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Abstract

This paper presents empirical evidence on the magnitude and evolution of economic
disparitics across Italian provinces over the period 1951-2001. The paper focuses on the
evolution of the whole cross-sectional distributions in two perspectives. Firstly, kernel
density estimates of per capita income for each decade are yielded. They reveal a persis-
tent multirnodal distribution during the whole period. The heterogeneily is subsequently
modelled by a finite mixture density, whose components represent a group of poor and
a group of rich provinces. I'inally, the intra-distribution mobility is modelled by the
stochastic kernel, following Quah (1996). The long-run distribution polarizes into two
distinct classes of income. Provinces which are well off relative to national average tend
to cluster around an aggregation pole, characterised by a mean value 1.2 times the na-
tional average. Provinces which are worsc off tend to cluster around a mean value 30%
less than the national average.
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1 Introduction

The recent years have witnessed a renewed interast of the literature in economic convergence,
not only across countries but also across sub-national territorial units, giving rise to inter-
esting debales on competing theories of spatial economic growth, as well as the adequate
empirical strategies that can be used to measure the phenomenon and to compare these
theories. These studies revealed that economic disparities across regions are often broader
than the disparities observed across countries. This is particularly evident in Europe, where
several studies documented that income differences across EU member States have fallen, but
inequalities between regions within these countries have risen (see for instance Tond}, 1999;
Boldrin and Canova, 2001}).
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‘The theoretical and empirical analysis of weallh disparities across Italian regions has
a long tradition (see among others Tagliacarne, 1953; Lutz, 1961; Sylos Labini, 1985 and
Wolleb and Wolleb, 1990) since Italy’s cconomic development has always been characterized
by territorial heterogeneity. However, due to the lack of long time-series data at a very
disaggregated level, most studies focused on the economic gap between two broader territorial
arcas (usually the Centre-North and the South). More recently territorial disparitics have
been investigated at the level of administrative regions (Regioni), that corresponds to the
second level of disaggregation in the Nomenclature of the Territorial Units for Statistics
(NUTS) established by Eurostat, but very few attempts have been made so far to investigate
territorial disparities using more disaggregated territorial units. (Notable exceptions are Ferri
and Mattesini, 1996, and Fabiani and Pellegrini, 1997).

In this paper, on the basis of an original data-set recently released, we will investigate on
per capita income disparities across Ttalian provinces, which correspond to the NUTS 3 level
of classification, over the last fifty ycars. This territorial level of analysis scems particularly
interesting for the [Lalian economy since the peculiar historical development of the country,
where arcas with brilliant performances in terms of growth are contiguous to arcas with
poor performances. As pointed out by Fabiani and Pellegrini (1997), the boundaries of
administrative regions are the result of political and historical events which may not be
related to the sociocconomic factors that form the basis of a “functional” economic area.
Therefore, the use of large regions runs the risk of hiding factual spatial differences.

There is a large debate about which statistical method should be used to assess the issue
of cconomic disparities. The traditional approach to convergence analysis is based on a cross-
scetion regression of per capita income growth rates on initial levels of income (eventually on
other determinants, as human capital, share of investments, infrastructures, ...). A negative
coefficient implies that regions starting poor grow faster than regions starting rich and this is
taken as #—convergence (eventually conditional on the other determinants). This measure of
convergence has been criticised since the averaging out cross-section information by looking
at coeflicients in a regression does not provide adequate information on how regions perform
relative to each other (Quah, 1996). Other downfalls of conditional S-convergence have been
pointed out, among others, by Durlauf and Johnson (1995) and Lee, Pesaran and Smith
(1997).

Alternatively, convergence can be analysed through the evolution of the dispersion of per
capita incomes, typically measured by the standard deviation: a decreasing dispersion indi-
cates o—convergence. However, also this approach is not able to assess some important char-
acteristics of the distribution, since, for example, a constant dispersion could hide mobility
patterns within the distribution and persistent inequality (Quah, 1996), clearly phenomena
of non convergence.

Therefore, a number of recent studies have centered on the evolution of the entire cross-
sectional distributions in addressing the topic of regional convergence. ‘L'he interest on dis-
tributional dynamics focuses on several aspects of regional evolutions. The first concerns
the overall shape characteristics of the income distribution across provinces, and their evo-
lution over time. A natural approach (o assess these shape dynamics is to estimate the
cross-section distributions by using kernel density estimation. The analysis based on kernel
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density, however, heavily relies on the visual impression of income distribution. Lo obtain
a better insight into the estimated cross-sectional distributions, per-capita income can be
modelled by a finite mixture density, which provides a semiparametric framework to model
unknown distributional shapes through an appropriate choice of components.

The second dimension relates to the amount of internal mixing or mobility that occurs
within these distributions over time. In fact, shape dynamics do not address directly the
mobility pattern within the income distribution, i.c. which units move up and down the in-
come ladder. One of the common statistical tool employed for the intra-distribution mobility
analysis is the quantification of the probabilities of transition between quantiles, which gives
the probability of moving between different discrete states.

Singe the variables under analysis are defined on a continuum of values, a continuous
slale space process seems more appropriate to describe their behavior (see Quah, 1996; 1997).
Therefore the transition function or stochastic kernel, the continuous equivalent of the transi-
tion probability matrix, has been introduced as the more adequate tool that allows to trace the
evolution of the distribution of the variable, highlighting the changes in the intra-distribution
mobility. ' ‘

in this paper both the aspects Lo analyse the regional disparities across the ltalian
provinces will be followed. The “stylised fact” that Italy is characterised by one of the
widest geographical dualism among European countries will be efficiently estimated by the
kernel density and the mixture model. The behaviour of the poor and rich provinces and their
relative position within the distribution will also be investigated by the stochastic kernel.

It should be noted that income disparities can be analysed considering different variables.
Two measures are commonly adopted in the literature: labour productivity (GDP per units
of labour) and per capita income (GDP/population). The former captures the degree of
efficiency of the production system, while the latter concerns the flow of wealth to the average
inhabitant and its evolution depends not only on labour productivity, but also on other factors
(economic, social, cultural, demographic) that affect unemployment and participation rates
(Paci, 1997). We focused the analysis on comparing economic standards of living across
economies, therefore the best proxy available is the GDP per capita. Throughout the text,
the terms per capita GDP or per capita income will be used as synonyms.

The remainder of the paper is organized as follows. Section 2 presents the statistical
methodology of finite mixture models. In particular this Section focuses on the practical
problems of estimation and selection of the minimum number of components in the mixture,
compatible with the data. The empirical results of the nonparametric regional density es-
timates of the per capita income over time and the empirical fitting of the mixture models
follow, along with a discussion on the evolution of the probabilistic clusters of poor and rich
provinces generated by the components of the mixtures. In Section 3 the statistical method-
ology for modelling the cross-region dynamics is briefly described, together with the empirical
results of the income distribution dynamics. Some conclusions are given in Section 4.



264 ESTADISTICA, VOL. 55, 164,165, JUNIO Y DICIEMBRE, 2003

2 Modelling income distribution over time

2.1 The statistical tools: kernel smoothing and finite mixture models

From the data zy 29,..., 25, a consistent estimator for the density function f(2) at point z is
the fized bandwidth kernel estimator:

n
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where 11 > 0 is the bandwidth and K(-) is the kernel function. The bandwidth h governs
the degree of smoothness of the density estimate and the choice of the optimal bandwidth is
an important empirical issue not easy to solve (Silverman 1986). Tdeally, h should vary with
the amount of information available, according to the data sparseness in the distribution. The
adaptive bandwidth, that is a local smoothing, smooths out the “wiggles” in areas where the
density is sparse without leading to oversmooth the dense parts of the distribution, producing
an improved global estimate. The assessment of the adaptive bandwidth requires a two-step
procedure. In the first step a fixed bandwidth following a statistical “optimal” rule on which
a pilot estimate of the density is obtained. The second step starts with the calculation of the
bandwidth weighting factors A;, defined as:

cap (1 5 logf(x;)) ‘
A= = (2
J(z;)
where f(:z:v,-) is the pilot estimate of the density. Then, the adaptive kernel density estimate
for the point x takes the form:
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The estimator (3) is the kernel estimator used in the analysis. The optimal pilot band-
width has been chosen according to the Sheather and Jones (8J) plug-in method (1991). The
kernel function used in this analysis is the Gaussian kernel, which has the form :
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Results are not sensitive to alternative choices of the kernel function, as the Epanechnikov
function.

The use of kernel densities to trace out the evolution of the income distribution provides
a powerfu! visualization framework from which location, (multi)modality and spread can be
observed simultaneously. Since the analysis based on kernel density relies to a great extent on
the visual impression, in addition to this graphical approach statistical tests are also helpful to
reveal certain features of the shapes that otherwise may be unmarked. Tor instance, Bianchi
(1997) reports a bootstrap test to assess the number of modes in the density distribution
of income across 119 countries. The presence of m modes can be suggestive of m unimodal
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underlying income distributions, each of which may refer 1o certain economically important
region groups. In order to identify these groups, the author employees a discriminant analysis,
allocating each country to one of the m groups if its per capita income falls into the interval
{ej; ¢j1], where ¢; are the cut-ofl points defined as values of 2 at which the estimated density
has a local minimum.

An alternative way to characterize these groups can be achieved by means of a mixture
of distributions with different mixing proportions. A mixture model of finite distributions
represents an extremely flexible method in modelling heterogeneous distributional shapes,
apparently unable to be modelled by a single component distribution. In fact, multimodality
in the income distribution does not necessary result in the same number of distinct underlying
univariate components, especially when the component are not sufficiently far apart. On the
other hand, when the distribution is unimodal, a finite mixture might still be appropriate
when, for example, the components have similar means and large variances. Another advan-
tage in implementing this approach is that the fitting of the finite mixture model provides
a probabilistic clustering of the sample units in terms of their conditional probabilities of
membership of cach components of the mixture.

More formally, with a mixture model-based approach, the observed data sel, can be
viewed as having come from a mixture of g component distributions in unknown propor-
tions =y, ..., my, where the mixing proportions m; arc nonnegative and sum to one. In detail,
the probability density function of the random vector X; under a g-component mixture model
is defined in parametric form as:

q
B (2;, W) =Y mid; (25,05), (5)
=1
where the vector ¥ = (my, ..., mg—1,€')’ contains all the unknown parameters in the mix-

ture model and the vector € contains all the parameters (61, ...,6g) known a priori to be
distinct; @; (7, 6;) denotes the univariate density evaluated at z; depending on a parameter
vector 0;; and m;, i = 1, ..., g represent the mixing proportions. While the mixing parameter
m; gives the prior probability that the region belongs to the ith component of the mixture,
representing an endogenous parameter which determines the relative importance of each com-
ponent in the mixture distribution, the posterior probability 7i; given by:

iP5, 6;)

Tij =Ti (2, ¥) = eg—7——~
i =725, ) i1 mi®i(z5,65)

(6)
represents the probability that the jth province with income z; comes from the ith com-
ponent of the mixture.

The fitting of (5) provides a partition of the data directly derived from the Maximum
Likelihood (ML) estimates of the mixture parameters by assigning each province with income
z; to the component which provides the greatest conditional probability (6) that Z; arises
from it. In the mixture approach, the parameter ¥ is chosen Lo maximize the log-likelihood
function in (5). However, due to the the stressed out computational difficulties, (see, inter alia
Aitkin and Wilson, 1980), the log-likelihood in the mixture models is difficult to maximize
directly. The EM algorithm (Dempster et al., 1977) provides a simple iterative method for
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the ML estimates in a wide class of “missing data” problems, including general mixture
distributions. Starting form an initial parameter ¥(® an iteration of the EM algorithm
consists in computing the current conditional probabilitios (r;,¥), (G = 1,2,.,mi =
L,2,...,g) that 2; arises from the i-th component of the mixture for the current value of
\I/, accordmfT to the equation (6) (E-step). Then, the ML estimates are computed using
the conditional probabilities 7; (25, ¥) as conditional mixing weights {M-step). The sequence
of alternate E and M steps continucs until convergence oceurs to the ML cstimates. The
algorithm is easy Lo implement and it converges relatively fast. 1t yields the ML estimates of
the parameters and the maximized log-likelihood function from which a primary idea of the
number of components in the mixture can be achieved. When there is no a priori information,
a more formal way to identify the distributions underlying the mixture model is to test for
the number of components membership in the model. After the maximized log-likelihood
function has been evaluated, it is possible to formulate likelihood ratio tests for testing the
null hypothesis Hy : g = go against the alternative Hy : g = gy, for some g; > go. As
well known in the literature, the asymptotic null distribution of the Likelihood Ratio Test
Statistic (LRTS), —2logh = 2{IogL(if11) - logL(\flg)} is not necessarily be a chi-squared,

being L (\f/o) and L (‘f’l) the likelihood of the mixture model, respectively, under the null
and under the alternative hypothesis. The choice of the number of components, g, can be
assessed by a bootstrap test (McLachlan, 1987). The resampling approach is based on the
null distribution of —2logA for Hy : ¢ = go versus Iy : ¢ = g;. The LRTS is bootstrapped
as [ollows. Under the null hypothesis of go components in the original sample, B bootstrap
samples are generated parametrically. For each bootstrap sample, the mixture model is fitted
for both g = gy and g = g and consequently the quantity —2logh is evaluated. The null
distribution of —2logA can be finally estimated from B replicated values of —2logA. Let
6 (b) = —2logA(b), b = 1,2,..,8 + 1 be the ordered bootstrap replications of —‘7log/\
inclusive of the value of —2logA evalmted in the original sample 0* and suppose that §* is in
the rth position of the ordered list of the replications. Therefore, the estimate of the achieved
significance level P, corresponding to the value -2logA evaluated from the original sample, is:
r

P —value~1 - B (1)

The class of finite mixtures that will be considered for describing the income distribution
in Italy is the class of finite normal mixture. The provincial data are considered as arising
{rom a mixture ol g normal distributions in unknown proportions y, oy Mg

D (2, ¥ Zm (;L,, ) : (8)

where 0; = (1, af) denotes the mean and the variance of the i—th univariate normal com-
ponent and 7; the respective mixing proportion. The vector of the all unknown parameters
which will be estimate by maximum likelihood is ¥ = (7r1, ey Tgm 1y U1y ooy flgy OF, ...,ag)’.

The assumption of normality could be restrictive, since theoretically any functional form
can be considered. Iowever, the family of normal mixture densities of g component is very
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flexible and a wide variety of density shapes can be approximated by a normal mixture (Mar-
ron and Wand, 1992). Typical of mixture models is the presence of multiple local maxima in
the likelihood function (Aitkin and Wilson, 1980; McLachan and Peel, 2000). Particularly, in
mixtures of univariate normal components with unequal variances, the likelihood function is
unbounded and which root of the likelihood equation to choose as the estimate is not straight-
forward. The associated practical problem regards the sclection of different starting values
for the EM algorithm. In this paper, following by McLachan et al. (1999), randomly sclected
starts, hierarchical clustering-based starts and k-means clustering-based starting values have
been selected as different starting values for the vector ¥ of unknown parameters and for the
posterior probabilitics.

2.2 Time evolution of regional disparities: are twin peaks persistent?

The series of provincial GDP has been recently released by the National Statistical Office
(Istat) after the implementation of the new System of National Accounts (ESA 95) and only
for the years 1995-1999. However, the Istituto Tagliacarne, the research centre of the Union
of the Italian Chambers of Commerce, has recently provided an homogeneous series of per
capita income at provincial level since 1951 (Unioncamere, 2001).

In taking per-capita GDP as a measure of development, there are some drawbacks to be
aware of. It should be noted that GDP is a workplace-based measure of economic activity in
an area and it is not equivalent to the final disposable income of private households resident in
a given province. Therefore it can be considered only a rough approximation of the economic
capacity of individuals to acquire goods and services. Unfortunately, a time series of per
capita disposable income at NUTS 3 level is not available yet.

‘I'he income level in each province has been divided by that for Italy, so that the analysis is
performed using the per capita income in the provinces relative to the (population weighted)
average. This transformation of the data removes the common growth and the business cycle
eflect and circumvents the problems related to the deflalion of the current values.

Since cvolution is a slow process, large movements in the distributions are not expected
vear-on-year. Therefore, to better catch greater changes in the static distributions, income
per-capita distribution for n = 95 Italian provinces is measured in 1951, 1961, 1971, 1981,
1991 and 2001. For these years the estimation of income is also more reliable since it has
been estimated consistently with the population and the industrial censuses. The GDP has
been estimated according to the previous System of National Accounts (ESA 79). It should
be noted that over the period of the analysis, the number of provinces has been changed.
The series available refers to the number of provinces belore 1992, when 8 new provinces have
been created.

The evolution of the static distributions over time and significant changes in the shape
of the distributions over this 50-year period can be caught by the inspection of the densities.
Figures 1 and 2 report the adaptive kernel estimates of the relative income densities for the
selected years. Table 1 reports the results of the bootstrap test for the choice of the number
of components in the mixture model. The results show that, apart from the year 1951, the
remainder years does not reject the hypothesis of g = 2 components. Table 2 shows for each
year the estimates of the means, variances and mixing proportions of the previously selected
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Figure 1: Adaptive kernel estimate of per capita income in the Italian provinces, years 1951,
1961, 1971
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components of the fitted mixture model. :

The estimated density for 1951 shows two well separated peaks, the highest corresponding
at a value below the average and the other one just above it. Moreover, il seems to appear
another possible peak in the right tail of the density corresponding to the richest regions.
The bootstrap test for the number of normal components of the mixture confirms g = 3
components. Figure 3 shows the kernel density estimation, the fitted model and the single
components for 1951. Looking at the posterior probabilities i, in the wealthiest cluster
are included, with a probability higher than 0.9, provinces belonging to the most industri-
alized part of the country (the so-called Milano-Torino-Genova triangle). Scveral backward
provinces of the North-East (like Udine, Rovigo, Belluno Pordenone, Padova) and the almost
all the Southern provinces belong, with high probability, to the ”poorest” cluster, with some
notable exceptions (Matera, Toggia, Siracusa). The mixing proportion associated to this
cluster is equal to 39.7%, indicating a consistent percentage of provinces belonging to this
component.

One decade later, the “lump” in the upper tail of the distribution found in 1951 seems
to vanish and also the bimodality presents different features. In fact, the two peaks have
almost the same height and seem more separated, accentuating in this way the irmbalance
between the two groups of provinces generated by the two components of the mixture, as
confirmed by the bootstrap test (see Table 1), even though the mixing proportion of the first
component (26.1%) indicates a reduced percentage of “poor” provinces. In terms of condi-
tional probabilities, it should be noted that, apart from Frosinone and Rieti (two provinces in
the Centre), only Southern provinces belong, with a high probability, to this group. All the
Center-Northen areas, conversely, are included in the more prosperous group. T his evidence
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Figure 2: Adaptive kernel estimate of per capita income in the Italian provinces, years 1981,
1991, 2001

suggests that in the early sixties the dualism between the Centre-North and the South is
more pronounced.

"The results for the year 1971 confirm the bimodality in the distribution, even though it
is less evident, and the presence of two normal components. The percentage of the “poor”
provinces, given by the mixing proportion of the first component, is almost unchanged and
there are no significant movements of the individual provinces between the components of the
distribution. Although the difference between the means of the relative per capita income of
the two groups has decreased, the tendency of converging does not seem very remarkable.

In fact, in 1981, the two modes of the distribution appear again well separated and the
gap between the two components seems wider, as confirmed by the means of the poor and the
rich group (see also Figure 4). These two groups can be well identified, since the conditional
probability of each province clearly allows to allocate it in one of the two groups. The
composition of the two groups reveals a persistent dualism between the two broader areas of
the country.

In the year 1991, the twin-peaks are still present and a two-component mixture is com-
patible with the data. The position of the first mode does not change, but its shape modifies
noticeably in that it gets smaller and wider. Consequently, it is more difficult, with respect to
1981, to detect a well-defined group of poor provinces and a group of wealthier provinces. The
same comment can be extended for the last year of the analysis. The first mode is small and
wide, and, differently from 1991, the second mode shifts to the right by a significant amount,
showing an increasing separation of the two modes and of the two underlying components of
the mixture (sec Figure 5).

Overall, per capita income tend to spread according to a two-peaks distribution and the
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Table 1. The choice of the number of components.

| AIC ] BIC [ -2logh | P-value | AIC | BIC [ -2logh | P-value
7 1951 7 1081
1] 67.32 | 72.42 - - 1} -3.43 1.68 - -
2| 4143 | 54.20 | 31.88 0.00 2 1-39.51 1| -26.75 | 42.09 0.00
3 | 35.46 | 55.89 11.97 0.06 3|-36.31 | -15.87 2.79 0.81
7 1961 7 1091
1| 48.00 | 53.11 - - 1| -4.90 0.21 - -
21 41.87 | 54.64 | 12.13 0.03 21-1645 | -3.68 17.55 0.01
31 43,99 | 64.42 3.88 0.59 31-1495| 548 4.50 0.49
p 1071 7 2001
11 -10.06 | -4.95 .- - 1] 2220 | 27.31 - -
21 -15.19 | -2.42 11.13 0.05 2 9.75 22.52 18.45 0.00
31-17.94 2.49 8.76 0.14 3 6.04 26.47 9.70 0.11

occurrence of a two-component mixture model suggest the presence of a polarisation process
in the per capita income distribution. Almost all the Southern provinces are included in the
poorest cluster of provinces for each year of the analysis.

It should be noted that the fitted mixture model can be instead interpreted in a dynamic
context, in fact the switching from one group to another one depends on the relative movement
of a province in the distribution with respect to other provinces. Therefore Lo evaluate the
intra-distribution mobility of new wealth, the immediate strategy is to examine the switches
of provinces from the “poor” and the “rich” group and vice versa.

From Table 2, we observe that the mixing proportion associated to the “poorest” com-
ponent has a fluctuating behavior and it does not show a tendency to reduce over time.

To analyse the mobility between groups, it is necessary to allocate the individual provinces

Table 2: Means, variances and mixing proportions of the fitted mixture model.

Mean Il Variance | Mixing proportion

years g1 g2 93 g1 ['7] g3 g1 g2 g3
1951 0.665 1.019 1.797 || 0.010 0.026 0.023 || 0.397 0.519 0.084

1961 0579  1.044 - 0.009  0.067 - 0.260 0.740 -
1971 0,675 1.059 - 0.009 0.025 - 0.291 0.709 -
1981 0.682 1.120 - 0.005 0.015 - 0.323 0.677 -
1991 0.645 1.040 - 0.004 0.032 - 0.236 0.764 -

2001 0672 1124 - 0.011 0.030 - 0376 0.624 -
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Figure 3: Distribution of relative income in 1951: kernel density estimate and ML estimate
of mixture of three normal components
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Figure 4: Distribution of relative income in 1981: kernel density estimate and ML estimate
of mixture of two normal components
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Figure 5: Distribution of relative income in 2001: kernel density estimate and ML estimate
of mixture of two normal components

- N —— Kemut
/’—\ ;7\ \ — Conmbimnt
§ G // \\.\‘ s Moo
7 \" ", A
B 7 \ / S A\
/ _____ A /s
= 7 \
e / [N 57 %
s | &
/ VioSoL 7
iy Voo
e v Vo A
; \ e
! i /
e /] \ /
i \
/ ‘\ //
; V4
-4/ X
A
| 2
&~ s \
a /
i - \
gl —— -
- T T T g T
06 08 10 12 14

Redatesa inonme

in one of the groups. The ex post estimated probabilities are helpful for this identification.
In this analysis we chose to label a province j as “poor” if its conditional probability with
respect to the first component of the mixture, 715, is larger than 0.70. If 0.70 < T1; < 0.30
we decided that the province can not be clearly allocated in one of the two groups, while for
T1; < 0.30 we labelled the province j as “rich”. Table 3 reports, for each ycar, the number
of provinces that belong to the “poor” group, to the “rich” group and those provinces not
clearly allocated in one of these two groups. Ior a more homogeneous comparison, the third
group of the richest provinces, that is present only in the first year, is non considered in this
table.

As reported in Table 3, in the period 1931-2001 the number of “poor” provinces drops

from 36 to 34, while the number of the “rich” provinces increases from 52 to 56. The not
unequivocally allocated provinces change from 7 to 5. TFurthermore, a fall of the number
of the “poor” provinces and a consecutively increase of the number of rich provinces can

be observed in 1991, The “poor” provinees are only 20, the “rich” are 69 representing the
highest number of the “rich” provinces in the fifty years period.

To better investigate the intra-distribution movements of the Italian provinces, it may
be useful to extend the number of groups and to examine the mobility within these groups.
In this view,-a suitable approach is the analysis of the probabilities of transition between
quantiles or in general discrete states, as Quah (1993) suggested. An obvious problem is
the choice of the discretization since the variable under analysis is defined on a continuum
of values. Thereforc a continuous state space process seems-more adequate to analyse its
behavior (see Quah, 1996; 1997). The continuous counterpart of the transition probability
matrix is the transition function or stochastic kernel,which has been adopted in the recent
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Table 3: Number of “poor” and "rich” provinces based on their ez post probabilities.

years 1951 1961 1971 1981 1991 2001
“poor” 36 23 26 31 20 34
“rich” 52 63 60 64 69 56
not allocated 7 9 5 0 6 5
total provinces 95 95 95 95 95 95

literature (see Johnson, 2000).

In the next section, the stochastic kernel will be introduced in a more formal way, while
the main results of the intra-distribution dynamics of the Italian provinces will be presented
subsequently.

3 The intra-distribution mobility

3.1 Measuring mobility (via the stochastic kernel)

The underlying theoretical framework of the stochastic kernel can be summarised as follow
(a far more general formalization can be found in Quah (1997)). Let X; the relative income
of the Italian provinces at time ¢ and ¢ its probability distribution. The simplest scheme to
describe the evolution of the distribution of incomes across provinces is analogous to the first
order autoregression [rom standard time-series analysis:

Gev1 =T (e, ue41) = Ty, (@) 1t 2 1, givengy (9)

where the operator T* maps the distribution from period ¢ to period ¢ + 1, ugyy is a
sequence of disturbances and 7,;, absorbs the disturbance into the definition of the operator.
We focus on the estimation of the operator T* which deseribes the evelution of the distribution
of incomes across regions.

If X is a discrete income-space variable, the operator 7* can be interpreted as the tran-
sition probability matrix M; of a Markov process and (9) becomes:

$ey1 = M; (¢r) - (10)

If the further assumption of time-invariance of the underlying transition mechanism is
introduced, the matrices M,'s can be averaged obtaining a single transition probability matrix
M describing the dynamics of the discretized distribution.

Under the two assumptions of first order evolution and time invariance the equation (9),
7 — 1 periods later, becomes:

Grir = (M) (). (11)
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Since M is a transition probabilily matrix, its largest eigenvalue is 1, and the lelt eigen-
vector corresponding to that eigenvalue has all entries nonnegative and summing to 1. Since
in general the largest eigenvalue is unique, M7 converges to a rank-one transition matrix.
But then all its rows must be equal, and moreover equal to that probability vector satisfying:

oo = M ¢oo. (12)

The vector ¢ is the ergodic row vector, corresponding to the limit of (10) as t — oo
and representing the long-run limit of the distribution of incomes across provinces.

IHowever, more often the income variable X; assume infinite values becoming a continuous
income-space variable. In this case the operator 1™ must be interpreted as a (ransition
function or stochastic kernel. ['urthermore, as pointed out by Quah (1997), the arbitrariness
of the discretization in the income state-space can introduce a bias in the dynamic analysis
altering the conclusions. The stochastic kernel can be therefore viewed as the appropriate
generalization of a transition probability matrix: f (2, £,y 7) giving the p.df. of Xeyr = 9
conditional on X, = z. Thus:

b
prob(a < Xiyr < b Xy = 2) = / flz ty,m)dy. (13)
Ja

If the transition mechanism is time invariant, the transition probability density depends
only on the time interval 7 and can be written fr (ylz), giving the p.d.f of Xy, =y
conditional on X, =z, VI.

Given the transition function fr (y|x), describing the evolution of the income distribution
over time, the relationship between the cross-region income distribution at time t, fy (z), and
the income distribution 7 periods later, fr+ (yl2), can be written, under the assumptions of
time-invariance and first order evolution, as:

frr @) = [ frlul e, (1)

where fr(ylz) is the density of y conditional on an income &, 7 periods later.

As in the discrete income state space, the long-run limit of the distribution of incomes
across regions is the limit of (14) as t — 0. The resulting ergodic distribution is (Johnson,
2000):

foo ) = [ 10l (2o (15)

The estimation of (15) requires the cstimation of the transition matrix fr(y|z) that can
be obtained by dividing the estimated joint density by the estimated marginal density.

The stochastic kerncl has been cstimated for a 10-year transition period, setting 7 =
10. The relative income data, estimated for 1951, 1961, 1971, 1981, 1991 and 2001 give
ohservations on five 10-year transitions for each province to estimate fio(ylz).

The joint distribution has been estimated by a two-dimensional kernel evaluated on a
square grid:
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T K (2, 54)

nlhighy

Foerr(z,y) = ; | (16)

where z; = (@3, ¥:) is the ith sample observation and z = (z,y) is a fixed point.

The kernel funection used in the estimation of (16) is the standard bivariate Gaussian ker-
nel. The standard normal kernel is a ”product kerne!” which is the product of two univariate
kernel and this is the kernel that minimizes the mean integrated squared error (M ISE) of the
estimator over the class of product kernel (Pagan and Ullah, 1999).The optimal bandwidths
hz Iy have been chosen according to the Sheather and Jones plug-in method (1991).

Given the joint distribution, the marginal distribution of = has been derived by numeri-
cally integrating the joint distribution with respect to y.

mmséﬂwmmwzéxmm@. (17)

Finally, the conditional distribution has been obtained dividing the joint distribution by
the marginal one:

- Seprr(2,9)

friyle) (@)

(18)

3.2 Distribution dynamics across Italian provinces

Figure 6 reports the three dimensional stochastic kernel and Figure 7 the relative two dimen-
sional contour plot. Cutting horizontally the stochastic kernel, the conditional distribution
.of the relative income at time ¢ + 10 given its value at time ¢ can be obtained. In fact, stand
at any point on the period t axis, and then look in a straight line, parallel to the period ¢+ 10
axis, the surface of the kernel is traced out, obtaining a probability density that is always
non-negative and integrates to 1. The more likely transition probabilities manifest as higher
values on this line. The 45-degree diagonal indicates persistence properties and when most of
the graph is concentrated along this line, then the elements in the distribution remain where
they started. As evident from IMigure 6, a large portion of the probability mass remains clus-
tered along the diagonal, but some peaks lie above and below the 45° diagonal, respectively
for low incomme and for high income ranges. This characteristic implies that the provinces
with incomes below the average tend to increase their relative incomes and the provinces with
incomes above the national average tend to decrease their relative incomes over the 10-year
horizon. This feature is more clearly shown in Figure 7 which plot the contour of the surface
of Figure 6. '
Although the remarkable stability in the middle income group, ranging from about 0.5 to
1.5 times the Ttalian average income, important changes happen in the lower (less than 0.5
times the Italian average income) and in the upper (more than 1.5 the Italian average income)
income group, as clearly marked by the peaks above and below the 45° line, the provinces with
very low incomes tend to move up in the relative distribution, even though the magnitude of
this tendency to grow is very low. The mobility patlern characterizing the rich provinces is
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instead more significant, as the small peaks below the 45° line in Figure 7 reveal. The peaks
below the diagonal also indicate that the rich provinces tend to move down in the relative
distribution, becoming poorer. Conscquently, the catching up with the Ttalian provinees
could be interpreted as a sort of "catching down”. Nonetheless, the convergence process
within Italian provinces is very slow and the “two peaks” distribution persists. This feature
appears stronger in the crgodic distribution, reported in Figure 9, in which the two groups
of provinces are unequivocally displayed. The ergodic density function, obtained solving
equation (13), describes in fact the income distribution across Italian provinces achieved in
the long-run under the hypotheses first order evolution and time invariance. The estimated
ergodic distribution is highly bimodal with two “long-run tendency clubs”, one below and
the other one above the national average. In fact, the first peak occurs at around the value of
0.7, while the second one falls around (he value of 1.2 times the national average, indicating
a process of polarization of the Italian provinces, where the majority of it tend to locate in
the wealthier group, while a relative smaller number of provinces persistently stay poor. As
suggested by Johnson (2000), additional information on the distribution dynamics can be
yiclded by plotting the estimated median value of relative income at time ¢ + 10 conditional
on its value at time £. When the median line lies above the 45° diagonal line, the income
median at time t + 10 exceeds the actual value at time ¢, revealing a tendeney for relative
income provinces to rise with the passage of time. As shown in Figure 8, the‘conditional
median at time ¢ | 10 exceeds its value at time t only for the very low relative income range
exhibiting the tendency of poorest regions to catch up. Tor the high relative income values,
the conditional median at time ¢ + 10 lies above its value at time ¢, confirming the tendency
of the richest provinces to move down the relative distribution.
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Iigure 6: Relative Income Dynamics across 95 Italian Provinces: the estimated fio(y[z)

Figure 7: Relative Income Dynamics across 95 ltalian Provinces: Contour Plot of estimated
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Figure 8: Median income at, time ¢ + 10 conditional on income at time #
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4 Concluding remarks

The examination of the NUTS 3 data of income per capita in Italy shows that there is no
tendency for the distributions to have an unimodal representation. In fact, the twin-peaks
feature of the distributions seems to be persistent. For example, the spread between the
mean and the variance of the two selected components of the mixture distribution is largely
unchanged over time.

I'urthermore, the intra-distribution analysis of income per capita denies that fast conver-
gence in levels occurs across the Ttalian provinces. Tt also suggests the idea that divergence
and polarization exists. More specifically, we do not notice any form of systematic “catching-
up” of poor provinces, but eventually a phenomenon of “catching down” emerges. That is,
it seems that there is a tendency for territorial units which started well above the mean to
regress toward the national average.

Under the hypothesis of time invariance, the long run distribution evolves towards bi-
modality. Provinces which are well off relative to national average tend to cluster around
an aggregation pole (characterised by a mean valuc 1.2 times the national average), while
provinces which are worse off tend to cluster around another aggregation pole (characterised
by a mean value 30% less than the national average). This tendency would be consistent to
the club convergence hypothesis, reflecting a persistent heterogeneity in the Italian economic
structure.

After extracting the relevant data, all computations in this paper were performed using
S-Plus.
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