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Abstract The Italian National Statistical Office is implementing a new project for

computing sub-national Purchasing Power Parities (PPPs) on a regular basis, which is

based on an appropriate use of existing Consumer Price Index (CPI) data and new sources

of data. Concerning the use of CPI data, in this paper the role of the Country Product

Dummy (CPD) method for compiling sub-national PPPs at Basic–Heading (BH) level is

analysed together with the specific issues that arise in this context, such as the need to take

spatial autocorrelation among price relatives into account. The results of various experi-

ments based on CPI data concerning 7 BHs and 19 Italian regional chief towns are

presented and discussed with the aim of exploring the performance of various CPD models

and analysing to what extent the type and characteristics of the data affect the estimates

obtained. The statistical uncertainty associated with the ranks derived from the regional

PPPs was then calculated by means of a simulation procedure. Our findings prove to be

interesting and confirm that methods and CPI data for spatial comparisons are reciprocally

influenced.
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1 Introduction

Over the last three decades there has been much debate about constructing sub-national

Purchasing Power Parities (PPPs) for carrying out analyses on inter-area price levels,

standards of living and real income comparisons on topics such as poverty, rural–urban and

regional (local) differences. When reviewing international practices, it is important to note

that more and more academics are carrying out interesting experimental estimations of sub-

national PPPs yet up to now few countries have produced official indexes of spatial prices

or have carried out experiments to this aim. In addition, the Technical Advisory Committee

(TAG) of the International Comparison Program (ICP) at the World Bank during its

meeting on February 2010 discussed and stressed the importance of the computation of

sub-national PPPs (ICP-TAG 2010).

As yet, the most promising approach is to compute sub-national household consumption

PPPs using the data collected by the National Statistical Offices (NSOs) for compiling

Consumer Price Indexes (CPIs) and Country Product Dummy (CPD) methods. In this

context, the Italian National Statistical Office (Istat) is implementing a project with the aim

of computing regional PPPs on a regular basis. There are two main objectives to this

project: to develop a large data warehouse containing the elementary information required

for compiling sub-national PPPs by integrating the data obtained from new sources with

the data already currently collected for CPIs; to identify the best method to adapt this

elementary information for constructing sub-national PPPs.

Within this framework, this paper aims at exploring variousCPDmodels for estimating sub-

national PPPs, at Basic–Heading1 (BH) level, using Istat CPI data. Therefore, after reviewing

studies on the construction of sub-national spatial price indexes in various countries, we focus

on the role of the CPDmethods for compiling sub-national PPPs at BH level since it is essential

to obtain reliable PPPs at this level of aggregation as they are the foundations of overall

comparisons (Hill and Hill 2009; Hill and Syed 2014). To this aim the performance of various

CPDmodels basedondifferent kind of data (average price or individual price data) are analysed

and compared together with specific issues that arise in this context, such as the need to take

spatial autocorrelation among prices into account that will certainly be more relevant among

areas within a country than across nations (Aten 1996; Rao 2004). With the aim of making

multiple comparisons thus determining if the purchasing power of a country’s currencyunit in a

region can be significantly distinguished from the others in that country we apply a simulation

method, based on ranks, suggested byMarshall andSpiegelhalter (1998) and previously used in

other fields (Leckie and Goldstein 2011). To analyse whether and to what extent the perfor-

mance of the variousCPDmodels for estimating the PPPs atBH level are influenced by the type

and characteristics of the data we carried out various experiments based on Istat CPI data

regarding 7 BHs belonging to the Food and non-alcoholic beverage group and concerning the

19 Italian regional chief towns included in the 2014 CPI survey.

The remainder of this paper is structured as follows. Section 2 reviews the proposals

and the experiments carried out for constructing sub-national PPPs with the aim of

obtaining some guidelines for our research study. Section 3 deals with the methodological

and empirical issues related to the estimation of sub-national PPPs using CPD methods at

1 In the ICP, the Basic Heading (BH) is defined as the lowest level of aggregation within the National
Accounts at which expenditure and expenditure share data are available. In the 2011 ICP Round the PPPs
have been computed for 155 BHs.
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BH level. In Sect. 4 the results obtained from various CPD models by using different sets

of information are presented and discussed. Some concluding remarks are drawn in Sect. 5.

2 Review of Proposals and Analyses Carried Out for Computing Sub-
National PPPs

2.1 Computation of Sub-national PPPs Carried Out by NSOs

Although the first official measure of inter-area differences in the cost of living was

developed in the 1940s in the US (Sherwood 1975), up to now few countries have pro-

duced official indexes of spatial prices or have carried out experiments to this aim (US,

Australia, UK and Italy).

In the US, the inter-area price level comparisons led to interesting developments in the

mid-1990s as a result of the studies carried out by various researchers, mostly employed by

the Bureau of Labor Statistics and the Bureau of Economic Analysis, see for example

Kokoski (1991) and Kokoski et al. (1999). Further studies were later carried out by Aten

(see for example 2005 and 2006), who has continued to broaden research in this field

concerning both products and areas considered, thus obtaining Regional Price Parities

(RPPs) for 50 states and the District of Columbia and 366 Metropolitan areas (Aten et al.

2014). These estimations, which compare the average price level of a specific area with the

national average price level, were computed by using detailed price data collected for the

CPI calculation and both the Gini–Elteto–Koves–Szulc formula (GEKS) and various CPD

models. The analysis of the characteristics of the data and especially the methods used for

computing PPPs at product level, basic headings and aggregated commodity group level

have been improved over the last decade, thus including the measures in an economic

approach framework (Aten and Reinsdorf 2010).

In the early 2000s the UK Office for National Statistics (ONS) carried out various

exercises to produce indicative figures concerning the variation in prices between regions.

These first analyses were carried out as a by-product of a survey conducted to provide data

for the Eurostat’s PPP programme (Fenwick and O’Donoghue 2003). The ONS produced

relative regional consumer price levels based on CPI price data (mainly food items,

tobacco and drinks) supplemented with administrative data sources and, more importantly,

with a purpose-designed regional price level survey for items of expenditure where suit-

able data was not available (mainly clothing, furniture, electrical goods and travel), as

reported by Wingfield et al. (2005). The ONS then produced relative regional consumer

price levels for 2010 following a more suitable procedure (ONS 2011) which involved

using data on price observations from the existing monthly CPI collection and regional

price surveys conducted for computing the Spatial Adjustment Factors (SAFs) required by

the Eurostat-OECD PPP program.

The Australian Bureau of Statistics (ABS) compiled and disseminated experimental

indexes on the cost of living in the 8 capital cities using existing price data collected for

CPIs and calculated spatial price indexes using GEKS (Waschka et al. 2003). ABS con-

tinued to compute and disseminate data on the average retail prices of selected items in

eight capital cities, advising a careful interpretation of the results; however in 2011, the

ABS discontinued the publication, as established in the June CPI release.

The Italian Statistical Office (Istat) carried out two experiments for computing regional

PPPs in cooperationwithUnioncamere and Istituto Tagliacarne, and disseminated the results
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in two occasions: in 2008with reference to 2006 data and in 2010with reference to 2009 data.

In order to calculate sub-national PPPs for consumer prices for 20 Italian cities (the regional

chief towns), the procedure for international comparison was adopted. Therefore a compli-

cated analysis ofCPI datawas carried outwith the aimof checkingwhether the characteristics

of products were the same across the various cities. Moreover, ad-hoc surveys were designed

and carried out for the product groups ‘‘Clothing and Footwear’’ and ‘‘Furniture’’. In the first

experiment, sub-national PPPs, obtained by means of the GEKS formula, were computed for

three expenditure divisions (Food and Beverages, Clothing and Footwear, Furniture), which

represented approximately 34 % of the total consumer expenditures (Istat 2008). In the

second experiment, the sub-national PPPs were compiled for all the COICOP expenditure

divisions. The sources of data and methodology remained the same with the exception

regarding actual rents forwhich the spatial comparisonwas carried out usingCPDmodels and

Household budget survey data that includes some detailed information about the character-

istics of the dwellings (Istat 2010).

It is worth noting that Statistics New Zealand (SNZ) has been looking in the possibility

of carrying out spatial comparisons of prices since 2005 and it has appointed two experts to

develop a methodology for constructing Spatial Cost of Living Indexes. The experts’ report

(Melser and Hill 2005) deals with all the issues and offers advice on constructing sub-

national PPPs, in particular on the use of CPD methods, thus providing a reference text for

implementing PPPs in other countries. However, SNZ has never disseminated data on sub-

national PPPs to the authors’ knowledge.

2.2 Computation of Sub-national PPPs Carried Out by Researchers

Many researchers have carried out studies and experiments with the aim of estimating sub-

national PPPs. Most studies have been developed through the cooperation with the national

or international statistical agencies, which have provided CPI data for the analyses.2 One of

the most important paper is the study carried out by Aten (1999) who used the CPD method

for estimating the 1987 price levels on food products and the general price levels in 10

Brazilian cities. At that time regional price statistics were not widely available therefore

the practices for price collection were discussed and three alternative index number

methods for constructing spatial regional indexes, such as Geary, GEKS and Fisher

average methods, were examined.

Some studies for computing spatial indexes (SPIs) have been carried out also for

China’s provinces. The most important works have been conducted by Brandt and Holz

(2006), who estimated the SPIs for the base year 1990 by using the cost basket method, and

by Li et al. (2005) who estimated PPPs for the year 2002.

The World Bank and the Asian Development Bank carried out a specific experiment in

the Philippines (ICP-TAG 2010; Dikhanov et al. 2011) aimed at analyzing the plausibility

2 In order to estimate consumer sub-national PPPs a different approach have been proposed which is based
on the Engel’s Curve and/or a demand system model applied to data collected with sample surveys on
household consumption expenditure. To the authors’ knowledge, this approach was used for the first time by
Coondoo et al. (2004), who reported results obtained for India. The Authors explained that their procedure
follows the CPD methodology in a generic sense as price equations essentially share the hedonic feature.
Majumder, Ray and Sinha have continued to work on this approach in order to compute regional PPPs for
India, Indonesia and Vietnam, with the aim of proposing a unified framework for estimating intra and inter-
country PPPs, and obtained interesting results (Majumder et al. 2013a, b, 2014; Mishra and Ray 2014). This
approach proved to be a useful tool and should be extended to other countries in order to check the validity
and compare the results with the findings obtained from analyses carried out with other methods of
computation.
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of integrating the ICP with the Philippine CPIs by computing sub-national PPPs using

regional prices and expenditure weights from the CPI. The purpose of the study was to

establish whether the prices collected for the CPI could be used to provide reliable esti-

mates of price levels for a range of products in each region and to verify if the results are

consistent with the information obtained from the ICP process. This paper describes all the

necessary phases for constructing regional PPPs underlining the main issues and solutions

for overcoming them, both concerning data preparation and methods of index computation

and aggregation. The CPD method was used in elementary aggregation.

Moreover, the topic of estimating sub-national PPPs has been discussed in several

meetings of Eurostat working groups. Indeed, Eurostat has supported various countries as

already mentioned for the NSO in UK, which broadened regional price surveys carried out

for computing SAFs as required by the Eurostat-OECD PPP program.

2.3 Evidence from the Review of Literature and Experiments

Bearing in mind the various studies and analyses of the mentioned works and the current

ICP strategy, it is evident that more in-depth analyses are required for computing sub-

national PPPs using CPI data. On the other hand, many advantages can be obtained by

using CPIs data and CPD methods for computing sub-national PPPs:

(i) Availability—in most countries price data collected for computing CPIs can be

easily obtained on a regular basis;

(ii) Money and time saving—the ICP surveys could reduce the collection of specific

data in the countries that participate to the Program and obtain the requested

integration between PPP and CPI construction (Rao 2001a; Biggeri et al. 2008;

Biggeri and Laureti 2010);

(iii) Unified framework—price data collections may be carried out contemporarily for

computing CPIs, sub-national and international PPPs.

3 Exploring CPDModels for Estimating Sub-national PPPs Based on CPI
Data

3.1 Why Should We Use CPD Methods?

Various CPD models can be specified with the aim of constructing inter-area PPPs. The

choice of the most suitable model depends on the type and characteristics of the data which

in turn may affect the performance of the methods.

The requirements established for international price comparisons should also be met for

price data to use for sub-national PPP estimation, that is, they should be representative of

consumers’ expenditures and comparable across areas within a country. By definition, the

products priced to be used for constructing CPIs within a country are representative of the

expenditures in that country, otherwise they would not have been included in the basket of

goods and services being priced. Therefore, representativeness should not be an issue when

comparing price levels across areas within a country with CPI data. However, compara-

bility can cause some problems. The main issue concerning comparability is the large

range of products that the staff collecting price products for computing CPIs may select by

following broad parameters that distinguish the type of product to be selected. Apart from
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satisfying the broad specifications, the main criterion when selecting a product to be priced

for computing CPIs is that it must be representative of local consumption behavior (for

example the criterion of the most sold elementary item) and must be monitored month by

month so that the prices observed are not affected by changes in quality. Consequently, the

actual products priced for the CPIs are not necessarily identical across the various areas.

Therefore, for sub-national PPPs, it is essential to match the prices for those items that

not only meet the CPI specifications but which must also be comparable, or, in other words,

have the same brand and model if they are price-determining characteristics. When

identifying the products to be compared, the problem of missing price observations will be

accentuated and the risk of a poorer coverage of the spatial index will be increased if a

‘‘tight’’ product specification is adopted. On the other hand, ‘‘loose’’ product specifications

increase the possibility of matching items, but may result in price comparisons of dis-

similar items. Therefore, there is a trade-off between having tight specifications and poor

coverage of items and loose specifications with price differences contaminated by quality

differences (Silver and Heravi 2005; Silver 2009).

In order to deal with these data problems arising from the quality variation of items

across areas and gaps in the available price data, the Country Product Dummy (CPD)

regression methodology may be used (Summers 1973).

The CPD, which is essentially an implementation of the hedonic approach accounting

for the quality variations in price data, provides a regression analysis-based econometric

methodology for constructing multilateral price index numbers that accounts for the quality

variations in the cross-area price data (Kokoski et al. 1999). Over the years the CPD

methodology has undergone immense theoretical improvements. Although the initial

application of the CPD method was for filling gaps in the price tableau prior to the

computation of PPPs at BH level (Summers,1973), several Authors have demonstrated

that, due to its econometric nature, the CPD method could be extended and generalized in

order to provide a comprehensive framework for carrying out both international compar-

isons3 (Rao 2001b, 2002, 2005, 2013; Diewert 2005, 2010) and intra-national comparisons

(Kokoski et al. 1999; Aten 2005, 2006; Dikhanov et al. 2011).

Since the CPD method is based on a stochastic formulation, it has the additional

advantage that it enable us to use a range of econometric tools and techniques that are not

generally used for computing PPPs. For example, the basic CPD method can be extended

to account for spatial autocorrelation. Moreover, recent studies by Hill and Hill (2009) and

Hill and Syed (2014) have underlined that the most pressing concern in spatial price

comparisons is to obtain unbiased price indexes at basic heading level as they are the

foundations of overall comparison. In this framework the CPD methods can help to reduce

errors that are likely to arise when calculating basic heading price indexes. The choice of

the CPD model to be used for estimating intra-national PPPs is strongly influenced by the

type and characteristics of the CPI data. The structure and characteristics of the price

database may vary across countries as national statistical offices adopt procedures that best

suit their own needs.

3 In the 2005 ICP round the CPD approach has been the recommended method of aggregation below the
basic heading level. Hill and Syed (2010) used detailed price data provided by the Word Bank with the aim
of analysing how the CPD could improve PPP estimates in the context of the ICP.
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However, it is reasonable to assume that a micro-level data matrix with information on

annual average prices4 for each product from the various outlets (price quotes) is available

from all areas. In this case, intra-national PPPs can be estimated using CPD models for

ungrouped data (Diewert 2004, Silver 2009). Moreover, quality adjustments for not strictly

comparable products can be incorporated by using a hedonic framework (Kokoski et al.

1999; Silver 2009).

On the other hand, it may be interesting to analyse to what extent the type and char-

acteristics of the data affect the estimates obtained in order to understand which data

should be used and whether the differences between the methods depend on data. To this

aim a data matrix composed of average prices (across outlets) for each product in all areas

should be constructed by calculating an unweighted average of all the prices collected for

that product. The average is often an arithmetic mean, although the geometric mean is

becoming more and more popular thanks to its useful properties.

3.2 The CPD Model Based on Individual Price Data: The Hedonic Approach

Let us assume that we are attempting to make a sub-national comparison of prices between

R areas at BH level (no expenditure weights are available for the price comparisons) and for

each BH pknr denotes the annual price in outlet k of product n in area r (n = 1, 2,…N; r = 1,

2,…, R; k = 1,… Knr). It is possible to incorporate available individual price quotes into an

unweighted CPD model as observations along the lines suggested by Diewert (2004).

Assuming that Z1, Z2, …, ZJ represent a set of quality characteristics, associated with each

quotation, including information on the type of outlet and product brand, the hedonic CPD

model estimates the following regression equation separately for each basic heading:

ln pknr ¼
XR

r¼1

arDr þ
XN

n¼1

bnD�
n þ

XJ

j¼1

kjZj þ vknr ð1Þ

where Dr and D�
n are respectively area and commodity dummy variables while vknr denote

random error terms which are independently and identically normally distributed with zero

mean and variance r2. The intra-national PPP for area r is given by: PPPr = exp (ar).

This model generalizes the standard formulation developed by Summers (1973) which

was employed in the calculations for the initial studies of the World Bank’s International

Comparisons Program and in which missing ‘‘unmatched’’ prices are assumed to be ran-

domly distributed. By using CPD formulation (1) the price variability is modeled right

down to the level of the individual prices that are collected by the areas involved in the

comparison (Diewert 2004). Moreover, it is possible to include strictly non-comparable

items when estimating sub-national PPPs. On the other hand, incorporating quality char-

acteristics will improve the efficiency of the estimates and remove potential bias5 also in

the case of comparable products. Indeed, as a normal part of CPI calculations, each product

price will include the detailed specifications which define the type of product (size, brand)

and the type of outlet from which the product is purchased. Preferences concerning brands

and type of outlet may vary across areas due to different consumption habits. Therefore, it

4 Usually, monthly observations are averaged by using an arithmetic mean. Recently, Dikhanov et al.
(2011) suggested a combined spatial–temporal model, called Country-Time-Product-Dummy method, to use
quarterly CPI data.
5 Silver (2009) suggested that it is possible to improve on the specification of (1) by also introducing quality
and product interaction terms.
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is essential to include this information into the CPD model specification in order to

improve PPP estimations.

3.3 The CPD Model Using Average Prices: Unweighted Versus Weighted
Approach

When constructing inter-area PPPs it is reasonable to assume that several individual price

quotes for each product are available and therefore incorporated in the CPD model (1). On

the other hand, an average price may be computed on price quotes collected in various

outlets to be used in inter-area PPP construction.

In this case, the CPD model can be written as:

ln pnr ¼
XR

r¼1

arDr þ
XN

n¼1

bnD�
n þ vnr ð2Þ

where Dr (r = 1, 2, …, R) and D�
n (n = 1, …, N) are respectively area and product dummy

variables and pnr is the average price of product n in area r.

However, if average prices for each area are used, it is important to include information on the

number of quotations and the standard deviations per product for estimating a Weighted Least

Squares (WLS) version of CPD (2) with the aim of improving the efficiency of the estimated BH

price indexes. Indeed, when CPD formulation (2) is estimated with Ordinary Least Estimator

(OLS) equalweights are given to the average prices of all areas.As underlined bySilver (2009) the

use of the CPDmethod as formulated in Eq. (2) is negatively affected by the use of grouped data

and the inability to include quality variations. In otherwords, grouping individual price quotes can

result in efficiency loss due to heteroskedasticity thatmay bemitigated by using aWLS estimator.

Both arithmetic and geometric means may be used for computing the average price for

product n in each area r. However, although the arithmetic mean has been used for

computing average prices in ICP process up to now, various Authors have argued that

geometric means are better as they rely on weaker assumptions (Rao 2004, Hill and Syed

2014). Therefore, we considered as dependent variable in Eq. (2) the logarithm of the

geometric mean of price quotes for product n in area r, which can be expressed as the

arithmetic mean of the logarithms of price quotes:

ln pnr ¼ ln
YKnr

k¼1

pnrk

 !1=Knr

2
4

3
5 ¼ 1

Knr

XKnr

k¼1

ln pnrk ð3Þ

Hill and Syed (2014) suggested that for measuring reliability of the various average price

observations when geometric means are used it is necessary to have information on the

variances of the log price quotes var ln pnrkð Þ and the number of price quotes Knr. In this

case the following expression can be calculated:

wnr ¼
1

varn þ var ln pnrð Þ ð4Þ

where the variance of the log average prices6 is estimated using var ln pnrð Þ ¼ var ln pnrkð Þ
Knr

and

varn is the average variance of the log average prices across the whole set of areas and is

included to ensure that wnr is still defined whenever var ln pnrð Þ ¼ 0 for a particular area r.

6 Hill and Syed (2014) underlined that their derivation assumes only that the price quotes are identically and
independently distributed.
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3.4 The CPD Model with Spatially Auto-Correlated Error Structure

In this section we focus on some spatial econometric aspects related to hedonic CPD

models. Indeed, an issue which can frequently arise, when estimating sub-national PPPs, is

that of spatial correlation among disturbances across areas for a specific commodity.

However, this issue has not yet been investigated in the context of sub-national PPP

construction by means of CPD models.

Regarding international comparisons, evidence of spatial autocorrelation for a number

of commodity groups among countries was observed by Aten (1996) and Rao (2001b).

Using household consumption data for 64 countries and 23 aggregate headings in 1985,

Aten (1996) tested for spatial autocorrelation among price relatives and found that all

headings were significantly and positively autocorrelated by at least one of the weight

matrices used. Focusing on methodological issues, Rao (2004) drew attention to the effects

of spatial autocorrelation and the adjustments required for the estimates.

It is worth noting that the inclusion of area dummies in CPD models (1), (2) leads to the

so-called spatial fixed effects, which relates to a cross-sectional setting (Anselin and

Arribas-Bel 2013). However, this specification may not be sufficient to correct for the

presence of spatial correlation. In other words, the removal of spatial autocorrelation by

spatial fixed effects may be spurious when the true data generating process (DGP) takes the

form of a spatial lag or spatial error dependence.

Spatial patterns in consumer prices may arise from a combination of spatial hetero-

geneity and spatial dependence7 (Anselin 2006). It is reasonable to assume that spatial

heterogeneity may derive from spatially differentiated characteristics of demand, supply

and retailers. Particular attention should be paid to this systematic variation in the behavior

of economic agents across areas, since any model that imposes homogeneity will be

misspecified.

Positive spatial autocorrelation may appear when either the prices or characteristics of

products that are purchased in adjacent areas are more similar to one another than from

products that are purchased in more distant areas. Alternatively, spatial autocorrelation

may also be due to measurement problems in explanatory variables, omitted variables and

other forms of model misspecification (Baumont 2004).

In order to test for the presence of spatial autocorrelation the well-known Moran’s I

statistic can be used. Rao (2004) suggested using residuals from an OLS CPD regression in

order to test for spatially autocorrelated errors since the disturbance term for the n-th

commodity in area r is the logarithm of price of commodity n, pnr, converted by using

PPPr and expressed in relation to the national average price of the same commodity.

Measures of spatial autocorrelation for residuals take into account the dependence

among observations by means of a spatial weight matrix W, which defines the structure of

spatial relationships. For a set of R areas the spatial matrix W is a R 9 R matrix with the

diagonal elements equal to zero; the other elements wrs represent the intensity of the effects

of the area r on area s (Anselin and Bera 1998). Moran’s I is essentially a cross product

7 As outlined in Anselin (2006) ‘‘spatial dependence or spatial autocorrelation is a special case of cross-
sectional dependence in which the structure of the covariation between observations at different locations is
subject to a spatial ordering. This ordering is related to the relative positioning, distance or spatial
arrangement of the observations in geographic space, or, more generally, in (social) network space. Spatial
heterogeneity is a special instance of structural instability, which can be observed or unobserved. The spatial
aspect of this issue is that spatial structure provides the basis for the specification of the heterogeneity. This
may inform models for spatial structural change (referred to as spatial regimes), heteroskedasticity, or
spatially varying and random coefficients’’.
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correlation measure that incorporates ‘‘space’’ by means of W. This statistic can be

expressed as follows:

I ¼
R
PR

r¼1

PS
s¼1 wrs m̂nr � v̂

� �
m̂ns � v̂
� �

S0
PR

r¼1 m̂nr � v̂
� �2 r 6¼ s ð5Þ

where S0 ¼
PR

r¼1

PS
s¼1 wrs. Significance can be based on analytical derivations, or, more

commonly, on a comparison to a reference distribution obtained by randomly permuting

the observed values.

From a theoretical viewpoint, a spatial error specification is a more natural way to

include spatial effects in a hedonic model. Unobserved neighborhood effects will be shared

by products and services in the same area and naturally lead to spatially correlated error

terms. Elhorst (2014) underlined that ‘‘interaction effects among the error terms are con-

sistent with a situation where determinants of the dependent variable omitted from the

model are spatially autocorrelated, or with a situation where unobserved shocks follow a

spatial pattern’’. This results in a non-diagonal error variance–covariance matrix:

Var vv0ð Þ ¼ E vv0ð Þ ¼ R where R 6¼ I, with I as the identity matrix. Typically, R contains

‘‘nuisance’’ parameters that need to be estimated consistently.8 Consequently, OLS

remains unbiased, but it is no longer efficient and the classical estimators for standard

errors will be biased.

In practice, the most commonly used specification assumes a spatial first order

autoregressive process for the error terms. By referring to the CPD model based on

individual price quotes and stacking all the R observations for each commodity into a

vector, the model containing spatial dependence in the disturbances can then be expressed

as follows:

lnpn ¼ xnbþ vn ð6Þ

vn ¼ kWvn þ en

with the data generating process (LeSage and Pace 2009):

lnpn ¼ xnbþ IR � kWð Þ�1en

en �N 0; r2IR

� �

where k is the spatial autoregressive coefficient. The resulting error variance–covariance

matrix is as follows: E vv0ð Þ ¼ r2 I� kWð Þ0 I� kWð Þ
� ��1

. If there is no spatial correlation

between the errors for neighboring or connected area i and j, the spatial error parameter k
will be 0, and the model reduces to the standard linear regression model, thus the CPD

model may be estimated by OLS in the conventional manner. However, if the spatial error

parameter k = 0, then a pattern of spatial dependence exists between the errors for

connected area. In particular, the error terms are positively correlated if k[ 0 and nega-

tively correlated if k\ 0. In order to obtain estimates of the unknown parameters a

maximum likelihood (ML) estimator may be used which is based on the assumption of

normal error terms (Ord 1975; Anselin 1988) and is expressed as follows:

8 The interpretation of the nuisance parameters differs greatly from the spatial autoregressive coefficient in
the spatial lag model, in that there is no particular relation to a substantive model of spatial interaction.
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lnL b; r; kð Þ ¼ ln I� kWj j � N=2 ln 2pð Þ � N=2 ln r2
� �

� y � Xbð Þ0 y � kWð Þ0 y � Xbð Þ
2r2

By relying on Ord’s (1975) result, the determinant can be written as a function of the

product of the eigenvalues -i of the spatial matrix, i.e. I� kWj j ¼
Q

i

1� k-ið Þ. Since the

estimates for b and r can be expressed in function of k after substituting these expressions

into the likelihood, a concentrated likelihood can be found, which is solely a function of

the autoregressive parameter k. A ML estimate for k can thus be found by means of a

search over the acceptable interval (1/xmin, 1/xmax).

It is worth noting that the ML estimators explicitly incorporate a weight matrix

W which needs to be specified in advance. By means of the spatial weights matrix W, a

neighbour set is specified for each area. However, many different definitions of the

neighbour relation are possible, and there is little formal guidance in the choice of the

‘‘correct’’ spatial weights (Anselin 2002). Various measures of proximity may be used to

specifyW, such as contiguity, cardinal distance (e.g. kilometers) and ordinal distance (e.g.,

the k closest neighbors). However more and more research studies focus on the ‘‘eco-

nomic’’ distance with the aim of defining spatial weights matrices. In this context various

measures have been suggested in order to model spatial interactions (see for example, Case

et al. 1993; Fingleton 2001; Corrado and Fingleton 2012).

In this paper we base the specification of the spatial weights matrix W on the economic

distance suggested by Fingleton and Le Gallo (2008), hypothesizing that shocks (spillover)

impact areas (towns) with similar economic and employment structures in a similar way,

but also depend on inter-area distance. This measure is based on a negative exponential

function of straight line distance dij (in kilometers) between areas i and j, and on the size of

each area’s economy measured in terms of the total employment level in 2014. The

resulting matrix is then row standardized. A similar economic distance measure, based on

the volume of trade between countries, has been previously used by Aten (1996).

4 Empirical Application Using Italian CPI Data

4.1 The Istat’s Project and the Selection of Data for Experimental Analyses

The sub-national PPP results obtained in the two analyses mentioned in Sect. 2.1 have

encouraged Istat to confirm the project of producing spatial indices of consumer prices at

regional level on a regular basis.

As CPIs and PPPs have different purposes, the price data available from the CPI sources

are not usually in a suitable form for carrying out spatial price comparisons. Although the

issues regarding comparability and representativeness are likely to be less serious in the

context of subnational PPPs, it is essential to consider them carefully when using CPI data:

products collected for CPI may not be comparable or representative across different areas

especially in the case of diverse countries in terms of climate, tastes and preferences.

Moreover, if the items are not comparable within all the areas the current ICP methodology

cannot use CPI price data efficiently. Therefore, two steps are required for constructing

sub-national PPPs. Firstly, it is essential to build up the data base and then to test the

methodological approaches, such as the various CPD models which may differ from that

used in the ICP exercise.
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Istat is attempting to build up a database suitable for constructing sub-national PPPs

taking into account the results of previous experiments as well as the possibilities coming

from the Multipurpose Price Statistics (MPS) project, which is an important Eurostat

project regarding consumer price statistics to which the NSOs are contributing. Two of the

pillars of the project are the integration of the spatial and temporal dimensions of price

statistics and the modernization of data collection by widening the use of electronic devices

and scanner and web data (scraped by automatic procedures and robots). This framework

can be useful for dealing with the issue of the availability of data that fulfill the require-

ments of representativeness and comparability that emerge when compiling regional

spatial consumer price indices.

Within a data warehouse approach which integrates various sources of data, the com-

pilation of spatial indices of consumer prices should be based on three main blocks of

information: use of CPI data (already representative and in some cases also comparable),

scanner data, ad hoc collected data for certain groups of products by means of electronic

devices and a dedicated software that has already been tested in the field.

The final objective of the Istat’s project is to construct and regularly update a matrix of

prices based on a unique data warehouse containing data obtained from various sources,

defined by elementary products and regions where:

• The Italian regions (NUTS 2) are represented by the regional chief towns9 as shown in

Fig. 1.

• A certain amount of elementary quotes will be available in the cells of the matrix.

Analyses must be carried out in order to decide whether to use elementary quotes or

average prices obtained by averaging individual price quotes.

The end of 2015 and 2016 are essential for laying the foundations, in terms of availability

of suitable data and of methodological choices, for producing sub-national PPPs on a

regular basis in 2017.

Therefore, with the aim of exploring the available CPI data and understanding whether

and to what extent data characteristics affect the selection of the method for computing

intra-national PPPs which in turn influences the estimates obtained, Istat has started a

research project in collaboration with the Florence and Tuscia Universities.

Within the frame of this research project, on the basis of a preliminary analysis of the

basket, 7 BHs (groups of products) have been selected10 for carrying out experiments with

the aim of understanding whether to use elementary quotes or average prices obtained by

averaging individual price quotes and exploring the performance of various CPD models

based on data characterized by different levels of aggregation.

As can be seen in Table 1, these BHs refer to the most important CPI product group,

namely Food and non-alcoholic beverages, which account for 16.5 % of household final

monetary consumption expenditure. In particular we considered fresh meat, all fresh fish

species, all the different varieties of fresh fruit and fresh vegetables, weighing approxi-

mately 30.3 % of the Food and non-alcoholic beverage group and 5.2 % of the entire

9 In order to assess the statistical foundation of this choice, an analysis should be carried out to determine
the presence of spatial autocorrelation among all the capital towns of the provinces belonging to the same
region. It is clear that this kind of analysis requires data which may not be necessarily be available for all the
products, even if the new sources of data (first of all scanner data) could enhance data availability for some
products.
10 The data set was provided by the Italian Statistical Institute (Istat) and the elementary price quotes were
treated in order to respect the statistical confidentiality and the authors worked at Istat in order test the
various hypotheses of the CPD approach.
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basket, as they are comparable by definition and do not require further specifications in

addition to those already present in the basket. In this way the spatial price indexes of the

products compared should not be biased by dissimilarities among products, thus allowing

for the analysis of the various CPD model specifications based on individual price quotes

and average prices. Only the group of products ‘‘Beef’’ include different varieties that

cannot be considered in the CPD estimation process because they are not coded a priori and

the data collectors usually select specific elementary items specifying the variety selected.

Therefore in this case we have a ‘‘loose’’ product description and a weaker comparability.

Fig. 1 Italian regional chief towns. Note Campobasso, which is the regional chief town of Molise, is not
included in the 2014 CPI Survey
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The dataset used consists in 218,228 monthly price quotes from the 19 regional chief

towns11 considered in CPI computations for 2014 which are: Ancona, Aosta, L’Aquila,

Bari, Bologna, Cagliari, Catanzaro, Firenze, Genova, Milano, Napoli, Palermo, Perugia,

Potenza, Roma, Torino, Trento, Trieste, Venezia (Fig. 1).

Firstly, the items for which price data were collected in a single region only were

eliminated in order to ensure that the incomplete price tableau is connected and therefore

the CPD method is feasible. Then, the monthly individual price quotes, uniquely identified

by a set of characteristics, were converted into annual average prices for each product for

each outlet in each regional chief town by using the arithmetic mean. When computing

annual prices for specific product varieties in each BH we considered also the type of outlet

in which the product is sold without taking into account the location of the outlet within the

regional chief town. As there are multiple quotes for all the observations and considering

the loose specification for ‘‘Beef’’ products, the annual data set contains approximately

6000 unique individual price observations, each identified by outlet type, item code, and

geographic area. Finally, by using these annual prices, the geometric means for each

product in the various regional chief towns were calculated, thus obtaining a synthetic

value of the price of the goods sold in the various outlets. Therefore two different price

matrices referring to the year 2014 were obtained. The first includes individual price quotes

(ungrouped data) while the second considers average prices (grouped data).

With the aim of identifying the most suitable methods for constructing sub-national

PPPs using two different kinds of information, i.e. individual price quotes and average

prices, firstly various CPD models are estimated and then a synthetic measure of the

differences between estimation results is provided. The issue of spatial correlation is

subsequently explored by estimating a CPD model which uses individual price quotes and

includes spatial autocorrelated errors. Finally, in order to determine the reliability of PPP

estimations we constructed confidence intervals for the ranks for each Italian regional chief

town in four CPD models: unweighted CPD, weighted CPD, hedonic CPD and spatial CPD

both based on individual price quotes.

Table 1 List of basic headings and number of monthly price quotes

BH Description Num. of price quotes

11.01.13.1 Fresh, chilled or frozen fish and seafood 55,276

11.01.16.1 Fresh or chilled fruit 64,655

11.01.17.1 Fresh or chilled vegetables other than potatoes 63,917

11.01.12.1 Beef and veal 16,884

11.01.12.2 Pork 8424

11.01.12.3 Lamb, mutton and goat 3552

11.01.12.5 Other meats and edible offal 5520

Total 218,228

Total number of individual price quotes for each basic heading is reported

11 Campobasso was not included in our analysis because it was the only regional chief town which did not
participate in the CPI survey, from which it was eliminated at the beginning of 2014 for inconsistencies in
the data collected and unavailability of data collectors.
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4.2 Assessing Differences Between CPD Approaches: Average Prices Versus
Individual Price Quotes

In order to analyse to what extent the type of the data affect the estimates obtained we

compared PPP estimation results obtained from CPD models based on individual price

quotes with the results obtained from CPD models based on average prices (across outlets)

estimated by using unweighted and weighted least squares. Therefore the basic CPD using

average price without weights are compared with the weighted CPD using the weight

formula (4) suggested by Hill and Syed (2014) and with the CPD model using individual

price quotes.

In order to summarize the differences between the results obtained with the CPD models

using average prices, with and without weights, and the individual price quote CPD model,

we used a synthetic measure as suggested by Hill and Syed (2014).

By following this approach we compared the various CPD methods in pairs. Firstly we

compared the unweighted CPD (CPD_gm) with the weighted CPD (CPD_wgm), then the

unweighted CPD (CPD_gm) with the hedonic CPD based on individual price quote model

(CPD_ipq), finally the weighted CPD (CPD_wgm) with the CPD_ipq (Table 2). For each

BH, the comparison is based on the results of 19 models estimated using each of the other

regional chief towns in turn as the base. This means that for comparing each couple of

methods 133 regressions are estimated from which the spatial price indexes, expressed

Table 2 Average differences in the basic heading price indexes between pairs of methods

Unweighted CPD (CPDgm)/
Weighted CPD (CPD_wgm)

Unweighted CPD
(CPDgm)//CPD_ipq

Weighted CPD
(CPD_wgm)/CPD_ipq

Ancona 3.753 6.792 3.089

Aosta 4.408 6.614 2.576

L’Aquila 8.608 13.666 3.639

Bari 4.195 8.367 2.141

Bologna 4.942 8.543 3.343

Cagliari 3.699 7.659 2.155

Catanzaro 9.263 9.036 2.890

Firenze 4.028 7.728 2.709

Genova 3.940 7.723 2.614

Milano 3.846 16.920 3.863

Napoli 4.161 9.012 3.144

Palermo 3.825 6.567 2.172

Perugia 4.289 8.217 3.354

Potenza 3.900 8.021 3.201

Roma 3.770 8.519 2.463

Torino 3.888 10.825 2.539

Trento 4.596 7.337 3.507

Trieste 3.749 7.717 2.461

Venezia 3.915 7.484 2.553

Average 4.567 8.776 2.864

Average percentage differences between couples of method are reported
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relative to the base region b, are obtained. The differences observed are summarized by

averaging over regions and BHs.

Considering, for example, the comparison between the unweighted CPD (CPD_gm) and

the weighted CPD (CPD_wgm), the metric used can be expressed as follows:

Ar CPDgm;CPDwgmð Þ

¼ 100

HðR � 1Þ
XR

b 6¼r

XH

h¼1

max PPP
CPDgm
bh;rh

.
PPP

CPDwgm
bh;rh ;PPP

CPDwgm
bh;rh

.
PPP

CPDgm
bh;rh

� �
� 1

h i

ð7Þ

where H is the number of basic headings considered which in our case is equal to 7, R denotes

the number of regions (regional chief towns) included in the comparison which in our case is

equal to 19 and PPPbh,rh
CPDgm denotes the spatial price index of region r for basic heading

h calculated using the unweighted CPD (CPD_gm) while PPPbh,rh
CPDwgm indicates the spatial

price index of region r for basic heading h calculated using the weighted CPD (CPD_wgm).

Therefore, the metric (7) measures the average percentage difference between the basic

heading price indexes generated by the two methods considered for region r.

Table 2 shows that the average difference between the unweighted CPD and the

weighted CPD, using weights expressed by (4), is 4.57 %. However, the greatest differ-

ence, equal to 8.78 %, can be observed when setting the unweighted CPD against the

individual price quote CPD. There is a relatively small difference (2.86 %) between using

ungrouped data and the WLS estimation method. These findings are similar to those

obtained by Hill and Syed (2014) and suggest that the WLS approach may provide some

Table 3 Differences between
the weighted CPD based on
average prices (CPD_wgm) and
hedonic CPD based on individual
price quotes (CPD_ipq)

Average percentage differences
between CPD_wgm and
CPD_ipq are reported

Beef Fish Fruit Vegetables Total

Ancona 6.524 2.532 2.412 0.956 3.089

Aosta 4.139 2.794 2.523 0.864 2.576

L’Aquila 6.710 1.987 4.397 0.781 3.639

Bari 3.516 2.221 2.905 0.793 2.141

Bologna 7.276 2.623 4.755 0.897 3.343

Cagliari 3.564 2.277 2.056 0.841 2.155

Catanzaro 3.502 3.206 5.951 0.785 2.890

Firenze 3.716 2.929 4.788 0.872 2.709

Genova 6.829 1.792 2.689 1.112 2.614

Milano 5.061 7.001 4.478 0.926 3.863

Napoli 3.867 4.996 5.657 0.868 3.144

Palermo 3.505 1.607 2.780 1.248 2.172

Perugia 5.913 4.649 4.202 1.044 3.354

Potenza 3.566 6.832 3.867 1.010 3.201

Roma 3.617 3.476 2.657 1.068 2.463

Torino 4.104 1.563 3.010 0.894 2.539

Trento 4.652 2.406 4.274 1.328 3.507

Trieste 4.316 1.697 2.694 1.584 2.461

Venezia 3.575 2.479 2.468 1.388 2.553

Average 4.629 3.109 3.609 1.014 2.864
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advantages of the CPD based on individual price quotes which proved to be the best

method as illustrated in Sect. 3.2. When the available data are average prices the WLS

approach should be used instead of the OLS. This means that if the price matrix to be used

for constructing sub-national PPPs is composed by geometric average prices instead of

individual price quotes, information available on the number of quotations and the standard

deviations should be used in order to reduce the impact of switching from using individual

price quotes to geometric average price.

Although the average difference between the results obtained from the WLS and the

CPD based on individual price quotes is small (2.86 %), there is high heterogeneity among

BHs which may be due to the characteristics of the data. Table 3 shows the percentage

difference between spatial price indexes from these two CPD methods for the most

important BHs considered in our analysis and for the various regional chief towns. On

average ‘‘Beef’’, ‘‘Fruit’’ and ‘‘Fish’’ show higher impacts while only slight differences are

observed for ‘‘Vegetables’’. One possible explanation is the influence on prices of the

different distribution channels (modern vs traditional), whose effects are accounted for

when estimating CPD based on individual price quotes; this influence is relevant for the

‘‘Beef’’, ‘‘Fruit’’ and ‘‘Fish’’ BHs, but not for the ‘‘Vegetables’’ BH. The reason why

‘‘Vegetables’’ do not behave in the same way as ‘‘Fruit’’, even if both BH product groups

are distributed through similar outlets (above all open markets), may be due to a better

specification of the varieties for the latter compared to the former which increases the

‘‘density’’ of information in the ‘‘Fruit’’ microdata that are able to explain some of the

regional differences that are smoothed in the models using average prices.

4.3 Exploring the Issue of Spatial Autocorrelation

In order to carry out an in-depth analysis of the sub-national PPPs compiled for the selected

BHs using the CPD models based on individual price quotes, we tested for the presence of

autocorrelation among disturbances across regional chief towns for each BH by estimating

spatial error models.

Bearing in mind the aim of this paper and the fact that our database is composed of the

Italian regional chief towns that do not share land borders (Fig. 1) we constructed the

W matrix based on the economic distance measure suggested by Fingleton and Le Gallo

(2008) which takes into account both the geographical distance between regional chief

towns and the size of each town’s economy measured by the total employment level12 in

2014.

In order to test for the presence of spatial autocorrelation we refer to the Moran’s I

statistic using residuals from a CPD model based on individual price quotes, denoted bvknr.

Since the lowest level of spatial information available in our study is the location of the

outlet in one of the 19 regional chief town, following previous studies in the literature on

hedonic spatial models we assumed that all observations in the same regional chief town

are uniformly distributed, such that their ‘‘mean location’’ can be properly approximated

by the town centroid (Kim et al. 2003). Therefore, the weights matrix for all individual

price quotes are obtained by considering all prices in the same regional chief town as

neighbors.

As expected, an autocorrelation among disturbances was observed for all the BHs under

analysis even if Moran’s I is quite low in some cases. With the aim of illustrating the

12 It is worth noting that we specified the economic distance by considering other measures of the size of the
towns’ economy, such as the unemployment rate and the GDP per capita, obtaining similar results.

Computing Sub-national PPPs with CPI Data: An Empirical… 109

123



results obtained, let us focus on two BHs, namely ‘‘Beef’’ and ‘‘Fruit’’, which include

products with different kinds of information.13 Figure 2 shows the Moran scatter plots14

which is a bivariate scatter plot with values bvknr on the horizontal axis and the spatial lag

residuals Wbvknr on the vertical axis. The Moran’s I statistics based on the residuals

obtained from the individual price quote CPD for these two BHs is also reported in Fig. 2.

The vertical and horizontal lines that cross at the average values of bvknr and Wbvknr divide

the scatter plot into 4 quadrants that correspond to the following 4 different types of spatial

associations (clockwise from top right): high–high (HH), low–high (LH), low–low (LL)

and high-low (HL).

It is clear that in both cases we found negative spatial autocorrelation among error terms

and that the spatial correlation among residuals for ‘‘Beef’’ is high while it is quite low in

the case of ‘‘Fruit’’ even if significant. Indeed, Fig. 2 portrays a scatter of points that aligns

along an axis sloping from the upper left-hand to the lower right-hand quadrant which

refers to a geographic distribution of values in which the neighbours of towns with large

values have small values, the neighbors of towns with intermediate values have interme-

diate values, and the neighbors of towns with small values have large values. Although in

empirical analyses negative spatial autocorrelation appears far less frequently than positive

spatial autocorrelation, more and more researchers are focusing on this issue in various

fields (see for example, Blonigen et al. 2007; Griffith and Arbia 2010; Elhorst and Zigova

2014).

Following Griffith and Arbia (2010) we believe that the presence of negative spatial

autocorrelation among disturbances may derive from a geographic competition for market

areas among regional chief towns. Moreover, the comparisons of price levels among

regional chief towns may be affected by various factors including differences in market

structure, in transport costs and in the characteristics of demand, supply and retailers. Our

results seem to be in contrast to those found by the two previous empirical studies carried

out on this issue by Aten (1996) and Rao (2001b). However it is really hard to compare our

results to the positive autocorrelation observed by these Authors since they used different

levels of aggregation of price data and considered different geographical areas. Indeed,

Aten (1996) found positive values of Moran’s I-statistics calculated using normalized price

relatives for household expenditures in 64 countries at the aggregate level for 23 headings,

ranging from food to expenditures on restaurants and hotels. Rao (2001b) tested the

presence of spatial autocorrelation by means of Moran’s I-statistics using residuals from

ordinary least squares CPD based on the 1985 global comparison results from the ICP for

56 countries with eight aggregated expenditure categories, such as Food, Clothing, Edu-

cation, etc. It is worth noting that, as shown in Anselin (2002), the parameters of spatial

models estimated at an aggregate level do not correspond to those at the individual level

and the essential aspect determining the extent of this problem is the intra-unit hetero-

geneity. Moreover as stressed by Griffith and Arbia (2010) ‘‘…negative spatial autocor-

relation may go undetected mostly because geographic situations in which it exists also

contain counterbalancing positive spatial autocorrelation’’.

13 For example, ‘‘Ground beef meat, first cut’’ is one of the products representative of ‘‘Beef’’ in the CPI
basket. Within this representative position, data collectors may select different varieties that are to be
specified without being coded a priori. In contrast in the case of ‘‘Fruit’’, the variety of the representative
position ‘‘Apple’’ presents an ‘‘a priori’’ specification (for example ‘‘Red delicious apple’’) that drives the
data collection, is coded and easily manageable in the CPD models with hedonic adjustments.
14 The MI scatter plots are obtained using STATA and the splagvar command.
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Table 4 shows estimation results for the hedonic CPD model and the spatial error CPD

model both based on individual price quotes. As can be seen, ignoring spatial correlation

among residuals when present will yield biased estimates of standard errors in the tradi-

tional ordinary least squares CPD if the proper adjustments are not carried out. This will

yield biased t-tests and misleading indications of precision of the resulting sub-national

PPPs.

It is interesting to note the contrasting behaviour of the products of these two BHs which

could be due to the differences in the description of the products belonging to the BHs that

are available to the data collectors in the Italian basket of consumer prices. Indeed, the

product description is ‘‘loose’’ for ‘‘Beef’’ and ‘‘tight’’ for ‘‘Fruit’’ and consequently data

collectors may select elementary items that are more heterogeneous by following broader

parameters for ‘‘Beef’’ than for ‘‘Fruit’’. Therefore it is not possible to take into account the

heterogeneity of ‘‘Beef’’ elementary items in the CPD model, due to the lack of specific

classifications that may lead to price comparisons of dissimilar items.

Although this evidence is partial, as it only refers to two BHs, it is important since it

poses the issue of how to use CPI data for sub-national PPPs aims. If the elementary data

(which the elementary quotes refer to) are well specified in terms of quality characteristics,

the use of the CPD model with hedonic adjustment does not necessarily need to take spatial

autocorrelation into account, even if it improves the estimates. Otherwise if we deal with

elementary items with less detailed quality characteristics, it may be necessary to estimate

sub-national PPPs by using a CPD spatial error model.
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In order to carry out an in-depth analysis of the statistical performance of CPD models

(and in particular of using CPD with spatial error models in order to improve the esti-

mates), Table 5 presents PPP results for the ‘‘Fruit’’ and ‘‘Beef’’ BHs. This table compares

the sub-national PPPs estimated from the weighted and unweighted CPD methods based on

average prices with the models based on individual price quotes, that is the hedonic CPD

and hedonic spatial CPD which takes into account the correlation across CPD disturbances.

Generally speaking, the use of CPD_spatial increases the number of regional chief

towns for which the coefficients estimated are significant compared to the hedonic CPD,

thus improving the quality of the estimations obtained.

The main evidences from this table are the followings:

• As expected, the adoption of CPD_ipq and the spatial error CPD model produces point

estimates of sub-national PPPs that are almost the same but with different standard

errors which are lower when we account for spatial correlation among residuals.

• The position of each regional chief town with respect to Rome changes in a significant

number of cases if we compare CPD based on individual price quotations and the other

CPD models only in the case of ‘‘Beef’’. In fact sub-national PPPs for ‘‘Beef’’,

compiled with CPD_ipq, are over 100 (Rome) for half of the regional chief towns

considered, while in the case of CPD models applied to average prices, only five

regional chief towns are over 100. Moreover, in the case of CPDipq models, most of the

towns located in Centre – North of Italy (with the exception of Firenze and Milano) are

‘‘more expensive’’ than Rome concerning ‘‘Beef’’ consumption, which is a result more

coherent with our expectations.

Therefore, by using the individual price quote CPD and the spatial CPD, we can

improve the efficiency of PPP estimations also when the specifications of the product are

not tight and the detailed information on the characteristics of the elementary items are not

taken into account since they are not codified (as in the case of ‘‘Beef’’).

4.4 Evaluating the Reliability of the Sub-national PPPs

Besides the analysis of the various PPP estimates, it is important to verify their accuracy in

order to determine if the purchasing power of a country’s currency unit in a region can be

significantly distinguished from the others in that country (i.e. the purchasing power of

euro across the various Italian regions represented by the regional chief towns). This issue

is particularly important considering the possibility of using PPPs for converting household

consumption expenditure or income levels. As already underlined, the 95 % confidence

intervals should be used to communicate how precisely each BH sub-national PPPs is

estimated. However, the main use of confidence intervals is to judge whether each regional

chief town is significantly more or less expensive than the base regional chief town, which

in our case is Rome. Therefore, with the aim of making multiple comparisons we propose

to use a simulation method, based on ranks, suggested by Marshall and Spiegelhalter

(1998) and previously used in other fields (Leckie and Goldstein 2011). In this way the

statistical uncertainty in regional chief towns’ ranks is displayed by plotting these ranks

together with their associated 95 % confidence intervals, where the lower and upper bounds

for these 95 % confidence intervals are given by the 2.5th and 97.5th percentiles from their

respective distributions of M simulated ranks.

Therefore, we compared the estimated regional PPPs for the ‘‘Beef’’ and ‘‘Fruit’’ BHs

obtained from the four CPD models graphically, by plotting the regional chief towns in
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rank order where the rankings are derived as the median ranking (based on the estimated

PPPs) from 1000 bootstrap replications of the various CPD models. For each of the four

PPPs, the regional chief town with the highest value of PPP is denoted as having the top

ranked (1) spatial price index. On the basis of the 1000 bootstrap replications we derived

95 % confidence intervals for the ranks for each regional chief town in the various CPD

models. In particular, we carried out 1000 iterations and for each regional chief town

ordered the 1000 simulated ranks. We then identified the median rank (that is, position

500) and the 95 % confidence interval (the distance between those ranks in position 25 and

975). Confidence intervals that do not overlap, enable us to consider the purchasing power

of a country’s currency unit in a regional chief town significantly different from the others,

while a considerable overlapping in the confidence intervals suggests that there is a low

level of accuracy in the estimates, thus emphasizing a high level of uncertainty in the

rankings.

The results shown in Figs. 3 and 4 provide another important perspective on the results

obtained in the previous subsections concerning the extent to which the characteristics of

the data influence the performance of the CPD methods. In particular, Fig. 4 shows a

considerable uncertainty in the rank positions of the regional chief towns. Although a small

number of regional chief town PPPs at the extremes of the ranking have small confidence

intervals, most of the other regional chief towns have very wide overlapping confidence

intervals, thus indicating considerable uncertainty in the rankings derived.
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Fig. 3 PPP ranks with simulated 95 % confidence intervals: comparison between four CPD methods for the
BH ‘‘Fruit’’. Legend PPP ranks with the simulated 95 confidence intervals are reported on the x-axis while
regional chief towns are reported on the y-axis. CPD_gm (unweighted CPD model), CPD_wgm (weighted
CPD), CPD_ipq (hedonic CPD based on individual price quotes), CPD_spatial (spatial error hedonic CPD
model based on individual price quotes)
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Therefore, for ‘‘Beef’’, for which little information on elementary items is available,

even if the use of CPD_ipq reduces the degree of overlapping of the various regional chief

towns, the accuracy of the estimates remains low. There is a higher level of accuracy for

‘‘Fruit’’ rather than ‘‘Beef’’ which is further increased by using the CPD_ipq and in

particular the spatial CPD.

5 Concluding Remarks

Spatial price indexes measuring differences in price levels across regions within a country

are essential for comparing real income, standards of living and consumer expenditure

patterns. The relevance of compiling sub-national PPPs for a country like Italy is shared by

several players of the economic and social debate. This relevance is due to the socio-

economic heterogeneity across the various geographical areas which is confirmed by the

results released by Istat in 2008 and 2010 as well as by the analyses carried out in the

study. The differences of the levels of consumer prices across the various geographical

areas do not seem to be negligible and even high in some cases and therefore it is essential

to measure them with the aim of helping policy makers to define economic strategies and

make decisions.
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BH ‘‘Beef’’. Legend PPP ranks with the simulated 95 confidence intervals are reported on the x-axis while
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The main purpose of this study was to find a solution to the methodological and data

availability issues with the aim of guaranteeing a compilation and dissemination of sub-

national PPPs for Italy on a regular basis.

One of the most important aspects of the Istat’s project, carried out within the European

MPS project, is to use CPI data appropriately. On this topic much attention has been paid

by estimating various CPD models and using two different kinds of products from the

Italian CPI basket:

(a) Products characterized by a tight definition in the Italian basket at national level,

thus allowing for the comparison of the data collected across the various

geographical areas without a specific analysis and cleaning of the data, which is

the case of fresh fruit, fresh vegetables and fish products.

(b) Products characterized by a broader definition in the Italian basket such as all meat

products.

In particular tests and analyses were carried out on seven BHs using data from the

Italian CPI data base in order to compare sub-national PPP estimations obtained by using

different CPD models. Although preliminary and not definitive, the results obtained proved

to be interesting thus confirming that methods and data are reciprocally influenced.

From the results illustrated in the previous sections, it is worthwhile drawing some

conclusions in order to highlight the following research steps to be taken on this topic:

(i) In general the application of CPD models on ungrouped data seems to be

preferable compared to the basic approach on average data;

(ii) Even if the results in terms of PPP values are similar, it is essential to take spatial

autocorrelation into account whenever present in order to improve the reliability

of the PPP estimates by reducing the standard errors;

(iii) However, a detailed specification and coding of the qualitative characteristics of

the elementary items is required in order to estimate CPD models on individual

price quotations, as they allow for hedonic adjustments. This adds to the research

required on the issue of the availability of CPI data suitable for spatial comparison

as it necessary to improve the basic information concerning brand and varieties as

well as the retail trade channels;

(iv) The reliability of the PPP estimates obtained by constructing the bootstrap

confidence intervals of ranks proved to be useful for evaluating whether the

comparison between pairs of regional PPPs are valid or not.

Our findings, which mainly concern the methods for improving the use of CPI data for

carrying out spatial comparisons, may be useful for further developing the research studies

implemented by Istat in cooperation with the University of Florence and the University of

Tuscia.

To this aim it is essential to acquire and use scanner data as well as to collect price

quotes in the field by means of software initially developed for inter country PPPs.

Therefore, the tests and the experiments should be continued, both for various kinds of

BHs and data deriving from different sources within the MPS logic, by focusing on the

analysis of elementary item characteristics and spatial autocorrelation issues.

The final objective is to produce and disseminate regional PPPs by 2017, thus filling a

gap in the statistical information concerning consumer prices in Italy.
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