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[Abstract]

A number of studies have been conducted using diverse data sources to forecast cryptocurrency
prices. However, unlike the rational behavior of human investors who manage risk through asset
diversification between risky and safe assets, most deep learning models for cryptocurrency price
prediction have overlooked features related to safe assets that may not appear directly connected to
Bitcoin as risky assets. In response, this study demonstrates that a deep learning price-forecasting model
designed by incorporating safe assets—specifically Korean bond indices—alongside Bitcoin significantly
improves prediction performance. In our experiment, features derived from the Korean Bond Indexes
were selected through the Granger Causality Test to assess their relevance for Bitcoin price prediction.
To ensure reliability in forecasting, the dataset was preprocessed to achieve stationarity across all
features. The results indicate that a model trained on both Bitcoin-related variables (representing risky

assets) and Korean Bond features (representing safe assets) delivers enhanced predictive performance.

» Key words: Bitcoin, Price prediction, Stationarity, Granger-Cauasality test, KRX bond index

A7 G dolE 228 BEE FEIA AR AF A7 AGso] gk aeht 9
AR QAR ko] BARAS Ba) P2aE pesks A7k FARe] ded @slsh 9,

el Held A hEsie 44 oS mue wER g sgak 45 AdsA o
of 0l QA B SHE A ek ol B ATE A, Kol 95 AVATE
WEDls g melo] T e £
28 nelzt), AR B3 A

¢} gul
et 95 A B8 EAGDHE A 4 200l 1 1% Qe nol.

nﬂ
x
1>

» ZA0f: H|EFOQI 7HA 0%, A|AE A (Stationarity), Granger-Causality 474, i

 First Author: Tae-Wook Kim, Corresponding Author: Jung-woo Sohn
*Tae-Wook Kim (twkim@kaist.ac.kr), Dept. of Industrial and Systems Engineering, KAIST
**xJung-woo Sohn (jwsohnO00@yonsei.ac.kr), Dept. of Software, Yonsei University

» Received: 2025. 08. 13, Revised: 2025. 09. 01, Accepted: 2025. 09. 15.

* This paper is an extended version of the study titled ‘Design of a Deep Learning Model for Price Prediction
Based on Investor Rationality’, which was presented at the Korea Society of Computer and Information
Summer Conference 2024.

Copyright © 2025 The Korea Society of Computer and Information
http://www.ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



12

Journal of The Korea Society of Computer and Information
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2. Bitcoin price prediction using deep learning
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III. Dataset Construction

1. Data collection
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Table 1. Descriptions for the five Korean Bond Indices
Notation Index Description
Korea Government . . .
. Indicator combining Korean government bonds and the prime rate,
PRIME Bond Prime Rate . o . L .
Index reflecting basic interest rate trends in the domestic financial market
KTB Korea Treasury Bond Index tracking the price movements of South Korean government bonds
Index (treasury bonds), providing an overview of the government bond market
KTB 10V Korea Treasury Bond Index specifically targeting 10-year maturity South Korean government
Index bonds, offering insights into the 10-year government bond market
KRX Korea Exchange Comprehensive index tracking various bond types in the South Korean
Bond Index bond market, providing an overview for investors
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Table 2. Korean Bond Index features

L KTB KRX
Features Descriptions PRIME KTB 10y KRX AA-
The closing price of an index that reflects the
Total Return Index total return on an investment, accounting for
. . } ; ) 0 0 0 0 0
Closing Price both price changes and reinvested income such
as dividends or interest
The closing price of an index that reflects only
Net Price Index the price movements of an investment, 0 0 0 0 0
Closing Price excluding any reinvested income like dividends
or interest
A measure of the sensitivity of the price of a
bond or other fixed income investment to
Duration changes in interest rates. It represents the 0 0 0 0 0
weighted average time it takes for the bond’s
cash flows to repay its initial price
A measure of the curvature in the relationship
. between bond prices and vyields. It provides
Convexity additional information about the price-yield 0 0 0 0 0
curve beyond what is explained by duration
The total return anticipated on a bond if it is
Yield to Maturity held Untl|.lt matures, con5|der|ng its current 0 0 0 0 0
market price, par value, coupon interest rate,
and the number of years to maturity
Market Price Index The closing prlce.of an index that reflects the
) ) overall market price movements of a group of X 0 0 0 0
Closing Price .
securities
. The closing price of an index that considers the
Call Reinvestment . . .
. . impact of call options and reinvestment returns X X X 0 0
Index Closing Price .
on the total return of an investment.
. The closing price of an index that reflects the
Zero Reinvestment . .
. . performance of an investment without X X X 0 0
Index Closing Price L . .
considering any reinvestment of income
Table 3. p-value of the Granger-Causality Test from Each Feature to Bitcoin Close
(The final 29 significant features are marked with bold typeface)
Features PRIME KTB KTB 10Y KRX KRX AA-
Total Return Index Closing Price 0.0746 0.0132 0.0177 0.0065 0.0071
Net Price Index Closing Price 0.039 0.0122 0.0173 0.021 0.0077
Duration 0.4681 0.0311 0.0408 0.0231 0.0376
Convexity 0.4305 0.0275 0.0485 0.0271 0.0296
Yield to Maturity 0.0965 0.0024 0.0143 0.0062 0.0056
Market Price Index Closing Price X 0.0111 0.0035 0.0076 0.0073
Call Reinvestment Index Closing Price X X X 0.0065 0.0071
Zero Reinvestment Index Closing Price X X X 0.007 0.0073
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2. Feature selection with Granger causality test
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4. Preprocessing
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Fig. 1. Min—Max scaling result
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Fig. 2. Log Differencing and Min—Max Scaling result

IV. Experiment

1. Model architecture
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0]X]= 93FS Hlw Y Hrlsk= Zlo|ct. 2. Training details
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Fig. 3. Model Architecture
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Table 4. Performance comparison of the two types
of dataset (K=15) 0051
Dataset MSE MAE 2 a 6 8 10 12 14
K
Py 0.0046 0.0452
. Bond
Fig. 4. MAE for each Py dataset by K
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Fig. 5. Price prediction comparison: BTC only dataset vs. BTC with bond (K =5)
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Fig. 6. The impact of each feature in P}?‘md measured with SHAP (K =15)

V. Results
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VI. Conclusions
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Table 5. (Bond data included) Number of train/validation/test samples and error statistics w.rt K

k | n (train) | n (val.) | n (test) | MSE (avg) MSE (min) MSE (max) MAE (avg) MAE (min) MAE (max)
2 592 74 75 | 0.006461253 | 0.006248458| 0.006633764| 0.052322976 0.05060719 | 0.053669587
3 592 74 74 | 0.007365555 0.00711842| 0.007922524| 0.053444312| 0.051727571| 0.057826061
4 591 74 74 | 0.005146523 | 0.004774745| 0.005493627| 0.051460761| 0.050014276| 0.053441226
5 590 74 74 | 0.004092212| 0.003942816| 0.004278176| 0.044659881 0.043297 | 0.046718895
6 589 74 74 | 0.008702141| 0.008571404| 0.008965684| 0.06155002| 0.060886703| 0.062280189
7 588 74 74 | 0.007551687 | 0.007244939 | 0.007977272| 0.059223919| 0.056960493| 0.061421465
8 588 73 74 | 0.004747203| 0.004477891| 0.004961342| 0.050651746| 0.049301066| 0.052809067
9 587 73 74 | 0.009033752| 0.008737721| 0.009200701| 0.063711445| 0.062100861| 0.064984128
10 586 73 74 | 0.011108737 | 0.010938115| 0.011434212| 0.066226555| 0.065482058 | 0.067100368
1 585 73 74 | 0.006388349 | 0.006147021| 0.006662891| 0.058216618| 0.056987513| 0.060307708
12 584 73 74 | 0.010262706 0.01013453 | 0.010427214| 0.064373422| 0.062265821| 0.066649757
13 584 73 73 | 0.007391087 | 0.007210445| 0.007709302| 0.058647877| 0.056795944| 0.061402243
14 583 73 73 | 0.008589065| 0.008351395| 0.008948321| 0.063646957| 0.061966538| 0.066540912
Table 6. (BTC only) Number of train/validation/test samples and error statistics w.rt K
k | n (train) | n (val.) | n (test) | MSE (avg) MSE (min) MSE (max) MAE (avg) MAE (min) MAE (max)
2 592 74 75 0.00655404 | 0.006414659| 0.00666718| 0.054562374| 0.05273699 | 0.055867951
3 592 74 74 | 0.007715189 | 0.007581103| 0.00787156| 0.056638713| 0.055497762| 0.057320833
4 591 74 74 | 0.004718539 | 0.004664091| 0.004789173| 0.049668097| 0.049211189| 0.050207425
5 590 74 74 | 0.004640125 0.00448266 | 0.004742957| 0.045165311| 0.044335604| 0.045881733
6 589 74 74 | 0.008532229 | 0.008444768| 0.00865557 | 0.063374019| 0.062922709| 0.063689597
7 588 74 74 | 0.007986547 | 0.007938604 | 0.008079587| 0.063176385| 0.062860891| 0.063838474
8 588 73 74 | 0.004671711| 0.004648606| 0.004727713| 0.050456503| 0.050015274| 0.050736852
9 587 73 74 | 0.009191282| 0.009021017| 0.009458474| 0.065612404| 0.064329788| 0.066873625
10 586 73 74 | 0.011067043| 0.010964736| 0.011153743| 0.066515619 | 0.065969639| 0.067518115
1 585 73 74 | 0.006789116 | 0.006637572| 0.006914565| 0.05905702| 0.058211483| 0.059857156
12 584 73 74 | 0.011357054 | 0.011235391| 0.011481843| 0.068569615| 0.067858301| 0.069701299
13 584 73 73 | 0.007514339 | 0.007418525| 0.007647006| 0.059380519| 0.058852274| 0.059934825
14 583 73 73 | 0.024692006 | 0.008988833| 0.165061459| 0.098559494| 0.064912871| 0.395585895
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