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Abstract: Intoday's complex and dynamic financial markets, portfolio optimization presents a significant
challenge for investors. As such, capital market investors grapple with fundamental questions regarding
which stocks to buy, at what time, and in what quantities. This research aims to provide a novel
approach to portfolio optimization using a mean-variance model based on predictions from traditional
machine learning and deep learning algorithms, offering solutions to these crucial questions. Drawing
on the emergence of data-driven methods, this study compares the performance of various machine
learning and deep learning algorithms in forecasting stock prices on the Tehran Stock Exchange. The
dataset comprises the closing prices of nine major symbols from the Tehran Stock Exchange over a
1000-day period. The findings suggest that traditional machine learning models, particularly linear
regression, outperform deep learning models in predicting prices. Furthermore, the mean-variance
portfolio optimization approach leverages optimal stock selection and allocation to maximize returns
while minimizing risk. This research serves as a practical tool for portfolio managers and risk analysts,
facilitating improved risk management and investment portfolio performance.
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Model bpas | fmeli | foola | ghnoosh | khafe | khodro | shapna | vsakht | vtejarat | mean
d |z

XGBoost 125.7 | 147.| 127.2 301.6 73.7 67.8 | 123.7 58.2 359 | 117.
1 9
Linear 97.8 | 64.7 67.8 2194 50.8 52.8 97.3 54.4 24.1 | 81.0

Regression
SVM 372.2 | 167.| 118.9 253.7 59.0 58.6 | 1524 62.5 32.6 | 141.
8 9
KNN 1274 | 134.| 1283 249.9 60.8 69.6 | 143.7 65.2 36.5 | 112.
8 9
Random 123.1 | 111.| 102.5 248.9 56.6 674 | 128.6 60.1 31.4 | 103.
Forest 5 3
Gradient 122.5 | 119.| 108.4 259.6 71.0 67.8 | 129.6 66.1 324 | 108.
Boosting 9 6
Elastic Net 2591. | 546. | 460.8 813.0 | 2132 | 213.8 | 5719 | 2515 97.6 | 640.
- 3 9 0
LSTM 2745 | 165.| 136.1 307.4 73.8 994 | 169.8 74.5 339 | 148.
5 3
CNN 203.2 | 126.| 108.2 245.8 56.0 65.5 | 130.5 54.3 26.5 | 112.
2 9
DNN 291.7 | 129.| 141.1 219.7 60.6 70.5 | 137.7 59.9 26.0 | 126.
2 3
RNN 233.8 | 10s. 81.4 222.5 48.4 57.3 | 105.2 53.0 24.6 | 103.
9 6
CatBoost 107.4 | 116. | 105.5 240.3 57.5 69.8 | 121.8 58.0 30.6 | 100.
2 8

LightGBM 162.4 | 168. | 119.7 283.3 64.1 61.7 | 162.5 68.2 31.3 | 124
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