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Abstract

Most of the current forecast stock prices are based on a single stock historical price data, and try
to find out the law of its stock price changes, training a model which can be used for price fore-
casting. But the fluctuation of the stock price will be affected by many social real-time factors and
investors’ behavior, so the stock price forecast model based on historical data often fails. For this
reason, in this paper, we study stocks with similar historical changes in 2100 stocks, and obtain
training data and forecast data for forecasting model based on time series window sliding, then
use the CART (Classification and Regression Trees) to determine the predicted data. And com-
pared with the result of ARMA (Auto Regressive Moving Average Model), the validity of the method
is verified.
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Figure 1. Distance calculation example
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Figure 2. Historical price similar to stock price volatility
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Table 1. Price sliding window data description table
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Figure 4. Historical price similarity and forecast accuracy
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Figure 6. Part of the input data of the model training
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Figure 8. Decision tree model graphical result display
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