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Improving learning outcome prediction method
by applying Markov Chain

=

Ot
ot

*

Chul-Hyun Hwang*

2 O % AE dZsAY S Aug Axskshs AT Fokl A J|AsE e ABAT )% AHgel A3
ZbHAA g Robdl AT BES AR Be AAE wolm Yk ol AFE AR WSS Borsrt
e % o nEstE QEAs WwHow Astetn k. B ATE 8549 A S Aat-old deleE snos
vele] S AT dlFehs WS AMshe Aolth mebd dF 4% %olv] A3 Markov Chain WS 383
2% FES AQBE o) PHE MGG % BF clZe] Frbse] AHA < olE dolHE BF oS
bz 27719 A% A5e G4 A717] S8 A A Wl TaE s 84 2 delHal
S )] of 7)Ee] B duF At el oF B A ARE

QdaE|ET W5 LG Auc Ak wel @ Aol o e

Abstract As the use of artificial intelligence technologies such as machine learning increases in research fields
that predict learning outcomes or optimize learning pathways, the use of artificial intelligence in education is
gradually making progress. This research is gradually evolving into more advanced artificial intelligence methods
such as deep learning and reinforcement learning. This study aims to improve the method of predicting future
learning performance based on the learner's past learning performance-history data. Therefore, to improve
prediction performance, we propose conditional probability applying the Markov Chain method. This method is
used to improve the prediction performance of the classifier by allowing the learner to add learning history data
to the classification prediction in addition to classification prediction by machine learning. In order to confirm
the effectiveness of the proposed method, a total of more than 30 experiments were conducted per algorithm
and indicator using empirical data, ‘Teaching aid-based early childhood education learning performance data’. As
a result of the experiment, higher performance indicators were confirmed in cases using the proposed method
than in cases where only the classification algorithm was used in all cases.
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Figure 1. Conceptual procedure of the proposed method
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Table 3. Summary of experiment results
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Table 4. Summary of experiment results
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