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Abstract

Objective: Time series prediction methods based on artificial intelligence have
been widely developed in recent years. Given that these data have large
dimensions in the field of investment and stock price forecasting, traditional data
analysis methods have low predictive power. This study examines the predictive
power of a variety of models based on machine learning in the Tehran Stock
Exchange.

Methods: After collecting data from 150 large companies listed on the Tehran
Stock Exchange from 2012 to 2021, we want to predict the stock price trend- the
movement direction of the price- and then validate each method and compare their
accuracy. In these methods, we allocate part of the data to the learning section and
the rest to the test section. We take these periods as training and trading sets.
These methods include linear models, autocorrelation models, trees, and neural
networks.

Results: Deep learning models show better performance than other models and
have an accuracy of about 70 percent. Also, we show the time series of the best-
performance model accuracy of portfolios of some large industries. The best-
performance model of DL in this study is Recurrent Neural Networks. In addition,
we show that shallow learning models have higher accuracy and most models
perform better in predicting descending stock trends.
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Conclusion: In this study, after trying to use the models very carefully, the result
is that these models do not provide stunning results to investors.
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3. Ordinary least squares
4. Objective Function
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. Overfitting

. In-sample

. Penalty

Lasso

. Ridge

. Elastic net

. Group lasso

. Hyperparameter
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. ARIMA

. Autoregressive integrated moving average
. Autoregressive process

. Moving average process

. Zhang

Lag

. Autocorrelation

. White noise

. Stochastic

0. Non-stationary
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. Random forest

. Breiman

Bagging

. Decision trees

. Correlation

Feed forward neural network
. Input layer

. Output layer

. Hidden layer
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. Linear rectifier

. Long short-term memory

. Graves

Olah

. Chen, Pelger & Zhu

. Stochastic discount factor (SDF)
. Recurrent neural networks (RNN)
. Inter-neural

. Medsker & Jain

10. Gate

11. States
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1. Sigmoid
2. Dropout rate
3. Confusion matrix
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