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Abstract

Purpose: Optimization problems are one of the most interesting, important, and popular fields of financial mathematics.
A better portfolio optimization model can help investors earn more sustainable profits. The existing literature shows that
traditional mean-variance portfolio strategies are not suitable. To address this issue, this study uses a multilayer perceptron
neural network and a convolutional neural network to predict future stock price movements.

Methodology: We compare the prediction accuracy of these two methods and use the outputs from the higher-accuracy
method in the proposed model. Then, given the future direction of stock prices, we propose an efficient stock selection
scheme for investors. We also test the proposed stock selection scheme and investment strategies using the components
of the Tehran Stock Exchange index as test cases.

Findings: The experimental results show that the proposed stock selection scheme can effectively improve the
performance of all investment strategies. In addition, the proposed investment strategy outperforms the traditional
minimum global variance investment strategy.

Originality/Value: This research provides an innovative framework for portfolio selection based on deep learning
networks. These networks are key to improving investment efficiency, risk management, and decision-making in the
Iranian capital market and serve as an advanced model for similar markets.
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Figure 1- Multilayer perceptron neural network.
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Table 1- Accuracy analysis of the study population by MLP neural network.

Variance Mean Accuracy Row Variance Mean Accuracy Row

7.2 65.6 68.4 31 8.009993 66.8 68.8 1
8.236504 57.6 64.8 32 12.059850 63.6 65.2 2
8.158431 71.2 73.6 33 11.926441 64.4 68 3
7.155417 64 70.4 34 7.889233 68.4 73.6 4
10.77032 66 72 35 9.541488 59.6 63.6 5
6.311893 64.4 724 36 3.224903 66 71.6 6
8.009993 61.2 66 37 6.693280 68 72 7
8.049844 62 68 38 6.196773 60 67.2 8
4.543126 87.6 90 39 7.472616 68.4 71.6 9
3.666060 65.6 68.8 40 5.932958 68 724 10
8.541662 63.2 70 41 9.130169 70.8 75.6 11
6.511528 74 76.4 42 11.20714 70 72.8 12
8.845337 64.4 70.8 43 11.14271 63.2 64.4 13
9.303762 66.8 69.6 44 9.329523 66.4 70 14
5.440588 62 65.6 45 7.375635 64 68.8 15
9.666436 70.4 72.8 46 10 70 76 16
6.311893 68.4 68.4 47 10.11928 64 66.8 17
7.332121 64.8 68.8 48 8.625543 66 70 18
9.329523 61.6 70.4 49 9.499473 61.6 67.2 19
7.807688 69.2 73.2 50 5.782732 63.6 65.6 20
8.988882 66 69.6 51 6.209669 69.2 70.4 21
3.487119 56.8 63.6 52 8.009993 66.8 70.4 22

9.6 71.2 75.6 53 5.727128 74 77.6 23
10.15874 66 70.8 54 10.03194 716 72.8 24
7.418894 69.6 70.8 55 9.541488 64.4 70 25
7.641989 66 69.2 56 7.756287 68.8 70.4 26
9.666436 70.4 716 57 6.705221 69.2 71.2 27
10.03194 71.6 74 58 7.472616 79.6 84 28
9.260669 63.2 68.8 59 9.838699 70 71.2 29
7.641989 82 82.8 60 6.209669 65.2 66.8 30
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Table 2- Accuracy analysis of the study population by CNN neural network.

Variance Mean Accuracy  Row Variance ~ Mean Accuracy  Row
10.735455 61.5 76 31 11.191514 61.5 74 1
13.047988 56.5 66 32 8.789197 60.5 70 2
9.3407708 65.5 74 33 12.25765 61.5 72 3
9.7979589 62 72 34 8.200609 64.5 78 4
12.083045 68 76 35 10.90871 54 68 5
11.357816 61 68 36 7.228416 59.5 74 6
5.9371710 63.5 66 37 8.660254 65 76 7
10.908712 64 70 38 10.53565 53 70 8

6.344288 86.5 96 39 8.944271 65 76 9
8.6023252 66 72 40 10.012492 68.5 72 10
8.8881944 61 72 41 5.590169 67.5 82 11
8.3066238 71 80 42 9.233092 66.5 68 12
9.7467943 60 72 43 10.908712 59 62 13

9 63 84 44 9.604686 65.5 74 14
8.7891979 60.5 76 45 7.889866 64.5 70 15
9.6046863 70.5 78 46 9 73 80 16

9.165151 59 76 47 11.357816 59 72 17

9.949874 59 76 48 14.705441 57.5 78 18

7.348469 61 78 49 9.759610 58.5 70 19

7.348469 66 80 50 8.381527 56.5 72 20

7.826237 62.5 82 51 6.800735 67.5 84 21

7 54 62 52 11.789826 61 76 22
9.5 66.5 82 53 12.44989 70 76 23

9.069178 65.5 72 54 10.049875 67 72 24
14.150971 66.5 72 55 8.124038 62 72 25

9.273618 62 82 56 10.049875 67 76 26

9.810708 62.5 72 57 12.737739 65.5 76 27
11.412712 68.5 82 58 11.715374 80.5 86 28

6.726812 63.5 72 59 12.206555 66 78 29
10.295630 78 88 60 12.134661 60.5 78 30
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Table 3- The structure of the confusion matrix.
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Table 4- Evaluation of the prediction performance of the future direction of the
stock price by the MLP neural network.
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Accuracy 90.0 63.6 70.9 32 60 60
Precision 90.5 62.7 70.4 28 60 60
Recall 96.8 36.6 63.9 15 35 56
Specificity 93.6 415 74.9 44 56 59
F1-Score 96.6 49.6 66.5 16 51 59
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Table 5- Evaluation of the prediction performance of the future direction of the
stock price by the CNN neural network.
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Accuracy 96.0 62 75.1 48 60 60
Precision 95.1 50 73.7 39 56 59
Recall 100 40 68.3 26 44 56
Specificity 96.4 50 78.1 45 56 59
F1-Score 97.5 46.1 70.2 29 53 59
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Table 6- The results of predicting the future direction of stock prices by the MLP neural network.
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1 46 1 31 1 16 1 1
1 47 1 32 1 17 1 2
1 48 1 33 1 18 0 3
0 49 1 34 1 19 1 4
1 50 0 35 1 20 1 5
0 51 1 36 1 21 1 6
0 52 1 37 1 22 1 7
1 53 0 38 1 23 1 8
0 54 1 39 1 24 1 9
1 55 0 40 1 25 0 10
1 56 1 41 0 26 1 11
1 57 1 42 0 27 1 12
1 58 0 43 0 28 1 13
1 59 0 44 1 29 1 14
0 60 1 45 1 30 1 15




\AA

e (P PURO (S Al 33 (w0 (S98 9 SRS [ LY ge >

ONN rasdSed fansgs plows caod Sz st gl -V Jsoz
Table 7- The results of predicting the future direction of stock prices by the CNN neural network.
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0 46 1 31 1 16 1 1
1 47 1 32 1 17 1 2
1 48 1 33 1 18 0 3
0 49 1 34 1 19 0 4
1 50 0 35 1 20 1 5
0 51 0 36 1 21 0 6
0 52 1 37 1 22 1 7
1 53 0 38 1 23 1 8
0 54 1 39 1 24 1 9
1 55 1 40 1 25 0 10
1 56 1 41 0 26 1 11
1 57 1 42 0 27 1 12
1 58 1 43 0 28 1 13
1 59 0 44 1 29 1 14
0 60 1 45 1 30 1 15
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Table 8- Optimal stock portfolio of different investment strategies.
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Table 9- Performance comparison of different investment strategies.
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