SH27 BE Y B5t =237

Journal of The Korea Society of Computer and Information
Vol. 29 No. 7, pp. 73-80, July 2024
https://doi.org/10.9708/jksci.2024.29.07.073

KOSPI index prediction using topic modeling and LSTM

JinHyeon Joo* Geun-Duk Park**

*Assist Professor, Dept. Convergence, Hoseo University, Asan-si, Korea
**Professor, Dept. of Computer Engineering, Hoseo University, Asan-si, Korea

[Abstract]

In this paper, we proposes a method to improve the accuracy of predicting the Korea Composite
Stock Price Index (KOSPI) by combining topic modeling and Long Short-Term Memory (LSTM) neural
networks. In this paper, we use the Latent Dirichlet Allocation (LDA) technique to extract ten major
topics related to interest rate increases and decreases from financial news data. The extracted topics,
along with historical KOSPI index data, are input into an LSTM model to predict the KOSPI index.
The proposed model has the characteristic of predicting the KOSPI index by combining the time series
prediction method by inputting the historical KOSPI index into the LSTM model and the topic
modeling method by inputting news data. To verify the performance of the proposed model, this paper
designs four models (LSTM K model, LSTM_KNS model, LDA K model, LDA KNS model) based on
the types of input data for the LSTM and presents the predictive performance of each model. The
comparison of prediction performance results shows that the LSTM model (LDA K model), which uses
financial news topic data and historical KOSPI index data as inputs, recorded the lowest RMSE (Root

Mean Square Error), demonstrating the best predictive performance.

» Key words: Topic Modeling, LSTM, Machine Learning, Predictive Modeling, LDA

Aot B RaEa Adr] 719LST™) A8 e Adete] g SEF7HAIHKOSP) oS¢
orgtr}. 2 =1to| A= LDA(Latent Dirichlet Allocation) 7] S ©]-8-3|
& w2 dolHolA F2 A4 2 kel BEw 107]9] Fo FAE FESAL, FEE TAE IA
23lo] KOSPI A4E dl5ahs RdS Aehait) Aoty mdd
gato] AL o= W 72 vlolE E fEste] By Rdd
ot WS Agste] KOSPI A& d5ate 548 7HIth Aljke Ele] ds-S A5 93l
& =rollAs LSTMO] 4 dlolef o] Fipoll uhel 47He] RE(LSTM K &%, LSTM KNS =2,
LDA K B4, LDA KNS 29)& AAsta zt Bl o5 58 AT dF A5 vlast
A}, F§ 12 FA4 doEl9} 37 KOSPI A4 HlolEE Y2 o2 3= LSTM X Z(LDA K EF)o]
71 92 RMSE(Root Mean Square Error)E 7] 53l 7 £ o5 HeS At

[e2

)

> FA0]: BT 2T, LSTM, HilE'g, oS 22T, LDA

 First Author: Jin-Hyeon Joo, Corresponding Author: Geun-Duk Park
*Jin-Hyeon Joo (joojin4381@hoseo.edu), Dept. Convergence, Hoseo University
*xGeun-Duk Park (gdpark@hoseo.edu), Dept. of Computer Engineering, Hoseo University
* Received: 2024. 06. 11, Revised: 2024. 07. 01, Accepted: 2024. 07. 02.

Copyright © 2024 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



74  Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries

1. Related works

1.1 Topic Modeling
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Fig. 1. The process of selecting topics using LDA

(Latent Dirichlet Allocation)
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1.4 LSTM(Long Short Term Memory)
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Table 1. Nouns on topics related to interest rate hikes
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Table 2. Nouns on topics related to interest rate cuts
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Table 3. Test result by window size
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Fig. 4. Comparing the predicted values of the KOSPI index between the LSTM_K and LSTM_KNS models
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