastatisticalanalysisframeworkforanearly
architecturaldesignfeedbackmethodologybyreachingquantitativeresultsofbuildingperformance
results.Thebuildingenergysimulationsarepracticalformorerealisticdecision-making(Morbitzer,
2003).However,energysimulationsshouldbeproactiveforgivingfeedbackaboutdesignvariations
(Attiaetal.,2012;Kanters&Horvat,2012;Rights,2016).Unfortunately,mostenergysimulation
toolscannotinvestigatetherelationshipbetweenbuildinganddesignvariablesinaproactiveway(Y.
Yildizetal.,2012).Therefore,inthisstudy,theauthorssuggestusingstatisticalsensitivityanalysisfor
proactiveanalysis.Asystematicliteraturereviewwasconductedofstudiesthatstatisticalsensitivity
analysiswasproposedasananswerbymeasuringtheoutputuncertaintyanddemonstratedtheimpact
(i.e., effect)of thedesignvariables (i.e., independentvariable)on theperformanceoutputs (i.e.,
dependentvariable)forunbiaseddecision-making(DeWit&Augenbroe,2002;O’Neill&Niu,2017;
Østergårdetal.,2015;RuizFloresetal.,2012).Consequently,designerscouldhavethepossibility
toreacheffectivedesignvariableselectionusingperformanceoutputresults.

Theuncertaintyanalysis is an important issue for theearlydesigndecision-makingprocess
(Macdonald,2002).Thus,SensitivityAnalysis(SA)isavaluableoptiontoquantifythenon-linear
relationshipbetweendesignvariablesandperformanceoutputs.Theframeworkiscapableofin-depth
explorationofthemodelattitudebyscanningforallinputs’variationstomeasureeachvariable’s
influenceondefinedmodelperformanceoutput(s) (Firth et al., 2010; Iooss&Lemaître, 2015).
Previousstudieshaveshown thatdifferentSAmethodsareapplicable tocomputeuncertaintyof

Figure 1. Representation for the relationship between the effectiveness of the decisions and the lifetime of the building
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thedependentvariables,i.e.,screeninginputs(Alametal.,2004),meta-modelingbyreducingthe
complexityoftheenergymodel(Topcu&Ulengin,2004),robustnessframework(Burhenneetal.,
2011).

SAiscapableofidentifyinga-prioriinfluenceandrankthesensitivityoftheindependentvariables.
Itispossibletoinvestigatethe‘What-if’questionbymeasuringtheindividualandtotalimpact(Struck
etal.,2009).Thus,thetechniqueiscommonlyusedamongdesigners(Kristensen&Petersen,2016;
Sun,2015).SAmethodsareclassifiedintotwoways,i.e.,localsensitivityanalysis(LSA)andglobal
sensitivityanalysis(GSA)(Hemsath&AlaghebandBandhosseini,2015).LSAperformsbetterforthe
detectionoftheuncertaintyoftheinputvariablesaroundaspecifiedpoint.However,itisinefficient
toquantifytheinteractionbetweenindependentvariables(i.e.,totaleffect).Aconsiderableamount
ofliteraturehasbeenpublishedonLSAimplementationonbuildenergymodeling(Rasoulietal.,
2013).GSAcouldscanthewholeinputsetintermsofdependentvariableactivity,whichcontainsan
explanationforindividualimpactandtotaleffect(Saltellietal.,2007).Themethodologyfrequently
isusedforearlydesignbuildingenergymodels,whichscorethetotaleffectofindependentvariables
(Menbergetal.,2016).UnlikeLSA,allselectedinputvariablesareanalyzedsimultaneouslyinthe
statisticalanalysisprocess(Kristensen&Petersen,2016).Alargevolumeofpublishedstudiesdescribe
GSA’sroleinbuildingenergyperformanceanalysis(Østergårdetal.,2017;RuizFloresetal.,2012;
Yangetal.,2016),i.e.,second-orderquantification,factormapping.

Thedesignvariableselectionsareessential for theearlydesignprocess,and theproceeding
designprocessfollowstheseinitialdecisions.Therefore,earlyarchitecturaldesigndecisionsshould
beanalyzedtoincreasebuildingperformance.Forvariousstudies,analyseswererenderedtoquantify
thedesignvariables’impactforthedifferentperformanceoutputsattheinitialarchitecturaldesign
steps(Depeckeretal.,2001;Østergårdetal.,2017).Thus,thisstudyproposesagenuinemodelusing
SAbyquantifyingtheimpactofthedesignvariablesintothethree-phasesmethodologyforeffective
performance-baseddesigndecision-makingprocess;(1)measuringtheindividualimpactofdesign
variablesandfixingtheineffectivedesignvariables,(2)calculatingthetotaleffectofmosteffective
designvariablesontheperformanceoutputs,(3)robustmappingandvisualizationmethodformost
effectivedesignvariablesandperformanceoutputvaluesintheaspectofinteractivedecision-making
duringearlyarchitecturaldesign.Ifdesignerscaninstantlyobservetheeffectsofbuildingdesign
variablesonperformanceoutputs,buildings’energyusecanbereducedmucheasier,andthiscan
significantlycontributetoadaptationstrategieswithinthescopeofclimatechange.

METHoDoLoGy

Thecurrentstudyfocusesontheearlyarchitecturaldesigndecision-makingprocesstoanalyzedesign
variables’ impacton theperformanceoutputsusing a three-phasemethodology (Figure 2).The
proposedmethodologyhasbeentestedwithfourcasestudiesintermsofdifferentbuildingfunctions
andclimaticzones.ThefirsttwocasestudyincludesexaminingaresidentialunitinIstanbuland
Izmircitieswithinthescopeofsensitivityanalysisbasedontheheatingandcoolingenergydemand
(kWh/m2-year).ThesecondtwocasestudyinvolvestestinganofficeunitinAnkaraandKars’cities
withsensitivityanalysisaccordingtoheatingenergydemandandoverheatingdegrees.

Model Description and Thermal Modeling
Theanalysisgeometry,whichisusedforallcasestudies,isahypotheticalsingle-zoneunitandthe
dimensionsare8 meters*8 meters*3 meters.Thetotalareaandvolumedonotchangeduring
alternativegenerations.Exceptforthewindow-to-wallratioandhorizontalshadingdesignvariables,
alldesignvariablesareconstruction-basedoroperational. InFigure 3,alldesignvariableswere
explainedwithgraphicalvisualizationofwhereorwhattheyeffecttheanalysisgeometry.

Inthisstudy,theperformanceoutputs(i.e.,dependentvariables)areheatingandcoolingenergy
demandfortheresidentialunitandheatingdemandandoverheatingdegrees(OHD)fortheoffice
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unit.Theheatingandcoolingdemandwereannuallycalculatedpersqm.OHDwascalculatedusing
afixedupper-temperaturelimitforeachzonetype.ThecalculationofOHDistheannualsummation
oftheindooroperativetemperatureabove28°Cforthelivingroomand26°Cinthebedroom(CIBSE,
2006).Thedesignvariables(i.e.,independentvariables)wereseparatedintofourdifferentgroups
(Table 1),i.e.,heattransmissionbyconduction,solargain,airchanges,andinternalgain.Thevalues
ofdesignvariablesforgeneratedalternativeswerearrangedasfunctionstomodifytheinputdatafile
(.idf)ofthebuildingenergysimulationengineoftheEnergyPlus(E+)(Winkelmann,2000).The
EnergyPlusinputdatadictionary(.idd)wastakenasdefaultforathermo-physicalfunctionlibrary.
Theotherthermalpropertiesoftheenergymodelwereselectedaccordingto(ASHRAE,2004,2013b).

TheconstructionmaterialorganizationconsistsofbasicEnergyPlusdefinitions,e.g.,thickness,
thermal resistance, and thermalmass features.The two-layer constructionsweredefined for the
surfacesofthedigitalbuildingenvelope.Thesymbolsbeforethematerialnameidentifythematerial
typeandtheconstructions’layer(Table 2).NoMassmaterialsareresponsibleforvaryingthermal
transmittanceoftheu-value(kWh/m2-K)oftheconstructionvariables.Thematerialdoesnothave
anythermo-physicalpropertiesintermsofconductivity,density.Foreachsurface,differentNoMass
materialswereassigned.

Thesetpointtemperaturesweredifferentfortwodifferentclimatetype,i.e.,warm-humidclimate
fortheresidentialunit,cold-dryenvironmentfortheofficeunit.Setpointtemperaturesrefertovalues
underwhichdegreeheatingshouldbeactivatedorabovethedegreecoolingshouldbeactivated;thus,
thepre-definedvaluesdirectlyinfluenceenergydemandandindoorthermalcomfort(I.Yildiz&
Sosaoglu,2007).Forallregions,thesetpointtemperatureofheatingis22.0°C,andthesetbackis10
°C.ForIstanbulandIzmir,thesetpointtemperatureofcoolingis26.0°Candthesetbackis28.0°C.

ThebuildingenergymodelalternativesweregeneratedwithMonte Carlo simulationtechniques,
quasi-randomsampling.Then,alternativesweresimulatedinEnergyPlusbuildingenergysimulation
software(Reference&Calculations,2015).EnergyPlusworkswithtext-basedfilemode(.idf).In
theproposedmethodology,.idfwasmodifiedtoimplementthermalandgeometricaldesignvariable

Figure 2. Flowchart of the proposed model

Figure 3. Digital building model initial dimensions with design variables
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alternativesintheenergymodel.The.idfmodificationwasrealizedforthermalandgeometricaldesign
variablesusingeppyandPython 3.7libraries(Philipetal.,2011).Forsensitivityanalysiscalculation
functions,theSALiblibrarywaschosen(Herman,J.&Usher,2017).Foreachclimateregion,many
simulationswereneededtoquantifythedesignvariables’impact.Therefore,inthisarticle,allprocess
wascodedasautomatedserialsimulationswithbatch-processing(PythonSoftwareFoundation,2020).

Theconditioningsystem’ssetpointandsetbackvaluesare theidenticalforallcasestudies
(Table 3).Theglassopeningratio(x16),isdirectlyrelatedtonaturalventilation,sotheconditions

Table 1. Design variables and performance outputs of the residential and office unit

Type Physical Physical Physical Physical Physical Physical Physical Physical Physical

Decision 
Variable

WWR
North
(x1)

WWR
East
(x2)

WWR
South
(x3)

WWR
West
(x4)

U-value
ofthe
Window
(x5)

U-Value
ofRoof
(x6)

U-Value
ofFloor
(x7)

U-Value
ofWall
(x8)

Context
Height(x9)

Range [0.1-
1.0]

[0.1-
1.0]

[0.1-
1.0]

[0.1-
1.0]

[0.773-
5.778]
**
W/m2-K

[0.104-
0.840]
**W/
m2-K

[0.104-
0.840]
**
W/m2-K

[0.114-
2.330]W/
m2-K

[3-12]
meter

Type Physical Physical Physical Physical Physical Physical Functional Functional Functional

Decision 
Variable

SHD
North
(x10)

SHD
East
(x11)

SHD
South
(x12)

SHD
West
(x13)

Infiltration
(x14)****

SHGC
(x15)

Glazing
Opening
*****
(x16)

Lighting
Density
(x17)

Equipment
Load(x18)

Range [0.1-
1.0]

[0.1-
1.0]

[0.1-
1.0]

[0.1-
1.0]

[0.0001-
0.0006]
m3/s per 
m2 

[0.132-
0.905]
**

[0.0-1.0] [3-15]
W/m2

[3-15]
W/m2

PO HeatingDemand(kWh/m2) CoolingDemand(kWh/m2)*** OverheatingHours

*Heat transfer by transmission: HTT, Solar Gain: SG, Internal Gain: IG, Air Changes: AC, WWR: Window-to-Wall-Ratio, SHD: Shading Depth, SHGC: 
Solar Heat Gain Coefficient

**Range values according to EnergyPlus Standard Constructions (LBNL, 2009)
***Cooling Demand is active only for Izmir (ASHRAE 3A) and Istanbul (ASHRAE 4A)
****ASHRAE.90.1.2013, ASHRAE.62.1.2013 (ASHRAE, 2013a, 2013b)
*****Glazing opening ratio for natural ventilation

Table 2. The properties of construction materials

Construction Outside Layer Layer 2 Layer 3 Initial 
U-value

Range of 
U-value*

RoofConstruction M14a100mm
heavyweight
concrete

- Material:No
Mass:Roof

0.052 [0.052-0.752]

ExteriorWall
Construction

M01100mmbrick - Material:No
Mass:Wall

0.114 [0.114-2.330]

FloorConstruction F16Acoustictile - Material:No
Mass:Floor

0.318 [0.318-2.330]

WindowConstruction Sgl Clr 3mm Clear 
3mm

Material:No
Mass:Glazing

0.773 [0.773-5.778]

*Upper limit of constructions are the construction values of Energyplus construction library, i.e., ASHRAE_HOF_Materials
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andtimesofnaturalventilationarearrangedbyairconditioningsystems.Limitshavebeenadded
toindoorandoutdoorairtemperaturestopreventanyconflictbetweennaturalventilationandair
conditioningsystemsduringtheday.Otherwise,thismayresultinexcessiveenergyuse.Dailynatural
ventilationandairconditioningusageschedulesweredeterminedbydefaultschedulesselectedfrom
theE+library.LimitvaluesforbothexaminationsweredeterminedaccordingtoASHRAEstandards
(ASHRAE,2013a).

weather Data Selection and Urban weather Data Generation
Inthisstudy,thesimulationswereproducedintwobuildingtypesandfourdifferentlocationsto
compareclimateandbuildingfunctiondifferenceimpactontheperformanceoutputs.Residential
unitsimulationswereexecutedforIstanbulandIzmirregion,andofficebuildingsimulationswere
inAnkaraandKars.Fourdifferentclimateregionsweregroupedundertwoclimatetypes.Istanbul
(ASHRAE climate zone 4A,Cooling Degree Days10°C£2500,Heating Degree Days18°C£3000)
andIzmir(ASHRAE climate zone 3A,2500<Cooling Degree Days10°C<3500)havewarm-humid
climate.Ankara(ASHRAE climate zone 5B,3000£Heating Degree Days10°C£4000)andKars
(ASHRAE climate zone 7,5000<Heating Degree Days18°C£7000)havecold-dryclimate.

Figure 4representstheannualoutdoordrybulbtemperaturevaluescomparisonbetweenselected
climateregions.Inthisstudy,simulationsweregeneratedwithannualweatherdata.Ontheother
hand,simulationscanbeperformedwithachoiceoftwoextremeweeksordifferentanalysisperiods
toreducethesimulations’calculationcosts.However,thesimulations’accuracyislowerwithother
analysisperiodselectionsinsteadofusingtheannualsimulationperiod.

Theselectedneighborhoodsareinthecenterofurban;forthisreason,buildingenergysimulations
weremodifiedaccordingtotheurbanheatislandeffect(e.g.,atmosphericheattransferfromtheurban
canopy,buildingdensity,thereflectionofsolarradiationfromfacades).Ingeneral,themeteorological

Table 3. Thermal properties of building energy model for hypothetical units

Name Heating
SetPoint/
SetBack

Cooling
SetPoint*
/SetBack

Natural
Ventilation

Ventilation
Limitsfor
Indoor

Ventilation
Limitsfor
Outdoor

Schedule
foroffice
**

Schedule
for
residential
**

Value /Type 25.0,20.0 25.0,
100.0

Natural,
one-sided

21.0,24.0 17.0,28.0 Small
Building
Office
Occupancy

Midrise
Apartment
Occupancy

Unit oC oC - oC oC -

*Cooling SetPoint is active only for Izmir (ASHRAE 3A) and Istanbul (ASHRAE 4A)
**EnergyPlus standard schedule library

Figure 4. Weather data comparison (ASHRAE, 2009)
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stations’locationisoutsidethecity,thus,theeffectsofcityelementsarenotsufficientlyincludedin
theweatherdata.Theurbanheatislandeffectmodificationswereexecutedusinganurbanweather
datagenerationalgorithm(Unzeta,2010).ThetransformationtoolisGrasshopper/Ladybugplugins
basedonEnergyPlussimulationsoftware(Roudsari&Pak,2013;Winkelmann,2000).Figure 5
pointsoutthelocationsofthehypotheticalunitsintheurbanregions.Theselocations’environments
weredigitallymodeledtoimplementurbanfeaturesintheweatherdata.Thechosenneighborhoods
forIstanbulandIzmirconsistofmostlyresidentialbuildings.ForAnkaraandKars,mixedbuilding
functionlocationswereselected.

Data Generation and Sampling
Monte Carlo simulationtechniquesworkbasedonpseudo-randomsamplingmethodologywithalow
discrepancytovisualizethemultivariateglobaldesignspace(Figure 6-a).Inthisworkflow,input
distributionsandsamplingstrategiesarefirstdefined.Then,simulationsareperformedtodetermine
performanceoutcomes.Themethodologyprovidesaglobal screeningapproach forperformance
outputvariancetocomplementthelackofcomprehensiveinterpretationofpointprediction-based
systemsortraditionalnon-performance-basedmethods.Forthisreason,itisprevalentinthefieldof
buildingenergymodeling(Haarhoff&Mathews,2006).

Thedesignvariables’rangesaresetascontinuous[0-1]rangevaluesandarearrangedasauniform
distribution.Thediscrepancyofthevariableshowstheglobaldesignspace,whichrepresentsthe
variationofperformanceoutputs.Therefore,thesamplingtechniqueprovidesindependentvariable
samplingintermsoftheprobabilitydistribution.Theestablishedvariablerangeswereinterpretedas
central95%confidence intervals.Asaresult,asquasi-randomsamplingstrategyleadstoanalyzeallthe

Figure 5. Urban simulation environments for each climate region

Figure 6. (a) Sampling Types; (b) Demonstration of the four-level grid, the arrows identify the eight points needed to estimate the 
elementary effects relative to factor X1
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globaldesignspace,themethodprovideshighlydependableresultsonhowdesignvariablesinteract
witheachother,andwhichvariablerangedrivesthemostvaluableresultsforperformanceoutputs.

Local and Global Sensitivity Analysis
Thebuildingenergydemandcomprisesmultipledesignvariables,e.g.,buildingenvelopedesign,
buildingenergysystemdesignandefficiency,theoperationalbuildingsystems,occupantdensity
andactivities,andfinally,indoorairandenvironmentqualitymeasurement.Allthedesignvariables
distinguishfromeachotherintermsoftheirimpactondifferentperformancecriteria.Globalsensitivity
analysishasaconsiderableroleindeterminingtheinputs’relativeimportancebyanalyzingtheinput
variables’totalinfluenceandindividualimpact.Simultaneously,theyallchangebyabasicsampling
rule(RuizFloresetal.,2012).Hence,theholisticanalysiscanimprovetheperformanceofthebuilding
byobservingallvariables.Thesensitivityanalysisofthestudyhasbeendividedintotwophases
intermsofmethodologicalattitude.Firstly,Morrissensitivityanalysishasapplieddependsonthe
degradationoftheindividualfactorvariance.Secondly,Sobol’ssensitivityanalysiswasrenderedto
disaggregatetheinputs’totalvarianceandindividualchange.

Morris sensitivity analysis is the screening method that visualizes the performance of the
variableindividualimpact.Itreducesthesizeofthemodelbyremovingtheineffectiveindependent
variablesaccordingtotheorderofthevariables.Morrissensitivityanalysishasbeenrealizedwith
the Elementary-Effect (EE) method (Figure 6-b), the variables’ finite distribution. The analysis
generatesalargesamplevaluesforindependentvariablestodeterminewhichvariableisineffective
forthedependentvariable.Itissuitabletoshowlinearrelations(Waqasetal.,2017).Themainideais
tocreaterdifferenttrajectoriesintheN-dimensionaldesignspace(Figure 6-b).TheN-dimensional
variablespacewasnormalizedto[0,1]andwasdividedintop-levelsbydistinguishedp-quantiles.
EachtrajectoryincludesN + 1calculationsforareasonone-parameter-changes(OAT)bydefined
equalstepsatatime.Thus,eachvariablerelatestotheEEbydeterminingthemodeloutputvariation
atrdifferentvalues.InputfactorofEE(2)isrepresentedwiththemathematicalequationasfollows
(Saltellietal.,2007):

EE
Y X X X X X Y X X X

i

i i N N
=

+ − ( )( )



−1 2 1 1 2

, ..., , ,..., , ,..., ∆

∆
 (1)

where ∆ ∈ −( ) − −( )



1 1 1 1 1/ , , /p p . Variable distributions were produced globally, which

discretizedtheinputareabythetrajectories.Whenthevalueofvariablechanges,inthebackground,
Morris sensitivity measures the absolute mean value (μ*) and standard deviation (σ2) of the
distributionsas(2,3):

m* =
=∑

1
1r
EE

j

r

i
j  (2)

s2
1

21
= ( )

=∑r EE
j

r

i
j� �  (3)

whereinbothequationsrrepresentsthenumberofsamples.Theabsolutemeanvalue(μ*)points
outthetotalinfluenceofvariable(Xi)onthemodeloutput(Y).Ifμ*ofinputishigh,thevariable
hasanessentialimpactontheoutput,whichisnotnegligible.Ifσ2hasabiggervaluethanthemean,
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consequently,thecomputationofEEispositivelyimpactedbythesamplepoint.Itmeansthevariable
basedonthevaluesofotherinputsortheinputhasanon-linearrelationwiththespecifiedoutput.
However,theMorrissensitivityanalysisisalocalsensitivityanalysismethod.Therefore,thetechnique
hascapacitytostatethenon-linearrelationsofvariables,butitcouldbeinsufficienttoevaluate.

Theinitialphaseistheextensionofthequalitativepresentationoftheanalyzingvalues.Itis
specialtoquantifythetotaloutputvarianceforeachvariable.Thecurrentmethodsuppliesavalid
scalefordeterminingwhichvariableorvariablesareinefficienttodefinemodeloutputvariance.On
theotherhand,byidentifyingthemostinfluentialvariablesontheperformanceoutput,itispossible
thededuceoutputvariancewiththequantizedtechnique(Rights,2016).

Secondly,Sobolsensitivityanalysisappliedinwhichisoneofthevariance-basedmethods.Sobol
sensitivityanalysishasbeenperformedwithSobolsequenceslowdiscrepancymethodtoscreenthe
globaldesignspace.ItscomputingcostismorethanMorrissensitivityanalysis.Itquantifiesthe
individualvariableinfluence(i.e.,first-order)onthemodeloutput,interactionsbetweenvariables
(i.e., second-order), and total impact for the model outputs. A pseudo-random sampling of
k-dimensionalpointshasahighdiscrepancy.However,thereareinfinitesequencesofk-dimensional
pointsthatactmuchconfidentconcerningthismeasure.AsthedimensionlengthNincreases,itcan
reducetheoptimumratio’sinconsistencyasaspecification.Asaresult,anestimatedmeanfora
functionY X X X X

k1 2 3
, , , ,( ) wasevaluatedonpoints X X

i ik i N1 1
, ,

,
{ }

=
.Suchasequencecan

bring the inconsistency closer to optimal levels by finding the predicted average faster than the
predictedmeanofrandomlygeneratedpoints.

TheSobol sequence samplingreturnsamatrixthatincludesmodelinputvalues.Thepre-defined
Saltelli samplingwaspreferred,whichisthebasicextensionofSobol sequence(Saltellietal.,2007).
Foreachsamplingstrategy,concerningprocedureN D× +( )2 times,rowsareproducedinwhich
Nisthenumberofsamplestogenerate,andDisthenumberofindependentvariables.Besides,if
second-ordercalculationisimplicatedintheprocess,whichisthevaluedefiningthetotalinfluence
ofallinputvariablesontheoutput,theequationisconvertedN D× +( )2 2 , anditisseentocomputing
costincreases.Inthisstudy,second-ordercalculationswererealizedinthesecondstepoftheproposed
methodologyfortheinteractionquantificationofthevariables.

MethodofSobolissuitablewhenthemodelisnon-linear,andSobolindicescanexplainthe
decomposition of the output. Sobol sensitivity analysis has three indices that analyze the input
conduction(Iooss&Lemaître,2015).First-order(Si),themaineffectoftheindexseparatelyforeach
variablewithoutinteractions,thehighervalueofSi,themoresignificanttheinfluenceontheithfactor
fortheoutputvariance.Thesecond-orderindexmeasuresthecontributionoftheoutputvariance
bytheinteractionoftwomodelinputs.Totalorder(i.e.,Total-effect)(ST),thisindexmeasuresthe
contributiontoXi’soutputvariance,includingallvariancecausedbyitsinteractions,ofanyorder,
withanyotherinputvariables.

Thevariance-basedmodelfunctionisY = f(X)whereYistheoutputandY = (x1, x2, ...... xk)are
k-independentpointsthateachvariablechangesbytheirprobabilitydensityastheSoboldemonstrate
(Sobol,2001),anysquare-integrablemathematicalfunctioncanbesolvedbyauniquefigurationof
thehighdimensionalmodel(4)whentheinputvariablesareindependentofeachother:

V V V V
y

i

k

i
i j

k

ij k
= + + +

= >
∑ ∑
1

12




 (4)

Vyisthetotalvarianceoftheperformanceoutputs,andViistheresidualvarianceproducedby
XiandVi1….isandistodefinecollaborativefractionalvarianceinducedby{Xi1......Xis}.Therefore(5):
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Si =Vi / VyisthefirstorderindexaboutsensitivitythatcalculatesY-inducedvariancebyXi.Sij
=Vij/Vyisthesecond-orderindexthatcalculatesY’svariancebytheinteractionoftwoinputvariables,
i.e.,XiandXj.Foralltheindividualvariancesandinteractionswerescaledinto[0,1]andallequal
to1.Whilethemeasurementsofthesensitivityindicesareinthelinearrelationwiththenumberof
inputs(i.e.,2k-1),thecomputingcostofthecalculationincreases;therefore,inmanycases,first-order
(Si)andtotalorder(ST)ofthesensitivityindicesaresummarizedintheoneformulaasfollows(6):

S S S S
Ti i

i j

k

ij k
= + + +

≠
∑ 

12
 (6)

ThetotalsensitivityindexincludesalltheXicontributions(i.e.,residualandcollaborative)to
Y’svariance;thus,whenitsvalueisclosetozero,Xicanbedeterminedasnon-significant.Forthis
reason,theinputfactorcanbecountedasadefaultvaluebyimplementingfactorfixing.

Factor Mapping and output Score weighting
Factor Mapping (FM) determines thevaluesof variables that lead tomodelmost realization in
agivenrangeofoutputspace(TorbenØstergård,2017).Forinstance,onemaywanttohighlight
modelrealizationsfallingabovethe95thpercentile.Besides,thefactormappingistheextensionof
asensitivityanalysistosupporthowvariableandvariablerangecanprovideavaluablesolutiondue
totheproblem’sdefinition.Inthisstudy,100bestvaluesarefilteredforParallel Coordinate Plot
(PCP)fromthevastglobaldesignclusterafterSobol’svariance-basedanalysis.Bestperformance
valueshavecorrespondedtolowenergydemandintermsoftwooutputvariablesforeachregion:

0.5×(heatingdemand+coolingdemand)=weightingscore
0.5×(normalizedheatingdemand+normalizedcoolingdemand)=weightingscore

Inthisstudy,thebestperformancesbasedontheperformanceoutputsweresortedwiththedesign
variablesthatgeneratetheseperformanceresults.Theheatingandcooling(kWh/m2-year)demand
wereoutputsforIstanbulandIzmir.Performanceoutputswereunifiedwiththelinearcalculationby
formingthetotalenergydemand(kWh/m2-year)asasinglescorefunction(1).Theheatingdemand
(kWh/m2-year)andoverheatingdegreeswereoutputforAnkaraandKars.Twooutputshavedifferent
unitsandranges;tocalculateaweightingvalue,theywerenormalizedbetween0to1.Then,similar
linearcalculations(2)wereappliedfortheseoutputvariables.Thismodificationwasbeadvantageous
todecrease thecomputing-costforprocessof thesensitivityanalysisandgivequickresults,and
theholisticscoreapproachfacilitatescomparisonwhenseizingonlargenumbersofdesignoptions
(Østergårdetal.,2015).Furthermore,itsupportstherenditionofsensitivityanalysisandprovides
moresalientfilteringforquasi-randomsampling.However,thisunifiedlinearcalculationwasonly
usedforfactormapping.

RESULTS AND DISCUSSIoN

In thischapter, twoprocesssensitivityanalysesandperformancefilteringprocessesresultswere
explained.21000simulationsforMorrissensitivityanalysisand42000simulationsfortheSobol
sensitivityanalysishavebeengenerated.Simulationsinclude18differentdesignvariables(Table 
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1).Lastly,PCPwerepreparedtopresentalldesignvariablesandoutputsinonechartandprovide
opportunitydetailanalyzeswithbrushingtechniques.Itisthevisualexplanationoftheproposed
methodology,whichcouldhelpthedesignersduringtheearlyarchitecturaldesignprocess.

Factor Prioritization and Factor Fixing
Inthefirstphaseoftheproposedmethodology,theMorriswasappliedtoquantifytheindividual
impactof18designvariableson theperformanceoutputs; then, the ineffectivedesignvariables
werefixed.Alldesignvariableswerecalculatedandpresentedonthehorizontalbarandpolarplot
regardingtheirinfluence(mu*)ontheoutput(Figure 7,Figure 8).EightvariablesforIstanbuland
Izmir,nineforAnkara,andtendesignvariableswereinfluentialfortwoperformanceoutputs.Inthis
step,sensitivityanalyzeswerecalculatedseparatelyforeachoutput.Ifadesignvariablesimilarlyhas
significantinfluencefortwooutputs,itwasdefinedaseffectiveandwastransferredtothesecond
stepforglobalsensitivityanalysis.

SensitivityanalysisforIstanbulandIzmirhasresultedinanalogousdesignvariables(Figure 7).
x2, x3, x4, x5, x6, x9, x14, x15wereeffectiveforthevarianceofthemodel’stwooutputs.Theirinfluence
valueswerealsoclosetoeachother,andthesmallnumberofdifferencesresultedfromtheclimate
differences.Theclimatictypesofthetworegionsdifferfromeachotherintermsofhumidityand
outdoortemperature.Izmirregionhashighervaluesforbothrates.x2, x3, x4arewindow-to-wallratio
(wwr)variables,x15isthesolarheatgaincoefficientofthewindowconstruction,andx9istheheight
ofthecontextualbuildings.Thesevariablesaredirectlyrelatedtothesunlight,whichaffectsthedaily

Figure 7. (a) Design variable influence on the horizontal bar chart for Istanbul and Izmir; (b) Comparison of most effective design 
variables between Istanbul and Izmir on Polar Chart

Figure 8. (a) Design variable influence on the horizontal bar chart for Ankara and Kars; (b) Comparison of most effective design 
variables between Ankara and Kars on Polar Chart
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indoortemperaturebysunlightradiation.x5, x6areenvelope-relateddesignvariables,andtheyare
responsibleformaintainingindoorheattemperatureataconstantlevel.x14isalsointhiscategory.

Respectively,x1, x7, x8, x10, x11, x13, x16, x17,x18weretheleastessentialvariablesthatwerefixed.
Horizontalandinnershadingandnorthwwrvariableswerealsorelatedtosunlight.However,these
variablesdidnotcauseanysignificancefortheperformanceoutputs.Theinternalgainvariablesare
essentialfortheresidentialunits’energydemandbecauseoftheindirectinteractionwithdailyoccupant
activities, yet these variables were not as influential as other design variables. Envelope-related
constructionvariablesu-valuefloorandu-valuewallwerenotsimilarlyeffectiveforbothoutputs.x7
wasinfluentialforcoolingdemand;however,nottheequivalentinfluenceratioforheatingdemand.

Onthecontrary,x8waseffectiveforheatingdemandandineffectiveforcoolingdemand.The
naturalventilation-relateddesignvariablesx16,whichistheglazingopeningfraction,stronglyrelate
toheatingdemandand,ithasresultedinineffectivecoolingdemand.Hence,thesedesignvariables
couldnottransfertothesecondstep.

AnkaraandKars’sensitivityanalysisresultedinsimilardesignvariables,i.e.,ninedesignvariables
forAnkaraandtendesignvariablesforKars.x2, x3, x4, x5, x6, x8, x9, x14, x15wereeffectiveforthe
varianceofthemodel’stwodependentvariables,i.e.,heatingandoverheatingdegrees.Additionally,
x7waseffectivefortheKarsregion,unlikeAnkara.KarshasacolderclimatecomparingtoAnkara.
Figure 8showsthatAnkara’seffectvaluesresultinhigherheatingdemandandoverheatingdegrees.
x2, x3, x4, x9, x15designvariablesinteractwithsunlightandhaveasimilarimpactontwooutputs.
However,envelope-relatedconstructiondesignvariablesweremoreeffectiveforheatingdemandas
tworegionsareheatingdominantcities,i.e.,x5, x6, x8, x14forAnkara,andx5, x6, x7, x8, x14forKars.
Ingeneral,theindoorcomforttemperaturehasadirectrelationshipwiththeenvelopequality,and
astheu-valuesoftheconstructiondecreases,theoverheatingdegreesareincreasing.Even,Ankara
andKarshaveverycoldclimates(e.g.,ASHRAE 5BandASHRAE 7),theoverheatingdegreeswere
not much as expected. In parallel, internal gain-related design variables also were evaluated as
ineffectiveforbothoverheatingdegreesandheatingdemand,i.e.,x17, x18.Allshadingvariables,x10,
x11,x12,andx13,resultedinineffectiveduetothelowlevelofsunlighthoursfortworegions.Lastly,
theglazingopeningfractiondesignvariable(x16)couldnotbeeffectiveasexpectedbecauseofthe
outdoortemperatureconstraintandloweroutdoortemperaturevalues(Table 2).

The Variance-Based Sobol Global Sensitivity Analysis
TheSobolsensitivityanalysisprovidesvariance-basedglobalobservationbydecomposingtheoutput
variance.Theanalysisaccountsfortheindividualimpact(S1)andtotalimpact(ST)variablesforthe
model’soutput.Thetotaleffectindexrepresentsthefirst-ordereffectandallhigher-ordereffects
duetothetotaleffectofdesignvariables.InthefirstphaseofMorrissensitivityanalysis,tendesign
variableswereeliminatedforIstanbulandIzmir.Then,eightindependentvariableswereintroducedto
GSA.Theanalogousdesignvariableswereresultedasthemosteffectiveforthesecondphasebecause
ofthesimilarclimateproperties,e.g.,warm-humid.Foreachanalysis,21999simulationshavebeen
executedbasedon1000iterations.Figure 9istheverticalbarchartforthefirst-orderandtotaleffect
resultsofthemosteffectivedesignvariablesforIstanbul(a)andIzmir(b).Twoperformanceoutputs
werepresentedinthechartforS1andSTindices,i.e.,redcolortonesforheating(kWh/m2-year)and
bluecolortonesforcoolingdemand(kWh/m2-year).

x5, x6, x9, x14,x15variablesweremoreeffectivethanothervariablesinS1andSTindices.Exceptfor
theimpactvalueofx3,allthesevariableswerehighlyeffectiveforthefirststepofMorris’sanalysis.
Betweenthesevariables,x5, x6, x14werehelpfulinheatingdemand.x9andx15wereeffectiveforthe
coolingdemand.Despitex5,x6,x15areenvelope-relatedvariables,andtheyinfluencetheheating
demand,x9controlstheheightofthecontextbuildings,andx14isthesolarheatgaincoefficientof
thewindowconstruction.Botharedirectlyrelatedtoindoorheatingbysolarradiation.Therefore,
thesevariableshadanimpactoncoolingdemand.
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Figure 10 represents the office units’ Sobol results for Ankara and Kars. The performance
outputsfortheofficeunitweredifferentfromtheresidentialunit.Thecoolingdemandisunnecessary
forAnkara(ASHRAE climate zone 5B)andErzurum(ASHRAE climate zone 7).Hence,theheating
demandandannualoverheatingdegreescalculationwereselectedastwooutputsofthesemodels.For
Ankara,ninevariableswereinfluentialfortheoutputvariance.ForKars,thenumberofinfluential
designvariableswasten.Theclimateof theKars ismuchcolder thaninAnkara.Therefore, the
heatingdemandismorecriticalfortheregion.Eventhoughheatingdemand-relatedvariableswere
moredominantlyfromothervariablesforKars,thenumberofthemostinfluentialdesignvariables
wasidentical,i.e.,x5, x6, x8, x9,x14, x15.LiketheIzmirandIstanbulanalyzes,x5, x6, x8, x14hadmore
influenceon theheatingdemandthanenvelope-relatedvariables.x9andx15hadmore impacton
overheatingdegreesforbothregions.Thesearesolarradiation-relatedvariablesforindoortemperature.

The Variance-Based Second-order Interaction
The Sobol sensitivity analysis is a global sensitivity analysis that can quantify first-order and
higher-ordercalculationsforinputvariables.Thedesignvariables’individualandtotaleffectwere
demonstratedforfourdifferentclimateregionsinpreviouschapters.Inthischapter,thesecond-order
effectofthedesignvariableswasexplainedwithacorrelationmatrixforonlytheIzmirregionas
anexamplerepresentationofthemethodology(Figure 11).Second-orderisanindexthatpresents
thequantifiedvalueoftheinteractionsbetweendesignvariables.Itisdifferentfromthetotaleffect
becausethetotaleffectisthecombinationofindividualimpactandthehigher-orderfactors.

InFigure 11,interactionvaluesbetweendesignvariablesweredemonstratedwithcolor-coding
andscalarvalues.Thefirstgraphshowstheinteractionsbetweendesignvariablesaccordingtothe
heatingrequirement.Thehighestinteractionbetweendesignvariablesoccurredbetweenx5-x3,x5-x4,
andx15-x2.Althoughtherewasaninteractionbetweentherestofthedesignvariables,itremained

Figure 9. (a) Sobol, Vertical Bar Plot for Istanbul; (b) Sobol, Vertical Bar Plot for Izmir

Figure 10. (a) Sobol, Vertical Bar Plot for Ankara; (b) Sobol, Vertical Bar Plot for Kars
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atmeagerrates.Thesecondgraphisacorrelationmatrixshowingtheinteractionbetweendesign
variablesaccordingtothecoolingdemand.Accordingtotheresults, thereisastronginteraction
betweenx15-x7,x9-x4,x15-x3,x15-x2,x15-x5.Designvariableshavebeeninamoreactiveinteraction
indesigncoolingdemandcomparedtoheating.Inparticular,thex15designvariableisthevariable
thatinteractsthemostwithotherdesignvariables.

Design Variable Range Filtering with Factor Mapping
Inthischapter,theeffectiverangevalueswerepresentedfortheyearlyweightedsumofheatingand
coolingdemandforIstanbulandIzmirandtheannualnormalizedweightedsumofheatingdemand
andoverheatingdegreesforAnkaraandKars.Thefilteringprocesswasappliedtodrivethevaluable
rangesofinfluentialdesignvariablesbyextractingthe100mosteffectiveresults.

Figure 12 pointsout thedistribution resultsof factormapping in Istanbul and Izmir.Eight
uniformlydistributeddesignvariablesgotsomevaluablerangesbasedonthelowestenergydemand
fortworegions.Theheatingdemandvaluesarebetween67.50to112.80forIstanbul,andthecooling
demandvaluesare29.04to71.03forIstanbul.Heatingenergydemandvaluesarebetween53.40
to95.40(kWh/m2-year)and44.81to82.29forcoolingdemandinIzmir.AsIzmirhigheroutdoor
temperatureandhumidityvalues,theheatingdemandrangeislower,butthecoolingdemandrange
ishigherthanIstanbulsimulationresults.Thex5andx14designvariableswerevaluedinanarrower

Figure 11. Correlation Matrices for the Interaction of Most Effective Design Variable, (a) Based on Heating Demand, (b) Based 
on Cooling Demand

Figure 12. (a) Design Variables Distribution of Istanbul for Range Filtering; (b) Izmir
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rangecomparedtoothervariables.Besides,x2, x3, x4, x9,andx15obtainedthebestheatingneedresults
bytakingvaluesinmorecomprehensiveranges.

Figure 13presentsthemosteffectivedesignvariabledistributionsofAnkaraandErzurumforthe
first100bestresults.NineforAnkaraandtenforKarsuniformlydistributeddesignvariablesgotsome
valuablerangebasedonthelowestenergydemand.Theheatingdemandvaluesarebetween34.10
to61.70(kWh/m2-year),andtheoverheatingdegreesare2854.40to18081.80forAnkara.Heating
demandvaluesarebetween88.70to135.70(kWh/m2-year)and454.90to10408.00foroverheating
degreesinKars.TherangeofheatingdemandishigherforKarsbecauseoftheannualloweroutdoor
temperaturevalues.TherangeofoverheatingdegreesislowerthaninAnkarasimulations.Forboth
regions,x5,x6,andx14werevaluedinanarrowerrange,whileothervariables’variancewashigher
inascalarcomparison.

Depicting the results of energy analysis with multiple variables is crucial to the more
straightforwardinterpretationofthecomplicatedrelationsamongdesignvariablesandperformance
outputs.Forinstance,designershavethepossibilitytosortperformanceresultsaccordingtotheunits’
energyperformanceandwhichvariablecorrespondstotheselectedoutputvalue.Itiseffectivefor
evaluatingthedesignalternatives.Hence,aPCPwasusedtodemonstrateglobaldesignspace.Each
datadimensioncorrespondstoaverticalaxisontheplot,andeachdataelementisdisplayedasa
seriesofconnectedpolylinesalongthedimensions.Theverticalaxesclassifythevaluesfromworse
tobest.AsthePCP’sshortcomingiswhendesignalternativesareconcentratedinverydatadensity,
theplotspacecanbecomeextremelycluttered.Thus,theinteractivebrushingtechniquecanbeused
toeditvaluesthatareimportanttothedesigneratthespecifiedpointofthedesign,andthecomplexity
canbereduced.Theresultofthebrushinghighlightsaselectedlineorcollectionoflinestoisolate
partsofthedrawingthatthedesignerisinterestedinwhenfilteringoutnoiseoradensedataset.

Figure 14demonstratesthemostvaluablerangesofthemosteffectiveeightdesignvariablesfor
Izmir,i.e.,heating(Y1)andcoolingenergydemand(Y2)inIzmir.Thehundredbestdesignalternatives
aretheresultofthefactormapping.Inthisrepresentation,thebrushingwasappliedforthelowest
heatingdemandperformances.Allthedesignvariablesdatadistributioncouldbepresentedwith
thehorizontalbarchartsontheverticalaxes.Therefore,whiletheuserscaninteractivelyselectthe
designvariablealterationswith respect toperformanceoutputs, theycancomprehendwhere the
data-denseorshort.Thisrepresentationcontributesextraknowledgetothedecision-makingprocess.

Figure 15showsthebrushingimplicationontheheatingdemandfromthehundredbestdesign
resultsrepresentationforIstanbul(a)andIzmir(b).Thebrushingtechniquecanbeappliedtomultiple
designalternativesandoutputssimultaneouslywithPCP.Inthisstep,thebrushingmethodwasused
forthelowestheatingdemandfortworegionstoobservetheclimateeffect.Withthistechnique,a
minimumof3valueswasreached.Despitethehighrateofdifferentiationinoutputperformance

Figure 13. (a) Design Variables Distribution of Ankara for Range Filtering; (b) Kars
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betweenIstanbulandIzmir,thereisahighsimilarityindesignalternatives’values.Thesecomparison
valuesareshownbelowthePCPplots.Asaresult,theheatingdemandresultswerehigher,andthe
coolingdemandresultslowerforIstanbul.

Figure 16showsPCPrepresentationforthehundredbestdesignalternativeresultsforAnkara
(a)andKars(b).Similarly,thebrushingtechniquewasappliedtotheheatingdemandbyachieving
aminimumofthreevalues.Thereisahighrateofdifferentiationsforperformanceoutputresults
andthedesignvariables’assignedvaluesforAnkaraandKars.Accordingtothevaluesunderthe
PCPcharts,Ankara’sminimumvaluehasresultedin34.1(kWh/m2)and18081overheatingdegrees,
88.70(kWh/m2)and10408forKars.

CoNCLUSIoN

Earlyarchitecturaldesigninvolvesanintensedecision-makingprocessfordeterminingthedesign
variables,andthedecisionssignificantlyaffectthebuildingperformance.Thus,itisnecessaryto
analyze theeffectofdesignvariablesonperformanceoutputs.Thisarticleproposesa technique
foranalyzingtheindividualandtotal impactsofdesignvariables,whicharedeterminedinearly
architecturaldesign,onbuildingperformanceoutputsusingstatisticalsensitivityanalysiswithtwo

Figure 14. PCP representation of Factor Mapping Results of Izmir

Figure 15. (a) Brushing on PCP for Izmir; (b) Istanbul
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differenttypesofbuildingfunctionsintwodifferentclimates.Theproposedmethodologycombines
thetwo-phasesensitivityanalysisandthreestagesinvolvingstatisticalfilteringandvisualization.In
thefirststage,thelocalsensitivityanalysisMorrisandineffectivedesignvariableswerefixed,and
inthesecondstage,thetotaleffectofthedesignvariablesontheperformanceoutputwasmeasured
withtheglobalsensitivityanalysisSobol.Fourdifferentgroupsofdesignvariablesareused,i.e.,
heattransferbyconduction,solargain,ventilationrate,andinternalgains.

Thenumberofdesignvariablesandtheirimpactratesweredifferentforeachcasetype.The
buildingfunctionwasdifferentfortwosetsofsimulationsandthesensitivityanalysisprocess.Itis
notpossibletocomparetwobuildingfunctionsproperly.Theoccupantschedules,thedailyactivities,
equipment load, differs between the two building functions. However, the physical and thermal
buildingparametersanddesignvariableswereidenticalforthetwocasestudies.Therefore,alimited
comparisonispossible.Theresidentialbuildingsimulationswererealizedinwarmerclimates,and
resultspresentedthatdesignvariableshavealowerimpactontheheatingdemandthanthemodel’s
output.FewervariableswereeffectiveforbothIstanbulandIzmir,x2, x3, x4, x5, x6, x9, x14,andx15.On
theotherhand,thisnumberwasnineforAnkara(includingx8,u-valueofthewall)andtenforKars
(includingx8:u-valueofthewall,andx7:u-valueofthefloor).Similarly,x5,x6,andx14wereeffective
forheatingdemandand,x9, x15influencedthecoolingdemandforresidentialunitsandoverheating
degreesforofficeunits.Themosteffectivedesignvariables’individualeffectwasshownusingfactor
mappingandtheParallel Coordinate Graph.Accordingtotheresultsoftheanalysis,theeffectsof
designvariablesoccurredinasimilarwayintheexaminationsoftheresidentialunit.Ontheother
hand,boththenumberofdesignalternativesandtheireffectonperformanceoutputdifferedforoffice
units.Theproposedmethodologymeasuredthedesignvariables’individualandinteractionimpact
andshowedtheminteractivelyfordifferentalternativechoices.Inlinewiththeproposedmethodology,
designerscandirectlyobservedesignvariables’effectsanddeterminedesigncombinationsinthe
earlyarchitecturaldesignprocess.Inthisway,theycanapplytheperformance-baseddesignapproach
moreeffectivelyintheearlyarchitecturaldesignprocess.

Figure 16. (a) Brushing on PCP for Ankara; (b) Kars
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