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Stock Price Prediction Improvement Algorithm Using Long-Short
Term Ensemble and Chart Images: Focusing on the
Petrochemical Industry

Eun Ji Bangt Huiyong ByunH,Jaenﬂn Cho'™"

ABSTRACT

As the stock market is affected by various circumstances including economic and political variables,
predicting the stock market is considered a still open problem. When combined with corporate financial
statement data analysis, which is used as fundamental analysis, and technical analysis with a short data
generation cycle, there is a problem that the time domain does not match. Our proposed method, LSTE
the operating profit and market outlook of a petrochemical company and estimates the sales and operat—
ing profit of the company, it was possible to solve the above-mentioned problems and improve the ac—
curacy of stock price prediction. Extensive experiments on real-world stock data show that our method
outperforms the 8.58% relative improvements on average w.r.t. accuracy.
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2.2.1 LSTM(Long Short Term Memory)
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Fig. 1. Architecture of LSTM,
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Fig. 2. Overview of proposed algorithms, Long Short Term Ensemble (LSTE),
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Algorithm 1: Hule Based Algorithm 3.2 Ei‘_‘:' OlDlIl_l S
1 unetion BoleBssod (o, rn,m): Sz 2] ok al=o E H]— 4
Input : 1. Array of a stock geound troth. Shape (a.1) H&—' ‘j % ] == a ‘/] —|——_8_ - “ T7]-'/]
2, Array of petrochemical price (percentage change between 7&‘% 01]?_;". ]-.‘E. 7;10]1:}_ B 04711-‘,] 7].78— =93 Exﬂ
today and vesterday ), shape (a,n) N e =
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a | en
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Algorithm 2: Reversal Signal Line (RSL)

1 function RSL (ay, a2, 3,0,G);

Input :1. G= Growth rate in a window

2. IS_RSL=False

Output: RS Line
2 for Signal point between 50% and 80% in a window do
3 if The close price of Signal point in the range Joy * G,ay*G] : then
4 Draw a RSL;
5 if a rate of & points between at the first and of RSL*3 : then
6 | IS_RSL=True
& end

8 nd

0| end

10

Fig. 5. How to generate Reversal Signal Line (RSL).
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% It (Fig. 6 1) 5 B4 A E, 43 =
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Fig. 6. Reversal Signal Line (RSL),
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Corporation KPIC Lotte Chemical OCI
RANDOM ACC(%) 49.30 52.60 51.00
LSTM ACC(%) 53.21 51.09 53.74
RBA ACC(%) 58.67 59.42 59.78
W OCL af8} 1 HE o) 7122 LSTM  RBAS fbavbA 2 SAmzo] A2 £& 4w
A4 BH1719] LSTME A ewRtt RBAE ©]§ = tﬂﬁl—%i}g} OCI A¥8E+ Z+7} 65.61%,
RS v ¥ =2 JAYg=E 2JT 63.15%°|t}. 3 M4 (Reversal point, RP) &3
=, Table 2& g3t G748 dnds 4 gl A g3l OCL 2ulAng ¢ &
ol B3 A5 HoErh H7 vlolHEY 5T A =7t i}kE}
A BHFHOR 57.024%°] HYEE 7S o, npR g o 2 Ate 4 EFS T AEE
AFsltAlF vlolB & 28T A9 HTA o= 6121 Al Bokrh HF daEEQl LSTEE ©@7l4

% (7.4% T =&
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£ 28T YHEe 4%

BAFAT
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HA GaglEEe] A= A 54T F4HE |
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R I k=]

Table 2. Experimental results on different train dataset,
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Train Dataset: Historical closed price Train Dataset: petrochemical price
1D- Gradient 1D~ Gradient
LSTM CNN | Boosting KNN | Ensemble | LSTM CNN | Boosting KNN | Ensemble
Acf;rf‘cy 5354 | 5580 | 5761 | 59.76 | 5841 5524 | 62.45 6342 | 65.61
(¢
Table 3. Performance on each stock with ensemble and reversal point detection algorithms,
Corporation KPIC Lotte Chemical OCI
Ensemble ACC(%) 65.61 67.74 63.15
Reversal point ACC(%) 71.54 70.22 72.38
Table 4, Evaluation on the consolidated algorithm of proposed methods,
RBA RBA+Ensemble Ensemble+RP RBA+Ensemble+RP
KPIC ACC(%) 58.67 66.30 67.32 68.23
Lotte Chemical ACC(%) 59.42 61.71 68.10 65.49
OCI ACC(%) 59.78 64.42 66.57 69.89
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