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Abstract The main aim of the macroeconomic policy of every country is to achieve a continuously high
economic development combined with low inflation rates. A low, stable inflation level together with a sustainable
budget deficit, a realistic exchange rate and a suitable real interest rate, consist indices of a stable macroeconomic
environment. The diverse economic policies applied in Greece during the period under consideration, led to high
inflation periods and guided the country to IMF since 2010. The high inflation rate in Greece was mainly generated
by the increasing money supply. The present paper is an effort for the development of a stochastic model which will
enable us to forecast inflation, taking into consideration the economic periods Greece went through. For this reason,
we use the Box-Jenkins methodology by constructing a seasonal ARIMA model in order to represent the mean
component using the past values. Then we incorporate a GARCH model to represent its volatility. The results of all
tests reveal that the seasonal SARIMA(2,1,2)(0,1,1)12-EGARCH(1,1) model with the distribution of the generalized
error (GED) and the Marquardt algorithm is the most suitable for forecasting the inflation in Greece. The forecasting
results of this model showed that inflation in the following months will range from 0 to 1%.
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1. Introduction
In economy, inflation is a stable increase of the price of
goods and services. Therefore, inflation reflects the
decrease of the purchasing power of citizens. One
inflation measure is the annual percentage change of the
general rate of prices which is referred as price rate of the
consumer. Inflation can affect economies positively or
negatively. The positive impacts of inflation include the
decrease of the burden of public and private debt, with the
central banks maintaining positive interest rates, but also
the decrease of the unemployment due to the stiffness of
the salaries. The negative consequences of inflation
include the increase of opportunity cost, the retention of
money and the discouragement of investments and money
savings.
Many economists believe that the high rates of inflation
are caused by the excessive increase of money offer [1]. [2]
supports that under the circumstances of a liquidity trap,
the rate of increase of money offer does not necessarily
cause inflation. Other economists support that a small
increase of the inflation can be caused by fluctuations of
the real demand on products and services. However, the
general opinion is that a long period of inflation is caused
by the demand of money and it is increased faster from the
rate of economic growth [3].

The major goal of the currency policy in every
government is to maintain a low and stable inflation rate.
The low and stable inflation rate decreases economic
depression since it allows the employment market to
adjust faster to economic depression and in addition it
reduces the danger of a liquidity trap, that does not allow
the stabilization of the economy. Therefore, the central
banks that control the currency policy by determining
interest rates and by the adjustment of the bank
obligations for keeping the minimum reserves, will have
to keep the inflation percentage low and stable.
During the past years, the country has survived high
inflation periods and although great efforts have been
made by the monetary authorities to fight against it, most
of the times the percentage of inflation was greater than
the average European one.
From the beginning of 2001 Greek economy is in a new
environment where the currency policy is defined by the
European Central Bank. The European Central Bank has
as a primary goal the conservation of the stability of prices
in all countries of the eurozone. Since March of 2016
there is a series of interventions in the European Central
Bank in order the inflation to return to the level of 2%,
because the price of crude oil has been reduced by 40%.
As far as interest rates are concerned, it was decided to be
kept unchanged to their low levels.
A strong argument of this paper concerning Greek
inflation forecast, is the increased importance of inflation
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in fiscal policy and wage bargaining. As far as inflation
forecast in Greece is concerned, greater weight should be
given on fiscal policy and wage bargaining compared to
past years where less attention was drawn on these issues.
Furthermore, this forecast will provide the potentials to
estimate the differences of inflation rates among the other
European countries and examine the subsequent impact on
competitiveness.
Although a great number of surveys about inflation in
Greece exist, very few have been conducted by comparing
different models. Thus, it is of great importance to study
models of inflation forecast, given that these could be used
as economic policy tools.
The main goal of this paper is to forecast adequately
Greek inflation from 1957 to 2016. To promote this goal,
three steps are to be followed:
1. To build a dynamic stochastic model (ARIMA).
2. To incorporate in the ARIMA model an asymmetrical
EGARCH model.
3. To forecast inflation.
The remainder of the paper is as follows: Section 2
provides a brief literature review. Section 3 presents the
methodology. Section 4 summarizes the data and
discusses the empirical results. Finally, the last section
offers the concluding remarks.

2. Literature Review
The persistence of inflation in a country is the second
most serious macroeconomic problem that global
economy has to deal with after poverty. [1] support that
inflation is caused by a combination of cost factors,
money supply, and decline in output. [4] support that
inflation is caused by the interaction of money supply and
the percentage of interest rates.
There are two schools regarding the inflation problem.
The Monetarist school [5,6] believes that the monetary
effects dominate all others in setting the rate of inflation.
The Keynesian school [7,8] supports that the interaction of
money of interest rates, and the production dominate all
other effects in setting the rate of inflation. Controversy
between these two viewpoints led countries to different
policies for dealing with inflation.
A number of studies have been conducted to examine
and evaluate different methods of forecasting inflation.
One approach is from [9], which was expanded from [10],
and examines the effect of nominal interest rates on the
inflation. [11] used ARIMA models for the inflation of
USA. They concluded that the ARIMA models are the
most suitable for forecasting the inflation of USA. [12]
used the Autoregressive integrated moving average
(ARIMA) models for forecasting the inflation in Ireland.
[13] examine several ARIMA models for the inflation of
Pakistan and they try to find a more suitable model to
forecast the inflation. [14] examined the inflation of Nigeria
using annual data from 1981 until 2010. The results of
their work showed that the model ARIMA (2,2,3) was the
best for the short-term forecast of the inflation. [15]
studied the inflation of Kenya using annual data from
2000 until 2014. The results of their work showed that the
model ARIMA(1,1,12)-GARCH(1,2) shows with accuracy

the forecast of the inflation in Kenya. In terms of
forecasting, the [16] models perform better compared to
other well-known time series models.

3. Theoretical Framework and
Methodology
The [16] (ARIMA) econometric modeling is a forecasting
technique that completely ignores independent variables in
making a forecast. The ARIMA models that have been
introduced for the first time by [16] were used to forecast
time series when they can become stationary. ARIMA
models therefore have three model parameters, one for the
AR(p) process, one for the I(d) process, and one for the
MA(q) process. In other words, it is a technique that uses
the past data and decomposes to an autoregressive process.
Therefore, an Autoregressive (AR) process is a process
when there is a memory of previous values and there are
stationary points. A Moving-Average (MA) process is a
process that represents the factors of previous errors to
make the forecast easier [17,18].
A series can have either seasonal or non-seasonal
characteristics. A non-seasonal ARIMA model is
symbolized by ARIMA (p, d, q), where p is the number of
autoregressive lag, d is the differencing lag and q is the
moving average lag, and can be written as follows:
p

q

k 1

k 1

Yt   k Yt k   k et k  et .

(1)

Equation (1) can be written as follows:

 ( B)Yt   ( B)et

(2)

where

 ( B)  1  1B  2 B2  ...   p B p
and

 ( B)  1  1B   2 B 2  ...   q B q
( B0 et  et , B1et  et 1 , B 2et  et 2 ,...).
If Xt is a stationary series which is obtained by d
differencing the series Yt then we will have:

X t  d Yt  (1  B)d Yt .

(3)

Thus, the final form of the model ARIMA (p, d, q) can
be expressed as follows:

(1  B)d  ( B)Yt   ( B)et .

(4)

A time series is called seasonal if it has at least one
seasonal autoregressive parameter P (SAR) or at least one
seasonal parameter of moving average Q (SMA) or both
parameters (P, Q). One seasonal ARMA model is
symbolized with (P, Q) where P is the number of
autoregressive lag, and Q is the moving average lag and
can be written as follows:
P

Q

i 1

i 1

Yt   isYt is   is et is et .

(5)
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One category of the univariate models is the Seasonal
Autoregressive Integrated Moving Average (SARIMA)
models. One seasonal ARIMA model can be expressed as
SARIMA (p,d,q)(P,D,Q), where p denotes the number of
autoregressive terms, q denotes the number of moving
average terms and d denotes the number of times a series
must be differenced to induce stationarity. P denotes the
number of seasonal autoregressive components, Q denotes
the number of seasonal moving average terms and D
denotes the number of seasonal differences required to
induce stationarity.
The previous model can be written as follows:

 ( B)( B)

d

sDYt

  ( B)( B)et

(6)

X t  d sDYt is a stationary series.

sD

represents

the

Provided some regularity conditions are satisfied, the
OPG estimator Vˆn is a consistent estimator of Vn . (see
[19], Chapter 36).
Furthermore, for the optimization of the vector Vˆn we
use the algorithm of Broyden–Fletcher–Goldfarb–Shanno
(BFGS). In numerical optimization, the (BFGS) algorithm
is an iterative method for solving unconstrained nonlinear
optimization problems and was developed by [20,21,22,23].
(see [18]).

3.2. Diagnostic Checking of the Model
SARIMA(p,d,q)(P,D,Q)
One of the statistical tools that it is used if a series has
autocorrelation or heteroskedasticity is the statistic Q of
[24] which is given by the formula:

where

d  (1  B)d
differences.

147

number

of

regular

represents the number of seasonal
 (1  B )
differences required to induce stationarity in Yt .
s is the seasonal span ( s =12 for monthly data).

ek2
k 1 n  2
m

Qm  n(n  2) 

s D

B is the backshift operator ( B0 X t  X t , B1 X t  X t 1 ,

B2 X t  X t 2 , ...).

 ( B)  1  1B  2 B2  ...   p B p
( B)  1  1s B1s  2s B2s  ...   Ps B Ps

 ( B)  1  1B  2 B2  ...  q Bq

The method SARIMA-GARCH combines the method
GARCH with the SARIMA model. The GARCH models
consist of two equations, the mean equation and the
variance equation. These two equations have the form:

3.1. Estimation of the Model SARIMA
(p,d,q)(P,D,Q)

INFt     t2   t  mean equation 

For the estimation of the model SARIMA
(p,d,q)(P,D,Q), we use the Maximum Likelihood
(Maximum Likelihood - ML) method, where the estimator
ˆn of a vector of parameters  0 can be approximated by

Vn 

distribution with mean and



1
Var  ln  f X  ;0   
n



1

(7)

where
ln  f X  X ;0   is the log-likelihood of one observation
from the sample, evaluated at the parameter  0 , and
 ln  f X  X ;0   is the vector of first derivatives of the
log-likelihood.
For the estimate of the asymptotic covariance matrix
(10), it is used the Outer Product of Gradients (OPG)
estimate and it is computed as follows:

1
Vˆn     ln f X ( xi ;ˆn
n
 i 1
n





   ln  f X  xi ;ˆn 


where: ek is the residual autocorrelation at lag k , n is the
number of residuals, m is the number of time lags
includes in the test. The model is considered adequate
only if the p value associated with the Ljung-Box Q
Statistic is higher than a given significance. For examining
autocorrelation of the conditional heteroskedasticity, the
correlogram of the squares of the residuals is used. If there
is autocorrelation with conditional heteroskedasticity, then
we apply the SARIMA-GARCH method.

3.3. The Method of SARIMA-GARCH

( B)  1  1s B1s  2s B2s  ...  Qs BQs .

a multivariate normal
covariance matrix:

(9)

1

. (8)

q

p

i 1

j 1

(10)

 t2      i  t2i    j t2 j  variance equation  . (11)
We assume that for p  0 and q  0 , the parameters
are unknown and since the variance is a positive number
there must be   0 and i  0 for i=1,…,q and  j  0
for j=1,…,p.
The major disadvantage of GARCH models is their
inappropriateness on the cases where we have asymmetric
impact. One of the most well-known asymmetric models
is the exponential model GARCH (EGARCH), and the
asymmetric model GJR. The model EGARCH was
suggested by [25] and is given by the formula:
log  t2
p

    i
i 1

q
r
(12)
 t i

   j log  t2 j    k t  k
 t i j 1
 t k
k 1

where  , i ,  j and  k are parameters that can be
estimated using the maximum likelihood method.
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The model GARCH-GJR(p,q) is another asymmetric
GARCH model, which was suggested [26]. The
generalized form of the model GARCH-GJR(p,q) is given
by:
p

q

i 1

j 1

 t     i  t2i    j t2 j   i It i  t2i

(13)


1 when  t i  0
I t i  
0 when   0
t i

where
 , i ,  j and  i are parameters that need to be estimated.
I t i is a dummy variable, meaning that I t i is a
functional indicator that is equal to zero when  t i is
positive and it is equal to one when  t i is negative.

3.4. Procedure for SARIMA Modeling









We check diagrammatically the graph of the data
for the existence of seasonal variations and the
possible trend.
We observe the correlogram of the data. The
coefficients k may show slow or fast decrease in
an exponential or wavy rate.
If for some lag k=s the corresponding coefficient is
too strong regarding to the neighboring ones, then
we consider the model to have seasonality s. We
isolate the autocorrelation coefficients k for k = s,
2s, 3s and if they decrease fast then we get the
seasonal differences  sDYt in order to calculate
number D of the seasonal model ARIMA(P,D,Q)s
that fits to the data.
If the existence of trend is obvious we also calculate
the differences Yt for the observations Yt until
stationarity is achieved. If autocorrelation is strong
in the initial data, then the seasonal correlations are
becoming significant in the autocorrelation
diagrams after the calculation of the first
differences or generally the differences of order d.
After calculating the necessary differences (seasonal

and not), we examine the new autocorrelation and
partial autocorrelation diagrams of the data of the
differences to identify the orders p,q and P,Q of the
model ARIMA(p,d,q)(P,D,Q)s .
 To make the calculations easier we can isolate the
autocorrelation coefficients with the seasonal lags s,
2s, 3s… in order to define the values of P and Q of
the seasonal ARIMA(P,D,Q)s.
A seasonal model SARIMA is symbolized as SARIMA
(P, D, Q) where P is the number of autoregressive lag, D
is the differencing lag and Q is the moving average lag.
The model can be written as follows:
P

Q

i 1

i 1

Yt   isYt is  is et is et

(14)

4. Data and Empirical Results
The variable that is used in our paper is the percentage
of inflation and covers the period from January of 1957
until December of 2016, comprising seven hundred and
thirty two (732) monthly observations. The data were
obtained from the World Bank database.
To build an ARIMA model, one essentially uses [16],
which is an iterative process and involves four stages;
Identification, Estimation, Diagnostic Checking and
forecasting.
To evaluate the forecasting performance of various
models, three different criteria have been used: the Root
Mean Squared Error (RMSE), the Mean Absolute Error
(MAE) and the Theil Inequality Coefficient (TIC).
In the beginning we examine the graphs of the data in
the variable levels, in the first differences, and also in the
seasonal differences. The graphical examination of the
data is important because it can indicate if there is any
structural break in the data or any outliers or any data
errors. In addition, we can observe whether there is a
significant seasonal pattern in the time series.

4.1. Testing for Non-stationarity
Figure 1 and Figure 2 show the plot of Greece’s
monthly inflation rate and the trend analysis plot
respectively.

Figure 1. Time series plot of greece monthly inflation rate
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Figure 2. Trend plot analysis of greece monthly inflation rate

Linear Trend Model INFt  9.62  0.004 * t

16.23  2.95 

From Figure 1 we observe that the initial data show the
changing variance, whereas in Figure 2 the trend analysis
indicates that a decreasing trend exists, which can be

obvious from the significance of the trend coefficient.
Therefore, we can say that the series is not stationary in its
levels. Then, we calculate the first differences of the series
and we examine the stationarity. Figure 3 and Figure 4
show the monthly percentages of inflation and trend
analysis respectively for the first series differences.

Figure 3. Time series plot of first difference of the original data

Figure 4. Trend analysis for first difference of the original data
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Linear Trend Model DINFt  0.036  0.0001* t

 0.478  0.693

From Figure 3 and Figure 4 we observe that the
stationarity has been achieved since there is no trend (the
coefficient in the function of linear trend is not statistically
important). In order to verify the existence of stationarity
in the first difference of the series, we use the unit root
tests of [27,28] and [29].
The results of Augmented Dickey–Fuller (ADF) test
and Phillips-Perrons (PP) test on inflation rate series are
presented in Table 1.
Table 1. ADF and Phillips-Perron’s test on inflation rate series.
Variable
INF
DINF

ADF
C
C,T
-1.584(14)
-1.697(14)
-8.996(13)* -9.051(13)*

P-P
C
C,T
-2.132[13]
-2.192[13]
-26.276[13]* -26.258[13]*

Notes:
1. *, ** and *** show significant at 1%, 5% and 10% levels respectively.
2. The numbers within parentheses followed by ADF statistics represent
the lag length of the dependent variable used to obtain white noise
residuals.
3. The lag lengths for ADF equation were selected using Schwarz
Information Criterion (SIC).
4. [30] critical value for rejection of hypothesis of unit root applied.
5. The numbers within brackets followed by PP statistics represent the
bandwidth selected based on [31] method using Bartlett Kernel.
6. C=Constant, T=Trend.

The results in Table 1 indicate that the inflation rate is
stationary in the first differences. Therefore for our model
ARIMA (p,d,q) we will have the value d=1.
Another way to examine the data of the time series is
using the correlogram plots. The correlogram plot helps us
define the stationarity of the series, which is important for
the models of Box-Jenkins. Furthermore, we can define

parameters p and q of the process ARMA, and also the
seasonal parameters P and Q if they exist.
In Figure 5 we observe that the coefficients in the
autocorrelation function show a quick drop that verifies
that the series is stationary in the first differences. In
addition, since the coefficients of the autocorrelation and
the partial autocorrelation functions with lags k =12 and k
=24 are strong in relation to the neighboring ones, we
consider that the model has seasonality s=12.

4.2. Identification of the Model
After identifying the stationarity and seasonality of the
series, we define the form of the model SARIMA
(p,d,q)(P,D,Q)12 from the correlogram of diagram 5.
Parameters p and q can be defined from the
autocorrelation and partial autocorrelation coefficients
respectively by comparing them with the critical value
2

. The limits for both functions (ACF, PACF) are
n
2

 0.0739 . From the column of autocorrelation
732
in Figure 5 we can notice that only the value of the
coefficient 1 (autocorrelation coefficient) is greater than
the value 0.0739 , while from the column of the
coefficients of partial autocorrelation the values ˆ
4

(partial autocorrelation coefficient) are greater than the
value 0.0739 . Therefore, the value of p will be
1  p  2 , p  2 and the value of q will be 2  q  3
respectively. The seasonal parameters from the previous
diagram are defined as follows: 0  P  2 and 0  Q  1 .
Thereafter we create Table 2 with the values of p and q
and P and Q as follows.

Figure 5. Autocorrelation and partial function of first difference of the original data
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Table 2. Comparison of models within the range of exploration using
AIC, SIC and HQ
SARIMA model

AIC

SC

HQ

(2,1,2)(1,1,0)12

2.652

2.687

2.664

(2,1,2)(2,1,0)12

2.559

2.597

2.575

(2,1,2)(0,1,1)12

2.499

2.530

2.511

(2,1,2)(1,1,1)12

2.501

2.539

2.516

(2,1,2)(2,1,1)12

2.502

2.546

2.519

(2,1,3)(1,1,0)12

2.667

2.698

2.679

(2,1,3)(2,1,0)12

2.578

2.616

2.593

(2,1,3)(0,1,1)12

2.528

2.559

2.540

(2,1,3)(1,1,1)12

2.530

2.568

2.545

(2,1,3)(2,1,1)12

2.531

2.575

2.548

The results from Table 2 indicate that according to the
Akaike (AIC), Schwartz (SIC) and Hannan-Quinn (HQ)
criteria, the SARΙMA (2,1,2)(0,1,1) 12 model is the most
appropriate. We move on to the next stage which is the
Box-Jenkins approach that estimates the models.

4.3. Estimation of the Model
Next, we estimate the above model. Table 3 shows the
results of this model.
The results of Table 3 show that the coefficients are
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statistically significant, so the model can be used for forecasts.

4.4. Diagnostic Checking of the
SARIMA(2,1,2)(0,1,1)12 Model
In Figure 6 we check the existence of the conditional
heteroskedasticity (process ARCH(q)), of the squares of
the residuals of the above model.
From the results of diagram 6 we observe that the
autocorrelation and partial autocorrelation coefficients are
statistically significant. Therefore, the null hypothesis for
the absence of ARCH or GARCH model is rejected.

4.5. Estimation of the Family of GARCH
Models
The estimation of the GARCH models is done with the
use of maximum likelihood method. The estimations of
the parameters in the logarithmic function of maximum
likelihood are being calculated via nonlinear least squares
using [32], and by using all the theoretic distributions. The
parameters of the estimated models and the examination
of the residuals of stationarity of the autocorrelation and
the conditional heteroskedasticity are given in Table 4.
The maximum value of the logarithm of the likelihood
method (LL) gives us the best estimation.

Table 3. Estimation SARIMA(2,1,2)(0,1,1)12 model
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Figure 6. Diagnostic checking for the conditional autocorrelation of the residuals of the model SARIMA(2,1,2)(0,1,1)12
Table 4. Estimated symmetric GARCH models
Parameter
Ω
α1
Persistence
LL
Jarque-Bera
ARCH(1)
Q2(1)
Parameter
Ω
α1
β1
Persistence
LL
Jarque-Bera
ARCH(1)
Q2( 1)

SARIMA(2,1,2)(0,1,1)12-ARCH(1)
Normal
Student’s-t
GED
0.454(0.000)
0.464(0.000)
0.439(0.000)
0.299(0.000)
0.421(0.001)
0.365(0.000)
D.O.F=3.989 (0.000) PAR=1.087(0.000)
0.299
0.421
0.365
-842.27
-811.78
-807.88
277.99(0.000)
350.25(0.000)
324.22(0.000)
0.279(0.596)
1.623(0.202)
1.200(0.273)
0.281(0.596)
1.631(0.201)
1.206(0.272)
SARIMA(2,1,2)(0,1,1)12-GARCH(1,1)
Normal
Student’s-t
GED
0.002(0.006)
0.004(0.144)
0.002(0.186)
0.062(0.000)
0.089(0.000)
0.073(0.000)
0.935(0.000)
0.908(0.000)
0.923(0.000)
D.O.F=5.776(0.000) PAR=1.219(0.000)
0.997
0.997
0.996
-784.49
-7.67.54
-765.60
129.02(0.000)
186.73(0.000)
152.62(0.000)
4.272(0.038)
1.453(0.228)
2.988(0.083)
4.293(0.038)
1.460(0.227)
3.003(0.083)

Notes:
1. The persistence is calculated as α1 for SARIMA(2,1,2)(0,1,1)12ARCH(1) and α1 + β1 for SARIMA(2,1,2)(0,1,1)12-GARCH(1,1) model.
2. Values in parentheses denote the p-values.
3. LL is the value of the log-likelihood.

From the previous table we observe that for all
distributions the coefficients are statistically important
only for the SARIMA(2,1,2)(0,1,1)12-ARCH(1) model. In
this model, there is also no problem in autocorrelation and
in conditional heteroskedasticity. Moreover, model
SARIMA(2,1,2)(0,1,1)12-ARCH(1) has the maximum
value for the logarithmic likelihood with the general error
distribution (GED). Thus, we can use this model for
forecasting.
Next, we estimate the following asymmetric (nonlinear)
models GARCH, like the model SARIMA(2,1,2)(0,1,1)12EGARCH(1,1) and the model SARIMA(2,1,2)(0,1,1)12GJR-GARCH(1,1) with all the theoretic distributions. The
parameters of the estimated models and the examination
of the residuals of the stationarity, the autocorrelation and
the conditional heteroskedasticity are given in Table 5.
From the results of Table 5 we observe that only the
coefficients of the model SARIMA(2,1,2)(0,1,1) 12EGARCH(1,1) are statistically significant. Moreover, the
diagnostic checks of this model do not show any problem.
From the above table, we also observe that the model
SARIMA(2,1,2)(0,1,1)12-EGARCH(1,1) has the maximum
value for the logarithmic likelihood with the general error
distribution (GED). Thus, we can use this model for
forecasting.
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Table 5. Estimated asymmetric GARCH models
SARIMA(2,1,2)(0,1,1)12-EGARCH(1,1)
Parameter

Normal

t-Student

GED

Ω

-0.045(0.000)

-0.090(0.000)

-0.073(0.000)

α1

0.049(0.000)

0.107(0.001)

0.083(0.003)

β1

0.990(0.000)

0.989(0.000)

0.992(0.000)

γ1

0.080(0.000)

0.065(0.003)

0.004(0.002)

Persistence

0.990

0.989

0.992

LL

-775.27

-760.60

-756.72

T-D.DOF 5.36(0.00) GED-P 1.22(0.00)

Jarque-Bera 88.72(0.000)

124.69(0.000)

105.15(0.000)

ARCH(1)

4.282(0.038)

1.994(0.157)

3.216(0.072)

Q2( 1)

4.303(0.038)

2.004(0.157)

3.232(0.072)

SARIMA(2,1,2)(0,1,1)12-GJR-GARCH(1,1)
Parameter

Normal

t-Student

GED

Ω

0.002(0.012)

0.004(0.105)

0.003(0.137)

α1

0.076(0.000)

0.094(0.000)

0.078(0.000)

β1

0.946(0.000)

0.922(0.000)

0.935(0.000)

γ1

-0.065(0.002)

-0.049(0.000)

-0.047(0.211)

5.217(0.000)

1.208(0.000)

T-Dist.Dof
Persistence

0.989

0.991

0.989

LL

-780.46

-762.86

-759.10

Jarque-Bera 111.54(0.000)

165.80(0.000)

134.48(0.000)

ARCH(1)

3.237(0.072)

1.350(0.245)

2.435(0.118)

Q2(1)

3.252(0.071)

1.357(0.244)

2.447(0.118)

Notes:
1. The persistence is calculated as β1 for SARIMA(2,1,2)(0,1,1)12EGARCH(1,1) model, and α1+γ1/2 +β1 for SARIMA(2,1,2)(0,1,1)12GJR-GARCH(1,1) model.
2. Values in parentheses denote the p-values.
3. LL is the value of the log-likelihood.
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4.6. Forecasting
The inflation forecast is done using the seasonal model
SARIMA(2,1,2)(0,1,1)12 which is incorporated from the
model EGARCH(1,1). For forecasting inflation, we use
the stationary one-step ahead forecast, which is more
accurate than the dynamic one. The stationary forecast
extends the forward recursion from the end of the model
forecast, allowing forecast of both the structural model
and the innovations.
Having selected the form of the model
SARIMA(2,1,2)(0,1,1)12-EGARCH(1,1) the graphs of the
actual and predicted values of the model and of the
innovations are presented in Figure 7. However, in order
to see the forecast ability of the model we present some
statistical indices such as the Root Mean Squared Error,
the Mean Absolute Error and the Theil Inequality
Coefficient in Table 6.
From Figure 7, we conclude that the trend of forecast
values follows the actual values closely.
The results of Table 6 show that MAE (Mean Absolute
Error) indicates that the average difference between the
forecast and the observed value of the model is 0.575,
whereas RMSE (Root Mean Squared Error) and Theil
Inequality Coefficient are 0.839 and 0.535 respectively. In
addition, in Table 6 the forecasts for the mean and error
variance of the inflation are presented with the use of
diagrams. The diagram of forecast of the error variance
shows that the values of inflation are evident for the time
periods 1974-1975, 1979-1980 and 1990-1991. For all
other periods, the diagram shows low forecast values for
the error variance. This is also evident in the diagram of
forecast of the mean in a wide confidence interval  2SE.

Figure 7. The plot of actual values and forecast values bySARIMA(2,1,2)(0,1,1)12 -EGARCH(1,1)
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Table 6. Comparative statistics

5. Conclusion
It is generally accepted that the major role of all central
banks is to keep the inflation rates low and stable. Public
and private institutions follow closely the market prices, to
make decisions that allow them to optimize the use of
their resources. In this context, it is very important to find
a model that will predict correctly the inflation rate. The
model SARIMA(2,1,2)(0,1,1)12-EGARCH(1,1) of this
paper is proved to be the most suitable to forecast the
inflation of the country that is examined. The model that
was developed showed clearly that the estimated inflation
was an important factor of the real inflation during the
period of the estimation. These findings verify the fact that
inflation rates of the past help us forecast future inflation.
Many researchers have developed different aspects
concerning the causes of inflation, both in theoretical and
empirical level. As a result, they suggest various solutions
in order to face the problem. Even today the discussions
made for these causes are the ones expressed by
Monetarists and Structuralists. Monetarists claim that
inflation would not be created if it weren’t for the money
supply when it exceeds production growth. More
specifically, Friedman claims that “inflation” is really a
monetary phenomenon and if money supply is increasing
faster than the rate of national income, then inflation is
unavoidable. Thus, inflation can be limited only with the
deceleration of money supply.
On the other hand, there is the Structuralists’ theory of
inflation also known as “structural inflation” which
explains inflation in a different manner. Structuralists
support the view that increase in investment expenditure
as well as money supply expansion for financing, are
responsible for inflation mainly in developing countries.
The two views about inflation stated above, seem to
prevail in Greece during the examined period. The great
inflation increase after 1974(fall of the Greek dictatorship),
justifies the Monetarists’ view of the great money supply

just as in the period after 1981 with the printing of new
money and the European funds flowing into the country. It
can be said that during the period 1988-1992 the
Structuralists’ view prevails. The following years inflation
in Greece has two phases: the first is determined by the
Maastricht criteria according to which inflation must be
stable (no higher than 1,5 units compared to the average
inflation of the three countries with the best yield) in order
for a country to enter the monetary union. The second
phase is the one of Troika, since 2010, during which the
money supply and investments are drastically limited and
consequently inflation is in low levels.
Taking into consideration the above mentioned
economic periods, the present paper tries to find the
appropriate model in order to forecast inflation in Greece
for the following years. The model which was developed
is considered the most appropriate for all the phases of
inflation in this country.
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