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Abstract

In recent years, with the increasing number of investors, traders frequently buy and sell products
with high market volatility, such as gold, and bitcoin is used to maximize profits. This article stu-

DERER

MEF|I M BARE, B, VRO, ER, R TS ST T R R B A S D). THENUREE SR, 2023,
13(3): 349-357. DOI: 10.12677/csa.2023.133033


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.133033
https://doi.org/10.12677/csa.2023.133033
https://www.hanspub.org/

SR

dies the use of historical price data of currencies in the trading market to avoid risks in the in-
vestment process, predict the direction of product prices, and obtain maximum returns. For in-
vestors, if they can have a good trading strategy, this will bring them a stable income, while also
ensuring the smooth operation and stability of the trading market. In order to better predict the
currency trend, this paper uses historical data to predict the next day’s currency price to construct
LSTM, random forest, gradient recovery tree and xghboost model for single-step prediction, through
comparison, the random forest model has the best prediction effect. This paper uses the predic-
tion results to propose a method for portfolio optimization based on dynamic programming, which
considers the impact of risk factors on the portfolio management process, can automatically con-
vert the portfolio optimization mode according to market conditions and asset information to cope
with market style changes, and adjust the portfolio asset composition and asset allocation in real
time through the dynamic trading of portfolio internal assets and external asset pools, so as to
maximize theoretical profits.
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Figure 1. Bitcoin daily price. Source: NASDAQ, 2/11/2023
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Figure 2. Daily price of gold. Source: London Bullion Market Association, 2/10/2023
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Table 1. Analysis table of single-step prediction results of various Bitcoin models

F 1. M EMRE N B LTNER S R

B S MSE RMSE MAE R2
LSTM 1738398.74659 1318.48350 662.58488 0.98992
FEHLARAR 1003393.71289 1001.69542 482.67346 0.99523
Tof JEE B T e S 1034511.75552 1017.10951 481.02564 0.99515
Xgboost 1204254.10282 1097.38512 515.40649 0.99504
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Table 2. Analysis table of single-step prediction results of various gold models
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LSTM 496.17309 22.27494 17.67325 0.98989
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Figure 3. Bitcoin price trend comparison chart
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Figure 4. Gold price trend comparison chart
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