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Abstract
This paper investigates short-term forecasts of Polish year-on-year (y-o-y) inflation using current market 
data and a disaggregated month-on-month (m-o-m) consumer price index (CPI). We propose a model 
based on a set of multivariate exponential smoothing models (ESM in short) and a simple nonlinear 
switching model. To this end, the total m-o-m CPI is disaggregated to six COICOP (4-digit) components 
(with an approx. 25% contribution in the total CPI) and the remaining part of the CPI. To improve 
forecasts accuracy (in particular in nowcasting) for each COICOP we use the available current market 
data on electricity, gas, food and petrol prices. We investigate and test the forecasting accuracy of the 
models with market data against benchmark models (without market prices) in a pseudo real-time 
framework. Our findings suggest that for most of the m-o-m components, the models with market 
prices outperform the considered benchmark models that use CIOCOP data sets only.   
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1.  Introduction

Inflation forecasting can be approached in two alternative ways: with judgement and model forecasting 
procedures. Forecast accuracy differs across horizons – expert forecasts usually outperform models in 
short horizons, as they incorporate additional information independent of the model. This empirical 
fact is clearly documented in a number of studies (see McNees 1990; Sanders, Ritzman 2001). On the 
other hand, a consistent model approach allows a better and more formal representation of model and 
forecast uncertainty.

The question that is considered in this paper is how to extend model forecasts so that they include 
information available to experts, while keeping the pure model approach? In our forecasting exercise 
we use current market prices and pseudo expert knowledge that can be translated to a time series, e.g. 
announcements by the electric energy and gas prices regulators, which are known prior to inflation 
announcement. Hence, the aim of this paper has a mainly practical context. We build and apply  
a forecasting model with an advantage in nowcasting, which provides a distribution forecast that allows 
probability-based analysis. To achieve the goal of this paper, we propose a simple model built for the 
disaggregated CPI, using the maximum information set available from the market, i.e. current energy 
and gas prices for households, prices from the food markets and petrol stations.

Forecasting economic time series is usually based on models with a database of the same frequency. 
However, this complicates using current information, especially for low frequency economic series 
such as quarterly GDP or monthly inflation. It is documented that current market data considered in  
a single-model framework improve forecast accuracy both for GDP (see Giannone, Reichlin, Small 
2008) and inflation (see Modugno 2013). Using current data is possible with mixed frequency models  
(e.g. MIDAS, see Ghysels, Santa-Clara, Valkanov 2006) or the dynamic factor model (Banbura, Modugno 
2010). In this paper we consider current market prices of higher frequency than the monthly CPI.  
We transform weekly data to a so-called pseudo monthly data base, by a simple heuristic algorithm. 
Finally, the proposed model is based on a set of independent models applied for the disaggregated CPI 
and current market prices with the same frequencies.

We use the multivariate exponential smoothing model (ESM) as the forecasting tool in our 
exercise due to its simplicity and relative advantage over other simple time series models. Note that the 
ESM performs well in forecasting competitions (see Makridakis, Hibon 2000). There exist numerous 
exponential smoothing methods concerning ways of using level, trend and seasonal components (see 
Hyndman et al. 2008). It should be emphasized that ESMs are mainly used for nonstationary time series 
and therefore this class of modelling is not very popular in central banks in the short-term inflation 
forecasting. Therefore, the concept of stationarity and forecastability has been widely examined in 
the considered models. In a simple and natural way we generalize the conditions of stationarity and 
forecastability presented by Hyndman et al. (2008) to a multivariate case. Hence, the framework 
presented in this paper enables us to relax the popular stationarity assumption in the short term 
inflation forecasting, and a more general dynamic model is allowed, in particular for the seasonal 
pattern. Two of the CPI components (gas and electricity prices) are modelled using a simple switching 
model that allows us to obtain a mixed type of predictive distribution, due to the discrete-continuous 
counterpart of the data.

The outline of the paper is as follows. Section 2 contains the data presentation. The following 
part covers the basic model setup: exponential smoothing methods, the switching model, the models 
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considered for m-o-m CPI and the final model for y-o-y CPI. The last part documents the forecasting 
performance of the proposed model and compares it with the benchmarks.

2.  Data

The disaggregation of the total m-o-m CPI used in the forecasting exercise is justified by the availability 
of market prices (Subsection 2.1). Note that the market prices are recorded with different frequencies: 
weekly or monthly. The weekly data are transformed with the use of a heuristic method to obtain data 
with the same monthly frequency in Subsection 2.2. 

2.1.  CPI disaggregation

We consider m-o-m CPI data at COICOP (classification of individual consumption by purpose) 4-digit 
level. We select those COICOPs for which the relevant information about current market prices is 
available (see Table 1). 

 Specifically, we consider the following six sub-aggregates of CPI (with an approx. 25% total 
contribution in the total m-o-m CPI). The first three are taken from the food group: bread and cereals; 
meat; milk, cheese and eggs. The next is fuels and lubricants for personal transport and the two last are: 
electricity and gas. Current market prices used in the forecasting exercise of the aforementioned indices 
are: weekly data − prices gathered from petrol stations (source: http://www.e-petrol.pl/) and agricultural 
markets (source: http://www.minrol.gov.pl/Rynki-rolne) and monthly data (decisions of the electricity 
and gas prices regulator, made by the Energy Regulatory Office; source: http://www.ure.gov.pl). Taking 
into account the range statistics and standard deviation of the considered COICOPs, the fuel, gas and 
electricity prices are the most important drivers of total inflation (see Table 1). The price index of the 
remaining part of the CPI basket has an approx. 75% contribution in the total m-o-m CPI.

In order to get a real-time database that does not include expert knowledge or corrections each 
current market price was collected up to a few days after the CPI announcement (by Central Statistical 
Office of Poland: http://stat.gov.pl/). However, the cut-off date at each month does not exceed the 17th 
day of each month.

For bread and cereals; meat; milk, cheese and eggs the current market prices are weekly data which 
appear each Thursday (with the exception of non-working days in Poland). The current market prices 
concerning  fuels and lubricants for personal transport are also weekly and appear each Wednesday. 
Each CPI component is available from January 1999, but the availability of market prices is different for 
different COICOPs and is presented in Table 1.

2.2.  Data transformation

The weekly series used in the forecasting exercise has been transformed to a monthly frequency in  
a simple heuristic way. In the first step, for each weekly market price (with subscript i) we define  
a pseudo monthly price }:{ , Ztpm
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 – the average price from the last two available weeks before the cut-off date, where subscript 
t ∈ Z refers to the number of the month (see illustrative Figure 4). 

The availability of weekly data is determined by the time at which the pseudo monthly price  
is calculated (the cut-off date is approximately at the beginning of the second half of the month).  
In the second step, the pseudo monthly growth of the market price was calculated via: 
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 is the average (obtained via linear approximation) price from the previous month. 

 This linear approximation was made by applying the equation:

     

}:{ , Ztpm
it

=m
itp ,

m
it

m
it

m
it ppC 1,,,

~/100=

m
itp 1,

~ m
itp 1,

=
tJj

jt
jm

it p
g

p ,,
~

number of days in a month
~

+

+

equationstate=
equationnobservatio

equationstate
equationnobservatio

'=

1

1

ttt

ttt

GFxx
xWy

 

]yyy[= ,,2,1 rtttt …y  an 1r  

tx  – an 1)( 21 +++ rsss …  

=

'...00

0...'0
0...0'

' 2

1

rw

w
w

W , =

rt

t

t

t

,

2,

1,

x

x
x

x , =

rf

f
f

F

...00

0...0
0...0

2

1

, =

rg

g
g

G

...00

0...0
0...0

2

1

 

)'( ,1,,1, jtjjtjjtjjt y+= xwgxfx

+

+

=
'=

1

1

ttt

ttt

GFxx
xWy

=

'...00

0...'0
0...0'

' 2

1

rw

w
w

W , 

r

rt

t

t

t

l

l

l

μ

μ

μ

,

2

,2

1

,1

=x , 

, , 

=

rf

f
f

F

...00

0...0
0...0

2

1

, =

rg

g
g

G

...00

0...0
0...0

2

1

, 

)(0,=

,

,2

,1

m

rt

t

t

t N: , [ ] ,
0

=
10
0

=1=' j
j

j
jjj gfw  for rj ,1, 2,= …

+

+

+ ++

=

=

=

1

1

tmtt

ttt

tmttt

ss
ll

sl μ

[ ]

+

+

+

0
0

0

10000
000

000
01000
0000

=

1100=

2

1

1

1

1

1

2

1

1

mt

t

t

t

m

mt

t

t

t

t

mt

t

t

t

t

s

s
s
l

s

s
s
l

s

s
s
l

μμ

μ

…

…
…

…

I

),,,,,( 1002010
…… tttt II yy

+

+++

ttt

tttt

h
hcI

KEuu
uVy

1

1

=

''=

[ ] rRr…21=

+

+

+

+++

ttt

ttt

ttt

tttt

h
hcI

GFxx
xWy

KEuu
uVy

1

1

1

1

=

'=

=

''=

+

/++

tt

tt

ttt
t ahc

ahc
I

y

y
yy

=

=if
=if'

=
22

11

 )(0, 2
11 Nh t : , )(0, 2

22 Nh t : . 

),(kN  

/

ah
ah

h
tt

tt
t =if

=if
=

2

1

y
y

Σ

ε

tε

ε
ε

ε

ε
ε

ε

εξ

ξ

ε
ε

ε

tε

ε

ε

σ σ

ε

γ

ε

–

Σ φ

φ
φ

φ

φ

φ

α
γ

α

α

Ψ

Ψ

Ψ

Σ

ψ ψ ψ

μ

∈

∈

where J is a set of all consecutive weeks for which data are available in month t and gj  is a number of 
days in the given week j and month t.

In this way, the pseudo monthly data is “available” prior to the CPI data announcement, with no 
publication lag (see Figure 1). 

3.  Model setup

3.1.  Multivariate exponential smoothing model − basics

We consider a multivariate exponential smoothing model in a state space representation (see Hyndman 
et al. 2008) of the form: 
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– white noise with a zero mean vector and an r × r covariance matrix Σ,
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 column of unobserved states (si − the number of unobserved states  
    at each coordinate i = 1, 2,…, r). 

In our consideration we assume that:
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and for j = 1, 2,…, r wj
'  is a 1 × sj row vector, fj

  is a sj × sj square matrix, g j is a sj × 1 column vector.  
In such a case each coordinate yt, j of column yt is related by a linear relation via matrix W' only to a set 
of unobserved states 
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. In other words, 
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. Therefore this model can 
be divided into r different state space models (one for each coordinate of vector yt ) with independent 
error terms but with contemporaneous correlation between errors in different models. Note that the 
multivariate state space model with such a property was considered within the Bayesian framework 
in Corberán-Vallet, Bermúdez, Vercher (2011). The technical details concerning stationarity and 
forecastability in the multivariate case can be found in Part A of the Appendix. 

Generally in the exponential smoothing approach the state vector xt contains unobserved 
components that correspond to the level, trend and seasonal component (see the classification in 
Hyndman et al. 2008, p. 12). Since in the m-o-m growth of the Polish CPI index and in most m-o-m 
components of the CPI the trend pattern is not clearly observed we consider exponential smoothing 
models with level and seasonal components only. The following examples form a base for general model 
formulation in the next section.

Example 1. Consider a multivariate exponential damped level smoothing model of the form:
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where 
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This kind of model in a univariate case is considered in Hyndman et al. (2008, section 3.5.1). It is 
called a damped level model. The technical details concerning this model can be found in Part B of 
the Appendix. 

Example 2. In the next example we consider the model with a seasonal pattern. For simplicity, we 
take r = 1 since the generalization to r > 1 is natural. Let us consider a univariate damped level model 
with additive seasonality for time series ξt  of the form: 
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which is equivalent to: 

                      (4)
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 This model was not considered in detail in Hyndman et al. (2008). The technical details concerning 
this model can be found in Part C of the Appendix.

3.2.  Exponential smoothing model with explanatory variables

Let It represent the univariate m-o-m price index and let yt represent the information (explanatory or 
intervention variables) from the market that we use in the model to explain the dynamics of It. In our 
forecasting exercise at any time the observation of the series yt is available before the availability of It.

 In the first step let us assume that we are interested in the nowcasting predictive distribution of 
It at time t = t0 conditionally on 
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. We use the following univariate linear 
innovations model with regressors (see Hyndman et al. 2008, p. 138): 
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           (5)
  

where ht is a sequence of i.i.d. random variables,
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∈ , c ∈ R are the parameters 
and ut is a vector of unobserved states. 

If we are interested in the predictive distribution for the next horizons (h > 1) we consider the 
following joint model for (It , yt)
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(6)   
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where it is assumed that random sequences ht and εt are i.i.d. from normal distribution and are jointly 
independent. 

 The above model (6) is not applied for each considered COICOP. Therefore in the next section  
a supplementary model is introduced.

3.3.  Nonlinear switching model with explanatory variables

Not all the considered variables and market prices have a continuous counterpart. Two of them 
(electricity and gas prices) are regulated, which means that the m-o-m price growth is constant in a few 
subsequent months. This may suggest the use of a model with mixed type distribution. We propose  
a nonlinear switching model of the form: 
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 (7)

where It represents the considered COICOP and yt represents the Rk − valued vector of available market 
prices (see details in Table 1),   
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 The error term εt has a mixed type distribution with mass concentrated at point a ∈ Rk with 
probability pt and normally distributed with 
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 with probability 1 – p1. Therefore the vector yt is 
identified with the vector of market prices that has a mixed type distribution counterpart. The c1 and 
c2 are the unknown real valued parameters and Ψ is the unknown vector of real valued parameters.  
In future considerations the mass point a = 100 ∈ Rk and represents a constant price (yt = 100 ). Note 
that if yt = 100  then It  has a continuous counterpart. Denote
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We assume that the sequence (ht, εt ) and the sequence εt  are i.i.d. sequences. This model is clearly 
stationary for It.

3.4.  Model specifications for disaggregated monthly CPI and estimation procedure

In this section we propose a set of models for each considered disaggregated m-o-m CPI. We propose 
models for seven variables: six COICOPs and the remaining part of the CPI.

As mentioned before, the trend component is not natural for price growth indices. A reasonable 
property in the predictive distribution for this sort of price dynamics is the property of returning to the 
constant mean value or seasonal fluctuations around a constant mean value. In other words, there is no 
reason for supporting the existence of trend pattern in price dynamics. Therefore the trend pattern is 
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not considered. What is more, only the remaining part of the CPI supports the existence of a seasonal 
pattern. Therefore, we do not consider seasonal pattern in modelling six COICOPs and related market 
prices.

The set of the considered COICOPs and the related market prices was divided into two main 
groups. In the first group we put variables which can be interpreted as realization from the continuous 
distribution. In this group we consider the first four COICOPSs (and the corresponding market prices 
form Table 1). We denote these variables as ),( ,, ititI y
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follows from the general multivariate model (6) with model specification (2) for ),( ,, ititI y
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– a vector of unobserved states (
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– mean value) and 
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            (8)
 

where it is assumed that random sequences  ht,i and εt,i are i.i.d. from normal distribution and are jointly 
independent. 

 The matrices Wi , Fi and Gi are given by model (2). For the first four COICOPs from Table 1  
we consider the specifications from Table 2.

In Pegels’ classification, the trend and the seasonal components play a central role. In our exercise 
for any data set from Table 1 we use models with no trend and seasonal components. We take into 
consideration level components for the considered series and the corresponding explanatory variables. 
In relation to Pegels’ original classifications and later extensions and modifications (see Gaedner 1985; 
Hyndman et al. 2002) the above models M1−M6 can be classified in Table 3. 

For each COICOP from this group, the comparison with a benchmark model without market prices 
is considered. As the benchmark model we use the ARMA (p, q) model with minimum AIC, where  
0 ≤ p, q ≤ 5.

In the second group we consider gas and electricity with model specification (7). For each market 
price from this group, a nonzero probability mass at the point 100 is assumed. The value 100 corresponds 
to no change of the price. This situation is usual for the considered variables because of administrative 
regulations. For gas and the monthly market prices concerning gas 
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we consider model 
(7) with a mixed distribution for εt, i.e. with εt concentrated  at point 100 with probability pg and 
distributed under a normal 
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 distribution with probability 1 – pg. For electricity and monthly 
market prices concerning electricity, i.e. PGE energy prices, Tauron energy prices and Enea energy 
prices 
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we consider a mixed distribution for εt, i.e. with εt concentrated  with probability 
pe at point  (100,100,100) and distributed under a normal 
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 distribution with probability  
1 – pe. As a benchmark model for these two variables we also consider the ARMA (p, q) model with the 
minimum AIC (0 ≤ p, q ≤ 5).
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Finally, let 
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 be R7 valued time series (a disaggregated total m-o-m CPI) whose 
coordinates contain: six consecutive COICOPs from Table 1 (
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) in the same order as in 
Table 1 and let It,7 be m-o-m CPI for the others COICOPs that jointly (
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) generate the total 
m-o-m CPI process 
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. For It,7  we consider two specifications of the model (3): with non constant 
seasonal effects (γ ≠ 0) and with fixed seasonality (γ = 0) (see Table 4). 

As was mentioned in Hyndman et al. (2008, p. 65): “Some series, particularly in the area of 
macroeconomics, possess quite stable seasonal patterns”. In this paper we try to find evidence for this 
statement in applications to total m-o-m CPI.

In the estimation procedure we use the MLE (see Hyndman et al. 2008, section 5). It is common 
practice in applications to select the initial values (coordinates of the seed vector x0) by a heuristic 
method (see Hyndman et al. 2008, section 5.2). We use a heuristic method in the case of each level 
component (in damped and non-damped versions) and we take l0 = 0. Note that in each estimated model 
with a level component the parameter μ was estimated. Therefore (A1) reduces to

),( ,, ititI y

),( ,, ititI y

'
,, ]~~[=

iitit l μu

[ ]
0

~
=,

10
0~

=,1~
=' i

i
i

iii KEV

+

+

+

+++

itiitiit

ititiit

itiitiit

ititiiiitit

hll
hlyI

GxFx
xWy

1,,

,1,,

,1,,

,1,,,

=
=

~~~=~
~~~'= μ

),( ,5,5 ttI y

),( ggμN

),( ,6,6 ttI y

),(3 eeµN

ep1

),,,( ,7,2,1 ttt III …

,6,2,1 ,,, ttt III …

),,,( ,7,2,1 ttt III …

}:{ ZtIt

jjjt lyE μ=)|( 0,, ,j = 1, 2,…,

01011 ,,, sss …   yys ii =  i = -11, -10,…,0 

},,,{ 01011 yyy … .

),,,( ,7,2,1 ttt III …

,7,7,2,2,1,1= ttttttt IwIwIwI +++ …

),,,( ,7,2,1 ttt www …

),,,( ,7,2,1 ttt www …

ZtIt :

monthsotherfor(9)model
observation of the CPI is from JanuarylastifmomCPItotalfor(3)model

=tI

),,,( ,7,2,1 ttt www …

100
=

––

100

11

0=

jt

j

t IIY

xx+ )(1ln

100)100(100)100(
11

0=
jt

j
t IIY

),,,( 21 hNNN III +++ …

++++

+++

monthsothertocorrespondsif)),(|),,,((
Januarytocorrespondsif))(|),,,((

121

21

NIII
NIII

NNhNNN

NhNNN

yI
I

…
…

L
L

φ α

α

Σ

φ

φ

σ

ε
ε

φ

Σ

Π
≈

≈

∈

∈

,  
j = 1, 2,…, r. In the case of initial seasonal components 
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, where  
i = -11, -10,…, 0 and y

_
 is a mean of data set 
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3.5.  Final model for y-o-y CPI 

Under the above notation the total m-o-m CPI It can be represented as a linear combination of the 
vector

),( ,, ititI y

),( ,, ititI y

'
,, ]~~[=

iitit l μu

[ ]
0

~
=,

10
0~

=,1~
=' i

i
i

iii KEV

+

+

+

+++

itiitiit

ititiit

itiitiit

ititiiiitit

hll
hlyI

GxFx
xWy

1,,

,1,,

,1,,

,1,,,

=
=

~~~=~
~~~'= μ

),( ,5,5 ttI y

),( ggμN

),( ,6,6 ttI y

),(3 eeµN

ep1

),,,( ,7,2,1 ttt III …

,6,2,1 ,,, ttt III …

),,,( ,7,2,1 ttt III …

}:{ ZtIt

jjjt lyE μ=)|( 0,, ,j = 1, 2,…,

01011 ,,, sss …   yys ii =  i = -11, -10,…,0 

},,,{ 01011 yyy … .

),,,( ,7,2,1 ttt III …

,7,7,2,2,1,1= ttttttt IwIwIwI +++ …

),,,( ,7,2,1 ttt www …

),,,( ,7,2,1 ttt www …

ZtIt :

monthsotherfor(9)model
observation of the CPI is from JanuarylastifmomCPItotalfor(3)model

=tI

),,,( ,7,2,1 ttt www …

100
=

––

100

11

0=

jt

j

t IIY

xx+ )(1ln

100)100(100)100(
11

0=
jt

j
t IIY

),,,( 21 hNNN III +++ …

++++

+++

monthsothertocorrespondsif)),(|),,,((
Januarytocorrespondsif))(|),,,((

121

21

NIII
NIII

NNhNNN

NhNNN

yI
I

…
…

L
L

φ α

α

Σ

φ

φ

σ

ε
ε

φ

Σ

Π
≈

≈

∈

∈

: 

     

),( ,, ititI y

),( ,, ititI y

'
,, ]~~[=

iitit l μu

[ ]
0

~
=,

10
0~

=,1~
=' i

i
i

iii KEV

+

+

+

+++

itiitiit

ititiit

itiitiit

ititiiiitit

hll
hlyI

GxFx
xWy

1,,

,1,,

,1,,

,1,,,

=
=

~~~=~
~~~'= μ

),( ,5,5 ttI y

),( ggμN

),( ,6,6 ttI y

),(3 eeµN

ep1

),,,( ,7,2,1 ttt III …

,6,2,1 ,,, ttt III …

),,,( ,7,2,1 ttt III …

}:{ ZtIt

jjjt lyE μ=)|( 0,, ,j = 1, 2,…,

01011 ,,, sss …   yys ii =  i = -11, -10,…,0 

},,,{ 01011 yyy … .

),,,( ,7,2,1 ttt III …

,7,7,2,2,1,1= ttttttt IwIwIwI +++ …

),,,( ,7,2,1 ttt www …

),,,( ,7,2,1 ttt www …

ZtIt :

monthsotherfor(9)model
observation of the CPI is from JanuarylastifmomCPItotalfor(3)model

=tI

),,,( ,7,2,1 ttt www …

100
=

––

100

11

0=

jt

j

t IIY

xx+ )(1ln

100)100(100)100(
11

0=
jt

j
t IIY

),,,( 21 hNNN III +++ …

++++

+++

monthsothertocorrespondsif)),(|),,,((
Januarytocorrespondsif))(|),,,((

121

21

NIII
NIII

NNhNNN

NhNNN

yI
I

…
…

L
L

φ α

α

Σ

φ

φ

σ

ε
ε

φ

Σ

Π
≈

≈

∈

∈

          (9)

with time varying weights
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 which remain constant during each year.1 

 The CPI announcement in February of each year ‒ i.e. last data from January ‒ does not include 
COICOP (4-digit) sub-aggregates and time varying weights
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. The (4-digit) COICOPs 
for each January are known with one additional month delay in comparison with other months 
(announced in March). Our forecasting exercise is pseudo real time. Therefore if the last observation 
is from January we use model (3) for the total m-o-m CPI. Summing up, the final model for
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is proposed as follows: 
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     (10)

We assume that the error term of model (3) (last observation of inflation from January) is 
independent of the error term from model (9) (last observation is not from January) at time t. Note that 
such a model as (10) generally is not stationary. In practice the time varying weights
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are known up until the end of any given year. Therefore to calculate the predictive distribution for 
longer horizons than to the end of the current year, we assume that the weights are constant (equal to 
the last known value).

1   The weights are announced by the Central Statistical Office of Poland each March.
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Model (10) generates the predictive distribution for m-o-m CPI. By IYt we denote the y-o-y total  
CPI that can be evaluated using the last twelve total m-o-m CPIs, via the relation: 
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is possible, but is not used in our experiment due to it being a possible source of errors.
When the predictive distribution of the total m-o-m CPI is available, the predictive distribution of 

IYt  is approximated with the use of a simple Monte Carlo simulation.

4.  Empirical results

4.1.  Considered measures of accuracy

It is well documented in the literature that a better fit in the sample does not necessary provide more 
accurate forecasts. Therefore, apart from goodness-of-fit criteria we consider the performance of out- 
-of-sample forecasts. In the considered sample period we fix a period, i.e. January 2010 − December 2014 
(the forecasting subsample), for which the quality of forecasts was examined. We assume a constant 
length of the sample (a 9-year rolling window) with the end of the sample shifting within this period. 
As a goodness-of-fit criteria we use the popular AIC. On the basis of point forecasts we consider the 
most popular measure in the case of exponential smoothing models, the RMSE (see Hyndman et al. 
2002), calculated for forecast horizons: h = 1, 2,…,12. The RMSE differences between the ESM and 
benchmark models were also evaluated with the use of the HLN-DM test statistic (Harvey, Leybourne, 
Newbold 1997). 

Finally, to assess the quality of probabilistic forecasts we use two popular scoring rules:  
a logarithmic score and a continuous ranked probability score (CRPS) (see Gneiting, Raftery 2007 for 
details). The negative orientation of CPRS: CRPS* = -CRPS is generally used in practice. These measures 
have been applied to judge the quality of nowcasting (h = 1 – univariate predictive distribution).  
We present these measures in more details for the convenience of the reader in Part E of the Appendix. 
We use the following mechanical rule: the higher the average logarithmic score the better the model 
is, and the lower the average CRPS*, the better the model is.

Note that in the case of h = 1 the considered forecast accuracy measures (RMSE, average logarithmic 
score, CRPS*) theoretically give the same results for m-o-m and y-o-y CPI during model comparisons. 
This is a natural consequence of relation (11). Moreover, models M1 and M2 for m-o-m data give the 
same logarithmic score (for h = 1) and the same CRPS*. This easily follows from the models’ structure 
(see Table 2). The same situation concerns models M3 and M4 as well as models M5 and M6.

The RMSE measure is used in model comparision of M1−M6 against the benchmark ARMA model. 
The logarithmic score and CRPS* are used to check the efficiency of nowcasting in M1−M6 and S1−S2 
models. The AIC is used in benchmark selection.
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4.2.  Forecast accuracy for disaggregated m-o-m CPI

The first problem considered in this subsection concerns the usefulness of models with market prices. 
In our comparison we use the RMSE and HLN-DM test statistics. In the case of bread and cereals 
the models with market prices M1−M6 (see Table 6) do not outperform the benchmark model.  
The same conclusion can be formulated in the case of  meat (see Table 7) and milk, cheese and eggs (see  
Table 8). In the case of  fuels and lubricants for personal transport models M1−M6 have a significantly 
lower RMSE than the benchmark model, which means that in this case models with market prices 
outperform the benchmark model (see Table 9). For the electricity and gas the conclusions are the same, 
models with market prices clearly outperform the benchmark model (see Tables 10, 11). In conclusion, 
only in the case of three of the considered COICOPs, i.e. fuels and lubricants for personal transport; 
electricity and gas the proposed models with market prices clearly outperform the benchmark model.

The next problem that we consider is the best model in the M1−M6 set (forecast accuracy and fit in 
the sample). Firstly, we consider rules based on the average logarithmic score and the average CRPS*. 
Next we consider the AIC. 

The average logarithmic score (see Table A2) supports models M1–M2 in the case of meat and fuels 
and models M3−M4 in the case of bread and cereals and milk, cheese and eggs. The CRPS* supports 
models M1−M2 for most cases (bread and cereals; meat; fuels and lubricants for personal transport). Only 
in the case of milk, cheese and eggs the average CRPS* supports M5−M6 models, but the difference with 
average CRPS* in the case of M1−M2 models seams to be negligible. If we take into consideration the 
AIC in subsamples (Table 14), then in the case of fuels and lubricants for personal transport model M2 
(55% of the subsamples) and M6 (45%) are preferable. In the case of meat models M3 (12%), M5 (72%) and 
M6 (17%) are preferable. In the case of bread and cereals the most preferable models are M2 (98%) and 
M1 (2%). Finally, in the case of milk, cheese and eggs model M2 has the lowest AIC for each considered 
9-year rolling window. Summing up, the AIC does not support the stationarity of the considered models 
for m-o-m data. In the next section we consider this issue in more detail and we show the disadvantage of 
using nonstationary models for m-o-m data while the y-o-y predictive distribution is ultimately calculated.

For the remaining part of the disaggregated m-o-m CPI, the forecasts from model S2 (with fixed 
seasonality) have the lowest RMSE at h = 1, 2,…, 12 (see Table A1). However, comparing the average 
logarithmic score and the average CRPS* (for h = 1) the conclusions are not the same. Using mechanical 
rules: in the case of the average logarithmic score the S1 model is more preferable and in the case of the 
average CRPS* the inverse is true (see Table A2). 

4.3.  Forecast accuracy for total y-o-y CPI 

In this section we consider the problem of choosing the best set of models for the components of the 
disaggregated m-o-m CPI to have a good quality of y-o-y CPI forecast. First of all, note that in the case 
of the CPI the predictive distribution for y-o-y CPI is much more preferable than m-o-m forecasts. 
Moreover, the procedure of model selection for y-o-y CPI should not be based only on the goodness-
-of-fit and forecasting accuracy, but also on the objective of forecasts. For example, it is commonly 
known that from central banks’ point of view point forecasts for y-o-y CPI should involve a return to  
a constant value, which has a strong connection with inflation targeting. This revision to constant value 
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can be achieved for example when models with stationarity properties are used. Therefore in the short 
term inflation forecasting central banks use mainly stationary models. The predictive distribution of 
the total y-o-y CPI can be obtained with the use of two alternative ways: directly by modelling y-o-y 
CPI or indirectly by modelling m-o-m CPI. If the predictive distribution for m-o-m CPI is available 
then using the relation between y-o-y and m-o-m CPI (see formula (11)) the predictive distribution for 
y-o-y CPI can be obtained. Unfortunately, the transformations of m-o-m predictive distribution to y-o-y 
predictive distribution for horizons h > 1 is a delicate issue (see formula (11)). To show the disadvantage 
of annualization procedure with automatic model selection criterion for m-o-m CPI we consider an easy 
illustrative example in Part D of the Appendix.

Let IN be a sequence of N observations of CPI m-o-m price index and let yN+1 be a sequence of  
N + 1 observations of market prices (see Table 1). Then, on the basis of model (10) the predictive 
distribution of 
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 This is done due to the limited information on inflation in January reported by the statistical office 
in February each year (information on disaggregated COICOPs is not available). In practice, to obtain 
predictive distribution we use plug-in technique (we replace the vector of parameters with their MLE). Then, 
the y-o-y distribution is calculated by annualizing the m-o-m predictive distribution with the use of (11).

We calculate the m-o-m predictive distribution based on model (10) using a 9-year rolling estimation 
window (with the exception of fuels, where a shorter data sample was available). On the basis of the 
above results we use model M1 (for the first four COICOPs from Table 1), model (7) for gas and electricity 
and model S2. Then we annualize the m-o-m paths to obtain from 49 to 60 real time out of sample y-o-y 
forecasts of the CPI (depending on the forecast horizon). For each forecast horizon we compare the 
RMSE of the final model based on market prices, i.e. model (10), with four benchmark models (which 
do not make recourse to current market data). The first group of benchmarks consists of autoregressive 
models with seasonal constants: AR(1), AR(6) and AR(10) applied to the total m-o-m CPI. The forecasts for 
m-o-m CPI are then annualized to y-o-y CPI forecasts by applying (11). The last benchmark model is the 
ARMA(p, q) model with the minimal AIC (where 0 ≤ p, q ≤ 10) applied directly to y-o-y CPI (see Table 5). 

The results clearly shows that the model with market prices has the best performance in nowcasting. 
The ARMA model applied directly to y-o-y data has the biggest RMSE in nowcasting. Therefore, in the 
short term inflation forecasting models based on m-o-m data are more preferable. Since the market 
prices that we use are available only one month ahead for longer horizons the model with market prices 
loses its predictive power.

5.  Conclusions

In the article we propose a model based on a multivariate exponential smoothing model as a tool for 
forecasting Polish inflation. The COICOPs for which any current market information is available are 
modelled separately (together with the corresponding market data) with the most suitable specification. 
Those COICOPs are: bread and cereals; meat; milk, cheese and eggs; electricity; gas; and fuels and lubricants 
for personal transport. The remaining part of the CPI basket is modelled with a use of a univariate ESM.  
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In the final stage the predictive distributions of CPI components are aggregated and annualized. The results 
show significant and robust improvement over simple benchmarks in shorter horizons. However, in longer 
horizons, the forecasts from the proposed ESM model cease to outperform the benchmarks.
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Appendix

Part A

In Hyndman et al. (2008) the concept of stationarity and forecastability of univariate (r = 1) exponential 
model was examined. Previously, the concept of forecastability was examined in relation to exponential 
smoothing models in Sweet (1985) and Lawton (1998). Based on these definitions we generalize the 
definition of stationarity and forecastability to the multivariate case. Since 
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The general conditions under which a univariate model is forecastable are formulated in theorem 10.2 
in Hyndman et al. (2008). Note that in this paper we do not consider the so-called “stability of the model”. 
We restrict ourselves to stationarity and forecastability, since the stability property is more restrictive than 
forecastability, i.e. each stable model is forecastable but the inverse is not necessarily true.
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. The forecastability condition 
was not examined in Hyndman et al. (2008) for this model. The stationarity and forecastability 
regions for each
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) then we obtain the 
multivariate exponential smoothing model with level component that is not stationary. In this case the 
considered model is forecastable iff 
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. On the other hand, we can take 
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as an example
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, then the considered model is stationary but 
not forecastable. Note that if the stationarity condition is satisfied (
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) then 
by natural generalization of the results obtained in section 3.5.1 in Hyndman et al. (2008) we get that: 
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and 
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where
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 (elements of the covariance matrix Σ).

It should be emphasized that the above multivariate model can be equivalently written as  
a sequence of r ARMA(1,1) models (one model for one coordinate of yt ) with correlated error terms 
between these models: 
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where 
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 is related to the stationarity of this model and 
condition 
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is simply related to the invertibility of this model (see related problem in 
Hyndman et al. 2002, p. 169).

Part C

Since
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is the indicator function of the event A and  
m | j means that the j is divisible by m ) the considered model is not stationary. Since 
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the considered model is forecastable if roots of 
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 lie inside the 
unit circle (see theorem 10.2 in Hyndman et al. 2008). But this problem is too difficult to be solved 
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analytically. Summing up, the considered model in this example is not stationary and is forecastable if 
roots of 
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lie inside the unit circle. This model can be represented 
as a reduced form of the seasonal ARIMA model via equation 11.7 in Hyndman et al. (2002, p. 170). 
After calculations we get: 
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 From this perspective this model is not stationary and is invertible if roots of 
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 lie inside the unit circle. Note that this model is an 
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 model under the additional restriction of 
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 . We use 
the above model only in the forecasting exercise, without any special interpretation of the seasonal 
component, therefore it is not necessary for the seasonal component to be normalized (see Hyndman 
et al. 2008, chapter 8 for more details). If we assume that γ = 0 (constant seasonal effect) the above 
model reduces to the ARMA(1,1) model with seasonal mean function.

Part D

In this example we use the R package with the automatic criterion based on the information criterion. 
We consider 15 different models for the total m-o-m CPI (see Hyndman et al. 2002, p. 12). 

Following the use of the automatic model choice criterion and the application of the same 9-year rolling 
windows as in the previous sections, the search for the best model produced model (N, A) of the form:  

      

Part D 

+

+

++

tmtt

ttt

tmttt

ss
ll

s ε
ε
εγ

tε

μ

μ

μ

μ

μ μ

ε
ε

γ

φ
φ

φ

φ

π

φ

φ

φ

α

α

ly

=

=

=

1

1

hmtttht slyE ++ +=)|( F

+

+

+ ++

mtt

ttt

tmttt

ss
ll

sly

=

=

=

1

1

t
hl+

1|<|

t
hl+

h

hmthmtt
h

tht sslyE +++ +++=)|( F

,12}1, 2,=:/12)(2sin31{=},,,{ 1011 …… jjsss ttt

},,,{ 1011 ttt yyy …

= 1+++ sstst dsy

       
  (A5)

 This model is clearly nonstationary. The point forecast (conditional expectation value) for horizon 
h is equal to the last actualized corresponding seasonal coefficient around the last actualized level, 
i.e. 
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. Therefore, the annualized point forecast for y-o-y CPI can be strongly 
biased by the last actualized level value. This effect is clearly visible in the following Figure 3a.  
The point forecast with the last observation dating from 13 July 2013 differs from the others since June 
2013 brought an unexpected shock in administrative prices (triggered by the deregulation of the waste 
disposal market and the ensuing hikes in garbage collection fees). To be more robust to these shocks 
we can consider a damped level model (DL in short): 
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which is still non stationary but the point forecast (expectation value) for horizon h is equal to the 
corresponding last actualized seasonal coefficient around the
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the sequence 
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collapses to μ if
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 In an informal manner,
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for large h. Figure 3b shows 
the results where model (A6) was applied to m-o-m CPI and next formula (11) was used. The problem 
that we are trying to consider now is how to explain the difference in point forecasts in Figure 
3a and 3b. This problem is too difficult to be solved analytically (if we consider point forecast, i.e  
the conditional expectation value based on models (A5) and (A6) and formula (11)). Therefore we 
consider a short illustrative simulation example where we try to show the possible influence of 
parameters of these models to the y-o-y point forecast.

Example 3. In our simulation example we assume that μ = 100.21 which is related in a heuristic way to 
the 102.5 inflation target for the Polish y-o-y CPI. If we assume that error term εt is Gaussian, then using 
preposition 2 of Kan (2008) the y-o-y moments can be evaluated. But it is not easy to explain the asymptotic 
properties of these expectation values for the y-o-y data under model (A5) or (A6). Therefore, we use  
a Monte Carlo simulation. We calculate the mean and autocovariance matrix of the predictive 
distribution and then using 20,000 samples from this distribution we calculate the paths of y-o-y 
distribution. Finally we calculate the MC approximation of the mean vector of y-o-y distribution 
as a usual mean value. In the case of model (A5) we use different values of level lt and different 
values of parameter α. In the case of model (A6) we use different lts and different parameters 
φ (α = 0.5). In both cases we use σ = 0.28  and γ = 0.5 and the same last actualized seasonal 
coefficients:
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= 1+++ sstst dsy , where dj is i.i.d. from N(0, 1/20). The results of our simulations are presented in 
Figure 4. 

This simulation clearly shows that in model (A5) the y-o-y point forecasts are strongly biased by 
the last actualized level for the m-o-m variable. We use four different last actualized levels: -0.15 (series  
S1−S4); -0.05 (series S5−S8); 0.05 (series S9−S12); 0.15 (series S13−S16). Note that the point forecasts 
do not stabilize around the same value for different levels lt . The higher the last actualized lt , the 
higher the point forecasts. This situation is clearly not observed for model (A6), where for different last 
actualized lt ’s and parameters φ, the point forecast seems to stabilize near the same constant value. 
This constant value corresponds in a heuristic way to 102.5. 

 From this point of view, model (A6) generates more stable point forecasts for y-o-y CPI. Note that 
mean reversion in the case of y-o-y CPI can be interpreted by central banks as an expectation to return 
to target inflation. Therefore it is expected that y-o-y CPI point forecasts will concentrate near target 
inflation. Hence, we should concentrate our attention in particular on exponential models with such 
properties. Summing up, the informal criterion (based on the objective of forecasts) that should be 
incorporated in this paper is that models with reverting to the mean value properties for y-o-y data 
should be more preferable than others. 
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Part E
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On the basis of model M the average logarithmic score is calculated via: 
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 is a probability density function (conditional on Ft) of the predictive distribution 
for h = 1  on the basis of model M and It+1 a realization at time t + 1. 

On the basis of model M at any end of the sample time: t = December 2009, January  2010,…, 
November 2014 the CRPSs are calculated via the following integral:
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 is a cumulative distribution function (conditional on Ft) for the predictive 
distribution for h = 1 obtained on the basis of model M, It+1 an observation at time t + 1 and I{A} is 
an indicator function of the event A. 

 If the predictive distribution is a Gaussian with mean μ and variance σ2 then the above integral 
simplifies to: 
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where ψ(.) and Ψ(.) denote the probability density function and the cumulative distribution function 
of a standard Gaussian variable, respectively. 

 Based on model M the average CRPS* is calculated via:
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Table 1
COICOPs with considered market prices

Component 
(4-digit 

COICOP)

Average 
weight in 

CPI basket  
in 2014

(%)

Range of 
the data in 
percentage 

points (range 
statistics) /
standard 

deviation in 
the sample

List of market 
prices for each 

COICOP

Market 
prices 

available 
from

Market 
data 

frequency

Market data 
publication 
schedule*

Bread and 
cereals (01.1.1) 4.0 4.4 /0.64 Flour type 500 June 2003 weekly Thursday

Meat 
(01.1.2) 6.5 7.7 /1.13

Pork,
dry sausage,
chicken,
beef

June 2004 weekly Thursday

Milk, cheese 
and eggs 
(01.1.4)

3.3 4.9 /0.70

Medium eggs,
pasteurised
milk,
“Edamski”
cheese

June 2004 weekly Thursday

Fuels and 
lubricants 
for personal 
transport 
(07.2.2)

5.5 15.8 /2.46
RON 98 fuel,
Diesel,
LPG

Feb 2007 weekly Thursday

Gas (04.5.2) 2.7 17.2 /1.60 PGNiG gas 
prices Jan 2001 monthly

approved 
min. 14 days 
before any 
price change

Electricity 
(04.5.1) 4.6 11.0 /1.45

PGE energy 
prices,
Tauron energy 
prices,
Enea energy 
prices

Jan 2002 monthly

approved 
min. 14 days 
before any 
price change

*  For 11 months in a year the data on CPI components is available with a ~15 day lag. The data for January is available with 
a ~45 day lag, due to the COICOP weights recalculation. 

   
 



Ł. Lenar t, A. Leszczyńska-Paczesna384

Table 2
Model specifications for the first four considered COICOPs (the subscript i = 1, 2, 3, 4 has been dropped) 

Label Restrictions 
related to It 

Restrictions  
related to yt 

Model specification

M1 none
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Table 3
Classification of exponential smoothing models with explanatory variables with level components

  

Level component for time series

    Level component for explanatory 
variables

A (additive) Ad (additive  
damped)

N none N, A N, Ad

A additive A, A A, Ad

Ad additive damped Ad, A Ad, Ad
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Table 5
RMSE for horizons h = 1, 2,…, 12

 

 Model h = 1
n = 60

h = 2
n = 59

h = 3
n = 58

h = 4
n = 57

h = 5
n = 56

h = 6
n = 55

h = 7
n = 54

h = 8
n = 53

h = 9
n = 52

h = 10
n = 51

h = 11
n = 50

h = 12
n = 49

ESM based on 
market prices 0.24 0.38 0.56 0.72 0.90 1.06 1.20 1.36 1.52 1.65 1.78 1.94

Benchmark 
models:

−  annualized 
AR(1) with 
seasonal 
dummies 

0.31*** 0.47*** 0.65** 0.83 1.01 1.16 1.31 1.47 1.63 1.77 1.90 2.04

−  annualized 
AR(6) with 
seasonal 
dummies 

0.32*** 0.47*** 0.66** 0.84** 1.02* 1.17 1.32 1.48 1.65* 1.78 1.91 2.04

−  annualized 
AR(10) with 
seasonal 
dummies 

0.32*** 0.47** 0.64 0.80 0.96 1.09 1.21 1.34 1.49 1.60 1.71 1.84

− ARMA(p, q) for      
   y-o-y CPI 0.38***0.57*** 0.75* 0.93 1.09 1.24 1.36 1.47 1.59 1.68 1.76 1.86

Notes: 
h − horizon, n − number of  consecutive forecast errors.
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of a model based on market prices is 
significantly better than a given benchmark forecast at: *** 1% level, ** 5% level, *10% level.

Table 6
RMSE of alternative forecasting models of the bread and cereals CPI component

 h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M1  0.494  0.594  0.621  0.613  0.617  0.623  0.630  0.634  0.641  0.458  0.429  0.431 

M2  0.494  0.630  0.626  0.612  0.613  0.625  0.646  0.654  0.665  0.487  0.453  0.457 

M3  0.524  0.576  0.609  0.615  0.618  0.624  0.628  0.632  0.638  0.458  0.429  0.433 

M4  0.524  0.603  0.611  0.615  0.616  0.627  0.642  0.656  0.668  0.493  0.458  0.462 

M5  0.549  0.645  0.687  0.692  0.699  0.705  0.713  0.723  0.729  0.533  0.489  0.491 

M6  0.549  0.675  0.689  0.689  0.694  0.705  0.724  0.738  0.746  0.550  0.499  0.501 

B  0.526  0.598  0.614  0.618  0.625  0.634  0.641  0.647  0.653  0.466  0.433  0.436 

Notes:
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, *10% level.
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Table 7
RMSE of alternative forecasting models of the meat CPI component

  h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M1  0.612  0.771   0.732  0.734  0.738 0.746*  0.732  0.740  0.747  0.755  0.740  0.728 

M2  0.612  0.725  0.769  0.735  0.760 0.757*  0.712  0.761  0.728  0.804  0.770  0.807 

M3  0.646  0.771   0.733  0.734  0.739  0.746  0.732  0.740  0.748  0.756  0.740  0.728 

M4  0.646  0.728  0.769  0.743  0.766  0.769  0.695  0.763  0.730  0.807  0.773  0.799 

M5  0.686  0.751  0.707  0.700  0.757  0.815  0.795  0.778  0.791  0.825  0.805  0.775 

M6  0.686  0.721  0.762  0.717  0.795  0.839  0.791  0.815  0.789  0.885   0.845  0.865  

B  0.719  0.720  0.747  0.751  0.758  0.767  0.751  0.762  0.766  0.777  0.768  0.763

Notes:
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, * 10% level.

    

Table 8
RMSE of alternative forecasting models of the milk, cheese and eggs CPI component

 h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M1  0.540  0.710  0.708  0.712  0.713  0.716  0.713  0.714  0.719  0.724  0.730  0.738 

M2  0.540  0.757  0.743  0.740  0.737  0.730  0.723  0.721  0.723  0.728  0.737  0.746 

M3  0.577  0.638  0.668  0.678  0.689  0.705  0.716  0.722  0.726  0.731  0.735  0.738 

M4  0.577  0.705  0.713  0.715  0.721  0.722  0.729  0.730  0.732  0.739  0.748  0.754 

M5  0.551  0.625  0.659  0.673  0.685  0.704  0.723  0.728  0.732  0.740  0.747  0.748 

M6  0.551  0.661  0.681  0.689  0.699  0.709  0.725  0.727  0.730  0.738  0.749  0.753 

B  0.625  0.804  0.788  0.749  0.741  0.724  0.717  0.720  0.726  0.730  0.740  0.750 

Notes: 
The HLN-DM test (Harvey, Leybourne, Newbold 1997):  the forecast accuracy of model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, * 10% level.
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Table 9
RMSE of alternative forecasting models of the fuels and lubricants for personal transport CPI component

 h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M1 0.707*** 1.875 1.868 1.851 1.857 1.859 1.881 1.895 1.882 1.894 1.922 1.952

M2 0.707*** 1.913 1.842 1.903 1.842 1.879 1.923 1.840 1.830 1.836 1.990 2.110

M3 0.779*** 1.861 1.868 1.852 1.858 1.860 1.882 1.897 1.883 1.894 1.921 1.952

M4 0.779*** 1.915 1.863 1.901 1.863 1.855 1.877 1.873 1.826 1.850 1.992 2.082

M5 0.811*** 1.891 1.917 1.908 1.917 1.929 1.949 1.958 1.943 1.959 1.975 2.003

M6 0.811*** 1.976 1.886 1.961 1.940 1.930 1.983 1.973 1.918 1.939 2.052 2.165

B 1.879 1.958 1.965 1.952 1.960 1.897 1.811 1.812 1.814 1.823 1.870 1.927

Notes: 
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of  model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, * 10% level.

Table 10
RMSE of alternative forecasting models of the electricity CPI component

 h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M  0.629**  1.284  1.247**  1.258*  1.267*  1.277  1.282  1.293  1.303  1.314  1.326  1.338 

B  1.282  1.277  1.250  1.261  1.271  1.281  1.281  1.292  1.303  1.314  1.322  1.337

Notes: 
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of a model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, * 10% level.

Table 11
RMSE of alternative forecasting models of the gas CPI component

 h = 1  h = 2  h = 3  h = 4  h = 5  h = 6  h = 7  h = 8  h = 9  h = 10  h = 11  h = 12 

M  0.949*  1.488  1.508  1.521  1.534  1.540**  1.536  1.549  1.565  1.574  1.563*  1.581 

B  1.481  1.494  1.507  1.520  1.532  1.545  1.539  1.550  1.565  1.576  1.567  1.581

Notes: 
The HLN-DM test (Harvey, Leybourne, Newbold 1997): the forecast accuracy of a model M is significantly better than  
the benchmark forecast at: *** 1% level, ** 5% level, * 10% level.
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Table 12
RMSE of alternative forecasting models of the remaining part of the CPI

h = 1 h = 2 h = 3 h = 4 h = 5 h = 6 h = 7 h = 8 h = 9 h = 10 h = 11 h = 12

S1 0.255 0.248 0.254 0.259 0.264 0.265 0.262 0.265 0.267 0.267 0.269 0.273 

S2  0.244 0.242 0.242 0.246 0.248 0.250 0.251 0.252 0.255 0.254 0.256 0.259

Table 13
Average logarithmic score and CRPS* of the forecasting models of the remaining part of the CPI (h = 1)

    Average logarithmic score  Average CRPS* 

S1  -0.065 0.142 

S2  -0.114 0.137 

 

Table 14
The percentage of minimized values of AIC of the considered models

Fuels Meat Bread 
and cereals

Milk, cheese 
and eggs

M6  0.45  0.17  0.00  0.00 

M5  0.00  0.72  0.00  0.00 

M4  0.00  0.00  0.00  0.00 

M3  0.00  0.12  0.00  0.00 

M2  0.55  0.00  0.98  1.00 

M1  0.00  0.00  0.02  0.00 

 

Table 15
Average logarithmic score and CRPS* of the forecasting models of the CPI components (h = 1)

CPI component
 Average logarithmic score  Average CRPS* 

 M1−M2  M3−M4  M5−M6  M1−M2  M3−M4  M5−M6 

Bread and cereals  -0.850  -0.789 -0.919 0.241  0.275 0.267 

Meat  -0.952  -1.006 -1.051 0.350  0.367 0.389 

Milk, cheese and eggs  -1.113  -0.949 -1.144 0.253  0.291 0.252 

Fuels and lubricants for 
personal transport -1.089 -1.179 -1.217 0.390 0.439 0.458
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Figure 1
Components of m-o-m CPI index (COICOPs) with market prices dynamics
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Figure 2
Point forecasts (h = 1, 2,..., 24) for different parameters
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Figure 3
Point forecasts (h = 1, 2,..., 12) using 9-year rolling windows for total y-o-y CPI based on models for m-o-m CPI 
data and relation (11)
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Notes: from January 2010 to December 2015. Black lines: y-o-y CPI. Gray lines: point forecasts (expectations values).
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Figure 4
Data availability schedule
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