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A.1 Data and data cleaning

The historical transaction records in DataQuick extends from the late 1990s to 2012 (exact
dates are given in Talbe A.2 below) with some large metropolitan areas, such as Boston
and New York, having transactions recorded as far back as 1987. Properties are uniquely
identified by property IDs, which enable us to identify sale pairs. We rely U.S. Standard
Use Codes contained in the DataQuick database to identify transactions of single-family
residential homes. The specific counties included in each of the ten MSAs are listed in
Table A.1.

Our data cleaning rules are based on the same filters used by S&P /Case-Shiller in the
construction of their monthly indices. In brief, we remove all transactions that are not
“arms length,” using a flag for such transactions available in the database. We also remove
transactions with “unreasonably” low or high sale prices (below $5000 or above $100
million, and those generating an average annual return of below -50% or above 100%), as
well as any sales pair with an interval of less than six months. Sale pairs are also excluded
if there are indications that major improvements have been made between the two
transactions, although such indications are not always present in the database.

Once these filters are imposed, we use all remaining sale pairs to estimate the
repeat-sales model presented in equation (1) using the estimation procedure described in
Section 3.1. For the Los Angeles MSA, for example, we have a total of 877,885 “clean”
sale pairs, representing an average of 180 daily sale pairs over the estimation period.

Details for all ten MSAs are provided in Table A.2 below.
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A.2 Supplementary tables and figures

Tables A.3-A.5 and Figures A.1-A.3 contain additional empirical results for each of the ten
MSAs pertaining to: the noise filter estimates; the daily HAR-X-GARCH-CCC correlation
estimates; the unconditional correlations of the monthly Case-Shiller index returns; the
sample autocorrelations for the raw daily index returns; time series plots of the raw and
filtered daily house price indices; and the unconditional return correlations as a function of

the return horizon.
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Figure A.1: Sample autocorrelations for raw daily index returns, with 95% confidence intervals
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A.3 Frequency-based comparisons with monthly S&P /Case-Shiller index

In parallel to the monthly S&P/Case-Shiller indices, our daily house price indices are
based on all publicly available property transactions. However, the complicated non-linear
transformations of the data used in the construction of the indices prevent us from
expressing the monthly indices as explicit functions of the corresponding daily indices.
Instead, as a simple way to help gauge the relationship between the indices, and the
potential loss of information in going from the daily to the monthly frequency, we consider
the linear projection of the monthly S&P/Case-Shiller returns for MSA 4, denoted Tffdp ,

on 60 lagged values of the corresponding daily index returns,

rffLP =0(L)riy+eir = §9: §; L7 4 + €iy, (6.1)
j=0
where Lir;, refers to the daily return on the j day before the last day of month ¢. Since
all of the price series appear to be non-stationary, we formulate the projection in terms of
returns as opposed to the price levels. The inclusion of 60 daily lags match the
three-month smoothing window used in the construction of the monthly S&P /Case-Shiller
indices, discussed in Section 2. The true population coefficients in the linear 6(L) filter are,
of course, unknown, however they are readily estimated by ordinary least squares (OLS).
The OLS estimates for d;—¢,_. 59 obtained from the single regression that pools the

returns for all ten MSAs are reported in the top panel of Figure A.4. Each of the
individual coefficients are obviously subject to a fair amount of estimation error. At the
same time, there is a clear pattern in the estimates for d; across lags, naturally suggesting
the use of a polynomial approximation in j to help smooth out the estimation error. The
solid line in the figure shows the resulting nonlinear least squares (NLS) estimates
obtained from a simple quadratic approximation. The corresponding R?s for the
unrestricted OLS and the NLS fit (3] = 0.1807 4 0.01015 — 0.000252) are 0.860 and 0.851,

indicating only a slight deterioration in the accuracy of the fit by imposing a quadratic

12



approximation to the lag coefficients. Moreover, even though the monthly
S&P /Case-Shiller returns are not an exact linear function of the daily returns, the simple
relationship dictated by 6(L) accounts for the majority of the monthly variation.

To further illuminate the features of the approximate linear filter linking the monthly

returns to the daily returns, consider the gain,

59 59

1/2
G(w) = [Z > 6;0kc0s(|j — k|w)] , we(0,m), (6.2)

j=0 k=0

and the phase
Z?io d;sin(jw)
Z?io d;cos(jw)

O(w) = tan™" ( ) , we (0,m), (6.3)

of §(L). Looking first at the gains in Figures A.4b and A.4c, the unrestricted OLS
estimates and the polynomial NLS estimates give rise to similar conclusions. The filter
effectively down-weights all of the high-frequency variation (corresponding to periods less
than around 70 days), while keeping all of the low-frequency information (corresponding to
periods in excess of 100 days). As such, potentially valuable information for forecasting
changes in house prices is obviously lost in the monthly aggregate. Further along these
lines, Figures A.4d and A.4e show the estimates of @, or the number of days that the
filter shifts the daily returns back in time across frequencies. Although the OLS and NLS
estimates differ somewhat for the very highest frequencies, for the lower frequencies
(periods in excess of 60 days) the filter systematically shifts the daily returns back in time
by about 30 days. This corresponds roughly to one-half of the three month (60 business

days) smoothing window used in the construction of the monthly S&P /Case-Shiller index.
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Figure A.4: Characteristics of the §(L) filter
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