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Abstract

This study explores the acceptance level of economy sharing in Thailand and the factors intention to the
change of the use of application in daily life with the service provider through the economy sharing. The
findings indicated that demographic factors such as gender, educational background, status, average monthly
earnings, savings per month, occupation, social networking channels and knowledge and understanding in
economy sharing. The convenience sample comprised 882 participants and the data were gathered via
online questionnaire and analyzed through multivariate analysis of variance (MANOVA) to test the
hypotheses. The variance analyzed in terms of almost all demographic factors revealed that the sharing
economy had a significance level of 0.05., except, the average monthly earning and social networking

channels, with R-squared equal.531. The suggestion is that there should be a study of the successful and
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failed of sharing economy as a case study to allow new entrepreneurs or startup to reduce the risk of offering
services and can design new ones to present new consumer groups such as the elderly or even participating
in the sharing economy of the elderly.

Keywords: Sharing Economy, Application, Digital Platform
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28.7% 42.3% 29.0% 100.0%
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(TAnn)
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Spinlister 368 390 124 882
(LTNANTL)

41.7% 44 2% 14.1% 100.0%
Lending Club 416 363 103 882
(Sunoawlaih)

Y 47.2% 41.2% 1.7% 100.0%
Grab 91 394 397 882
(FOLTIRIUUAAR)
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013197 2 FRFUAUTVBILATEFNAULIILU Sharing Economy (@311)30113)

audsany Spotify Airbnb Spinlister Lending Club Grab
Spotify Pearson Correlation B77(*) 215(*) 195(*%) .265(**)

Sig. (2-tailed) . .000 .000 .000 .000

N 882 882 882 882 882
Airbnb Pearson Correlation .377(**) .548(**) .529(*) A79(*Y)

Sig. (2-tailed) .000 . .000 .000 .000

N 882 882 882 882 882
Spinlister Pearson Correlation .215(*) .548(*) .668(**) A37(7)

Sig. (2-tailed) .000 .000 . .000 .000

N 882 882 882 882 882
Lending Club  Pearson Correlation .195(**) .529(*) .668(**) 169(™)

Sig. (2-tailed) .000 .000 .000 . .000

N 882 882 882 882 882
Grab Pearson Correlation .265(**) A79(%) A37(7%) .169(*)

Sig. (2-tailed) .000 .000 .000 .000

N 882 882 882 882 882

o o

siydayzay 0.01
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HAMIANHNIINATN 3 Wudi sanuudsUTinsasaauds ﬁmmLmﬂ@hwaammmLLﬂsﬂiamzwmmju
pasdutsBas: adfituiAynsadafiszan.05 Gelaiduluanudenls (Violation Assumptions) F9a13
ﬁwvlﬂgjm'lmms'd (Robustness) U8IMINAREL RIDEUIINTNATBY (Power of Test) aaad i bWn1Inasay
866 MANOVA Un@iazlden Wilk's Lambda (Tabachnick and Fidell, 2001) win@n1sehiduauiionly 1wl
Pillai's Trace WwnuisdA1aaunss (Robustness) 8nnin aghilsfinn sdanaseusinazddsaansdasnues

31900 b
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M13191 3 MINaFaUANNLUTUITIN (Variance) 1ae) Box's Test of Equality of Covariance Matrices"

Box’s M 965.561
F 3.195

df1 275

df2 59014.849
Sig. .000

naseuaNdzIwINLnIndanuLlTITIRPNAgLna lavasdudsamuiidnriiulungueig g

a. (n3nsanundsdsiniinuesaindsdase) Intercept + anu oz nUIZTINIANEAT + mmim']mﬂ’ﬂa

A131911 4 ANULANANTBIALRAEUBUTTTINIANRASIABAT Multivariate Tests”

Effect Value F Hypothesis df  Error df Sig.
Intercept Pillai’'s Trace 448 60.314(b) 10.000 743.000 .000
Wilks’ Lambda .5562 60.314(b) 10.000 743.000 .000
Hotelling’s Trace .812 60.314(b) 10.000 743.000 .000
Roy’s Largest Root 812 60.314(b) 10.000 743.000 .000
Score Pillai’'s Trace .101 8.359(b) 10.000 743.000 .000
m'lan’ Wilks’ Lambda .899 8.359(b) 10.000 743.000 .000
anunla Hotelling’s Trace 113 8.359(b) 10.000 743.000 .000
Roy’s Largest Root 113 8.359(b) 10.000 743.000 .000
Gender Pillai’'s Trace .026 2.018(b) 10.000 743.000 .029
LNE Wilks’ Lambda 974 2.018(b) 10.000 743.000 .029
Hotelling’s Trace .027 2.018(b) 10.000 743.000 .029
Roy’s Largest Root .027 2.018(b) 10.000 743.000 .029
Education Pillai’s Trace .079 2.025 30.000 2235.000 .001
MmN Wilks’ Lambda 922 2.029 30.000 2181.528 .001
Hotelling’s Trace .082 2.033 30.000 2225.000 .001
Roy’s Largest Root .046 3.463(c) 10.000 745.000 .000
Career Pillai’'s Trace .086 1.635 40.000 2984.000 .007

[181]



NINIERINDIMTIIL: aduimdiadnen | 31 8 afuf 1 (unTeu-guisn 2562)

M13197 4 (d8)

Effect Value F Hypothesis df  Error df Sig.
aIN Wilks’ Lambda 917 1.639 40.000 2819.225 .007
Hotelling’s Trace .089 1.643 40.000 2966.000 .007
Roy’s Largest Root .043 3.198(c) 10.000 746.000 .000
Saving Pillai’s Trace 119 2.283 40.000 2984.000 .000
SITGEE Wilks’ Lambda .885 2.314 40.000 2819.225 .000
Hotelling’s Trace 126 2.344 40.000 2966.000 .000
Roy’s Largest Root .086 6.393(c) 10.000 746.000 .000

a.Design: Intercept + ﬂ’J’];Jjﬂ’J’]&JL”}T’]SL’MLWﬂ + MIANEN + TN+ Sueay
b.Exact statistic
c.The statistic is an upper bound on F that yields a lower bound on the significance level

d.Computed using alpha =.05

wamiﬁnmwmﬁﬂ%ﬁ’ﬂﬂi:mmma@iﬁ'aunﬂm”aﬁﬁﬂ%wa@iamﬂﬁmmgﬁaLL‘].iaﬂbuaﬂﬂaﬁﬁﬁﬁﬂﬂ@ﬁizﬁu.05
snifuseldiadudaidian lauauIngannen Pillai's  Trace waNIINTUAIFAAEN Wiks' Lambda  UAs
Hotelling's Trace %38 Roy's Largest Root ﬂ“LLammmimaauaanmaa@aa@ﬂé"aaﬁuaai'mﬁﬁﬁﬁwﬁ’tyﬁxﬁu.
05

daumInasay answavasliiblszsinimanidenisidenldiasugiautetiu 1auis Tests of Between-

'
o @ A

Subjects Effects wuinlifinpsangnszan.05 35lilaviianemyonasauinina bi

A13199 5 MINarauauLLILUTIN (Variance) lan Box's Test of Equality of Covariance Matrices™

Box’s M 464.200
F 3.944

df1 110

df2 115843.052
Sig. .000

nageusuNfAIBLINNLIWnInga ULl TIwhnAFne ldvssduliaiiduinilungueie g
a.(aunindanuulsUnuiinesdinlsdas) Intercept + ToanamMITuiToyalnIas

NANIANBIANNATINN 5 WU A1aNNwlsUTInseIanlsdase @Tﬂumﬁujﬂﬂnmimuﬁaé'aﬂuaauvlaﬁ i

. . . . o a D AMe o o and o PRI
ﬂ’J’]&ILL(ﬂﬂGl’N"lladﬂ’]ﬂ’)’]NLL?J‘SU?’J%?:%T!’NHQSJ"UEJ\‘i(ﬂ’JLL‘ﬂiéJﬁit amwummmymaanmm:ﬂu.05 sﬁx‘lelJLﬂ%le]
auLIaw (Violation Assumptions) ﬁ'fidmﬁlﬁﬂvl.‘l_lijmwmm‘id (Robustness) wain1inagay wIadWIANT
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nagay (Power of Test) aaadiuiad ilinimareuadid MANOVA Un@azlddn Wilk's Lambda windn13sh

4 DR A A ' ' ' ' aa o
Auwdawly 1Rl4@n Pillai's Trace unudafiAinnuunid (Robustness) A1nnin atndlsiany afidnasauinazd

ANROAANDIN

@1319% 6 mmLmn@hwad@hLaﬁumﬁufﬂnmsmu%ﬁmuaaﬂaﬂm?ﬁ Multivariate Tests"

Effect Value F Hypothesis df  Error df  Sig.
Intercept Pillai’'s Trace 420 45.621(b) 10.000 631.000 .000
Wilks’ Lambda .580 45.621(b) 10.000 631.000 .000
Hotelling’s Trace 723 45.621(b) 10.000 631.000 .000
Roy’s Largest Root 723 45.621(b) 10.000 631.000 .000
Score Pillai’'s Trace .052 3.436(b) 10.000 631.000 .000
Wilks’ Lambda .948 3.436(b) 10.000 631.000 .000
Hotelling’s Trace .054 3.436(b) 10.000 631.000 .000
Roy’s Largest Root .054 3.436(b) 10.000 631.000 .000
Facebook Pillai’'s Trace 221 3.710 40.000 2536.000 .000
Wilks’ Lambda .795 3.725 40.000 2394.534 .000
Hotelling’s Trace 237 3.732 40.000 2518.000 .000
Roy’s Largest Root 104 6.587(c) 10.000 634.000 .000
Twitter Pillai’'s Trace .205 3.421 40.000 2536.000 .000
Wilks’ Lambda .809 3.446 40.000 2394.534 .000
Hotelling’s Trace .220 3.464 40.000 2518.000 .000
Roy’s Largest Root A1 7.029(c) 10.000 634.000 .000
Line Pillai’'s Trace .247 4177 40.000 2536.000 .000
Wilks’ Lambda 771 4.247 40.000 2394.534 .000
Hotelling’s Trace 274 4.307 40.000 2518.000 .000
Roy’s Largest Root .160 10.154(c) 10.000 634.000 .000
Youtube Pillai’'s Trace .183 3.037 40.000 2536.000 .000
Wilks’ Lambda .828 3.050 40.000 2394.534 .000

[183]



NINIERINDIMTIIL: aduimdiadnen | 31 8 afuf 1 (unTeu-guisn 2562)

13197 6 (d8)

Effect Value F Hypothesis df  Error df  Sig.
Hotelling’s Trace 194 3.058 40.000 2518.000 .000
Roy’s Largest Root .082 5.191(c) 10.000 634.000 .000
Instagram Pillai’s Trace .232 3.899 40.000 2536.000 .000
Wilks’ Lambda .786 3.934 40.000 2394.534 .000
Hotelling’s Trace .252 3.960 40.000 2518.000 .000
Roy’s Largest Root 125 7.955(c) 10.000 634.000 .000

a.Design: Intercept + Facebook + Twitter + Line + Youtube + Instagram
b.Exact statistic
c.The statistic is an upper bound on F that yields a lower bound on the significance level

d.Computed using alpha =.05

Namiﬁﬂmwm’mﬁ%’ufﬂinmimuﬁaﬁmuaauvl,aﬁf L% Facebook, Twitter, Line, Youtube W& Instagram &
nadanslivuudasylunugifagidnesadefinsddanyfiszau.05  lasa1u1Ingaindl Pillai's  Trace
#ANINBUAIFNAAH Wilks' Lambda Wag Hotelling's Trace %38 Roy's Largest Root ALEAYAINIINAFAL

AaNNRAFDAANDINWALIARDFIAYNIZAL.05

A1519N 7 msmaauﬁ‘ﬂ%waﬁmmﬁ'ujiagmmmﬂﬂsﬁ%' Tests of Between-Subjects Effects

Source/ Dependent Type lll Sum of df Mean Square F Sig.

Independent Variable Squares

Corrected Model Spotify 280.434(a) 241 1.164 3.258 .000
Airbnb 234.411(b) 241 973 3.479 .000
Spinlister 249.122(c) 241 1.034 3.772 .000
Lending Club 237.727(d) 241 .986 3.709 .000
Grab 202.656(e) 241 .841 3.004 .000

Intercept Spotify 39.416 1 39.416 110.373 .000
Airbnb 37.037 1 37.037 132.482 .000
Spinlister 37.255 1 37.255 135.954 .000
Lending Club 41.525 1 41.525 156.149 .000
Grab 71.997 1 71.997 257.159 .000
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Source/ Dependent Type lll Sum of df Mean Square F Sig.
Independent Variable Squares
Facebook Spotify 7.955 4 1.989 5.569 .000
Airbnb 7.493 4 1.873 6.700 .000
Spinlister 2.592 4 .648 2.364 .052
Lending Club 1.730 4 433 1.627 .166
Grab 1.674 4 419 1.495 .202
Twitter Spotify 7.525 4 1.881 5.268 .000
Airbnb 2.476 4 .619 2214 .066
Lending Club 421 4 .105 .395 .812
Grab 3.104 4 776 2772 .026
Line Spotify 12.457 4 3.114 8.721 .000
Airbnb 4.255 4 1.064 3.805 .005
Spinlister 2.987 4 747 2.725 .029
Lending Club 6.902 4 1.725 6.488 .000
Grab 6.120 4 1.530 5.465 .000
Youtube Spotify 6.234 4 1.559 4.364 .002
Airbnb 3.118 4 .780 2.788 .026
Spinlister 3.889 4 972 3.548 .007
Lending Club 5.793 4 1.448 5.446 .000
Grab 6.566 4 1.641 5.863 .000
Instagram Spotify 7.170 4 1.793 5.019 .001
Airbnb 6.048 4 1.512 5.409 .000
Spinlister 8.006 4 2.001 7.304 .000
Lending Club 3.193 4 .798 3.001 .018
Grab 3.333 4 .833 2.976 .019

a R-squared =.551 (Adjusted R-squared =.382)
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b R-squared =.567 (Adjusted R-squared =.404)
¢ R-squared =.587 (Adjusted R-squared =.431)
d R-squared =.583 (Adjusted R-squared =.426)
e R-squared =.531 (Adjusted R-squared =.354)
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