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ABSTRACT

The purpose of this study is to set the rate of change between the market price of the next day and the previous day
to be predicted as the predicted value, and the market price for each section is generated by dividing the stock price
ranking of the next day to be predicted at regular intervals, which is different from the previous papers that predict the
market price. We would like to propose a new time series data prediction method that predicts the market price change
rate of the final next day through a model using the rate of change as the predicted value. The change in the performance
of the model according to the degree of subdivision of the predicted value and the type of input data was analyzed.
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Fig. 1 Data Preprocessing of the proposed scheme
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Table. 1 Type of stock price data and Crawling Date

Type of stock price data Crawling Date
Hourly Candle 2021. 6. 8. —2021. 12. 10.
Daily Candle 2019.7.10.—2021. 12. 10.
Weekly Candle 2016.3.7.—2021. 12. 10.
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Fig. 2 Stock price data period infographic of the created
candle chart image
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Table. 2 DataFrame Column Table

Stock Index {stockTicker} YYYYMMDD

Day Feature [ dhk(day-hyp-key)1, dhk2, dhk3, dhk4 ]
Week Feature [ whk(week-hyp-key)1, whk2, whk3, whk4 ]
Month Feature [ mhk(month-hyp-key)1, mhk2, mhk3, mhk4 ]

Fluctuation Rate (S: 1) [P1]

Fluctuation Rate (S: 2) [PL,P2]

Fluctuation Rate (S: 3) [P1..P3]
Fluctuation Rate (S: 4) [P1..P4]
Fluctuation Rate (S: 5) [P1..P5]
Fluctuation Rate (S: 6) [P1..P6]
Fluctuation Rate (S: 7) [P1..P7]
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Fig. 3 Overview of proposed DNN model
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Fig. 4 Graph illustration for calculating the percentage
change in stock price
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Table. 3 Input subdivision type Table

i Form| | | 2 | 3 | 4| 5|6 |7
key-hyp-day O| 0| O (¢}
key-hyp-week O | O (6] (6]
key-hyp-month (0] O | O (0]

2 A BoA = o et HHO] kg oA
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51, 2 2|5} 01 2] 52 Adam S ARE-3HIT
* batch size = 32
* Learning Rate = 0.0005
* train:test = 81182: 19035
* up:down = 10000+a: 10000+« (=100 1|7}FS] 2F-2-
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Table. 4 Presenting graphs from a total of 4 perspectives
(Fig.5-8 Table of the x and y axes of the graph)

Fig.5 Fig.6 Fig.7 Fig.8
Input Output Input Output
y Loss Loss Accuracy Accuracy
R4E=09H6,85, 5= 195,79 a= Az
Mg vehie.

Table. 5 Fig.6, 8 Graph Color Type Table

Red |Green| Blue | Mint | Pink | Yellow | Black
key-hyp-day| O (0] (6] (6}
key-hyp-week | O (6] (6] O
key-hyp-month | O (6] (0] (6]

Table. 6 Fig.5, 7 Graph Color Type Table

Red |Green| Blue Pink | Yellow | Black

Segmentation 1 5 3 4 5 6 7

Num

Fig. 5 Loss value graph of input value format diversification
experiment
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Fig. 6 Loss value graph of output value format
diversification experiment
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Fig. 7 Accuracy graph of input value format diversification
experiment
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