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Abstract
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between cash-flow and discount rate news, whichbeaimterpreted as underreaction to cash-
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Introduction

A lot of research in real estate focuses on théolpro of how to correct (“unsmooth”)
appraisal-based returns in order to obtain retwhs;h are closer to true market returns (e.g.,
Blundell and Ward 1987, Geltner 1993, Fisher efl@84). The unsmoothed returns are used
to assess the volatility of real estate market& Jtadies use quarterly or annual return data,
however. Typically, real estate investors have érrigvestment horizons than a quarter or a
year. With an average holding period of about ten yedisgct commercial real estate
investments are typically long-term investmef@sllet et al. 2003, Fisher and Young 2000).
The relationship between the short-term and thg-tenm return volatility is straightforward
when returns arendependently and identically distributed (IID) ovwene: The variance of
(continuously compounded) returns increases ingotmm to the investment horizon. When
returns are predictable, however, there may betautisl horizon effects in the periodic
(divided by the square root of the investment ham)zvolatility of returns. For example, there
is a lot of evidence suggesting that stock retwres mean reverting, i.e., that the periodic
long-term volatility of stock returns is lower thére short-term volatility.

The widespread view is that commercial real estetigrns are predictable. Securitized
real estate investments are often seen to exbilas dynamics as the general stock market.
Conventional wisdom and empirical evidence (Clayl®96, Geltner and Mei 1995, Scott
and Judge 2000) suggest that direct real estage asgkets exhibit cyclicality. A series of
high returns tends to be followed by a series wf leturns, and vice versa. Hence, cyclicality
implies that real estate returns are mean reveausg long investment horizons, making real
estate relatively less risky in the long run. Cgality also implies that direct real estate
exhibits return persistence over short investmentzbns, so that we see mean aversion in the
short run. The return persistence is typicallyiladtied to the specific microstructure of the
direct real estate asset market characterized Qi kiansaction costs, low transaction
frequency and heterogeneous goods, causing slamsmation diffusion (e.g., Geltner et al.
2007, Chapter 1). Thus, horizons effects in thewdly of returns are likely to be linked to
the informational efficiency of an asset market.

The goal of this paper is to analyze how importaetan aversion and mean reversion
effects are irJK and US direct and securitized commercial retdtesmarketsUsing vector

autoregressions (VARS), the term structure of tieualized return volatility is estimated for

! Early references include Campbell (1991), FamaFaedch (1988a, 1988b), Kandel and Stambaugh
(1987) and Porterba and Summers (1988).
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direct and securitized real estate in these twocms. Weexplore the implications of the
term structure of return volatility for the depende of the degree of return predictabiliy? (
statistics) on the investment horizon. In ordegéd deeper insights into the term structure of
the return volatility of an asset, the varianceuagxpected returns is decomposed into the
variance of news about future cash flows, news atubure returns, and their covariance.

We find that in the UK the results for direct restate and property shares are similar to
the results for the general stock market. Both Utead and securitized real estate exhibit
strong mean reversion, and unexpected returns rareaniy driven by news about future
returns. US REIT returns are strongly mean revgrtino. In contrast, US direct real estate
returns are considerably mean averting over sinegstment horizons, after which the term
structure of the annualized volatility is slighthecreasing. To estimate the long-term return
volatility of the assets adequatelyjs important to include a valuation ratio specio the
asset market analyzed in the VAR moddlee low short-term standard deviation and the
mean aversion of US direct real estate returnsbeaexplained by the positive correlation
between cash-flow and discount rate news, whichbeaimterpreted as underreaction to cash-
flow news. The choice of the parameter used to woesimappraisal-based returns has a large
effect on the short-term, but not on the long-tewfatility of direct real estate returns. In the
UK, direct real estate returns remain more prebletahan property share returns in the
medium and long term, whereas US REIT returns apfme®e equally predictable to US
direct real estate returns at a ten-year investimeniton.

The remainder of the article is organized as foloWhe next section contains a review
of the literature and some background discussioa.pvdceed with a description of the VAR
model and the data, and present the VAR estimatesnext section contains the discussion
of the term structure of return volatilities and tmulti-periodR? statistics implied by the
VARs. The variance decompositions are presentdtieénsubsequent section. A discussion
and further analysis with regard to the informadgilogfficiency of the real estate asset markets
follows. The final section concludes the article.

Background and literaturereview

How does return predictability induce horizon effein the periodic volatility of returns? To
address this issue, most recent studies use VAReIswdd this framework, risk is based on

the unpredictable component of returns, i.e., #tarn variance is computed relative to the
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conditional return expectatioithe conditional periodic volatility of multi-periogturns can

be calculated from the VAR resuland may increase or decrease with the investment
horizon The standard example of horizon effects in tiernevolatility is the mean reversion
effect in stock returns induced by the dividendd/i@he dividend yield has been found to
positively predict stock returns (Campbell and hill988, Fama and French 1988a). In
combination with the large negative correlationn®sn shocks to the dividend yield — whose
process is usually well described by an AR(1) psece and shocks to the stock return, mean
reversion in stock returns emerges: A low realig@atk return tends to be accompanied by a
positive shock to the dividend yield, and a highdknd yield predicts high stock returns for
the future, and vice versa. Campbell and Vicei@08&) show that this effect cuts the periodic
long-term standard deviation of US stock returnsapproximately 50% of the short-term
standard deviation. In general (see Campbell anckikd 2004), returns exhibit mean
reversion if the sign of the parameter obtainedanfr@ regression of an asset’s return on a
lagged predictor variable has the opposite sign tle correlation between the
contemporaneous shocks to the asset return angréukctor variable; mean aversion is
induced if the regression parameter and the cdiwalaf the residuals are of the same sign.
The higher the persistence of the forecasting blgjahe more important is this predictor for
the long-term asset rigk.

There are a lot of studies suggesting that commilereal estate returns are not IID.
Direct real estate returns appear to be positively relédelagged stock returns (Quan and
Titman 1999) and more specifically to the laggetines on property shares (e.g., Gyourko
and Keim 1992, Barkham and Geltner 1995). Furtheepdirect real estate returns appear to
be positively autocorrelated over short horizonsl{@gr 1993, Fu and Ng 2001). Fu and Ng
(2001), Ghysels et al. (2007) arRlazzi et al. (2010) show that thmap rate predicts
commercial real estate returns positiveljhe cap rate of the real estate market is like th
dividend yield of the stock market — the ratio loé income to the price of an ass#®tdriables
that have been used to predict REIT returns inctheéedividend yield of the general stock
market, the cap rate of the direct real estate etadnd interest rate variables (e.g., Bharati
and Gupta 1992, Liu and Mei 1992, 1994).

A few articles have looked at the implications bé tpredictability of commercial real
estate returns for the term structure of returratiitly. Geltner et al. (1995) calculate five-

% There is an additional effect, which always letmsin increase in the periodic conditional return
variance. If the forecasting variable is very pssit, this effect — reflecting the variance of extpd
returns — may lead to a notable increase of thg-lerm return volatility, a point emphasized by
Schotman et al. (2008).



year risk statistics based on regressions of igatesreturns on contemporaneous and lagged
asset returns. These authors find that the variaht$5 private real estate returns at a five-
year horizon is higher than five times the annwaiance — reflecting mean-aversion. Using a
VAR model, Porras Prado and Verbeek (2008) alsd firat US direct real estate exhibits
mean aversion. Hence, the existing evidence ptontards mean-aversion in direct US real
estate return$.With regard to securitized real estate, the resafe mixed. Fugazza et al.
(2007) find that the standard deviation (per permidEuropean property shares is increasing
with the investment horizon. Porras Prado and \ekb@008) find that returns of US
property shares are mean averting. In contrast,abd Mei (1994) and Hoevenaars et al.
(2008) find that US REIT returns exhibit mean-rei@n, which is, however, weaker than the
mean-reversion effect in the general stock market.

The VAR results can also be used to calculate niygiéd R statistics of multi-period
returns. Judging from regressions with quarterlyaonual returns, direct real estate returns
are more predictable than real estate share retbubghis may change with the investment
horizon, because when expected returns are persiBfestatistics can be much larger for
longer horizons (Fama and French 1988a). Techgjqadirsistence in expected returns makes
the variance of expected multi-period returns iaseefaster than the total variance of multi-
period returns. Chun et al. (2004) document rigthgtatistics for US REITs over investment
horizons of up to five years. Plazzi et al. (20fi6) rising R? statistics over short investment
horizons for US direct commercial real estate imesits.More distant returns become less
predictable, of course, so tR statistics eventually decrease. Henge,see a hump-shaped
pattern of impliedR? statistics in the general stock market (Kandel St@mbaugh 1987,
Campbell 1991).

The variance of unexpected returns can be decomposethe variance of news about
future cash-flows, the variance of news about &itueturns (discount rates), and their
covariance (Campbell 1991). This yields insightthwegard to the return volatility. Discount
rate news justify large changes in asset pricesnwheected returns are persistent. This

mechanism induces mean reversion in returns: Wisaouht rates increase, the price of the

® An exception is the article by MacKinnon and Al Zam(2009), who find strong mean reversion in
US direct real estate returnBhe estimated long-term (25-year) return volatilitfyreal returns on
direct real estate is estimated to be slightly wek0% per annum, identical to the estimated long-
term stock return volatilityAll of the asset classes analyzed by MacKinnonAdri¢hman — including

US REITs — exhibit very strong mean reversion, tfiod-or example, MacKinnon and Al Zaman find
that the annualized 25-year volatility of US reasle returns is only 0.3%, compared to estimates of
about 3% by Campbell and Viceira (2005), Hoevenaaral. (2008) and Porras Prado and Verbeek
(2008). Therefore, the results can be regardedasual.
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asset decreases, but expected returns are higirerbtfore. In contrast, there is no such
mechanism with regard to cash-flow newsi and Mei (1994) analyze US REITs and find
that the variance of cash-flow news is larger tti@nvariance of discount rate news, which
results in a relatively weak mean-reversion effeompared to the general stock market. Liu
and Mei also find a positive correlation betweesheiow news and discount rate news,
which attenuates the short-term return volatilifiie reason is that positive cash-flow news
increase prices, but positive discount rate newsedse prices. Though not employing
Campbell’'s (1991) variance decompositioBgltner and Mei (1995) show that returns of US
direct real estate investments are primarily dribgnchanging expected returns. In-sample
forecasts of commercial real estate values tragkrtarket values closely when time-variation
in discount rates is allowed for, whereas the faséx are virtually constant over time and far
removed from the actual market values when discoatets are held constant and only cash-
flow forecasts are allowed to vary. Clayton (1986galyzes the Canadian direct commercial
real estate market and confirms the conclusione&tn@r and Mei that most of the volatility
of direct real estate returns is caused by tim&tian in discount rates.

In this paper, we compare the UK and US direct ssulritized real estate markets with
regard to their term structure of return volatiliffhe comparison of the UK and the US
market is particularly interesting with regard ttiieect real estate markelbecause there is
evidence that in the UK direct real estate markst mformation is timelier incorporated into
prices than in the US. Specifically, annual ap@idisased US direct commercial real estate
returns, unsmoothed with the Geltner (1993) metktll,exhibit high autocorrelation, but in
the case of the UK market, returns are virtuallgarrelated after unsmoothing (Barkham and
Geltner 1994). Barkham and Geltner (1995) and Hilthtand Hartzell (1996) find that in the
UK direct real estate returns respond rather qui¢kl changes in securitized real estate
returns, compared to the US. Thus, lag effectgraree important in the US, whereas in the
UK the contemporaneous relation between direct estdte and securitized real estate is
stronger than in the US. For example, Barkham aeltin€r (1995) find that the correlation
between annual (unsmoothed) direct real estatensefind real estate stock returns is 61% in
the UK, but only 19% in the US. These differenaeshie dynamics of the direct real estate
markets should affect the term structure of therrevolatility.

The high negative correlation between dividenddyseid stock return residuasscrucial
to capture mean reversion in stock retuf@ampbell and Viceira 2005)Therefore, we
include common valuation ratios specific to redhats asset markets in the VAR models,

whose residuals are highly negatively correlateth whe return residuals. In particular, the
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cap rate of the direct real estate market is usquradict the return of the direct real estate
market, and a valuation ratio specific to the mafke securitized real estate is used as a
return predictor for the securitized real estateketa This point has been neglected by
previous research on the term structure of themetalatility of real estate assets. (Previous
studies on securitized real estate accounted édithidend yield of the general stock market,
but not for the dividend yield of the market foarestate stocks, or a similar valuation ratio
specific to the real estate stocks market). Theeeforevious studies may have overestimated
the long-term volatility of these assets. We lihle tresults for the term structure of return
volatilities to the variance decomposition of Camlplf1991), and use the VAR results to

calculate multi-period® statistics for real estate investments. Finallg, wse the results of

the variance decompositions to analyze the infaonat efficiency of the real estate asset

markets.

VAR modd and data

VAR specification

The results are based on separate VARSs for eaattrgausing annual data from 1972 to 2008
(37 observations) for the UK market and from 1982008 (30 observations) for the US
market! Let z,; be a (5x1) vector, whose first two elements arg (ocontinuously

compounded) real asset returns, =In(l+R,;)-In@+1,, , Where R.1 is the simple

nominal return on an asset and is the inflation rate. The first element of thectge 7.1 is

the log real return on direct real estate; the sé@ement is the log real return on securitized
real estate. Asset returns are measured in reasfesince real rather than nominal returns are
relevant for investors who are concerned aboutptirehasing power of their investments.
Three additional state variables that predict $sefreturns are includedn;. All variables

are mean-adjusted. Assume that a VAR(1) model captthe dynamic relationships of the

variables®

* The main results for the UK market remain qualitely unchanged, if the shorter time span 1979 to
2008 is used (as for the US market).

®> The VAR(1) framework is not restrictive since aR#) model can be written as a VAR(1) model,
see Campbell and Shiller (1988).



2y =B +V,,. (2)

@ is a (5x5) coefficient-matrix. The shocks are ktacin the (5x1) vectov..1 with time-

invariant (5x5) covariance-matrX, .

Data

To calculate the log real total return on seclwedizeal estate, a property share index is used
for the UK market and a REIT index is used for tH& market. For the UK market the log of
the dividend yield of the property share index sedias a state variable to predict the return
on property shares. In analogy, we considered itfideshd yield of the REIT market for the
US VAR. However, this variable is not a significamtedictor of REIT returns at any
conventional levels. In contrast, another valuatiatio, the price to cash-flow ratio of the
REIT market is a significant predictor of REIT rets. Hence, this variable is included as a
state variable in the US VAR model in form of tlog lof the inverse of the variable, i.e., the
log of the cash-flow yield. US REITs are restrictedheir dividend policy since they have to
pay out at least 90% (formerly 95%) of their taxabicome as dividends. This restriction
links the dividend payments of REITs to their eagsi. Lamont (1998) shows with regard to
the general stock market that in a univariate i=gom the earnings yield is not — in contrast
to the dividend yield — a significant predictorstbck returns. This suggests that the dividend
restriction of REITs might explain why the cashwilto price ratio is a better valuation ratio
to forecast REIT returns than the dividend yiele also include the yield spread as a state
variable that has been shown to predict assetn®{ie.g., Campbell 1987, Fama and French
1989). The variable is computed as the differeriddalog yield on a long-term bond minus
the log yield of three-month treasury bills. Detah the data can be found in Appendix A.
Appraisal-based capital and income returns areb#ses for the calculation of the total
return series and the cap rate series of direttestate. The indexes used are the NCREIF
property index (NPI) for the US market and the llBBg-term index for the UK market. The
appraisal-based returns are unsmoothed using fiveaqh introduced by Geltner (1993) for
the US market and applied by Barkham and Geltn@84) for the UK market. This

® Chun et al. (2004) show that, after controlling fmyout and book-to-market ratios, the price-
dividend ratio is a significant predictor of excésS REIT returns.
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unsmoothing approach does not presume that trieseste returns should be uncorrelated.

Annual appraisal-based log real capital retugnsre unsmoothed using the formula

-9 - (1_aa) (94 , (2)

9

whereg; is the true log real capital return (or growth)da is the smoothing parametéke
use the value 0.40 (0.625) for unsmoothing annual(UK) returns as favored by Geltner
(1993) and Barkham and Geltner (1994), respectivetyal real estate returns and the cap
rate series are constructed from the unsmootheddalcapital return and income return
series as follows. The unsmoothed log real capéiirns are converted to simple nominal
capital returns QRU). This series is used to construct an unsmootlagitat value index
(UCVy). The unsmoothed capital value index is calibratiech that the average of the capital
values over time matches the corresponding aveofgbe original index. A real estate
income seriesliic,) is obtained by multiplying the (original) inconreturn (R;) with the

(original) capital value index@V;): Inc, = IR, [CV,_,. New income returns are computed with
regard to the unsmoothed capital value incIRU, = Inc, /UCV,_,. Total returns are obtained
by adding the adjusted simple income and capitatme: RER = CRU, + IRU,. The cap rate
series is calculated iCR = Inc, /UCV,. The variables included in the VAR are the lod rea

total return, and the log of the cap rate.

As a robustness check for the UK market, we es@mdtitional VARs based on direct
real estate return and cap rate series that fesaitusing the smoothing parameters 0.50 and
0.75, which Barkham and Geltner (1994) considereasonable lower and upper bounds. In
analogy, US results are recalculated for the at@éra smoothing parameters 0.33 and 0.50
following Geltner (1993). To save space, we prowaéy the results concerning direct real
estate from these additional VAR estimates, siheaesults for securitized real estate and the
three state variables are not much affected bygubia different real estate return and cap rate
series resulting from the alternative smoothingpeaters in the VARs.

Table 1 lists the standard deviations and firseordutocorrelations of the variables
included in the benchmark UK VARa(= 0.625) and the benchmark US VAR £ 0.40).
Direct real estate returns are much more volatithé UK than in the US, and the UK returns
exhibit less autocorrelation than the US returnke Teturns of securitized real estate



investments are also more volatile in the UK coragdo the US. The additional three state
variables all show notable positive autocorrelation

Since the Center for Real Estate at MIT providesThansaction-Based Index (TBI) for
the US commercial real estate market, one mightattihe use of (unsmoothed) appraisal-
based returns. The TBI is based on property traiosecin the pool of properties that are used
to construct the appraisal-based NPI (for detailghe construction of the TBI see Fisher et
al. 2007). It should be emphasized, however, thhile transaction-based indexes have the
advantage to be based on transaction prices (thsieappraisal), they are not generally
preferable to (unsmoothed) appraisal-based inddexguse they might be subject to other
problems such as noise due to the relatively samatiunt of property transactions (in contrast
to appraisals. The NPI index has the advantage that it goes batker in time than the
TBI. Nevertheless, to see how the unsmoothed NBing used in this paper compare to TBI
returns, Table 2 provides some statistics of unsh@bNP| and TBI returns for the period of
overlap 1985 to 2008. TBI returns are reportedbfath the variable and the constant liquidity
version of the TBI. (We compare appreciation retumstead of total returns, since the
constant liquidity version is available as an ap@tn return index only.) The construction
of a constant liquidity transaction-based indermistivated by the fact that liquidity is time-
varying and pro-cyclical in real estate marketse (B&sher et al. 2003 and Goetzmann and
Peng 2006). While the variable liquidity TBI traclte development of transaction prices in
the commercial real estate markets, it reflectsabée market liquidity. The constant liquidity
TBI is an index that tracks the development of geantion prices under the assumption of
constant liquidity.

As can be seen in Table 2, the constant liquicetyirns show a higher volatility and
lower autocorrelation than the variable liquiditgturns. Unsmoothed NPI returns have
correlations with TBI returns of about 80%, and tfwerelations are generally higher with
regard to the constant liquidity version of the TtBan with the variable liquidity version.
This is consistent with the view of Fisher et 494, 2003) that unsmoothing proceduras
be seen as an attempt to control for pro-cycliealable liquidity. Constant liquidity returns
are better comparable to stock returns, since aelkloped stock markets offer
(approximately) constant liquidityJudging from the return standard deviations, the
smoothing parameteia = 040 favored by Geltner (1993) indeed appears to beemor

reasonable than the values 0.33 and 0.50. AnnubltdiBrns show a similar autocorrelation

" See Geltner et al. (2007, Chapter 25) for a d@onsof appraisal-based and transaction-based
commercial real estate indexes.
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as unsmoothed appraisal-based returns. Hence otabl@ autocorrelation in annual returns
of about 40% indeed seems to be a feature of tketdS real estate market.

VAR estimates

The results of the VARSs, estimated by OLS, aremiveTables 3 (UK) and 4 (US). Panels A
contain the coefficients. In square bracketstaralues. The rightmost column contaiR$
statistics and thp-value of theF-test of joint significance (in parentheses). WRfhvalues of
about 29 and 35% the degree of predictability afiuah securitized real estate returns is
similar in the two countries. With & value of 60% US direct real estate returns arehmuc
more predictable than US REIT returns and UK dimuatl securitized real estate returns.
Direct real estate has a high®rvalue than securitized real estate in the UK a Whe p-
values of the test of joint significance are belomclose to 5% and thus indicate that real
returns of direct and securitized real estateradeed predictable in both countries.

The dynamics of real estate returns in the UK anithé US are qualitatively similar. But
there are notable differences with regard to theggmtade and significance of some
coefficients. In particular, direct real estateuras in the US strongly depend positively and
significantly on its own lag, which is not the cdse direct real estate in the UK. The return
on securitized real estate has a positive influeoedirect real estate returns in both
countries, but the influence is not significant time UK. Direct real estate returns are
significantly affected by the lagged cap rate ithbocountries. The lagged cap rate also has a
positive (though not significant) influence on seétized real estate returns. The lagged
dividend/cash-flow yield of the securitized reatadés markets has a positive influence on
securitized real estate returns. The coefficiemoissignificant in the UK, but in a regression
of property share returns on the lagged dividemityalone this is the casev@alue of 2.75).
Finally, the lagged yield spread is positively tethto direct and securitized real estate
returns. The coefficients are never significantiifyjedent from zero at the 10% level, though.
All three additional state variables show persistaghavior with coefficients on their own
lags of between 0.356 and 0.795. Since these staiables predict asset returns, the
persistency of the state variables carries oveexpected asset returns, making expected
returns positively autocorrelated. A shock to tlxpeeted return persists for some periods
ahead, but eventually dies out. The dynamics ofesohthe state variables are more complex,
however. In the UK, the lagged yield spread is asignificant predictor of the cap rate. In
the US, lagged direct real estate returns and REtlirns have a significantly negative
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influence on the cap rate. Due to the positive @utelation in direct real estate returns, a
price increase of direct real estate in peried. tends to be associated with a price increase in
t, which lowers the cap rate inSimilarly, the dependence of the cap rate onapged REIT
return can be explained by the dependence of dnesdt estate returns on lagged REIT
returns. The dynamics are very similar, when thsulte are based on the alternative
smoothing parameter assumptions.

Panels B of Tables 3 and 4 contain the standardhtil@vs (diagonal) and correlations
(off-diagonals) of the VAR residuals. We see tie standard deviation of direct real estate
return residuals is much lower in the US than m K. There are two reasons for this result.
First, the total return variance is lower in the,dS seen in Table 1. Second, annual direct
real estate returns are more predictable in theWd&h means that the unexpected part of the
total variance is smaller. The choice of the smigtlparameter has a notable influence on
the residual standard deviation of UK direct resthte returns. When appraisal-based returns
are assumed to exhibit relatively little smooth{rag= 0.75) the volatility is 11.4%, compared
to 17.1% when it is assumed that there is a lanodothing @ = 050. Qualitatively, we see
the same result in the US estimates. As with thed sdandard deviation, the residual standard
deviation of US REIT returns is lower than the desil standard deviation of UK property
shares. The correlation between direct and sepeditreal estate return residuals is positive
and patrticularly strong in the UK (77%). US direetl estate and REIT residuals have a
correlation of about 51%. The residual correlatietween direct and securitized real estate is
similar to the correlation between the real loginetseries itself in the UK, but in the US the
residual correlation is higher. In the US, the elation of the return variables is 33.6%
(a=040) compared to the 51.3% residual correlation. THesceis similar to the result of
Giliberto (1990), who finds that the residuals at¢a from regressions of US direct real
estate and REIT returns on other (contemporanesset returns are significantly correlated,
although the return series itself are not. Thedresi correlations between direct real estate
returns and cap rates and between securitize@ségte returns and dividend/cash-flow yields
are highly negative. In the UK, the correlations about -95% and in the US they are about -
90%.

Multi-period volatility and R? statistics

Methodology
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The term structure of an asset’s conditional (taking predictability into account) standard
deviation of real returns can be extracted fromdbeditional multi-period covariance matrix

of the vectom.,, scaled by the investment horizk(see, e.g., Campbell and Viceira 2004):

1 1
Evart (Zt+1 Tt Zt+k) = EW (k)

= (E D), (1 + 0 @)

+(I+®+D)E (1+D+D?)+...
+(I+®+.. .+ DT (I+® +..+ D)),

wherel is the identity matrix.

Define el (e2) as a (5x1) vector where the first (second) elénemne and the other
elements are zero. Theel'tW (k)el picks out the annualized conditional variance ezl r
direct real estate returns, ae2'tW (k)e2 picks out the annualized conditional variance of

real securitized real estate returns, at horkzon
The VAR results can also be used to calculate edfif statistics for multi-period asset
returns (see Hodrick 1992). TIR statistic can be expressed as one minus the oftioe

unexplained variance to the total variance of mpdtiiod returns.W (k) contains the

unexplained variance a¢¢period returns. To calculate tkeperiod total variance we need to

calculate the unconditional variance of the vegtar which is®
CO=) o'z (4)

j=0

Thek-period matrix of total covariances is:
k_l . . .

V (k) =kC(0) + > (k= })(C(j) +C(j)), (5)
j=1

where C(j) =®’C (0)is thej-th order autocovariance of the vecrps. Hence, thé-period

® The infinite sum is truncated gt 1000 in the calculations.
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R’ statistic of direct real estate returns, impligtte VAR estimates, is:

_el'w(k)el

Rt =1 el'V (k)el

(6)

The k-period R? statistic of securitized real estate returns carcdiculated in the same way

using the vectoe2 instead okl.
Results

Figure 1 shows the estimates of the term struatfithe conditional standard deviation for
direct and securitized real estate returns. Panghdws the results for the UK, and Panel B
shows the results for the US. The Panels conta&reim structures for direct real estate for
the three alternative smoothing parameters. The s#ructures for securitized real estate are
obtained from the VARs with the benchmark smootlgagameter assumption.

In the UK, property share returns show strong nreaarsion, which cuts the annualized
standard deviation from 28.2% at the one-year bario 15.0% at the twenty-year horizon.
Similarly, Campbell and Viceira (2005) report thiae annualized volatility of US general
stock market returns falls by about 50%. The |lefdahe return volatility of the US general
stock market is lower, though. The mean reversiddkoproperty share returns can be traced
back to the positive dependence of the return enldgged dividend yield of the property
shares market, since return and dividend yieldlteds are highly negatively correlated.

Direct UK real estate returns show a similar pattes securitized real estate. For the
a=0.625 case, the annualized long-term standard deviatoonly 56% of the one-year
volatility. Over the short-term, however, the paitas different from property shares.
Depending on the assumed smoothing parameter,ethe dtructure is slightly increasing
(a=075), flat (a=0.625), or slightly decreasinga= 050 The counteracting mean-
aversion effect is due to the positive dependerfcdirect real estate returns on lagged
securitized real estate returns in combination whth high positive correlation of direct and
securitized real estate return residuals. Wheretieea positive shock to the property share
return, the return on direct real estate tendsettiigh as well, and a high return on property
shares predicts a high return on direct real estei@ vice versa. As noted above, the choice
of the smoothing parameter has a strong effecherohe-year return volatility. In contrast,
the choice of the smoothing parameter has littitue@mce on the long-term volatility.
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Depending on the smoothing parameter, the anndabzenty-year volatility is between
7.5% and 8.25%. Thus, for long-term direct reahtesinvestment decisions the choice of the
smoothing parameter is of minor importance. Thered is crucial to capture the long-term
mean-reversion effect in direct UK real estatermetuWhen the cap rate is excluded form the
five-variable VAR model, the returns still exhilgglight) mean reversion, but the estimated
annualized 20-year return volatility is much higheth values between 11.2% & 0.75) and
14.6% (@ = 050. Thus, the cap rate captures mean reversiorre€tdieal estate returns, just
like the dividend yield of the property share marka@ptures mean reversion in the securitized
real estate market.

Looking at the estimates for US securitized retdtes we see a pattern similar to the UK
results. The periodic long-term volatility of REf€turns is only about 55% of the one-year
volatility. Thus, when a valuation ratio specifio the securitized real estate market is
included in the VAR model, the mean reversion eff@gpears to be very similar to the
general stock market.

Turning to US direct real estate, we see a stromg@mmaversion effect over short
investment horizons. The annualized three-yearmeftandard deviation is more than three
percentage points higher than the one-year standewviation (this is true for all three
smoothing parameters). Thus, the short-term mearsi@én effect is much stronger in the US
than in the UK direct real estate market. As in Wi€, the mean aversion effect can be
attributed to the relationship with securitizedlrestate returns. Direct real estate returns are
positively related to lagged REIT returns and tbheedation of the residuals is also positive.
In addition to that, direct real estate returnsparsitively autocorrelated in the US, which also
induces a mean-aversion effect. The term struésudewnward sloping or relatively flat over
medium investment horizons of up to ten years, deipg on the assumption regarding the
smoothing parameter. For every smoothing parametrsee a mean-reversion effect,
however, such that the annualized twenty-year metotatility is lower than the volatility at
medium investment horizons. The twenty-year vatgtis 7.5 to 7.8%, very similar to the
UK estimates. Hence, one important conclusion fiéigure 1 is that in the long run, US
direct real estate returns do not appear to bevelsdile than UK direct real estate returns,
which contrasts sharply with short-term statistiégjain, the choice of the smoothing
parameter has little influence on the return vbtatat medium and long horizons. Only the
return volatility for short investment horizons {nelevant for most investors in the direct
real estate market) is strongly affected by theiahof the smoothing parameter. Even more

than in the UK, it is important to include the aape in the VARS to capture mean reversion
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in direct real estate returns. Specifically, whiea tap rate is excluded from the five-variable
VAR, the twenty-year volatility (per period) is beten 15.6 and 17.9% (depending on the
unsmoothing parameter), more than twice the estisniom the VARSs that include the cap
rate.

In both countries, the volatility of securitizedatestate returns is notably higher than the
volatility of direct real estate returns over alVestment horizons. One explanation for this is
leverage (see, e.g., Barkham and Geltner 1995 agliaR et al. 2005). It is well known that
leverage increases the volatility of equity retufdscause the indexes used for the direct real
estate markets measure the performance of unlewerestments, while the indexes used for
the securitized real estate markets measure tHerpamce of levered real estate firms,
leverage is a straightforward explanation for #eim volatility differences. Due to the short-
term mean aversion effects in the direct real estarkets, in contrast to the mean reversion
of securitized real estate returns, the ratio ef\tblatility of direct real estate returns to the
volatility of securitized real estate returns istgalarly low at the one-year horizon in the
UK and at the one- and two-year horizons in the TU8s is similar to the finding of Geltner
et al. (1995) that unlevered US REIT returns anméatlireal estate returns have a similar
volatility at a five-year horizon, whereas the gmear volatility of unlevered REIT returns is
notably higher.

The R statistics for the one-year horizon calculatednf(6) match the actusf statistics
reported in Tables 3 and 4 quite good for the UKkaia This is also true for tHe® statistic
of US REITs. The one-ye&’ statistics calculated from (6) are notably higthen the actual
R statistics for US direct real estate. Therefore,generally rescaled theyearR? statistics
obtained from (6) such that the one-y&&rstatistics are equal to the actiRfl statistics
reported in Tables 3 and 4. These rescaled impftesiatistics are shown in Figure 2.

In the UK market, the general pattern is quite Emfor the three direct real estate
estimates and the estimate for property sharesRi btatistics increase over short investment
horizons, reaching its maximum at the three-yeaizbo with 45% for property shares and
about 55% for direct real estata £ 0.625), respectively. For investment horizons longer
than three years, however, the implRUstatistics decrease with the investment horizére T
implied R® statistic decreases to 20% at the twenty-yearzborfor property shares and to
30% for direct real estate. Thus, direct real estaimains to be more predictable than
securitized real estate at longer horizons. Forpanison, Campbell (1991) reports that Bfe
statistic of US stock returns implied by a VAR psiie for the 1952 to 1988 period rises to

about 45% at a horizon of nine years and only Hijgtecreases over longer horizons. Over
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the longer 1927 to 1988 period, the impligd statistics are generally lower, the peak is
earlier at about four years and fRestatistic is decreasing faster with the investniemizon.

The results for the US market are more complex thenUK results. The implie&
statistics for direct real estate are quite flah@izons between one and five years. As in the
UK market, the variance of expected returns in@gasiore than in proportion to the
investment horizon. However, recall from Table attrealized returns are highly positively
autocorrelated in the US (in contrast to the UK),tkat the variance of realized returns
increases more than in proportion to the investrhenizon, too. Therefore, we see the flat
line in the US and the increasifj statistics in the UK over short horizons. As ie thK, the
implied R? statistic is strongly increasing for securitizeehlr estate returns over short
horizons. The implied?® statistic of REITs is almost 60% at the three-ylearizon, much
more than the 45% estimated for property sharéisdtJK. The implied?? statistics decrease
strongly over medium investment horizons for batleat real estate and REIT returns. At the
ten-year horizon all estimates are very similahvifbplied R* statistics of about 30 to 35%.
Thus, while US direct real estate returns are rpoedictable than REIT returns when judged
from regressions with annual returns, they appeaetequally predictable over an investment
horizon, which is typical for investors in direeat estate. With about 32%, the twenty-year
R’ statistic for direct real estate is again highantthe 24%% statistic for REIT returns.

Variance decompositions

Methodology

Building on Campbell and Shiller's (1988) log-limga&resent-value model with time-varying
discount rates, Campbell (1991) shows that for sttwés expectations to be internally

consistent, high unexpected returms, —E,(r,,;) must be associated with revisions in

expectations about future cash-flow growth or fetteturns (discount rates), or béth:

M — Et (rt+1) = (Et+1 - E:)Z.j: ijdt+1+j - (E[+1 - Et)i pjrt+1+j ) (7)

° Rational bubbles need to be ruled out in the déon.
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wherer14 is the log real return anbt.14; is the growth in cash-flow in periodt1+ j. E; is

the conditional expectation operator such t{fgt, — E,) denotes the revision in expectations
due to the arrival of news in perioth1l. p is a parameter of linearization defined as
p=1/[1+expd- p)], whered - p is the mean log cash-payout-yield, i.e., the diniigield

of the securitized real estate market and the edp of the direct real estate market,

respectively® Revisions in expectations have a greater effectrmxpected returns, the more

persistent the revisions are, since discountediahaal news terms are summed up. Equation

(7) can be expressed in more compact form as

rt+1 - Et (rt+1) = ,7t+1 = ,7d,t+1 - ,7r,t+1' (8)

We refer tos,,,, as cash-flow news and tg,,, as discount rate news, for short. In the

remainder, we provide formulas for direct real &stasing the vectal. The same formulas
apply to securitized real estateglf is exchanged bg2. Campbell shows that discount rate

news can be calculated as:

/7r,t+1 = )"Ivtﬂ’ (9)

where A'=€l' p®(l — p®)™*. It is easy to calculate,, — E,(r,,,) =7,,, =€l'v,,;, SO that cash-

flow news can be obtained as a residual from equd8):

Mot =M ~Mijn = (e1l+)“l)vt+1' (10)

The variances and the covariance of the news team$e calculated as:

Var(’?d,tﬂ) = ;"IZ)\' '
var(s, .,) = (e1+r")X(el + 1), (11)

Cov(’]d,t+1!l7r,t+1) = )“Iz(el-'- )“) .

°The mean log dividend yield of US REITs is -3.3@ &husp = 0.9654. For the US direct real estate
marketp is 0.9296 (fora = 0.40). For the UK market we obtgin= 0.9658 for the property shares
market ango = 0.9437 for the direct real estate marleet (0.625). Small changes due to unsmoothing
direct real estate returns with different smoothiagameters are ignored.

-18 -



Campbell defines persistence as the ratio of #wedstrd deviation of the news about discount

rates to the standard deviation of the innovatmothée one-period ahead expected return:

% (12)
This measure says that a typical 1% negative inimovan the expected return causeB%
capital gain. When expected returns are highlyigterst, asset prices are very sensitive to
movements in expected returns.

The statistics (11) and (12) are functiofigved®)) of the coefficients in the VAR

matrix ®.'' Using the Delta-method, we calculate standardrerfor any statistic as

\Jof /0Ved®@)Qdf /aVed®)' . Here, of /0Veq®) denotes the (1x25) vector of partial

derivatives, evaluated at the estimate of the VABffoccient matrix®, and Q is the (25x25)

covariance matrix of the VAR coefficients.
Results

Table 5 shows the variance decomposition resule termsVar(s,.,,), Var(y, .,) and
—2CoM/)y 41:17, 1) are reported both in absolute terms and in redatarms, i.e., as a

fraction of the variance of unexpected returnshahat the three terms sum to one.

In the UK, about three quarters of the variancauméxpected returns is attributed to
discount rate news for both direct real estate@ogerty shares. About 20% is attributed to
cash-flow news. In absolute terms, the variancesash-flow and discount rate news are
much higher for property shares than for direct estate. The covariance terms, and hence
the correlations between cash-flow and discouné na¢ws are small. These variance
decomposition results (in relative terms) are samib the results for the US general stock
market in the 1952 to 1988 period (Campbell 1991).

Qualitatively, the estimates for the UK and the hks/e in common that discount rate
news are much more important than cash-flow nevw® VWariance of discount rate news

accounts for more than 100% of the variance of paeted returns for both US direct real

! They are also a function of the residual covaganatrix X, but we treat this as fixed (as in
Campbell and Shiller 1988).
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estate and REIT returns. From an absolute perspettmakes sense that discount rate are
relatively more important in the US than in the U¥¢cause the conditional return volatilities
are on a lower level, so that the absolute cortiobs of discount rate news are more similar
across the countries. Despite the larger relatimeumts in the US, the absolute amounts of
the variance of discount rate news are still lothian in the UK, especially in the direct real
estate market. This is reflected in the lower estés of the persistence measure for expected
returns in the US, which are about 1.5. Recall thiatestimate says that a 1% positive shock
to the expected return tends to be associated avith5% capital loss. This compares to
persistence measures of 2.5 to 2.8 for UK direat estate. In the securitized real estate
markets, the absolute contributions of the variaoicdiscount rate news to the variance of
unexpected returns are relatively similar in the @kd the US, and so are the estimated
persistence measures.

The variance of cash-flow news of US direct reshtes@ = 040) accounts for one third
of the variance of unexpected returns, compare2iL® for the benchmark casa€0. 625
in the UK. In absolute terms, however, the variaoteash-flow news is lower in the US.
Thus, relative to the variance of unexpected retuttme variance of cash-flow news as well as
the variance of discount rate news are more impbitathe US than in the UK direct real
estate market. This implies that the covariance ter substantially negative and hence the
correlation between cash-flow news and discouetmatvs is substantially positive in the US.
When there is good news about future cash-flowpgeeted future returns tend to rise. The
correlation estimate is 53% whem= 049 used. This estimate is almost three standard
errors above zero. Closest to the UK results isetstemate for US REITs; the correlation
between cash-flow and discount rate news is reltimildly positive (28%, with a standard
error of 29%).

The variance decompositions help to interpret tfferénces between the volatility term
structures shown in Figure 1. In the UK, most & Wariability of unexpected returns for both
direct and securitized real estate can be expldiyediscount rate news, and the correlation
between cash-flow and discount rate news is aberd. ZThe term structures reflect strong
mean reversion (except for direct real estate Bt sieort horizons), because positive discount
rate news decrease prices but increase expectec frgturns. In the US direct real estate
market, the correlation between cash-flow and dist@ate news is positive, i.e., positive
discount rate news tend to be accompanied by pestash-flow news. Hence, a positive
shock to expected returns (the discount rate gfimety not decrease prices. On the other

hand, the persistence in expected returns carxnes t realized return, generating mean
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aversion. The positive correlation between casiw-#od discount rate news also explains the
low short-term volatility of US direct real estateturns, since cash-flow and discount rate
news of the same sign influence prices in oppabiections. The correlation between cash-
flow and discount rate news of US REITs is positilsat relatively small, such that the

discount rate effect generates mean reversion.

Market efficiency

Time-variation in expected returns can be duerttional behavior or rational changing risk
aversion of investors. There is an ongoing debdiewexplanation is more relevant for stock
return predictability (see, e.g., Fama 1991 andle82003). Fama and French (1989) show
that the dividend yield and the yield spread tracdkiness cycle movements, being low in
good times and high in bad times. The variablegdasts both stock and bond returns
positively, meaning that future returns are expkdi® be higher (lower) in bad (good)
economic conditions. Because the same is likelyetdrue for investor’s risk aversion, time-
variation in expected stock and bond returns mayrat®nal rather than reflect market
inefficiency. Plazzi et al. (2010) analyze the rofethe cap rate as a predictor of direct real
estate returns in detail and find that the cap cafgures the dynamics of direct real estate
returns in a similar fashion as the dividend yielptures the dynamics of stock returns.
Hence, the predictive power of the yield spread,dhp rate and the yield of the securitized
real estate market for direct and securitized esgdte returns may also reflect rational time-
variation in expected returns.

Recall, however, that direct real estate returas depend positively on the lagged return
on securitized real estate investments and thewlacepositively autocorrelated, particularly
strong in the US. The finding that price discoveogurs first in the more liquid securitized
real estate market and then in the direct reateestarket has been documented in many
studies (for a review see Geltner et al. 2003)kBam and Geltner (1995) argue that the
securitized market leading the direct real estadeket is hard to reconcile with a rational
explanation and conclude that this finding reflentermational inefficiency of the direct real
estate market. Positive autocorrelation in reahtesteturns is seen to be evidence of an
inefficient market, too (e.g., Case and Shiller 4,98u and Ng 2001). As noted above,

12 S5ee Campbell et al. (1997, Chapter 7) for a teokluiscussion of these effects.
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autocorrelation and the positive relationship oédi real estate returns on lagged securitized
real estate returns (in combination with the pwsitcorrelation of the return residuals)
induces mean aversion in direct real estate retiBimce the UK direct real estate market
shows less mean aversion than the US market, thendiiket appears to be relatively more
informational efficient. An explanation for this ghit be that the UK market is more
homogeneous (Barkham and Geltner 1995).

The variance decompositions shed some more lighhenssue of market efficiency. In
contrast to the aggregate stock market, where dnelation between cash-flow news and
discount rate news is estimated to be negativéosedo zero (Campbell 1991, Campbell and
Vuolteenaho 2004), Vuolteenaho (2002) finds that ¢brrelation with regard to firm-level
stock returns is notably positive. The correlat®targest for small firms (often viewed to be
most likely subject to behavioral mispricing), weas the correlation is almost zero for the
largest firms. Vuolteenaho points out that the fpasicorrelation could be due to an
underreaction to cash-flow news. When good cashk-flews arrives, the price increase does
not reflect the good news fully. In turn, expectetlirns must increase. Campbell et al. (2009)
suggest that this explanation may be relevantiferdS housing market. The results reported
here suggest that the underreaction explanationatsmyapply to the US direct commercial
real estate market.

To address the question of informational efficien€a market, Fu and Ng (2001) suggest
regressing the one-period unexpected retyy on a cumulative price adjustment
G1(K) =1y + Py + ot P71, Where ., =€l'®y,,,, >0, are the innovations to
future expected returns. (Again, the formula isdoect real estate; 1 is exchanged bg2
it applies to securitized real estate.) Considerakample of a two-period cumulative price
adjustment. A regression coefficient of larger thame means that,, and 7,, are
negatively correlated, which can be explained bg thiscount rate effect: When the
contemporaneous unexpected return is negativejstiiaused by an upward revision of the
future expected return. A coefficient of below aseconsistent with the underreaction to
cash-flow news hypotheses. Suppose that news abasit-flows justifies a positive
contemporaneous unexpected return, but due to weaition the price adjustment is not
complete. Therefore, the full adjustment must tpleee through a future price appreciation,

so thatn,,, andr,,, are positively correlated. More generally, a pesitorrelation between

1., andn,, can also be due to an underreaction with regarteves about future expected

returns.
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We follow the approach of Fu and Ng, and report ¢befficient § estimated from a
regression of the one-period unexpected returmenvwo-period cumulative price adjustment

®...(2) =1, + pn,., in the rightmost column of Table 5:

,7t+1 = ﬁ¢t+1 (2) + £t+1' (13)

In line with the underreaction to cash-flow newsplexation, we see that the annual
unexpected return in the US direct real market wagt only about 60% of the two-year
cumulative price adjustment. In the securitized essgate markets, we see no evidence of
underreaction. The coefficients are larger than, @oasistent with the discount rate effect.
These results are in line with the results repotigd-u and Ng. They find a regression
coefficient of 60% for the (direct) Hong Kong officgeal estate market and coefficients of
about 110 to 120% for the stock market. Howeverakd Ng regress quarterly unexpected
returns on the five-quarter cumulative price adpesit, whereas the dependent variable in our
regression is the annual unexpected return. Hetheeunderreaction appears to be more
severe in the US compared to Hong Kong, since tiseeenotable underreaction even at an
annual frequency in the US. The regression coefiisi for the direct real estate market in the
UK are about one. This result suggests that theodi#t rate effect tends to be compensated
by an underreaction to news effect. Since the @iroe between discount and cash-flow
news of about zero does not support an underreadtio cash-flow news story, the
underreaction appears to be related to discovatheaws.

The regression results correspond to the term tatmei®of return volatilities shown in
Figure 1. In the UK direct real estate market,tdren structures are relatively flat between the
one- and two-year horizons. This corresponds tadgeession coefficients of about one. The
increase in the periodic return volatility of th&Wlirect real estate market can be explained
by an underreaction to cash-flow news. It takesestme until prices have fully adjusted to
new information, and this slow response leads ¢opitonounced mean aversion effect over
short investment horizons. The regression coefitsiof above one in the securitized real
estate markets reflect a full adjustment of pritsnew information, such that the term

structure of the return volatility is decreasingeda the discount rate effect.

Conclusion
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Using vector autoregressions, we fiadh line with conventional wisdom that US and
UK direct real estate returns exhibit short-termamaversion and long-term mean reversion.
But comparing the two markets, we find huge diffiees with regard to the importance of
these effects. The UK direct real estate markeheracterized by a strong mean reversion
effect. Over short investment horizons, there msean aversion effect in both the UK and the
US direct real estate market, but the mean avemsif@et is much more pronounced in the
US. In the long-term, however, the estimated anpedlreturn volatilities of UK and US
direct real estate returns are quite similar. Theiae of the parameter used to unsmooth
appraisal-based returns has a large effect onhibre-erm, but not on the long-term volatility
of direct real estate returns. UK property sharesdS REITs exhibit strong mean reversion,
very much like the general stock market. UK direetl estate returns remain more
predictable than property share returns in the umedand long term, whereas US REIT
returns appear to be equally predictable to direait estate returns in the medium term.

News about discount rates are more important tlagh-ow news in the analyzed real
estate markets. The low short-term standard dewiand the mean aversion of US direct real
estate returns can be explained by the positiveeledion between cash-flow and discount
rate news, which can be interpreted as underreatdioash-flow news.

Of course, the results in this paper have implocegifor portfolio choice. The volatility
results would seem to justify larger allocationséauritized real estate and to direct UK real
estate for long-term investors. This is not truedivect US real estate. But of course, horizon
effects in return volatilities, return correlatiorasd expected returns of several asset classes

have to be considered jointly.
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Appendix A: Data

Table Al provides information on the data usedaiastruct the VAR variables. Information
on the direct real estate data can be found imiia text.

Table Al: Data information
Panel A: UK

Description Source
Index of securitized real estatdK DS real estate total return index Datastream

Yield of securitized real estat®ividend yield of UK DS real estate index Datastnea

Cash yield UK three-month treasury bills rate Dissn
i . . - Barclays Equity
Long-term bond yield Yield of Barclays gilt index Guilt Study 2009
, . Barclays Equity
0
Inflation rate Change (%) of UK cost of living inde Guilt Study 2009
Panel B: US
Description Source
Index of securitized real estatdS DS REITs index (rebased) Datastream
Valuation ratio of securitized Price/Cash-flow ratio of US DS REITs D
: atastream
real estate index
Cash yield US three-month treasury bills rate Detamsn
Long-term bond yield )\/(é(;l:}lsof US treasury constant maturities J[S)atastream
: Change (%) of Consumer Price Index - ABureau of Labor
Inflation rate S
Urban Consumers Statistics
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Table 1 Sample statistics

UK (a=0.62E) US (a=0.40)
Auto- Auto-
St.dv. correlation St.dv. correlation
Log real return on direct real estate 17.22% 15.49% 10.39% 38.82%
Log real return on securitized real estagd.18% -2.22% 23.30% -3.31%
Log of cap rate 0.2636 60.91% 0.1938 81.07%
Log of yield of securitized real estate 0.3176 40.03% 0.3433 69.27%
Log yield spread 1.81% 45.28% 1.40% 40.26%

This table shows statistics for the variables ideliliin the VAR models, which are based
on annual data. The sample period is 1972 to 200&& UK. The US sample period is
1979 to 2008. Direct real estate return and cap statistics are based on the smoothing
parameter §) 0.625 for the UK and 0.40 for the US. St.dv.: ré@ard deviation.
Autocorrelation refers to the first-order autoctatien.
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Table 2 Statistics of US direct real estate returns

Auto- Correlation Correlation
St. dv. correlation with VL with CL
NPI
a=0.33 14.04% 37.70% 77.34% 83.38%
a=0.40 11.70% 40.94% 78.87% 83.05%
a=0.50 9.64% 46.31% 79.89% 81.45%
TBI

Variable liquidity (VL) 9.00%  47.62%  100.00%  92.98%
Constant liquidity (CL) 11.19% 37.71%  92.98%  100.00%

This table shows statistics of mean-adjusted ladj capital returns, based on annual data
from 1985 to 2008. Unsmoothed NPI return statistios reported for three smoothing
parametersa. TBI return statistics are reported for the vaeabquidity (VL) and the
constant liquidity (CL) version. St. dv.: Standafelviation. Autocorrelation refers to the
first-order autocorrelation.
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Table 3 UK VAR results
Panel A: VAR coefficients

Coefficients on lagged variables

Variable 1 2 3 4 5 R

a=0.625

1 Log real return on direct real estate0.199 0.162 0.323 0.016 2.180 42.82%
[0.858] [1.177] [2.414] [0.122] [1.590] (0.28%)

2 Log real return on property shares 0.10%.161 0.344 0.336 2.109 29.24%
[0.219] [0.569] [1.251] [1.240] [0.748] (4.72%)

3 Log of cap rate -0.087 -0.224 0.600 0.024 -4.594 57.06%
[-0.295] [-1.280] [3.520] [0.140] [-2.632] (0.00%)
4 Log of dividend yield -0.065 -0.027 -0.334 0.622 -4.054 26.81%
[-0.134] [-0.095] [-1.204] [2.271] [-1.426] (7.04%)
5 Log yield spread 0.012 -0.032 0.004 0.001 0.460 42.66%

[0.461] [-2.182] [0.243] [0.086] [3.118] (0.29%)

a=0.50
1 Log real return on direct real estate0.133 0.212 0.387 0.024 2.736 43.65%
[0.564] [1.196] [2.452] [0.147] [1.612] (0.23%)

a=0.75
1 Log real return on direct real estate0.285 0.132 0.278 0.014 1.835 43.79%
[1.269] [1.199] [2.419] [0.124] [1.585] (0.22%)

Panel B: Standard deviations and correlations oRVt&siduals

1 2 3 4 5

a=0.625
1 Log real return on direct real estat&3.73% 76.92% -96.90% -73.36% -39.13%
2 Log real return on property shares  76.9228.21% -76.44% -94.23% -30.86%

3 Log of cap rate -96.90%76.44% 17.47% 78.46% 36.92%
4 Log of dividend yield -73.36%94.23% 78.46% 28.46% 33.05%
5 Log yield spread -39.13%30.86% 36.92% 33.05% 1.48%
a=0.50

1 Log real return on direct real estat&7.14% 76.69% -97.65% -73.09% -39.14%

a=0.75
1 Log real return on direct real estat&1.44% 76.91% -96.04% -73.37% -38.88%

The results are based on mean-adjusted annualrdatel 972 to 2008. Full VAR results are reported
for the smoothing parametar= 0.625, and VAR results concerning only direet estate are reported
for a=0.50 anch = 0.75. Panel A shows the VAR coefficients. Tstatistics are in square brackets;
values corresponding f@values of 10% or below are highlighted. The righsincolumn contains the
R’ values and th@-value of theF-test of joint significance in parentheses. PanedhBws results
regarding the covariance matrix of residuals, whetendard deviations are on the diagonal and
correlations are on the off-diagonals.
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Table4 US VAR results
Panel A: VAR coefficients

Coefficients on lagged variables
Variable 1 2 3 4 S R ()
a=0.40
1 Log real return on direct real estate0.710 0.186 0.242 0.011 1.013 60.10%
[3.570] [2.791] [2.878] [0.238] [0.972] (0.03%)

2 Log real return on REITs 0.376-0.015 0.266 0.309 4.520 34.79%
[0.667] [-0.077] [1.117] [2.369] [1.530] (5.35%)
3 Log of cap rate -0.604 -0.237 0.795 -0.004 -1.182 80.04%
[-2.304] [-2.699] [7.187] [-0.074] [-0.861] (0.00%)
4 Log of cash-flow yield -0.127 -0.011 -0.154 0.621 -2.934 50.32%
[-0.194] [-0.050] [-0.556] [4.096] [-0.853] (0.30%)
5 Log yield spread -0.033 0.008 -0.003 0.003 0.356 21.85%

[-0.957] [0.663] [-0.207] [0.438] [1.979] (26.56%)

a=0.33
1 Log real return on direct real estate0.652 0.228 0.256 0.014 1.199 58.32%
[3.146] [2.784] [2.757] [0.243] [0.936] (0.05%)

a=0.50
1 Log real return on direct real estate0.780 0.148 0.222 0.008 0.865 63.34%
[4.246] [2.839] [3.059] [0.227] [1.053] (0.01%)

Panel B: Standard deviations and correlations oRVt&siduals

1 2 3 4 5

a=0.40

1 Log real return on direct real estate7.17% 51.30% -90.31% -38.23% -49.89%
2 Log real return on REITs 51.30920.34% -36.69% -87.12% -27.10%
3 Log of cap rate -90.31%36.69% 9.45% 32.15% 44.55%
4 Log of cash-flow yield -38.23%87.12% 32.15% 23.67% 18.36%
5 Log yield spread -49.89%27.10% 44.55% 18.36% 1.24%
a=0.33

1 Log real return on direct real estate8.80% 51.60% -93.11% -38.12% -50.29%

a=0.50
1 Log real return on direct real estate5.65% 51.21% -86.03% -38.70% -49.30%

The results are based on mean-adjusted annualrdatel 979 to 2008. Full VAR results are reported
for the smoothing parametar= 0.40, and VAR results concerning only direct estate also reported
for a=0.33 andch = 0.50. Panel A shows the VAR coefficients. Tstatistics are in square brackets;
values corresponding fevalues of 10% or below are highlighted. The righstncolumn contains the
R’ values and th@-value of theF-test of joint significance in parentheses. PanedhBws results
regarding the covariance matrix of residuals, whetendard deviations are on the diagonal and
correlations are on the off-diagonals.
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Table5 Variance decompositions

V'ar(”d,tﬂ) Yar(ﬂr,t+1) ‘ZC?"(”d,tﬂ'”rm) COrM(ypis/l ) Persistence S
Relative Absolute Relative Absolute Relative Absolute
UK
Direct real estateg = 050) 13.83% 0.0041 75.83% 0.0223 10.33% 0.0030 -0.160 2.453 1.081
(7.04%) (0.0021) (13.84%)(0.0041) (15.43%) (0.0045) (0.271) (0.936) (0.063)
Direct real estateg = 0.625) 20.53%  0.0039 73.54%  0.0139 5.93% 0.0011 -0.076 8242 0.974
(10.35%) (0.0020) (18.26%)(0.0034) (21.60%) (0.0041) (0.297) (1.219) (0.049)
Direct real estateg = 0.75) 29.28% 0.0038 74.28% 0.0097 -3.55% -0.0005 0.038 2.838 0.881
(14.82%) (0.0019) (23.77%)(0.0031) (30.36%) (0.0040) (0.314) (1.282) (0.039)
Property companies 22.61% 0.0180 69.26% 0.0551 98.14 0.0065 -0.103 2.131 1.309
(9.06%) (0.0072) (21.77%)(0.0173) (24.68%) (0.0196) (0.337) (0.835) (0.070)
us
Direct real estateg = 033) 20.17% 0.0016 119.68% 0.0093 -39.85% -0.0031 6.40 1.522 0.614
(2.85%) (0.0002) (25.81%)(0.0020) (27.49%) (0.0021) (0.219) (0.412) (0.035)
Direct real estateg = 040) 33.34% 0.0017 139.35% 0.0072 -72.69% -0.0037 3.53 1.525 0.592
(6.49%) (0.0003) (34.61%)(0.0018) (39.47%) (0.0020) (0.185) (0.393) (0.034)
Direct real estateg = 050) 61.32%  0.0020 179.48% 0.0057 -140.80% -0.0045 710.6 1.571 0.564
(15.83%) (0.0005) (51.33%)(0.0016) (64.84%) (0.0021) (0.140) (0.386) (0.032)
REITs 21.40% 0.0089 105.03% 0.0435 -26.43% -0.0109 0.279 2.087 1.287
(6.43%) (0.0027) (28.91%)(0.0120) (33.83%) (0.0140) (0.286) (0.832) (0.116)

This table reports how much of the variance of peexed returns is attributed to the variance oh-dsv news,Var(s,,.,) , to the variance of
discount rates new¥ar(z, .,,) » and minus two times the covarianee2Cov7, .../, ..,) - The three terms are reported in absolute terntsaa
a fraction of the variance of unexpected returnshghat the three terms sum to o@err (17, .../, .,) IS the correlation between cash-flow and
discount rate news. Persistence refers to thegpensie measure for expected returns defined in (123 the regression coefficient of the one-

period unexpected return on the two-period cumggbrice adjustment. Standard errors are in pagsea is the smoothing parameter.
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Figure 1 The term structure of return volatilities

The figure shows conditional annualized standakdaadiens of real returns depending on the
investment horizon. RE: Real estaés the smoothing parameter.
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Figure 2 Implied R statistics

The figure shows? statistics, implied by the VAR estimates, depegdin the investment horizon.
Thek-year R statistics obtained from (6) are rescaled suchttfeaone-yeaR? statistics are equal to
the actuaR? statistics reported in Tables 3 and 4. RE: Reates is the smoothing parameter.
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