-
o
o
m
S
010
II°T"
I'-IIZI

=&X| Vol. 10, No. 6, pp. 87-94, 2024 https://doi.org/10.20465/KI0TS.2024.10.6.087
stg 12X ChatGPT=L| Meate|r: ZAM:
Push—PuII—Moorlng Ol &2

=0y
2 A

F.Q

Hi S| A
g s @4

="'.=
o
0¥

Analysis of Switching Intention to ChatGPT as a Learning Tool:
Applying Push-Pull-Mooring Theory
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Abstract This study aims to identify the factors influencing the intention to switch to ChatGPT, which
has emerged as a powerful alternative to traditional learning tools and internet searches, using the
Push-Pull-Mooring (PPM) framework to establish a research model. The push factors include the
limitations of traditional lecture environments and the lack of immediate feedback, while the pull
factors are ease of access and the provision of personalized learning experiences. Social influence was
selected as a mooring factor and set as a moderating variable to examine its effect on the intention
to switch. A survey was conducted among university students in Chungcheongnam-do, and the data
were analyzed using SPSS 27 and SmartPLS 4.0. The results revealed that push factors (limitations of
traditional lecture environments), pull factors (ease of access and personalized learning experiences),
and mooring factors (social influence) significantly affect the intention to switch. Notably, the
moderating effect of social influence was significant only for ease of access, reflecting the
decision-making characteristics of Generation Z university students. This study is expected to provide
important insights into the utilization and development of innovative learning tools and the formulation
of educational strategies through the analysis of ChatGPT switching intentions.

Key Words : Push-Pull-Mooring(PPM) Theory, ChatGPT, Switching Intention, Generative Al, Learning
Tools
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(Table 1> Demographic Characteristics

Description N %
Male 84 32.3
Gender
Female 176 67.7
19 and under 4 15.8
20 66 25.4
21 44 16.9
22 34 13.1
Age
23 27 10.4
24 27 10.4
25-29 17 6.5
30 and over 4 1.5
Freshman 58 22.3
Academic Sophomore 79 30.4
Status Junior 62 23.8
Senior 61 235
Humanities and Social Sciences 54 20.8
Education 74 28.5
) Arts and Physical Education 20 7.7
Major
Engineering 31 1.9
Natural Sciences 36 13.8
Health Sciences 45 17.3
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(Table 2) Construct reliability & validity

Alpha tho_A CRoeTapgﬁ‘ttye AVE

TLL 0.856 0.857 0.933 0.736
DF 0.882 0.887 0.919 0.738

AC 0.818 0.826 0.893 0.736
PL 0.905 0.908 0.934 0.779

Sl 0.866 0.917 0.905 0.704

Wi 0.887 0.888 0.930 0.816

TLL: Traditional Lecture Limitations, DF: Delayed Feedback, AC:
Accessibility, PL: Personalized Learning, SI: Social Impact, SWI:
Switching Intention

A% B34S &4 74 MdE S5k o 2k
9] dA A= Breh, 2 714 7ide] &7 &0l
0.5 o9 #&3 A 7H A4S gEd AoE 2
o} £ Aol EE3F AAgke] 0.77700141 0.938 At
o|2 Ut 718£4] 0.58 5Pt E3L HotEAS
Z%H(AVE: Average Variance Extracted)©] 0.704°]
A1 0.816 AO|E YEIY BE Zho] 7|&A] 0.58 235}
o JF gl FEEUZS SRIsHA

WEEAEE &7 2 W ZF 4 o] AT eS|
THEE=AE B7lol, o1& ASS] Ydll Fornell-
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712 ZF ZAHEa=e] AVE Aol did JAsis
o o2 A 1t ARASEY S A wEEEA
o] 354 ACE ErH32]. & A5 Z3} (Table 3>l
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(Table 3) Fornell-Larcker criterion analysis for
testing discriminant validity

@ @ ® ® ® ©®
TLLD 0.935

DF@ 0.589 | 0.858

AC® 0.414 | 0.358 | 0.858

PL® 0.340 | 0.348 | 0.701 | 0.883

SI® 0.337 | 0.300 | 0.306 | 0.388 | 0.839

SWI® 0.499 | 0.431 | 0562 | 0.557 | 0.541 | 0.903

TLL: Traditional Lecture Limitations, DF: Delayed Feedback, AC:
Accessibility, PL: Personalized Learning, SI: Social Impact, SWI:
Switching Intention
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Fornell-Larcker 7|&2 et A3 -85t
At 34 (multicollinearity) EAS 74,

oHx] £ 7HsAdol Atke A At A
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s Quido 085 vHY W WAeGAe] HEE
Ao 7FEH33). B Q7Y (Table 4o H=d
HTMT ] 55 0.85 mlgko 2 Lpeh} 57 gjso] %
MRS WERS St

(Table 4> Heterotrait-Monotrait Ratio (HTMT) Test
for Discriminant Validit

©) @ ® ® ® ®
TLLOD
DF® 0.676
AC® 0.495 | 0.425
PL® 0.383 | 0.388 | 0.811
SI® 0.374 | 0.322 | 0.322 | 0.406
SWI® 0572 | 0.484 | 0.659 | 0.617 | 0.575

TLL: Traditional Lecture Limitations, DF: Delayed Feedback, AC:
Accessibility, PL: Personalized Learning, SI: Social Impact, SWI:
Switching Intention
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