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1.  Introduction 
 
 

Real comparisons of incomes1 generally imply either (1) an adjustment of nominal incomes 
for price changes over time, that is, an adjustment to separate volume from price changes, or 
(2) an adjustment for relative price differences across space, or a purchasing power parity 
adjustment.  If both those adjustments exist for a set of geographic entities and time periods, 
the question then becomes one of obtaining a measure that is consistent across both space 
and time.   
 
Feenstra, Ma and Rao (2009), and Rao, Rambaldi and Doran (2008) have recently looked at 
ways of obtaining this space-time consistency in the international context, while others such 
as Oulton (2008),  Neary (2004), have developed approaches that shed light on the 
properties of both chained and cost-of-living approximations to price indexes, respectively.  
Studies go back much further to Kravis, Heston and Summers (1982), Varjonen (2001), 
Dalgaard and Sorensen (2002), and Schreyer and Koechlin (2002), who faced the practical 
problems of reconciling benchmark purchasing power parities (PPPs) with national accounts 
growth rates.  In the regional context, Gong and Meng (2008) derive price differences in 
urban China for 1986-2001. They use the Chinese CPI series and unit values from a 
household expenditure survey, while Hawkes (1998) and Silver (2004) use scanner data to 
identify some of the underlying issues. 
 
This paper uses regional price and expenditure data to explore the space-time consistency 
question for the U.S. for the years 2005-2008 and a set of 38 geographic areas.  We estimate 
a number of traditional multilateral price indexes, as well as a demand model extension 
developed by Neary (2004) and termed the ‘Geary Allen International Accounts’ or GAIA 
system.  The traditional and the GAIA multilateral indexes allow us to convert nominal 
regional income values measured at national prices into regional incomes at regional prices.  
Currently, the only official measure of regional real incomes in the U.S. is based on national 
prices, and there are also no constant price income time series at the regional level, in part 
because of the instability of the sub-national inflation adjustments.2 
 
Our intended use of the multilateral price indexes in comparing real personal incomes of 
regions does not necessarily imply the use of the cost-of-living index concept embodied in 

                                                 
1 Ultimately, we would like to adjust household incomes, but for this exercise, we are in fact using only 
expenditure data, so our reference to incomes is a loose one, referring neither to total GDP nor total income, 
but simply to total consumption expenditures. 
2 BLS discourages the use of sub-national CPIs for indexation (see 
http://www.bls.gov/cpi/cpifaq.htm#Question_18).  For research purposes only, alternative CPI series at the 38 
area level are available. 
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the GAIA indexes.  Nevertheless GAIA indexes offer certain advantages that make them a 
worthwhile alternative for us to consider. One advantage of the GAIA method is that it 
sheds light on the problem of lack of correspondence between changes from year to year in 
our estimates of the areas’ RPPs and changes in their CPIs.  In particular, the GAIA has the 
potential to model the degree to which non-homothetic preferences (income effects) are 
responsible for deviations of the areas’ CPI changes from the changes in their Geary RPPs.    
 
GAIA indexes also have the convenient additive properties of the Geary method without 
incurring the Geary method’s disadvantage of being prone to distortion from Gerschenkron 
effects (Gerschenkron [1947], Jonas and Sardy [1970]).  When the volumes of consumption 
of two countries are compared, each country’s relative volume of consumption tends to be 
shown as higher if the prices of the other country are used to value the two countries’ 
consumption baskets than if its own prices are used.  This is known as the Gerschenkron 
effect.  It occurs because the relative quantity consumed of a commodity is generally higher 
in the country where its price is lower. The same sort of bias exists when countries’ relative 
price levels are compared, where relative price levels are measured using the ratio of a 
purchasing power parity (PPP) exchange rate to the market exchange rate.  The relative price 
level comparison will generally imply a lower price level for a country if its own 
consumption basket is used for the comparison than if the other country’s basket is used, 
because things consumed in relatively greater quantities in the other country are likely to 
have low prices there.  Multi-lateral comparisons using the Geary method are also 
susceptible to Gerschenkron effects because the Geary world price vector often reflects 
either the structure of prices in the largest economy or their structure in a large block of 
similar economies.  In either case, the relative volume of consumption in the countries 
whose prices most closely resemble the Geary world prices tends to be understated because 
of Gerschenkron effects.  The GAIA method avoids this problem by substituting the 
commodity baskets that would be predicted to occur if each country faced the world prices 
for the commodity baskets that actually occur.  This helps to avoid distortions caused by 
high relative consumption of commodities with low prices in countries whose price structure 
differ greatly from that of the world prices.   
 
The starting point of our estimates is a set of spatial price relatives for 207 consumption 
goods and services in the CPI (Aten and D’Souza 2008) and their corresponding weights in 
the Consumer Expenditure Survey.  These spatial price relatives originate from direct price 
observations, and are uniquely identified by a set of characteristics, including the geographic 
area in which they are sampled.  Section Two describes the estimation of an aggregate 
multilateral price index, or overall Regional Price Parity (RPP), for each area and each time-
period, based on the detailed price relatives and expenditure weights.  
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Section 2 has two parts.  Part a) describes the price-related data for housing costs in the 
RPPs using two sources of data.  One is the CPI itself, called Rents and Owners’ Equivalent 
Rents (henceforth ROER), while the other is the American Community Survey (ACS), 
produced by the Census Bureau.  The housing component of the ACS survey also contains 
information on rents and on the monthly owner costs (henceforth RMOC), but does not 
impute owners’ equivalent rents as in the BLS data.  One of the advantages of the ACS 
survey is its scope and geographic representation.  Unlike the BLS, it covers all metropolitan 
and non-metropolitan counties, including rural counties, but does so over a multi-year 
period.  For example, the 3-year ACS includes all geographic areas with a population of 
20,000 or more, while the 5-year ACS includes area with a population less than 20,000.  It is 
more comprehensive than the BLS housing survey, but less timely: the first 2005-2009 
estimates will be released in late 2010. 
 
In Part b) of Section 2 we explain how we aggregate the price and expenditure data into sub-
aggregate headings, such as Food, Goods, Services and Rents, and also into an overall RPP.  
These sub-aggregate headings are needed in Section 3 to examine differences in demand 
with explicit assumptions about tastes using Deaton and Muellbauer’s (1980) demand 
system and the GAIA method.  In Section 4 we bring in the time-dimension and look at the 
consistency of the estimates by comparing the benchmark RPPs from estimates extrapolated 
using the chained and the fixed-weight Consumer Price Index (CPI) for the 38 areas. 
 

2.  Regional Price Parities (RPPs) 
 
RPPs are multilateral or spatial price indexes and refer to aggregates of consumption goods 
and services.  The CPI survey compiles detailed price observations and sampling quote 
weights representing the consumption purchases of approximately 87% of the U.S. 
population.  Given these price quotes, we first obtain estimates of the price parities for 
various categories of expenditure, such as Flour, Women’s Suits, Men’s Haircuts and New 
Cars.  There are 207 such categories, known as Item Strata in the CPI, or Basic Headings in 
the International Comparison Program.  For items with large expenditures, such as New 
Cars, a hedonic regression is estimated, with the outlet type, and other item characteristics as 
independent variables, and a dummy for each area.  For many of the smaller expenditures, 
generally comprising less than 2% of an area’s expenditure, a simpler method is used, 
known as the Country Product Dummy (CPD), (Summers, 1973). The CPD is a regression 
with dummy variables for the areas and when possible, controlling for other quality 
differences such as the outlet type and the product type.  It is weighted (as are the more 
detailed hedonic regressions), with weights equal to the probability sampling quote weights.  
The description of the hedonic regressions and the CPD methodology for obtaining these 
207 item strata price parities is in Aten (2005, 2006).   
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2a) Housing or Shelter Costs 
 
Two of the 207 items in the CPI refer to the costs of Housing, or Shelter.  One is for actual 
Rents paid by renters and the other for Owners’ Equivalent Rents, or the rent imputed for 
owner-occupied homes (see Poole, Ptacek and Verbrugge [2005], the BLS Handbook of 
Methods [1992], and Lane and Sommers [1984]).  These two items make up about 30% of 
average household expenditures in the Consumer Expenditure (CE) Interview Survey3 .  
 
In our previous RPP estimates, we used the only the CPI data, that is, the Rents and Owners’ 
Equivalent Rent observations (ROER) from the BLS, together with the other goods and 
services.  Here we introduce another source of data, just for housing costs: the multi-year 
ACS survey, with Rents and Monthly Owner Costs (RMOC), from the Census Bureau.  One 
reason for comparing these two sources is that the relative cost of housing or shelter is hard 
to measure, both in terms of available data, and in terms of competing approaches to 
imputing home-owner relative costs.  The two data sources are discussed briefly below. 
 

1. ROER 
 
The ROER observations, like the rest of the CPI, are designed to measure 
changes in prices over time, and contain approximately 34,000 observations on 
occupied housing units per year on a rotating-6 month schedule4.  We run two 
sets of regression models, one for Rents, and the other for Owners´ Equivalent 
Rents.  The regressions (Aten, 2005), are sensitive to different specifications, 
although the area coefficients are relatively stable from year to year.  Their 
predicted values at the means5, and their standard errors are shown in Appendix 
Table A1.  One advantage of using the CPI housing costs is that they are 
available on a timely basis (soon after the end of the calendar year, as are the 
other good and items in the CPI).  A second advantage is that there are more 
characteristics recorded per observation, for example, the number of bathrooms 
and the length of occupancy of the rental unit.  The disadvantage, for spatial 
comparisons, is that there are few observations per area once we control for 
various characteristics, resulting in high leverage points and larger variances 
when compared to the ACS data from Census.  

 
 
 

                                                 
3 http://www.bls.gov/bls/fesacp1120905.pdf 
4 http://www.bls.gov/cpi/cpifact6.htm 
5 In SAS, these are the marginal or least squares means, referring to the group means after having controlled 
for the covariates. (see http://support.sas.com/onlinedoc/913/getDoc/en/statug.hlp/glm_sect34.htm ) 
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2. RMOC 
 
The RMOC on the other hand, contain over 5 million housing units for each 3-
year period6.  Unlike the CPI, the ACS covers areas that are rural as well as 
urban, and has greater number of observations for all areas and characteristics 
resulting in much more robust estimates.  The main disadvantage is that this 
detailed geographic coverage comes at the price of timeliness.  The RMOC is 
available only on a multi-year basis, with to date, only two complete surveys: 
from 2005-2007 and 2006-2008.  About sixty percent of the observations are 
owner-occupied units, and forty percent are renters.  Also in contrast to the CPI, 
no imputations on the rental value of the home are made. The monthly housing 
expense is the recorded costs of owners´ mortgage payments, insurance and 
property taxes.  We control for homes owned ´free and clear´, as only insurance 
and property taxes are included. For renters and owners separately, we run a 
regression similar to the one using the ROER data, with an added dummy for the 
year in which the unit was sampled.  With around two and three million 
observations respectively, the results are fairly robust to different specifications, 
and the area marginal means and standard errors are reported in Appendix Table 
A2.  Choosing an imputation procedure to value the return to home equity is 
beyond the scope of this paper7, so the geographic variation in owners’ total 
housing expense is our best estimate of owner-occupied housing price levels.  

 
Summarizing, we choose to look at two data sources: the annual CPI price observations 
housing costs, called ROER, and the ACS survey, labeled RMOC.  The ROER and RMOC 
each consist of Rents and Owners’ costs, the former as Owners’ Equivalent Rents, and the 
latter as Monthly Owner Costs.  They are only two of the 207 item strata in the CPI, but 
have a disproportionately large weight, about thirty percent of all consumption expenditures.  
The ROER is an annual series, while the RMOC is a multi-year rolling average (for 2005-
2007 and 2006-2008).  
 
Since the RMOCs are multi-year averages, to use them we must also create multi-year 
averages of the other items in the CPI.  We discuss this process and the computation of  sub-

                                                 
6 The five-year survey will have close to 8 million observations. 
7 The extensive literature on valuing owner-occupied dwellings attests to its complexity.  Garner and Short 
(2009) compare a capitalization rate approach and a hedonic model approach to the rental equivalent values for 
2005, using data from the U.S. Income and Product Accounts (NIPA), the American Housing Survey (AHS) 
and the Consumer Expenditure (CE) Interview Survey.  In general, they find that imputing rents, either through 
a capitalization or a hedonic model, results in much lower (14%) estimates than the directly reported rental 
equivalence value in the CE. Garner and Verbrugge (2009b) argue that this is consistent with a homeowner’s 
user cost approach.  These results are at the national level, with dummy variables for Census Regions and 
whether the units are in large metropolitan areas.  Other examples of imputation methods include, but are not 
limited to, Short and O’Hara (2008), Crone and Nakamura (2004), and Phillips (1988) 
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aggregate headings and the overall RPPs below.  Part of the motivation for examining both 
sources of housing or shelter data is our need for consistency and stability over time.  We 
address this question in Section Four in more detail. 
 

2b) Sub-Aggregate Headings 
 
BLS uses data from the Consumer Expenditure (CE) Survey to estimate budget shares for 
the 207 item strata used in the CPI for each of the 38 geographic areas.  The CE surveys 
rural areas, and estimates expenditures on Medical Insurance, but since these are not in the 
CPI survey, they are not included in the RPPs.  Also, as there are no expenditure weights 
below the item strata level8, or for a finer level of geography, we are constrained to 
estimating aggregate RPPs for 38 areas.  The aggregation techniques for multilateral price 
indexes are borrowed from the international literature on purchasing power parities (PPPs) 
(see for example, Summers and Heston [1991], Heston and Lipsey [1999], Diewert [1993, 
1999], Rao [2009], Deaton and Heston [2009]).   
 
In the international context, aggregate country PPPs are estimated at the level of GDP and 
for major expenditure headings, based on prices and expenditure distributions available from 
national statistical offices and international agencies and programs, such as Eurostat, the 
OECD (2006), and the World Bank (2010) International Comparison Program (ICP).  We 
will make estimates for only the top level of aggregation, total expenditures.  However, 
these expenditures are only for personal consumption, and exclude the other components of 
GDP.  
 
In addition, for inputs into the GAIA multilateral aggregation method, we must estimate 
sub-aggregate RPPs for expenditure headings.  We would like to explore the economic 
relationships in a demand model for all 207 items, but with only 38 areas, we are limited in 
our choice of models by the degrees of freedom.9  We therefore begin by consolidating the 
207 item strata into fewer categories, corresponding to groupings that might make sense in 
terms of consumption habits and differences in spatial prices.  A justification for this comes 
from Kravis, Heston and Summers or KHS, (1982), Chapter 9, which discusses tastes and 
revealed preferences in the context of a demand analysis for 34 countries.  KHS suggest that 
tastes at higher levels of aggregation, such as food, clothing and shelter, might be similar, 
                                                 
8 There are quote weights below the item stratum level, but they refer to the adjustment in the probability 
sampling procedure of the CPI. 
9 Oulton (2008) suggests an alternative method in a time-series context where a set of principal components, 
rather than an aggregate grouping, is used in the system. We began to explore this approach here, but found 
that it took 27 components to account for 90% of the variance in the 207 relative prices using the correlation 
matrix, and 24 components using the covariance matrix.  Given that we only have 38 areas, we feel that 10 
components is probably the maximum.  The 10 components would account for only 60% of the cumulative 
variation.  The principal components approach could be further researched in the time-series context. 
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“but with food or clothing or shelter requirements being satisfied in different ways in 
different countries” (p.347).  Their results using a linear expenditure system indicate that 
their proposition is supported “for most practical purposes”.  In the case of the U.S., we 
would expect even stronger results, as differences in the quantities of goods and services 
consumed across urban and metropolitan areas are likely to be more similar than for 
example, between India and Poland. 
 
We choose four groupings: Food, Goods (other than Food), Housing or Shelter costs (ROER 
and RMOC) and Services10.   Housing (or shelter) is treated as a separate category because 
both ICP studies (KHS 1982) and studies of areas within the US (Aten 2005, p.27) show that 
the spatial dispersion of prices of services is much greater than that of goods, and that within 
services, housing costs for Rents and Owners’ Equivalent Rents vary more than other 
services.  
 
When we aggregate the price relatives into groupings for four or more headings, or at the 
aggregate level for the overall price parity, the results must retain the fundamental properties 
of a multilateral price index: reciprocity and transitivity.  Deaton and Heston (2009) and 
Balk (2009) provide full accounts of these properties and of how they are attained by the 
four ‘traditional’ multilateral aggregation formulas considered here:  

(1) the Törnqvist based Gini-EKS,  
(2) the Fisher Gini-EKS 
(3)  the Weighted CPD,  
(4) and the Geary method (also known as the Geary-Khamis, or GK, method).11 

 
Only one of these traditional aggregation methods, the Geary method, is additive.  That is, 
the Geary sub-aggregate price parities and expenditures may be added up to the overall price 
parity.  Additivity is a very convenient property, but it is generally not considered essential 
in a framework for multilateral comparisons.12 
 
The sequence of our estimation is as follows.  First calculate the Geary national average 
price (πn) for each of the 207 items, along with the overall price parity (RPP) for each area.13  

                                                 
10 In earlier work, we presented more groupings: subdividing Food into At Home and Away from Home, and 
adding Gasoline to form six categories.  Available from the authors are eight groups: separating Automobiles 
and Alcohol & Tobacco categories from the Good categories.  Beyond eight, there are too few degrees of 
freedom for meaningful estimates with 38 areas. 
11 See also Gini [1924], Eltetö and Köves [1964], Szulc [1964], Diewert [1976, 2001] , Summers [1973], Rao 
[2004], Geary [1958] and Khamis [1972].  There are other formulas for multilateral aggregations, such as the 
Iklé (1972), the Minimum Spanning Tree method (Koves [1983], Hill [1999]), the CKS (Commensurable 
Kurabayashi-Sakuma) method (Sakuma, Rao and Kurabayashi 2009) and the SS (Standardized Structure) 
method (Sergueev 2009).  They bear consideration for future research.  
12 As evidenced by the use of non-additive price indexes in Eurostat and the OECD. 
13 The solution is obtained iteratively from the following equations: 
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Next calculate the expenditure on each item in each area measured at the item’s national 
price. 14  These calculated expenditures at national prices are then summed for the desired 
groupings (such as Food).  The ratio of expenditures on Food at an area’s own prices to the 
expenditures at national prices is equal to the area’s price parity for Food, and similarly for 
the other groupings.  Finally, the price parities for each area-grouping cell are used as the 
inputs for the demand model in the GAIA system, along with the nominal shares (at own 
area prices), and the per capita total ‘real’ expenditures.   
 
There are a number of options for the sub-aggregate price parities and per capita ‘real’ 
expenditures inputs to the demand model.  We have chosen the Geary method, but another 
multilateral method, such as one of the variants of the Gini-EKS method, could be used.  
Similarly, various price indexes exist that are suitable for deflating total per capita nominal 
expenditures into the initial ‘real’ expenditures of the demand model.  The Geary, Gini-EKS 
(Törnqvist and Fisher approaches) and the Weighted CPD are candidates.15  So is a Stone-
type (1953) index derived simply as the share-weighted average of the price parities, where 
the weights are the national averages of the nominal shares.  We use the Stone index, but it 
seems to make little difference what the starting point is, as the final estimates are obtained 
iteratively as discussed in Section 3. 
 
 
The Geary national average prices (πn; n=1 to 4) for the annual and multi-year averages for 
the four sub-aggregates of Food, Goods, Shelter Costs and Services are shown in Table 1a.  
The columns labeled 2005 through 2007 are for the annual CPI only data, using the ROER 
series, while the columns 2005-2007 and 2006-2008 are the multi-year averages with the 
ROMC housing cost data from the ACS.  The weighted average across the four items equals 
1 in each year by construction. 
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14 We follow KHS (1982) and use the term ‘notional’ quantity to denote expenditures at area’s own prices 
divided by the initial own area item price relatives.  When multiplied by the national average prices (the π’s), 
these notional quantities are the expenditures at national prices.  The ratio of an area’s total expenditures at 
own prices to its total expenditures at national prices is the area’s relative price parity (RPP).  The total of all 
expenditures (across areas and items) is the same at national and area-specific prices, so that the overall 
national RPP is equal to one. 
15 Their formulas are given in the Appendix. 
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For reference, the national average prices for Shelter (π3)  using the annual ROER more 
closely resemble those of Minneapolis in 2005, Denver in 2006, Tampa in 2007 and 
Portland in 2008, while when using the multi-year ROMC, they more closely resemble those 
of Minneapolis for both periods.  If the average prices and expenditures were dominated by 
very high cost Shelter areas, then the national Geary averages (πn) would tend towards these 
higher levels, and there would be a greater likelihood of a Gerschenkron-type effect, with an 
overestimate of the price parities for Shelter in the very inexpensive areas. However, 
Minneapolis, and Denver, Tampa and Portland are in the middle rather than at the high end 
of Shelter costs.  Chart 1 shows the 2005 Geary price averages at the national level and for a 
few of the areas. 
 
In the next section, we describe the steps in the GAIA estimation: first, we specify a demand 
model and obtain its parameters, then re-estimate Geary with the predicted values to obtain 
the final GAIA national price parities for the commodity groupings and the overall RPPs.  
 

3.  The GAIA Method 
 
To implement Neary’s (2004) GAIA method, we replace the ‘notional’ quantities in the 
Geary formula with a set of ‘virtual’ quantities.  Notional quantities refer to nominal 
expenditures divided by input prices, and are expressed in dollar terms, not in physical 
quantities.  These notional quantities enter the Geary method as weights, and are ‘fixed’ in 
the sense that the areas with the largest weights will have greater influence on the resulting 
price parities.  This can lead to a Gerschenkron effect if some areas are much larger than the 
others.  If, for example, we were only comparing large, high rent cities with small, low rent 
areas, the Geary system would overestimate the price parity for rents in those smaller areas, 
and hence underestimate their overall RPPs, making the smaller areas look better off in 
‘real’ terms than they actually were (assuming the relative prices of other goods were 
similar).16   
 
In the case of the US areas, it is not clear a priori whether the large cities are dominant 
enough to cause a significant Gerschenkron effect, as the sampling frame for expenditures is 
more evenly spread across the country, and prices are more homogenous across the areas of 
the US than across the world.  As mentioned in the previous section, the average prices, for 
Shelter costs resemble those of middle-income areas such as Denver and Minneapolis, rather 
than a higher income area such as New York City or San Francisco.  
 

                                                 
16 In the ICP, this problem was more pronounced when a smaller subset of the world’s countries was sampled.  
As the ICP has grown to include countries like China and India, the argument that the price parities more 
closely resembled a high-income country than any middle-income country no longer holds. 
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The GAIA system uses the expenditure shares and quantities that are estimated to be chosen 
at world prices taking into account substitution behavior across groups of goods.   It 
therefore approximates a cost-of-living index framework.  If we are to compare results over 
time, as we would like to in the long-run, the GAIA framework is more consistent with a 
chain-type price index series, such as the C-CPI-U of the Bureau of Labor Statistics.  This 
we examine more closely in Section 4. 
 
To estimate the expenditure shares and quantities of the GAIA system, we fit the 
nonhomothetic “almost ideal” (AI) demand system of Deaton and Muellbauer (1980).  The 
theoretical AI system imposes three sets of constraints on the AI demand system coefficients 
(shown in the Technical Appendix) so that the demand system will satisfy the homogeneity 
and Slutsky matrix symmetry restrictions of economic theory.  Estimation of this 
constrained version of the AIDS model begins with Stone’s price index, calculated as the 
simple weighted geometric mean of the input prices, where the weights are the average 
weights for the country.  We then impose homogeneity and symmetry in the price 
coefficients and use an iterative Seemingly Unrelated Regression (SUR) procedure to obtain 
the parameter estimates.  The Stone index is then replaced with a new index P evaluated 
with the values of the estimated parameters.17  The process is repeated until the system 
converges.18 
 
The GAIA national prices (πn) for the annual and multi-year averages are shown in Table 1b.  
Unlike the prices in Table 1a, these are calculated using estimated demand model 
parameters.  The demand model was estimated at the four grouping level (Food, Goods, 
Rents: ROER and RMOC, and Services).  As expected, the demand model predicts some 
substitution across the groups, so that the range of national average prices will be smaller.   
 

                                                 
17 The new log P is given by: 
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18 Deaton and Muellbauer (1980) show that the Stone P index is a good approximation of the ‘true’ P in the AI 
system if  prices are collinear, which is frequently true of time-series prices.  At the item strata level of 207 
items, the correlation across areas averages around 0.6.  The Stone index and the final P index for our sample 
differ, and it took 4 iterations for the demand model estimates to converge. 
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Tables B1 and B2  in the Appendix shows the estimated parameters of the constrained 
versions of the  AI demand system for each of the estimated series (ROER, RMOC).19   
There are four equations for each series, corresponding to the four groups: Food, Goods, 
Housing/Shelter Costs, and Services. The parameters of the fourth equation (Services) are 
obtained from the symmetry and homogeneity constraints of the demand system.  That is, 
the sum of the four price parameters (γ) in each equation must sum to zero, the sum of the 
real expenditure per capita parameters (β) must sum to zero, and the sum of the intercepts 
(α) must be one. Also, the price parameters for are symmetric, so that γij  = γji , where 
i, j=1,..4.  
  
The only significant coefficients are on the Goods and Housing/Shelter equations, and for 
their own prices (γ2  and γ3).  The Housing/Shelter coefficients (γ3) are negative for the 
Goods equation with a value around -0.07 for all four ROER years, and -0.12 for the RMOC 
multi-year series.  The Housing/Shelter coefficients (γ3) are positive and significant for the 
Housing/Shelter equations, 0.2203 and 0.2053 for the RMOC series and between 0.1536 and 
0.1144 for the ROER years. 
 
The coefficients on the per capital total expenditure variables (β) are negative for the Food 
equations as expected, and for most of the Housing/Shelter cost equations.  The Food 
equations are very weak overall, while the Housing/Shelter cost equations are the strongest. 
 
The parameter estimates provides a predicted set of shares, and thus a predicted set of 
‘virtual’ quantities.  These virtual quantities enter into a final multilateral Geary estimation, 
together with the original nominal expenditures.  The resulting RPPs for the 38 areas are 
called the GAIA RPPs.  They are shown in Tables 2a (ROER) and 2b (RMOC), together 
with the four other traditional RPP estimates.  The columns are labeled T for the GEKS-
Törnqvist RPPs, F for the GEKS-Fisher, W for WCPD, G for Geary and D for the demand 
model in the GAIA RPPs.  
 
Looking at the summary results of these tables (the last lines labeled Standard Deviation, 
Maximum, Minimum and Range), there seems to be weak evidence only of a Gerschenkron 
effect, as the RPP range using Geary is slightly smaller than the GEKS-Törnqvist (GEKS-T) 
range, particularly in Table 2b.   
 

                                                 
19  The unconstrained parameter estimates are not shown, but we did calculate them.  For the unconstrained 
estimates, we begin in the same way, with an estimate of Stone’s index, but since the demand system is linear 
in parameters when written in shares or budget form, it may be estimated equation by equation using OLS 
(ordinary least squares).  As in the constrained version, the Stone index is then replaced by the new index P, 
and the model is re-estimated until the parameters converge and P is stable. 
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The highest range is consistently for the GEKS-Fisher RPPs, as they are more sensitive to 
large bilateral differences in prices and weights.  This is because the Fisher index takes the 
average of all possible Paasche and Laspeyres indexes, and if this spread is large, more often 
because of large differences in quantities, it will affect the resulting Fisher index. The 
GEKS-Törnqvist on the other hand, averages the weights before taking the bilateral price 
averages, so even with large spreads, this effect is mitigated.  The GEKS-T and WCPD are 
very similar, with both using expenditure weights as percentage shares rather than actual 
weights as in the Geary formula.   
 

4.  Consistency over Time 
 

Background 
 
The RPPs are designed to measure cross-sectional relationships at a single point in time, so 
their pattern of change between years need not be a good measure of the relationships 
between the inflation rates of different areas.20  Weighting differences are one source of 
divergence between the behavior over time of RPPs and the changes over time in area-
specific CPIs.  The requirement of cross-sectional transitivity that is imposed on the RPPs 
means that the explicit or implicit weighting structure of an RPP is a kind of global average 
of all the areas’ weights, whereas the CPI for a particular area will use weights that are 
specific to that area.  In addition, RRP weights change over time along with prices, but CPIs 
hold the weights constant in order to isolate the effects of price changes.  Moreover, the 
formulas used to calculate RPPs are not the same as the formula used to calculate the CPI.   
 
Another source of divergence between patterns of change of RPPs and area-specific CPIs is 
the use of different approaches to handling changes over time in sample composition.  CPIs 
prevent changes in sample composition from directly affecting the measure of price change 
by using a linking procedure (which is also known as “matched models”), but changes in 
sample composition do have a direct effect on the change over time in an RPP because the 
RPPs effectively use hedonic regressions for quality adjustment.   
 
In spite of the known differences in methods, we would like to observe some level of 
consistency across the RPPs and CPI.  For example, if one area (A) is reportedly 
experiencing much higher price growth than the national average over many time periods, 
and another (B) is showing much lower price growth over the same period, and the RPP of 
the higher growth area is also much higher at a benchmark RPP year, we would expect it (A) 

                                                 
20 The CPI is indexed to a base-year or time period, where all the areas are at the same starting level, for 
example, 1984 =100.  Conversely, RPPs are indexed to a base area or to the average of all areas, e.g., 
U.S.=100.  
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to remain higher at the next comparison year.  This is illustrated in the Example (Case 1) at 
the end of the text.  If the initial benchmark RPPs were reversed, and A was much lower 
than B, then even with a much higher growth rate, A will not necessarily have a higher RPP 
than B in the next time period.  This is Case 2 in the Example. 
 
The simple example is for the unweighted case, whereas in practice, each area’s prices are 
weighted by its expenditures, and the CPIs and the RPPs are aggregated from more detailed 
level data.  
 
We use two-type of CPIs that BLS produces, the all urban CPI (CPI-U) and the chained CPI.  
The chained Consumer Price Index (C-CPI-U) is a Törnqvist-type index developed by the 
BLS in 2002 (Cage, Greenlees and Jackman, 2003).  It is designed to more closely 
approximate a cost-of-living index than the existing fixed-weight (CPI-U) measures 
published by the BLS21.  The former is only available at the 38 area level for research 
purposes, but the latter is available publicly for all areas and at detailed expenditure 
groupings. We are therefore able to show the detailed extrapolations using the CPI-U, but 
not the chained series at this time, although the results will be summarized and contrasted to 
the fixed-weight CPI. 
 
As described earlier, we estimated two series of RPPs because we use two housing data 
sources. One is the annual series from 2005-2008 using just the BLS-CPI data, and the other 
a multi-year rolling average for 2005-2007 and 2006-2008 using the BLS data plus the ACS 
rents and owner-cost data for housing from the Census Bureau.   
 
 
The extrapolated RPPs (2006 from 2005, 2007 from 2006 and 2008 from 2007 as well as 
2006-08 from 2005-07 using the CPI-U indexes are shown in Tables 3a-3d, together with 
their percentage difference from the actual RPPs.  Only the summary results for the Chain 
CPI-U are shown. The average of the differences across all five multilateral methods is also 
shown in the last column.  
 
The multi-year CPI used in the extrapolation for the RMOC  series (Table 3d) was taken as 
the ratio of the unweighted geometric mean of the three years in consecutive periods (the 
geometric mean of the CPI indexes for 2006 through 2008 divided by the geometric mean of 
the CPI indexes for 2005-2007).  
 
Turning first to Table 3a, and comparing the Actual to the Extrapolated values in the 
summary rows, we note that the Range across methods is again highest for the F column 
(GEKS-Fisher), 0.650 for actual 2006 values and 0.659 for the extrapolated values using the 
                                                 
21 For details of the differences in construction between the two, see Table 5.1 in Cage et al (2003) 
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CPI-U.  It drops to 0.649 when using the Chain CPI-U but is still the largest of the five 
methods.   
 
The GEKS-T seems to do better than the Geary or the GAIA in matching extrapolated RPPs 
to benchmark RPPs.  Looking at the summary rows, the differences for the T (GEKS-T) 
columns consistently have smaller ranges than the differences for the G (Geary) or D 
(Demand-GAIA) columns.  For Table 3a  the values are 7.7% for T, 15.0% and 12.6% 
respectively for G and D using the CPI-U. The figures for the Chain CPI-U are very similar.  
In Table 3b, the range for T increases to 12.6%, then drops again to 7.5% in Table 3c. Out 
of the three annual ROER extrapolations, the 2007 to 2008 (Table 3c) have the smallest 
range, except for the F column, which is 25.1%.  
 
In contrast, the multi-year RMOC extrapolations  shown in Table 3d are much closer to the 
actual values. The largest is still the F column (8.4%), but the others drop to 4.1%, 5.4% and 
5.1% for T, G and D respectively. In addition, the volatility observed in Tables 3a-c with 
respect to which areas have the largest absolute differences disappears.  Some of the 
volatility is due to the GEKS-F estimates, which are much more sensitive to outliers in the 
detailed data.  Excluding the F column, the largest positive difference in Table 3a is for DC 
(G =8.6% and D=7.8%), and T=4.6% for Greater LA, and the largest negative differences 
are for San Diego (G=-6.4%), Detroit (D=-4.8%) and Minneapolis (T=-3.0%).  In Table 3d, 
the largest positive differences are for DC and Anchorage (for T, G and D), and largest 
negative difference is for NY city (T=-2.0%) and Pittsburgh (G=-2.2%, D=-2.1%) and 
around -1.0% for NY city for G and D.  
 
These results strongly suggest that the multi-year series helps to reduce the effect of a) 
outliers in the RPPs when estimating the multilateral aggregations, and b) the variance of the 
housing/shelter cost estimates when using the larger RMOC series. 
 
Figures 1-5 graph the observed versus the CPI-U extrapolated values for the Multi-Year 
averages for each of the estimated indexes.  The dashed diagonal line indicates where the 
extrapolated values would lie if they equaled exactly the observed values.  The linear 
regression line and R2 are given to help compare the differences across methods.  
 
We note again that the WCPD method is very close to the GEKS-T in all situations, and in 
previous interarea work with this data (Aten & D’Souza 2008), we used the WCPD for our 
estimates.  In this paper, we chose to focus on the GEKS-T and GAIA differences for two 
reasons.  The first is that the GEKS is used extensively by international statistical offices for 
their comparisons, and the second that the GAIA is a demand –modified version of the 
Geary method, which blends the additive properties of the Geary with an economic demand 
system that has a theoretical appeal.   
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We expect the GEKS-T to be more consistent with the Chain CPI-U as they both use 
Törnqvist-type averages, while the Geary and the GAIA are likely to be more consistent 
with the fixed-weight traditional CPI-U.  In the Multi-Year results, this expectation was 
clearly met: the GEKS-T range is smaller (3.7% versus 4.1%) when using the chain versus 
the fixed-weight CPI, and both the Geary and the GAIA ranges are smaller for the fixed 
versus chain extrapolation differences (5.4% Geary fixed CPI, 5.6% Geary chain and 5.1% 
GAIA fixed versus 5.3% GAIA chain). 
 
In the Annual series, the same expectations are met for the 2006 and 2008 extrapolations, 
but for the 2007 series, all three methods have smaller ranges using the chain series. We saw 
above that 2007 also has the greatest variability between actual and extrapolated values, 
particularly for the New York suburbs and San Diego areas, and further work is needed to 
pinpoint the reasons for this greater variability in the ROER results. 
 
Thirty-four out of the thirty-eight areas (90%) have differences of less than 2.0% in the 
Multi-Year estimates using the GEKS-T.  In contrast, for 2006 and 2008, only twenty-eight 
(74%) have differences less than 2.0%, and even fewer, twenty-one (55%) in 2007. The 
pattern is repeated across methods, and underscores the greater stability and consistency of 
the multi-year series with respect to the CPI. 
 

5.  Conclusion 
 
We know from the international comparison literature that it is difficult to achieve space-
time consistency when looking at national growth rates versus benchmark year price level 
differences.  One reason is that the growth rates are measured by own-country statistical 
agencies using varying methods and practices, while benchmark comparisons of price levels 
are done by regional and international agencies seeking to match different goods and 
services across countries.22  Furthermore, to adjust for quality change when items exit or 
enter the sample, indexes aimed at measuring price change over time rely mainly on 
“matched models” or “linking”, a procedure that effectively assumes that price level 
differences between items are measures of the value of their quality differences.  The 
hedonic regression procedures that are mainly used to control for quality differentials in 
indexes aimed at measuring price change over space do not make this assumption.  Finally, 
Feenstra et al. (2009, p.172) and Rao et al (2008, note 8, p.190) note that homotheticity 
usually fails to hold in national consumption data, but without homotheticity “… when the 

                                                 
22 See the ICP by the World Bank (www.worldbank.org/data/icp).  The  SNA (System of National Accounts) 
seeks to minimize methodological differences across countries, but methods and practices still vary, 
particularly for difficult to measure items, such as services and housing costs 
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NPC (National Price Comparison) is done in one benchmark year and then extrapolated 
forward using the NPC (in the previous year) there is no reason to expect that we will obtain 
a result that matches the NPC done in that future year.”  Nevertheless, the demand system 
coefficient estimates used in our GAIA model results imply that non-homotheticity is a 
trivial factor in these types of discrepancies in the case of regions of the US. 
 
In the U.S., we expect the differences across areas to be less than what one finds across 
countries.  We also have the advantage of working with the same price and expenditure data 
that enter the estimation of the Consumer Price Index, enabling more detailed and 
comprehensive comparisons of similar goods and services.   
 
We estimated four traditional multilateral price indexes or RPPs, and one economic 
framework RPP, the GAIA (Neary, 2004).  For each method, we used two sources of data 
for the housing cost component.  The first was from the CPI, called ROER (for Rents and 
Owners’ Equivalent Rents), while the second was from the microdata of the American 
Community Survey of the Census Bureau, labeled RMOC (for Rents and Monthly Owners’ 
Costs).  The RMOC has better geographic coverage, including rural areas that are not in the 
CPI. For the remaining items (207 non-housing items), we use the annual price and 
expenditure data from the CPI.  
 
We then compared the values of the RPPs extrapolated forward using area-specific CPIs to 
the subsequent actual ‘benchmark’ RPP.  This is equivalent to the NPC approach in Feenstra 
et al (2009).  The extrapolations used two kinds of CPI series.  One is the published CPI-U 
(Urban consumers), which is publicly available at the 38 area level detail, and the other is 
the new Chain CPI-U, which has not been released at the area level.23   
 
We expected the extrapolated GEKS-Törnqvist RPPs to be closer to the Chain CPI-U, and 
the GAIA, and to a lesser extent the Geary RPPs, to be closer to the Laspeyres type CPI-U.  
We also expected the RPPs calculated using the multi-year housing data (ROMC) to be 
more robust than the annual ROER series.  These expectations were met, although the 
difference between the Geary and the GAIA estimates were smaller than expected when 
comparing consistency over time.  This could be due to a) the lack of a strong Gerschenkron 
effect that is more prevalent when comparing very dissimilar geographic areas, and b) to the 
fact that by construction, the GAIA estimates new ‘virtual’ quantity shares which adjust to 
the expected demand in each period.  Thus, the Laspeyres CPI-U would be more similar to 
the Geary fixed weight extrapolation than the GAIA.   
 
The objective of this work is ultimately to adjust regional incomes at the state and more 
detailed metropolitan level than the 38 areas reported here.  However, we are limited by the 
                                                 
23 See Cage et al (2003) for details. 
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price and expenditure data collected by the BLS, as their sampling framework was designed 
for measures over time, not across space.  It is also for this reason that the ROER data is 
relatively sparse when compared to the RMOC from the Census Bureau, so we compare the 
two as a way to reduce the variability over time of the RPPs, since housing costs are a large 
component of the expenditures and the price variation in the surveys.  
 
We find that using a multi-year rolling average for the housing component results in RPPs 
whose changes are generally consistent with the CPIs over the period studied (2005-2008).  
Only three out of the 38 areas (New York City, Washington DC and Anchorage AK) had 
differences greater than 2.0% between actual and extrapolated versions using the multi-year 
average and 30 out of 38 have differences of less than 1%.   
 
By the end of 2010, the Census Bureau is expected to release their five-year (2005-2009) 
multi-year average for the American Community Survey, and we will update our results, 
hoping for even more robust estimates.  In the interim, we will investigate ways to extend 
the geographic coverage of the RPPs, thereby allowing us to obtain a measure that can be 
used to adjust BEA’s personal income estimates at the state and detailed metropolitan area 
levels. 
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TABLES and CHARTS 
 

Table 1a. Geary National Average Price Levels (πs) 
 

Obs Group 2005 2006 2007 2008 2005-2007 2006-2008 

  ROER* RMOC** 

1 Food 1.0085 1.0031 1.0041 1.0079 1.0042 1.0042
2 Goods 1.0150 1.0141 1.0146 1.0150 1.0122 1.0126
3 Housing costs 

ROER/RMOC 0.9812 0.9841 0.9831 0.9832 0.9859 0.9862
4 Services 1.0025 1.0021 1.0025 1.0010 1.0017 1.0012

 * ROER: Rents and Owners’ Equivalent Rents from BLS CPI, annual series; 
**RMOC: Rents and Monthly Owner Costs from ACS Housing survey, 3-year 
average 

  

 

Table 1b. GAIA National Average Price Levels (πs) 
 

Obs Group 2005 2006 2007 2008 2005-2007 2006-2008 

  ROER* RMOC** 

1 Food 1.0081 1.0040 1.0066 1.0099 1.0071 1.0040
2 Goods 1.0057 1.0145 1.0086 1.0149 1.0039 1.0048
3 Housing costs 

ROER/RMOC 0.9992 0.9961 0.9933 0.9885 0.9992 0.9957
4 Services 0.9981 0.9984 1.0052 1.0016 0.9975 1.0016

 * ROER: Rents and Owners’ Equivalent Rents from BLS CPI, annual series; 
**RMOC: Rents and Monthly Owner Costs from ACS Housing survey, 3-year 
average 
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Example 
 

 RPP (t) Growth 
Rate 

RPP (t+1) 

Case 1  Relative to 
Mean 

  Relative to 
Mean 

A 110 116 40% 154 129 
B 80 84 5% 84 71 

Unweighted 
Mean 

95 100 23% 119 100 

        
Case 2    

A 80 84 40% 112 98 
B 110 116 5% 116 102 

Unweighted 
Mean 

95 100 23% 114 100 
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Chart 1. Price Parities U.S. Average and Selected Areas: 2005 
 

 

Figure 1. GEKS-Tornqvist 
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Figure 2. GEKS-Fisher 

Figure 3. WCPD 

Multi-Year GEKS-Fisher
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Figure 4. Geary 

 

Figure 5. GAIA 

Multi-Year Geary
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• Multilateral Aggregation Formulas 

• A1. ROER Estimated Area Coefficients 

• A2. RMOC Estimated Area Coefficients 

• B1. The Constrained Parameter Estimates of the Demand Model 
(ROER) 

• B2. The Constrained Parameter Estimates of the Demand Model 
(RMOC) 
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Multilateral Aggregation Formulas 
Notation and formulas follow Deaton & Dupriez (2009).   
 
P = price index 
p = item price 
s = budget share 
q = notional quantity (see footnote 14) 
Subscript i = 1…N indicates items 
Superscript j = 1…M indicates areas 
Superscript c, d indicate areas c,d. 
 
 
1. GEKS-Törnqvist 
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The Törnqvist index is a weighted geometric average of the price relatives of each good, 
with weights equal to the average of the budget shares. The GEKS is the geometric average 
of these indexes over all possible intermediate areas. 
 
 
2. GEKS-Fisher 
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1
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The Fisher index is the geometric mean of the Paasche and the Laspeyres index.  The GEKS 
is the geometric average of these indexes over all possible intermediate areas. 
 
 
3. WCPD (Weighted CPD) 
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The Weighted CPD index is a weighted average of the logarithms of the price relatives with 
weights that are harmonic means of the budget shares in the two areas. 
 
 
4. Geary  
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The Geary index is a Paasche index that compares area prices with ‘national’ prices (π), 
where ‘national’ prices are defined as the quantity weighted averages of the prices of each 
good, expressed in the national currency. Both equations need to be solved simultaneously. 



TECHNICAL APPENDIX 
 

Algorithm for estimating GAIA World Prices 
 

Let p denote an N×1 vector of logarithms of prices and let y0 denote the logarithm of nominal 

total expenditures in period 0.  Then the AIDS expenditure function evaluated at period 0 utility 

u0 is: 

ln e(p,u0)  = αp + 0.5 p′γp  + u0 exp(p′β) 

If the observed prices of goods 1 to N in area i are pi0, the income that holds utility constant at ui0 

when prices change to p is e(p,ui0), where ui0 = (yi0 – αpi0 + 0.5 pi0′γpi0) exp(–pi0′β).  Therefore:    

ln e(p,u0)  =  αp + 0.5 p′γp  + (y0 – αp0 + 0.5 p0′γp0)exp(p – p0)′β 

The theoretical restrictions of homogeneity of degree 1 in prices and symmetry of the Slutsky 

matrix of own and cross price elasticities implies that the elements of α sum to 1, the matrix γ is 

symmetric, with the elements of each row or of each column summing to 0, and the elements of 

β sum to 0.  Let γ1 denote the first row of the symmetric matrix γ, with α1 and β1 the first 

elements of the vectors α and β.  The predicted shares for goods 1 to N in area i at income 

e(p,ui0) are: 

wi1(p)  =  α1 + γ1p  + β1(yi0 – αpi0 + 0.5 pi0′γpi0) exp[(p – pi0)′β] 

wi2(p)  =  α2 + γ2p  + β2(yi0 – αpi0 + 0.5 pi0′γpi0) exp[(p – pi0)′β] 

… 

wiN(p)  =  αΝ + γΝp  + βΝ(yi0 – αpi0 + 0.5 pi0′γpi0) exp[(p – pi0)′β] 

 

Let Ωi  be the population of area i.  Then the predicted total expenditures on good 1 in area i at 

prices p are  wi1(p)[e(p,ui0)Ni]  and the predicted quantities in area i at prices p are:   

Qi1(p)  =    wi1(p)[e(p,ui0) Ωi]/p1 
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… 

QiN(p)  =    wiN(p)[e(p,ui0) Ωi]/pN 

 

Let the number of areas be A and let w be the observed N×A matrix of expenditures shares in 

areas 1 to A.   Also, let Q(p) be the N×A matrix of predicted quantities and let diag(1/q(p)) be 

the diagonal matrix with 
1

 ∑ i Qin(p)  as its row n column n element. Then the A×A matrix S(p) is 

defined as: 

S(p)  = Q(p)′ diag(1/q(p)) w 

  = s(p)′w.   

where s(p) is the N×A matrix of predicted quantity shares.  The element of s(p) for good n in 

area i is:  sin =  wiN(p)[e(p,ui0) Ωi] / [∑ j wjN(p)[e(p,uj0) Ωj] ] .   

 

Let Y denote the global total of nominal expenditures on all goods in all areas.  Then the 

distribution of real incomes across areas z(p) implied by S(p) is the A×1 vector such that z = 

S(p)z and ∑ i zi = Y.   An exact solution for z(p) equals the eigenvector of S(p) corresponding to 

the eigenvalue of 1 rescaled so that ∑ zi = Y.  However we can calculate z(p) with a neglible 

error of approximation by starting with a plausible candidate value for z(p), say z(0) (which we 

initially define as the ordinary Geary-Khamis vector of area real income zGK) and repeatedly 

multiplying by S(p).  Define z(s) = S(p)sz(0), the result of s such multiplications.  Then z(p) = lim
s → ∞

 

z(s).  In practice s=2 provides an acceptable level of accuracy.  We therefore calculate z(p) as: 

z(p) = S(p)2z(0). 
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Next define Π as the vector of ratios of “world” total expenditures on each good to “world” total 

quantities consumed of each good: 

 Π(p) = diag(1/q(p)) w z(p) 

 = diag(1/q(p)) w S(p)2z(0). 

If Πn is the nth element of Π(p) (the “world” price of good n), then  Πn = [∑ i wni zi]/[∑ i Qni ].   

 

The GAIA world price vector pGAIA is the p such that Π(p) = p.  To solve for pGAIA, let D(p) be 

the matrix of derivatives of  Π(p) evaluated at p; element i,j of this matrix Dij = ∂Πi /∂pj.  In 

practice, we use numerical methods to estimate D(p). 

 

Note that if Δp is the adjustment to our guess for p, then ΔΠ ≈ DΔp.   As a result, if Π – p  is the 

error in our guess for pGAIA, the change in this error when we adjust our guess by Δp 

approximately equals (D – I) Δp.  If p(0) is our guess for pGAIA, we therefore choose Δp such that  

–[Π(p(0)) – p(0)]  =  (D – I) Δp 

or 

Δp =  –[D – I]−1
 [Π(p(0)) – p(0)]. 

 

We begin with the ordinary Geary-Khamis prices pGK  as the initial guess for pGAIA, and then 

update this guess by: 

  p(1)  =  pGK  –  [D(pGK)– I]−1
 [Π(pGK) – pGK] 

p(2)  =  p(1)  –  [D(p(1))– I]−1
 [Π(p(1)) – p(1)] 

Iteration ceases when for every good n,  Πn – pn < 10− 6 .  In practice, this occurred after two 

iterations.   
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