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Abstract History, which began with the emergence of mankind, has a means of recording. Today,
we can check the past through data. Generated data may only be generated and stored at a certain
moment, but it is not only continuously generated over a certain time interval from the past to the
present, but also occurs in the future, so making predictions using it is an important task. In order
to find out trends in the use of time series data among numerous data, this paper analyzes the
concept of time series data, analyzes Recurrent Neural Network and Long-Short Term Memory,
which are mainly used for time series data analysis in the machine learning field, and analyzes the
use of these models. Through case studies, it was confirmed that it is being used in various fields
such as medical diagnosis, stock price analysis, and climate prediction, and is showing high
predictive results. Based on this, we will explore ways to utilize it in the future.
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Fig. 1. Data & Information
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Fig. 2. Big Data Characteristics
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Fig. 3. Time Series Data
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Fig. 5. LSTM module
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