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ABSTRACT

Nowadays, an e-commerce platform gets more attention because it's convenient to buy
products. Therefore, it has a large number of online transactions stored in a database. Moreover, there
is a web access log file that records access data, e.g., client IP address, date, and status. To utilize this
log data, we implemented a web-based application that can analyze a large volume of log data, and
present it as a dashboard. With this result, an administrator can view the frequency of each IP address
and see the peak hours that the many users accessed. Additionally, the system can forecast the

number of access in the next 1 to 6 hours.

Keywords: Log File, Web Traffic, Machine learning, Time Series
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