GCCCE 2025
BT RERBGEREIAMT Python HAZF I T E AL

Research on the Application of Intelligent Feedback Based on Large Language Models in

Middle School Python Programming Education

XNEHT, KRR
TIHRFEEFR
* ygian@jiangnan.edu.cn

[#H2] MAERLERGRRZEAHETAEOTERL, ALFRERXFTARGE ARG T KE#Y, LA
ERAZHF AR ARG F AR B QOHT BAR, T RIRAEW T Python A5 5] P &ER, 2475
A 3t R 6 B AT RS0 ik dm R T Ae A2 R . A REXL TR RiBTHRA, AREANFNEAZETAF
AREF RS, RAKRDERAREAEEN. ALEAN, FEAWRTRILE A I TLIEZAMHX, SR
MRS 2 A R R R AN ARG EEAAZE, AHDREEFEFENNEL R AT REER
M RERF . BARKIETRA RS E R IR, 2R R ENH R RN,

[ X433 ] Python %wA2; KiBFAEA; RN Ak FT; RUTRA%

Abstract: Artificial intelligence (AI) has made significant progress in programming education with the rapid
development of information technology and educational reforms. This study explores the role of intelligent feedback in
Jjunior high school Python programming and examines how students’ perceptions of feedback impact their cognitive
load and performance. Using the Qwen large language model, our automated assessment tool Mulberry provides
Al-generated feedback for learners, identifying errors and offering suggestions for improvement. Results showed a
significant negative correlation between feedback perception and cognitive load, with higher feedback perception linked
to better code improvement and test scores. Linear regression modeling indicated that intrinsic cognitive load as key
factors influencing performance. Although large language models can generate personalized feedback, there is still
room for improvement in the quality of feedback generated by the models.
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KA 1E ARG BIR R R A H AL FERN, PAIOFALTREE BT T 2F 0K .2024
F, HERARAAER, GERTPIFAIFEEEKF (FRARERERF I, 2024)
MAERBIEAALTREF OAMARISZ —, A THAFENTHE L LR35 FR (K
#E, 2019) o Python A B EEf 55 PR ERRBEFENERZE, RAMTH
BEFWAREST. R, MFHFEAEFI)RERNTFEEIK, EFRAFLGEMLZ —F
R XX (Qian & Lehman, 2018) o ZAZIRIFERAE G452 1Z B4 TR EZFEO T E N
T HAEBRKOIEMEE . @A EAEM O EIRE LN, MFER S ARSI R, FT
At K £ 5 3 AL 69254 (Charles & Gwilliam, 2023) « AFF 512 A 694042 A S 1N R So—
FHEAGPELTETRBEAFRRA S, A FRIT AP, FEELERRE RS RE
Wo AFFI G AARIE S A5 R0 R R 6 B fn A2 B AT £k Fn R T Fe A2 R AL, JHiF
BRI AERERT TR AKR. AFCHEREATEARAEF: (1) AFERIGA
Bl RSty 5 & ks BT K-F EHATZ5? (2) HHERMA RE BRI by 5 A L RmAER I
EHEAMER? Q) FAMFRRIMGBEI AT AT rAREERINGEZ?
2.1. R HELRAEHF P K 69 B A I

BRALFE AR, B #h3EM T E (Automated Assessment Tools, AATs) #3524 RALBPH,
&2 B B (Messer et al., 2024) o FHMCHFRHFA R R T AT ZH%42EF 69 AATs,
4= Java (Denny et al., 2014) . C++ (Pettit & Prather, 2017) YA &% Python (Zhou et al., 2021) &
R, ALAF A EP AATs S FARAZ G A Z LR F R, RTART @, AATs L4
BF % BT o AATs X VAIR AL R 4% 2m 7 35 Bh 57 & #f 2 9 AR, 7T At 5 2L & (Messer et al., 2024 ).
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HAFERAN BRI K EHAEE, KBTI F A TE9E RN (Zhouetal,, 2021) o AFF
RARRARNKEAER, AR TP, HFERE T ER LR
2.2 XA 4 G AE K F AN, S 49 B Py S B K

5 FH 2RI KREZHEA (Large Language Models, LLMs) & A T A2 #5403,
T ERHEE R GALLS) (Sarsaetal., 2022) A=k 4t (Leinonen et al., 2023) . *+-F Python
&%, Leinonen ¥ A (2023) # F OpenAl 7 X 6 K42 A Codex #4777 8 L &It 69i%++ 5
Ait, AR RERNEKR, ERAEERRFPRIERR, F4 (2024) #HE, ¥4
Al ChatGPT B %) = A 5 AR AL 6947 4, TRFRL M EGR . BAT, FFXREERT
MAEHFORIETARARS, SHRARCXETIEFLR, AFRLGABEIX—F G, AGILF
A A AR, FFRKEFA R KRR RN, 3§77 X BB RIT A BN,
Won g AR G IR 5 L E ek B LAY AL ) o
3.5 Rkt
31.FEA R

A REBIL G T E P FRAZARD 34 L —F AT L, HB—KT0 54694
B, £ 128, BE—AFROHFANE. REALE S Python sk, OiEMmAMmE. XK
Hiz ., FHiENF, ARANFRATEBRLE, ATAEAXLFFEABEAE (Qwen-Turbo-0919)
A F A RBEAARSR, otk st mAEssi%. Qwen-Turbo A2 A 2 238 L F 19 & 742 A P
RERBAEA ) Bl L &ERAFMA, ERTHRERXTS T, B1ETTHRRBER,
Tl - S T RIS

HEk S Bela

HEIREIEEAREED =
RIS E L NTEE, SHERERBETIF. E—F—F5ka:
1. fEPythonth, H{RARIEF TR FHFRFHEAE—RI, (MREEANNS (+) FEFCA]. EREESS, "I love Mz
BaZ B TINS, XESEIEEEIR, ENPython A RIBUMAHIGIXEERSHEE—EC,
2. B4h, HITENEAS, WEMAREIHNGRSEESEprint ()RR, XEWEFRIYprint BENZE S/HMEEM BB RN
.

HFLALAS, REEEERRIS, WMIEFfARfIESeti ERiiERT—ie, FEBIFIHRFEMEprint () REIRFB5SK. XFF,
LR N carrotsilT, I2FEFEEIEREIHT love carrots,

EE: DUESIFSIRTBATERER, HA—ExSER.

1 a=input()
2 print("I love "a)

Bl £\ EEFERNERRE

3.2. B IES AT T A

AAF A8 1T R AL LA 8] B B 3 A 6G M 4n AT Ao ad AT B RUIR 69 B o AT RARIEINZa
R, KIENAE R FTAINE RAT, R A Leppink #9ik%e i #7 & & 34T 23215 5 (Leppink et al.,
2013) o BB AT A T RAESER, AR B AR EIRITATITAERN
BEHrh, MITAZHMNEITASERReR ARERERXZ (&%, 2009) AN
BAER KRS B AR MERA R E . AR SPSS 27.0 #44F, #HAT-F3H{E %
My REZHRXES T F R ) ZRE, §EAF T A% PR R IE X,
4.5 7 4%

4.1. F 4 R G A b9 JE K45 R
= . - S
| e ®maz
% 2 - 5 X P e
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&
. —

B2 RhA AkES%SE K-Means £ £ B
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B2 BT T4 K-Means H k% £, %%%ﬁ%%%o&&ﬁ%&%%A)%ﬁﬂ
INARMAH R (A RAH=489, 5E=4.72) ; ¥/7#% (14 A) AEERRMA Ak—/ (AR
M=3.64, }’4@)*%%%MA)Xtmﬁﬂ&mﬁmﬁ*&(ﬁmi3&L§§%4@;
ﬁﬁ%(3k)1wﬁﬂwﬁ&mim(ﬁmiLm,&&%JDO
42. FL R B Rite 5 A Ao G ERBF /XK F

Pl AR R T, BRE (AE=2.61, SrE=15) . BhH (RE=2.74, ShE=1.76) .
v EH (RAE=2.79, srE=191) FERE (RE=3.78, IFE=2.67) 89N E R FFSt 1 777
RoRHE I, RIS KT 505 £ A Fe R fa*ré«iﬂ& BZ W @Ze AR, 5 £ R a9 MR
Bsn 5 BRI QAT R EAR KX (p<0.05) o RUEA AMHS5AAEQ#. SME R AL I R
HEFRAMX (p<0.05) , MAMESESMERTRALE NI AT EF AKX (p<0.05) , 5A
ERFTAEREREZE (=-0311, p=0.073) -

4.3. R B i Fo R % B9 R B4 S A2 L AE F £ Tt 1% B9 AB B A B R A2 R 5
k1 AR I-F AT

ARRE B AH R HAE
AR 7 ik F 38.62% 33.82% 33.47% 32.37%
Y AL PR G 58.18 53.07 55.22 56.95

k187, MERB AR S, KAKEFEFINI QT EIAAMALR, R, ¥HH.
VR AR Z R A £ F K &m&%%ﬂﬂ&ﬁ$%ﬁ%izﬁ(row7pO%m
B Bedm 3 5% ﬁ’J?F"ﬁ%JiKﬁ'JEi:\?FUQEVFf_EX«m LR P AE, B HINE 3 R AR R G A
4.4. F 48P [ 7T ALK TG KB F

A AE BECEAER ST FE RIS, Ihdn 7 F A KD it B 5t A2 R G 69
o ﬁﬂmﬁT%%M%%i% 1B R IRABEN 4 10.8%, A A M, %2xT,Wﬁﬁﬁ

STRGARE RN @R, RARNERTRAXRERE, REABREN REL .0 BERSTT
(on
R 2 GAL ARG A R ) AR

(i B A RE RS E NERF  ShERK  RBRHAE
B 83.158 -0.170 -2.867 -14.989 8.425 30.332
oV RES 40.318 5.696 7.028 5.958 7.961 29.472
Beta — -0.006 -0.079 -0.571 -2.516 0.018
t 2.063" -0.030 -0.408 -2.516" 1.058 1.029
*p<0.05 “p<0.01
5.464%

RAF KT T RAEAR a ab)i A7 ¥ Python A2 F PR A, & A FELNF AN
RITABAZ R G R vh, REAF LB T T HRRIMERERT FOBAEKLY, 2bi5h T
R IR T B L Btk *%ﬁmﬂ%i” LR M= AL, BB R R AR R LAy A &,
MELBAEAER., ETHARHERE . RBFELSHETL, KRFREKEFEILT, KR
MM ERIE L. ﬁé,#iﬁﬁAfmﬁ%&%T bR B A H 2 A ROR ARS8 B IR SRR
WAE B RBFEMW, ARBFRERLEERARFAENRMZIR, RABLF KR
BE LK
*%(mw)ﬁé&ﬁ%%x%i%n»%££¢%m& FHHEF X (06), 37-41.

7. (2024). EREXAIH AR T HERF PO NKER. KT RA#SHL (02),30-37,
%&i(mw)ﬁﬁﬂﬁﬁ MGEE%@M%ﬁ&W%ﬁ&%% %£m®89mL
i Aﬂiﬁlﬁﬁ%Qm¢?uﬂ3ﬂ)ﬁﬁ%%%%ﬁ¢l HRHH.
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891



GCCCE 2025

Charles, T., & Gwilliam, C. (2023). The Effect of Automated Error Message Feedback on
Undergraduate Physics Students Learning Python: Reducing Anxiety and Building
Confidence. Journal for STEM Education Research, 6(2), 326 - 357.

Denny, P., Luxton-Reilly, A., & Carpenter, D. (2014). Enhancing syntax error messages appears
ineffectual. Proceedings of the 2014 Conference on Innovation & Technology in Computer
Science Education - ITiCSE ~ 14, 273 - 278. https://doi.org/10.1145/2591708.2591748

Leinonen, J., Hellas, A., Sarsa, S., Reeves, B., Denny, P., Prather, J., & Becker, B. A. (2023). Using
Large Language Models to Enhance Programming Error Messages. Proceedings of the 54th
ACM Technical Symposium on Computer Science Education V. 1, 563 - 569.

Leppink, J., Paas, F., Van Der Vleuten, C. P. M., Van Gog, T., & Van Merriénboer, J. J. G. (2013).
Development of an instrument for measuring different types of cognitive load. Behavior
Research Methods, 45(4), 1058 - 1072. https://doi.org/10.3758/s13428-013-0334-1

Messer, M., Brown, N. C., Kélling, M., & Shi, M. (2024). Automated grading and feedback tools
for programming education: A systematic review. ACM Transactions on Computing
Education, 24(1), 1-43. https://doi.org/10.1145/3636515

Pettit, R., & Prather, J. (2017). Automated assessment tools: too many cooks, not enough
collaboration. J. Comput. Sci. Coll, 32, 113 - 121.

Qian, Y., & Lehman, J. (2018). Students” Misconceptions and Other Difficulties in Introductory
Programming: A Literature Review. ACM Transactions on Computing Education, 18(1), 1

- 24.

Sarsa, S., Denny, P., Hellas, A., & Leinonen, J. (2022). Automatic Generation of Programming
Exercises and Code Explanations Using Large Language Models. Proceedings of the 2022
ACM Conference on International Computing Education Research - Volume 1, 27 - 43.

Zhou, Z., Wang, S., & Qian, Y. (2021). Learning From Errors: Exploring the Effectiveness of
Enhanced Error Messages in Learning to Program. Frontiers in Psychology, 12, 768962.

892



