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Abstract

Price indexes are commonly used in time-to-time economic series to adjust for
changes in price levels across years. This paper estimates price parities within
the U.S. defined as an adjustment for differences in price levels across
geographic areas at one point in time. The term parity is more frequently used
in international comparisons, where purchasing power parities (PPPs) are
divided by the exchange rate to denote differences in price levels across
countries. The method described here for calculating regional PPPs is based
on micro-level price data from the Consumer Price Index of the Bureau of
Labor Statistics and on the American Community Survey of the Census
Bureau. It uses a Bayesian spatial smoothing approach to obtain individual
county price levels that are aggregated to regional price parities (RPPs) for
363 metropolitan areas and 51 states in the United States. An example of their
relevance is given by comparing the Personal Income and Gross Domestic
Product estimates produced by the Bureau of Economic Analysis for the year
2005 at national prices and at regional price parities.

Introduction

This paper develops exploratory estimates of the spatial price differences for
consumption goods and services at the U.S. state and metropolitan area level for 2005.
Spatial (place-to-place) price differences are important to regional and other sub-national
accounting frameworks as they make possible comparisons of economic data that are
adjusted for geographic differences in price levels. In international comparisons, these
adjustments are termed purchasing power parities (PPP); when divided by exchange
rates they are called national price levels. In areas with a common currency like the
Euro, the exchange rates are the same and the PPP becomes the price level.

Just as there are differences in price levels between European Union member countries,
there are significant differences in the purchasing power of a currency across diverse
areas of the United States, for example between metropolitan New York compared to
rural South Dakota. We use the term Regional Price Parity (RPPs) to label these sub-
national estimates of PPPs. The RPPs can be used to adjust consumption-related

* Bettina H. Aten is an economist in the Regional Economics Directorate, Bureau of Economic Analysis.
The results presented here are the responsibility of the author and not of the Bureau of Economic Analysis.
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statistics, such as per capita incomes, expenditures and output, providing users with a
more accurate picture of regional economic differences at one point in time. See for
example Bernstein et a/ [2000], Johnson et al [2001], and Jollife [2006].

The RPPs are built up in this paper from two main data sets. The first is the principal
source of consumer price information in the United States, the Bureau of Labor Statistics
Consumer Price Index (CPI) for 38 metropolitan and urban areas, which is of course used
for time-to-time indexes. Aten (2006) presented regional price parity estimates for 2003
and 2004 for these 38 areas, which cover 87% of the population but only about 15% of
U.S. counties. In addition, some states are not covered at all by the CPI.

The second source of information is the county level monthly median costs for owners
and renters from the 2005 American Community Survey (ACS) of the U.S. Census
Bureau, adjusted for quality differences. This adjustment is described in the next section.
Henceforth, the housing costs denote the average of these costs — that is, the geometric
mean' of the median selected monthly owner costs (with and without mortgages) and
median gross rents”.

The sub-national price level estimates presented here are generated using Bayesian
inference and a two-stage approach that bridges the results in the areas sampled by the
CPI price surveys to the remaining non-sampled areas covered by the Census.

Methodology and Data

BLS data: Price Parities

The background methodology and data on estimating place-to-place price parities for the
38 metropolitan and urban areas in the CPI for one year price levels is detailed in Aten
[2005, 2006]. The estimation of these parities begins with over a million price quotes
and detailed hedonic regressions for over two hundred consumption goods and services
items. These items range from new automobiles to haircuts, and include consumption
expenditures on shelter, or rents. The CPI rents estimated within the BLS framework are
different from the ACS and Census housing costs in that the former uses owner-
equivalent rents’ rather than actual owner-costs.

" The ACS tables (Tables B25088 and B25064) provide the number of owner-occupied versus rental
housing units. Housing costs are calculated as the weighted geometric mean of the ownership costs and
gross rents, where the weights equal the proportion of owned and rented housing units in each county.
*“Selected monthly owner costs are the sum of payments for mortgages, deeds of trust, contracts to
purchase, or similar debts on the property, real estate taxes: fire, hazard, and flood insurance on the
property; utilities (electric, gas, water, and sewer); and fuels (0il, coal, kerosene, wood, and so on). It also
includes, where appropriate, the monthly condominium fee for condominiums and mobile home

costs”,

“ Gross rent is the contract rent plus the estimated average monthly cost of utilities and fuels if these are
paid by the renter”, page 64:
http://www.census.gov/acs/www/SBasics/congress_toolkit/Housing%20Fact%20Sheets.pdf

* http:/www.bls.gov/cpi/cpifact6.htm
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The hedonic regressions take into account item characteristics, such as unit size and
packaging, as well as the location and type of outlet where the item is sold, and uses
probability sampling quotes as weights®. The resulting item price levels are then
aggregated into major categories, such as Food and Beverages, Transportation, and
Housing’, and up to an overall RPP for consumption. The aggregation method follows
the Rao-system of multilateral price comparisons (Rao [2005]) and uses the itemized
expenditures of each area as weights (see Appendix Table A1 in Aten [2006] for a list of
all counties comprising these areas).

One shortcoming of this background work is its limited geographical coverage, albeit
representing the great majority of the country’s population. This is because the CPI
survey is designed as a probability sample to estimate price changes over time, not price
differences across locations’. More disaggregated item calculations or more extensive
geographical coverage would require a redesign of the CPI survey, something that is not
feasible in the short run.

Census data: Housing Costs

The data on housing costs are taken from the Census Bureau. A previous version of this
paper (Aten, 2007) used Census 2000 data, moving back the estimated price levels from
2003 to 2000 by the urban and non-urban CPI changes’. This paper instead uses 2005
prices and the more recent 2005 American Community Survey (ACS). The 2005 ACS
includes all counties with a population of 65,000 or more, a total of about 780 counties
covering 82 percent of the nation’s population. It also includes the proportion of owners
and rgenters in each county, as well as median gross rents and selected monthly owner
costs”.

In addition, an adjustment is made for the ‘quality’ of the rental and owned housing
stock. Quality-adjustment in this context means taking into account various
characteristics of the housing observations, namely number of rooms, bathrooms, age,
kitchen and plumbing facilities, and the type of unit — whether it is a detached or attached
house, a small or a large apartment building for example, in addition to the mortgage
status (for owners).

* Since the author anticipates estimating the 38 interarea price levels annually, the results for 2005 onward
will be available as tables rather than published papers. Effort is underway to make them available for
downloading at the BLS website as well as from BEA.

> Housing items in the CPI also include Rents. Rents in the BLS are distinct from Rents in the Census, as
the former imputes the owner-equivalent rents using utility costs and other adjustments (for a more detailed
description, see Aten [2006]).

%The individual price quotes of the CPI are identified by location (zip code in most cases), but full coverage
of all items exist only when aggregated to the 38 metro and urban areas. This is because the probability
quote weights for the samples as well as the detailed expenditure weights by item are only available for the
38 areas.

7 Aten (2006) compares an extrapolation of 2003 to 2004 versus a direct estimate for the year 2004 and
finds that there are minor differences when an aggregate CPI rate is used as the deflator, but negligible
differences with a detailed item-level CPI deflator.

$2005, 2006 ACS FactFinder, subject tables B25088 and B25064 and an earlier footnote (Footnote 2) .
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These detailed characteristics are only available at the Public Use Microdata Sample
(PUMS) level, and not identifiable at the county level, so a quality adjustment factor can
only be obtained at the next aggregate level, the state level’. The factor is the ratio of the
average value of quality-adjusted housing to unadjusted housing using a separate hedonic
regression for renters versus owners with the characteristics listed above. The median
gross rent and the monthly owner cost in each county are multiplied by the corresponding
quality adjustment factors, and the results averaged in proportion to the number of
owners and renters. The result is termed housing costs for simplicity.

The 2005 housing costs for counties not in the ACS were computed in the following
way. Their 2000 Census housing costs were moved to 2005 using the population
weighted geometric mean of the ACS counties for each state. In other words, the change
in median housing costs for these smaller (less than 65,000 population) counties was
assumed to reflect the average change across the larger counties within each state,
weighted by their populations. Henceforth Census housing costs will denote these
quality adjusted weighted averages of renters and owners that include both ACS and
smaller counties'”.

Method

The starting point of the estimation procedure is the set of 38 price levels obtained
directly from price quotes and hedonic regressions using the BLS data. These price
levels are strongly related to the housing costs as shown in Figure 1. The price level -
rent relationship across these areas is assumed to hold within the areas, so that using the
estimated coefficients from Equation (1), the price levels for the 425 counties that make
up these 38 areas can be obtained''. They are then adjusted so that their population
weighted means equal the 38 original area means.

’ The ACS PUMS housing records for 2005 consist of over 280,000 rent observations and 855,000 owner
observations, and are described in http://www.census.gov/acs/www/Products/PUMS/
' Observations in the Census data follow several designations: county is the lowest aggregation for many
states, but for others there are Places and MCDs within a county FIPS code. For example, there are five
townships in Maine that are part of York County, which in turn is one of the ten counties in the A103
Boston metropolitan area. Connecticut, Massachusetts, Vermont and New Hampshire also have several
towns or cities within a county code. Unless otherwise noted, the subdivisions are aggregated to the county
level. In the case of housing costs, this is the weighted geometric mean of the Places or MCDs within each
county.
A few counties span more than one CPI area, primarily when the county is comprised of townships. In
these cases, the FIPS code of the county was assigned to one area only, based on the size of the sample
and/or the population that it covered. They are the following:

Litchfield, CT to arca A110 (New York Suburbs)

Middlesex, CT to area X100 (Northeast B region)

Windham, CT to area X100 (Northeast B region)

Hampden, MA to area X100 (Northeast B region)
Eight towns within Litchfield are in the A110 area and five are in the X100 region but the ones in the A110
area account for two thirds of the population. Seven out of eight towns in Middlesex are in the X100 area,
with 79% of the population. In Windham, only Thompson town with 11% of the population is in the A103
Boston with the rest in the X100 area, and similarly in Hampden, only Holland town with less than one
percent of the population is in A103, with the remainder in the X100 Northeast B area.
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A second set of parameters are then estimated using Equation (2). The 425 county
housing costs and also their relative locations are modeled explicitly, resulting in a set of
spatially smoothed estimates. Both equations use a Bayesian framework, allowing the
variances of the error terms to be non-constant. In addition, Equation (2) is written as a
spatial model with missing dependent variables (the price levels to be estimated for the
remaining counties), and an adjustment is made to include the housing costs of the
missing observations as well as their relative location. These will be discussed further
below.

There are two main issues that arise from this methodology. The first is a change-of-
scale problem - from the 38 BLS areas to the 425 counties that comprise them, and the
second one a change-of-sample problem - from the 425 counties that belong the BLS
sample to the remaining counties.

The change-of-scale problem arises partly because some of the 38 areas cross state lines
and represent larger regions, while others refer to single counties. For example, the
District of Columbia is only one of 26 counties in the Greater Washington metropolitan
area as defined in the CPI, but it is also a quasi state, or at least, for many purposes, a
separate entity from the states of Virginia or Maryland. Los Angeles is one county and
one BLS area by itself, but only one of 58 counties in the state of California. The BLS
area termed South B (medium and small urban areas in the South Region), is made up of
84 smaller units, scattered across states such as Georgia, Tennessee, and South Carolina.

Combining and using these disparate spatial units, as well as issues related to scale,
classification inconsistencies and sampling coverage have been discussed in the spatial
econometric (Anselin [2002]), and geostatistical literature by Goodchild, Anselin and
Deichmann [1993], Gotway and Young [2002], Baneerje and Gelfand [2004], and
Anselin and Gallo [2006]. Holt, Trammer, Stell and Wrigley [1996] and Huang and
Cressie [1997] have proposed some adjustments to deal with the differences between
aggregation levels.

The approach used here hopes to mitigate, rather than resolve some of the problems
associated with changes of scale and spatial aggregation, but is by necessity data-driven
and constrained by the sampling coverage.

The second main issue in making inferences for areas not sampled by the BLS CPI is by
construction: the survey design systematically excludes the smaller, less densely
populated counties which have lower volumes of expenditures. This means that direct
inferences from the sampled areas of the CPI to the non-sampled areas would be
misleading because the distribution of expenditures and prices are also likely to be
systematically different'”.

2 The unweighted average housing costs for the 425 counties is $1,003 while for all other counties it is
$594. The two-sample equality of means t-test statistic is 25.99 (p<0.0001).
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One approach that has proven successful in predicting sampled versus non-sampled
observations is the use of a best linear unbiased predictor (BLUP) for missing dependent
variables (Goldberger [1962], Cressie [1993], Kelejian and Prucha [2004]). The spatial
econometric equivalent of the BLUP is termed an endogenous spatial smoothing
approach given in LeSage and Pace [2004, 2007] and is adopted here.

In the final stage, the predicted county price level estimates are aggregated to the state
and the metropolitan area level, weighted by the total value of wage and salary
disbursements in each county. These weighted aggregate price levels are the Regional
Price Parities or RPPs. Total wage and salary disbursements include supplements, such
as employer contributions to social security and are termed Compensation of Employees.
Compensation of Employees enters into the calculation of GDP and Personal Income by
state and metropolitan areas at BEA"

Ideally, one would use the consumption expenditures of individuals rather than the
compensation of employees to weight the consumption-based price levels, but
expenditures are not available at a detailed geographic level, whereas compensation data
are. Another argument for using compensation is that it is a major component of total
product on the income side of GDP accounting, just as expenditures generally account for
the largest proportion of GDP from the expenditure side.

To highlight the use of RPPs, estimates of income and product at national prices versus
estimates adjusted for regional price differences are presented. They are calculated by
adjusting the Compensation of Employees total in Personal Income and GDP by the RPP,
then adding the unadjusted remainder. This unadjusted remainder includes such
components as taxes, transfers, dividends and interest, and are explained in more detail in
Lenze (2007) and Panek, Baumgardner and McCormick (2007).

Results

Figure 1 plots the relationships between the original price levels and the housing costs
for 2005.

1 County level Compensation of Employees are available from the BEA website, as are Personal Income
and GDP totals by state and metropolitan areas. See http:/bea.gov/regional/index.htm for the data and
methodology.
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Table 1 shows the price levels and also the corresponding average housing costs in
dollars for each area. The housing cost level is equal to the housing cost in dollars
divided by the average dollar rent for the 38 areas.

Table 1. Observed Price Levels and Housing Costs by Area for 2005

Region Area Freq AreaName Price Level Housing Housing Cost
Cost ($) Level
North East A102 14 Philadelphia 1.04 1044 0.98
A103 12 Boston 1.15 1315 1.24
A104 6 Pittsburgh 0.81 716 0.67
A109 5 NY city 1.35 1149 1.08
A110 10 NY suburbs **1.39 1620 1.52
Alll 15 NJ suburbs 1.18 1383 1.30
Mid West  A207 13 Chicago 1.03 1193 1.12
A208 10 Detroit 0.92 1016 0.96
A209 13 St. Louis 0.84 850 0.80
A210 8 Cleveland 0.86 888 0.83
A211 13 Minneapolis 1.01 1118 1.05
A212 5 Milwaukee 0.86 987 0.93
A213 13 Cincinnati 0.88 905 0.85
A214 11 Kansas City 0.82 927 0.87
South A312 26 DC 1.09 1317 1.24
A313 7 Baltimore 1.00 955 0.90
A316 12 Dallas 0.95 994 0.93
A318 8 Houston 0.94 938 0.88
A319 20 Atlanta 0.90 1007 0.95
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Region Area Freq AreaName Price Level Housing Housing Cost
Cost ($) Level
A320 2 Miami 1.03 1097 1.03
A321 4 Tampa 0.87 837 0.79
West A419 1 Los Angeles 1.23 1296 1.22
A420 4 Greater LA 1.11 1435 1.35
A422 10 San Francisco 1.35 **1674 **1.57
A423 6 Seattle 1.03 1155 1.09
A424 1 San Diego 1.15 1473 1.38
A425 8 Portland 0.95 1075 1.01
A426 1 Honolulu 1.28 1222 1.15
A427 1 Anchorage 1.02 1212 1.14
A429 2 Phoenix 0.97 955 0.90
A433 7 Denver 0.96 1073 1.01
Non-metro D200 7 MW Cs *0.78 688 0.65
D300 9 South Cs 0.79 *563 *0.53
D400 2 WestCs 0.95 897 0.84
X100 21 NEBs 0.91 904 0.85
X200 25 MW Bs 0.85 840 0.79
X300 84 South Bs 0.85 772 0.73
X499 9 WestBs 0.89 925 0.87
Sum 425 Mean 1.00 1064 1.00
*Max 1.39 1674 1.57
*Min 0.78 563 0.53
Range 0.61 1111 1.04

The column labeled Freq denotes the number of counties that make up each area (four

areas are made up of only one county: Los Angeles, San Diego, Honolulu and
Anchorage). The mean of the price levels and the housing cost levels across the 38 areas

is 1.00 by construction, while that of the unweighted housing costs is US$ 1,064. The

range of the housing costs far exceeds that of the price levels: 1.04 versus 0.61.

The San Francisco area had the highest housing costs, with an average of US$ 1,674 and
a rent level of 1.57, while the South C areas, comprised of the urban parts of Arcadia FL,

Morristown TN, Picayune MS and Statesboro GA were the lowest, with housing costs

averaging US$ 563 and a rent level of 0.53. New York City, and to some extent

Honolulu, appear to have relatively low housing costs but high price levels. The New

York Suburbs had the highest price levels among the metro areas, and includes Dutchess,

Nassau, Orange, Putnam, Rockland, Suffolk and Westchester counties, as well as

Fairfield, Middlesex and New Haven in Connecticut.

Equation (1): n =38

P=Xp+¢

&=~ N(0,6°V), V=diag(v,,...,v,)
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A simple linear-in-logs relationship between price levels (P) and the exogenous variables,
weighted by the population in each area, is the starting point in Equation (1). X'is a n by
2 matrix containing the intercept and the housing costs.

Alternatives specifications were tested, such as a log-linear version and non-linear
functions, fixed-effects for size and region, and models that included other explanatory
variables, such as incomes (from the Internal Revenue Service), Census demographic
variables and population densities.

Introducing incomes and demographic variables raises simultaneity issues, namely
whether incomes determine prices or vice-versa. The effect of including Census
variables, such as race, education and other neighborhood-specific indicators was
analyzed in some detail in Aten (2005). Although not insignificant, it was unclear
whether one wants to use differences in racial and ethnic make-up to control for
geographic price differences'®. Since the objective is not to explain price levels, but
rather to obtain estimates based on their correlation to price indicators that have a more
extensive geographical coverage, it was felt that these additional variables should not be
included.

Table 2 shows the estimated parameters for Equation (1). The Simple OLS column
assumes the variances are constant (/'=/), while the non-constant variance version is
under the Bayesian OLS column.

Table 2. First Stage Regression Results

Dependent: Simple Bayesian
LnP OLS OLS
n=38 Parameter Estimates

Intercept B1 -4.40(0.38) -4.28(0.33)

Ln Housing costs B2 0.63 (0.05) 0.61 (0.05)

Rbar’ 0.80 0.78

G 23900 9371

Coefficients are followed by the standard errors in ( )s.

Rbar’ is a ‘pseudo’ R? and equals the squared correlation between the predicted and
observed price levels. The Rbar’ is lower in the heteroscedastic estimates as less weight
is given to the outliers. The mean squared error (c°) in the Bayesian model is the mean
of the 1000 draws in the Gibbs sampler. All coefficients are significant at the 1% level.

The variances (V) of the error term (&) are estimated using a Bayesian framework, and
visual inspection shows they are non-constant (with the New York and Los Angeles areas
having the greatest variances) a result that is expected given the differences in scale and

' A principal component analysis (Aten [2005]) revealed that about a third of the standard variance among
Census 2000 variables in the rent regressions was because of the first component that contrasts race
(percent white, percent white occupancy) with income (percent under poverty, percent renters, percent
ownership of two plus cars).
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coverage discussed earlier. About half of the 38 areas have less than ten counties, while
three of them consist of only one county. The prior distribution for the v; terms is
assumed to be an independent chi-square distribution y*(r). Large r values imply that
variances approach unity, so smaller values ranging from two to ten were used, and 1000
samples were taken from 1100 draws, following Smith and LeSage [2004].

The Bayesian parameters from Equation (1) are applied to the housing costs of the
within-area counties, and adjusted so that the weighted geometric means within areas

equal the input price levels. The predicted price levels for the 425 counties are shown in
Figure 2.

Figure 2. Predicted Price Levels n=425
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The fourteen leftmost set of points on the horizontal axes of Figure 3, represent
Philadelphia (A102) in the North East region while the rightmost nine points represent
West B size areas (X499).

Philadelphia has an observed input price level of 1.04 with an average weighted rent of
$1,044 (Table Al in the Appendix). There are fourteen counties that make up the
Philadelphia area. The lowest predicted price level is 0.82 for Philadelphia County, while
the highest is 1.25 for Chester, PA, closely followed by Bucks County, PA. The
corresponding housing cost variation is $716 for Philadelphia County versus $1,406 for
Chester County. The highest estimated price level is Richmond County in New York,
with 1.55, and an observed housing cost of $1,444, while the lowest is St.Landry Parish,
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Louisiana, with a price level of 0.56 and housing costs averaging $397. The highest
housing cost across all 425 counties was in Marin County, CA, at $2016 and its estimated
price level was 1.52.

Equation (2): Spatial Bayesian Model (n=425)

P=AWP+Xp+¢
£ =~ N(0,6°V), V=diag(v,,...,v,)

Equation (2) is similar to Equation (1) but adds a n by n spatial weight matrix W. The X
matrix also includes the spatial weight matrix and is analogous to a spatial Durbin
variable'”: X is an n by 3 matrix with the 3 columns equal to an intercept, housing costs,
and W*housing costs. As in Equation (1), the prior distribution for the v; terms is
assumed to be an independent chi-square distribution y*(r) and is obtained using a Gibbs
sampler.

The matrix W is a non-negative spatial weight matrix with zeros on the diagonal and non-
zero entries reflecting the spatial proximity of one county to another. A non-zero element
Wi defines i and k as geographical neighbors. The term neighbor in this context may
range from nearest neighbors, to contiguity, to inverse distance matrix definitions of
neighbors. For example, a first-order nearest neighbor matrix will have ones in the row
and columns corresponding to observations that are closest to each other geographically,
and zero otherwise'. Inverse distance matrices will have entries in all the elements
(except the main diagonal) indicating the inverse of the distance between the
observations. The contiguity matrix is defined using a Delaunay triangulation'’, with
observations having from three to twelve neighbors. This is the matrix chosen for this
paper. See Aten [2007] for an analysis of the sensitivity of different spatial weight
matrices to the final estimated price levels.

Table 3. Second Stage Regression Results

Dependent: Spatial Bayesian
LnP
n=425 Parameter
Estimates
W#*InP A 0.20 (.02)
Intercept B1 -3.83 (.07)
Ln Housing costs B2 0.55 (.01)

' For a review of the estimation of spatial econometric models, including their specification, see for
example, Anselin [1988, 2002, 2004], Getis et al [2004], LeSage et al [2004].

' Other metrics, such as trade or commuting flows may be used in the W matrix, but distance is an easy to
compute variable that is clearly exogenous, and has been shown to be correlated to price levels in other
studies (Aten [1996, 1997]).

' Delaunay triangles (the dual of a Voronoi diagram, also know as Thiessen polygons) returns a set of
triangles such that no data points are contained in any triangle's circumcircle. The contiguity matrix is the
adjacency matrix derived from this triangulation.
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Dependent: Spatial Bayesian

LnP
W*Ln Housing B3 -0.002 (.0009)
costs
Rbar’ 0.84
G’ 289

Coefficients are followed by the standard errors in ().

Following the notation in Pace and LeSage [2007], the variables in Equation (2) are
partitioned into the set of observations for the BLS counties (labeled with the subscript /)
and the remaining counties (subscript 2). The X matrix equals [X; X>] and P = [P; P;],
with n=n; + n,. Similarly the spatial weight matrix W is partitioned into W;;, W, W,
and W>,. This means that /7, the weight matrix for the counties in the BLS, reflects their
contiguity within the larger set of all U.S. counties, not as a separate set of spatial
locations'®. The partitions are shown in Equation (3).

Equation (3): Partitioned n (ny = 425, n, = 2713)

(p]]:/l(w;l W;zJ[p]]"'IB{Xl]"'[glj
P Wy Wy )\ Ds X, &
P, are the unobserved, missing price levels for the counties not in the BLS sample, that is,

the ones to be predicted, while X, the housing costs and spatially lagged (W*housing
costs) housing costs for these counties are observed.

We use the estimated s and A from Table 3 to obtain an exogenous prediction E(p;) ,
shown in Equation (4).

Equation (4): Expected values of missing dependent variables E(p,)

E(pl) = 131 = Vlleﬂ"'VlzXzﬂ
E(pz) = 132 = V21X1ﬂ+V22X2:H

Where Z = [ - AW, and V=2Z".

'® The use of such an endogenous spatial weight matrix is discussed in Smirnov [2007].
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E (p2) includes the observed X; and X> values, and the spatial structure within (/5;) and
across (W5)) the two sets of counties. LeSage and Pace [2004] show that we can improve
on this prediction by conditioning on the observed sampled information (p.236 ibid),
shown in Equation (5).

Equation (5): Conditional expectation of missing dependent variables E(p,|p1)

E(p,|p)=p, = P, _(lPZZ)_]\Pﬂgl
Where ¥=Z7"Z7 is the inverse of the variance-covariance matrix.

The resulting BLUP predictions, E (p2|p:), use the exogenous prediction of p, from
Equation (4) modified by the variance-covariance structure of the two sets of counties
and the observed residuals (&) from the BLS counties. The final parameters in Equation
(3) are re-estimated using the ‘repaired’ data set of dependent variables made up of the
original p;s and the conditional expectation of the p2s (LeSage [1999]) '°. The repaired
parameters for the full set of n=3138 observations differ from those shown in Table 3
only in the third decimal place.

Final Stage

The final stage consists of aggregating the predicted county price level estimates to
regional price parities or RPPs. The aggregations correspond to two geographical
definitions used by the BEA, the 51 states and 363 metropolitan areas™. Ideally, an
aggregate consumption RPP would use county-level consumption expenditure weights at
the county level, but these are not available below the metro-area level. Instead, we use
total Compensation of Employees by county, which includes wages and salaries plus
supplements to wages and salaries. Compensation of employees is a large component of
both the Personal Income and Gross Domestic Product data estimated by the BEA (see
Lenze [2007] and Panek, Baumgardner & McCormick [2007])*".

One purpose of estimating RPPs is to convert expenditure-related data, such as incomes
and output, from national prices to regional prices which better reflect volume®
measures. However, we have very little, if any, information on price differences for
government services, transfers, investment income and other components on the income-

1 All estimation was done in Matlab using the Spatial Econometrics package written by James LeSage
(http://www.spatial-econometrics.com/)

2% See Metropolitan area definitions and BEA Economic Area definitions under
http://www.bea.gov/regional/index.htm. The micropolitan areas and the metro/non-metro portions of each
state may also be made available upon request.

*! Personal Incomes are published at the county level, but GDP only at the metropolitan area level
http://www.bea.gov/regional/gsp/help/. The latter are estimated, but not published at the county level.

2 Dividing GDP by the expenditure based PPP for GDP provides a comparison of real volumes across
areas, following common practice in international comparisons of real income and product. See for
example, the OECD — Eurostat Methodological Manual of Purchasing Power Parities Box 1.1, Chapter 1 in
www.oecd.org/std/ppp/manual
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related side of the personal income and gross output measures at BEA. We therefore use
the RPP to convert only the wages and salaries component, and assume national prices
for the other components.

Tables 4 and 5 show the Compensation of Employees totals, at national prices and at
RPPs, and the corresponding per capita Personal Income™ and per capita Gross
Domestic Output’ values as well as the actual RPPs for each state and metropolitan area,
respectively. The RPPs are normalized so that the sum of unadjusted and adjusted totals
for the U.S. as a whole are equal, and the RPPs are multiplied by one hundred for
presentation purposes.

The range for the values adjusted by their RPPs is smaller. In Table 4 the mean per
capita income for the country as a whole is $34,757. At national prices the range is from
$24,901 (LA) to $54,371 (DC), while at regional price parities the range is from $29,570
(LA) to $47,825 (DC). This is expected as the higher income (and GDP) states tend to
have a high RPP, so that their adjusted values will be lower, and conversely, the lower
income (and GDP) states will be adjusted upward as their price levels tend to be lower.
The lowest RPP is West Virginia (66.4) and the highest New York (131.0).

In Table 5, the lowest RPP is for Cumberland MD-WYV (60.7) and the highest for the San
Jose-Sunnyvale-Santa Clara CA (150.5) metropolitan statistical area. The lowest per
capita income metropolitan area is McAllen-Edinburg-Mission, TX and the highest is
Bridgeport-Stamford-Norwalk, CT, at both national prices and RPPs. The range
decreases from $52,102 at national prices to $33,908 at regional price parities.

Conclusions

Regional price parities or RPPs are constructed from a set of 38 metropolitan and urban
area price levels for consumption goods and services, plus housing costs for all U.S.
counties from the 2005 American Community Survey of the Census Bureau.

The 38 area price levels are computed from individual price observations on hundreds of
consumption items that make up the Consumer Price Index of the Bureau of Labor
Statistics, covering the expenditures of approximately 87% of the U.S. population, but
accounting for only 15% of the counties in the United States.

The strong relationship between the area price levels and quality-adjusted housing costs
makes it feasible to estimate the unobserved price levels of the remaining counties not
covered by the Consumer Price Index. This relationship is calculated using a Bayesian
spatial smoothing approach that takes into account the spatial autocorrelation and non-

3 The definition of Personal Income and the geographical aggregations are from BEA:
http://bea.gov/regional/reis/default.cfm?catable=CA1-3&section=2
24 Source: BEA http://bea.gov/regional/index.htm
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constant variances of the observations, as well as the relationship between the variables
observed in the BLS counties and those observed in all U.S. counties.

The results demonstrate the feasibility of estimating state price levels from the Consumer
Price Index survey of the Bureau of Labor Statistics and from housing cost data in the
American Community Survey of the Census Bureau. Just as we deflate incomes and
output over time to adjust for changes in prices across years using the CPI, the RPPs
enable us to adjust national totals to take into account regional price level differences.

An important extension of this work is to explore the development of RPPs that reflect
more than consumption goods and services, such as investment and government price
differences, and to explore geographic price differences in production prices. In
international comparisons, the price level of consumption is often a good approximation
for GDP from the expenditure side. This is because the relative prices of investment and
government change systematically in opposite directions when measured across per
capita incomes. It is not clear whether this pattern would be found across states or
smaller geographies within one country, but it seems worth examining. One approach to
this would be to see if there is a pattern across states in salaries and prices of inputs and
outputs related to construction, producers’ durable equipment and government
compensation.

A second outgrowth of this work is to look at differences in price levels within
expenditure categories, such as Food and Beverages, and within income groups, in order
to make adjustments to federal and state aid programs that aim to target particular
populations. Most of the non-urban counties in the United States had lower housing costs
than their urban counterparts within a state, but the price levels of goods, such as fresh
vegetables, and of medical and educational services were sometimes higher. Using both
the time-to-time CPI index and the regional price parities (RPPs) may broaden the
analysis of patterns of consumption price levels while enabling a more focused approach
to targeting areas of interest.
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