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ABSTRACT

Due to the rapid growth of E-Learning,
application of E-Testing has become more important.
E-Testing is different from traditional test due to its
rich multimedia resource. For an instructor, it is very
important to understand each learner’s learning
performance. In this paper, we propose an automatic
leveling system for E-Learning examination pool
using the algorithm of the decision tree. The
automatic leveling system can use the individual
background which is selection the suitable question
for each learner. By the pruning method, the accuracy
of the system can be improved and the overfitting can
be avoided.
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