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Abstract

Predicting stock prices is an important research topic in the field of finance, and with the development
of machine learning technology, various models are increasingly being applied in stock price pre-
diction. This paper compares the performance of three common machine learning methods, BP neu-
ral network (BP), extreme learning machine (ELM), and long short-term memory network (LSTM),
to analyze their advantages and disadvantages in stock price prediction. By comparing the evalua-
tion indicators such as mean square error (MSE), root mean square error (RMSE), average absolute
error (MAE), and coefficient of determination (R2) of the experimental data, this paper verifies the
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advantage of LSTM in handling time series data, especially in the task of stock price prediction, and
the excellent performance of LSTM in this task. Meanwhile, BP neural network and ELM each have
their own application value in specific scenarios.
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Figure 1. BYD stock closing price change chart (Yuan)
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Figure 2. The closing price of BYD stock follows a normal distribution
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Table 1. BYD stock related statistical indicators
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Figure 3. Mean square error graph of BP neural network training
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Figure 4. Gradient and learning rate graph of BP neural network training
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Figure 5. LSTM model training diagram
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Table 2. Various indicators of different models
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Figure 6. Comparison between LSTM model prediction and real value
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