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ABSTRACT

LINE Official Account can be built more customers by communicating, broadcasting, and sending
sales activity. A daily report of business has after sending data to seen statistics of interest only. Therefore, it
was the origin of this research whose objective was to use daily reports to see statistics of target groups
appropriately and more usefully. It was a comparison of the most effective machine learning techniques
related to the propensity to engagement. Used the "Feature Auto Model" tool on RapidMiner Studio to find
techniques and estimate performance by Confusion Matrix.

The results found that: 1) Technique Gradient Boosted Trees by the "Feature Auto Model" on
RapidMiner delivered the best score. 2) Percentage embracing future forecast models compared to actual data.
Actual data had values of 38.93% campaign engaged and 61.07% campaign no-engaged. Technique Naive
Bayes percentage of forecast data 31.33% campaign engaged and 68.67% campaign no-engaged and
Technique Gradient Boosted Trees percentage of forecast data 34.24% campaign engaged and 65.67%
campaign no-engaged. These two techniques were the closest percentages to the actual results. 3) Technique
Gradient Boosted Trees has the highest efficiency calculation value of 80.24% Recall, 89.51% Accuracy, and
85.62% F-Measure but 91.77% Precision which was less than Technique Decision Tree with a Precision of
92.03% Results can be discussed: From the three results above, it can be concluded that Technique Gradient
Boosted Trees was effective in predicting which engaged the campaign launch best and suitable to the data
provided. It was used to create forecast models as much as possible to predict which customers will engage in

future campaign launches.

Keywords: LINE Official Account, Estimate Performance, Feature Auto Model
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