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[Abstract]

In the Korean cryptocurrency market, many altcoins are traded along with Bitcoin, developing into a global cryptocurrency
market. In this study, technical indicators and machine learning models were proposed to predict the price of altcoins. The
predictive performance of the machine learning algorithms was compared, and the economic value of the results was analyzed for
thr altcoins. The empirical results are as follows. First, the high price showed the highest feature importance F-score among the
15 feature variables. Second, Bitcoin's influence was relatively insignificant. Third, the prediction performance of the LSTM model
was the highest. Fourth, through the analysis of investment strategies using prediction results, the proposed prediction model
showed the economic value for investors. This study is of great academic and practical significance in that it attempted to
accurately predict the price of domestic altcoins with kimchi premium through various prediction algorithms and provided

investors with an investment direction.
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Table 1. Basic Informations on Cryptocurrencies

Symbol | Market cap. | First Price Last Price Price Change
ETH 26,780 325,000 1,910,500 |488%
BCH 6,994 493,500 166,900 -66%
XRP 6,740 203 697 243%
XEM 1,945 256 59.3 ~77%
BTC 61,082 4,322,000 |28,033,000 |549%

* Market cap.: market capitalization value(million $) as of 2017.09.26.
* First Price : Price as of 2017.09.26.

= Last Price : Price as of 2022.09.30.

* Price Change : Price change rate from first price to last price
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Table 2. Predictive Performance Metric RMSE on BCH

Features XGB LSTM SVR RF

All Features 0.0287 |0.0180 0.0499 |0.0218
(0.0008) |(0.0172) |[(0.0743) |(0.0047)

Selected Features | 00178 10.0144 0.0372  |0.0153
(0.0012) |(0.0168) |(0.0588) |(0.0060)
0.0283 | 0.0150 0.0487 | 0.0209

Exclude BTC (0.0009) |(0.0191) |(0.0738) |(0.0047)

The values in parentheses indicate R MSE for the traing data.
Boldface represents the best per formance.
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Fig. 4. LSTM-based Predicted and Actual Price on BCH
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E 3. ETH o= M1}

Table 3. Predictive Performance Metric RMSE on ETH

Features XGB LSTM SVR RF

Al Foatures 00217 |01117 |0.0512 [0.0369
(0.0007) |(0.0150) |(0.0754) |(0.0050)

Selectod Featuros |0:0219  [0.4463 100499 |0.0400
(0.0011) |(0.0135) |(0.0789) |(0.0048)
0.0216 |0.4175 |0.0493 |0.0384

Exclude BTC (0.0008) |(0.0138) |(0.0750) |(0.0051)

The values in parentheses indicate RMSE for the traing data.
Boldface represents the best per formance.
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Fig. 5. XGB-based Predicted and Actual Price on ETH
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Table 4. Predictive Performance Metric RMSE on XRP

Features XGB LSTM SVR RF

Al Foaturos 0.0386 |0.0223 |0.0722 |0.0692
(0.0007) {(0.0160) | (0.0532) | (0.0055)

Seloctod Featuros | 0-0286 0.0177 0.0465 |0.0309
(0.0012) |(0.0156) |(0.0651) | (0.0047)
0.0326 |0.0194 |0.0639 |0.0305

Bxclude BTC (0.0008) |(0.0176) | (0.0523) | (0.0056)

The values in parentheses indicate RMSE for the traing data.
Boldface represents the best per formance.
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Fig. 6. LSTM-based Predicted and Actual Price on XRP
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Table 5. Predictive Performance Metric RMSE on XEM

Statistics XGB LSTM SVR RF

All Features | 9:0362 | 0.0081 0.0977 | 0.0251
(0.0007) |(0.0118) | (0.0541) |(0.0047)

Selected 0.0295 | 0.0069 0.0634 0.0211
(0.0014) |(0.0247) (0.0857) | (0.0059)

Excluse BTC | 0:0328 ~ 10.0091 0.0776 0.0259
(0.0007) |(0.0204) | (0.0482) | (0.0049)

The values in parentheses indicate RMSE for the traing data.
Boldface represents the best performance.
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Fig. 7. LSTM-based Predicted and Actual Price on XEM
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Fig. 8. Alexander Filter Rule(x% filter)
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Table 6. Entry and Exit Rules on AFR Strategy

Strategy | Entry Rule Exit Rule
AFR Buy Exit
if PP > PP_B*(1+x/100) if PP < PP_T=*(1-x/100)
Buy Exit
AFR2 if AP > AP_B*(1+x/100) if AP < AP_T=*(1-x/100)
Buy Sell
AFR3 if PP > PP_B*(1+x/100) if PP < PP_T*(1-x/100)
AFR4 Buy Sell
if AP > AP_B=*(1+x/100) if AP < AP_T=*(1-x/100)
B&H Buy on First Day Exit on Last Day

PP: Predicted Price, PP_B: PP Bottom, PP_T: PP Top
AP: Actual Price, AP_B: AP Bottom, AP_T: AP Top
BH: Buy and Hold Strategy
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Table 7. AFR(5% filter) Strategy Performance(unit: won)

Strategy BCH ETH XRP XEM

AFR1 -200.750 |1,428,500 |325 -23

AFR2 -811,900 |166,500 —-203 —-206

AFR3 1,283,100 |4,531,500 |[1,768 360

AFR4 33,000 1,981,600 |642 —-81

B&H -1,079,600 | -1,302,500 |-1,208 -364.7
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