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with feature selection using the Cuckoo Search
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Abstract: In Iran, the stock market is facing different conditions compared to the rest of the world. One of the most important
challenges in this market is the lack of transparency in market information and information on trading companies. Also, the
lack of appropriate and complete historical data for use in forecasting algorithms is another important challenge. In stock
price forecasting, due to the dynamic interactions of the stock market and price changes in short periods of time, the use of
artificial intelligence is used as a powerful tool in price forecasting and decisions related to buying and selling stocks. In this
paper, a method based on machine learning including five steps, including data labeling, feature extraction, feature selection,
classification, and signal presentation, is presented. For this purpose, various technical characteristics have been extracted
from the price data, and the data has been labeled using the threshold labeling method. Then, various machine learning
models are trained on this data and provide buy and sell signals at the output. To improve the performance of the machine
learning model, feature selection has been done using the Cuckoo Search algorithm. In order to evaluate the proposed
method, several years of Iranian stock market data and various indices have been used. The results of the evaluation show the
effectiveness of the proposed method.

Keywords: Iranian stock market; machine learning; classification; feature selection; evolutionary algorithm
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! Decision Tree (DT)

2 Random Forest (RF)

® Support vector machine (SVM)
* Stock market

® Long short-term memory (LSTM)
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® Portfolio
® Extreme Gradient Boosting
" Improved firefly algorithm (IFA)

® Trend deterministic data
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! Artificial neural network (ANN)
2 Root Mean Square Error (RMSE)
% Mean absolute percentage error (MAPE)

* Mean bias error (MBE)
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# Jordan Recurrent Neural Network
® Extreme Learning Machine

® Generalized Linear Model

" Regression Tree

8 Gaussian Process Regression

dome 53 Gosls Gl ip S Slbs alo dle B S ©

K 5 o e glaed Olniy by il
S e el pln Cad IS i e Sl
b L3 plem slaesls g5, » L alaglesl OBy
5 K58 SIS 1 GlekiS sl @L., 5 Lsls <=\>,=§l )
Cad OS> Guot 02 L 3 el s S

Ll eals OLis rL@M

et Sl S Pl 4 VY] s S8 s
e Q) oS SISl Jpame b s plen
S 4SS (S o 48 2 e ladde O
Sl hodalie slaosls bl o 1y o Jdow asdlls oyl
S plem S Shs e b oLl
Sl WY glaesls 5l eslizad b (glaslio gla jilaslS e
Ll S bl S alie (S Gla s
DT) anas slacsys ol Glaadlge Lo 5 4528
ot il T Ol ) 5 Glls SLE oz S 5 (CART
4l sladis b &S lKis CFS 8 ans e 0L il .ol
WA 5 kb s VL 80 w0 e S il
1S das e OLES n wly S e Ll ) e S5l S
ey Bl Gl ey BB Ly s CFS

5 bs b 3 plew S B30 sntn OV 4 [VF] Lo
GBS 55 Slwle sladde 353l 5 oo plew 5L Loy
dogr Joe (oleme o Lol ilesgy S50 plew 5L b S
Sl s ol b dilie Gl ad Bl Sl S Olaan
Solere S3lwting Sl Fsosls Gaminr s S 5 andlla

! Causal feature selection (CFS)
2 Principal component analysis (PCA)

¥ LASSO
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% Linear multi-factor

* Time-sliding window cross-validation
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! Frequency trading patterns modeling approach

2 Rough Set Theory
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! Relative strength index (RSI)
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