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Inparticular,CB—SEMhavetwotypesofmobelwheﬂg@xnleg@qng modelandsictural
modelregarding to theobjective of this researdsi@ally, measurementmodel is commonly used for
ConfirmatoryFactorAnalysis(CFA)toconfirmwhichitemsiachconstructshouldberetainedfor
thesubsequent stepswhichisstructural model(AftherOlAb.Inthiscase,thescholarerw
served a vary of assessment of fitness as a ganga¢h measurement to justify thetnéss.
AccordingtoRingleet.al(2012) thefitnessofmodelcdptprovideameaningfulfindingftre —
structuralmoel.

Moreover,CB-SEMisgenerallybeenusedtominimizethegtationmatrixandatthesne
timetostressonthecovarianceinamodel(Hair,2012).fidesmlureforthismethodisquitem y

on theirresearch based on the prediction obtaBesides, this particularmethod is useful udhmgy

parametric distribution. The parametricisconsiddmednormal data solely withoutemphasized on
non-normaldata.Ingenerals, CB-SEMneedsatleast100saizgtoattainameaning ﬂllfdingf%.ﬁ 77777777777
Otherwise,theresultsuggestedwouldbecomeambiguitiieseourseaffectthepredictionpress

(Afthanorhan, 2014).Alloftheseissuesbecome widerestdcted forscholartoinvestigate their

analysismoreprofound.

IntroductiontoPL S-SEM

suggests theConfirmatoryFactorAnalysis(CFA)duestrigionforincrementalfitness.

Thus, some of the researchers suggested thaB#+&EM and PLS—SEN/I wetrqp[ag 7777777777
importantroletoprovideabetierfindirig§1n§gmqg§gqm9gr§,tjlg@l§-§l§l\4i§ ¢erred
toevaluate themeasurement model(CFAmethod)toeathefitnessofmodel.Inotherwords,

CFA fitness model is the first stage that shoulghtmeeeding earlier to enter the nixtel.
Afterwards,PLS-SEMcanbeusedinthisleveltoachieveifemtiveresearchbasedoninquiresof
schoIars.AccordingioHair(ZOhZ),PLS-SEMandCB-SEMwanposedtobecomplementimgam

otherratherthantodiscriminateeapipraach.

Moreover, PLS-SEM ismorecomprehensive tobeusedbeseholars andpctitioners
faiIedtosatisfythestatisticalassumpﬁonstipuIhtfoq@gange§,Lﬁbgsgnoja[sgg@with@QU§ 77777777777

casetoattainthelargesamplesizeinordertoimplemepttihanalysisusingstructuesjuation
modelingfortheirresearch,PLS-SEMwillbeagreathelphesthatprolbems.

Usually,thelargesamplesizewouldbeconsideredforpemaedistribution(Athanorhan,
2014)butsmallsamplesizecanbehandledusingP LSLSEM(éénaI,20]J£Q.1n3hjsjn§tggc§LPl_§— 7777777777

SEM used the bootstrapping technique based on tr@éMCarlo simulation to resamplitige
calculation ofparameterforeachdataset.Accordhnmgl@'et.al(ZOJM),5,000sampIesaeedEd

toobtain thebestfinding. Inotherwords, PLS-SENbisinekindofmethod toassume éach
modelisnormally distributedbutsupposes toexecttbaotstrapping technique tonormalibe
dataset. According f(oByrne(Zd}O),ppgtgtrfapgiQgir@pggsiisiapqi@gt[agsjgrm ‘thenon-natm

data setto be normal distribution. Thus, this statet is adequate tostrengthen the capability of
bootstrappingemployinPLS-SEM.

anddependentvariablesconformityoftermssamplesizesigd.Previously,t-testisprovedtabe
bestwaytodeterminethesignificantlevelforsmaIIsars'qzlé(Arshadet.al,ZOﬁ.O).Indeed,t-test

presentofbootstrappingtechniqueinPLS-SEMisquiteBag@mttoconvincetheefficiencybftest
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98 fortestingsignificantlevel. Thus,thescholarswhoinmpéatP LS-SEMrelyont-testtocapttine

99 significantlevelforeachmodetsigned. - {Comment [A58]: Line 99, citation is needea
100 ‘InseEkOfenjOVmeh,ttQ _______PLS-SEM,avarymethodhavebeemsesbasedontheaseach Comment [A59]: Line 100 what do you
101 work. Thishabitisnotinevitablyinsocialscience,marmagat andmarketingdisciplinespecially w mean ‘
102 fortheacademicians.The pathanalysisofPLS-SEMcoextieaedingtobemoreimportance amn thispackage
103 offersthelmportance-PerformanceMatrix Analysis (IRM toidentifytheémportance
104 andperformanceforeachfactor.Consequently,thesecssa moremeaningfulandbetterfocus on
105 howmanagerigimakedecisionintermsofvaluesoftesgarch. - = w Comment [A60]: Line 105 replace with ‘
106 PLS-SEM has become increasingly preferred espgoigtien it comes for the analysisat anagement
107 involveahigherconstructs.Inparticular,PLS-SEMal$exfauser-friendlytodevelopasctural model that has
182 potential to become as reflective or formative stocts. In fact, CB-SEM also
110 managedtoobutthemechanismtobeusedisquitecumbersdtakestimetodoso. Thus,mostof
111 theresearchersintendtoapplyP LS-SEMthatdistinguésbthof reflectiveandformatieensructs

(Afthanorhan,2014).

ﬁg Besides,PLS-SEMalsointroducingtosegmentationapptbatbasicallybeenusaahong
114 themarketingandmanagement sectortoidentifyanurfdgEgmentandtypeofexistencedad  segment.
115 INPLS-SEM, Finite Mixture Partial Least Square uBtoral Equation Modeling (FIMIX-
116 PLS)istheonlyonesegmentation methodconstituted(RjR012). Thisaforementioned metli®doerceived
117 morerelevant ratherthanResponse BasedSegment®BBUS-PLS). Fortheommon knowledge,CB-
118 SEMdonotprovidethesegmentationclassesinsteadta@gtathanalysissely.
119 Instatisticalresearth,mostoftheresearchers  irtteres toadvancetheirresearch with regatds Comment [A61]: Line 119, replace with
120  distinguishingthecategorical variable(e.g.:gerdeg,education,salaryandstatus)ontheiretodhis model w quantitative research technique,

121 recognized as modeling moderation butthe methoeld useen classify as rhitgroup analysis
122 (Afthanorhan, 2014). Multi-group analysisencouragéde scholar to probe their eseach

123 moreprofoundandextensiveso astocapableexpandsteanchinahigherlevel.Inaddititime
1;4 findingswouldbecomemoreinterestingandinclusivergesst determinewhetherofcategoricafiable
5

(moderatorvariable)hasapotentialtoinfluencethedatfsat.Inthiscase,theauthorsemptiog
126 gender(maleandfemale)tomoderatethecaifsadt

127 Truly, there arefiveapproaches established taidetheprobability leveltoPartialdast Square

gg Structural Equation Modeling Multi-Group Analysi®L(S-MGA) such as permutatiotest (Chin,

130 2003),non-parametric  test(Ringle, 2014), parametriestforequal variances (Ringle, 2012

131 Afthanorhan,2014,N.Kock,2014),parametrictestforuredgariances(N.Kock,2014; &fanorhan,
2014),andHenselertest(Henseler,2010).However thaftiimresearchpaper istoguidetbeders

132 togeneratethepermutationandnon-parametricapproamthes-MGA. L - ‘[Comment [A62]: Permutation test J
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134 THEORETICALFRAMEWORK

1:2 Theoretical frameworkisthemostimportant thingthatdbefocused oncewewantdetermine the

137 objective research. As aforementioned, the fodbgenous construct are ipbing outwards

138  tooneendogenous construct. Repeatedly, allofthemestruct should beestablished by literature review ‘[Comment [A63]: Line 138 why ? ]

139 particular, the study| is  prevailed to_determinee tiyouth perceptiontowards volunteerism
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Par ametricT estfor EqualandUnequal Variances

Parametric testisb@sllyforthenormaldataandthefindingswillbecomeimpredihe scholar apply
the contradict assumpti (Afthanorhan, 2014). This aforementionedapproaclas winitiallyby
Keil(2000)andthenhasbeenexdienbyChin(2003)toensuretheaccurateanalysisfor pilityédvel.In  PLS-
SEM,thenormalitytestisnotpradeédsincetheappliedmethodisusefulfor
variousdata.Inotherwords,theparetricandnon-parametrictestisallowedtobeconducteden
toachievetherequiredobjectiezearch(Afthanorhan,2014).However,theimplementati of PLS-
SEMdoesnotassumeallthedatastitutedarenoral.

variances.Theequalvarianceasptionisimportantindeterminingwhichappropriatestitatest
tobeuse.Thus,thebox-plottestipanlvidedinsomepackagessuchasSPSS,MINITAB,arelstohelp
theresearchers to identif the types of variances. According | toNCSS statl software
chapter206,ifthedataarenon-mal,themodifiedLevenetestcanbea greathefpfohanynon-

normalsituations.Someresearcdiecommendagainstusingapreliminarytestonvarianceictwh
donothaveastronglysuppodte tostandthefindings.  Thus,ifthescholars decideagain  these
preliminarytest,theratioofthesahesizes(largersamplesizeoverthesmallersamplesigegs

Afthanorhan(2014)statithatseveral stepstoguidethescholars undertakeheirrgseach.
Listofstepsisstatedasbelowfortupialunequalariances:

1. Buildoflatentconstrctaccordingtothetheoreticagimework.
Assignthedataacatingtogendergroup(Male=1¢fmale=2)
Permutethestrucimodelbasedonspecifiedgroups

ExecuteP LSalgohimforeachspecifiedgroups.
Thet-statisticsforeagroupswillbecarryontothenexéeps

Calculate theprobdity levelbasedontheKeil(2000)andChin(2003)formuiae
equalandunequadviances-test.

7. P-valuelesstharfllconsideredsignificantpaths(Rejectnullh fpesis).

8. Thep-levelforbotlectsshouldbesameevencarrythedifferentofbetticient.

ook~ wN

Themaihdfthisresearpapertoaddressonthepermutationandnon-parametri test.Thus,
theguideofthistestwilljeillumirtdwiththeillustrationofformulaanéjures.

Per mutationApproach
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In this case,thepaperaddresson thepermutationagpRermutationtéstcaribeknosen
randomization test that does notrely on siafist assumption to attain the normal data. A
randomization testisconductedbyenumeratingallpteyséomutations ofthegroupswHhideving
thedatavaluesintheoriginalorder.Inthiscase,thegwilfbetestisgendergroups(matel
female). Thedifference iscalculated foreachpernunétatprovidedineachspecifiedgroaps
thenumberofpermutationthatresultinadifferentwitha agmitudegreaterthanorequalto dlckial

differenceiscounteld. Thistestisfreelydistributionsithetestisstipulatedby self-researchers. e Th

willbecalculateintheslowerrate.Inthiscase,thealtsausesthesamescaleofRingletopdev
allthepossiblepermutation. Thestepsinpermutatislarostthesameaspreviousapproaetes

Buildoflatentconstructaccordingtothetheoretiaaifework.
Assignthedataaccordingtogendergroup(Maleerhdte=2)
Permutethestructuralmodelbasedonspecifiedgroups
ExecutePLSalgorithmforeachspecifiedgroups.
Theoutputofpathcoefficientforeachspecifiedgrauifseappearindefauleport.
Extractthevalueofpathcoefficient(OriginalMeamgachpathinstructuralmodelof
specifiedgroups(Maleanéfmale).
Calculatethedifferenceofeachspecifiedgroup g8 mtemard)

8. Calculatetheprobabilityvalue (p-level)basedasfirimulakelow:

I N

N

P-level=

Non-Par ametricAppr oach
Previously,| theauthors had published one artiegaldinq onthe parametric approachmulti-

appliedmethod(PLS-SEM)isa  non-parametricapproacls;Thepracticeofparametricapproeh multi-
group analysisisquiteunfairtodeterminethesigniftca ofcausaleffectwhencomparimgp  groups in
structural model. Consequently, theauthorsprovideon-parametric  approach based on
Ringleet.al(2012)propes. |

Thereareseveral stepsprovided toguidetheschdiairsieiranalysisregarding the non-
parametricapproachtomulti-groamalysis:

1. Thedatabase issplitintwoaccording tothemodegatariable. Inthiscase,thgthors
choosegendervariabletoassignforeachdatabase(eggahtemale)

2. RunthePLSpathmodelingalgorithmseparatelyforeanigmaleandimale)

3. The two implied parameters B1 and B2 arevest@d inthose samples. Inthis cabe,
authors had 159 cases for male and 293 for fer@alee to execute the bistrapping
technique to attain the probability level for eacimstructs in structural model, 5,000
samplingwouldbeagreaters.

4. Usingbootstrapping,Jestimationoftheabovementipasametersineacasple.

5. Thus,thesignificance ofthetestalpha,theprobighibuldbewrongifwerejecttheriu
hypothesisthatthepopulation parameter B2ingroee(@le)ishighertothepofation
parameterBlingroupone(Male)onecenbecal culatedasfall ows(JoaquinManzeno.2012):
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a=Pr(B1>B2|h1<h)=x it ihhR '()

Where:
X=1 x>0
X=0 x<0
B1= ParameterofGroupl
B2= ParameterofGroup2
J=Bootstrappinestimation

Basically, thisapproach isalmostthesameasMann-Wigstwhichisknownoneofthenon-
parametrictests.Inotherwords;theprobabilitythatsiesatedparameteringroupishigtien—theestimation
ofgroupl,isla.Henseler(2009)hadprovide aspreadsheet ofMicrosoft exceto
maketheoperationaltheprocedureaccordingtohispames,ihisresearchpaperpresentsastepby step
approachto  non-parametric using this sheet. Thenenh sheet is PLS-Hubonathat care b
attaininginGootg.

Non-Par ametricConfidenceSetApproach

Sarstedtet.all(2011)proposedtheconfidencesetapiroahichwasinitiativebyKe#t al (2000) to - comment [A83]: Wrong citation )
prevent the deficiencies of methodology. Afthanoi2814) stated that the atnod developby
Keilet.al(2000)isusefulfornormalitydata,thus, theipdndentt-testwasconducted.In ___accordancewiththis _ _ {COmment [A84]: Wrong citation }

test,the researcherscancomparethegroupspecifittapmenfidencimterval, regardlessofwhetherthedataare
normallydistributedornot(Sarstedtet.al,2011).Thepdureisas followstelow:
1. Thedatabaseissplitintwoaccordingto  themodegatiriable.In  thiscase,thgthors
choosegendervariabletoassignforeachdatabase(eezMtemale)
2. RunthePLSpathmodelingalgorithmseparatelyfdrgamup(maleandmnale)

3. Thetwoimpliedparameters ~ BlandB2areestimathdgesamples.Inthiscad® authors
had159casesformaleand293forfemale.Oncetoexecut®odisgapping technique toattain
theprobability level foreach constructs instruatur model, 5,000

samplingwouldbeagreaters.

4. Constructthebias—correctedinwhich95%ismesépred.

5. Ifthe  parameterestimates forapath relatignshetween exogenous amdlogenous
constructofgrouplfallswithinthecorresponding coefideintervalofgroup2gen be
assumedthatthereareno significantdifferencesbetivegroupspecificath coefficients. In
other words, if the parameter estimate falls aletsiof the confidence
intervalproduced,then,itcanbeassumedthatthereaifisant differences bween
thespecificgroups.

Davison&Hinkley(1997)isoneoftheresearcherusethiémarapproachto ~ carryéineir ~_ _ Comment [A85]: Davison, Hinkley and
research.Efron(1981)arguethatconfidencesetappraacsieadingoncethedataappliedis adimsample size. ks . w Young (1997) ‘
Inorder tosustain thecapability ofPLS-SEM tocarry onthelarge data, the ddeb S
bootstrapisproposedbyHenseleret. _al(2009) Thesbolstrapmeanscomprisedafanpling technique | .Comment [AS]: removed )
outperformsof5,000 samples. Hair et.al(2011) suggesise atleast 5,000 kswap | == ‘[Comment [A87]: et al. J
samplewouldrequiredrawingmorethan255tdbtstrapamples.

FINDINGS

In this subtopic, the authadrs intetesttoaddresstdtal variation of each constructomexecuted ‘[Comment [A88]: is J
separately. Inthiscase,theauthor havefourtypegfemous construct namelgBefit, Government,

Challenge, andBarrierandoneendogenous construct melgklotivation. Thesentire
exogenousconstructhadbeentestedonMotivationrespbchisapproachcanhelpsusto identify

whichoneofthefactorswouldcontributethemastation.

In other words, the higher the square multiplerrelations would be consider,
highperformance.Inaddition,theimportanceofeachcontttanbeindicatingbasedonthecaeffakt ] ‘[Comment [A89]: the better the J




275
276
277

278
279
280
281
282
283

284
285
286
287

288
289
290
291
292

293

produced betweenexogenous andendogenous construatiftheseconstruct hadbeereauted
withthesameskillstoprovidetheresults.InTablelhagspntfourtypesoffigureswhiogpresent
ofeachtongructs.

Basedontheresultpresented, The construct identify Benefit isthemostimportanaed
performance sincethecausaleffectandsquaremultiggerelations arethehighestrespectively. Of addnessi
the  significance| total variation, the interpresati should be  stressed on the sathéng

towardsotherfactors.Inthisinstance,Challengefastogpectedtobethepoorestperformaanck
lessimportance. Thus,thisresearchmaybeabletobeBntgiopromotethecapabilityofBefit
factorforthefutureesearch.

In particular, square multiple correlations is orant to help the managerial matke decisionto
ensurewhethereachchosenfactoris appropriatetoftimdstudies.Todate,alliiese factorsshouldberetained
sincethisresearch hadagoodreasontosupportall@ftearcteven someconstructprovidelesstribution.

However,theitemthatshouldberetainedoneachconshmglisbeconformachievethie statistical
assumption whichisbasicallyhigherthan0.600ofoutetiogs. Moreover, thefiability and validity for each
construct should be performed in order to preweaccurate findings. Tdhaccurate findingwouldperform
themeaningful research thathaspotential tocontibut inallereas
includingofsocialscience,marketing,business,manageamdotherndcipli nes.

SquareM ultipleCorr elation(R?)

Benefit
0.000 0.766 0.587
Benefit Motivation
Government
0.000 0.460 0.212
GOWErmn... Motivation
Challenge
0.000 0.244 0.058
Challemge Motivation

]
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Barrier
294 Tablel: SquareMultipleCorrelation
295 Then,thisresearch assembletheentireexogenousrecngxertonendogenousongruct which
296 isnamely structural model. Inthisapproach, theasthoensure theassessment ti ral
297 modelisachieved.Forinstances,allofthefactorsachignezequirement ofgpredictivegyance
298 (Q)whichishigherthanD.Ringle(2005)indicatesthatirOmeansthefactorsemployis | - - - { comment [A92]: Not in reference page |
299 areasarerelevanttoresearched.Table2presenttheds@mnple, samplemean,standardemdr T-
300 statisticsforeachpathonceexecutedthebootstrapjgimgigueinSmartPIs2.0.
301 ThefindingssuggestthatthreeoutoffourconstructnaBesier,Benefitand G oernment
ggg havesignificantimpactonMotivation.Instead,onlyortepatweenChallengefactorandbidation isexpected
304 doesnothassignificant impact. Inpatrticular, Beffafitor isperceived themostof
305 statisticswhichmeansthatBenefitisthemostcontributed conformityofsquaremultipleorrelation
306 testpreviously. Afterwards, thisresearch paper |beéxtending topractice Non-parametric, Non-
parametricconfidencesetintervalandPermutationaghesioMulti-groupanal ysisinPLS-SEM.
FullMode OriginalSample Sample StandardError T Statistics
(0) Mean(M) (STERR) (|O/STERRY|)
Barrier->M otivation 0.082066 0.083236 0.031514 2.604121***
Benefit->M otivation 0.683311 0.681209 0.037681 18.133986***
Challenge 0.017979 0.022381 0.031034 0579353
>M otivatio
GZ"S&?\"’::;” 0.127794 0.129892 0.035932 3.556564**
307 L fable2FullModelf—oo— 1 | _ - - | Comment [A93]: The title of the Table
should in heading up

308 Firstly, theauthorcarries onpermutation tomultisgg@nalysis followed byotherapproachef. A
309 findingsrelatedonthisapproachesarepresentedinTable3



310

311

OriginalSample Sample StandardError
FullM odel P-val
u () Mean(M) (STERR) ue
Barrier->M otivation 0.082066 0.083236 0.031514 2.604121%*
Benefit->M otivation 0.683311 0.681209 0.037681 18.133986***
CiglEiE 0.017979 0.022381 0.031034 0.579353
>M otivatio
ERETTETE 0.127794 0.129892 0.035932 3.556564%*
>M otivation
Male OriginalSample Sample StandardError TStatistics
(0) Mean(M) (STERR) (|O/STERRY)
Barrier->M otivation 0.078119 0.0813 0.052801 1.479489
Benefit->M otivation 0.688298 0.6868 0.064688 10.640206%**
EE lEngs. 0.012209 0.0274 0.054873 0.222503
>M otivatio
Government- 0.124517 0.1250 0.061750 2.016464**
>M otivation
Female OriginalSample Sample StandardError TStatistics
(0) Mean(M) (STERR) (|O/STERRY)
Barrier->M otivation 0.0776 0.0785 0.0398 1.9520%*
Benefit->Motivation 0.6922 0.6890 0.0468 14.7998%
e [zt e 0.0134 0.0214 0.0381 0.3518
>M otivatio
YT 0.1197 0.1237 0.0447 2.6780%
>M otivation
PermutationT est Male Female |Differencel Vg
(P-value)
Barrier->M otivation 0.078119 0.0776 0.000519 0.5556
Benefit->M otivation 0.688298 0.6922 0.0039 0.3333
CE g 0.012209 0.0134 0.00119 0.5556
>M otivatio
ECREIIEE 0.124517 0.1197 0.004817 0.5556
>M otivation
ANonParametricApproachtoM ulti-groupAnalyss
Non-Parametric Male Female ErrorProbability P-Value
Barrier- 0.078119 0.0776 0.518000 0.4820
>M otivatio
SETET 0.688298 0.6922 0.464300 0.5357
>M otivatio
e Iz e 0.012209 0.0134 0.552800 0.4472
>M otivatio
Government-> 0.124517 0.1197 0.127794 0.872206

L -~ {Comment [A94]: Table number is missing J
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313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353

Motivation
Non-Parametric
. L owerandUpper Confidence
Sl 2 el ezl (95%biascorr ected) Interval
Interval
ETTE 0.078119 0.0776 [0.073943,0.083057] |  FallsinRange
>M otivatio (N.S)
Benefit- FallsinRange
>Motivatio 0.688298 0.6922 [0.683641,0.694358] (N.S)
e Iz e 0.012209 0.0134 [0.017037,0.025763] | NotinRange(&g)
>Motivatio '
Government- FallsinRange
>Motivation 0.124517 0.1197 [0.118582,0.128819] (N.S)

[Table3:FindingsofNon-Parametric Test |
*:P-levek0.10;**:P-levek0.05;**:P-levek0.01;N.S:NotSignificant;Sigignificant

Table3isnotonlypresenstthefindingofpermutation, -panametric, andnongpametric
confidencesetintervalapproachesbuttheresultforeacipgincludingformaleandfemale&aiel out.By
inspectingthroughforeachapproachincludingthefullei@mostapproachessuggést
similarfindingsunlessnon-parametric confidencegatagches. Thefirstpart,theauth@sarate
thefullmodeltobegroup 1(Male) andgroup 2(Femalenpdexecute usingPLSalgorithm. PLS
algorithmisdevelopedbyLindgrenet.al(2005)andthetameeiskernelP LSalgorithm.But,now
thisapproachhasbeenexpandtobeknownasWideKernelga@8ambyMeviket.al(2011).

Formalegroup,thereare two independentfactorsnaneekytandGovernmense
significantimpactonMotivationduetothevalueisabsegweaterthan1.96.Previously,tteBer ~ factor isa
significant impact on Motivation before separatelyThus, itcan be proved thatthe
significantimpactisinfluenced bycharacteristics anfiegroup.Ilnotherwords,Malegroupsdono
haveanyobstacle toaffecttheMotivationfactor.Howetesparticulargroupagreestoindicttat
theBenefitandGovernment canaffecttheirMotivatioprtmevolunteerism program. dddition, theydecide
theChallenge factorisdonoteffect onMotivation. $hierelated partiesshoukllddress that Male group
donot have anyproblem tobe active involunteerism rogam and they
certifiedthisprogramisgoodforthewurtry.

Forfemalegroups,theyhavea differentviewtoexplaisith@ficantofvolunteerism. Ty
agreethatBenefit,BarrierandGovernment  canaffectihativation toparticipate  invainteeism
program.But,theyalsohaveasameviewwiththeMalegrauyggestthatChallengefactordano
affecttheMotivation.Thus,therelatedpartiesshouldjgt@anaffirmativeactiontoidentifywdther
thisfactormayoneofthemainproblems topreventthemeictvolunteerism program.eBides, Female groups
indicate the Barrier factor is one of the factdimder them toprone impticular program.Thisis
becausesomeoftheirparentsdonotgivepermissiontelettaughterto involveof suggestedpramgr

Forpermutationtestwhichisoneofthefreedistributioniwhichdonotreliesonatistical assumption
executed. As aforementioned, permutation test apropriate to conduct ritirgroup
analysistoidentifywhetherthegendergroupsisinfluence ~ onMotivation. Thefindingssuggdisat
allofthesefactorsagreethecausaleffectbetweenexoagandendogenousconstructsdaffetct
bygendergroups.BasedontheTable3,theauthorspreseattéristicsoftableforpermutatiast
thatshouldbeaddressed.In  thiscase,originalsampheg(palysis)formaleandfemalearegnted followed
bydifferent and probability value. Different valaes attained based on théferent betweenmeanof

maleandfemalerespectively. Thelast columnpresentof robabilitylevelthatcane
calculatedbasedonthepreviouslyformulagiven.Thisoartleedsbilateral stepstoconsidettier
wholeperspectiveinorderto preventunfairassumptibadifferentbetweenmaleandfemalecanb

presentedasow:

- {Comment [A95]: Not properly done
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‘DI FFERENCEBETWEENMALEANDFEMALE

Benefit->Mdivation, Benefit->Motivation,0.6922

0.688298
> o Government->Motivation;
Barrier->Motivation, 0.124517
0.078119
halbuvesiionalion: Government->Motivation,
0.012209 0.1197
Barrier->Motivation :
Challenge->Motivation,
0.0134
Ba-M.)n Be. Challenge-> Motivation Gnnmelu’.
—_—

Male Female

Figure2: Differ encebetweenMaleandFemale

Fornon-parametric testtomulti-group analysis,thieargalsopresenttheorigisample

meanofmaleandfemalesameaspermutationtest. Howeathirthcolumniserrorprobabilitjat

willbecalculatedbythePLS-Hubonasheet. Thelastcolspmebabilityleveliscountedbasedon
ErrorProbability.Inordertoilluminatethestepofnon-metrictest,theauthorshows
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theformula:1-

theste pécsl:

1. Splitdata into two groups (Male and Female) axe@cute respectively. In this cate

2.
3.

authorsstartonmalegroupsandtheresultwereappeagédirieport.

Then execute BcotstraptechniquetoadbtainthestandarderrarandT-statisticsf ormalegroup
Thetesult waspresented for each fath and sarrple. Inthe first column ispiesent Barrier
Motivation.Thus,thescholarsshouldcopythefirstcolamafpasteinthecolumnof100
baotstrapval uesofgroupl.

oo T TR T -

| - ‘[Comment [A96]: Be below the figure

J
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o smartLs [C:
File Window Help
EERR =]
3 project] ] i = O Malesplm [T ~Report22 0gos 2014 30603 PV 13 il
C Malesplsm A Barrier — Mativation Benefit — Hotivation Challenge — Hativation Government — Hal »
Sample 0 0.1017 0.6877 0.0088
9 femalepls.csv Bl Sanple 1 0.0201 0.7281 0.0364
B femalepls 1.csv % Outer Loadings gamp}e g 73 g EE g Z%Eé fg ggé
o er Loadings (Mean, Values) =nple
8 malepls.csv ‘®: Quter Losdings (Mean STOEV, T-Valies) Sanple & 010237 0l6eas 00232
=5 . o Sonpie s 010203 b:6s30 01581
3 outine 34 | e , STORY, TVlues Soaple € 01553 86531 0336
An outline s not available. 5 Path Cofficients Sanolc 7 o ra0
Sanple 3 7037 —0.0441
% Path Coefficients (Mean, STDEV, T-Values) Sample v 6944 526
© Total Effects ample 5 6983 S07
% Total Effects (Mean, STDEV, T-Values) e 8 foes 953
{8 Data Preprocessing anple 7 7057 574
B8 Results (chronologically) erele 1t 258 c18e e
 Step 0 (Original Mt Semple 16 | 01063 06011 00178
5 Model Sample 17 00241 07530 00838
Dmacnon] 0 71 8y = 01| S ool 75 7is 303
BB Specification ample 033 6938 717
% Manifest Variable Scores (Original) Sample 72 6 75 Zég
Measurement Model Specification anple
* 1 anple 7 7313 -0.0772
% Structural Model Specifcation whi 7 454 294
ample 24 6 5831 6523
ample 25 3 g317 —0/0167
ample 26 3 7264 00539
Sample 27 010598 06505 01225
Sample 26 01408 06668 ~0.0084
ample 29 -0.0160 7722 “0.0345
anple 30 is 6243 722
ample 0 5863 —0.0010
ample 2 ga81 050
ample 1 7446 273
emple 3 6343 505
ample = 5 7371 324
emple iss 7113 386
ample 073 7333 587
ample 38 603 6150 ~0/0350
anple 39 150 6353 527
Sample 40 00874 06732 00416
Sample 41 011109 06452 —0/1675
Sample 42 010693 07068 0.0053
Sanple 43 010474 06587 00372
Sample 44 0.1660 0.6110 0.0034
Sample 45 0l0347 0 6405 00785 o

Figured:Female(Bootstrap)

Theprocessforfemalegupissimilarasmalgroup.
SincetheauthorscopgBierMotivationfromMaledata, thus,thesamefactorshbel
addressedandpastein10(boctstrapvaluesofgroup2.
ParameterofgrouplregsentfororiginalmeanofMalegroupaswellasforFemalegrou

farparametergroup2.
4. Figure 5 pesent an example of PLS-Hubon#o execute the non-parametric multi-group
anal ysisasfoll ows:
FHm ' e e e [ Pl et - A 3
E e ampmn gmos Eo s gs

L LJ
.

Eomagna

IR oaa e e

Figure5:Non-ParametricTest

ForNon-parametric adidencesetinterval test,onlyoneoutoffourindependectoris

indicatehasasignificant impadciidotivation whichisChallenge factor.Byinspectingrahighfor




383 each approaches applied, non-parametric confidsetciaterval test is the only one suggelsédifference
384 result.Thus,itcanbeperceived thatthedifferentapgvea willeffectofourfindintp
385 carryontheresearchmoreprofound.However thisappisagteedtoindicatethattheothecior aredo
386 notsignificantimpactinlineofprevio@pproaches.

387  ExampleofBarrierM otivationinGroup2(Female):

388  AverageMean:0.0785

389 standardError:0.0398

390 SampleSizeforfemalegroup:293

391 95%confidencelevel=1.96(Referz-tiehle)

392 Confidencelterval: 78:% =0.002325%

393 =0.002325x1.96(95%confideriegel)
394 Margin =0.004547

395  Upperinterval:0.0785+0.004547=0.083057

396 LowerlInterval:0.0785-0.004547=0.073943

gg; Theprocessofotherexogenousconstructsissimdbhme.

399 CONCLUSION

400 This research paper intends|to_carry on the rgutip analysis using three propdsapproaches - { comment [A98]: removed )
401 namelypermutation test,non-parametric test,andrasarpetric confidence saterval. To date, the authors

402 use the same data by the distinct approaches dterndine whethethese approaches would provide

382 thesame ordifferent findings. Allofthese approaare known non-

405 parametric,meansthat,theydonotreliesanystatisisataptionandfreelyforresearchersto  tifier  their

406 studies. Moreover, the authors interest to preslemtscholar on how to implemetitese approaches

407 sothatthereaders knowverywellwhichapproach iseampiement baseddneir
408 knowledge.Basedonourexperience andobservation,pacametric confidence setapproachthéseasiest
409 waytoprovide theprobability levelratherthantheotipproaches. However, ifthéher researcher

410 interesttoapplynon-parametric test,thescholars aduisedtoattainthespreadsheet of
411 Henseler(2009)toascertainthemcarryontheirresearcMoreover,  thepermutation _ testalsocanb - {Comment [A99]: no need for citation ]
412 performedbutthescholarsshouldbecarefulsincethebdlthechanismapplied.
413 h’hefirstpartis abouttheusageofSquareMultipleCotiwiéR?)thathasbeencarrytiis
414 research.Inbasically#@usedtolettheresearcheridentifywhethertheirresisadequateorro fortheir
415 research. However, the authors suggest thatthigrdesnot onlylimited tojustifythe structural moddl but ~~ _ _ Comment [A100]: the importance of SMC
416  also helps the scholars to identify which one efitidependent variabis has been established by researchers what s th
417 importance andperformance regardless ofstatisisalmption. This approach isjustify sirtte most significance of your findings related to
418 importance and  performance factor namely Benefihstruct isconstantly performed fothe previous reseatrch
419 subsequemnalysis.
420 Afterwards, theauthorsperformed threeapproachesrganthemulti-group analysison the basis of
421 formula and step bystep provided. Based onthe rgwli presented, two approaches
422 namelypermutationtestandnon-parametric testsuthgssamilarresult,inparticular,gendergroups
féi donotinfluences thecausal effect between foupeddent variable onMotivation ef{dogenous
425 construct).Nevertheless, non-parametric confidestagervalrevealthattheChallengefacttries
onlyonefactor hassignificant influenced bygenderougonMotivation, inawhile, otheatiors
426 providethesamesut.
427 RECOMMENDATION
j§§ Thissubtopicisexisttoimprovethelimitationthathastfeeedbyauthorsaeomplish __ theresearch -~ { comment [A101]: grammar )
430 work. Thefirstthings  isabout thesample  sizeusedstbeenlarged forthefure
431 researchinordertoensurethefindingsmoreaccurdteaamngful. Thisisbecausethesamyiges _— - { Comment [A102]: VB-SEM could be
432  canbeamainproblemthatcausestheapproachpreserddiffesult. Thesecondthingsaoeut the w accomplish irrespective of the sample size

433 moderatorvariable applied. Inthis case, the autbBtless on gender group tobe a  eratbr
variablebasedontheliteraturereviewhasapotentialtmaiestheinfluencebetwemogenous
andendogenous construct. However, almost approachigggest thatthisgender groupdoreeth
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potential toinfluence thecapability ofMotivation. hds, itmight beagoodreason forauthots
proposeothercategoricalorcontinuousfactortosuppadtieoreticalinthenexgseach.

Thethirdpart,theauthorssuggestthisapproaches dheeiricployinSmartPLS2.0%e the practice of
multi-group analysis has become a main reseancadademicians toextertteir research. The fourth
part, PLS-SEM is more interesting once the dewlop also provide the

approachesformorethantwogroupsinmulti-groupanalfeidastpartis aboutthe assessmentfor measurement

andstructural modelshouldbeperformed. Thisisbecause someresearcher interest
justifytheirworkbasedonassessmentinordertojustéiythorktorealers.
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