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Knowledge Tracing Model Based on Exercise-Knowledge Point Heterogeneous Graph and
Multi-feature Fusion

XIE Peizhong, LI Guanjin and LI Ting

School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications,Nanjing 210003, China

Abstract Knowledge tracing(KT) aims to predict a learner’s future performance based on their historical responses and assess
changes in their knowledge state. Exploring these changes facilitates personalized services,such as course and exercise recommen-
dations. However, most existing knowledge tracing models do not consider comprehensive features,leading to incomplete assess-
ments of a learner’s knowledge state changes. To address this issue,a new knowledge tracing model — knowledge tracing model
based on exercise-knowledge point heterogeneous graph and multi-feature fusion(EKMFKT)is propose. Specifically, we study
two behavioral features(attempt and hint) and two temporal features(response time and interval time) and their impact on the
knowledge state. To simulate knowledge acquisition and forgetting, we design learning and forgetting gates, which comprehensive-
ly update the knowledge state. For model inputs,a graph embedding method based on the question-knowledge point heteroge-
neous graph is designed to pre-train question representations, preserving the associations between questions and knowledge
points. Experimental results on two public datasets demonstrate that EKMFKT outperforms existing models in predictive per-
formance. By incorporating multiple features and ensuring the connection between question and knowledge point, EKMFKT pro-
vides a more reasonable representation of knowledge state changes,enhancing the interpretability of the model.

Keywords Knowledge tracing, Heterogeneous graph,Learning behavior, Time feature,Forgetting behavior
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Table 1 Statistics of datasets
Git HAE %
ASSISTChall ~ ASSIST2012
it & % 864713 2630080
¥ 3] % # 1709 28539
X A3 2210 50988
AR A M 101 245
T 5 B JE] # 1265 650
6] 1% B 18] % 33079 301052
FIEHKE 551. 682 93.453
FHERK 2.718 1.354
FHR T K 1.267 0.393
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Seuty b, 5 A 3] 3 NBCK B R H 8151 1 e I R 4
43 A B S5 A 50T 4 A A | 4 B 24 3 3 8124 () S Y TR
R B TRLHE Y B i AP 4 B9 K BE B B D 100, X X — K
B3 A4 T AT A B T X K B AR Y R 8 R FALTE O fE
B AT AR B, AT T Xavier #1844k 8905 35 0k 41 4R 4k

2 https://sites. google. com/site/assistmentsdata/home/2012-13-school-data-withaffect

3 https://sites. google. com/site/assistmentsdata/home/assistment- 2009-2010-data/skillbuilder-data-2009-2010

© https://psledatashop. web. cmu. edu/DatasetInfo?datasetld=1198

? http://ednet-leaderboard. s3-website-ap-northeastl. amazonaws. com/
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Table 2 Comparison experiment results

B ASSISTChall ASSIST2012
AUC ACC RMSE AUC ACC RMSE
DKT 0.7213 0.6907 0.4471 0.7289 0.7360 0.4241
DKT+ 0.7101 0.6842 0.4502 0.7295 0.7254  0.4239
AKT 0.7536 0.7117 0.4342 0.7515 0.7412 0.4204
LPKT 0.7771 0.7283 0.4237 0.7512 0.7401 0.4198
LBKT 0.7927 0.7423  0.4171 0.7539 0.7415 0.4189
EKMFKT 0.8099 0.7552 0.4071 0.7586 0.7439 0.4167
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Table 3 Ablation experiment results
e ASSISTChall ASSIST2012
- AUC ACC RMSE AUC ACC RMSE

EKMFKT(w/o at)
EKMFKT(w/o it)

0.8058 0.7534 0.4091 0.7574 0.7435 0.4172
0.8032 0.7494 0.4119 0.7579 0.7439 0.4168

EKMFKT -
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(w/o behavior)
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(w/o forget gate)
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EKMFKT 0.8099 0.7552 0.4071 0.7586 0.7439 0.4167
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Fig. 4 Comparison of impact of sequence length on performance of EKMFKT,LBKT and LPKT in ASSISTchall dataset
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