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9                                                                               ABSTRACT 
 

10      PartialLeastSquareStructuralEquationModeling(PLS-SEM) isbecomeprominentasalternative of 
11      Covariance Based Structural Equation Modeling (CB-SEM) due to the technique employ is  much 
12      comfortable.Thisresearchpaperintendtopresents guideon how tocarryoutthePartialLeastSquareto 
13      Multi-Group Analysis(PLS-MGA) b y usingcategorical variable. Inparticular, thediscussion ofPLS- 
14      MGA iscomprised of three approaches namely permutation test, non-parametric  test, and non- 
15      parametricconfidencesetinterval.Allofthesetestareestablishedasnon-parametric testinwhichdo 
16      notrelies ofstatistical assumption. Thus,thispaper workisaimed  todetermine which  approach is 
17      muchcomforttoapplysoastopresenttheguideforreaders.Moreover,thepracticeofSquareMultiple 
18      Correlation(R2)alsohasbeenpromotedtoidentifytheimportanceandperformanceofeachexogenous 
19      constructs applied. Once executedthree approaches  on the same data, two approaches  namely 
20      permutation testandnon-parametric testsuggestalloftheseexogenous constructs appliedcannotbe 
21      moderatesviagendergroupbetweenexogenousandendogenousconstructs.Inaddition,thecapabilit y 
22      of R2  is proved can be extended to determine the importance and performance of independent 
23      variables.Ultimately,thispaperworkissuccesstoachievealltheissuesaddressed. 

 

24      Keywords:  Partial  Least  Square  Structural  Equation  Modeling  (PLS-SEM),  Covariance  Based 
25      StructuralEquationModeling(CB-SEM),PartialLeastSquaretoMulti-GroupAnalysis(PLS-MGA), 
26      permutation test, non-parametric test, non-parametric confidence set interval test, Square Multiple 
27      Correlation,Categoricalvariable,importanceandperformance. 

 

28                                                                    IntroductiontoCB-SEM 
 

29                     Recently, most of  the researchers and scholars interest to implement their research using 
30      Variance  Based  Structural  Equation  Modeling  (VB-SEM).  Variance  based  structural  equation 
31      modelingisperceivedtoovercomethelimitationofCovariance BasedStructuralEquationModeling 
32      (CB-SEM)inmanyaspectandperspective.Thus,theprevalenceofthisparticularmethodhasbecome 
33      apreferencesformanyareasespeciallyforsocialsciencediscipline. 

 

34                     Inparticular, thestrength ofthismethod canascertainthescholar toexecute theiranalysis 
35      withlesscomplicatedandcumbersome. Henseleret.al(2012)establishedSmartPls2.0tocarryonthe 
36      VB-SEM approach and several articles has been published by many prominent researchers such 
37      asSarstedt, Ringle, Hair, ChinandDibbern. According toAfthanorhan(2014), VB-SEM iscan be 
38      knownasPartialLeastSquareStructuralEquationModeling(PLS-SEM)thathasbeenintroducedby 
39      Wold(1982) and beenmodified to improve the capability of PLS-SEM by Lohmoller(1989). 
40      However, PLS-SEM is  less popularitycompare to CB-SEM inthat time since there still alot or 
41      argumenttodefendPLS-SEMespeciallyfortheassessmentoffitness. 

 

42                     Thereby, most of the researchers modified this method to become more meaningful to 
43      overcomethelimitationofCB-SEM.Previously,  CB-SEMisperceivedtobethebestmethodforthe 
44      research andquantitative analysis since themethod applied provide more assessment andobeythe 
45      statisticalassumptionprovided.Forinstances,CB-SEMdoesnotassumeofalltheitemsincludedina 
46      modeltobecompute ofmeanbutinstead toanalyze  theresearch moreholistic andcomprehensive 
47      beyondofothermethods  introduced. Insomeotherresearcheroftencompute themeanofitemsfor
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48      eachvariabletohelpthemanalyzetheirresearchratherthantodealforeachitemsinline withthestatistical 
49      assumptiongiven. 

 

50                     Inparticular,CB-SEMhavetwotypesofmodelwherebymeasurement modelandstructural 
51      modelregarding  to t heobjective o f  t h i s  research. Basically, measurementmodel is commonly used for 
52      ConfirmatoryFactorAnalysis(CFA)toconfirmwhichitemsineachconstructshouldberetainedfor 
53      thesubsequent stepswhichisstructural model(Afthanorhan, 2014).Inthiscase,thescholars were 
54      served a vary of assessment of fitness as a gauge for each measurement to justify their fitness. 
55      AccordingtoRingleet.al(2012),thefitnessofmodelcapabletoprovideameaningfulfindingforthe 
56      structuralmodel. 

 

57                     Moreover,CB-SEMisgenerallybeenusedtominimizethecorrelationmatrixandatthesame 
58      timetostressonthecovarianceinamodel(Hair,2012).Theprocedureforthismethodisquitemanly 
59      forevaluationprocessratherthanthepredictionprocess.Infact,thescholarsmoreinterestedtocarry 
60      on theirresearch based on the prediction obtained. Besides, t h i s particularmethod is useful  using the 
61      parametric distribution. The parametricisconsidered for  normal data solely withoutemphasized on 
62      non-normaldata.Ingenerals,CB-SEMneedsatleast100samplesizetoattainameaningfulfindings. 
63      Otherwise,theresultsuggestedwouldbecomeambiguitiesandofcourseaffectthepredictionprocess 
64      (Afthanorhan, 2014).Alloftheseissuesbecome widerandrestricted forscholartoinvestigate their 
65      analysismoreprofound. 

 

66                                                                 IntroductiontoPLS-SEM 
 

67                      OncethescholarpledgesthelimitationsofCB-SEMinsomecircumstances, PLS-SEMbegan 
68      t o  captureattentionamongscholartosettletheirproblemfaced.PLS-SEMisusedtofocusonvariance 
69      thathasbeencapture inamodel andoverestimate theindicator loadings (Sarstedt, 2014). Inother 
70      words,ifthescholarhadinsufficienttoprovideabetterassessmentformeasurementmodel,PLS-SEM 
71      willbetheonetosolvethatkindofproblems.Indeed,PLS-SEMhasstilllackfitness indicesthatc a n 
72      suggests theConfirmatoryFactorAnalysis(CFA)dueto restrictionforincrementalfitness. 

 

73                     Thus, some of  the researchers suggested that the CB-SEM and PLS-SEM wereplayan 
74      importantroletoprovideabetterfindings.Insomeresearchpapers,theCB-SEMis  preferred 
75      toevaluate themeasurement model(CFAmethod)toevaluate thefitnessofmodel.Inotherwords, 
76      CFA fitness model is the first stage that should be proceeding earlier to enter the next level. 
77      Afterwards,PLS-SEMcanbeusedinthisleveltoachievetheobjectiveresearchbasedoninquiresof 
78      scholars.AccordingtoHair(2012),PLS-SEMandCB-SEMweresupposedtobecomplementing  each 
79      otherratherthantodiscriminateeachapproach. 

 

80                     Moreover, PLS-SEM ismorecomprehensive tobeusedoncethescholars andpractitioners 
81      failedtosatisfythestatisticalassumptionstipulated.Forinstances,ifthescholarsdealwiththeserious 
82      casetoattainthelargesamplesizeinordertoimplement thepathanalysisusingstructural equation 
83      modelingfortheirresearch,PLS-SEMwillbeagreathelptosolvethatproblems. 

 

84                     Usually,thelargesamplesizewouldbeconsideredforparametricdistribution(Afthanorhan, 
85      2014)butsmallsamplesizecanbehandledusingPLS-SEM(Ringleet.al,2014).Inthisinstance,PLS- 
86      SEM used the bootstrapping technique based on the Monte Carlo simulation to resampling the 
87      calculation ofparameterforeachdataset.AccordingtoRingleet.al(2014),5,000samplesareneeded 
88      toobtain  thebestfinding. Inotherwords, PLS-SEM isnotthekindofmethod toassume  foreach 
89      modelisnormally distributedbutsupposes toexecute  thebootstrapping technique tonormalize the 
90      dataset. According toByrne(2010), bootstrapping techniques isanaidtotransform thenon-normal 
91      data setto be normal distribution. Thus, this statement is  adequate tostrengthen the capability of 
92      bootstrappingemployinPLS-SEM. 

 

93                     Hence,t-testisprevailedfortestingthesignificantlevelofcausaleffectbetweenexplanatory 
94      anddependentvariablesconformityoftermssamplesizesuggested.Previously,t-testisprovedtobea 
95      bestwaytodeterminethesignificantlevelforsmallsamplesize(Arshadet.al,2010).Indeed,t-testcan 
96      harm the findings if  the particular method isimplementing for the large sample size but since the 
97      presentofbootstrappingtechniqueinPLS-SEMisquitesignificanttoconvincetheefficiencyoft-test
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fortestingsignificantlevel.Thus,thescholarswhoimplementPLS-SEMrelyont-testtocapturethe 
significantlevelforeachmodeldesigned. 
 

Inseekofenjoymentto PLS-SEM,avarymethodhavebeenproposedbasedontheirresearch 
work.Thishabitisnotinevitablyinsocialscience,management andmarketingdisciplinesespecially 
fortheacademicians.The pathanalysisofPLS-SEMcouldbeextendingtobemoreimportance once thispackage 
offerstheImportance-PerformanceMatrix Analysis (IPMA) toidentifytheimportance 
andperformanceforeachfactor.Consequently,theseresearchi s  moremeaningfulandbetterfocu s  on  
howmanagerialmakedecisionintermsofvaluesoftheirresearch. 
 

PLS-SEM has become increasingly preferred especially when it comes for  the  analysis that 
involveahigherconstructs.Inparticular,PLS-SEMalsooffersauser-friendlytodevelopastructural model that has 
potential to become as  reflective or formative constructs. In fact, CB-SEM also 
managedtoobutthemechanismtobeusedisquitecumbersomeandtakestimetodoso.Thus,mostof 
theresearchersintendtoapplyPLS-SEMthatdistinguishtheroleof reflectiveandformativeconstructs 
(Afthanorhan,2014). 
 

Besides,PLS-SEMalsointroducingtosegmentationapproachthatbasicallybeenusedamong 
themarketingandmanagement  sectortoidentifyanumberofsegmentandtypeofexistenceforeach segment. 
InPLS-SEM, Finite Mixture Partial Least  Square Structural Equation Modeling (FIMIX- 
PLS)istheonlyonesegmentation  methodconstituted(Ringle,2012).Thisaforementioned methodis perceived 
morerelevant  ratherthanResponse BasedSegmentation (REBUS-PLS). Forthecommon knowledge,CB-
SEMdonotprovidethesegmentationclassesinsteadtargetedonpathanalysissolely. 
 

Instatisticalresearch,mostoftheresearchers  interest i s  toadvancetheirresearch with regards to 
distinguishingthecategorical  variable(e.g.:gender,race,education,salaryandstatus)ontheirmodel. This model 
recognized as  modeling moderation butthe method used been classify as  multi -group analysis 
(Afthanorhan, 2014). Multi-group analysisencouraged the scholar to  probe their research 
moreprofoundandextensiveso astocapableexpandstheirresearchinahigherlevel.Inaddition,the 
findingswouldbecomemoreinterestingandinclusivenessto determinewhetherofcategoricalvariable 
(moderatorvariable)hasapotentialtoinfluencethecausaleffect.Inthiscase,theauthorsemploythe 
gender(maleandfemale)tomoderatethecausaleffect. 
 

Truly,  there  arefiveapproaches established todecide theprobability leveltoPartial Least Square 
Structural Equation Modeling Multi-Group Analysis (PLS-MGA) such as  permutation test (Chin,  
2003),non-parametric test(Ringle, 2014), parametric testforequal variances (Ringle, 2012; 
Afthanorhan,2014,N.Kock,2014),parametrictestforunequalvariances(N.Kock,2014;Afthanorhan, 
2014),andHenselertest(Henseler,2010).However,theaimofthisresearchpaper istoguidethereaders 
togeneratethepermutationandnon-parametricapproachestoPLS-MGA. 
 
 

THEORETICALFRAMEWORK 
 

Theoretical frameworkisthemostimportant thingthatshouldbefocused  oncewewantto determine the 
objective research. As aforementioned,   the four exogenous construct are pointing outwards 
tooneendogenous construct. Repeatedly, allofthese  construct should beestablished by literature review, in 
particular, the study is  prevailed to determine the youth perception towards volunteerism 
program.Thefailedsupportingofourresearchmightproduceinaccurate. TheFigure1 
showsthetheoreticalframeworkasfollows:
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In this case,thepaperaddresson thepermutationapproach.Permutationtestcanbeknownas 
randomization  test   that  does notrely on statistical  assumption  to attain  the normal  data.  A 
randomization testisconductedbyenumeratingallpossiblepermutations ofthegroupswhileleaving 
thedatavaluesintheoriginalorder.Inthiscase,thegroupswillbetestisgendergroups(maleand 
female).Thedifference iscalculated  foreachpermutationthatprovidedineachspecifiedgroupsand 
thenumberofpermutationthatresultinadifferentwitha magnitudegreaterthanorequalto theactual 
differenceiscounted.Thistestisfreelydistributionsincethetestisstipulatedby self-researchers.  The 
proportionshouldbecountedbasedthenumberofpermutationstriedgivesthesignificantlevelofthe test. 
 

According toEdgington(1987), atleast 1,000  permutation byselected should becounted. 
Besides,Ringleet.al(2014)suggesttopermuteby5,000permutationsincethebootstrappingtechnique 
willbecalculateintheslowerrate.Inthiscase,theauthoralsousesthesamescaleofRingletoprovide 
allthepossiblepermutation.  Thestepsinpermutationarealmostthesameaspreviousapproachsince 
onlyhasdifferentinobtainingofprobabilitylevel.Listofstepsarestatedasbelow:

 

189 1. Buildoflatentconstructaccordingtothetheoreticalframework. 
190 2. Assignthedataaccordingtogendergroup(Male=1,Female=2) 
191 3. Permutethestructuralmodelbasedonspecifiedgroups 
192 4. ExecutePLSalgorithmforeachspecifiedgroups. 
193 5. Theoutputofpathcoefficientforeachspecifiedgroupswillbeappearindefaultreport. 
194 6. Extractthevalueofpathcoefficient(OriginalMean)foreachpathinstructuralmodelof 
195  specifiedgroups(MaleandFemale). 
196 7. Calculatethedifferenceofeachspecifiedgroups(e.g:|πmale-πfemale|) 
197 8. Calculatetheprobabilityvalue (p-level)basedonthisformulabelow: 
198   

199 

200 

P-level=
 

.                                                                                                   !
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209 

 

Non-ParametricApproach 
Previously, theauthors had published one  article regarding onthe parametric approach to multi-

group analysis using PLS-SEM. However, themethodology used is  inappropriate since the 
appliedmethod(PLS-SEM)isa non-parametricapproach.Thus,thepracticeofparametricapproachto multi-
group  analysisisquiteunfairtodeterminethesignificant ofcausaleffectwhencomparingtwo groups in  
structural model. Consequently, t h e authorsprovide non-parametric approach based on 
Ringleet.al(2012)proposed. 
 

Thereareseveral stepsprovided  toguidethescholarsattaintheiranalysisregarding onthe non-
parametricapproachtomulti-groupanalysis:

 

210 

211 

1. Thedatabase issplitintwoaccording tothemoderating variable. Inthiscase,theauthors 
choosegendervariabletoassignforeachdatabase(e.g:MaleandFemale) 

212 2. RunthePLSpathmodelingalgorithmseparatelyforeachgroup(maleandfemale) 
213 3. The two implied parameters B1  and  B2  are estimated inthose samples. Inthis case, the 
214  authors had 159 cases for male and 293 for female. Once to execute the bootstrapping 
215  technique to attain the probability level for each constructs in structural model, 5,000 
216  samplingwouldbeagreatused. 
217 4. Usingbootstrapping,Jestimationoftheabovementionedparametersineachsample. 
218 5. Thus,thesignificance ofthetestalpha,theprobabilitywouldbewrongifwerejectthenull  
219  hypothesisthatthepopulation  parameter  B2ingroup2(Female)ishighertothepopulation 
220  parameterB1ingroupone(Male)onecanbecalculatedasfollows(JoaquinManzano,2012): 

Comment [A74]: remove replace with is 

Comment [A75]: The sentence need 
improvement 

Comment [A76]: Not seen in reference page 

Comment [A77]: removed 

Comment [A78]: not in ref. . Sarsted et al. 

Comment [A79]: grammar 

Comment [A80]: remove this is against 
academic writing 

Comment [A81]: ,evidence 

Comment [A82]: Not in reference page 



UNDER PEER REVIEW 
 

)

 
 

221 

222 α=Pr(B1>B2|b1<b2)=1-∑
$%!%&'%!%&%&%! 

(
 

223 

224 

225 

226 

227 

228 

229 

230 

 
Where: 
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X=0    x<0 
B1= ParameterofGroup1 
B2= ParameterofGroup2 
J=Bootstrappingestimation

231 

232 

233 

234 

235 

236 

237 

238 

239 

240 

241 

242 

243 

244 

245 

246 

247 

248 

249 

250 

251 

252 

253 

254 

255 

256 

257 

258 
 

259 

260 

261 

262 

263 

264 
 

265 

266 

267 

268 

269 

270 

271 

272 
 

273 

274 

Basically, thisapproach isalmostthesameasMann-Whitneytestwhichisknownoneofthenon- 
parametrictests.Inotherwords,theprobabilitythattheestimatedparameteringroup2ishigherthan theestimation 
ofgroup1,is1-α.Henseler(2009)hadprovide aspreadsheet ofMicrosoft excelto 
maketheoperationaltheprocedureaccordingtohispaper.Thus,thisresearchpaperpresentsastepby step 
approachto  non-parametric using this sheet. The nameof  sheet is PLS-Hubonathat can be 
attaininginGoogle. 
 

Non-ParametricConfidenceSetApproach 
Sarstedtet.all(2011)proposedtheconfidencesetapproachinwhichwasinitiativebyKeilet. al (2000) to  

prevent the deficiencies of methodology. Afthanorhan(2014) stated that the method developby 
Keilet.al(2000)isusefulfornormalitydata,thus,theindependentt-testwasconducted.In accordancewiththis 
test,the researcherscancomparethegroupspecificbootstrapconfidenceinterval, regardlessofwhetherthedataare 
normallydistributedornot(Sarstedtet.al,2011).Theprocedureis as followsbelow: 

1.   Thedatabaseissplitintwoaccordingto themoderatingvariable.In thiscase,theauthors 
choosegendervariabletoassignforeachdatabase(e.g:MaleandFemale) 
2.   RunthePLSpathmodelingalgorithmseparatelyforeachgroup(maleandfemale) 

3.   Thetwoimpliedparameters  B1andB2areestimatedinthosesamples.Inthiscase,the authors  
had159casesformaleand293forfemale.Oncetoexecute thebootstrapping technique toattain 
theprobability level foreach  constructs instructural model, 5,000 
samplingwouldbeagreatused. 

4.   Constructthebias–correctedinwhich95%ismostpreferred. 
5.   Ifthe  parameterestimates forapath relationship between exogenous andendogenous 

constructofgroup1fallswithinthecorresponding confidenceintervalofgroup2,itcan be 
assumedthatthereareno significantdifferencesbetweenthegroupspecificpath coefficients. In 
other words, if  the parameter estimate falls outside of  the confidence 
intervalproduced,then,itcanbeassumedthattherearesignificant differences between 
thespecificgroups. 

 
Davison&Hinkley(1997)isoneoftheresearcherusethisparticularapproachto carryontheir 

research.Efron(1981)arguethatconfidencesetapproachismisleadingoncethedataappliedis small sample size. 
Inorder tosustain thecapability ofPLS-SEM tocarry  onthelarge data,  the double 
bootstrapisproposedbyHenseleret.  al(2009).Thedoublebootstrapmeanscomprisedofresampling technique 
outperformsof5,000 samples. Hair et.al(2011) suggests touse atleast 5,000 bootstrap 
samplewouldrequiredrawingmorethan25x106bootstrapsamples. 
 
 
 

FINDINGS 
In  this subtopic, the authors interesttoaddress the total variation of  each construct once executed 

separately. Inthiscase,theauthor  havefourtypeofexogenous construct namelyBenefit, Government, 
Challenge, andBarrierandoneendogenous construct  namelyMotivation. Theseentire 
exogenousconstructhadbeentestedonMotivationrespectively.Thisapproachcanhelpsusto identify 
whichoneofthefactorswouldcontributethemostvariation. 
 

In  other words, the higher  the square multiple correlations would be consider, 
highperformance.Inaddition,theimportanceofeachconstructscanbeindicatingbasedonthecausaleffect
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293 

produced betweenexogenous andendogenous constructs. Alloftheseconstruct hadbeenexecuted 
withthesameskillstoprovidetheresults.InTable1havepresentfourtypesoffigureswhichrepresent 
ofeachconstructs. 
 

Basedontheresultpresented,The const ruc t  ident i f y as Benefit isthemostimportanceand 
performance sincethecausaleffectandsquaremultiple  correlations arethehighestrespectively. Of addressing 
the  significance total variation, the interpretation should be  stressed on  the same thing 
towardsotherfactors.Inthisinstance,Challengefactorisexpectedtobethepoorestperformanceand 
lessimportance. Thus,thisresearchmaybeabletobeextendingtopromotethecapabilityofBenefit 
factorforthefutureresearch. 
 

In particular, square multiple correlations is  important to help the managerial make the decisionto 
ensurewhethereachchosenfactoris appropriatetofurtherthestudies.Todate,allofthese factorsshouldberetained 
sincethisresearch hadagoodreasontosupportallofthisresearch even someconstructprovidelesscontribution. 
 

However,theitemthatshouldberetainedoneachconstructshouldbeconformachieveofthe statistical 
assumption whichisbasicallyhigherthan0.60ofouterloadings. Moreover, thereliabilit y and validity for each 
construct should be performed in  order to prevent inaccurate findings. The accurate findingwouldperform 
themeaningful research thathaspotential tocontribute inallareas 
includingofsocialscience,marketing,business,managementandotherdiscipli nes. 
 

SquareMultipleCorrelation(R2)
 

Benefit 
 
 
 
 
 
 
 
 
 

Government 
 
 
 
 
 
 
 
 

Challenge
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FullModel 

OriginalSample 
(O) 

Sample 
Mean(M) 

StandardError 
(STERR) 

TStatistics 
(|O/STERR|) 

Barrier->Motivation 0.082066 0.083236 0.031514 2.604121*** 

Benefit->Motivation 0.683311 0.681209 0.037681 18.133986*** 

Challenge-
>Motivatio
n 

 
0.017979 

 
0.022381 

 
0.031034 

 
0.579353 

Government-
>Motivation 

 
0.127794 

 
0.129892 

 
0.035932 

 
3.556564*** 

 

 
 
 

Barrier 
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Table1:SquareMultipleCorrelation 
 

Then,thisresearch  assembletheentireexogenous construct exertonendogenous construct which  
isnamely structural model. Inthisapproach, theauthors ensure theassessment ofstructural 
modelisachieved.Forinstances,allofthefactorsachievedtherequirement ofqpredictiverelevance 
(Q)whichishigherthan0.Ringle(2005)indicatesthattheupper0meansthefactorsemployinthis 
areasarerelevanttoresearched.Table2presenttheoriginalsample,samplemean,standarderrorand T-
statisticsforeachpathonceexecutedthebootstrappingtechniqueinSmartPls2.0. 
 

ThefindingssuggestthatthreeoutoffourconstructnamelyBarrier,BenefitandGovernment 
havesignificantimpactonMotivation.Instead,onlyonepathbetweenChallengefactorandMotivation isexpected 
doesnothassignificant impact. Inparticular, Benefitfactor  isperceived themostoft- 
statisticswhichmeansthatBenefitisthemostcontributed conformityofsquaremultiplecorrelation 
testpreviously. Afterwards, thisresearch paper  willbeextending topractice Non-parametric, Non- 
parametricconfidencesetintervalandPermutationapproachestoMulti-groupanalysisinPLS-SEM.

 

 
 
 
 
 
 
 
 
 
 
 

307 
 

308 

309 

Table2:FullModel 
 
Firstly, theauthorcarries onpermutation tomulti-group analysis followed  byotherapproaches. All 
findingsrelatedonthisapproachesarepresentedinTable3:
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FullModel OriginalSample 

(O) 
Sample 

Mean(M) 
StandardError 

(STERR) 

 
P-Value 

Barrier->Motivation 0.082066 0.083236 0.031514 2.604121*** 

Benefit->Motivation 0.683311 0.681209 0.037681 18.133986*** 

Challenge-
>Motivatio
n 

 
0.017979 

 
0.022381 

 
0.031034 

 
0.579353 

Government-
>Motivation 

 
0.127794 

 
0.129892 

 
0.035932 

 
3.556564*** 

 

Male OriginalSample 
(O) 

Sample 
Mean(M) 

StandardError 
(STERR) 

TStatistics 
(|O/STERR|) 

Barrier->Motivation 0.078119 0.0813 0.052801 1.479489 

Benefit->Motivation 0.688298 0.6868 0.064688 10.640206*** 

Challenge-
>Motivatio
n 

 
0.012209 

 
0.0274 

 
0.054873 

 
0.222503 

Government-
>Motivation 

 
0.124517 

 
0.1250 

 
0.061750 

 
2.016464** 

 

Female OriginalSample 
(O) 

Sample 
Mean(M) 

StandardError 
(STERR) 

TStatistics 
(|O/STERR|) 

Barrier->Motivation 0.0776 0.0785 0.0398 1.9520** 

Benefit->Motivation 0.6922 0.6890 0.0468 14.7998*** 

Challenge-
>Motivatio
n 

 
0.0134 

 
0.0214 

 
0.0381 

 
0.3518 

Government-
>Motivation 

 
0.1197 

 
0.1237 

 
0.0447 

 
2.6780*** 

 

PermutationTest 
 

Male 
 

Female 
 

|Difference| TStatistics 
(P-value) 

Barrier->Motivation 0.078119 0.0776 0.000519 0.5556 

Benefit->Motivation 0.688298 0.6922 0.0039 0.3333 

Challenge-
>Motivatio
n 

 
0.012209 

 
0.0134 

 
0.00119 

 
0.5556 

Government-
>Motivation 

 
0.124517 

 
0.1197 

 
0.004817 

 
0.5556 
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ANonParametricApproachtoMulti-groupAnalysis

 

Non-Parametric Male Female ErrorProbability P-Value 

Barrier-
>Motivatio
n 

 
0.078119 

 
0.0776 

 
0.518000 

 
0.4820 

Benefit-
>Motivatio
n 

 
0.688298 

 
0.6922 

 
0.464300 

 
0.5357 

Challenge-
>Motivatio
n 

 
0.012209 

 
0.0134 

 
0.552800 

 
0.4472 

Government-> 0.124517 0.1197 0.127794 0.872206 
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Motivation     

Non-Parametric 
ConfidenceSet 

Interval 

 
Male 

 
Female 

 
LowerandUpper 

(95%biascorrected) 

 
Confidence 

Interval 

Barrier-
>Motivatio
n 

 
0.078119 

 
0.0776 

 
[0.073943,0.083057] 

FallsinRange 
(N.S) 

Benefit-
>Motivatio
n 

 
0.688298 

 
0.6922 

 
[0.683641,0.694358] 

FallsinRange 
(N.S) 

Challenge-
>Motivatio
n 

 
0.012209 

 
0.0134 

 
[0.017037,0.025763] 

 
NotinRange(Sig) 

Government-
>Motivation 

 
0.124517 

 
0.1197 

 
[0.118582,0.128819] 

FallsinRange 
(N.S) 
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343 

344 

345 

346 

347 

348 

349 

350 

351 

352 

353 

Table3:FindingsofNon-Parametric  Test 
 

*:P-level≤0.10;**:P-level≤0.05;***:P-level≤0.01;N.S:NotSignificant;Sig:Signif icant 
 

Table3isnotonlypresenstthefindingofpermutation, non-parametric, andnon-parametric 
confidencesetintervalapproachesbuttheresultforeachgroupsincludingformaleandfemalearelaid out.By 
inspectingthroughforeachapproachincludingthefullmodel,almostapproachessuggestthe 
similarfindingsunlessnon-parametric confidencesetapproaches. Thefirstpart,theauthorsseparate 
thefullmodeltobegroup  1(Male) andgroup  2(Female) andexecute usingPLSalgorithm. PLS 
algorithmisdevelopedbyLindgrenet.al(2005)andthetruenameiskernelPLSalgorithm.But,now 
thisapproachhasbeenexpandtobeknownasWideKernelPLSalgorithmbyMeviket.al(2011). 
 

Formalegroup,thereare two independentfactorsnamelyBenefitandGovernmenthave 
significantimpactonMotivationduetothevalueisabsolutegreaterthan1.96.Previously,theBarrier factor isa 
significant impact on Motivation before separately. Thus, itcan be proved that the 
significantimpactisinfluenced bycharacteristics ofeachgroup.Inotherwords,Malegroupsdonot 
haveanyobstacle toaffecttheMotivationfactor.However,thisparticulargroupagreestoindicatethat 
theBenefitandGovernment canaffecttheirMotivation topronevolunteerism program. Inadditi on, theydecide 
theChallenge factorisdonoteffect  onMotivation. Thus,therelated partiesshouldbe address that Male group 
donot have anyproblem tobe  active involunteerism program and  they 
certifiedthisprogramisgoodfortheircountry. 
 

Forfemalegroups,theyhavea differentviewtoexplainthesignificantofvolunteerism.They 
agreethatBenefit,BarrierandGovernment canaffecttheirMotivation  toparticipate involunteerism 
program.But,theyalsohaveasameviewwiththeMalegrouptosuggestthatChallengefactordonot 
affecttheMotivation.Thus,therelatedpartiesshouldprovideanaffirmativeactiontoidentifywhether 
thisfactormayoneofthemainproblems topreventthemactiveinvolunteerism program. Besides, Female groups 
indicate the Barrier factor is one of  the factors hinder them toprone inparticular program.Thisis 
becausesomeoftheirparentsdonotgivepermissionto lettheirdaughterto involveof suggestedprogram. 
 

Forpermutationtestwhichisoneofthefreedistributionin whichdonotreliesonstatistical assumption 
executed. As aforementioned,   permutation test is appropriate to conduct multi -group 
analysistoidentifywhetherthegendergroupsisinfluenced onMotivation. Thefindingssuggestthat 
allofthesefactorsagreethecausaleffectbetweenexogenousandendogenousconstructsdonotaff ect 
bygendergroups.BasedontheTable3,theauthorspresentcharacteristicsoftableforpermutationtest 
thatshouldbeaddressed.In thiscase,originalsample(pathanalysis)formaleandfemalearepresented followed 
bydifferent and probability value. Different valuesare attained based on the different betweenmeanof 
maleandfemalerespectively.Thelast columnpresentof probabilitylevelthatcanbe 
calculatedbasedonthepreviouslyformulagiven.Thismethodneedsbilateral  stepstoconsiderforthe 
wholeperspectiveinorderto preventunfairassumption.Thedifferentbetweenmaleandfemalecanbe 
presentedasbelow:
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Figure2:DifferencebetweenMaleandFemale 

 
Fornon-parametric testtomulti-group analysis,theauthorsalsopresenttheoriginalsample 

meanofmaleandfemalesameaspermutationtest.However,thethirdcolumniserrorprobabilitythat 
willbecalculatedbythePLS-Hubonasheet.Thelastcolumnisprobabilityleveliscountedbasedon theformula:1-
ErrorProbability.Inordertoilluminatethestepofnon-parametrictest,theauthorshows thestepasbelow:

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

362 
363 

 
Figure3:Male(Bootstrap)

 

364 1. Split data into two groups (Male and Female) and  execute respectively. In this case, the 
365  authorsstartonmalegroupsandtheresultwereappearedindefaultreport. 
366 2. Then,executeBootstraptechniquetoobtainthestandarderrorandT-statisticsformalegroup. 
367 3. Theresult waspresented for each path and sample. Inthe first column ispresent Barrier 
368  Motivation.Thus,thescholarsshouldcopythefirstcolumnandpasteinthecolumnof100 
369  bootstrapvaluesofgroup1. 
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375 3. Parameterofgroup1repre
376  forparametergroup2. 
377 4. Figure 5 present an exam
378  analysisasfollows: 
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Figure4:Female(Bootstrap) 

oupissimilarasmalegroup. 
arrierMotivationfromMaledata,thus,thesamefactorshouldbe 

n100bootstrapvaluesofgroup2. 
esentfororiginalmeanofMalegroupaswellasforFemalegroup 

mple of PLS-Hubonato execute the non-parametric multi-group

Figure5:Non-ParametricTest 
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each approaches applied, non-parametric confidence set interval test is  the only one suggests the difference 
result.Thus,itcanbeperceived thatthedifferentapproaches willeffectofourfindingto 
carryontheresearchmoreprofound.However,thisapproachisagreedtoindicatethattheotherfactor aredo 
notsignificantimpactinlineofpreviousapproaches. 
 
ExampleofBarrierMotivationinGroup2(Female): 
 
AverageMean:0.0785 
StandardError:0.0398 
SampleSizeforfemalegroup:293 
95%confidencelevel=1.96(Referz-testtable) 

'.'*+,
392 

393 

ConfidenceInterval: 
√&+*

 

=0.002325; 

=0.002325x1.96(95%confidencelevel)
394 

395 

396 

397 

398 

399 

400 

401 

402 

403 

404 

405 

406 

407 

408 

409 

410 

411 
 

412 

413 

414 

415 

416 

417 

418 
 

419 

420 

421 

422 

423 

424 

425 

 
426 

 

427 

428 

429 

430 

431 

432 

433 

Margin        =0.004547 
UpperInterval:0.0785+0.004547=0.083057 
LowerInterval:0.0785–0.004547=0.073943 

Theprocessofotherexogenousconstructsissimilarasabove. 
 

CONCLUSION 
This research paper intends to  carry on  the multi-group analysis using three proposed approaches 

namelypermutation test,non-parametric test,andnon-parametric confidence setinterval. To date, the authors 
use the same data by  the distinct approaches to  determine whether these approaches would provide 
thesame ordifferent findings. Allofthese  approachesare  known non- 
parametric,meansthat,theydonotreliesanystatisticalassumptionandfreelyforresearchersto further their 
studies. Moreover, the authors interest to present the scholar on how to  implement these approaches 
sothatthereaders  knowverywellwhichapproach iseasytoimplement basedontheir 
knowledge.Basedonourexperience andobservation, non-parametric confidence setapproach  isthe easiest 
waytoprovide  theprobability levelratherthantheotherapproaches. However, iftheother researcher 
interesttoapplynon-parametric test,thescholars  areadvisedtoattainthespreadsheet of 
Henseler(2009)toascertainthemcarryontheirresearch. Moreover,  thepermutation testalsocanbe 
performedbutthescholarsshouldbecarefulsincethebilateralmechanismisapplied. 
 

Thefirstpartis abouttheusageofSquareMultipleCorrelation(R2)thathasbeencarryonthis 

research.Inbasically,R2isusedtolettheresearcheridentifywhethertheirresearchisadequateornot fortheir 
research. However, the  authors suggest thatthismethod isnot onlylimited tojustify  the structural model but 
also helps the scholars to identify which one of the independent variable is 
importance andperformance regardless ofstatistical assumption. This  approach isjustify since the most 
importance and  performance factor namely Benefit construct isconstantly performed for the 
subsequentanalysis. 
 

Afterwards, theauthorsperformed threeapproaches tocarryonthemulti-group analysison the basis of  
formula and step bystep provided. Based onthe findings presented, two approaches 
namelypermutationtestandnon-parametric  testsuggestthesimilarresult,inparticular,gendergroups 
donotinfluences thecausal  effect  between fourindependent variable onMotivation (endogenous 
construct).Nevertheless, non-parametric confidencesetintervalrevealthattheChallengefactoristhe 
onlyonefactor  hassignificant influenced bygender grouponMotivation, inawhile, otherfactors 
providethesameresult. 
 

RECOMMENDATION 
 

Thissubtopicisexisttoimprovethelimitationthathasbeenfacedbyauthorstoaccomplish theresearch 
work.  Thefirstthings isabout  thesample sizeusedshouldbeenlarged  forthefuture 
researchinordertoensurethefindingsmoreaccurateandmeaningful.Thisisbecausethesamplesize 
canbeamainproblemthatcausestheapproachpresentdifferentresult.Thesecondthingsareabout the 
moderatorvariable applied. Inthis case, the author stress on gender group tobe a  moderator 
variablebasedontheliteraturereviewhasapotentialtomoderatestheinfluencebetweenexogenous 
andendogenous construct. However, almost approaches suggest thatthisgender groupdonothave

Comment [A98]: removed 

Comment [A99]: no need for citation 

Comment [A100]: the importance of SMC 
has been established by researchers  what is the 
significance of your findings related to 
previous reseatrch 

Comment [A101]: grammar 

Comment [A102]: VB-SEM could be 
accomplish irrespective of the sample size 



UNDER PEER REVIEW 
 

 
 

434 

435 
 

436 

437 

438 

439 

440 

441 

 
442 

 
443 

 

444 

445 

446 
 

447 
 

448 

449 

450 

451 
 

452 

453 

454 
 

455 

456 

457 
 

458 

459 

460 
 

461 

462 
 

463 

464 

465 
 

466 

467 
 

468 

469 
 

470 

471 
 

472 

473 
 

474 

475 

476 

potential toinfluence thecapability ofMotivation. Thus,  itmight beagoodreason  forauthors to 
proposeothercategoricalorcontinuousfactortosupportourtheoreticalinthenextresearch. 
 

Thethirdpart,theauthorssuggestthisapproaches shouldbeemployinSmartPLS2.0since the practice of 
multi-group analysis has become a  main research for academicians toextend their research.   The fourth 
part, PLS-SEM is more interesting  once the developers  also provide the 
approachesformorethantwogroupsinmulti-groupanalysis.Thelastpartis aboutthe assessmentfor measurement 
andstructural modelshouldbeperformed. Thisisbecause  someresearcher interestto 
justifytheirworkbasedonassessmentinordertojustifytheirworktoreaders. 
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