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A Design for the Personalized Difficulty Level Metric
based on Learning State
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Abstract The ‘level of difficulty’ is one of the major factors for learners when selecting learning
contents. However, the criteria for the difficulty level is mostly defined by the contents providers. This
approach does not support the personalized education which should consider the abilities and
environments of various learners. In this research, the knowledge of the learners and contents were
formalized and generalized to resolve the issue, and object models, including a metric for personalized
difficulty level, were designed in order to be applied for experiments. And then, based on 100 contents
for music education and 20 learners, we performed simulations with an implemented tool to validate
our approach. The experimental results showed that our method can calculate the personalized
difficulty levels considering the similarities between the knowledges from the learning state and the
contents. Our approach can be effectively applied to the on-line learning management system which
contains easy access to the learning state and contents data.
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Table 2. Examples: personalized difficulty level

CONTENT
EARNER #5 #4 #28 #31
#9 517 356 235 267
#14 370 398 227 275
#18 415 320 166 121
#20 402 324 173 233
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Fig. 12. Partial Knowledge State of CONTENT #5,#14,
#28,#31 & LEARNER #9,#14,#18 #20 with

condition log(vp) >1.5
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