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[Abstract]

Stock price prediction is an important topic extensively discussed in the financial market, but it is
considered a challenging subject due to numerous factors that can influence it. In this research,
performance was compared and analyzed by applying time series prediction models (LSTM, GRU) and
non-time series prediction models (RF, SVR, KNN, LGBM) that do not take into account the temporal
dependence of data into stock price prediction. In addition, various data such as stock price data,
technical indicators, financial statements indicators, buy sell indicators, short selling, and foreign
indicators were combined to find optimal predictors and analyze major factors affecting stock price
prediction by industry. Through the hyperparameter optimization process, the process of improving the
prediction performance for each algorithm was also conducted to analyze the factors affecting the

performance. As a result of feature selection and hyperparameter optimization, it was found that the

forecast accuracy of the time series prediction algorithm GRU and LSTM+GRU was the highest.

» Key words: stock price prediction, non-time series, time series, deep learning, optimal predictors,
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I. Introduction
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II. Preliminaries

1. Related works
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2. Research Data
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Table 1. Selected financial ratios

Name Formula

BPS (Shareholder’s equity - Preferred equity) /

Total common shares outstanding
EPS Net earnings / Total shares outstanding
PER Share price / EPS

PBR Share price / BPS

DIV Dividend per share / Share price
DPS Dividends / Shares
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3. Algorithms for non-time series prediction
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3.1 SVM (Support Vector Machine)

golelS 1AFY Z7toz ufyste] ZejA 7H] Z| o)
IRRlE A= 27 R 9 guegolch 2% S &
7] st 22 H] MuE HEES ZRsHH, oA
ot A ® HdY 2AIE A2l 7hssith ElolEt

N@Ho2 TREA| oh 39 Ad 71ES olgslo] v
HE 2AlS A,

3.2 RF (Random Forest)

o] 2474 Elg A= o 7/ % gHE 4385t
+ Zdojt), ZF Egl= REAER MIRu 2y 54
AMES Foll A/, o] Er] AuE Aetsto] ahA
g2 £0]1L oI5 M =RIoh

3.3 KNN (K-Nearest Neighbors)

Qe K7l9] 0] tolElS 2Esle] BR E= 8]
st melolct. lofg] 7t fAtES :@o}oq 71 pte
oSS HeetL, £5 EHONE O AR 2R
5t g wAloM e £ ol RE9 HHuE dEUe
2 A8

gt} 8 tolEle] £x0 mje} AgH0R o)



70

Journal of The Korea Society of Computer and Information

3.4 LGBM (LightGBM)
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3.5 XGBoost (Extreme Gradient Boosting)

4. Algorithms for time series prediction
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Table 2. Selected technical indicators
Indicator Formula
t
A (Simple n-day Moving Average) 1 X ( Z Ci>
n i=t-n+1
MOM (Momentum) Ce—Cip
nXC+M—1)XCi_q+ - +Crpsq

WMA (WeightedMoving Average)

n+m-1)+-+1

Stochastic K%

(HHt n_LLt n)

(Ce—LL¢ ) % 100

Stochastic Slow% K (Stochastic D%) Lt Kei%
n
Stochastic Slow% D T SKei%
m

SIG(Signal(n)t) (Parabolic Sar)

SIG,_, + AF(EP — SIG,_;)

HH; ¢ _py1 —C
LWR (Larry William’s R%) Ll P %100
HHt t-n+1 LLt t—-n+1
. N . . H, — C;
ADO (Accumulation/DistributionOscillator) T
t— Lt
. N_UP;_;
RSI(Relative Strength Index) 100 — 100 + (1 +§N—DWt“)
. . My — SM;
CCI (Commodity channel index) m

C'tmeans the closing price at the time of t, Htmeans the high price, Ltmeans the low price, HHt_nmeans the

maximum value for the period of n at the time of t, and LLt nmeans the minimum value. The AF of the SIG indicator
is the acceleration factor, and the EP is the Extreme Price, which means an important market price, and if the

highest and lowest prices do not come out, the previous EP is used as it is. Mt represents the average of closing

price, high price, and low price, SMt represents the simple moving average for the t period of M, and Dt represents

the simple average for the t period of the absolute value of the difference between M, and SM,.

In this thesis,

variables were derived by setting AF as 0.02 and EP high of 0.2, MA as 5 and 20 days, SMA, WMA, and MOM as 10,
Stochastic Slow% K and Stochastic Slow% D, RSI as 14 days, and CCI as 20 days.
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4.2 GRU (Gated Recurrent Unit)
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5. Feature selection
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5.3 RFECV (Recursive Feature Elimination with
Cross-Validation)
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5.4 Lasso regression
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6. Metrics
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Table 3. Formula of metrics

Name Formula
, } . ,
RMSE 7.:Zl(Actuali Predicted,)
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Actual; : Actual value at time i
Predicted; : Predicted value at time i
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III. Selection of Models and Features
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Table 4. RMSE between algorithms using the close of
15 days or 1 day

Table 5. Result of feature selection
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IV. Optimization and Results
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Table 7. RMSE of hidden layer and node by model

Model Node Layer RMSE
16 2 910.9001
32 2 914.8317
LSTM 32 3 913.2780
64 2 913.1321
64 3 916.9996
16 2 910.4560
16 3 955.4798

GRU 2 3 901.8101
64 3 901.8013
32 2/2 911.9075
LZE\S+ 64 2/2 904.9332
64 / 32 2/2 909.5059

V. Conclusions
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Table 8. Hyper parameters by model
Model Optimized hyper parameter RMSE R2
RE n_estimators:200, .max_depth15, m!n_samples_leafﬂ, 1060.8211 0.9761
min_samples_split:2
KNN n_neighbors:10, weights:uniform, metric:manhattan, leaf_size:10 1008.5801 0.9784
LGBM n_estimators:500, max_depth:20, num_leaves:20, learning_rate:0.01 987.7137 0.9792
LSTM optimizer:nadam, batch_size:64, dropout:None 911.9774 0.9825
GRU optimizer:adam, batch_size:32, dropout:None 901.6247 0.9829
LSTM+GRU optimizer:adamax, batch_size:16, dropout:None 907.0604 0.9827
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Fig. 6. RMSE of feature selection and hyperparaeter tuning

REFERENCES

[1] M. Nabipour et al.,
Machine Learning and Deep Learning Algorithms Via Continuous

"Predicting Stock Market Trends Using

and Binary Data; a Comparative Analysis," IEEE Access, vol.
8, pp. 150199-150212, Aug 2020. DOI: 10.1109/ACCESS.2020.
3015966

[2] Y. Kara et al., "Predicting direction of stock price index movement
using artificial neural networks and support vector machines: The
sample of the Istanbul Stock Exchange,"
Applications, vol. 38, pp. 5311-5319, May 2011. https://doi.org/
10.1016/j.eswa.2010.10.027

[3] L. Pei Fun et al, "Price Earnings Ratio and Stock Return Analysis
(Evidence from Liquidity 45 Stocks Listed in Indonesia Stock
Exchange)," Jurnal Manajemen dan Kewirausahaan, pp. 1-10, May
2012. DOI: 10.9744/jmk.14.1.7-12

[4] K. Hyung gyu, "An Empirical Study on the Relationship between
Price-Earnings Ratios and Stock Values," Korean Industrial
Economic Association, pp. 725-743, Apr 2019. DOL: 10.22558/
j1eb.2019.04.32.2.725

[5] K. XIA et al., "LSTM-CNN Architecture for Human Activity
Recognition," IEEE Access, vol. 8, pp. 56855-56866, Mar 2020.
DOIL: 10.1109/ACCESS.2020.2982225

[6] M. Ali raza suleman et al., "Short-Term Weather Forecasting Using
Spatial Feature Attention Based LSTM Model," IEEE Access, vol.
10, pp. 82456-82468, Aug 2022. DOIL: 10.1109/ACCESS.2022.
3196381

[7] K. Jagjin et al.,
Electric Vehicles in Korea,"
Supply Chain Management, vol. 20, pp. 24~35, May 2020.
https://doi.org/10.25052/KSCM.2020.05.20.1.24

[8] H. Choi et al.,
intelligence using big data,"

Expert Systems with

"Demand Analysis and Forecasting of Battery
Journal of the Korean Society of

"Stock prediction analysis through artificial
Journal of the Korea Institute of
Information and Communication Engineering. Vol. 25, No. 10,

pp. 1435-1440, Oct 2021. DOIL: 10.6109/kiice.2021.25.10.1435
[9] Y. Han Jeong., "A Study on the Characteristics of Recurrent Neural
Networks Using the S&P 500 Index," Graduate School of Sogang
University, Feb 2020. UCI: 1804:11029-000000065193
[10] X. Hou et al., "ST-Trader: A Spatial-Temporal Deep Neural
Network for Modeling Stock Market Movement," IEEE/CAA
Journal of Automatica Sinica, Vol. 8, No. 5, pp. 1015-1024, May
2021. DOI:10.1109/JAS.2021.1003976
[11] Pystock, KRX stock information scraping, https://github.com/
sharebook-kr/pykrx
[12] TA-Lib, ta-lib-python, https:/github.com/TA-Lib/ta-lib-python
[13] N. Gorgolis et al., "Hyperparameter Optimization of LSTM
Network Models through Genetic Algorithm," 2019 10th
International Conference on Information, Intelligence, Systems
and Applications (IISA). Jul 2019. DOIL: 10.1109/IISA.2019.89
00675
[14] Y. Jiang et al., "Combination Features and Models for Human
Detection," 2015 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). , Jun 2015. DOL: 10.1109/CVPR.
2015.7298620

Authors

Min-Seob Song received the A.S degress in
Department of Computer Science from Inha

Technical College in 2022 and is currently a

B.S. in Department of Computer Science at
‘. Inha Technical College, Incheon, Korea.

He is interested in artificial intelligence, deep learning, data

analysis.

Junghye Min received the B.S. degree in
mathematics from Ewha Women’s University,
Seoul, in 1995, and the M.E. and

Ph.D.

Korea,

degrees in computer science and

engineering from Pennsylvania State

U.S.A. in 2003 and 2005,
2005 to 2021 she was a Principal Enginner with Samsung

respectively. From

University,

Research, Samsung Electronics, Seoul, Korea. Dr. Min joined
the faculty of the Department of Computer Science at Inha
Technical College, Inchoen, Korea in 2022 and is currently
an assistant Professor. Her research interests include image

enhancement, image style transfer, and pattern recognition.



