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Estimation of the periodic ARMA model (PARMA) with the mixture
periodic GARCH model (M-PGARCH) using data of the Egyptian
pound exchange rate against the US dollar

Amaal El Sayed  Mervat Talaat El Tarek Yehia Mohamed Ibrahim
Mubarak Mahalawy  Yousef Elorbany Mohamed Ahmed
Assaciate Professor Professor of Applied Assistant Lecturer Associate Professor of
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= Damietta University . Damietta University
Abstract: ’

The research aims to build the optimal Periodic Autoregressive-Moving Average
(PARMA) model to model seasonal variations in the mean, standard deviation,
correlation structure, mode] order determination, and parameter estimation of the
PARMA model using the Discrete Fourier Transform to reduce the number of parameters
in the estimated model. As well as developing the Mixture Periodic GARCH (M-
PGARCH) model to capture the periodic variance, sudden changes in the system,
kurtosis, and skew, and improving the PGARCH model by modelling k of periodic
fluctuations in parallel using the M-PGARCH model, and improving the description of
financial data using the PARMA model with the M-PGARCH model to capture linear
and nonlinear fluctuations and examine the periodic fluctuations of conditions, Monthly
historical data of the exchange rate of the Egyptian pound against the US dollar has been
used because of the great importance of exchange rate data on the economy in general as
well as the periodic fluctuations of the data, which represent a problem that the search
seeks to solve. The results indicated that the M-PGARCH model can capture the
phenomenon of sudden changes in variance very well, more flexibly and more
parsimoniously, as there are a lot of estimated parameters whose value goes to zero.
Comparing the use of the PARMA model only to describe the data with the use of the
PARMA modetl with the M-PGARCH model, we note that the PARMA model needed an
accurate description of the periodic changes in the residuals that were not well stationary,
especially with the financial data, and hence the use of the M-PGARCH model with the
PARMA model gives it the extra advantage of being able to capture those changes and
periodic fluctuations in the residuals, and this is what the M-PGARCH model was able
to apply well as well as describe the periodic mixture of those fluctuations accurately,
which allows us a deeper understanding of the type of the target financial statements.
Keywords: PARMA, Periodic Autoregressive Moving Average, PGARCH, Periodic
Generalized Autoregressive Conditionally Heteroscedastic, Expectation Maximization
Algorithm, EM Algorithm, Discrete Fourier Transform, DFT, M-PGARCH, Mixture
periodic Generalized Autoregressive Conditionally Heteroscedastic.
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m=0 v
-1
2 -1
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