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[ Abstract] Most existing deep knowledge tracking models hayve weak interpretability of knowledge tracking results
and overlook the impact of the inherent correlationd betweenfexercises and knowledge points on the effectiveness of
knowledge tracking and prediction results. To addreéss these issues, this study proposes a course Knowledge graph
and Multi-head Attention mechanism-based Knowledge Tracing (KMAKT) model to predict student performance.
First, Word2Vec and Bidirectional Long Shott-Term Memory (BiILSTM) networks are used to convert exercise
answering sequence data into dense low. dimensional vectors. The graph embedding model TransR is used to embed
the course knowledge graph représentation, and a multi-head attention mechanism is used to calculate the
contribution of past exercise an§wering Sequences to the current knowledge state. Subsequently, the influence of
the precursor knowledge on.the prediction results is explored using attention networks. Finally, prediction results
are obtained using multi-layer nieural networks, and the interpretability and prediction accuracy of the model are
improved. The experimental results show that on the ASSISTments2017 dataset, the Area Under receiver
operating Characteristic (AUC), accuracy, and F1 value of the KMAKT model are improved by approximately
5.20, 4. 20, and 2. 40 percentage points, respectively, as compared to conventional Deep Knowledge Tracking
(DKT). Therefore, The KMAKT model has good prediction performance. The visualization results of knowledge
tracking on the Hunan University Signal and System (HNU_SYS) sub-dataset verify that the KMAKT model
conform to the cognitive laws of education and have a certain degree of interpretability.

[Key words) performance prediction; course knowledge graph; attention mechanism; knowledge tracing; Long
Short-Term Memory (LSTM) network; semantic feature
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Table 1 Statistical information of the dataset .y . /|~
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the HNU_SYS dataset
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Fig.6 Results of comparative experiments
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Table 3 AUC values of ablation experiments on each dataset

" HNU_ HNU_  ASSISTments )
LY Junyi
SYS2 SYS3 2017
KMAKT-E 0.781 4 0.821 8 0.721 1 0.781 1
KMAKT-S 0.836 8 0. 861 4 0.754 2 0.812 5
KMAKT-P 0. 810 5 0.823 5 0.739 3 0.801 7
KMAKT 0. 868 3 0. 896 2 0.783 3 0.857 4
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Table 4 Accuracy of ablation experiments on each dataset

HNU_ HNU_  ASSISTments

BT Junyi
SYS2 SYS3 2017
KMAKT-E 0.8215 0.797 4 0.681 4 0.712 2
KMAKT-S 0.863 9 0.842 2 0.702 3 0.758 5
KMAKT-P 0.832 8 0.814 1 0.694 2 0.734 1
KMAKT 0. 897 2 0.864 2 0.724 1 0.801 1
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Fig.7 Visualization display of heat maps for knowledge tracking results
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