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Abstract: The subject of personalized exercise recommendation holds significant relevance within the domain of per-
sonalized services in smart education. Nevertheless, traditional algorithms have often lacked a deep understanding of
student characteristics and failed to adequately explore the relationship between knowledge mastery and question-
answering behaviors, leading to low recommendation accuracy. To address these issues, combining the knowledge

tracing machine and the user-based collaborative filtering algorithm, as a KTM-based multi-feature fusion exercise
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recommendation model, SKT-MFER was proposed. Firstly, as a knowledge tracking model, KTM-LC, incorporating

student learning behaviors and learning abilities, was constructed to accurately assess the student’s knowledge mas-

tery level. Subsequently, two filters were implemented to ensure the exercise recommendation’s accuracy: the first

was an initial screening utilizing the knowledge point mastery matrix to eliminate students who were similar to the tar-

get student, and the second was a filtering process considering the combined similarity of cognitive state similarity

and exercise difficulty similarity. Through extensive experiments, it proves that the proposed method yields better re-

sults than some existing baseline models.

Key words: smart education, exercise recommendation, knowledge tracking, collaborative filtering, factorization
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By fEAR ASST2009 ASST2017 KDD2010 HEHZE
60%  70%  80%  60%  70%  80%  60%  70%  80%  60%  70%  80%
PR UB-CF 455% 54.4% 64.8% 43.6% 50.7% 60.9% 35.7% 433% 55.7% 43.5% 503% 58.5%
IB-CF 58.8% 63.5% 67.6% 558% 60.7% 63.7% 372% 46.7% 57.3% 402% 47.7% 64.7%
DKT-CF 81.9% 85.8% 882% 77.7% 80.5% 84.7% 74.1% 75.6% 78.6% 75.6% 79.5%  81.9%
DKVMN-CF  82.1% 86.9% 90.7% 79.5% 82.3% 85.6% 74.9% 77.5% 80.0% 77.1% 80.7% 83.9%
SKT-MFER ~ 88.9% 90.4% 93.1% 833% 85.4% 87.3% 76.5% 81.4% 822% 80.2% 83.1% 84.7%
RR UB-CF 154%  207% 247% 127% 155% 162% 12.1% 12.4% 12.6% 12.6% 13.4% 14.5%
IB-CF 17.6% 21.6% 27.4% 143% 165% 18.7% 12.5% 13.6% 147% 132% 16.5% 17.6%
DKT-CF 311%  33.6% 35.1% 28.8% 29.4% 30.8% 24.7% 26.7% 28.4% 26.5% 29.7% 30.2%
DKVMN-CF  32.5% 354% 37.0% 30.8% 312% 31.9% 269% 27.7% 29.4% 258% 29.1% 31.6%
SKT-MFER  36.5% 37.8% 385% 31.5% 32.1% 33.6% 28.6% 29.1% 30.5% 30.6% 31.1% 32.5%
F1 UB-CF 23.0% 30.0% 35.8% 19.7% 23.7% 25.6% 18.1% 193% 20.6% 19.5% 212% 23.2%
IB-CF 27.1% 32.2% 39.0% 22.8% 259% 28.9% 187% 21.1% 234% 19.9% 24.5% 27.7%
DKT-CF 45.1% 48.3% 502% 42.0% 43.1% 452% 37.1% 39.5% 41.7% 392% 432% 44.1%
DKVMN-CF  47.5% 50.9% 52.3% 432% 44.6% 46.5% 39.4% 41.1% 42.6% 41.5% 445% 45.3%
SKT-MFER  51.8% 53.3% 54.5% 45.7% 46.7% 48.5% 41.6% 42.9% 44.5% 44.3% 453% 47.0%
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