d)
Fig. 6 Prediction maps with Naive Bayes Time-Based for a) 2024, b) 2025, c) 2026, d) 2027, e) 2028, f) 2029

IV. CONCLUSIONS

This research was conducted by utilizing Naive Bayes
Time-Based and Random Forest Time-Based to predict the
classification of SWSR distribution in each district/city in
Central Java. The performance between the two methods is
similar, with an accuracy score of 85.71% for the bestt — k
model. Then, in terms of prediction length, Naive Bayes
Time-Based can predict up to the next 10 years and better
than Random Forest Time-Based which is able to predict for
the next 9 years. This highlights both algorithms as superior
methods for long-term prediction due to their ability to
capture temporal patterns more effectively.

Suggestions for future research are to explore other
methods to predict the classification of SWSR distribution.
Future research can also consider adding more diverse
features related to SWSR to enrich the analysis and find
different factors that affect the level of SWSR. In addition,
future research can process feature expansion with a
combination of non-consecutive years, considering this
research only focuses on a combination of consecutive years.
This experiment can conducted to identify the temporal
pattern of the data in non-consecutive years.
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