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Table 1.Time Series Information Summary of Daily, Inter-daily (5-minute), Daily and Weekly

Returns of Bitcoin

Source: Research Results
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Table 8 .Criteria Results for Daily Return Time Series
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Table 9 .Criteria Results for Weekly Return Time Series
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Table 9 .Diebold Mariano Test Results for Daily Return Time Series (all Models)
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Table 11 .Diebold Mariano Test Results for Weekly Return Time Series (all Models)
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of forecasting accuracy, using a time series of Bit es for the period 2015 to 2023 AD.
Bitcoin, as the most popular and well-known cryptocBrrer®y, has become an important asset

re

ch for modeling data with different time frequencies
limination of important limitations in econometric
udied and investigated. In this study, the forecasting
MIDAS models is compared. The models used in this

have been conducted to discov
high volatility of this cryptO%
data sampling (MIDAS) iﬁa

in recent years and withgre
modeling, it is i eﬁi gly
accuracy of ARI GARCH
research are based on in
variables i y returns of Bitcoin. First, a variant of ARIMA-GARCH maodel
RCH models and distributions and then the MIDAS model with

parts, both a
with the actual information. The results show that modeling with the mixed data sampling
approach providesbetter results in terms of forecasting the return of both time series of daily
and weekly returps’of Bitcoin.
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