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Abstract. Concepts and developments in the literature afnemic growth and
convergence have recently been adopted and usdtieirstudy of inflation rate
convergence. This paper examines initially the terise ofp-convergence, as mean
reversion, of food price inflation rates in the &pean Union, using the stochastic
convergence approach of panel data unit root tkstxamines also the existenceosf
convergence but in order capture sufficiently thelang distributional dynamics, non-
parametric econometric methods are implementededls An alternative conditional
density estimator, proposed in the literature pigliad for this reason. This estimator is
chosen as superior, not only to the restrictiverdi® Markov chain approaches but also
to the usual estimators of conditional densitiesgistochastic kernels. Monthly data on
the EU harmonized consumer price indices of food eleven specific food product

subgroups are used, for the 15 older EU membersstabvering the 1997-2009 period.

Keywords: Kernel density estimator, convergence, distritoutlynamics, food price

inflation.

1. Introduction

The subject of inflation rate convergence gainddnéibn due to its importance for
monetary and regional policies, monetary unionsl, thue regional distribution of trade
and growth effects. Empirical studies on this scbjellowed the introduction and
development of quantitative methods in the areecohomic growth and convergence.

Many studies focused on inflation rate convergebeéwveen regions of the same
country. Cecchetti et al. (2002) and Roberts (2086 mined inflation convergence
trends within US. Dayanandan and Ralhan (2005)siiy&ted price index convergence
among Canadian districts and cities. Fan and We0GR investigated inflation

convergence among 36 Chinese cities, Busetti e{2806) tested for convergence
among lItalian regions and Yilmazkuday (2009) tedtadinflation rate convergence

among different Turkish regions.

Other studies referred to a group of countries sashhe members of the European
Monetary Union (EMU) or the new members of the fpaan Union. Such studies are
found in the works of Rogers (2001), Montuega-Gor(®202), Sarno and Zazzaro
(2003), Altissimo et al. (2005), Kutan and YiginD@5), Weber and Beck (2005), Busetti



et al. (2007), Boschi and Giraldi (2007), Lopez &apell (2010), Sturm et al. (2009),
Erber and Hagemann (2009), Coricelli and Horvafi1(®. Moreover, EU inflation rate
convergence has been analyzed relative to a bemkhnmaost commonly the
corresponding indices of US or Japan (e.g. Be&k.e2006). Some other studies dealt
with the issue of global inflation rate convergerened dispersion of the relevant
distribution (e.g. Lee and Wu, 2001 and Borio, 2007

It is widely recognized that inflation as a mongtphenomenon, is determined in the
long-run by money supply. In the short-run howew¢her forces may play a role too,
especially for small range changes. Such forcesatsambe used to explain longer term
inflation rate differentials at the regional lewl different regional responses to similar
monetary policies. In the literature, inflationeatifferentials have been associated with
the productivity catching-up process (eg. Canzor2®D3), and with monetary and
fiscal factors (e.g. Cecchetti et al., 2002 and &eaind Beck, 2005). Dalsgaard (2008)
emphasised the role of market concentration, merged acquisitions and cartel
formations. Fousekis (2008) points at the fragntemaof the European market and
claims that inflation rate differentials are nofi@éntly confronted by horizontal EU
measures but by changes in the market structurEt)inountries. Most of the relevant
literature focuses on convergence of price inflatiates for largely aggregated sets of

commodities.

The purpose of this study is to examine convergamekthe distribution dynamics of
food price inflation rates for the fifteen older Ebountries. Both, stochastic
convergence (in particular the mean reversion cakeB-convergence) and-

convergence are considered while non parametricnauoetric methods are

implemented to study the evolving distribution dymes of food price inflation rates.

Data used are monthly estimates of the Harmonizédés of Consumer Prices (HICP)
for the whole group of “Food and non-alcoholic hages”, and for eleven specific
individual subgroups of food products. The datacsstr a period from January 1997 to
May 2009.

Dynamic panel data analysis and panel unit rods tescording to Levin, Lin and Chu
(2002) are used to examine stochastic convergéitanges in standard deviation are

used to examines-convergence, according to its concept (Sala-i-Mari996).



Examination of the evolving distribution dynamics also conducted using an
alternative kernel density estimator proposed bndtyan et al. (1996), and Hyndman
and Yao (2002). This estimator was introduced endhowth and income convergence
analysis by Arbia et al. (2005) and it is used heretudy inflation rate distribution

dynamics, because it offers certain advantages.

2. A Literature Review on Food Price Inflation Rates Convergence

There have been some studies focusing on inflatitsnconvergence for food products.
Weber and Beck (2005) examined inflation rate cogeece in two samples of
European countries. Their study considers changeBlICPs for the group of all
products and for twelve subgroups of products mhcg ‘Food and non-alcoholic
beverages'. For the latter, they fouprdonvergence but they did not provide half-ltves
as the solution of the nonlinear expression faronvergence they used, produced a
complex number. Additionally they found that thérestedp’s were greater in the total
period rather than in the period after the intradurcof the common currency, implying
slower B-convergence after the formation of the EMU and #x@stence of non-
linearities in the convergence process. They foalsd that there is-convergence
during the first half of the period they examinead &-divergence for the second half of

the period.

Dayanandan and Ralhan (2009) used panel unit tests suggested by Levine and Lin
(1992) and Im, Pesaran and Shen (1997), and thaylfevidence of-convergence for
the food price index in Canada with a half life algto 7.4 years. Sturm et al. (2009)
estimated coefficients of variation for the consumece index of several commodity
groups including food commodities and for differegrbups of European countries.
They found a variety of results for different conmuitg and food commodity groups,
with regards t@3 andc-convergence. Results vary also with respect targugroups

(EMU and non-EMU members) and time periods.

Faber and Stokman (2008) found evidence of conwergéor the consumer price index
of food and non-alcoholic beverage products in par@and for the period 1980-2003.
In early ‘90s, there was a strong price level coggrce for all ‘second level’

commodity groups including food and non-alcohokwérages. In the study of Fan and

! The half-live is the time necessary to fill halftbe transition between the initial level and ttetienary value.



Wei (2006), panel unit root tests were used toysalgo convergence of the food price
inflation rates across 36 major Chinese cities @rat a seven year period. They found
contradictory results ofi-convergence based on the panel unit root testeimghted
and the time lag selection model. They arguedttiege results are stemming from the
fact that high-frequency data (monthly) were usegich capture better the time period
needed for price convergence. Results of othenesudsing lower frequency data are
suffering from ‘aggregation bias’ (for this typelmfs, see Taylor, 2001).

Bukeviciute et al. (2009) emphasised differencesha operation of the food supply
chain and they argued that an external shock ssiéhrapid rise in agricultural supply
or in energy prices is differently absorbed in eaolintry, contributing to food price
inflation differentials. The fragmentation impliéy different degrees of external shock
absorption is a possible consequence of the diffarearket structures and regulatory
framework. In this sense food price inflation diffatials are a signal that the EU food

market still remains fragmented.

3. Data, Variables and Descriptive Statistics

Monthly data on HICPs for ‘Food and non-alcohokevérages’ and for eleven different
subgroups, in fifteen countries (Table 1), and tfeg examined period, are given by
Eurostat. Inflation rates are computed as annuaepéage changes of the price index

as follows:
7, =10QInR -InR_) =10Q(p, - p._y) (1)

wheremn; denotes the food price inflation rate in perio& tepresents the price index at
period t, and pis the natural logarithm ofPThe results for the ‘Food and non-
alcoholic beverages’ inflation rates are summarized’able 1. The table provides
descriptive statistics — mean (M) and standardat®n (SD) - for the considered period

and for the fifteen countries examined.

On average, Greece and Spain have the greatespfmadinflation rate, while Sweden
and Germany have the lowest. Similar data are igeov also for the separate
commodity subgroups included in the ‘food and nmofaolic beverages’ group,

together with their classification codes.



A look at the disaggregated product groups provalesore complex picture. Whereas
Germany has, on average, the lowest inflation fate food and non-alcoholic
beverages’ this is not the case for six of the mpreduct groups. On the other side,
Greece has the highest average inflation ratefdod' and non-alcoholic beverages’ and
for five disaggregated product groups as well.almdl has the highest average rate for
‘Oils and Fats’ and ‘Coffee, Tea and Cocoa’ but kweest rate for ‘Food Products
n.e.c.’. Spain has the lowest average inflatioa fat ‘Oils and Fats’ (negative), but the
highest for three other product groups. The tabte/ides also the average inflation
rates and standard deviations during the examieeidd for all fifteen countries as a

whole (last column).

Table 1 Descriptive statistics for the general food itifla rates and for the eleven food
product groups.

= = gl E % ﬁ
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1.Food and Non-alcoholi¢c M [2.02]2.38/2.29| 2.17|2.03[1.27| 3.40(2.592.16|2.63|1.81| 2.19| 3.09(1.75|2.24{ 2.23 0.53
beverages SD|1.97|1.96|2.32| 2.59|1.87[2.26| 2.29(2.41]1.73|1.43[2.89| 2.08| 2.00(2.23({3.09 2.16
M [2.64(3.24|3.27| 1.95]1.98/1.65| 4.37(2.96/2.38|2.95/1.71| 3.51| 3.43|1.87|2.10 2.60 0.82

1.1.1.Bread and cereals 55 5015 502,91 2.27[1.51]2.11] 3.05|3.042.48]1.77]2.14] 2.62| 2.31]2.88|3.43 2.39

M [1.77]2.09[1.43| 1.32|2.31|1.21] 2.84|1.93/1.96/2.30]1.67| 1.26| 2.98|1.47|1.85/ 1.88 0.53
SD [ 2.28(1.83|3.04] 3.62|2.29|2.84| 1.86(3.24/1.85/1.76/2.94| 3.60| 3.07|2.78|4.15 2.71
M [2.54[3.29|3.28| 3.01|2.25|2.87| 4.35|3.23/2.90|2.96|3.44| 3.46| 3.46|3.24(3.72] 3.20 0.48
SD [ 3.38(3.57|3.32] 2.66|1.73|1.74| 3.75|3.56/1.60/3.28|3.78| 5.31| 2.12|3.22|4.25 3.06
1.1.4.Milk, cheese and eg M [2.11]2.15[2.47| 2.92|1.80{1.21] 3.75|3.10,1.84|2.84|2.01| 1.45| 2.93|2.06|2.64] 2.28 0.72
U ’ PSD [ 3.98|3.80[3.95 4.47(2.83]5.16] 1.85]4.57/2.01]2.99]4.89| 3.36| 4.02[2.80/4.51] 3.54
M [2.21]2.16|2.92| 2.82|2.34{1.05| 1.37|3.43/1.73|2.46|2.17| 0.17|-0.20|1.58|2.21] 1.85 0.97
SD [ 3.67|3.75/4.98| 4.03|2.73|5.85| 8.713.96/3.96/2.81|4.63| 8.13|16.64/2.88|5.80 5.43
M [3.84[2.88/1.80| 3.55|2.44|1.35| 4.04|2.21]2.41|3.53|2.56| 2.67| 4.45|3.22|2.01] 2.82 0.87
SD [7.61]5.43|4.27] 5.87|6.57|4.04/10.86(2.72/4.36|3.29|4.81| 5.81| 4.23|4.90{4.52 5.17
M |1.53(2.14/1.00] 2.34|2.14/0.70] 3.06|2.72/2.61/3.21|3.11| 3.51| 4.27[1.98/2.55 2.43 0.9]]
SD | 5.07|8.53|6.66| 7.45|5.75/6.17{11.71]7.81{4.33{4.95/8.41|12.22 4.34|6.80|8.04 6.99
1.1.8.Sugar,jam, honey,| M [1.57|2.30/2.34| 1.28|1.57|1.62| 3.843.28/1.79|2.17|0.82| 1.34| 2.14|0.99|2.89 2.25 0.82
chocolate, confectionery| SD | 2.07|1.63|1.42] 1.72|1.74{1.73| 1.34|2.690.90/1.63|2.64| 1.21| 1.34|1.79[1.99 1.88
M 11.87({1.71]1.87] 1.55|1.99/1.00] 3.01|2.64/1.70/1.97{1.25| 1.99| 1.96|0.98/1.26 1.76 0.56]
'SD |1.59(2.96|2.14] 2.14[1.761.12] 2.31|1.88/1.29/1.36{2.91| 3.02| 2.34[1.70[{2.79 2.69
1.2 1.Coffee. tea and coc M 10.52{1.72|0.68]-0.13|1.22/0.35| 1.75|3.05/1.25/1.36{0.69| 0.00| 1.27-0.07/1.23 1.07 0.83
T ' SD | 7.63]9.03[8.42]13.28/2.90/5.23| 3.29[3.48/2.14]4.15/8.14| 2.28] 3.60]9.32]4.85 5.43
1.2.2.Mineral water, soft| M |1.11]1.13/3.85| 3.23|1.36/1.09| 3.28|2.14/1.34/1.90/0.99| 0.13| 2.06|0.91/1.31] 1.66 1.01
drinks, fruit & veg/ble juicesSD | 2.80(2.11{4.67| 1.78|1.53|1.62] 1.92|2.16{1.20/1.17|4.28| 1.62| 1.45]1.19(1.87 1.99

1.1.2.Meat

1.1.3.Fish and seafood

1.1.5.0ils and fats

1.1.6.Fruit

1.1.7.Vegetables

1.1.9.Food products n.e.g

*M, SD, stand for Mean and Standard Deviation retipely

These statistics illustrate the complexity représgrby our data. Beyond economic
policies (common or less common) other country sigeand product specific factors
such as market structures may be contributing @cothserved inflation ‘heterogeneity’

between country and products.



Some additional information is provided by figufég) and (1b). Figure (1a) illustrates
the dispersion in the ‘Food and non-alcoholic bages’ inflation rates for every

month, between the fifteen countries, using thespective HICP’s for this aggregated
product group. Each dot for each month (horizordak) represents a country
observation on the inflation rate (vertical axe)tim§ group. The graph offers also an
illustration of the simultaneous move of thesegaéwen though it is not shown for each

month, which country is represented by a dot.

Figure (1b), shows how many times (monthly obsémwna) each country has been
included in the ‘high’, ‘medium’ or ‘low’ food prie inflation rate group of countries.

Inflation rates refer again to the aggregated ‘Fand non-alcoholic beverages’ product
group. The ‘high’ inflation group includes the figeuntries with the highest rates, the
‘low’ inflation group includes the five countriesitiv the lowest rates, and the rest of the

countries belong to the ‘medium’ inflation rate gpo

Figure 1a.Food inflation rates for the EU15 countries
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Figure 1b. Times that each country has been included inhigh’, ‘medium’ and ‘low’ food
inflation rate category

H High B Medium 0O Low
120

It is obvious that even countries with low foodgerinflation rates have been placed in
the ‘high’ inflation group. This reflects the prese of ‘leapfrogging’. The latter refers
to the case where not only convergence is achidatdieen some countries but

subsequently divergence occurs again with a remeisi previous rankings.
4. Methodology

4.1. Stochastic convergence

Following Barro and Sala-i-Martin (1991f};convergence is considered present when
different cross-sectional time series show a meaarting behavidr Beck et al. (2006)
estimate the average growth rate as a functiormefdeviation from equilibrium at a
given starting point, while Mentz and SebastianO@0analyze inflation convergence
using the Johansen cointegration test. Usually keweresearchers use either time
series or panel data unit roots tests for the exatioin of the mean—reverting behavior
(e.g. Weber and Beck, 2005, Bussetti et al., 200pez et al., 2007, Fan and Wei,
2006, Cecchetti, 2002). One of the problems asttiaith time-series unit root tests is
their low power, especially in small samples. Ths® wf panel unit root tests has
alleviated this problem to a great extent by expigi both cross and time series

2 Using the example of a sport league, it presprisnvergence in terms of how rapidly teams at thitom of the
ranking tend to rebound towards the middle, oreajantly, how quickly champions tends to revenriediocrity.



variation. In our analysis we implement the Levin Bnd Chu (2002) panel unit root
tesf (LLC).

Leti= (1, 2,.....,N) denote the countries of oumpée and t = (1, 2,....., T) represents
the time index. Then, test for food price inflaticonvergence is based on the following

equation:
K
Aﬂ'i’t=pﬂi’tfl+a+z¢|’jAﬂiyt71 +&, 2
j=1

whereA denotes the annual, month to corresponding mehtémge of ., 6t represents

"
a common time effect angl; is assumed to be a (possibly serially correlateat)jomary

idiosyncratic shock. The inclusion of lagged difieces in the equation serves to
control for serial correlation. Their respectivemther is determined using the Akaike
Information Criterion (AIC) and the Schwartz Infoatron Criterion (SIC). The

inclusion of a common time effect is supposed tatied for cross-sectional dependence
caused by an external shock. To take control &f dfffiect, the variable is transformed

by subtracting the cross-sectional mean leading to
ki
AT, :pﬂi,t—l+z¢|,jAﬂi,t—j &y (3)
j=1
where 7, is computed as
- 13
”i,t:”i,t__zﬂj,t (4)
j=1

Now, the examination of the mean reverting behavisumplemented by testing the
null hypothesis that the comm@n equals zero against the alternative hypothesis tha
they are all smaller than zero. To test the nufidilgesis (unit root) implementing the
LLC test, we use the Newey-West (1994) bandwidtecsen method with the Bartlett
spectral kernel. The rejection of the null hypotbesnplies stationarity, i.e. that
inflation rates exhibit mean reverting behaviounus, any shock that causes deviations
from equilibrium will eventually die out. The speatiwhich this occurs can be directly

derived from the estimated value ¢f (denoteg) using the half life formula:

3 For a relevant review on time series and panea daalyses, see Durlauf et al. (2005).



t..c =IN(0.5)/In(p). According to Nickell (1981) estimates pfare biased downwards

for finite samples. So, following Cecchetti et €2002), we apply initially Nickell’s

formula® with the adjusteg to correct for this bias.

In addition to the analysis for the whole periad,order to get a rough indication of
non-linearities in the convergence process we impld the LLC panel unit root test as
above in two different time periods. Rather thahttspy data according to a specific
event (e.g. the establishment of the EMU), we prédesplit the data in two almost
equal parts. Given the data availability, anythatge would lead to the creation of at
least one very small sample. If we find convergeranad differentp-values in the

second period, then as Goldberg (2005) and Bef@@dj2argued, we have an indication
of non linearity. This means that as we are gettituger to the ‘steady state’, the

convergence speed is changing.
Results

For the whole period, stochastic convergence ipregent for the overall group ‘Food
and non alcoholic beverages’. This is generallydase for the subgroups since mean
reversion is found only for the ‘Fruits’ and ‘Vegétes’ product subgroups, and only
when the lag selection is based on the SIC metHal-lives were estimated to 4 and
2.9 months respectively, based on the adjustealues. Weber and Beck (2005) argued
that sometimes and especially when the sample isizemall, Nickell’'s process
overstates the necessary adjustment time. Forr¢laison, we consider the half-lives
estimated by the unadjusted and adjugtedas the lower and the upper bound of the
actual half-lives respectively. Our results@s are summarized in Table 2 where half-
lives are reported for the cases where the unit mgpothesis is rejected at 1% or 5%

level of significance.

4 Nichell's formula for the estimation of the adjedp is: plim,.,. (p-p)=(AB;)/C,, where

A =—1+p)/(T-1), B, =1- (LIT)A- ")/ (- p)and C, =1- 20 (1-B, ) /{1~ p )T - D]



Table 2. Unit root tests for food and eleven food produdiggoups’ inflation rates.

TOTAL PERIOD 1997M01 2002M12 2003M01-2009M05
Adj. Adj. adj.
p p-adj t-stat |1f/2 1/12 p P tstat 2 1/12 p pad tstat 2 1/12
Categories " ife adj life life life life
1 S 10.920.94 0.72 0.87 0.90 -1.39 0.92 0.95 0.755
A® 0.930.95 7.83 0.81 0.84 -2.58** 3.4 4.0 ]0.90 0.93 -0.08
111 S ]0.940.95 3.00 0.90 0.93 -0.80 0.92 0.94 1.006
A ]0.940.95 6.70 0.880.90-1.80* 5.4 6.9 [0.86 0.88 -1.674
119 S 10.910.92 0.56 0.880.91-1.69* 5.4 7.0 [0.93 0.95 0.592
A 1]0.910.93 8.80 0.86 0.89-1.62* 45 5.7 0.91 0.93 -0.133
113 S ]0.900.91 0.30 0.890.91-1.62* 5.9 7.7 [0.88 0.91 -0.253
A ]0.910.92 5.59 0.84 0.86 -4.31** 4.0 4.8 ]0.88 0.90 0.003
S 10.940.95 6.48 0.900.92-1.60* 6.6 8.9 [0.92 0.94 -0.430
1.14 A ]0.940.96 10.36 0.880.91-2.31* 5.6 7.5 [0.90 0.92 -0.379
115 S ]0.950.96 1.58 0.94 0.96 -3.10** 10.717.6 |0.94 0.96 -0.52
A ]0.940.96 7.45 0.95 0.98 -2.00*  14.£30.0 |0.93 0.95 -1.54
116 S 10.830.84 -7.12** 3.7 4.0 |0.82 0.85-4.87** 3.6 4.2 [0.84 0.86 -4.47*3.9 45
" A 10.830.84 -0.53 0.81 0.83-4.53* 3.2 3.8 [0.84 0.87 -2.22**4.1 4.8
11.7 S 0.780.79 -8.64** 2.7 2.9 |0.750.77 -6.55* 2.4 2.7 [0.73 0.75 -577*22 24
A 10.760.77 4.79 0.72 0.74 -0.97 0.69 0.71 -3.01*19 21
8 S ]0.930.94 3.85 0.89 0.91 -1.10 0.92 0.94 0.218
1.1 A ]0.940.96 9.98 0.88 0.91 -0.08 0.89 0.91 -1.053
9 S 0.970.98 3.21 0.91 0.93 -0.68 0.94 0.96 0.296
1.1 A ]0.970.98 5.46 0.87 0.90-2.20* 5.0 6.4 0.93 0.95 0.193
121 S 10.920.93 2.00 0.93 0.95-4.20* 8.9 14.1 |0.93 0.95 0.500
7 A 10.900.91 9.44 0.86 0.89 -5.92** 4.7 5.9 0.91 0.93 -0.460
199 S 10.920.93 1.53 0.89 0.91 -0.79 0.92 0.94 -0.240
A 10.930.94 6.02 0.86 0.89 -1.46 0.90 0.92 -1.27

a) S, stands for the Schwartz Information Critefarthe selection of the lags number
b) A, stands for the Akaike Information Criteriaar the selection of the lags number
significant at 5%level (*) or 1% (**) level of gnificance

In the first sub-period of our sample, the wholetyrie is different. There is strong
evidence of convergence for the overall group ‘Fanod non-alcoholic beverages’ and
for six particular product subgroups regardlessheflag selection method. There is a
product subgroup that presents convergence onlywhe SIC lag selection method is
adopted, with the LLC test leading to rejectiontloé unit root hypothesis. Two more
subgroups show convergence too, only with the Ad@-delection method. There are
only two subgroups for which no evidence of stothasonvergence was found,
regardless of the lag-selection method (‘Sugar, ,janoney, chocolate and

confectionery’ and ‘Mineral water, soft drinks, ifrand vegetable juices).

In the second sub-period, the overall product gralges not exhibit stochastic

convergence. Convergence appears only for two itha@y subgroups (‘Fruits’, and

10



‘Vegetables’). Wherever convergence exists for mibign one period, the speed of
convergence, measured by the half lives estimatéseen products and sub-periods

and the whole period, differs substantially.
4.2.6-convergence

Another important aspect of convergence is thewtiasl of the overall cross-regional
dispersion of inflation rates. The most common petaic procedure to examine this
evolution is the investigation for the existencesedonvergence, i.e. the evolution of
dispersion in a data set over a given period oétias described by changes in standard
deviation (Barro and Sala-i-Martin, 1991). Existeraf -convergence is of course a
necessary but not sufficient condition ferconvergence (Barro and Sala-i-Martin,
1992) but as Sala-i-Martin (1996) illustrates, e foresence of-convergence, some

steady-state value for cross-sectional dispersiomavfinally be reached.

Here, we investigate the existencesetonvergence for the inflation rates of the overall

group ‘Food and non-alcoholic beverages’ and tbeesl individual product subgroups.
Results

Figure 2 below, presents the cross-section, counisg, inflation rate dispersion in

terms of standard deviation from January 1997 tgy RI209. We can see that for ‘Food
and non-alcoholic beverages’ as a whole and fort mioghe individual product groups

there is an increase in dispersions during the yaats of the period. This may be
related to the rapid increase in some agricultcoahmodity prices and energy prices as
well, which were observed during the second hal2007. Before that, the cross-
country inflation rate distributions exhibit diffamt changes in dispersion for the

different product groups.

11



Figure 2. Dispersion in food inflation rates for eleven faqmabduct groups

(a) 1. Food and non-alcoholic beverages

(b) 1Brdad and Cereals
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4.3. Distribution dynamics

Despite the information of the transition towards seeady-state that stochastic
convergence contains, it does not provide an insighthe dynamics of the whole
cross-sectional distribution. It leads to no certeonclusions on rising, declining or
stationary dispersion of the cross-section distimuover time and any method that
cannot differentiate between distribution convengerivergence, and stationarity is of
limited use (Arbia et al., 2005). The conceptoetonvergence approach is also an
insufficient solution since it does not offer infioation on the intra-distribution
dynamics. A constant dispersion in terms of stashdiaviation for example, can coexist
with very different dynamics of the distributionnging from crisscrossing and

leapfrogging to constant ranking and no changessimibution at all.

Based on the combination of our results so far @amreversion and-convergence,
we conclude that there are changes in the stru@uoce characteristics of the food
inflation rate distributions over the years. To \aes questions on those changes a
distribution dynamics approach should be adoptep\iégeber and Beck, 2005).

A method of distribution dynamics analysis of tleeergence or divergence process,
was introduces by Quah (1993). Whereas this methgygdias been mostly applied on
income and productivity distributions it has beesedl also in other areas such as
environmental economics (e.g. Aldy, 2006).

The idea behind distribution dynamics approachetoigind a law of motion that
describes the evolution of distribution over tinheitially, Quah (1993) suggested a
probability model to describe how an economy obs@te belong to an income class at
time t moves to another class of the distributiortime t+r. To do that for all the
economies of the distribution he used a Markov g@ssc If k.. and k are the cross-
section distributions of inflation rate deviatiof®m the mean at time t+and t

respectively, whileg,,_and ¢, are the associated with them probability measutes,

dynamics ofg,can be modelled as a first-order autoregressiveess

e =M'(4) ()

M'(.)denotes the operator, mapping the period's t digian to the period's t+

distribution. Quah used’ (s a transition probability of a Markov process.olur
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case, the ij th element &fl '(.) would describe the probability that a country watfood
price inflation rate belonging to the inflation & at time t, will move to class j at time

t+t. Then, the distributions af,, ;s reveal the undercover dynamics of the distribution

of inflation rate deviation. More specifically, there is a tendency towards a single
point mass, convergence towards equality is coredudOn the other hand, if

¢..sdisplay a concentration towards a two point massnore, there is evidence of

polarization or stratification.

This approach has been used in several studiessaggby to implement but it is not
generally suggested. The discretization into cssarbitrary and could yield different
results when discretizations vary (Reichlin, 1998).addition, the Markov property
assumes that at each point in time the temporalessdepends only on the previous
time period. For this reason, Bickenbach and Bode (2003) pdimtut that Markov
chains impose serious restrictions on the datargéing process.

Quah (1996), recognizing the problems arising leydlscretization process, suggested
the substitution of the discrete transition masiogith a stochastic kernel of a
continuous state-space Markov process to reflecptbbabilities of transition, between

a hypothetically infinite number of classes. Irsthase, (5) transforms to
d.. = [ T4 () (6)

where, x is the cross-country inflation deviatioonh the mean at time t, y is the cross-

country inflation deviation from the mean at timer tandfr(y|x) is the probability

density function of y conditional upon x. It ded&s the probability of a country to be

in state y in t 4t given that it is in state x at time t.

In our analysis, we look at the countries’ changenilation rate in one year period,
from month to next year’s corresponding month,1.e12. Therefore, the conditional
density function describes the probability thatoardry will move to a certain level of
inflation deviation from the cross-sectional meatirae t+12 given its current inflation

rate deviation (time t).

5 A process is said to be a Markov chain if the mamdvariable at time t+depends exclusively on the information set
at time t and not on any other previous periodnet
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The conditional density function can be estimatesthg the nonparametric kernel
estimator, first proposed by Rosenblatt (1969). ndigan et al. (1996) further
developed this estimator, and introduced very comve tools for better visualization

of the kernel density. The conditional densityrestior is defined as:

f.(y%)=8.06y)/h.(%) )

where

n =Y,
Q,(X,Y) z ["X X” J{”y b'”y} (8)

i=1

is the estimated multiplicative joint density of,{§ and

A0=13 K ["X x”} )

i=1

is the estimated marginal density. In the aboveagoms, a, b, are bandwidth

parameters controlling the smoothness offfitand ||.||yare Euclidean distance metrics

on spaces X and Y respectively and K(.) is the é&efanction, a symmetric density
function. The most usual choices for kernel funudioare the Gaussian and the
Epanechnikov forms. In any case, the selectiomefform of the kernel function is not

as important, as the bandwidth selection (Silvera86).

The conditional density estimator can be rewritien

fp-t i [M] (10)

W (X) = K(” ~ ”J zl [ ] (11)

This estimator is in fact the Nadaraya-Watson Keraegression estimator. Equation

where

(10) shows that the conditional density estimat¥ atx can be obtained by the sum of
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n kernel functions in Y-space weighted by the(f) in X space. Using wx), the

estimator of the conditional mean is given as:
M) = [ Y, (ypdy = D" w (Y, (12)
i=1

Hyndman et al. (1996) noticed that when the cood@él mean function has an
exacerbate curvature and when the points utilirethé estimation are not regularly
spaced, the above estimator is biased. In ordeotieect for this bias, they propose an

alternative estimator given by:

oo P YH

f(y|)—2

i=1

(13)

Where f'(x)=e +f(x)-I(x), f(x) is the estimator of the conditional mean
r(x)=E(Y|X=x), g =y, -f(x)and [ (x) is the mean off " (gx). Instead of estimating

| (x) by the Nadaraya-Watson smoother, we can apply ndéfgrent smoothers with

better properties. In this way, we can obtain d@megor of the conditional density with
lower mean-bias properties. Moreover, as Hyndmaal. €1996) showed, the modified
estimator has a smaller integrated mean squarethao the standard kernel estimAtor

Fan et al. (1996), proposed a local linear derestymator with lower bias. Let,

R(fo fri%.Y) = Z{ (”y ”} (Bo— Bu(X; - ))} (" X, J(m)

Then, f,*(y|x) =B, Is a local linear estimator, whepe= (Bo, Bi; %, y) Is that value of3
which minimizeR(s,, 4,; % y) . The fact that the above estimator is not resiidb be

non-negative lead Hyndman and Yao (2002) to proposalternative estimator, the

local parametric estimator, which is based on dtiewing modified R(5,, 5, X, Y)

® Mean square error is the sum of the variance baddquare of the bias. Because it is a point-wispesty, we are

interesting in minimizing integrated mean squareregLi and Racine, 2007)
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R(Bo, Bii %, Y) = Z{ [” . ” J_eXp(ﬂo_ﬂl(x X))} (" ” J (15)

This local linear density estimator can be combimath the mean-bias-correction
method of Hyndman et al. (1996) in order to fotwe tdlensity function to have a mean
equal to any pre-specified smoother (see Basilég6Rdn our estimations this is the
procedure we use. For the bandwidth selection,ollew the Hyndman and Yao (2002)
proposed algorithm (for a review of existing method bandwidth selection, see Li and
Racine, 2007)

In addition to the reduced bias estimator, Hyndrearal. (1996) proposed two new
ways to visualize the conditional densities, nantbby ‘stack conditional density’ and
the ‘high density region’ (HDR) plots. The formeasvintroduced to direct visualization
of the conditional density, which is considerecaasequence of univariate densities and
thus provides better understanding than the corm@ltthree-dimensional perspective
plots. The HDR plot consists of consecutive highgity regions. A high density region
is defined as the smallest region of the sampleesgantaining a given probability.
These regions allow a visual summary of the charestics of a probability distribution
function. In the case of unimodal distributionse tiHDR are exactly the usual
probabilities around the mean value. However, exdase of multi-modal distributions,

the HDR displays multimodal densities as disjoutisets in plane.

In the ‘stacked conditional density’ plots, we alvgehow the series of the univariate
conditional densities are located relative to thaxis. If the mass of the distribution
concentrates in a parallel to x-axis line at zesm{ it is an indication that any existing
deviation in time t, almost disappears at.t®n the other hand, if the mass of the
distributions is located on the 48egree line (when t andt-axes are similarly scaled),

then the existing deviations at t, are more or feesame as att+

We are also interested in the existence of multipteles in the conditional densities.
This is what Quah (1997) describes as ‘polarizatanstratification’ effects. If in a

univariate conditional density, there are more thrae peaks, this implies that from a
certain inflation rate deviation in time t, courfsitend to end up in two (ore more)

different point masses of inflation deviation.
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In the case of ‘high density region’ plots, we atvsewhether the 25% or the 50%
HDRs cross the 45-degree diagonal (again t andtes should be similarly scaled) or
are parallel to the horizontal axes. Arbia et 2005) emphasize also the importance of
analyzing central points like modes, the valueg where the density function takes on
its maximum values. When, especially, the distrdoufunction is bimodal, the mean
and the median are not very useful, since theyigeowonly a ‘compromise’ value
between the two peaks. The highest modes for eawtitonal density estimate are

superimposed as bullets on the HDR plots.
Results

Our results are presented in Figure 3. It can ke #eat for most of the product groups
the mass of the distributions concentrates arouimeaalmost parallel to the x-axis and
close to the zero point. This implies that the @xgsdeviation at monthly time value t
almost disappears at time t+12. Exceptions are'@ile and fats’, ‘Coffee, tea and
cocoa’ and ‘Sugar, jam, honey, chocolate and ctiofeery’ individual product groups.
In the first two of these cases, in particular, @@ conclude that there is no common
trend or law of motion that describes adequately #volution of inflation rate
deviation. The specific product group ‘Sugar, jdmney, chocolate and confectionery’
lies rather in the middle of the two ‘extreme’ ohvael categories of distributions.

As expected, the case of the overall ‘Food andaloaholic beverages’ group is mostly
affected by most of the product groups but it isoainfluenced by the mentioned
exceptions. Hence, the existing concentration efntiass of the distribution in a parallel
line to the x-axis and close to zero point is ale#s clear than in the case of some

product groups with similar characteristics.

We can conclude that in general, countries withatnetly higher or lower food price
inflation rates are expected to move back towandsiean in a one-year period. These
results demonstrate the argument in favour of trevergence hypothesis, better than

our previous results.

Another interesting result is the existence of shodds points in our sample. A closer
look at the plots reveals that after a certain pofrinflation deviation (either negative

or positive), the mass of the conditional distribntdoes not remain located close to
zero, but near to the opposite point of inflaticevidtion. In the case of ‘Bread and

18



cereals’ group for example, when the inflation déen is greater than 5 or lower than -
6 percentage units, the next year inflation desrats around -5 and 4 percentage units
respectively. A similar situation prevails in thases of ‘Milk, cheese and eggs’ and
‘Meat’ product groups. In the cases of most othreugs threshold points exist but they
are ‘one-sided’ referring to either negative oripes values of inflation rate deviation

from the mean.

Finally, there are several cases of multimodalitespecially at the edges (e.g. ‘Meat’
and ‘Bread and cereals’). These cases are obsergsziclearly in the HDR plots. This
is an indication that in some cases, a low or & mfJation rate deviation does not lead

to a common point mass in the next year, but tofgwiot masses.

Figure 3. Intra-Distribution Dynamics of annualized inflatioate transitions. Stacked density
plot (left hand side panel) and HDR plot (right aide panel).

(a) 1. Food and non-alcoholic beverages
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5. Summary of Conclusions

We have investigated the existence of stochasticvargence using parametric
methods, and the distribution dynamics of food giitflation rates in the EU. For the
latter we used nonparametric methods and an alieeneonditional density estimator.
Our study considers the cases of both, EMU andEMb) members and in particular

the older fifteen member states for which datasaalable over the period 1997-2009
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which is covered with monthly data. The study refer the whole group of food and
non-alcoholic beverages and to eleven product suipgt

Examination of stochastic convergence as meansievertook place for the two equal
subperiods 1997-2002 and 2003-2009 as well, inraimdind some evidence of non
linearities in the convergence process. Our reslitav that during the whole period
there was no mean reversion for the overall foaodpet group and for almost all
individual subgroups. The situation appears difiefer the two sub-periods. During
the first, there is strong evidence of stochasiitvergence for the overall group and for
almost all product subgroups either with both oe of the two lag-selection methods
used. During the second, there is no mean revebgmgwvior for the overall group but

there is, for two subgroups of products with battp $election methods.

In addition to the panel unit root tests appliealf ives for the overall and individual
products were estimated. The lack of stochastiemence for the whole period is
consistent with the finding af-divergence which as a general rule prevails. bhtah,
leapfrogging and changing rankings take place. different findings of econometric
analysis and the often changing behavior of stahdmtributions indicate the existence
of strong non linearities in the convergence preceBhe latter supports the use of non
parametric methods to examine the existence ofergewce.

The application of nonparametric methods and tleeaisan alternative kernel density
estimator with visualizations show clearly thatrthés no common trend or law of
motion for the evolution of inflation rate deviat® The overall group’s distribution is
naturally affected by all subgroups and exhibitbehavior between the extremely
opposite cases. In general, countries deviating filee mean tend to move backwards
to it in a one year period. Hence, unlike the fingdi of parametric research, a more
detailed nonparametric investigation of distribossupports in general the existence of

convergence. Multimodalities and threshold efféctseveral cases were also found.
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