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Abstract

This paper proposes an alternative specification for the second stage of the Case-
Shiller repeat sales method. This specification is based on serial correlation in the
deviations from the mean one-period returns by the underlying individual assets, whereas
the original Case-Shiller method assumes that the deviations from mean returns by the
underlying individual assets are i.i.d. The methodology proposed in this paper is easy to
implement and provides more accurate estimates of the standard errors of returns under
serial correlation. The repeat sales methodology is generally used to construct an index
of prices or returns for unique, infrequently traded assets such as houses, art and musical
instruments. We demonstrate our methodology on a dataset of art prices and on a dataset

of real estate prices from the city of Amsterdam.



1. Introduction

The repeat sales methodology has become an important technique to determine
price trends and returns for idiosyncratic assets, including real estate, art, and antique
musical instruments. The basic principle is to improve upon hedonic regression
techniques by using pairs of observations on the same asset. In effect, this is using fixed
effects estimation with the usual advantage of controlling for unobserved characteristics
of individual properties (we will refer to properties because residential real estate is the
most common asset for which repeat sales indexes are computed).

Bailey, Muth, and Nourse [1963] were the first to propose a methodology for
repeat sales regressions, simply using ordinary least squares. Case and Shiller [1987]
improved on this with a three-stage generalized least squares (GLS) methodology. Under
the assumption that deviations from the mean single-period returns by the underlying
assets are independently and identically distributed, the variance of returns grows linearly
when single-period returns are aggregated over the holding period of an asset. Thus, the
errors in the repeat sales regression are heteroskedastic. In order to correct for this
heteroskedasticity, one proceeds by first estimating OLS regressions using dummy
variables for time periods between sales (or -1 and +1 indicators for first and second sale
dates if one is estimating index levels). Then, the squared residuals are regressed against
the length of the holding period.! The estimates from the second stage regression are

then used to form weights for the third-stage GLS regressions. While both the OLS and

! The second stage regressions also include a constant, interpreted as a “transaction-
specific random error” since it is independent of the holding period. With this
explanation, the constant must be positive. In some sense, the whole idea of repeat sales
regressions is to purge estimates of house-specific errors.



GLS regressions provide unbiased estimates of the return coefficients for each period, the
GLS regressions will be more efficient.” Our goal in this paper is to study the
implications of non-i.i.d. errors on the specification of the second-stage regression. We
show that in many cases, the i.i.d. hypothesis on the individual asset returns is rejected
and that efficiency can be easily improved by a more general specification of the second
stage. We demonstrate our method using two different datasets: art sold in Amsterdam
between 1680 and 2007, and real estate sold along the Herengracht canal in Amsterdam
between 1630 and 1972.

There has been considerable research since Case and Shiller on repeat sales
techniques. It is well-known that the standard specification of logarithmic returns
estimates the geometric mean of property returns. The estimate of the arithmetic mean in
a period depends on the geometric mean return and the cross-sectional variance of the
per-period return of the individual assets. Thus, any biases in estimates of the variance
affect point estimates of the arithmetic mean return. Goetzmann [1992] proposed using
the second stage of the Case-Shiller method to estimate the cross-sectional variance. We
show that under any assumptions other than i.i.d., the Goetzmann correction provides a
biased estimate of the variance in per-period returns, and thus a biased estimate of the per
period arithmetic return.

In Section 2, we explore work that has used the Case-Shiller method and some of
their findings. In Section 3 we detail the Case-Shiller methodology and look at its effects

on our two applications. Section 4 explores different assumption regarding the asset

? It is well-known that the last few periods in the sample have only a small fraction of
transactions spanning them. The estimated returns in these last periods may have large
standard errors, making the GLS efficiency improvements particularly critical.



return errors.  Section 5 proposes a non-parametric alternative to the standard Case-
Shiller method. In section 6 we discuss further applications and extensions and in section

7 we conclude our analysis.

2. The Importance of Repeat Sales Indexes

and the Case-Shiller Method

In the current economic environment and the resulting subprime crisis,
economists are paying very close attention to estimates of house price movements.
Efficient and consistent estimates are important for gauging the state of the economy.

Both the OFHEO (Office of Federal Housing Enterprise Oversight) and the S&P/
Case-Shiller home price indexes use a variation of the Case-Shiller method to calculate
their indices. While the Case-Shiller method proposes using a linear specification for the
second-stage regressions, regressing the squared errors from the first stage on the time
between sales (which theoretically results from the i.i.d. assumption on the individual
asset returns), the OFHEO approach (see Calhoun [1996] for details) fits a quadratic
equation—regressing the squared error on time between sales and the square of time
between sales. Furthermore, Calhoun [1996] states that, in practice, the constant term in
the second-stage regression is often negative, which is inconsistent with the Case-Shiller
approach. As a precursor to Calhoun [1996], Abraham and Schauman [1991] discussed
fitting a quadratic term in the holding period, but they did not discuss the theoretical
implications. Calhoun suggests forcing the constant to zero and re-estimating in that
case, which is the approach taken by the OFHEO in their regressions. The OFHEO

presents the coefficients from their second stage regression so that users may go from the



geometric to the arithmetic mean. Below, we show their methodology is inefficient and
possibly inconsistent if the reported coefficients are actually used.

Case and Shiller directly estimate an arithmetic index but still use the standard
Case-Shiller correction to correct for heteroskedasticity. The addition of non-linear terms
to the Case-Shiller correction, as discussed below, could possibly improve the efficiency
of their estimates.

In the literature on estimating returns to art, Goetzmann [1992, 1993] and Mei
and Moses [2002] use the second stage regression coefficients in the Case-Shiller
estimation scheme to estimate the variance of the cross-sectional return and continue to
make use of the i.i.d. assumption on the errors in the single-period returns. These paper
do not present the second-stage regressions, so that readers obtain little evidence on the
fit in this regression.

Quigley [1995] proposes estimation of a hybrid model using both repeat sales
and hedonic estimates for properties sold once and fits the squared residuals to a
quadratic function of elapsed time without a constant. Without much explanation, he
refers to this as the implication of a random walk. Hwang and Quigley [2004, p. 165]
specify an error distribution “to include mean reversion as well as a random walk” in
which they model autoregression in the errors in price levels.

We start by dropping the i.i.d. assumption and deriving the statistical properties of
the effect of the holding period on the variance of returns. Unlike Hwang and Quigley,
we consider violations of independence in the errors in returns, rather than errors in price
levels. It turns out to be relatively straightforward to model the effects of short-term

violations of independence (such as first-order moving average processes) on the



variances at different holding periods. In most cases, it is not possible to identify the
statistical properties of the error process on the individual asset returns from the pattern

of residuals.

3. Does the Case-Shiller Method Correct for Heteroskedasticity?

Assume that there are N observations of repeat sales in a data set. Each
observation consists of the purchase (buy) date, b;, the purchase price, B;, the sale date, s;,
and the sale price, S;. The purchase and sales dates span the interval from t=0to t=T.?
3.1 The Basic Case-Shiller Model

(i.i.d. errors on individual one period asset returns)

Define the length of the holding period as t; =S, —b,. Let y, =log [%J be the

log of the compound return on property i. We can write the compound return as the sum

of the returns to property i in each period between purchase and sale, or:

S; P
yi = Ztl:b ri,t Where ri,t = log L;,IJ :

it-1

and P, is the price of property i in period v (which is not observed except for v =s; and

RY
b). The standard assumption in repeat sales regressions is that I, = p, +¢;,, where

g, 1s independent and identically normally distributed. Then, we can rewrite the

compound return as:

3 Our presentation adopts some of the notation in Goetzmann and Peng [2002]. We use
their notation as they work in returns, which is the approach that we have adopted.
Case and Shiller originally worked in levels, and then differenced the levels, which
resulted in an index being estimated, rather than returns.



Yi = Z:i:b, Mot Ztib, Eix -

Most analyses using repeat sales regressions are primarily interested in the estimated p,

series, either to uncover the time pattern of property returns or their expectation and

variance over time.

In the above case, the error term Z:’zb g, grows linearly with the length of the

holding period. Under this assumption, one need not actually use the three-stage

procedure since one can simply use as the weights for GLS.

L
VS —b,
Case and Shiller [1987] assumed that:

log(R)=C,+H, +N
where C, is the value of the index in period t (cumulated returns to time t), H;, is the
value of a random walk process for property i at time t, and N, is the “sale-specific

random error”. This is the Case-Shiller framework with “transaction risk”. The above

expression is equivalent to writing the price of property i in period T as:
T T
Pr = eXp(Zut +zait + U j
1 1

where v;; # 0 only if a transaction occurs in period T. Taking logs and differencing

prices at two different transactions, we obtain:
T T
ln(PiT )_ln(PiT—k ) = Zut + Zgit + Vi =V -
T-k T-k

Note that this expression holds even if other transactions occur between periods T-k and

T (unlike if there is additional variation in the return in a period with a transaction).



.
Then let «; = Z & +V;r —U;1_, be the residual for property i in the first-stage regression.
T—k

Since the transaction errors are independent of the return errors, we can use all our earlier

results. We now would have:
. 2
E (x; )2 = E(Zstj +20,
1

. . 2 . .
where o is the expectation of (Ui,t) , under the assumption that the v, are i.i.d.

(Quigley et al. allow for serially correlated v, ). Note, however, that only under the i.i.d.

assumption can any parameters of any of the processes now be identified because the
constant term now also represents the transaction error.
3.2 Applications

We start by looking at how well the Case-Shiller method corrects for
heteroskedasticity empirically with two distinct repeat-sales datasets. The first dataset
we use comprises 1,468 observations of repeat sales of art sold in Amsterdam between
the years 1780 and 2007 and was put together by Rachel Campbell. The second dataset
consists of 3,577 repeat sales of houses that were sold along the Herengracht canal in
Amsterdam between the years 1630 and 1972. This dataset is analyzed in Eichholtz
(1997).

We employ the Case-Shiller method as follows. In the first stage regressions we
regress the difference in the logs of the price change on dummy variables X ;;. When
asset 1 1s purchased in period b; and sold in period s;, X;; take on the value 1for b;<j<s;
and zero otherwise. In the second stage of the regressions, we regress the square of the

residuals from the first g,e. on the holding period and a constant. For the 3rd stage



regressions, we construct a weighted least squares regression by dividing the regressand
and the regressors from the first stage by the square root of the predicted values from the
second stage. For the art dataset, following Goetzmann (1993) we estimate the model
using 10-year periods. For the Herengracht dataset, following Eichholtz (1997) we
estimate the model using 2-year periods.

We present the summarized results in Table 1, below (the full results of the first
and third stage regressions are presented in Appendix Tables 1 and 2) In Table 1 we also

present the test results from the Koenker-Basset test for heteroskedasticity. In this test,

the squared residuals from the regression model (U.”) are regressed on the squared
estimated predicted values of the dependent variable (YAiz) and a constant:

0 =a, +a,(Y,))+V,. The null hypothesis is that a; = 0. If this is not rejected, then one

could conclude that there is no heteroskedasticity.

As shown in Table 1, the stage I R* for the Campbell dataset is about .69 and
about .60 for the Herengracht dataset, which is typical of repeat sales datasets. For the
Campbell dataset, we marginally cannot reject that there is no heteroskedasticity, but for
the Herengracht dataset, we reject the hypothesis of no heteroskedasticity. The
coefficient on time between sales is significant in both datasets. The Stage III R-squareds
fall slightly relative to OLS, and again we cannot reject that there is no heteroskedasticity
in the Campbell dataset, but we can reject the hypothesis of no heteroskedasticity in the
Herengracht dataset.

3.3 Evidence of Non-i.i.d. Errors
Table 2 and Table 3 present different specifications of the second stage of the

Case-Shiller method. For the Campbell art dataset, the standard Case-Shiller



specification (shown in column 1) is dominated in most measures by all other
specifications that include a constant. For the Herengracht dataset, the standard Case-
Shiller specification does not appear to be unequivocally dominated. Nonetheless,
according to the Koenker-Basset test, the Case-Shiller method fails to get rid of the

heteroskedasticity, as shown in Table 1 above.

4. Individual Asset Errors that Are Serially Correlated Across Periods

The theoretical reason that the Case-Shiller correction may not be working as it
should be is that the return errors are not i.i.d. We now drop the assumption that return
errors are i.i.d. For Goetzmann’s [1992] study of the behavior of repeat sales regressions
using stock market data, the i.i.d. assumption seems appropriate. Considerable evidence
finds few deviations from market efficiency. Market liquidity, low trading costs, and the
ability to sell shares short all contribute to rapid transmission of new information into
asset prices. In contrast, for many of the asset classes studied in repeat sales regressions,
these features are not present.* Houses and individual works of art have idiosyncratic
features, making simple observations of prices of other assets in the class only signals of
the “true price” of an asset. Trading costs are also significant (5-6% commissions plus
transactions taxes and other costs for houses in the U.S. and a 10%-20% buyer’s

commissions plus seller’s commissions for art sold at auction), and short sales are

* Shiller [2007] discusses the serial dependence in housing price aggregates. Even when
repeat sales indexes incorporate a large number of properties, they usually combine data
on diverse subgroups within the asset class (such as all single-family homes in a large
metropolitan area). Since these submarkets may be quite thin and prices across the
submarkets may not be linked closely, serial dependence in the errors also seems quite
likely.



essentially impossible. Price data are also only available with some lag for houses (the
interval between contract date and closing date at a minimum).

Note that the statistical issue is whether the error term on the individual asset
returns is correlated between periods. In repeat sales data, only the residuals on the
aggregated time periods are observed. We shall see that this prevents us from uncovering
much of the fine structure of the time series processes of the error returns.

In what follows, we shall drop the subscript i for the individual property since all
calculations are with respect to a single property.

4.1 The MA Process
Suppose instead of i.i.d. errors that the errors follow a first-order moving average

(MA(1)) process: & =n,+06n,_,, t=1,7, where —1<0<1. Under this assumption, the

2
expectation of (Z gtj is:
1

(5ol ).

since all other ¢,¢,,, have zero correlation for k > 1,

2
E(Zetj :T(1+92)G;+2(2'—1)90; = r(1+t9)26;—2t90'j.
1

2
Thus, regressing the square of the residual in the repeat sales regression (z etj on T
1

and a constant should yield:

& =-20o, and e (1+ 9)2 o

10



Importantly, this provides a different explanation for the constant term than that of Case
and Shiller [1987]. Unlike their formulation, & <0 is not an anomaly, but arises
whenever 0 > 0 (unlike first-order autoregressive processes, there is no presumption that
0 take a particular sign). Thus, the issue raised in Calhoun [1996] about a negative
constant term may be evidence of non-i.i.d. error processes.

Under the assumption that the €, follow an MA(1) process, we can identify point

estimates of 6 and 0'3 from ¢ and B .
We can extend this to higher-order MA processes. For an MA(2) process:

& =1 +0n_ +r1,.
T 2
Then E[th) = z‘(l+92 +y° +2<9+2¢9}/+2;/)0';—20§ (0+9}/+}/).
1

Similar calculations reveal that all MA(k) processes will have an intercept term and a
constant multiplying T, but no terms multiplying higher powers of t. The slope term will
be positive, but the intercept may be positive or negative, depending on the specific
parameters of the process. Note that, for any MA process other than a first-order one, we
cannot identify the parameters since we observe only a slope and intercept.

While it is unlikely to arise, the estimated error for short holding periods could be
negative. In such cases, the GLS weight cannot equal the square root of the fitted
estimate of the residual. We discuss possible fixes later in the paper.

4.2 The AR Process
The other classical form of time dependence is an autoregressive process.

Suppose that ¢, t=1, z follows an AR(1) process:

E=mn+ps_,t=1, 1.

11



Economic processes usually exhibit positive autocorrelation, so we generally assume that
0 <p <1, although in principle it is only required that | p| <1 for stationary processes.

2

c
Using the fact that that E[g¢_, |= p" 1—”2 , we find that:

T 2 AT A7 _ _ -1
E[thj o 4207 T[P p J_p Pl p=p]
T l-p l-p (1-p)

The calculations for the above result are shown in Appendix A. As 1t grows, for p>0,

this expression increases at an increasing rate and asymptotes to an increasing straight
line. For p <0, it increases at a decreasing rate.” Thus, only negative first-order serial
correlation is consistent with a positive coefficient on time between sales and a negative
coefficient on its square, which is a common finding in the literature. Given that negative
autocorrelation is not common in economic data, it seems unlikely that an AR(1) error

process explains the commonly observed pattern. Higher-order AR processes will also

2
results in E [Z e:t} being a nonlinear function of the holding period.
1

2
One could fit a structural nonlinear regression using t to E [Z gtJ . As with the
1

MA(1) process, one would only identify parameters of the stochastic process conditional

on the assumption about the order of the AR process.

> Positive autocorrelation in return errors does not result in a mean-reverting process, in
contrast to Hwang and Quigley’s description of autocorrelation in price level errors.

12



4.3 The ARMA Process
Another possibility is a mixed autoregressive and moving average process. An
ARMA(p, q) process has p"-order autoregression and q"-order moving average. For p =
q=1,an ARMAC(1, 1) process can be written as:
& =¢s_,+n,+0n_,t=1, 1.
The expected values of the variances and covariances of errors equal:

O+p+6°¢+6p
1_¢2 0_77’

1+ 6% +2¢0
E(gf):o‘j {1_—%} E(gt“’ﬂt—l):@”_e2 HQG: =

O+p+6°¢+ 64

> fork > 2.
1-¢

R . Ol
and E(gé._, )=¢"B where ﬂ=7’

Using this fact, we find that

E[i%j =r[1+‘92_;22¢9jaj+2(r—1)(‘9+¢+92¢+9¢2]aj

t=1 1 1_¢2

+2(7,7 >
(1-¢)

N —(r—1)¢2+(r—2)¢)(9+¢+92¢+9¢2]
1-¢°

= 10,

| [ 1+6° +2¢0 ) O+p+6°¢+ 6 Py O+p+6°¢+6p
- 14 n -

2
+20',7

(¢° —(r—l)¢2+(r—2)¢)[9+¢+92¢+9¢2}
(1-g¢)’ 1-¢’ '

See the Appendix for details of the calculations. As with the MA process, there is an
intercept (which is easily negative), and a constant coefficient on the time horizon. As
with the AR process, there is also a term which decays exponentially, so one could

estimate a polynomial in T and then find the parameters to match up.
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For ¢ >0 (the “normal” case), the expectation of the square of the sum of the

residuals increases with the length of the holding period. For ¢ > |9 , it increases as an

increasing rate, while for 0 < ¢ < |19

, it increases as at decreasing rate. This last

possibility is consistent with finding a positive coefficient on the linear term and a
negative coefficient on the quadratic term in regressing the squared residual on the
holding period length. It also seems to be the “minimal” assumption on the return error

process to generate such concavity. As with AR processes, higher-order ARMA

2
processes will continue to result in E (Z 8tj being a nonlinear function of the holding
t=1

period.

The conclusion of the above exercise is that different data generating processes
result in different specifications for the second stage Case-Shiller regressions. However,
the aggregated data that is commonly available does not provide enough information to
specify the underlying data generating process. Hence, we need a more general

specification for the second stage regressions.

5. A Better Method
A better outcome would likely result if we did not have to rely on the i.i.d
assumption for the second stage regression. Hence, we propose a non-parametric second

stage, where the squared residuals from the first stage are regressed on dummy variables

for each holding duration. Hence, in the second stage, we propose regressing U,” on a

matrix which has a row of dummy variables for each asset in the sample. The dummy

variable Z;; takes on the value 1 if s;-b; equals j-1 and zero otherwise. As before, in the

14



third stage we divide the regressors and the regressand by the square root of the predicted
value from the second stage. Table 2 presents the regression results from the new second
and third stage regressions along with the Koenker-Basset test for heteroskedasticity in
the third stage. The coefficients and error terms are presented in the last three columns of
Appendix Tables 1 and 2.

As is evident from both Table 2 and the Appendix Tables, our non-parametric
approach is a significant improvement, both over OLS and over standard Case-Shiller.
On average, the non-parametric approach has decreased the errors on the coefficients by
about 12% for the Campbell dataset, and by about 7% for Herengracht dataset. As
shown in Table 2, the fit has also improved, going from an OLS R-squared of .6886 to a
non-parametric R-squared of .6956 for the Campbell dataset, and going from an OLS R-
squared of .6037 in the Herengracht dataset to a non-parametric R-squared of .6589.

It is well-known that the logarithmic specification of the dependent variable
results in a geometric mean across assets for each time period of the index. Goetzmann
[1992] suggested a way to calculate the arithmetic mean, using the estimated geometric
mean along with estimates from the second stage of the Case-Shiller regressions. He
suggested that the coefficient on the time between sales should be used as an estimate of
the cross section variance. This correction was used in Goetzmann [1993] and again in
Mei and Moses [2002].° This correction will lead to biased estimates in the case of non-

1.1.d. errors.

% The OFHEO reports the coefficients on time between sales and squared time between
sales, so that users can use these as variance estimates if they so wish, though this is
without a theoretical basis.
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Without a specific assumption on the errors in the returns of the individual assets,
the single period return variance in an asset cannot be identified from the second stage of
the Case-Shiller regression results. The S&P/Case-Shiller® Home price index directly
estimate an arithmetic index in order to circumvent this problem. However, the
geometric index has a simpler specification, and is intuitively appealing to many in the
finance literature because of the continuously compounding interpretation of the log
returns.

Depending on the purpose of the regression, one can simply recognize that this is
a geometric mean across assets, or a lower bound on the arithmetic mean. While this is
an unintuitive interpretation, for many standard assets such as stocks, the geometric and
the arithmetic mean can be directly computed. Thus, one could compare a geometric
index of a standard asset directly with the geometric index of the alternative asset.

Tables 4 and 5 present the actual returns per year, computed as a geometric mean
across assets and across time. The mean nominal return for the Herengracht data was just
slightly over 1% over the period 1630 to 1972. For the Campbell art dataset, the mean
nominal return over the period 1680-2007 was 3.145%. If we compare the two Dutch
assets for the overlapping time period of 1680 to 1970, we find a 3.4% nominal return for
art, and again a 1.008% return for the Herengracht real estate, demonstrating that the
returns to art sold in Amsterdam heartily outperformed the Herengracht canal real estate

market during that time period!
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6. Further Applications and Extensions
6.1 Real Estate Data

Calhoun’s [1996] discussion of the second stage regression was part of a technical
description of the Office of Federal Enterprise Oversight’s (OFHEO) methodology in
constructing price indices, a methodology they are still currently using. The OFHEO
restricts the constant term to be zero, but includes a quadratic term in the second stage.
Table 5 presents their published results for 3 quarter 2007.  Although the significance
levels are not published by the OFHEO, the OFHEO stated that for both terms,
significance resulted in most regions and states. The pattern of a positive coefficient on
the linear term and a negative coefficient on the quadratic term is present throughout —
but note that pattern resulted in our data also, when the constant was restricted to be zero.

Our analysis suggests that not only should the constant should be included in the
regressions, but that a non-parametric second stage regression would improve their
analysis. If the constant term is negative, that is likely indicative of a moving average
process.

The above analysis also suggests that a non-parametric second stage should be
used in the construction of the S&P/Case-Shiller Home Price Index to allow for the
possibility that the errors follow an AR process or ARMA process. The non-parametric
second stage could lead to more precise estimates of the index.’

6.2 Art Indices
Repeat sales regressions are used in numerous articles that estimate price indices

from art auctions including Pesando [1993, 2006], Goetzmann [1993] and Mei and Moses

7 Andrew Leventis [2007] has a nice discussion of the differences between the OFHEO
and S&P/Case-Shiller House Price Indexes.
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[2002]. Ashenfelter and Graddy [2003, 2006] provide a survey. Most of the articles on
art auctions do not provide the results from the second stage regressions and Pesando
[1993] does not use the Case-Shiller method but uses OLS. As art is an infrequently
traded asset with many of the same properties as musical instruments and housing, it is
very likely that many of these studies could benefit from the non-parametric specification
in the second stage of the repeat sales regressions.

6.3. Implications of Serial Dependence

Some of the basic ideas have been utilized in other contexts. For example,
studying the effects of holding periods on return variances is one standard technique to
identify mean reversion in asset returns.® Furthermore, variance-ratio tests are commonly
used to test for non-i.i.d. returns. We are, in effect, using a form of the variance-ratio test
to test for non-i.i.d. deviations from the mean one-period returns by the underlying assets.
As suggested in other contexts, nonlinearities with respect to the holding period in the
second-stage regressions may diagnose longer-horizon violations of independence as
well.

Variance ratio tests calculate the variance of returns over different holding
periods. If returns are i.i.d., then the variance of annual returns should be 12 times the
variance of monthly returns. Likewise, if the deviations from mean returns for the
underlying assets are i.1.d., than the variance in the deviations in annual returns should be
12 times the monthly variance. This would precisely match the Case-Shiller modeling of

the second-stage regression on repeat sales without the “house-specific error”. The fact

¥ See, for example, Poterba and Summers [1988] and Lo and MacKinlay [1988]. That
approach generally uses a nonparametric framework with respect to the error process.
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that a polynomial specification is indicated in the Campbell art data reveal that deviations
from mean returns for the individual assets violate serial independence. Abraham and
Schauman [1991] report that the variance in the errors in returns for a housing data set is
maximized at a holding period of twenty to thirty years, so they find concavity in the
relationship as well. An essential difference between mean reversion and the processes
modeled in Section 2 is that mean reversion can operate over a much longer time horizon
than conventional AR and MA processes—it is effectively a more general version of

serial dependence.

7. Conclusions and Issues for Further Study

Nonlinearities with respect to the holding period in estimated variances of
property returns may be indicative of a failure of the assumption that errors in property
returns are statistically independent over time. For assets where the usual conditions
which induce market efficiency are not present, this should come as little surprise. More
efficient estimates can result if researchers take account of these nonlinearities in
determining GLS weights for the final stage. Researchers should also take account of the
failure of independence in using the calculated index values to interpret market returns.

In further work, we plan to extend our exploration of the implications of serial
dependence in the deviations from mean returns on the standard errors of the return
coefficients. Through Monte Carlo simulation, we can estimate true standard errors under
a known non-i.i.d. process and compare it to the estimates of returns using the
conventional procedures and our non-parametric method. Because the estimated
coefficients for the last few periods depend on only a small number of transactions,

biases in computing standard errors may matter most here.
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Appendix A: Calculations for the AR Process

2

o
Using the fact that that E [gtgt_k] =p* 1—’72 ., we find that

T r—(r—l)
(thj :Z 5t +2Z En& +223t+25 +. Z Y -
1 1

T

2
Thus, E(thj =10 +2p(t 1o +2p* (1 -2)0. +...+2p  'o”

1

= 10. +20" [p(z'—1)+2p2(r—2)+...+2p’_1}

where [p(z'—l)+2p2(z'—2)+...+p’"l]=§pk(r—k) = rrz_lpk —Spkk.
1 1 1

T

The first term in this expression equals r('[i —P j, using

-1

Z=p+p +.+p " and pZ=p +..+p°,

-1

p—pf(r—l)+p{pl_p}

while the second term equals — " P , using
-P

Y=p+2p +(t=1)p"" and pY = p° +2p° +(r-1)p" + 170", and

Y - pY :(p—,o’(z'—l))+(pz+p3 +...+p7_l)
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Calculations for the ARMA process

For p=q=1, an ARMAC(1, 1) process can be written as:
&=¢e +n+0n_,t=1, 1.

The expected values of the variances and covariances of errors equal:

1+ 0° + 246 O+¢+0°¢+ 04
E(gf):o-j{ 1—¢2¢ }E(g‘g”)ijajﬂ%jz ¢1—¢¢i / o,

a_§9+¢+92¢+9¢
¢ 1-¢°

and E(geé,,)=¢"B where = ork >2.

Then, we can write the expected value of the square of the sum of the residuals as:

E[tz;:gtj = E(ZS ]+2E(Zggmj+2E(Zggm]+ +2E(12 Eiyfe- 'J

- E(igf]+2E(igtgm]+2{r 2JE( X )}

t=1 t=1 J=1

Taking the expectations, we obtain:

(ZE} = 10, +2 Z' 1)9+¢;_9;¢;+6¢2 0§+2ﬁ¢T§J¢_J .

J=1

K
For the last term, let K =7—-2 and a):%. Then let Z :Z‘Ja)J .

Now Z =@0+20" +30° +...+ Ko® and oZ = 0> + 20" +...+ Ko™, so

Z-0Z=0+0"+® +..+ 0" —Ko"".

LetY =0w+@*+@ +...+ @ . Then oY =0* +@’ +...+ 0", 50 Y —0Y =w—- """, and

o— a)KH
Y = BT Substituting this into the earlier formula,
-
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a)—(K +1)a)K+1 + K"

(1-0)

Hence, Z =

c 2 2 2 R
Thus, we have E[thj = rof+2(r—l)(9+¢_;9¢¢;+9¢ j0'5+2,6’¢70'j.
t=1 -

u 2 2 2 2
Substituting, E[thj :T(#j@j+2(f‘1)[0+¢:0¢€+9¢ }75
t=1 — —

o (¢f—(r—1>¢2+(r—2)¢)[e+¢+ez¢+e¢2j
' (1-¢) I-¢*

_ mzﬂnez+2¢9]+2(¢9+¢+92¢+9¢2H _202(9+¢+92¢+9¢2J
n 1-¢ 1— ¢’ " -

(¢’—(f—1)¢2+(r—2)¢)[¢9+¢+92¢+9¢2]
(1-¢) 1-¢° '

2
+26,7
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Table 1
Case and Shiller Results

Campbell Dataset Herengracht Dataset
Number of Transaction Pairs 1468 3577
Stage |, R-squared 0.6886 0.6037
Stage |, Koenker Basset a2 0.04103 0.06253
[1.80] [4.73]
Stage Il, R-squared 0.0076 0.0038
Stage I, Constant 2.206 0.15652
[7.34] [15.31]
Stage Il, Coefficient 0.20084 0.0015211
[3.36] [3.71]
Stage Ill, R-squared 0.6466 0.5972
Stage Ill, Koenker Basset a2 -0.01904 0.0648885
[-.59] [4.62]

t-stats are noted in brackets.



Table 2
Second Stage Regression Results: Campbell Art Dataset

1 2 3
coef t-stat coef t-stat coef t-stat
TBS 020 336 049 3.20 096 259
TBS? -0.02 0.01 -0.09 0.05
TBS’ 0.00 1.40
In(TBS)
Duration
Dummies
cons 221 734 163 393 101 1.67
F-Stat 11.26 7.74 5.81
Prob>F 0.000 0.001 0.001
Adj R2 0.0069 0.0091 0.0097
AIC 10197 10195 10195
BIC 10208 10211 10216
obs. 1468 1468 1468

4 5 6
coef t-stat coeff t-stat coef
0.52
1.05 4.08
22
192 594 187 0.39
16.65 1.81 161.74
0.00 0.01 0
0.0106 0.0114 *
10192 10210 10248
10202 10327 10243
1468 1468 1468

7
t-stat coef t-stat
12.72 0.99 11.99

-0.04 -6.50
104.28

0

*

10208
10219

1468



1
coef t-stat
TBS 0.00 3.71
TBS®
TBS’
In(TBS)
Duration
Dummies
cons 0.16 15.31
F-Stat 13.75
Prob>F 0.000
Adj R2 0.0036
AIC 4197
BIC 4210
obs. 3577

Second Stage Regression Results: Herengracht Dataset

2

coef
0.00

0.00

0.15

7.36
0.001
0.0035
4198
4217
3577

t-stat
241

-0.98

11.41

3
coef t-stat
0.00 1.52
0.00 -0.53
0.00 0.29
0.15 0.02
4.93
0.002
0.0033
4200
4225
3577

Table 3

coef

0.02

0.13

13.09

0.00

4

t-stat

3.62

0.02

0.0034
4198
4210
3577

coeff t-stat

105
0.27

1.33
0.02

5

0.63

0.0095
4279
4934
3577

6

coef
0.01

388.42

4422
4429
3577

7
t-stat coef t-stat
19.71 0.01 18.33

0.00 -10.07

250.34

4325
4337
3577



Table 4
OLS and Non-parametric Results

Campbell dataset Herengracht dataset
Number of Transaction Pairs 1468 3577
Stage |, R-squared 0.6886 0.6037
Stage |, Koenker Basset a2 0.04103 0.06253
[1.80] [4.73]
Stage Il, R-squared 0.0255 0.0386
Stage II: F(21,1446) 1.81 1.33
Stage Ill, R-squared 0.6956 0.6589
Stage Ill, Koenker Basset a2 -0.00792 0.0018503
[-.61] [.57]

The F-stat tests for joint significance of the
dummy variables. T-stats are noted in brackets.



Table 5
Average Annual Returns: Campbell Art Dataset
Non-parametric Case and Shiller

1780 0.097
1790 -0.014
1800 -0.023
1810 0.014
1820 0.106
1830 -0.043
1840 -0.055
1850 0.028
1860 0.048
1870 -0.020
1880 0.111
1890 -0.079
1900 0.107
1910 0.084
1920 0.000
1930 -0.063
1940 0.164
1950 -0.046
1960 0.156
1970 0.131
1980 0.043
1990 0.065
2000* -0.061
Mean Return: 3.145%



1630
1632
1634
1636
1638
1640
1642
1644
1646
1648
1650
1652
1654
1656
1658
1660
1662
1664
1666
1668
1670
1672
1674
1676
1678
1680
1682
1684
1686
1688
1690
1692
1694
1696
1698
1700
1702

0.194
0.407
-0.322
0.087
-0.024
0.192
0.201
-0.080
0.069
-0.019
0.025
-0.067
-0.019
0.111
0.057
0.086
-0.099
-0.048
-0.125
0.097
0.069
-0.107
-0.060
-0.251
0.239
0.154
-0.169
0.064
0.116
-0.066
0.088
-0.111
0.129
-0.071
0.034
0.050
-0.007

1704
1706
1708
1710
1712
1714
1716
1718
1720
1722
1724
1726
1728
1730
1732
1734
1736
1738
1740
1742
1744
1746
1748
1750
1752
1754
1756
1758
1760
1762
1764
1766
1768
1770
1772
1774
1776

Non-parametric Case and Shiller

-0.034
-0.043
0.013
0.017
0.067
-0.064
0.046
-0.051
0.158
0.048
0.133
-0.037
-0.049
0.075
0.035
-0.040
0.064
-0.078
0.062
-0.238
0.112
-0.002
0.001
-0.055
0.155
-0.019
-0.062
-0.013
0.000
0.014
0.034
0.060
0.035
-0.003
-0.012
-0.063
0.047

Table 4
Average Annual Returns : Herengracht Dataset

1778
1780
1782
1784
1786
1788
1790
1792
1794
1796
1798
1800
1802
1804
1806
1808
1810
1812
1814
1816
1818
1820
1822
1824
1826
1828
1830
1832
1834
1836
1838
1840
1842
1844
1846
1848
1850

0.083
-0.074
0.077
-0.003
-0.047
-0.072
-0.005
0.040
-0.036
-0.134
-0.052
-0.056
0.056
0.003
-0.034
0.119
-0.104
-0.156
-0.116
0.087
0.037
0.078
-0.031
0.085
-0.060
-0.094
0.008
0.006
0.001
0.107
0.065
0.029
-0.032
-0.023
0.025
-0.024
-0.018

1852
1854
1856
1858
1860
1862
1864
1866
1868
1870
1872
1874
1876
1878
1880
1882
1884
1886
1888
1890
1892
1894
1896
1898
1900
1902
1904
1906
1908
1910
1912
1914
1916
1918
1920
1922
1924

0.047
0.093
-0.030
-0.035
0.028
0.093
0.026
0.015
-0.002
0.002
0.052
0.115
0.014
0.037
0.022
0.008
-0.054
-0.004
-0.052
-0.036
0.052
-0.075
-0.004
0.051
0.026
0.028
-0.031
-0.034
0.002
-0.021
0.081
-0.031
0.129
0.164
0.196
-0.167
0.025

1926
1928
1930
1932
1934
1936
1938
1940
1942
1944
1946
1948
1950
1952
1954
1956
1958
1960
1962
1964
1966
1968
1970
1972

mean:

-0.102
0.037
-0.008
-0.120
-0.039
-0.078
-0.008
0.110
0.067
0.026
0.065
0.123
0.024
0.002
0.079
0.140
0.069
0.198
-0.010
0.236
-0.154
0.042
0.031
0.136

1.006%



period

1780
1790
1800
1810
1820
1830
1840
1850
1860
1870
1880
1890
1900
1910
1920
1930
1940
1950
1960
1970
1980
1990
2000*
average
std. error

Estimated Coefficients and Errors for Campbell dataset

coeff.

0.752
-0.069
0.381
-0.655
0.724
-0.051
-0.469
0.215
1.286
-1.201
1.329
-1.111
1.218
0.798
0.005
-0.679
1.461
-0.460
1431
1.271
0.462
0.617
-0.456

adj. R-squared
observations

OLS

std.
error

0.882
0.676
0.703
0.792
0.922
0.791
0.991
1.142
1.057
0.888
0.587
0.485
0.421
0.350
0.243
0.242
0.259
0.245
0.215
0.162
0.099
0.088
0.103

0.537
0.684
1468

Appendix Table |

t-stat

0.85
-0.10
0.54
-0.83
0.79
-0.06
-0.47
0.19
1.22
-1.35
2.26
-2.29
2.89
2.28
0.02
-2.80
5.64
-1.87
6.66
7.86
4.66
7.04
-4.45

Case and Shiller

coeff.

0.375
-0.255
0.024
-0.223
1.135
-0.296
-0.748
0.353
1.231
-1.122
1.297
-1.008
1.090
0.800
0.016
-0.662
1.455
-0.452
1.457
1.255
0.446
0.624
-0.445

std.
error

0.949
0.735
0.771
0.880
1.061
0.835
1.018
1.249
1.276
1.084
0.668
0.523
0.461
0.380
0.258
0.253
0.265
0.244
0.209
0.154
0.092
0.082
0.099

0.589
0.641
1468

t-stat

0.40
-0.35
0.03
-0.25
1.07
-0.35
-0.74
0.28
0.96
-1.04
1.94
-1.93
2.37
2.10
0.06
-2.62
5.50
-1.85
6.96
8.12
4.82
7.57
-4.49

Non-parametric
Case and Shiller

coeff.

0.927
-0.140
-0.230

0.142

1.010
-0.443
-0.562

0.272

0.470
-0.201

1.055
-0.825

1.014

0.808

0.004
-0.647

1514
-0.475

1.453

1.234

0.424

0.633
-0.438

std.
error

0.662
0.525
0.583
0.682
0.766
0.639
0.964
1.118
0.829
0.678
0.494
0.480
0.463
0.380
0.256
0.253
0.270
0.253
0.219
0.155
0.086
0.076
0.095

0.475
0.691
1468

t-stat

1.4
-0.27
-0.39

0.21
1.32
-0.69
-0.58
0.24
0.57
-0.3
2.13
-1.72
2.19
2.13
0.02
-2.56
5.61
-1.88
6.64
7.96
491
8.31
-4.59

*Estimate based on incomplete data (through January of 2007) for the last decade.



Appendix Table 2
Estimated Coefficients and Errors for Herengracht Dataset
Non-parametric

period OLS Case and Shiller Case and Shiller
coef. std. t-stat  coeff. std. t-stat  coef. std. t-stat
error error error

1630 0.390 0.376 1.04 0.504 0.418 1.21 0.354 0.435 0.82
1632 0.457 0.328 139 0.509 0.344 148 0.683 0.277 2.47
1634 -0.573 0.366 -1.57 -0.620 0.389 -1.59 -0.777 0.316 -2.46
1636 -0.002 0.317 -0.01 0.045 0.340 0.13 0.167 0.310 0.54
1638 0.152 0.220 0.69 0.081 0.236 0.34 -0.049 0.218 -0.23
1640 0.309 0.190 1.62 0.359 0.201 1.78 0.351 0.158 2.22
1642 0.269 0.188 143 0.294 0.194 1.51 0.367 0.146 2.50
1644 -0.084 0.169 -0.50 -0.135 0.173 -0.78 -0.167 0.161 -1.04
1646 0.100 0.159 0.63 0.125 0.159 0.79 0.133 0.155 0.86
1648 -0.092 0.195 -0.47 -0.089 0.197 -045 -0.038 0.193 -0.20
1650 0.099 0.180 0.55 0.109 0.181 0.60 0.049 0.178 0.28
1652 -0.165 0.209 -0.79 -0.146 0.210 -0.70 -0.138 0.212 -0.65
1654 -0.030 0.224 -0.13 -0.036 0.226 -0.16 -0.038 0.225 -0.17
1656 0.268 0.185 145 0.264 0.191 138 0.211 0.185 1.14
1658 0.151 0.203 0.74 0.111 0.204 0.54 0.112 0.202 0.55
1660 0.102 0.176 0.58 0.104 0.176 0.59 0.165 0.165 1.00
1662 -0.168 0.154 -1.09 -0.154 0.166 -0.93 -0.209 0.133 -1.57
1664 0.007 0.337 0.02 0.058 0.380 0.15 -0.099 0.209 -0.47
1666 -0.360 0.372 -0.97 -0.345 0.413 -0.83 -0.268 0.260 -1.03
1668 0.110 0.242 0.46 0.060 0.252 0.24 0.186 0.233 0.80
1670 0.126 0.182 0.69 0.139 0.184 0.75 0.133 0.177 0.75
1672 -0.213 0.182 -1.17 -0.229 0.186 -1.24 -0.226 0.168 -1.35
1674 -0.149 0.176 -0.84 -0.158 0.182 -0.87 -0.124 0.152 -0.82
1676 -0.472 0.229 -2.06 -0.415 0.246 -1.68 -0.577 0.201 -2.87
1678 0.323 0.236 1.37 0.302 0.250 121 0.428 0.219 1.96
1680 0.347 0.159 2.18 0.316 0.161 196 0.286 0.155 1.85
1682 -0.422 0.137 -3.08 -0.381 0.141 -2.71 -0.371 0.133 -2.78
1684 0.053 0.128 041 0.048 0.131 0.37 0.124 0.122 1.01
1686 0.257 0.137 1.87 0.234 0.139 1.69 0.219 0.116 1.90
1688 -0.065 0.174 -0.37 -0.071 0.180 -0.39 -0.136 0.151 -0.90
1690 0.138 0.174 080 0.118 0.180 0.65 0.168 0.161 1.05
1692 -0.195 0.143 -136 -0.188 0.143 -1.31 -0.236 0.137 -1.72
1694 0.164 0.157 1.04 0.173 0.156 1.11 0.242 0.149 1.63
1696 -0.024 0.177 -0.14 -0.014 0.181 -0.08 -0.148 0.164 -0.90
1698 -0.027 0.164 -0.17 -0.027 0.171 -0.16 0.068 0.150 0.45
1700 0.111 0.130 0.85 0.121 0.134 090 0.098 0.122 0.80
1702 -0.064 0.121 -0.53 -0.060 0.124 -0.49 -0.013 0.117 -0.11
1704 0.022 0.139 0.16 0.011 0.143 0.08 -0.070 0.126 -0.55
1706 -0.107 0.154 -0.70 -0.104 0.159 -0.66 -0.087 0.149 -0.58



1708
1710
1712
1714
1716
1718
1720
1722
1724
1726
1728
1730
1732
1734
1736
1738
1740
1742
1744
1746
1748
1750
1752
1754
1756
1758
1760
1762
1764
1766
1768
1770
1772
1774
1776
1778
1780
1782
1784
1786
1788
1790
1792
1794
1796

0.034
0.003
0.110
-0.078
0.097
-0.098
0.242
0.119
0.188
-0.054
-0.079
0.133
0.045
-0.013
0.095
-0.180
0.135
-0.536
0.193
0.035
0.016
-0.132
0.303
-0.080
-0.115
-0.042
0.001
0.044
0.132
0.046
0.071
-0.015
-0.015
-0.119
0.067
0.204
-0.241
0.199
0.024
-0.101
-0.220
0.048
0.065
-0.045
-0.278

0.139
0.118
0.114
0.110
0.099
0.107
0.117
0.109
0.105
0.109
0.101
0.106
0.114
0.111
0.126
0.137
0.116
0.148
0.148
0.128
0.138
0.111
0.119
0.120
0.110
0.105
0.104
0.103
0.090
0.100
0.095
0.095
0.095
0.106
0.101
0.095
0.100
0.104
0.099
0.100
0.107
0.104
0.099
0.096
0.106

0.24
0.03
0.97
-0.71
0.98
-0.92
2.07
1.10
1.79
-0.50
-0.78
1.26
0.40
-0.12
0.75
-1.31
1.16
-3.63
1.30
0.28
0.12
-1.19
2.54
-0.66
-1.05
-0.40
0.01
0.42
1.46
0.46
0.75
-0.16
-0.16
-1.12
0.67
2.15
-2.40
191
0.24
-1.01
-2.05
0.46
0.66
-0.47
-2.62

0.030
0.006
0.103
-0.083
0.107
-0.097
0.225
0.134
0.200
-0.058
-0.079
0.126
0.043
-0.012
0.082
-0.157
0.128
-0.556
0.213
0.059
-0.037
-0.108
0.282
-0.042
-0.132
-0.038
-0.001
0.047
0.131
0.047
0.079
-0.019
-0.023
-0.111
0.066
0.182
-0.210
0.185
0.020
-0.093
-0.199
0.040
0.047
-0.046
-0.298

0.143
0.119
0.114
0.113
0.100
0.108
0.119
0.110
0.108
0.112
0.101
0.107
0.113
0.110
0.126
0.140
0.120
0.147
0.148
0.130
0.139
0.111
0.122
0.123
0.110
0.105
0.104
0.103
0.091
0.101
0.095
0.096
0.095
0.107
0.102
0.095
0.101
0.105
0.100
0.100
0.108
0.105
0.101
0.098
0.109

0.21
0.05
0.90
-0.73
1.07
-0.90
1.90
1.21
1.85
-0.52
-0.77
1.18
0.38
-0.11
0.65
-1.12
1.06
-3.77
1.44
0.46
-0.27
-0.97
2.32
-0.34
-1.20
-0.36
-0.01
0.46
1.44
0.46
0.83
-0.20
-0.24
-1.03
0.64
1.92
-2.09
1.77
0.20
-0.93
-1.84
0.38
0.46
-0.47
-2.74

0.026
0.033
0.130
-0.133
0.091
-0.105
0.293
0.093
0.249
-0.076
-0.100
0.146
0.069
-0.081
0.124
-0.163
0.120
-0.543
0.213
-0.004
0.001
-0.113
0.288
-0.039
-0.129
-0.026
-0.001
0.028
0.067
0.116
0.070
-0.006
-0.025
-0.131
0.092
0.160
-0.153
0.148
-0.006
-0.095
-0.148
-0.011
0.079
-0.074
-0.288

0.143
0.116
0.102
0.080
0.077
0.082
0.095
0.105
0.099
0.103
0.095
0.101
0.111
0.106
0.116
0.133
0.116
0.143
0.143
0.123
0.130
0.104
0.116
0.119
0.109
0.102
0.095
0.096
0.072
0.081
0.089
0.092
0.094
0.100
0.093
0.091
0.099
0.103
0.095
0.095
0.104
0.105
0.099
0.094
0.102

0.18
0.28
1.28

-1.67
1.17

-1.28
3.08
0.88
2.52

-0.74

-1.05
1.44
0.62

-0.76
1.06

-1.23
1.03

-3.79
1.49

-0.03
0.01

-1.09
2.48

-0.32

-1.18

-0.26

-0.01
0.29
0.92
1.42
0.78

-0.07

-0.27

-1.30
1.00
1.76

-1.55
1.44

-0.06

-1.01

-1.43

-0.10
0.80

-0.79

-2.83



1798
1800
1802
1804
1806
1808
1810
1812
1814
1816
1818
1820
1822
1824
1826
1828
1830
1832
1834
1836
1838
1840
1842
1844
1846
1848
1850
1852
1854
1856
1858
1860
1862
1864
1866
1868
1870
1872
1874
1876
1878
1880
1882
1884
1886
1888

-0.134
-0.106
0.118
0.015
-0.094
0.227
-0.210
-0.356
-0.196
0.150
0.065
0.139
-0.097
0.203
-0.126
-0.192
0.002
0.012
-0.021
0.215
0.128
0.048
-0.052
-0.031
0.012
-0.019
-0.032
0.084
0.174
-0.048
-0.079
0.053
0.185
0.042
0.042
-0.011
0.000
0.115
0.209
0.019
0.075
0.042
0.017
-0.128
0.001
-0.088

0.109
0.098
0.083
0.103
0.125
0.108
0.099
0.182
0.190
0.135
0.133
0.128
0.127
0.130
0.159
0.153
0.136
0.146
0.126
0.119
0.105
0.080
0.072
0.074
0.080
0.083
0.087
0.088
0.078
0.075
0.076
0.073
0.071
0.072
0.072
0.073
0.069
0.063
0.061
0.062
0.062
0.060
0.065
0.070
0.076
0.078

-1.23
-1.08
1.41
0.15
-0.75
2.10
-2.13
-1.95
-1.03
1.12
0.49
1.08
-0.77
1.56
-0.79
-1.26
0.02
0.08
-0.17
1.80
1.22
0.60
-0.72
-0.42
0.15
-0.23
-0.37
0.95
2.22
-0.63
-1.04
0.73
2.59
0.59
0.59
-0.15
0.00
1.82
3.45
0.31
1.22
0.71
0.26
-1.83
0.01
-1.13

-0.112
-0.094
0.105
0.019
-0.088
0.223
-0.228
-0.339
-0.203
0.148
0.074
0.127
-0.072
0.165
-0.109
-0.182
-0.022
0.032
-0.021
0.207
0.129
0.062
-0.056
-0.032
0.006
-0.027
-0.021
0.086
0.176
-0.061
-0.074
0.055
0.188
0.049
0.037
-0.004
-0.012
0.110
0.211
0.027
0.074
0.041
0.023
-0.132
0.001
-0.096

0.112
0.100
0.083
0.103
0.126
0.110
0.100
0.175
0.182
0.136
0.133
0.129
0.128
0.132
0.158
0.151
0.134
0.145
0.126
0.118
0.105
0.081
0.072
0.074
0.079
0.082
0.086
0.088
0.078
0.075
0.076
0.073
0.071
0.071
0.071
0.073
0.068
0.062
0.059
0.060
0.060
0.058
0.064
0.069
0.075
0.076

-0.99
-0.94
1.26
0.19
-0.70
2.04
-2.27
-1.94
-1.11
1.09
0.55
0.99
-0.56
1.25
-0.69
-1.20
-0.16
0.22
-0.17
1.75
1.23
0.77
-0.77
-0.43
0.08
-0.33
-0.24
0.97
2.25
-0.81
-0.97
0.75
2.65
0.69
0.52
-0.05
-0.17
1.78
3.56
0.46
1.24
0.71
0.36
-1.91
0.02
-1.26

-0.107
-0.115
0.108
0.007
-0.068
0.224
-0.219
-0.340
-0.247
0.166
0.072
0.151
-0.064
0.162
-0.124
-0.197
0.016
0.011
0.002
0.204
0.126
0.057
-0.064
-0.046
0.050
-0.048
-0.036
0.092
0.177
-0.062
-0.071
0.055
0.178
0.052
0.030
-0.005
0.004
0.101
0.218
0.028
0.073
0.044
0.016
-0.111
-0.009
-0.106

0.105
0.095
0.082
0.096
0.117
0.102
0.093
0.166
0.176
0.133
0.125
0.120
0.123
0.129
0.155
0.148
0.129
0.136
0.121
0.117
0.103
0.078
0.068
0.070
0.076
0.078
0.083
0.085
0.073
0.069
0.069
0.066
0.068
0.068
0.067
0.070
0.067
0.060
0.055
0.055
0.058
0.055
0.063
0.068
0.073
0.074

-1.03
-1.21
1.32
0.07
-0.59
2.20
-2.36
-2.04
-1.41
1.25
0.58
1.26
-0.52
1.26
-0.80
-1.33
0.12
0.08
0.02
1.75
1.22
0.74
-0.94
-0.66
0.66
-0.61
-0.44
1.08
2.41
-0.89
-1.03
0.83
2.63
0.76
0.45
-0.07
0.06
1.67
3.99
0.51
1.27
0.80
0.25
-1.64
-0.12
-1.44



1890 -0.057
1892 0.090
1894 -0.156
1896 -0.028
1898 0.094
1900 0.064
1902 0.063
1904 -0.073
1906 -0.050
1908 -0.012
1910 -0.012
1912 0.129
1914 -0.054
1916 0.253
1918 0.283
1920 0.363
1922 -0.356
1924 0.068
1926 -0.253
1928 0.081
1930 -0.015
1932 -0.242
1934 -0.038
1936 -0.132
1938 -0.092
1940 0.201
1942 0.119
1944 0.084
1946 0.117
1948 0.213
1950 0.037
1952 0.027
1954 0.134
1956 0.285
1958 0.112
1960 0.374
1962 0.033
1964 0.397
1966 -0.366
1968 0.107
1970 0.056
1972 0.185
average

std. error
R-squared

observations

0.074
0.086
0.084
0.069
0.071
0.068
0.063
0.066
0.072
0.074
0.077
0.080
0.080
0.073
0.053
0.052
0.063
0.072
0.072
0.077
0.089
0.106
0.111
0.099
0.108
0.104
0.076
0.108
0.125
0.105
0.095
0.099
0.093
0.086
0.094
0.094
0.091
0.094
0.103
0.105
0.098
0.098

0.122
0.604
3577

-0.77
1.04
-1.87
-0.40
131
0.94
1.00
-1.12
-0.70
-0.16
-0.15
1.62
-0.68
3.45
5.32
7.03
-5.66
0.94
-3.50
1.04
-0.17
-2.28
-0.34
-1.33
-0.85
1.94
1.56
0.78
0.93
2.02
0.39
0.27
1.45
3.32
1.20
3.99
0.37
4.22
-3.56
1.03
0.57
1.88

-0.053
0.088
-0.156
-0.025
0.101
0.058
0.058
-0.066
-0.050
-0.008
-0.020
0.142
-0.068
0.251
0.294
0.361
-0.361
0.075
-0.250
0.082
-0.020
-0.240
-0.053
-0.146
-0.069
0.204
0.122
0.089
0.111
0.218
0.045
0.036
0.108
0.296
0.123
0.365
0.004
0.415
-0.364
0.119
0.049
0.206

0.071
0.084
0.081
0.067
0.070
0.066
0.061
0.064
0.070
0.072
0.075
0.077
0.077
0.070
0.052
0.050
0.061
0.069
0.070
0.074
0.086
0.103
0.108
0.096
0.104
0.099
0.073
0.105
0.121
0.101
0.091
0.096
0.090
0.083
0.090
0.090
0.089
0.092
0.100
0.102
0.096
0.096

0.123
0.597
3577

-0.74
1.05
-1.92
-0.38
1.45
0.87
0.94
-1.04
-0.72
-0.11
-0.27
1.83
-0.88
3.56
571
7.24
-5.96
1.08
-3.59
1.11
-0.23
-2.33
-0.49
-1.51
-0.66
2.05
1.68
0.85
0.91
2.15
0.49
0.37
1.20
3.59
1.36
4.06
0.04
4.51
-3.63
1.16
0.51
2.16

-0.072
0.101
-0.156
-0.009
0.100
0.052
0.054
-0.063
-0.069
0.004
-0.043
0.156
-0.064
0.243
0.304
0.359
-0.366
0.050
-0.214
0.072
-0.016
-0.256
-0.080
-0.162
-0.016
0.208
0.129
0.051
0.126
0.231
0.048
0.005
0.152
0.262
0.133
0.361
-0.021
0.424
-0.334
0.083
0.061
0.255

0.069
0.081
0.079
0.060
0.064
0.065
0.060
0.063
0.068
0.070
0.070
0.073
0.075
0.069
0.051
0.046
0.057
0.068
0.068
0.071
0.082
0.100
0.105
0.094
0.102
0.097
0.071
0.100
0.115
0.098
0.087
0.092
0.087
0.079
0.086
0.087
0.086
0.089
0.098
0.097
0.091
0.094

0.114
0.659
3577

-1.05
1.26
-1.98
-0.14
1.57
0.80
0.91
-1.01
-1.01
0.06
-0.61
2.14
-0.85
3.52
6.00
7.74
-6.45
0.73
-3.13
1.01
-0.20
-2.56
-0.76
-1.72
-0.16
2.15
1.81
0.52
1.09
2.37
0.55
0.05
1.76
3.30
1.54
4.15
-0.25
4.75
-3.41
0.85
0.67
2.71



