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Abstract

The purpose of present study is to ir;lﬁgement prediction-based portfolio optimization
in Tehran Stock Exchange using nonlinear autoregressive with exogenous variables
(NARX) neural network as main apc}]aroach and long short term memory (LSTM) neural
network as competing approach and comparing its performance with Markowitz mean-
variance fport'folio optimization method. For this purpose, firstly, ranking and identifying
stocks of the companies that are profitable to invest in was done by using Sharpe's single-
index model, then in order to estimate expected return index and portfolio tisk, prediction
of the return of companies' stocks and vatiance of prediction etrors were used based on
mentioned approaches, and then portfolio optimization is done based on Markowitz's
mean-variance general method. Companies included in the index of 50 most active stock
companies related to end of 1400 are considered as the sample, and estimates were made
using daily data telated to the time petiod from 1/2/1399 to 29/12/1400. Results show
that NARX neural network apFroach is more accurate than L.STM neural network
approach in predicting returns of companies' stocks and defeats it in optimization stage.
Prediction-based portfolio optimization using NARX and LSTM neural networks
provides lower risk and higher maximum ‘g%arpe ratio compared to mean-variance
Markowitz portfolio optimization.
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