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Abstract.

Purpose: Investment is the allocation of funds with the aim of obtaining profits in the future. An example of the
investment instruments with high returns and high risks are stocks. The risks associated with the investment can be
reduced by forming a portfolio of quality stocks optimized through mean-variance (MV). This is necessary because
successful selection of high-quality stocks depends on the future performance which can be determined through
accurate price prediction.

Methods: Stock price can be predicted through the adoption of different forms of deep learning methods. Therefore,
BiLSTM and LSTM models were applied in this research using the stocks listed on the LQ45 index as case study.
Result: The utilization of LSTM and BiLSTM maodels for stock price prediction produced favorable outcomes. It was
observed that BiLSTM outperformed LSTM by achieving an average MAPE value of 2.1765, MAE of 104.05, and
RMSE of 139.04. The model was subsequently applied to predict a set of stocks with the most promising returns which
were later incorporated into the portfolio and further optimized using the Mean-Variance (MV). The results from the
optimization and evaluation of the portfolio showed that the BILSTM+MYV strategy proposed had the highest Sharpe
Ratio value at k=4 compared to the other models. The stocks found in the optimal portfolio were BRPT with a weight
of 19.7%, ACES had 16.9%, MAPI 11.8%, and BMRI at 51.6%.

Novelty: This research conducted a novel comparison of LSTM and BiLSTM models for the prediction of stock prices
of companies listed in the LQ45 index which were further used to construct a portfolio. Past research showed that the
development of portfolios based on predictions was not popular.
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INTRODUCTION

Investors are typically interested in achieving maximum returns at minimal risk, leading to the need for the
construction of an optimized stock portfolio. A particular model considered to be the best in solving
portfolio optimization problems is the mean-variance (MV) developed by Markowitz [1]. This is due to the
ability of the model to measure expected return and variation in risks in order to assist investors in making
a trade-off between maximizing return and minimizing risk. However, the MV relies heavily on the
expected return and risk of each stock in the portfolio to achieve optimization [2]. This shows that the
selection of high-quality stocks from the outset is important for the model to produce optimal portfolios

3].

The expected return of each asset is important in the process of forming an optimal stock portfolio,
indicating the significance of initial selection of stocks in portfolio management [4]. Moreover, popular
knowledge shows that the total reliance on portfolio optimization without considering the input of quality
stocks is unrealistic. The success of stock selection as an input in a portfolio is highly dependent on the
potential performance in the future [1]. This shows that the accurate prediction of stock price movements
or returns can increase the chances of maximizing investment returns while minimizing the risk of financial
losses [5]. Previous research shows that the stock market is inherently a nonlinear, dynamic, noisy, and
chaotic system [6]. The observation has led to the application of machine learning as the common method
in the research related to stock price prediction [7]. However, the method has also been identified to have
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shortcomings such as the lack of necessary accuracy and reliability, indicating the need for more advanced
predictive methods [8].

An aspect of machine learning which is observed to have succeeded in extracting information from stock
time series data is deep learning [9]. The type most commonly used by investors to forecast stock prices is
the recurrent neural network (RNN) [10] but the method is not capable of remembering past data . The
shortcoming has led to the development of a special type of RNN which is known as the Long Short-Term
Memory (LSTM) [11]. Moreover, some studies have shown that LSTM performed better than other
methods in time series prediction [12]. The method has also been developed further to produce the
Bidirectional Long Short-Term Memory (BiLSTM) which is a stack designed to use the “before and after”
context of information [13]. Previous research by [11], [14], [15] proved that BiLSTM prediction
performance was better than LSTM.

In this research, the background information provided was used to develop a stock portfolio based on price
forecasts using LSTM and BiLSTM models. The portfolio developed was later optimized using the MV
model and subsequently applied to a case study of 45 companies with stocks listed in the LQ45 index on
the Indonesia Stock Exchange. Moreover, the companies were selected based on the significant market
capitalization, strong liquidity, and other specific characteristics.

METHODS
The stages implemented in conducting this research are generally presented through the flow chart in Figure
1. The information on these stages is explained further in the following sub-sections.

Data Collection . Techincal Indicator . Generating Training

Creation and Testing Sets

h
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Figure 1. Research flow

Data collection

Secondary data collected through the Yahoo Finance website at https://finance.yahoo.com/ were used in
this research. The site provides stock data consisting of open, high, low, close, adj close, and volume which
are downloadable as a CSV file according to the time range of choice. The data used were close variable of
45 stocks covering the span from 2020 to 2023 listed in the LQ45 index (effective period February 01 to
July 31, 2024). A total of 974 rows of data were retrieved on February 12, 2024.

Technical indicator creation

Previous research [16], [17] claim that there is information from the price movement of a financial asset.
This information is believed to be useful to forecast the price of the financial asset, leading to the definition
of technical indicators as a combination of past information on stock market behavior [18]. A total of 11
indicators used are adapted from several related research [16], [19], [20] and the formulas are described as
follows.
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The Simple Moving Average (SMA) is evaluated as the average of the closing prices over a specific number
of periods which can be calculated using Equation (1). The Weighted Moving Average (WMA) also
provides more weight to recent prices and is computed as Equation (2) and the Exponential Moving
Average (EMA) gives more weight to recent prices as formulated in Equation (3).

Ct—1+Ct—2++Ct_n
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The Moving Average Convergence Divergence (MACD) is the difference between the 12-perion EMA and
26-period EMA calculated as Equation (4) and the Relative Strength Index (RSI) measures the magnitude
of recent price changes to evaluate overbought or oversold conditions through Equation (5). Moreover, the
Stochastic K% (StochK) indicator compares the closing price to the price range over a specific period and
Stochastic D% (StochD) is the 3-period moving average of StochK, computed as Equations (6) and (7),
respectively.
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The Price Rate of Change (ROC) is the percentage change in price over a given period which can be
determined using Equation (8) while momentum is normally applied to determine the change in price over
a specific period throughEquation (9). The True Range (TR) is the highest value from calculating current
high minus the current low, the absolute value of the current high minus the previous close, or the absolute
value of the current low minus the previous close as presented in Equation (10). Moreover, the Average
True Range (ATR) is the moving average of the TR over a specified period, calculated as Equation (11).
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11)
Where, C; is closed price, L, is lowest price, H, is highest price, « is smoothing factor = :—n My, IS @amount
of profit, ng,,, is amount of lost, and n is number of periods.

The entire data were separated into training-testing sets with those in the 2020-2022 timeframe used as a
training set while 2023 range was the testing set as previously applied in [21]. Moreover, all data were
standardized using Min-Max Scaler with a range of 0 to 1 before subsequent application for the model
training as used in [22].

LSTM modelling

LSTM was first introduced by Hochreiter and Schmidhuber in 1997 and observed to be very popular in the
field of financial time series data prediction due to the ability to effectively handle the redundancy of
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historical data [23]. It is a type of RNN architecture with a memory function that allows the avoidance of
long-term dependency problems [21]. The LSTM model also has the capacity to filter incoming information
through a gates structure consisting of an input, forget, and output [24] as presented in the following Figure

2.
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v

Figure 2. LSTM architecture [8]

BiLSTM modelling

BIiLSTM is a variation of LSTM that utilizes “before and after” information to process data through 2
layers, including the forward and backward [13]. The forward layer functions to provide previous
information while the backward is for the afterwards. The architecture of BiLSTM is presented in the

following Figure 3 while the output formula is formulated as follows:
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Figure 3. BiLSTM architecture [25]
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Development and optimization of portfolio

The prediction of all stocks was expected to be followed by the selection of high-quality stocks through
sorting depending on the highest predicted return. Moreover, the formula (13) used in determining the
predicted returns are presented as follows.

ﬁt — ﬁt‘ﬁt—l (13)

Where, R, is the stock return at time t, p, is the predicted stock price at time t, and p,_, is the predicted
stock price at time (t-1).

The top (k) number of stocks was included in the portfolio and optimized. Moreover, Markowitz introduced
the mean-variance model to achieve a trade-off between maximizing return and minimizing risk. This
research focused on the optimization process to minimize the variance of the portfolio. Therefore, the MV
model formula applied is presented as follows [24].

g(:o Z;(:o $iSj0ij (14)
subject to YK (s;u; =y (15)
€(=1 S = 1 (16)

Where, k represents the total number of stocks, s; is the weight of stock i in the optimal portfolio, g;;
represents the covariance of returns between stocks i and j, y; is the expected return of stock i, and y
symbolizes the target return of the portfolio.

Evaluation

The accuracy of the model prediction results was assessed through the application of the Mean Absolute
Percentage Error (MAPE), Mean Absolute Error (MAE), and Root-Mean-Square Error (RMSE) [26]. The
formula of each criterion is presented as follows:

1 19i—yil
MAPE = ZZfﬂy—i (18)

1 ~
MAE = ;Zill%‘ =¥ (19)

RMSE = 1370 - 902 (20)

Where, y; is the original value, y; represents the predicted value, and p is the total samples.

The optimal portfolio performance was subsequently assessed using the Sharpe Ratio, mean return, and
standard deviation. The preference for these criteria is based on their common application in the process of
evaluating and comparing the performance of different forms of stock portfolios [24], [27], [28]. The
formula of Sharpe Ratio is presented as follows:

Sharpe ratio = #";—;rf (21)

Where, , is the return of the portfolio, 7 is the risk-free rate, and o, represents the standard deviation or

risk. This research was conducted by setting the risk-free rate value at 0.067, in accordance with the last 10
years of Indonesian bond yields.
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RESULTS AND DISCUSSIONS

Stock price prediction

A total of 45 stocks contained in the LQ45 index for the effective period of February 01 to July 31, 2024
were collected. Meanwhile, only the 39 stocks with historical data starting from 2020 to 2023 were selected
in this research. The data covering 2020 to 2022 consisting of 735 rows were used as a training set while
those for 2023 with 239 rows were applied as a testing set. The next stage was the determination of input
variables in the form of technical indicators using the “pandas_ta” library in Python. The data retrieved
were later transformed using the Min-Max Scaler with a range of 0 to 1.

Prior to the modelling process, a single stock was selected at random for the purpose of hyperparameter
tuning simulation conducted using a grid search method and assessed through 5-fold cross validation. The
grid search focuses on systematically testing different combinations of parameters and assessing the
performance of each to identify the optimal set. In this research, GridSearchCV function from “Scikit-
learn” library of Python was applied with the parameter combinations presented in the following Table 1.

Table 1. LSTM and BiLSTM hyperparameter combination

Parameter Value

Units 32, 64, 128, 256
Dropout Rate 0.1,0.2

Learning Rate 0.0001, 0.001, 0.01
Epochs 100, 250, 500
Batch Size 32, 64,128

The next step was to train the model using the training set and the total number of LSTM and BiLSTM
models developed was 1080. The value was determined by multiplying the number of parameter
combinations attempted by 5 used as the value of k in the cross-validation process. The optimal combination
produced through the hyperparameter simulation is presented in the following Table 2.

Table 2. Optimal hyperparameter of LSTM and BiLSTM

Parameter LSTM BiLSTM
Units 256 128
Dropout Rate 0.2 0.2
Learning Rate 0.001 0.0001
Epochs 250 500
Batch Size 128 32

The LSTM model was redeveloped using the hyperparameter consisting of 256 humber of units, 0.2 dropout
rate, 0.001 learning rate, 250 epochs, and 128 batch size. Similarly, the BiLSTM model used 128, 0.2,
0.0001, 500, and 32 respectively. Both models used timesteps of 10 in accordance with the results of
research [29] that the value produced optimal evaluation. Moreover, “keras” library in Python was used for
the development and both models were later applied to predict stock prices during the test set period or the
year 2023.

Figure 4 is a plot of ICBP and TLKM stocks predicted by the BiLSTM model and Figure 5 is the result of
the prediction through the LSTM. The blue line represents the real stock price data while the red line is the
predicted stock price data. The observation from the figures shows that both models have the capacity to
accurately predict stock prices.
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Figu KM)

Data for TLKM

Figure 5. Example of LSTM predicted plot and actual value (ICBP and TLKM)
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The hyperparameters with the best prediction performance for LSTM and BiLSTM models were compared
and the results presented in Table 3 showed that both had good performance. For the MAPE criteria, the
average value for the BiLSTM model was 2.1765 which was higher than the 2.2736 recorded for the LSTM.
The same trend was observed in the RMSE and MAE with the average value for the BiLSTM model found
to be 139.04 and 104.05 while the LSTM had 140.854 and 104.164 respectively. In conclusion, the BiLSTM
was considered superior based on the three criteria and the stocks predicted were included in a portfolio.

Table 3. Comparison of LSTM and BiLSTM prediction performance

Stock LSTM BiLSTM

Tickers
MAPE RMSE MAE MAPE RMSE MAE
(%) (%)

ACES 2.874 24.123 17.9 2.677 23.422 17.0
ADRO 2.199 76.179 57.7 2.364 82.382 62.1
AKRA 2.047 37.061 29.3 2.073 37.904 29.8
AMRT 1.475 56.264 42,0 1.560 58.250 44.3
ANTM 1.906 45.680 36.5 1.663 41.212 31.8
ARTO 5.198 163.293 128.3  4.957 157.653 122.6

ASII 1.254 101.045 77.3 1.176 98.228 72.4
BBCA 0.961 109.525 85.6 0.897 101.668 79.8
BBNI 1.274 75.925 60.7 1.198 71.525 56.5
BBRI 1.149 76.111 60 1.619 104.503 85.2
BBTN 1.462 24.084 18.6 2.827 41.064 35.9
BMRI 2.535 159.193 1396 1.229 87.484 67.3
BRIS 2.674 56.680 43,0 1.968 44.532 31.9
BRPT 3.177 61.891 35.4 3.273 59.767 35.8
CPIN 2.365 152.073 1224 1641 114.316 85.2
EMTK 3.231 27.959 22.2 3.122 27.244 21.5
ESSA 8.105 61.115 53.6 4.170 34.970 28.0

EXCL 1.897 54.057 404 2.197 61.318 46.8
GGRM 2.371 857.589 5946 2.108 776.554 529.7
HRUM 2.186 43.933 33.8 2.174 43.666 334

ICBP 1.179 176.387 1269 1.228 179.554 132.5
INCO 2.310 172.018 139.1 2.048 152.948 122.6
INDF 0.989 85.367 66.7 0.976 84.257 66.2

INKP 1.963 240.683 169.6 1.951 236.173 168.4
INTP 1.566 224514 1606 1.584 224.742 162.5

ITMG 2.224 901.011 659 2.661 962.064 779.2
KLBF 1.795 44.033 34.8 1.688 42.253 32.6
MAPI 4.166 86.846 72.9 3.725 77.768 64.8
MDKA 2727 113.655 86.2 2.880 120.722 90.4
MEDC 3.677 58.677 431 3.824 62.756 449
PGAS 1.660 29.199 22.8 2.019 35.378 21.7
PTBA 2.341 104.782  74.2 2.181 98.493 68.7
SIDO 1.589 14.695 10.7 1.782 16.274 12.2
SMGR 1.536 132.440 1005 1.673 141.74 108.9
SRTG 2.707 59.110 47.6 3.586 75.616 63.5
TLKM 1.115 54.469 43.2 1.136 55.443 44.0
TOWR 1.538 20.053 15.2 1.585 20.429 15.7
UNTR 1.673 624.622 4271 1.836 679.038 471.0
UNVR 1.579 86.966 63.4 1.629 89.172 65.5

Portfolio formation and optimization

A portfolio was formed using several predicted stocks with the highest predicted return. It is important to
state that the existence of several different stocks in a portfolio can lead to difficulty in controlling and
managing, especially for individual investors. Previous research [30] already showed that a portfolio
consisting of seven stocks had the most optimal performance while [31] suggested three or four for
individual investors. Another research [16] reported that portfolios containing ten stocks performed the best
when compared to other numbers. Therefore, the analysis conducted used k € {4,5,6,7,8,9,10} which was
the number of stocks in the portfolio. The stocks for each k obtained through the BiLSTM highest predicted
return are presented in the following Table 4.
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Table 4. Stocks in each k portfolio based on BiLSTM highest predicted return
k Stocks

4 BRPT, ACES, MAPI, BMRI

5 BRPT, ACES, MAPI, BMRI, BRIS

6 BRPT, ACES, MAPI, BMRI, BRIS, BBRI
7

8

BRPT, ACES, MAPI, BMRI, BRIS, BBRI, GGRM

BRPT, ACES, MAPI, BMRI, BRIS, BBRI, GGRM,
BBNI

9 BRPT, ACES, MAPI, BMRI, BRIS, BBRI, GGRM,
BBNI, ARTO

10  BRPT, ACES, MAPI, BMRI, BRIS, BBRI, GGRM,
BBNI, ARTO, BBCA

The mean-variance model was implemented to optimize the stock portfolio in order to ensure more optimal
allocation of investor funds. The output was in the form of the weight for each stock in the portfolio and
values from the mean-variance (MV) were compared with those from the equal weight (EW). Moreover,
the portfolios were formed through random stock selection and optimized using the MV and EW for the
purpose of comparison.

Figure 6 is the graph of each portfolio performance with the X-axis used to represent the number of stocks
in the portfolio while the Y-axis provides values for the Sharpe Ratio, mean annual return, and annual
standard deviation. The results showed that both BIiLSTM+MV and BIiLSTM+1/N had the best
performance on Sharpe Ratio and annualized mean return when k=4. This was observed from the fact that
the Sharpe Ratio for BiLSTM+MV was 0.7 and BiLSTM+1/N had 0.52 while the mean return was 21.3
and 19.92 respectively. When compared to Random+MYV and Random+1/N, the prediction-based portfolio
was far superior except when k was higher than 7 where almost all portfolios had a negative Sharpe Ratio.
Moreover, the standard deviation graph showed that an increase in the number of stocks in the portfolio led
to a reduction in the standard deviation. In general, the portfolio with k=4 provided the best evaluation for
all proposed strategies and the BILSTM+MYV strategy was the most superior.

All portfolios formed through different strategies were later simulated for growth in the testing set period
of 2023 which was the year of prediction results. In Figure 7, each model was provided an initial value of
1.0 and the cumulative return was plotted over the period. The strategy proposed was presented with a red
line and BIiLSTM+1/N produced the highest cumulative return at the end of the period but the volatility
was also found to be the largest. Moreover, the Random+MV and Random+1/N strategies seemed to be in
the pattern of the cumulative return movement produced by the BiLSTM but at the end of the period there
was a significant decline. The comparison conducted showed that LQ45 had the lowest level of cumulative
return even though it was not volatile. The trend was observed to have led to the conclusion that the
BIiLSTM strategy produced the highest return prediction when compared to the others and this was in
agreement with the results obtained in the previous research [24].
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CONCLUSION

In conclusion, the prediction of stock prices using LSTM and BiLSTM models was observed to have
produced good results with the BiLSTM identified to have performed better with an average MAPE of
2.1765%, MAE of 104.05, and RMSE of 139.04. Moreover, the proposed BiLSTM+MV strategy led to the
production of the highest Sharpe Ratio value of 0.7 at k=4, a mean return of 21.3, and a standard deviation
of 20.9. This showed the importance of integrating stock price predictions in portfolio optimization as well
as the ability of deep learning models such as BiLSTM to provide more accurate forecasts and lead to better
investment. Moreover, the MV model applied ensured a balanced trade-off between risk and return which
was considered important to achieving successful portfolio management.

REFERENCES

(1]

(2]
(3]

[4]

(5]
(6]
[7]
(8]

[0l

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

W. Chen, H. Zhang, M. K. Mehlawat, and L. Jia, “Mean—variance portfolio optimization using
machine learning-based stock price prediction,” Appl Soft Comput, vol. 100, Mar. 2021, doi:
10.1016/j.as0c.2020.106943.

B. Beheshti, “Effective Stock Selection and Portfolio Construction Within US, International, and
Emerging Markets,” Front Appl Math Stat, vol. 4, May 2018, doi: 10.3389/fams.2018.00017.

G. S. Mitra Thakur, R. Bhattacharyya, and S. Sarkar (Mondal), “Stock portfolio selection using
Dempster—Shafer evidence theory,” Journal of King Saud University - Computer and Information
Sciences, vol. 30, no. 2, pp. 223-235, Apr. 2018, doi: 10.1016/j.jksuci.2016.07.001.

J. B. Guerard, H. Markowitz, and G. Xu, “Earnings forecasting in a global stock selection model
and efficient portfolio construction and management,” Int J Forecast, vol. 31, no. 2, pp. 550-560,
Apr. 2015, doi: 10.1016/j.ijforecast.2014.10.003.

F. Yang, Z. Chen, J. Li, and L. Tang, “A novel hybrid stock selection method with stock prediction,”
Appl Soft Comput, vol. 80, pp. 820-831, Jul. 2019, doi: 10.1016/j.aso0c.2019.03.028.

G. J. Deboeck, Trading on the Edge: Neural, Genetic, and Fuzzy Systems for Chaotic Financial
Markets, First Edition. New York: Wiley, 1994,

G. Y. Dopi, R. Hartanto, and S. Fauziati, “Systematic Literature Review: Stock Price Prediction
Using Machine Learning and Deep Learning,” 2021. doi: 10.2991/aebmr.k.211117.008.

G. Bathla, “Stock Price prediction using LSTM and SVR,” in 2020 Sixth International Conference
on Parallel, Distributed and Grid Computing (PDGC), IEEE, Nov. 2020, pp. 211-214. doi:
10.1109/PDGC50313.2020.9315800.

R. C. Cavalcante, R. C. Brasileiro, V. L. F. Souza, J. P. Nobrega, and A. L. I. Oliveira,
“Computational Intelligence and Financial Markets: A Survey and Future Directions,” Expert Syst
Appl, vol. 55, pp. 194-211, Aug. 2016, doi: 10.1016/j.eswa.2016.02.006.

Y. Zhu, “Stock price prediction using the RNN model,” J Phys Conf Ser, vol. 1650, p. 032103, Oct.
2020, doi: 10.1088/1742-6596/1650/3/032103.

S. Siami-Namini, N. Tavakoli, and A. S. Namin, “The Performance of LSTM and BiLSTM in
Forecasting Time Series,” in 2019 IEEE International Conference on Big Data (Big Data), IEEE,
Dec. 2019, pp. 3285-3292. doi: 10.1109/BigData47090.2019.9005997.

E. M. C. Wattimena, A. Annisa, and I. S. Sitanggang, “CO and PM10 Prediction Model based on
Air Quality Index Considering Meteorological Factors in DKI Jakarta using LSTM,” Scientific
Journal of Informatics, vol. 9, no. 2, pp. 123-132, Oct. 2022, doi: 10.15294/sji.v9i2.33791.

G. Lample, M. Ballesteros, S. Subramanian, K. Kawakami, and C. Dyer, “Neural Architectures for
Named Entity Recognition,” Mar. 2016.

M. Yang and J. Wang, “Adaptability of Financial Time Series Prediction Based on BiLSTM,”
Procedia Comput Sci, vol. 199, pp. 18-25, 2022, doi: 10.1016/j.procs.2022.01.003.

Md. A. Istiake Sunny, M. M. S. Maswood, and A. G. Alharbi, “Deep Learning-Based Stock Price
Prediction Using LSTM and Bi-Directional LSTM Model,” in 2020 2nd Novel Intelligent and
Leading Emerging Sciences Conference (NILES), IEEE, Oct. 2020, pp. 87-92. doi:
10.1109/NILES50944.2020.9257950.

W. Wang, W. Li, N. Zhang, and K. Liu, “Portfolio formation with preselection using deep learning
from long-term financial data,” Expert Syst Appl, vol. 143, p. 113042, Apr. 2020, doi:
10.1016/j.eswa.2019.113042.

Y.Wan, R. Y. K. Lau, and Y.-W. Si, “Mining subsequent trend patterns from financial time series,”
Int J Wavelets Multiresolut Inf Process, vol. 18, no. 03, p. 2050010, May 2020, doi:
10.1142/50219691320500101.

B. Labiad, A. Berrado, and L. Benabbou, “Short Term Prediction Framework for Moroccan Stock
Market Using Artificial Neural Networks,” in Proceedings of the 12th International Conference on

Scientific Journal of Informatics, Vol. 11, No. 3, Aug 2024 | 619



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

(30]

(31]

Intelligent Systems: Theories and Applications, New York, NY, USA: ACM, Oct. 2018, pp. 1-6.
doi: 10.1145/3289402.3289520.

D. C. Yildirim, I. H. Toroslu, and U. Fiore, “Forecasting directional movement of Forex data using
LSTM with technical and macroeconomic indicators,” Financial Innovation, vol. 7, no. 1, p. 1,
Dec. 2021, doi: 10.1186/s40854-020-00220-2.

M. Agrawal, P. Kumar Shukla, R. Nair, A. Nayyar, and M. Masud, “Stock Prediction Based on
Technical Indicators Using Deep Learning Model,” Computers, Materials & Continua, vol. 70, no.
1, pp. 287-304, 2022, doi: 10.32604/cmc.2022.014637.

T. Fischer and C. Krauss, “Deep learning with long short-term memory networks for financial
market predictions,” Eur J Oper Res, vol. 270, no. 2, pp. 654-669, Oct. 2018, doi:
10.1016/j.ejor.2017.11.054.

Z. Cipiloglu Yildiz and S. B. Yildiz, “A portfolio construction framework using
<scp>LSTM</scp> -based stock markets forecasting,” International Journal of Finance &
Economics, vol. 27, no. 2, pp. 2356-2366, Apr. 2022, doi: 10.1002/ijfe.2277.

Y. Gao, R. Wang, and E. Zhou, “Stock Prediction Based on Optimized LSTM and GRU Models,”
Sci Program, vol. 2021, pp. 1-8, Sep. 2021, doi: 10.1155/2021/4055281.

A. Chaweewanchon and R. Chaysiri, “Markowitz Mean-Variance Portfolio Optimization with
Predictive Stock Selection Using Machine Learning,” International Journal of Financial Studies,
vol. 10, no. 3, p. 64, Aug. 2022, doi: 10.3390/ijfs10030064.

F. Liu and C. Liang, “Short-term power load forecasting based on AC-BiLSTM model,” Energy
Reports, vol. 11, pp. 1570-1579, Jun. 2024, doi: 10.1016/j.egyr.2024.01.026.

D. Chicco, M. J. Warrens, and G. Jurman, “The coefficient of determination R-squared is more
informative than SMAPE, MAE, MAPE, MSE and RMSE in regression analysis evaluation,” PeerJ
Comput Sci, vol. 7, p. €623, Jul. 2021, doi: 10.7717/peerj-cs.623.

W. Lefebvre, G. Loeper, and H. Pham, “Mean-Variance Portfolio Selection with Tracking Error
Penalization,” Mathematics, vol. 8, no. 11, p. 1915, Nov. 2020, doi: 10.3390/math8111915.

M. Sikalo, A. Arnaut-Berilo, and A. Zaimovic, “Efficient Asset Allocation: Application of Game
Theory-Based Model for Superior Performance,” International Journal of Financial Studies, vol.
10, no. 1, p. 20, Mar. 2022, doi: 10.3390/ijfs10010020.

C. Bergstrom and O. Hjelm, “Impact of Time Steps on Stock Market Prediction with LSTM,” KTH
Royal Institute of Technology, Stockholm, 2019.

F. D. Paiva, R. T. N. Cardoso, G. P. Hanaoka, and W. M. Duarte, “Decision-making for financial
trading: A fusion approach of machine learning and portfolio selection,” Expert Syst Appl, vol. 115,
pp. 635-655, Jan. 2019, doi: 10.1016/j.eswa.2018.08.003.

E. Ranguelova, “Disposition Effect and Firm Size: New Evidence on Individual Investor Trading
Activity,” SSRN Electronic Journal, 2001, doi: 10.2139/ssrn.293618.

620 | Scientific Journal of Informatics, Vol. 11, No. 3, Aug 2024



