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Learning Resource Recommendation Method Based on Binary

Differential Evolution Algorithm
Wang Wenju Dou Shuguang Wang Luanyt Jiang Zhongmin
(Shanghai University of Science and Technology Shanghai 200093 China)

Abstract To address the problem of low accuracy and low effectiveness of current methods which can’t adapt to learners”
dynamic adjustment of learning goals a binary differential evolution algorithm is proposed as a basis for learning resource
recommendation. The learners and learning resources are mathematically modeled. According to the recommended conditions
of learning resources should best match the learners” requirements the learning resources recommendation is transformed
into the optimal solution problem. According to the logical organization chart of the course knowledge point and the storage
structure diagram of the crossinked list of learning resources the key parameter value of the objective function can be
quickly determined. A binary differential evolution algorithm proposed is used to make the binary individual variables of the
learning resource variance crossover selection until the configured conditions are met to find the best selection of learning
resources. The experimental results show that the convergence rate and stability of the proposed method are better than the
recommended method of learning resources based on the particle swarm optimization algorithm which can facilitate the
learners to choose the learning target range dynamically and make the recommended learmning resources be satisfied to
different learners” demand for differentiated learning resources.
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Tab.1 Performance comparison of learning resource algorithms
/ms /ms
/i 50 / / 133.077 40
100 534.324 82 408.327 62
200 3832.452 278 2875.368 208
300 8593.456 430 6826.535 346
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