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A Study on the Impact of Learning Beliefs and Attitudes Toward Robotics Programming on

Computational Thinking, Creativity, and Collaborative Learning Ability
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[H&] 1 EA42 X EH 24 (Computational Thinking, CT) £ F ARG T B2, #HBAAE &
CRAHEAZTERB LG EMAMAMEE ) OME, R, FEAFHOBELEATRYEALSL T R EHRK. K
HRAEAPLEMEER (EVT) , HAZFREE (ZAFE. SBFRE, AR G Rk HHFESA
RRBARENVE, EoN_H MU EELENEL T, AENRLMEEH . ALK AMERE LT
e+t 4E, &8 spss21.0 VLEAT @B 94T, B RET, FURREQHERBIALNRARE, EnRAF LY
BHBRBANEEE, RBARRXBAREEANETEL LG, AR RESEEE.

[(MsgF] HAREA; EF T4, NP RMEER

Abstract: With the increasing importance of programming and computational thinking (CT) in education, robotics
programming has become a key tool in cultivating students' logical thinking and problem-solving abilities. However,
students' learning motivation and beliefs may influence their learning attitudes and outcomes. This study, based on the
Expectancy-Value Theory (EVT), explores how learning beliefs (utility value, interest value, achievement value, and
self-efficacy) affect attitudes toward robotics programming, and further analyzes how these attitudes influence students’
computational thinking, creativity, and collaborative learning abilities. The study employs a questionnaire survey and
practical assessment, with regression analysis conducted using SPSS 21.0. The results indicate that learning beliefs
positively influence attitudes toward robotics programming, which in turn enhances students' computational thinking
and collaborative learning abilities. Attitudes toward robotics programming positively influence computational thinking,
creativity, and collaborative learning abilities.

Keywords: Educational robotics, Computational Thinking, Expectancy-Value Theory

1. HRH TR

M E B A AT Sk 4, €5 %4 (Computational Thinking, CT) €444 %
20 B EAEZ—, KZRAAMEINRF. THSTRSABMAM KX (Wing, 2017)
CTHREMMH,M, BAHBRBEEHLEI=ZABORT, AHRLEFAALBHIEZ G L
(Brennan & Resnick, 2012; Grover & Pea, 2018) . Ht, H# SR KA CT AP E
BEHBRAL, TEBHBFTRBARMENHEAEUANEME T X ERARXETALEEE Y, &
HHE H B A 0932 #E (Tengler et al., 2022; Alonso-Garcia et al., 2024) .
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R, HAZFAMT, HEWAERETFERSH LORERL, EnYEAEEY
MY K Ak, HARGTAKAREAAZKERARAE, EB A, THRENS T
A, RS AZ Y IE, TRALFEFABHEETEMR ) (Angel-Fernandez & Vincze, 2018)
WO, HABRBSARELTELSEAXEE (Project-Based Learning, PBL) L4 1F £ ¥ 69 5%
g, RFAEAMITHHAGEALY, REELSH, A HEGESMERSD (Grobelna &
Plawiak-Mowna, 2024) .

ERAZAFHFERAGHEMARLT, FHELAAWMMNYVERE, REHZBMELH

(Expectancy-Value Theory, EVT) , #4682 H 746 <5 A FHEH mit oy 2% H17
ﬁm%%”ﬂ(wgmm&mmsmm> £, ﬁm BIA, SLBIEIE, AU IR1ASE B &K
MR FANEHRELS, SEREAEYE LS Y 53 (Bayanova et al.,, 2023; Eccles &
W@m¢m%)ou%ﬁm%$ %%i%ﬁ” tHieFERRELE, HAMALRANEE X
%(Bm%&wgm¢mm)oﬁamﬁﬁa%%A%ﬁ¢ HHEFAFERL, REARE

AR MR8 5T R ATR, KSR CT, Ali ) A1 TR /) A AGARIE 1T 7 bk

KRR L. Bk, $ﬁ£%%%%ﬁ%i&m,¢kﬁﬁm fe AR B ALK 3

BAAEHAAZMe M. LRI A 04T
\%ﬁ%iﬁ%a%k@(ﬁmﬁﬁ\ﬁ@ﬁﬁ\ﬁﬁﬁﬁﬁ@&ﬁ%)%%%@i

B AR KB,

2. DAL EIEAEBBAL XL AL LALETEI LGN ZYE,

3, AL HEARMBEAL XS RELTS &ﬁﬁua%% ALY,
2. BKIEF
2.1 HEHBEA

# H #35 A (Educational Robotics, ER) & & i /& FI AR E 35, MRS AEANEY f":
EH T ’E]Lﬁfﬁé\ﬂ"ﬁw’ﬂ At 77 (Angel-Fernandez & Vincze, 2018), % £ R AFHE A
X, TEAETERAREE M, AL/ E, FEETHS /\ﬁii&axp'l’ﬂ% 2T 4 A («)11‘:5;,‘%
2K R P R AR @“%’é‘?ﬁﬁ-m H #& B (Roman-Gravan et al., 2020). % % £ EERAZH A F
AR BERE, feI69 S ] Sy EH R MR ) XA T RAF R RS .

Wi, WBEARES A PBLEWE, FAFTELSATHBHEMB RMA, LEETK
7%, BeIEA A% N AR S (Rapti & Sapounidis, 2024). Noh ¥ Lee (2020) 458, #% %
AR PRI G AR TR AR HBTRE ) . R, SMESHARBARZXEITH
Bl 4& & 4% . Demetroulis ¥ (2023) # 3, J4LF LR AR AL xi?ﬁiﬁé\ﬂ"}?'ﬁ&% & _EPRF
K, EREBELSBEIABFELSRSMEEY, RBEZRAZANSEHRE., EHTHE, A2
. AEEE. BERIRET HH.
22X B4

i# # % 4 (Computational Thinking, CT) & —AZ & 4 M i Rk M A8 7 X, &5 M@
(Decomposition) . 4% X ## 2 ( (Pattern Recognition) 3% # % ( Algorithm) % #% & #¢ 7
(Brennan & Resnick, 2012), ;Eéif&,ﬁ’mid&fﬁ WEHRZEA, KFP, BAZAEEHLTHERLR

R TE., ARLER, FANEFRELS (e ABEE L XRARE) THEL CT @'c??"%iﬁ,
(Lee et al., 2024), & % £ AR 42 X% #ﬁ**ﬁ% HAEOC BRI, STk
RFT. Lee ¥ (2024) 89F A5, AN EGE F 2ok ATAREMEG CT R Y, B&RAAE
RAIZ L F a9 /NE %, Alonso-Garcia ¥ (2024) i x;#%%‘é/&%i%iéx , AT AL
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e AR, B HT, EREMAMAGR . CT ARXRIZIZEER, FUREHE
SR AVE LB RZMHE,
2.3 L TEZ 5%

#72 1B {4 3234 (Expectancy-Value Theory, EVT) & Eccles % (1983) ## i, RMEEL H
%%ﬁ%ﬂ%o?ﬁﬁaﬁ {878 4 s 7 69 #1# (Expectancy) 325 H (R 8 (Value) & & B %/
BEVI A, FHRMEE— T AKXANEME (Utlity Value) . #L81E/E (Interest Value)
M FLAEIE (Attainment Value) 3% A (Cost) (Wigfield & Eccles, 2000). A#F AR F 469
SFEHEAWTHEAERARE AR RE, EnYETELTLE, ARNHSMEEYH, &
S EVT 694 -S4 2 AR M o

HER, EVT EHFRATHE, SANSEHRARASYRAZM A EBEWNH
Bayanova % (2023) 481, A 1"‘5@&'5155%@&@?5&5‘]' STEM £ ¥ 4% 69 Bl 42 . Torres 32
Tnga (2025) K5, 45 A4 X3 SME A BRI 4 SR, HES K A%, wIb, EVT T
%%Aﬁ Ho#. Aver (2024) 15, SRR EBE ARBERRAZERANRELIR, BT

Hﬁﬁﬁﬁﬂgwﬁﬁ EVT R E H R AIT AR RAE, CRARAFRSNELR
/f} 25 F R A AR89 R

3. AR Tk
3.1 FFEFA#

ZL‘\E%MMT*@“E/&\ MBAAEXBAF A, EHLB4GRY., AN REEEHZMY
M, EiBE AR E SO EMA, TR REHFRR LER, KFRXEA I
lﬁfrn?o

R AT AR
Hl: 2 F12 &4 B A4 X3t

1
H2: 2HESHELTHERD (5E. i\ﬂ%fa‘l\ BHEZ) EAERBE,
H3: FHESHAEN AR LM E.
He: HEAHSHEEAAEAYYE.
H5: MBEAARXRFAREHELZ MR (5, £XAH#H., BHE) EAEqHBE,
H6: #MBEAAZXRFREHAE N EA LGB E,
H7: #EALZXKAREHSMEETELALRHE,
EEERREAN
HEER (CT skills)
HAARE ARAAR A a. n #
( Utility Value ) ( Attainment Value ) (Decomposition )
H2
FABEE B A b. # X ##7]
( Interest Value ) ( Self-Efficacy ) \ ( Pa.lt_em
Recognition )
\ c. Bk
( Algorithm )

H1

N,
{

17 SRR

/ )
WBEARKXKTERE

1 AT AR
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32 HFTHEN

KA PTAE R Z2CH #E35 AZE A AR 70 B % B 1T B 45 Z Mango X2 Starter 20 F # 5 A,
H 4% B %)k Raspberry Pi Pico 4%, 7T VA 3 4% Python A2 X 89 5§ F= STEAM # £ 1% A,
ERFHEENEAFENETERRMEES A KRS . Mango X2 Starter #) AL 3K 3 VA
Mango X2 H# R A4, ¥6 5K B RBIUT M, B FHRAE. LR RS,
ARBE, ARBE, AAKHEELEDEF, RRATHRER., B, BT Bizd
Ffk. B 2% [Mango X2 | M43 [ Mango X2 Starter | 2 F # % Ao

2 AR B G Z [ Mango X2 | B4R ¥ [ Mango X2 Starter | 2 F # 5 A

3.3 RAEMEH K

HTIGEZAMASMEEFRX, KRRAEARBDESMEN T NETHE, FREFLEY
B, ER M RRA T L. FRALE B Mango X2 Starter F A4S H T A, i#4& A
Thonny IDE i f742 X% 3t $t4m 5, 125 4 Ak 59 & 8 T AR oho IR $HAZ X3 3T a9 2

AFFRFFT — RPN R, ARESAEHT Tgay i R, TRALEHIEFEAE K
A, REAHREZMEIEEHETE: (1) MASBE: F AR S E M HE MR
fRATT B DMAL, VORISR Q) B AP S A NAAZRE ZEAE E
2 H e ATE R M AP AR AR K, 3) A ARG AE: $ A %8 Python A2 X33,
J& R B A AR BT R AR R PR, BRARRR ST R, BEFAZBFTHAR, £F
TG, TAFVBAATIZLEBRGSEREDRS,

4. TEEF

4.1 FRAAZ

ARG ERH L AT IR ERL—FHOEAE, £9645, FHFEHAEH19KR. AT
ERitct i A 9T, AF 1 BGHITA LB ETRAARY, LR ZLWRAATRIEMA
BEAREEHRmFEREE, TET2ALE MR S,EEE; 4% 28K I51E /T MangoX2
Starter X H B A ETAAZ XK AREFTE, ARALT, £AF 5. OBHRF 1 kAFH 2 KkR
R, BEZ2AREZRERES (SHFE. AEBEHE. EXNEFHE) . 2ZRAHM
VRMEHEFHK, AHZALTHME (2HREA, RBARXKFRE, A1), 642
W) ME, AMESLEASBENE, HERFAGYE.,
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4.2 A ETH
AFRAEMNENEH [ FHREE] . [BEAERFRE] [S6ESE ] &[4
Al WKkMHE®E, AFRHKM Likert 2282 % (1 A TEFARE, SEATEFTRAE) , A=E
EAEBMZE R, AFHEAME, AANZR{AEH (Expectancy-Value Model)  (Eccles &
Wigfield, 1995) , A2 (8 KRZERA) FBEME (E3F. TRAK. Z2HakK) 22Y
Bk AE R 0B 42 R & . A FF 5048 B Berger & Karabenick (2011) #F 70 B A& 89 3¢ B 1B {4
(Utility Value) . #L4B{&{4 (Interest Value) . m#.1B{A (Attainment Value) # & M8,
HlErE&@m& A A 348, AR Bhattacherjee & Premkumar (2004) @ &3k #t (Self-Efficacy)
AR, L3 BAGAZ VRS EBRIME., EH B AL XK E A (Robot
programming attitude) A% #, 1% F Bhattacherjee & Premkumar (2004) #F 5C ] & ¥ 49 3 A2}
B, EANEHIAE M E, 12 H Korkmaz, et al. (2017) #F 50 P & P 69 B R S AESL A€ /)
HAZMAE, 2FOhF 4EAMAREAMA, UEMAROEBRARLZIHRE, ®BLARFNOSE
ERBEHNEE RN, AHREAAEZETHEBCRZEANEHANBRFERA
(Rubrics) - FENEMNEAETFop A FEH, ALESHE, ARG FEEA,
HERFEBAZ LR A AME BN, Wk 1 i, B8FZRA, FLENFFTRARAZR
T RER, ARANBRE RN o S HEATHIT 04T, AR FAZHGEH 2R, £
# Rubrics A =4z & RT3y, L HAFRSATAF R FNIRE, AF5REHF £ 5B,
HiBZ R, AR RGN B EEN AL RAEA RIS A 0G5 H R R
(X7 SO

k1 EHFERE
CT Skills (EX 7 e BEGHIEE 5
o fE HMIAMBALE, THOHE 1. SHELHRARAEINREE T
2, MR A GRS
¥ X5 AIMB AT, THALE, |1, AEEQORNE, BEFEHENE
T AL X E A 2. FRAZE AL X N AR F
®H K BANMB AR, HATHAIUT | 1. X%
49 7 8% & 1T function X 3L F . 2. #5 function W& AR EAE R T X
AL B 89 T RE

5.8 XM Em

A RARBEDL A B M B (T8 )T E H R A HME B ALK L, SEFHHE
A& R E, AR K4 Cronbach’s oA R T E M AE B Z M a9 — &M, ETHRRESEHG
T RGN —H M, B Guidford (1965) #R%, AZHHTHEEGME, £ a B iih
0.7, BRATTIEERETERLS, M 04~06 HFEE, RZ afp#<035 A& FTHE A
AR . AT & FA2A 69 Cronbach’s of % K74 0.7, 74 0.796 32 0.924 Z M, B K3 » %
HEBEA SR, CEMBTRIESOEREA ZEONIR—ENE, AFTHMELAEE.

ST B E A E—BR—EA L HM a9 B B b, AR B ARG AL A 4R M AR AR
o FA| RGOSR 6912 RA AR, RAB L AR AR RXMGER. AFTRE
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I8 57 M R T A5 A S B AR X A6 R S B B A L A3
AR 3 HR

&3
S
b
o
ES
g
A

®

EHBEREN

BB A (CT skills)

AR AL AR B 0. 306%% a. o
( Utility Value ) ( Attainment Value ) // ( Decomposition )
0. 225%
Kk ‘ v
[ PR J [ B Hk R J 0. 509 b. B X 951

( Self-Efficacy ) ( Pattern
Recognition )

(Interest Value )

c. mE*%
( Algorithm )

0. 320%x

,,,,,,, (L

0. T75%%%

B AR KRR 0. 309%%
SAEEE

*: p<0.05, **: p<0.01, ***: p<0.001
B 3 AR oMEER

FRERIT, $HEAHRBARXIHRAAAAEEQYE, RNEF LR bs
FAGL oA AR, SN, AGEIE) ELJLA 3 60 B BRI, fuf R e A
BEARZ XL . ok, FUELHMEN M) RRXHRE ) AAIEYE, £T
Pk e RHE W ALK E R BL, A IR EE S LR R A BN 3 AR 89 K

(Lee et al. 2024), Ao, S HELHE L ER I KE 557&':1'—@ (Grover & Pea 2018), T &
A B AR FLR AR mAL XK ARRR ) AR B, %‘i%%% i f5EFEHRE . RRRET R
R B R R

FEMEBAAZ KK E A E B ) B3y, & RETE EAHEE ARG
G REE AR ERE . AR ) ZRBEF Em M B, R Tw A E AR HGE
035 1E ) R R BF ’f’(’MPiiﬁ%ﬁi‘ii}?ﬁé’rFaﬂ%iﬁ%ﬁ%ﬁiﬂ%ﬁﬁ'ﬁ%i (Noh & Lee ,2020) . &K,
MEAARAREHEL IR IOV EREBAZKE, TRORREITFRE LATE, FAHK
ﬁiii’“?r%#i“&ﬂ'TﬁE?J%—Q%ﬁfl Qﬁ?éﬁx\,@i&iﬂ&ﬁﬁﬁﬁ“ A9 NER

B, AT ERLEERLAHSNES Qﬂ-ﬁﬂéﬁ%%ﬂ, kTE g i#ﬂ’fam’ﬂﬁﬁ
i, BHaCHEARNAG SR, RMNIEE #éﬁ$mk%@<mmzmmo
ex’é—]‘j;(ﬂ"‘gg’iéﬁm77 TRABAIMGESES Y., ﬁt?l‘ M B AAE X R A A Lok

SEARBENE, AT FEHRE /\ﬁiﬁﬂ##@«%iﬁﬁb}gfﬁ’ ’f’dﬂﬁiﬁ%%‘%ﬁﬁﬂ’tﬁ/‘?ﬁ
ﬁﬁ,ﬁﬁﬁ?é\ﬂ"ﬁmﬁ (Rapti & Sapounidis,2024) - RE A B AAZ X, RS AT
B W AR K g ii@%ﬁ&*%&@%,ﬁﬁmWXWu£

6.4 T K

Q\\\
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