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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,

hyperparameter
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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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3.4 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,)
n
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R2 1 - 7'/": :
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i=1
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

2719 ¥4 & nE
o 7|12A 08 ARREl= B7L A7L AL A7t Qof = 7]
& BEA|E9 o5,

510
_75_01-_.

(O o
ﬂ_reél:l_

A=
P

WMA, SMA, MOM} AR5~
B9l PER, PBR, &]=Q1 H.8550] 371 o &
< B3It} F7F A7E a7t A7 MAS+=
FIHol T YW, Y=l B
Ak AEso

=lom, MOM E3t Finance

7R 4] &A
selection A] Z&sflof 3} £Q3F 718 & shjo|ci14].

0-1_75_

AEANA T W A

S
o gojulat

< Y5IA

0:]}\]

IT, Finance 9%
0, SMA, PBRE Material ¥Zo|A{gt AEd
SolA gt dEi=icy,

= Iy feature

J8jBpg, MR o0& Table 6ofl= 7719] dy2|E5dHz
TE 59 2FE AIAAL Hlolefo]] YHste] o &L
AP 7V B2 2FE UEIRloH, o] x|A9] ¥4
) ’;‘I% oA ] ZutE Qokitt

E3} Fig. 50A] GRUQ] &]A0] ¥4 x3HS olaisio]
S % 5}— GRU U EQ]F0] LR Z AIZfA 02 Hoj
Zlon, o] wHlo] 1} 5582 ofsflshe U &-20]
Sk UrE}“*Ur 159 ] £7}, 17}, MA5, MA20, ©]=9°I

O Aako
. E(}E ol

2J2isto] ohg

¢ 5718 A5

st pzolct,

Industry Selected feature
Model Input RMSE IT
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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
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