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Design and Evaluation of a Satisfaction Prediction Model for the
Digital Saessak Playground Program for Elementary School Students
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Abstract The Digital Saessak Playground Program is an experiential education initiative designed to
enhance digital competencies and learning engagement among elementary school students. However,
previous satisfaction surveys have been mainly used for simple statistical reporting, which limits their
practical use for program improvement and decision-making. The purpose of this study is to analyze
student satisfaction with the Digital Saessak Playground Program and to design a machine learning—
based prediction model. To achieve this, satisfaction survey data were refined into a low-data dataset
suitable for regression-based machine learning experiments. Linear Regression, Random Forest, and
K-Nearest Neighbors models were implemented and compared in the experimental analysis. The results
indicate that the Random Forest model outperformed the other models in terms of prediction accuracy.
Furthermore, feature importance analysis revealed that instructor feedback and content quality are the
most influential factors affecting overall student satisfaction. These findings suggest that the proposed
approach can support data-driven improvements and evidence-based policy development in elementary

digital education programs.
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(Table 1> Survey Questionnaire Structure for the Digital Saessak Playground Program

Category Variable Survey Item Description Scale
Input Variable Feedback The instructor provided suff|C|ent a|jd_ _understandable feedback 5*pp|nt Likert fcale (1 = Strongly
during the activities. Disagree, 5 = Strongly Agree)
Input Variable Content Quality The playground activities and digital content were interesting and 5-point Likert scale
easy to understand.
Input Variable Learning Environment The physical and digital learning .e”.V."o”me”t was appropriate for 5-point Likert scale
the activities.
Input Variable Peer Interaction Collaboration with peers d;ler;:gi;ge activities was helpful for 5-point Likert scale
Input Variable Learning Interest Participation in the progralrga\rrrlicr:gased my interest in digital 5-point Likert scale
Output Variable Overall Satisfaction | pri|sdisfied withdhie D\%\tlilrasuaessak Flavarotigd Progiagf 5-point Likert scale
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