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Abstract 
Croatian National Bank is not targeting inflation but exchange rate as the nominal anchor or intermediary 
goal of monetary policy and inflation in Croatia is a dominantly foreign driven phenomenon.  Using monthly 
data on CPI in Croatia from January 1997 up to November 2015, ARIMA (0,1,1) x (0,1,1)12 model is fitted as 
the one describing CPI behavior pattern and therefore reliable for CPI forecasting. Furthermore, to establish 
its volatility pattern several ARCH family models are tested and ARCH (1) model is found to be the best fitted 
one in explaining CPI volatility development in Croatia.
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Sažetak
Hrvatska narodna banka ne temelji monetarnu politiku na ciljanju inflacije te devizni tečaj  služi 
kao intermedijarni cilj i temelj vođenja monetarne politike u Republici Hrvatskoj. Inflacija u Re-
publici Hrvatskoj dominantno je određena stopama inflacije u inozemstvu.  Na uzorku   mjesečnih 
podataka o indeksu potrošačkih cijena u Republici Hrvatskoj od siječnja 1997. do studenog 2015., 
prilagođen je ARIMA (0,1,1) x (0,1,1)12 model koji opisuje dinamiku kretanja indeksa potrošačkih ci-
jena u Republici Hrvatskoj. Procijenjeni model se može koristiti za pouzdano prognoziranje kretanja 
potrošačkih cijena u Republici Hrvatskoj. Nadalje, kako bi se istražile karakteristike promjenjivo-
sti indeksa potrošačkih cijena testirano je nekoliko ARCH modela. Provedeni testovi su pokazali da 
ARCH (1) model najbolje objašnjava promjenjivost indeksa potrošačkih cijena u Republici Hrvatskoj 

Ključne riječi: CPI, ARIMA, ARCH, Hrvatska 
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1. Introduction
The debate on monetary policy and exchange rate, 
and its adequacy in the case of Croatia, started with 
the Stabilization Program implementation in the 
fall of 1993, and is still in progress.  Besides the 
high euroization in the financial system, Croatian 
economy is characterized as a highly open and hav-
ing relatively high level of external debt as well.  

Globan et al. (2016) empirically analyzed the do-

mestic and external inflation determinants for eight 
non-Eurozone new EU member states including 
Croatia, using a structural vector autoregression 
model and found that foreign shocks are a major 
factor in explaining inflation dynamics in the me-
dium run.  This might be the case due to relatively 
high imports in Croatia and so inflation in Croatia 
is determined by costs and not by money supply. 
However, stable inflation is important for sound 
macroeconomic and financial conditions as well as 
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for fostering economic development (Goodfriend, 
2007). Since the financial crisis in 2007 through 
various monetary policy measures central banks’ 
balance sheet has expanded significantly indicat-
ing a high increase in money supply (Joyce et al., 
2012). Furthermore, economic theory and historical 
experience suggest that a significant and persistent 
expansion in the money supply will be associated 
with a significant increase in the longer-run infla-
tion rate. If later is true, Croatia might experience 
inflation rate increase.  At the same time, Croa-
tian National Bank copes with retaining EUR/HRK 
exchange rate stability. According to Chmelarova 
and Schnabl (2006), Croatian foreign exchange in-
tervention manage both day-to-day exchange rate 
volatility as well as exchange rate levels. Further-
more, the authors concluded that the pattern of for-
eign exchange intervention for Croatia confirms a 
fear of depreciation (with respect to balance sheet 
effects of the banking sector) more than the fear of 
appreciation (with respect to export competitive-
ness).  The Croatian National Bank, in order to meet 
its primary objective and maintain price stability, 
keeps the stability of the EUR/HRK exchange rate 
(Palić, et al., 2014; Mance et al., 2015). So conclu-
sively, due to high euroization in commercial banks’ 
balance sheet, the Croatian National Bank does not 
target inflation in Croatia. But, as a consequence 
of monetary expansion in the European Monetary 
Union (EMU), at one point Croatia might experience 
adverse effects out of imported inflation from the 
EMU. To describe inflation and its volatility patterns 
it’s necessary to apply adequate econometric mod-
els. So the main aim of this paper is to apply the 
model of inflation and its volatility as well.

The rest of the paper is organized as follows: 
Section 2 briefly summarizes existing relevant 
literature. Section 3 presents research data and 
methodology, while Section 4 presents empirical 
results and discussion. The final section provides an 
overview of the main findings of the research.

2. Brief related literature overview 
The literature on inflation forecasting points to 
different modeling techniques in forecasting in-
flation. Some authors found VAR models accurate 
in forecasting inflation (Fritzeret al., 2002; Hubrich, 
2005). Espasa et al. (2002), point out that ARIMA 

models outperform the VECM and dynamic factor 
models. However, numerous literature supports the 
forecasting strength of ARIMA as a modeling tech-
nique in forecasting inflation (Libert, 1983; Hill and 
Fildes, 1984; Poulos et al., 1987; Texter and Ord, 
1989; Bokhari and Feridun, 2006; Etuk et al., 2012; 
Kelikume and Salami, 2014). 

 Inflation in Croatia has been the topic of much pre-
vious research and to the best knowledge of the 
authors, the last one was done by Vizek and Broz 
(2009). The model of inflation derived by Vizek and 
Broz (2009) suggests that inflation inertia and Cro-
atian trading partners' inflation are most important 
for explaining the short-run behavior of inflation. 
Apart from these two variables, the authors found 
the contribution of markup, excess money, output 
gap, nominal exchange rate, and broad money to 
inflation changes in the short-run. Payne (2002) 
explores the inflationary dynamics in Croatia us-
ing vector autoregression (VAR) over the period 
from January 1992 to December 1999. The model 
results suggest that wage increases and currency 
depreciation are positively correlated with inflation 
rates. Botrić and Cota (2006) model Croatian infla-
tion dynamics using the VAR. They found that the 
terms of trade and balance of payment shocks have 
the strongest impact on prices. Pufnik and Kunovac 
(2006) used ARIMA method to estimate inflation 
and research strategy that is the most similar to 
the one in the present paper. At the very beginning 
of the paper, Kunovac (2006) considered the main 
problems associated with the characteristics of the 
Consumer Price Index (CPI) series in Croatia at that 
time (length of the series, changes in the meth-
odology, structural breaks). Nowadays the afore-
mentioned problems are resolved and we want to 
establish a reliable model of CPI development and 
its volatility. 

3. Data and research methodology
Consumer Price Index measures the change in 
the general price level of goods and services that 
households acquire for the purpose of consumption 
over certain time period, with reference to the price 
level in 2015, as the base year, which has an index 
of 100. For the research purpose, we use the month-
ly data, from January 1997 up to November 2015, on 
CPI as shown in Figure 1. The data is provided by 
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the Croatian Bureau of Statistics.

The data in Figure 1 indicates an overall decrease 
in CPI with some exceptions and potential non-sta-
tionary time series with some seasonality. The de-
scriptive statistics for the observed data is provided 
in Table 1.

Following the descriptive statistics from Table 1, 
Skewness, Kurtosis and eventually Jarque-Bera test 
results support normality assumptions and so we 
do not need to consider alternative distributions to 
be used as a basis for modeling CPI in Croatia (like 
it is often the case when modeling financial time 
series, see for example Erjavec and Cota, 2007).

The first question in any time series analysis is 
whether the time series is stationary or not. So we 

start the research with unit root tests. The unit root 
tests we perform are based on the assumption that 
a time series data  follows a random walk.

Where  is the characteristic root of an AR polyno-
mial and  is purely a random process with mean 
zero and variance .

Autoregressive Integrated Moving Average (ARIMA) 
is a well-known forecasting technique that projects 
the future values of a time series, and the future 
value of a series or forecasts are entirely based on 

its own behavior in the past.  ARIMA models are 
simple, robust and parsimonious while providing 

Source: the authors.

Figure 1 Monthly CPI in Croatia from January 1997 to November 2015

Variable CPI
Mean 102,8260

Median 102,6000
Maximum 108,4000
Minimum 99,1000

Standard deviation 1,8605
Skewness 0,1602
Kurtosis 2,6277

Jarque-Bera 2,2820
Probabilitiy 0,3195

Number of observations 227

Source: the authors. 

Table 1 Descriptive statistics for Consumer Price Index in Croatia

1
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good results at the same time.

A time series  fits ARIMA model if the  differ-
ences ( ) follow a stationary ARMA model.  ARI-
MA process is described by three main components 
(see for example Cryer and Chan, 2008):

• p - the order of the autoregressive component

• d - the order of integration or the number of 
differencing needed to arrive at a stationary 
ARMA (p, q) process

• q - the order of the moving average component

The general ARIMA (p,d,q) form is represented by 
the equation (2):

2

The corresponding AR and MA characteristic poly-
nomial are:

3

4

Where 

 - is the parameter estimate of the Autoregressive 
component,

 - is the parameter estimate of the Moving Average 
component,

 - is the backward shift operator and

 - is the difference operator that can be expressed 
by equation (5).

 - is a random process with mean zero and 

5

In the case where , the model described by 
equations (2) to (4) becomes a moving average 
model of order  or MA ( ) and in case of  it 
becomes an autoregressive process of order  or 
AR ( ) Besides stationarity, the other requirement is 
invertibility or uniqueness of the covariance struc-
ture of the time series (Priestley, 1981), allowing 
for a meaningful association of current moves with 
the history of the series (Box and Jenkins, 1976). 
The autocorrelation function of an MA ( ) process 
cuts off after lag  while for an AR ( ) process the 

autocorrelation function is a combination of sinu-
soidals dying off slowly. In the same way, partial 
autocorrelation function of an MA ( ) process dies 
off slowly while for an AR ( ) process cuts off after 
lag . Stationarity and invertibility conditions for 
the model described by equation (2) require that 
equations (6) and (7) should have roots outside the 
unit circle respectively.

6

7

A time series often exhibits seasonal pattern 
behavior or pattern behavior contains some 
component that appears periodically.  The time 
series  follow a multiplicative seasonal ARIMA 

 if it satisfies equation (8).

8

Where  is the standard backward shift operator 
like above defined,  and  the seasonal moving 
average (MA) and autoregressive (AR) polynomials 
of order P and Q in variable . 

9

10

Where  and  are constants such that the zeros of 
the equations (9) and (10) are all outside the unit 
circle for stationarity and invertibility respectively. 
Equation (9) represents the autoregressive operator 
whereas equation (10) represents the moving aver-
age operator. The existence of seasonality is often 
evident from the time plot. Extensive details on 
ARIMA modeling can be found in Box and Jenkins 
(1976) as well as Madsen (2008).

Following the described procedure, we applied a 
seasonal ARIMA model to CPI in Croatia and ob-
tained a model to forecast inflation in Croatia. To 
obtain the information on CPI volatility we em-
ployed several autoregressive conditional hetero-
scedasticity (ARCH) models. Namely, Engle’s (1982) 
ARCH model specified by the equation (11),  Boller-
slev (1986) Generalized ARCH model (GARCH) giv-
en by the equation (12), the TARCH specification by 
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Glosten et al. (1993) as well as Zakoian (1994) spec-
ified by the equation (13), the Exponential GARCH 
(EGARCH) introduced by Nelson (1991) and given 
by the equation (14) and  the Power-ARCH (PARCH) 
specification introduced by Ding et al. (1993) de-
scribed in the equation (15). 

11

12

13

15

14

Eventually, each model that is fitted to the data 
should be tested for goodness-of-fit. If the model 
is correct, the residuals would be uncorrelated and 
they would follow a normal distribution with mean 
zero and constant variance.

4. Research results and discussion
Before stating the estimation procedure we tested 
stationarity properties of the observed series. Unit 
root test results  presented in Table 2 indicate that 
the monthly CPI in Croatia is not stationary at levels 
but integrated of order one.

In our example, estimating the model using the 
data at first differences does not remove autocor-

relations in residuals of the estimated model so the 
ACF and PACF are insightful. 

Our aim now is to find an appropriate ARIMA mod-
el based on the ACF and PACF shown in Figure 2. 
The significant spike at lag 1 in the ACF suggests 
a non-seasonal MA (1) component, and the signifi-
cant spike at lag 12 in the ACF suggests a seasonal 
MA (1) component. ACF and PACF shown in Figure 2 
show no other significant spikes. Consequently, we 
are going to fit the ARIMA (0,1,1) x (0,1,1)12 mod-
el, indicating a first and seasonal difference, and 
non-seasonal and seasonal MA (1) components. The 
ARIMA (0,1,1) x (0,1,1)12 model is further estimated 
using the given equation (16).

16

The estimates for the proposed model described 
in equation (16) are obtained using maximum 
likelihood method as an estimator and results are 
provided in Table 3.

The estimated model is stable since all roots have 
modulus less than one and lie inside the unit circle, 
and correlogram indicates no autocorrelation in re-
siduals up to leg thirty-six. Following Jarque-Bera 
tests, residuals in the estimated model are normally 
distributed (p-value amounts 0.7337). The ARCH 
test indicates homoskedastic variance of residu-
als at a significance level of 5% (p-value amounts 
0.0251) and so the estimated model can be accept-
ed. The estimates we obtained are consistent with 
Etuk et al. (2012) who documented the same pat-
tern of inflation behavior in Nigeria. But nonethe-
less, there is some space to improve the efficiency 
of the estimated model and to obtain the estimates 

variable and test Levels First difference

ADF test

constant constant and trend constant constant and trend
t-stat

(p-value)
-1.914606 -2.543838 -6.092619 -6.071872

CPI (0.3252) (0.3068) (0.0000) (0.0000)

PP test
t-stat

(p-value)
-2.071437 -2.788073 -13.16809 -13.15676

CPI (0.2566) (0.2033) (0.0000) (0.0000)
KPSS test LM-stat

CPI 0.670489 0.099285 0.051042 0.034255

Source: the authors. 

Table 2 Unit root test results
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regarding the volatility pattern of the CPI in Croatia 
at the same time. If we hold the significance level 
at 1% the variance of the model presented in Table 
3 will be heteroscedastic indicating volatility clus-
tering. So we test several ARCH family models to 
remove heteroskedasticity out of the residuals and 
obtain the information on CPI volatility in Croatia. 
The ARCH family models we test are specified in 
equations (11) up to (15) and the results are sum-
marized in Table 4.

Following the information criteria and significance 
of the variables reported in Table 4,  ARCH (1) mod-
el is the most appropriate one to describe the CPI 
volatility development in Croatia. The estimated 
model is stable since all roots have modulus less 
than one and lie inside the unit circle, and correlo-
gram indicates no autocorrelation in residuals up to 
leg thirty-six. Following Jarque-Bera tests, residuals 
in the estimated model are normally distributed. 
Following the results in Table 4, the estimated 
model can be accepted.

5. Concluding remarks
The existing literature points to ARIMA model as 
an efficient and accurate one to forecast inflation 
in different countries and regions. Results of this 
research support the findings of the existing 
literature. We found no empirical evidence that 
negative and positive shocks imply different future 
volatility of monthly CPI. Out of compared Akaike 
information criterion (AIC), Schwarz Criterion (SC) 
and significance for each component in all of the 
specified volatility models the conclusion is that 
ARCH (1) is the best fitted model to describe 
inflation volatility in Croatia.

Due to high euroization in Croatian banks and 
therefore financial stability, monetary policy in 
Croatia directed toward exchange rate and inflation 
remains as a foreign-driven phenomenon. In given 
economic circumstances, ARIMA (0,1,1) x (0,1,1)12 
model is fitted as the one describing CPI pattern 
behavior and therefore reliable for CPI forecasting. 
Furthermore, CPI volatility in Croatia seems to be a 
common feature and ARCH (1) model is found to be 
the best fitted one in explaining its development.

Model term Coefficient Standard error t - statistic p-value
 0,139104 0,058475 2,378862 0,0182
-0,750677 0,065112 -11,52893 0,0000 

Sigma square 
= 0.199185

Log likelihood  
=  -143.3357

AIC
= 1.295006

Adj. R-squar
=0.365251

SIC
=1.340411

Source: the authors. 

Table 3  ARIMA (0,1,1) x (0,1,1)12 model summary for CPI in Croatia

Parameter ARCH (1) GARCH (1,1) TARCH EGARCH PARCH
0.120444 0.082680 0.084167 -1.335287 0.285743
(0.0000) (0.0092) (0.0086) (0.0033) (0.1172)

0.420315 0.395617 0.457660 0.599610 0.152959
(0.0000) (0.0009) (0.0058) (0.0010) (0.1011)

0.211996 0.194695 0.505738 0.547007
(0.2574) (0.2847) (0.0229) (0.0000)

0.057174
(0.6664) (0.5644) (0.3651)

0.088355
(0.8818)

ARCH - LM Test (0.4453) (0.5995) (0.5898) (0.6984) (0.8830)
AIC 1.142189 3.502555 1.153244 1.142798 1.116901
SC 1.202730 3.532920 1.244054 1.233609 1.222847

Obs 227 227 227 227 227

Source: the authors. 

Table 4 Volatility estimates for CPI in Croatia
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Source: the authors.

Figure 2 Autocorrelation and Partial Correlation of monthly CPI in Croatia
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