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Research on time series analysis of NYSE stock prices

Lanyixing Luo
Central University of Finance and Economics, Beijing

[Abstract] With the continuous development of the financial market, stock price fluctuations have become
the focus of people's attention today. Stock prices not only reflect a company's operating conditions and market value,
but are also influenced by various factors such as macroeconomic and policy adjustments. Therefore, accurate
analysis and prediction of stock prices are of great significance for guiding investment decisions and maintaining
financial market stability. Based on the close price data of the New York Stock Exchange from 1984 to 2012, this
paper constructs a time series model to forecast and analyze stock prices from two aspects: stratification and whole.
In the empirical analysis, by comparing different model methods, it aims to provide new ideas and methods for
improving the accuracy and reliability of stock price prediction, so as to provide more accurate decision support for
investors and financial institutions, and promote the stability and development of financial market.

[Keywords] Time series; ARIMA model; Stock price analysis
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