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Both appraisals of the value of properties and transaction prices are used as the underlying
database used for the measurement of commercial property price indexes (CPPIs). The
former is based on judgment and may smooth and lag transaction prices. The latter is based
on actual transactions and may have sample selectivity bias and limited sample sizes for
heterogeneous properties. In principle, actual transaction prices are preferred, but their
inherent problem of sparse data on heterogeneous properties limits their use in practice. We
examine such issues using counts information on granular CPPIs for the United States (US).
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1.

Introduction

In principle commercial property price indexes (CPPIs) should be based on actual transactions. In
practice, commercials properties are heterogeneous and transactions irregular thus complicating
comparisons of average transaction prices for a fixed-quality bundle of properties over time—the type
of methodology that would be applied for a consumer price index. Even where matched (repeat)
transactions are used, the sample of properties sold more than once in the period of the index can be
very limiting and its implicit selection procedure biased. The problem of sparse transactions on
heterogeneous properties is worse when measurement really matters, as we go into and during
recessions.3
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Similar problems arise with residential property price indexes (RPPIs) (Silver, 2012) though even during
recessions the number of transactions remains reasonable for estimation purposes and the heterogeneity is not as
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This shortcoming of CPPIs being based on sparse data has limited their provision and use. Instead of
using actual transactions-based CPPIs, appraisal-based indexes using valuations are more commonly
used. However, as outlined in Silver (2013), they too suffer from limitations: they are subjective and
not every property is regularly or properly reappraised every period, see Kanutin (2013). There is
evidence of a dampening or smoothing of market price volatility and a tendency of appraisal indexes
to lag market price indexes. Users have an established preference for transaction-based indexes.
Kanutin (2013, page 4).
Accurate measure of commercial property price indexes (CPPIs) are recognized as important for
economic analysis, monetary policy, financial stability and prudential supervision. The International
Monetary Fund (IMF)/Financial Stability Board (FSB) G-20 Data Gaps Initiative (DGI) includes
CPPIs in its 20 recommendations on data gaps (see Heath, 2013). Yet their measurement is highly
problematic.
We use, for the United States (US) from 2000Q4–2012Q4, granular CPPI series disaggregated by
type of transaction (apartment, industrial, office, and retail) in specified geographical areas with
accompanying series on the “counts”—number of transactions— used each quarter to estimate the
index. We use a more efficient estimator due to the availability of information on counts, the source
of our problem of sparse data.
The features of appraisal and transaction-based indexes are outlined in Silver (2013). Section 2
outlines methodological issues that take account of sparse data in estimating commercial property
price inflation; section 3 provides empirical results using US data; and conclusions are drawn in
section 4.

2.

CPPIs and sparse data: method

The analysis below is based on “granular” transaction-based CPPI series provided by Real Capital
Analytics (RCA CPPI).4 It extends from 2000:Q4 to 2012:Q4 and focuses on relatively high-value
transactions; RCA data from 2000 covered transactions of over $5 million but in 2005 extended this
to transactions over $2.5 million.
Attention in this paper will first be focused on an aggregate CPPI for apartments only derived from
sub-indexes for 34 metropolitan areas, and second, on an aggregate CPPI derived from sub-indexes
for four types of properties: apartments, industrial, office, and retail.
Importantly, to gain insights into the problem of sparse data, RCA have provided us with confidential
data on the “counts”—number of transactions—underlying each of their granular indexes in each
period. Our interest here is whether by incorporating this counts data as weights in a WLS estimator,
the measurement problems associated with sparse data can be ameliorated.
Pooled ordinary least squares (OLS) and weighted least squares (WLS) fixed cross-section and timeperiod estimators were used to derive estimates of commercial property price inflation for apartments.
Consider a pooled estimator for national property price inflation for apartments derived from the
i=1,…34 US metropolitan areas over the period 2001Q1 to 2012Q12:
4
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where dCPPI it is commercial property price inflation for property type i in period t; FEmetroit and

FEtimeit are respective fixed-effects for metro areas and quarterly time periods with associated
coefficients  i and t ; and it is an error term with the usual desirable properties. The model is
estimated using the least squares dummy variable (LSDV) method (Wooldridge, 2002) by both OLS
and WLS estimators; the weights for WLS are

countit

where

countit are the number of observed
V  it    2 / countit

price transactions for metro area i in period t. The assumption is that

; as count


increases, the variance decreases. Estimates of t form the basis of the estimates of the property price
inflation series in Figure 1 (and in the next section’s Figure 2).5 Taken as a whole series and paying
due regard to the quality of the counts data, the WLS more efficient estimates can be argued to better
reflect changes in commercial property price inflation.6
First, the OLS series relies heavily on a homoskedasticity assumption, one that is questionable given
the variability in the counts data, both across metro areas and, more particularly, over time. OLS
gives less precisely measured observations more influence than they should have and more precisely
measured ones too little influence. WLS using, in this context, counts information assigns a weight to
each observation that reflects the uncertainty of the measurement and thus improves the efficiency of
the parameter estimates.
Second, this focus on the efficiency of the estimator is in line with the literature on “errors in
measurement” of the dependant variable, the commercial property price index—Hausman (2001) and
Wooldridge (2002). This literature shows such measurement errors result in OLS parameter estimates
that are unbiased, but inefficient, with reduced precision and associated lower t-statistics R 2 .
Third, estimates of price changes from small samples are more likely to contain extreme values
compared with those from larger samples and, with a skewed distribution, have a directional bias.
Extreme values in regression-based frameworks have undue leverage effects on the parameter
estimates (Hausman, 2001). WLS gives les emphasis to such extreme values.

3.

CPPIs and sparse data: empirical results

The series considered in section A are quarter-on-quarter price inflation from 2000:Q1 to 2012:Q4 for
apartments broken down by 34 metropolitan areas, and in section B, by four types of properties
5
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t
estimator of  in equation (1) above and V (ˆ ) its estimated variance, see also Giles (2011).
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(apartment, industrial, office, and retail); these in turn constitute CPPI it on the left-hand-side of
equation (1) above. 7 The former is used to estimate CPPI for apartments and the latter for overall
commercial property price inflation. In both sections we consider RCA CPPI series estimated using
pooled OLS and, making use of the counts series, using pooled WLS.
A natural first step is to identify whether there is any association between the number of observed
price quotes in any period constituting the index8 and commercial property price inflation. We would
expect a positive relationship; the collapse during this current recession in commercial property price
inflation to be associated with a fall in transaction counts and, similarly, movement out of the
recession with increasing inflation and increased counts. Table 1 shows there is a consistent positive
association between inflation and counts for each of office, retail, industrial and apartment properties
and their respective counts for the period 2001Q1 to 2012Q12 and within pre-recession and recession
sub-periods; the association is statistically significant at a 5 percent level for each type of property in
the period of the recession and for the aggregate of all properties in each period considered.
Table 1, Correlation coefficients: count and commercial property price inflation:
All
Office
Retail
Industrial Apartment
Whole period: 2001Q1: 2012Q4

0.298**

0.215

0.286*

Pre-recession: 2000Q4: 2007Q4

0.538***

0.702*** 0.007

Recession: 2008Q1: 2012Q4

0.612***

0.487**

0.312**

0.239

0.721*** 0.168

0.601*** 0.578*** 0.622***

***,**,* denotes statistically signifcicant for two-tailed test at 1, 5, and 10 percent levels respectively.

a. Disaggregation of apartment price inflation by 34 metropolitan areas
The estimation of commercial property price inflation in this section is for a single property type, that
is apartments, using granular apartment indexes for 34 metropolitan areas. Such inflation measures, if
derived for all four property types, can then be explicitly weighted together to compile an aggregate
series of commercial property price inflation covering the four property types. The resulting index
would benefit from flexibility in applying explicit weights rather than the implicit equal weights in
the regression-based aggregates by RCA and above. Details of the regression results are available
from the authors.
Figure 1 shows there is some apparent convergence between WLS estimated inflation and OLS/RCA
inflation for US apartments going into the recession, coming out, and thereafter. However, (i) WLS
estimated inflation for apartments in the first half of the decade and lead up to the recession was
substantively higher than estimates by OLS and RCA, and (ii) the amplitude of the trough around
2009Q1 measured by WLS was markedly smaller. Less precisely measured index values, due to
smaller sample sizes, are more likely to have extreme values with relatively high leverage; WLS
accordingly gave the extreme values in the downturn less weight. 9 This downgrading has served here
7

The null hypothesis of individual unit roots for this pooled data set was rejected when tested.
For the RCA CPPI data the count in a given quarter is the number of transactions in that period for which there
are earlier transaction-pairs on the same property. It may be argued that if there is more than two such
transactions, the earlier data contribute to the effective sample.
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The recessionary trough is characterized by negative skewness in regional apartment property inflation while
positive skewness is the norm outside of this period.

p.1823

Proceedings 59th ISI World Statistics Congress, 25-30 August 2013, Hong Kong (Session STS037)

to reduce the extreme falls, for some metropolitan areas, in inflation leading to WLS estimates
exceeding those estimated by OLS. Commercial property price inflation for apartments in the US was
understated in the first-half of the decade and lead up to the recession and its fall in the initial phase
of the recession overstated.
8
6

Figure 1, US apartment property inflation: quarter-onquarter rates
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b. Disaggregation by four property types: apartment, industrial, office, and retail
Figure 2 show overall commercial property price inflation estimated from a pooled quarterly series
over 2001Q1 to 2012Q12 of the four property type in a model that includes fixed-time and crossproperty type effects, as outlined above, both without using the counts series, an OLS pooled
estimator, and with using the counts series as weights in a WLS pooled estimator. Also included for
comparison are the RCA’s overall commercial property and the NCREIF’s valuation-based
commercial property inflation series. It should be noted that the series by RCA are the result of a
repeat sales regression made up from the sample of repeat purchases.
Figure 2 shows the pooled OLS estimates to closely follow the RCA (regression-based) estimates, as
would be expected. The WLS and OLS estimates are very close, only noticeable departing during
2010. Aggregation at this higher level of counts is not affected by the differential relative counts of
the underlying transactions for each series. None of the four series have extreme movements
associated with a relative paucity in the numbers of observations. Were it the case, the WLS estimator
would give them less emphasis in determining the series, compared with OLS.
10
8

Figure 2, US commercial property price inflation: quarter-on
quarter rates
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4.

Conclusions

CPPIs based on transaction data, although generally considered to be desirable, have been plagued by
concerns over their derivation from sparse data. Organizations with a need for CPPI macroeconomic
series, such as the European Central Bank (ECB), acknowledge their user-preference for transactionbased series, but have turned to using valuation-based series with their incumbent problems, because
of sparse data problems associated with CPPIs. We consider methods of improving transaction data
first, in this paper, by explicitly making use of information on “counts,” the number of transactions
each period, to improve the efficiency of the regression-based estimates.
We demonstrate that when compiling series from disaggregate regional series using regression-based
estimators, incorporating counts data by means of a WLS estimator markedly changes, and given its
increased efficiency, improves, estimated inflation. We show that, for example, the bottom of the
recessionary trough in 2009Q1 to be about 3 percentage points less than would otherwise be
considered. We demonstrate that at higher levels of aggregation, by property type into national
inflation measures, the gains from using counts data in this manner are minimal. Thus a proposed
strategy arising out of this work would be to use counts data to derive aggregate measure from
regional data for each property type, and then explicitly weight, say using relative values of the stock
of properties, the resulting indexes to form a national commercial property price index.
Further research into improving estimates of commercial property price inflation is underway to first,
explore inclusion of spatial autocorrelation of the residuals into the modeling and second, identify
means by which valuation-based data may be used to improve CPPI estimates.
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