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Hybrid Machine Learning Model for Predicting the Direction of
KOSPI Securities
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Professor, Division of Information Communication Technology, Halla University
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72.1 %2} 63.8 %°laL skt A& BE2 79.8 %2} 64.3 %Olth. Slo|HEE 5l o)& HEojA HdkE i KE
Hoh 34 14.3 %, o 20.5 % /MAAHAT HAE 7]3te] stejEI = mEe siEtoA 10.49 %, Ad5olAl 25.91
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A% vig 2dof gigt 71 72 982 § ¥ & U AR Vgt

FHO 2 83, F7H ¥, AlS, ETE, 9E, 7IA4%E, stolBEel= 2l

Abstract In the past, there have been various studies on predicting the stock market by machine
learning techniques using stock price data and financial big data. As stock index ETFs that can be
traded through HTS and MTS are created, research on predicting stock indices has recently attracted
attention. In this paper, machine learning models for KOSPI's up and down predictions are
implemented separately. These models are optimized through a grid search of their control parameters.
In addition, a hybrid machine learning model that combines individual models is proposed to improve
the precision and increase the ETF trading return. The performance of the predictiion models is
evaluated by the accuracy and the precision that determines the ETF trading return. The accuracy and
precision of the hybrid up prediction model are 72.1 % and 63.8 %, and those of the down prediction
model are 79.8% and 64.3%. The precision of the hybrid down prediction model is improved by at least
14.3 % and at most 20.5 %. The hybrid up and down prediction models show an ETF trading return
of 10.49%, and 25.91%, respectively. Trading inversex2 and leverage ETF can increase the return by
1.5 to 2 times. Further research on a down prediction machine learning model is expected to increase

the rate of return.
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Fig. 1. Autocorrelation of KOSPI
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Fig. 3. Machine learning models for predicting the daily
direction of KOSPI
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Fig. 4. Hybrid machine learning models for predicting
the direction of KOSPI
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Fig. 5. Days when the KOSPI rose above 0.7 % in 2018
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Table 1. Grid search ranges for optimal parameters of
machine learning models

Grid search ranges
Models Parameters
Start Stop Increase
iteration 300 900 5
MLPC

node 5 20 1

C 1 10 0.1
SVC

gamma 50 300 1

algorithms 2 10 1

max_depth 2 15 1

RFC - -

min_sample_split 5 25 1

min_sample_leaf 2 10 1

max_depth 2 15 1

leaf_max_data 50 200 1

LGBMC leafs 2 10 1
feature_fraction 0.4 0.6 0.1
bagging_fraction 0.5 0.9 0.1

algorithms 2 10 1
max_depth 2 15 13

XGBC - - -

min_child_weight 5 1

gamma 0.1 0.9 0.1

Table 23} 32 HAE 717t 5% A5 € 312 A&
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Table 2. Accuracy and precision of up prediction

Up prediction 2019 ~ 2020
models Accuracy (%) Precision (%)
MLPC 74.0 61.1
SVC 72.3 68.4
RFC 74.1 68.0
LGBMC 735 40.0
XGBC 73.3 52.9

Table 3. Accuracy and precision of down prediction

Down prediction 2019 ~ 2020
models Accuracy (%) Precision (%)
MLPC 79.0 40.5
SVC 79.4 50.0
RFC 76.0 35.5
LGBMC 71.7 14.3
XGBC 795 438

4.2 5l0|EZ|E Hilzd 2H
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Table 4. No. of predicted days for trading ETF
Verification Test
Days

2018 2019 2020

U Actual 40 43 86

® [ Predicited 20 8 57
Actual 54 36 65
Down —
Predicited 4 5 9

Table 5. Accuracy and precision of hybrid prediction

) 2019 ~ 2020
Hybrid model —
Accuracy (%) Precision (%)
Up prediction 72.1 63.8
Down prediction 79.8 64.3
Table 6. Return expected by ETF trading
Expected Verification Test
return 2018 2019 2020
Up (%) 9.64 2.28 23.63
Down (%) 4.75 2.96 7.53
Total (%) 14.39 5.24 31.16
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Fig. 7. Cumulative return from ETF trading in 2018
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Fig. 9. Cumulative return from ETF trading in 2020
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