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Abstract Currently,academic performance prediction,as a core component of personalized educational support systems, has be-
come a focal point of research in the field of educational data mining, playing a significant role in optimizing teaching decisions and
guiding student development. However, traditional prediction methods struggle to effectively address the challenges posed by the
complex correlations, temporal evolution,and group dependencies inherent in multi-source heterogeneous data within educational
contexts,resulting in limitations in prediction accuracy and generalization capabilities. Graph Neural Networks (GNNs) , levera-
ging their powerful relational modeling and representation learning abilities, provide a novel paradigm for addressing these chal-
lenges. Consequently, numerous researchers are dedicated to applying GNNs to academic performance prediction research. This
paper presents a systematic review of current research efforts on GNN-based academic performance prediction tasks. Starting
from the problem definition.it analyzes the core challenges of academic performance prediction. It then outlines the foundational
knowledge and common models of GNNs. Subsequently.it categorizes and reviews the representative models and their application
scenarios for academic performance prediction,including static feature modeling, combined static and dynamic feature modeling,
and techniques empowered by emerging large model technologies. Building on this, the paper systematically summarizes and ana-
lyzes the evaluation-related datasets and metrics used for GNN-based academic performance prediction methods. Finally.it pros-
pects future research directions from perspectives such as model scalability,interpretability, multimodal semantic information fu-
sionsand dynamic graph pre-training.
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data mining
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o BRSO BRI B R R AR L E R T
P G BUAN O 0% B T B B R S A aE R B AR O ik
(Contextual Adaptive Imputation, CAID) , % T %5 4 [8] 51 4H 32
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Table 1 Representative models for GNN-based academic performance prediction methods
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JF I K% (The Open University) 32 At (¢ £ 72 5045 , #0552 &
AN B G5 B PG LSt DL 5 B S B B8 (VLE) i 38 B
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Y https://github. com/riiid/ednet
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Table 2 Common datasets for GNN-based academic performance prediction methods
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Table 3 Performance comparison of different models for predicting

student academic risk

i A 35 A
#a %5 —
Accuracy Fl-score

. Pass/Fail 71.29 61.30
SVMLe3! )

Pass/Withdrawal 76.51 77.47

~ Pass/Fail 71.14 61.05

LR[.H]
Pass/Withdrawal 76.27 77.12
o Pass/Fail 73.36 62. 31
MLpL55]

Pass/Withdrawal 79.35 80.52

_ Pass/Fail 76.23 64. 82
GRULS6] .

Pass/Withdrawal 83.61 83. 41

. Pass/Fail 80. 61 73.65

MTGNNEE

Pass/Withdrawal 86.18 87.27

o Pass/Fail 83.96 72.30
APP-DGNNE3 )

Pass/Withdrawal 90. 18 91.11
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Table 4 Performance comparison on five real-world educational datasets(mean binary-F1 + standard deviation)

#A Biology Law Cardiff20102 Sydney19351 Sydney23146
Randoml57] 0.350%0.010 0.47240.001 0.1360.062 0.290+0.014 0.288+0.035
GCNL28] 0.682+0.058 0.82340.010 0.67740.024 0.64240.021 0.72840.013
GATL22] 0.618+0.013 0.817+0.050 0.57140.013 0.56440.022 0.60840.020
SGCNLs8] 0. 7680, 040 0.840+0.013 0.6070.033 0.635+0. 044 0.7260. 040
SBGNNL57) 0.753+0.014 0.861+0.034 0.7124+0.016 0.67340.016 0.71240.021
SBCLM7! 0.772+0.016 0.9010.016 0.718+0.018 0.67440.021 0.7334+0.019
LLM-SBCLM6]  0,78740.014 0.908+0.018 0.734%0.023 0.694+0.021 0.7600.022
EduLLML#8] 0.80940.010 0.945+0.005 0.75340.011 0.71240.016 0.82940.006
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