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1 Introduction

Although commercial real estate makes up for aelamgpportion of the world’s wealth,
the analysis of real estate investments lags behiudof classic financial asset classes.
According to Clayton et al. (2009, p. 10), the tdghe application of insights from the
finance literature to the investment analysis afotercial real estate can be seen as

“[...] one of the distinguishing features of the dsdass.” They state:

“Many of the basic tools of portfolio managementwvéanow been applied to

commercial real estate, but only in the last 1Q%oyears. The concepts may be
30, 40, or 50 years old, but institutional reabéstinvestors have only just begun
to use (and sometimes misuse) the standard tedsigfuthe broader investment

markets [...].”

This thesis is devoted to the analysis of commereml estate investments. The overall
goal is to gain a better understanding of the fom@ncharacteristics of this asset class.
With an average holding period of about ten yedaisgct commercial real estate
investments are typically long-term investmentsligcet al. 2003, Fisher and Young
2000). Motivated by this fact, the calculation of¢-term risk and return statistics is at
the heart of this thesis.

Following the tradition in real estate researclprapches originally applied to the
traditional asset classes are applied to commeredlestate investments. A common
characteristic of the models used in this thesit® iacknowledge that asset returns are
predictable. Up to the 1980s, the common view vied stock and bond returns are
(close to) unpredictable (Cochrane 2005, Chaptgr P&ma and Schwert (1977) were
among the first to challenge the view of constatpieeted returns, emphasizing that
expected stock returns vary with inflation. Sinbert, many other studies have shown
that bond and stock returns are in fact predictéblg., Campbell 1987, Campbell and
Shiller 1988, Fama 1984, and Fama and French 19888). Research by Case and
Shiller (1989, 1991), Gyourko and Keim (1992), Bain and Geltner (1995) and Fu
and Ng (2001), among others, shows that residesatidlcommercial real estate returns

are predictable, too.
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When returns are predictable, there are horizoectffin periodic variances and
covariances of multi-period returns — there isani structure of risk”. Consider a two-
period example. Let; denote the log (continuously compounded) returmpeniod
t+1, and ry, the log return in period+2. Assuming that returns are identically
distributed,

Var (r.,) +Var (1,,) = 2Var (1) + 2Coy (T, ) (1.1)

is the variance of the two-period return. When mefuare unpredictable, the variance
increases in proportion to the investment horizonhen returns are predictable,
however, the periodic (dividing by two) variance tbe two-period return is greater
(mean aversion) or less (mean reversion) than thglesperiod return variance,
depending on the covariandédy) of returns. Thus, mean aversion reflects a pasiti
correlation between single-period returns, and meaversion reflects negative
autocorrelation. There is an important differeneesMeen unconditional and conditional
variances of multi-period returns. Early studiestioa long-term risk of stocks (Fama
and French 1988b, Poterba and Summers 1988) exdmnmon effects focusing on
unconditional variances by analyzing the behavibrmulti-period realized returns
directly. In this thesis, conditional (indicated Hye subscript) variances of multi-
period returns are analyzed throughout by usingultivariate time-series model — a
vector-autoregression (VAR) — that captures timeagi®on in expected returns and
yields implied estimates of variances of multi-pdrireturns. Campbell (1991)
emphasizeshat ex post returns can be serially uncorrelaaéiipugh there are horizon
effects in the conditional periodic variance ofures. Similar to horizon effects in
(conditional) return variances, return predictapiliinduces horizon effects in
(conditional) multi-period covariances of the resion different assets (see Campbell
and Viceira 2004).

Predictability of returns also induces horizon effein expected returdsFor
example, the simple return, per period, decreas#s tive investment horizon when
returns are mean-reverting. Assume that an assetently valued at 100, either
increases or decreases by 10% with a probability086. After two periods, the asset
will be worth 121 with a probability of 25%, 99 Wit probability of 50%, or 81 with a

! See also Jurek and Viceira (2010) for a discussion
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probability of 25%, and the expected simple retigr0%. When returns are mean-
reverting, the middle case will become more likahd the other cases will become less
likely. In the extreme, there would be a 100% piolity that the stock is worth 99,
corresponding to a simple return of -1%, after ariods. Transaction costs induce
additional horizon effects in expected returns.sThas a large effect for the term
structure of (periodic) expected returns on direel estate, since transaction costs are
very large compared to stock and bond investments.

With periodic variances, covariances and expecteairms being horizon-
dependent, the optimal asset allocation is hora®pendent, too (Campbell and Viceira
2002, Chapter 2). This thesis focuses on the degyeedof risk and return on the
investment horizon. It rules out time-variation riisk. Chacko and Viceira (2005)
analyze the importance of time-variation in stockrket risk for the portfolio allocation
of long-term investors. They conclude that changislg does not induce large changes
in the optimal allocation to stocks, because chamgeisk are not very persistent.

Since the influential paper by Sims (1980), VARsvédnebecome a popular
approach to analyze the dynamics of a set of vimsaln macroeconomics and finance,
because “VARs are powerful tools for describingadand for generating reliable
multivariate benchmark forecasts.” (Stock and W@at8001, p. 113). It should be noted
that the VAR coefficients might be biased. Stamimauy@999) has shown that
persistency of forecasting variables leads to biasstimates in univariate forecasting
regressions in small samples, when innovationsetarms and innovations to the
forecasting variable are correlated. For examphe toefficient obtained from a
regression of stock returns on the lagged dividgettl has an upward bias, because
stock return and dividend yield residuals are highkgatively correlated. However,
Ang and Bekaert (2007) find that in a bivariateresgion the bias can be negative
instead of positive. Hence, coefficients in multiage regressions (which form a VAR
model) might not be biased. In line with the bufktlee literature (e.g., Campbell and
Viceira 2002, 2005, Campbell et al. 2003, Fugazza.€007, Hoevenaars et al. 2008)
no adjustments are made.

The specific characteristics of real estate assekets make it necessary to be
careful when models developed for classic finanassets are applied to the real estate
market. Throughout the thesis, variables specific the real estate market are
incorporated in the VAR models to capture the dyieanof real estate returns

adequately. As indicated above, transaction costs@nsidered for estimating the term
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structure of expected returns. In Chapter 3, aeaspf the lack of liquidity of direct
real estate investments — marketing period risks -adcounted for. A result of the
specific microstructure of direct real estate assatkets is the lack of return indexes,
which are comparable to stock and bond indexes.aMadable history of commercial
real estate indexes is usually relatively short] Hre indexes are subject to a range of
biases. When analyzing direct real estate, appioéssed returns are used (as it is
common in real estate research). Appraisal-basednse are unsmoothed using the
method proposed by Geltner (1993), which avoids #hepriori assumption of
uncorrelated true market returns, and robustnesskshare conducted by recalculating
main results with different parameter values usednismooth appraisal-based returns.
One of the implications of the use of indexes fioed real estate is that the results are
more relevant for investors with a well-diversifipdrtfolio than for investors holding
only a few propertied.It should be emphasized that the thesis focusesoommercial
real estate. Some of the results may also appigdiolential real estate, though, given
the similarities between the dynamics of housingkets and commercial real estate
markets (Gyourko 2009).

The remainder of this thesis consists of threeamitained chapters. In Chapter
2, the term structures of return volatility for U&Knd US direct and securitized
commercial real estate are compar€de implications of the term structures of return
volatility for the dependence of the degree of metpredictability R statistics) on the
investment horizon are examined. In order to gepdeinsights into the term structures
of return volatility, the variance of unexpecteturas is decomposed into the variance
of news about future cash flows, news about futeterns and their covariance. A
discussion of the informational efficiency of thesat markets is also part of this
ChapterChapter 3 analyzes the role of the investment borfer the allocation to UK
direct commercial real estate in a mixed assetf@@mtaccounting for transactions
costs, marketing period risk and return predicigbil Furthermore, the chapter
examines the relative importance of return predittg, transaction costs and
marketing period risk for the optimal allocationrenal estate. Chapter 4 analyzes how
the inflation hedging abilities of UK cash, bonthck and direct commercial real estate
investments change with the investment horizon. Whplications of the differing

inflation hedge properties of the assets for tlfedince between the return volatility of

%2 See Geltner et al. (2007, Chapter 25) for a teklubscussion of the data issues.
% For a diversification analysis based on individoriperties see Kallberg et al. (1996).
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real returns versus the return volatility of nonhirgturns, and for portfolio choice are

explored.



2 Dynamics of Commercial Real Estate Asset Markets, &urn

Volatility, and the Investment Horizon

This chapter is joint work with Steffen Sebastian.

Abstract

The term structure of return volatility is estindfer UK and US direct and securitized
commercial real estate using vector autoregressiamsapture the dynamics of the real
estate asset markets it is important to accouna feasluation ratio specific to the asset
market analyzed. In the UKdirect real estate and property shares exhibitnmea
reversion. US REIT returns are mean reverting, toacontrast, US direct real estate
shows a considerable mean aversion effect ovet shastment horizons. This can be
explained by the positive correlation between déshk-and discount rate news, which
can be interpreted as underreaction to cash-flowsndn all of the asset markets
analyzed, unexpected returns are primarily drivgeméws about discount rates. In the
UK, direct real estate returns remain more pretletéhan property share returns in the
medium and long term, whereas US REIT returns apjpehe equally predictable to
US direct real estate returns at a ten-year investimorizon.
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2.1 Introduction

A lot of research in real estate focuses on thélpro of how to correct (“unsmooth”)
appraisal-based returns in order to obtain retwhg;h are closer to true market returns
(e.g., Blundell and Ward 1987, Geltner 1993, Fisaéeml. 1994). The unsmoothed
returns are used to assess the volatility of ret@te markets. The studies use quarterly
or annual return data, however. Typically, reahtesinvestors have longer investment
horizons than a quarter or a ye®fith an average holding period of about ten years,
direct commercial real estate investments are &jyitong-term investment&ollet et

al. 2003, Fisher and Young 2000)he relationship between the short-term and the
long-term return volatility is straightforward whereturns areindependently and
identically distributed (l1ID) over time: The variem of (log) returns increases in
proportion to the investment horizon. When retwares predictable, however, there may
be substantial horizon effects in the periodic igbd by the square root of the
investment horizon) volatility of returns. For exale there is a lot of evidence
suggesting that stock returns are mean revertirgg, that the periodic long-term
volatility of stock returns is lower than the shtetm volatility*

The widespread view is that commercial real estaterns are predictable.
Securitized real estate investments are often smexxhibit similar dynamics as the
general stock market. Conventional wisdom and dogirevidence (Clayton 1996,
Geltner and Mei 1995, Scott and Judge 2000) sugipedt direct real estate asset
markets exhibit cyclicality. A series of high ratartends to be followed by a series of
low returns, and vice versa. Hence, cyclicality liegp that real estate returns are mean
reverting over long investment horizons, making esdate relatively less risky in the
long run. Cyclicality also implies that direct rezdtate exhibits return persistence over
short investment horizons, so that we see mearsiavem the short run. The return
persistence is typically attributed to the speaificrostructure of the direct real estate
asset market characterized by high transactionscémiv transaction frequency and
heterogeneous goods, causing slow information slfu (e.g., Geltner et al. 2007,
Chapter 1). Thus, horizon effects in the volatibfyreturns are likely to be linked to the

informational efficiency of an asset market.

* Early references include Campbell (1991), Fama Brehch (1988a, 1988b), Kandel and
Stambaugh (1987) and Porterba and Summers (1988).
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The goal of this chapter is to analyze how impdrtaean aversion and mean
reversion effects are WK and US direct and securitized commercial redhtes
markets.Using vector autoregressions (VARS), the term stmec of the annualized
return volatility is estimated for direct and setimed real estate in these two countries.
We explore the implications of the term structure eturn volatility for the dependence
of the degree of return predictabilitiR’(statistics) on the investment horizon. In order
to get deeper insights into the term structurehef teturn volatility of an asset, the
variance of unexpected returns is decomposed Ir@ovariance of news about future
cash flows, news about future returns, and theiagance.

We find that in the UK the results for direct remtate and property shares are
similar to the results for the general stock marBetth UK direct and securitized real
estate exhibit strong mean reversion. US REIT nstare strongly mean reverting, too.
In contrast, US direct real estate returns are idersbly mean averting over short
investment horizons, after which the term structofethe annualized volatility is
slightly decreasing. To estimate the long-termrrettolatility of the assets adequately,
it is important to include a valuation ratio specifo the asset market analyzed in the
VAR models.The low short-term standard deviation and the maagrsion of US
direct real estate returns can be explained bydséive correlation between cash-flow
and discount rate news, which can be interpretadchdsrreaction to cash-flow news. In
all of the asset markets analyzed, unexpectednetne primarily driven by news about
discount rates. The choice of the parameter usadsmooth appraisal-based returns
has a large effect on the short-term, but not @ltmg-term volatility of direct real
estate returns. In the UK, direct real estate nsturemain more predictable than
property share returns in the medium and long terhereas US REIT returns appear to
be equally predictable to US direct real estaternstat a ten-year investment horizon.

The remainder of the chapter is organized as faiolhe next section contains a
review of the literature and some background disioms We proceed with a description
of the VAR model and the data and present the VARMates. The next section
contains the discussion of the term structure mfrnevolatilities and the multi-period?
statistics implied by the VARs. The variance decosifions are presented in the
subsequent section. A discussion and further aisalysh regard to the informational
efficiency of the real estate asset markets folloWse final section concludes the

chapter.
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2.2 Background and literature review

How does return predictability induce horizon effein the periodic volatility of
returns? To address this issue, most recent stud®¥AR modelsln this framework,
risk is based on the unpredictable component afrmst i.e., the return variance is
computed relative to the conditional return expeéata The conditional periodic
volatility of multi-period returns can be calculdtérom the VAR resultsand may
increase or decrease with the investment horiddre standard example of horizon
effects in the return volatility is the mean revenseffect in stock returns induced by
the dividend yieldThe dividend yield has been found to positivelydicestock returns
(Campbell and Shiller 1988, Fama and French 198&agombination with the large
negative correlation between shocks to the dividgetl — whose process is usually
well described by an AR(1) process — and shockkdastock return, mean reversion in
stock returns emerges: A low realized stock retieimds to be accompanied by a
positive shock to the dividend yield, and a highidind yield predicts high stock
returns for the future, and vice versa. Campball Hiteira (2005) show that this effect
cuts the periodic long-term standard deviation & &tock returns to approximately
50% of the short-term standard deviation. In gen@ee Campbell and Viceira 2004),
returns exhibit mean reversion if the sign of thegmeter obtained from a regression of
an asset’s return on a lagged predictor variabtethe opposite sign as the correlation
between the contemporaneous shocks to the assenh r@d the predictor variable;
mean aversion is induced if the regression pararaeie the correlation of the residuals
are of the same sign. The higher the persistent¢heoforecasting variable, the more
important is this predictor for the long-term asssit>

There are a lot of studies suggesting that comralereal estate returns are not
IID. Direct real estate returns appear to be positively reéladelagged stock returns
(Quan and Titman 1999) and more specifically tol#gged returns on property shares
(e.g., Gyourko and Keim 1992, Barkham and Geltr#5). Furthermore, direct real
estate returns appear to be positively autocoe@latrer short horizons (Geltner 1993,
Fu and Ng 2001). Fu and Ng (2001), Ghysels eR807) andPlazzi et al. (2010) show

that thecap rate predicts commercial real estate retursgipely. (The cap rate of the

® There is an additional effect, which always le&wisan increase in the periodic conditional
return variance. If the forecasting variable isyveersistent, this effect — reflecting the variance
of expected returns — may lead to a notable ineredshe long-term return volatility, a point
emphasized by Schotman et al. (2008).
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real estate market is like the dividend yield a #tock market — the ratio of the income
to the price of an asseMariables that have been used to predict REITrmstinclude
the dividend yield of the general stock market, tlagp rate of the direct real estate
market and interest rate variables (e.g., Bhamadi Gupta 1992, Liu and Mei 1992,
1994).

A few articles have looked at the implications loé fpredictability of commercial
real estate returns for the term structure of retwolatility. Geltner et al. (1995)
calculate five-year risk statistics based on regjoes of real estate returns on
contemporaneous and lagged asset returns. Thdseraufind that the variance of US
private real estate returns at a five-year horimohigher than five times the annual
variance — reflecting mean-aversion. Using a VARdelpPorras Prado and Verbeek
(2008) also find that US direct real estate exhkibiean aversion. Hence, the existing
evidence points towards mean-aversion in direcré# estate returriswith regard to
securitized real estate, the results are mixedaEzget al. (2007) find that the standard
deviation (per period) of European property shasescreasing with the investment
horizon. Porras Prado and Verbeek (2008) find taatrns of US property shares are
mean averting. In contrast, Liu and Mei (1994) &tawkvenaars et al. (2008) find that
US REIT returns exhibit mean-reversion, which iewbver, weaker than the mean-
reversion effect in the general stock market.

The VAR results can also be used to calculate rigied R® statistics of multi-
period returns. Judging from regressions with aarrtor annual returns, direct real
estate returns are more predictable than realeestatre returns, but this may change
with the investment horizon, because when expeweans are persisterf®® statistics
can be much larger for longer horizons (Fama anendfr 1988a). Technically,
persistence in expected returns makes variance of expected multi-period returns
increase faster than the total variance of multigue returns. Chun et al. (2004)

document rising¥ statistics for US REITs over investment horizohsmto five years.

® An exception is the article by MacKinnon and Al Zam(2009), who find strong mean
reversion in US direct real estate returfibe long-term (25-year) return volatility of real
returns on direct real estate is estimated to ightll below 2.0% per annum, identical to the
estimated long-term stock return volatiligll of the asset classes analyzed by MacKinnon and
Al Zaman — including US REITs — exhibit very stronggan reversion, though. For example,
MacKinnon and Al Zaman find that the annualizedy2s+ volatility of US real cash returns is
only 0.3%, compared to estimates of about 3% by fiehand Viceira (2005), Hoevenaars et
al. (2008) and Porras Prado and Verbeek (2008)refdre, the results can be regarded as
unusual.



Volatility of Commercial Real Estate Returns, dhe Investment Horizon 11

Plazzi et al. (2010) findsing R statistics over short investment horizons for lrgal
commercial real estate investmenit4ore distant returns become less predictable, of
course, so the? statistics eventually decrease. Herwe,see a hump-shaped pattern of
implied R? statistics in the general stock market (Kandel @tdmbaugh 1987,
Campbell 1991).

The variance of unexpected returns can be decordposethe variance of news
about future cash-flows, the variance of news alatuire returns (discount rates), and
their covariance (Campbell 1991). This yields ihssgwith regard to the return
volatility. Discount rate news justify large chasge asset prices when expected returns
are persistent. This mechanism induces mean reveirsireturns: When discount rates
increase, the price of the asset decreases, bat®dpreturns are higher than before. In
contrast, there is no such mechanism with regardagh-flow newsLiu and Mei
(1994) analyze US REITs and find that the variasfoeash-flow news is larger than the
variance of discount rate news, which results rielatively weak mean-reversion effect,
compared to the general stock market. Liu and M&b &éind a positive correlation
between cash-flow news and discount rate news,hwdiitenuates the short-term return
volatility. The reason is that positive cash-flokews increase prices, but positive
discount rate news decrease prices. Though notoginglCampbell’s (1991) variance
decompositionsGeltner and Mei (1995) show that returns of US dineal estate
investments are primarily driven by changing exedateturns. In-sample forecasts of
commercial real estate values track the marketeghlosely when time-variation in
discount rates is allowed for, whereas the forecast virtually constant over time and
far removed from the actual market values whenadist rates are held constant and
only cash-flow forecasts are allowed to vary. Gday(1996) analyzes the Canadian
direct commercial real estate market and confirnes donclusion of Geltner and Mei
that most of the volatility of direct real estatturns is caused by time-variation in
discount rates.

In this chapter, we compare the UK and US direa asecuritized real estate
markets with regard to their term structure of metuolatility. The comparison of the
UK and the US market is particularly interestinghmegard to the direct real estate
market because there is evidence that in the UK direetl estate market new
information is timelier incorporated into pricesathin the US. Specifically, annual
appraisal-based US direct commercial real estateng unsmoothed with the Geltner
(1993) method, still exhibit high autocorrelatidmyt in the case of the UK market,
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returns are virtually uncorrelated after unsmodajhiiBarkham and Geltner 1994).
Barkham and Geltner (1995) and Eichholtz and HAr{d®96) find that in the UK
direct real estate returns respond rather quicilgtianges in securitized real estate
returns, compared to the US. Thus, lag effectsremee important in the US, whereas in
the UK the contemporaneous relation between direak estate and securitized real
estate is stronger than in the US. For exampletizam and Geltner (1995) find that the
correlation between annual (unsmoothed) directestdte returns and real estate stock
returns is 61% in the UK, but only 19% in the U$e3%e differences in the dynamics of
the direct real estate markets should affect tire &#ructure of the return volatility.

The high negative correlation between dividenddyehd stock return residuass
crucial to capture mean reversion in stock retuf@ampbell and Viceira 2005)
Therefore, we include common valuation ratios dpetd real estate asset markets in
the VAR models, whose residuals are highly negbtiverrelated with the return
residuals. In particular, the cap rate of the direal estate market is used to predict the
return of the direct real estate market, and aatala ratio specific to the market for
securitized real estate is used as a return poedmt the securitized real estate market.
This point has been neglected by previous reseamctine term structure of the return
volatility of real estate assets. (Previous studiesecuritized real estate accounted for
the dividend yield of the general stock market, bat for the dividend vyield of the
market for real estate stocks, or a similar vatratatio specific to the real estate stocks
market). Therefore, previous studies may have ctienated the long-term volatility of
these assets. We link the results for the termctstra of return volatilities to the
variance decomposition of Campbell (1991), andthee/AR results to calculate multi-
periodR? statistics for real estate investments. Finallg,use the results of the variance

decompositions to analyze the informational efficie of the real estate asset markets.

2.3 VAR model and data
2.3.1VAR specification

The results are based on separate VARs for eaafiryousing annual data from 1972
to 2008 (37 observations) for the UK market ananfrb979 to 2008 (30 observations)

for the US market. Let z.; be a (5x1) vector, whose first two elements amg lo

" The main results for the UK market remain qualitdy unchanged, if the shorter time span
1979 to 2008 is used (as for the US market).
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(continuously compounded) real asset returps= In(1+ R,,) - In(L+1,,;), whereR,

is the simple nominal return on an asset lnds the inflation rate. The first element of
the vectorz., is the log real return on direct real estate;dbeond element is the log
real return on securitized real estate. Assetmstare measured in real terms, since real
rather than nominal returns are relevant for inmsstwho are concerned about the
purchasing power of their investments. Three aolditi state variables that predict the
asset returns are included mi. All variables are mean-adjusted. Assume that a

VAR(1) model captures the dynamic relationshipthefvariableé:

Ly = (I)Z[ * Vi (21)

@ is a (5x5) coefficient-matrix. The shocks are k&atin the (5x1) vectow.; with

time-invariant (5x5) covariance-mati X, .

2.3.2Data

To calculate the log real total return on secuedizeal estate, a property share index is
used for the UK market and a REIT index is usedherUS market. For the UK market
the log of the dividend yield of the property shardex is used as a state variable to
predict the return on property shares. In analegy,considered the dividend vyield of
the REIT market for the US VAR. However, this vaiais not a significant predictor
of REIT returns at any conventional levels. In cast, another valuation ratio, the price
to cash-flow ratio of the REIT market is a sigréfit predictor of REIT returns. Hence,
this variable is included as a state variable s W% VAR model in form of the log of
the inverse of the variable, i.e., the log of tlasteflow yield. US REITs are restricted
in their dividend policy since they have to pay atteast 90% (formerly 95%) of their
taxable income as dividends. This restriction littks dividend payments of REITs to
their earnings. Lamont (1998) shows with regardh® general stock market that in a
univariate regression the earnings yield is noh-eantrast to the dividend yield — a
significant predictor of stock returns. This sudgethat the dividend restriction of

REITs might explain why the cash-flow to price oats a better valuation ratio to

® The VAR(1) framework is not restrictive since aR) model can be written as a VAR(1)
model, see Campbell and Shiller (1988).
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forecast REIT returns than the dividend yigMe also include the yield spread as a
state variable that has been shown to predict astahs (e.g., Campbell 1987, Fama
and French 1989). The variable is computed asiffexehce of the log yield on a long-
term bond minus the log yield of three-month tregdills. Details on the data can be
found in the Appendix.

Appraisal-based capital and income returns arddses for the calculation of the
total return series and the cap rate series ottlieal estate. The indexes used are the
NCREIF property index (NPI) for the US market ahé tPD long-term index for the
UK market. The appraisal-based returns are unsmadaiking the approach introduced
by Geltner (1993) for the US market and appliedhykham and Geltner (1994) for the
UK market. This unsmoothing approach does not pnesthat true real estate returns
should be uncorrelated. Annual appraisal-based reg capital returnsg, are

unsmoothed using the formula

_g —(1; ), (2.2)

0
whereg; is the true log real capital return (or growthfians the smoothing parameter.
We use the value 0.40 (0.625) for unsmoothing annu&l(UK) returns as favored by
Geltner (1993) and Barkham and Geltner (1994),aetdgely. Total real estate returns
and the cap rate series are constructed from temawothed log real capital return and
income return series as follows: The unsmoothedéad capital returns are converted
to simple nominal capital return€RU,). This series is used to construct an unsmoothed
capital value index{CV;). The unsmoothed capital value index is calibratech that

the average of the capital values over time matthesorresponding average of the
original index. A real estate income seridacf is obtained by multiplying the
(original) income return IR) with the (original) capital value indexCW):

Inc, = IR, [CV,,. New income returns are computed with regard ® uhsmoothed
capital value index IRU, =Inc, /UCV,,. Total returns are obtained by adding the

adjusted simple income and capital retu RER = CRU, + IRU,. The cap rate series is

° Chun et al. (2004) show that, after controlling fayout and book-to-market ratios, the price-
dividend ratio is a significant predictor of excé&sS REIT returns.
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calculated asCR =Inc, /UCV,. The variables included in the VAR are the logl rea

total return, and the log of the cap rate.

As a robustness check for the UK market, we es@imadditional VARS based on
direct real estate return and cap rate series réggult from using the smoothing
parameters 0.50 and 0.75, which Barkham and Ge(t894) consider as reasonable
lower and upper bounds. In analogy, US resultsracalculated for the alternative
smoothing parameters 0.33 and 0.50 following Gelfi®93). To save space, we
provide only the results concerning direct realatstfrom these additional VAR
estimates, since the results for securitized retaite and the three state variables are not
much affected by using the different real estaterneand cap rate series resulting from
the alternative smoothing parameters in the VARS.

Table 2.1 lists the standard deviations and firdep autocorrelations of the
variables included in the benchmark UK VAR 0.625) and the benchmark US VAR
(a = 0.40). Direct real estate returns are much motatile in the UK than in the US,
and the UK returns exhibit less autocorrelationntitiae US returns. The returns of
securitized real estate investments are also nuegile in the UK compared to the US.

The additional three state variables all show rietabsitive autocorrelation.

Table 2.1Sample statistics

This table shows statistics for the variables idelli in the VAR models, which are
based on annual data. The sample period is 192PQ8 for the UK. The US sample
period is 1979 to 2008. Direct real estate retunth @ap rate statistics are based on the
smoothing parametera) 0.625 for the UK and 0.40 for the US. St.dv.: risard
deviation. Autocorrelation refers to the first-or@eitocorrelation.

UK (a=0.625) 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 esta8d.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%

Since the Center for Real Estate at MIT providesTthansaction-Based Index (TBI) for
the US commercial real estate market, one migheabbjhe use of (unsmoothed)
appraisal-based returns. The TBI is based on pipgdesnsactions in the pool of

properties that are used to construct the apprhestd NPI (for details on the
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construction of the TBI see Fisher et al. 2007%hibuld be emphasized, however, that,
while transaction-based indexes have the advarttadgpe based on transaction prices
(instead of appraisal), they are not generallygyaddle to (unsmoothed) appraisal-based
indexes, because they might be subject to othdnlgms such as noise due to the
relatively small amount of property transactions ¢bntrast to appraisals).The NPI
index has the advantage that it goes back furthéme than the TBI. Nevertheless, to
see how the unsmoothed NPI returns used in thistehaompare to TBI returns, Table
2.2 provides some statistics of unsmoothed NPI &Bd returns for the period of
overlap 1985 to 2008. TBI returns are reportedbioth the variable and the constant
liquidity version of the TBI. (We compare apprematreturns instead of total returns,
since the constant liquidity version is availabteam appreciation return index only.)
The construction of a constant liquidity transactiased index is motivated by the fact
that liquidity is time-varying and pro-cyclical ireal estate markets (see Fisher et al.
2003 and Goetzmann and Peng 2006). While the Variigdpuidity TBI tracks the
development of transaction prices in the commermal estate markets, it reflects
variable market liquidity. The constant liquidityBT is an index that tracks the

development of transaction prices under the assampf constant liquidity.

Table 2.2Statistics of US direct real estate returns

This table shows statistics of mean-adjusted l@j capital returns, based on annual
data from 1985 to 2008. Unsmoothed NPI return sttas are reported for three
smoothing parametees TBI return statistics are reported for the vaedmuidity (VL)
and the constant liquidity (CL) version. St.dv.a®lard deviation. Autocorrelation
refers to the first-order autocorrelation.

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%

19 See Geltner et al. (2007, Chapter 25) for a donsof appraisal-based and transaction-based
commercial real estate indexes.
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As can be seen in Table 2.2, the constant liquidityrns show a higher volatility and
lower autocorrelation than the variable liquidigturns. Unsmoothed NPI returns have
correlations with TBI returns of about 80%, and tugrelations are generally higher
with regard to the constant liquidity version oéthBI than with the variable liquidity
version.This is consistent with the view of Fisher et 4994, 2003) that unsmoothing
procedurescan be seen as an attempt to control for pro-caicNariable liquidity.
Constant liquidity returns are better comparablstozk returns, since well-developed
stock markets offer (approximately) constant ligyidJudging from the return standard
deviations, the smoothing parameter 040 favored by Geltner (1993) indeed appears
to be more reasonable than the values 0.33 and ArBial TBI returns show a similar
autocorrelation as unsmoothed appraisal-based neetuHence, the notable
autocorrelation in annual returns of about 40% @ublseems to be a feature of the direct

US real estate market.

2.3.3VAR estimates

The results of the VARSs, estimated by OLS, aremiveTables 2.3 (UK) and 2.4 (US).
Panels A contain the coefficients. In square briciest-values. The rightmost column
containsR? statistics and thp-value of theF-test of joint significance (in parentheses).
With R? values of about 29 and 35% the degree of predityalf annual
securitized real estate returns is similar in the tountries. With af® value of 60%,
US direct real estate returns are much more pgdethan US REIT returns and UK
direct and securitized real estate returns. Direat estate has a highBf value than
securitized real estate in the UK as well. Thealues of the test of joint significance
are below or close to 5% and thus indicate thdtretarns of direct and securitized real

estate are indeed predictable in both countries.
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Table 2.3UK VAR results

The results are based on mean-adjusted annualfrdeta1972 to 2008. Full VAR
results are reported for the smoothing paranetef.625, and VAR results concerning
only direct real estate are reported #or 0.50 anda = 0.75. Panel A shows the VAR
coefficients. The-statistics are in square brackets; values corretipg top-values of
10% or below are highlighted. The rightmost colucamtains thé<? values and the-
value of theF-test of joint significance in parentheses. PanehBws results regarding
the covariance matrix of residuals, where standigndations are on the diagonal and
correlations are on the off-diagonals.

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 0.109.161 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 oR\fasiduals

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#l1.44% 76.91% -96.04% -73.37% -38.88%
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Table 2.4US VAR results

The results are based on mean-adjusted annualfrdeta1979 to 2008. Full VAR
results are reported for the smoothing parameete0.40, and VAR results concerning
only direct real estate also reported #or 0.33 andch = 0.50. Panel A shows the VAR
coefficients. The-statistics are in square brackets; values corretipg top-values of
10% or below are highlighted. The rightmost colucamtains thé<? values and the-
value of theF-test of joint significance in parentheses. PanehBws results regarding
the covariance matrix of residuals, where standigndations are on the diagonal and
correlations are on the off-diagonals.

Panel A: VAR coefficients

Coefficients on lagged variables

Variable 1 2 3 4 S R (p)

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 oR\fasiduals

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 51.309%20.34% -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%
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The dynamics of real estate returns in the UK anthée US are qualitatively similar.
But there are notable differences with regard eorttagnitude and significance of some
coefficients. In particular, direct real estatauras in the US strongly depend positively
and significantly on its own lag, which is not tbase for direct real estate in the UK.
The return on securitized real estate has a pesitiluence on direct real estate returns
in both countries, but the influence is not sigrafit in the UK. Direct real estate returns
are significantly affected by the lagged cap ratdath countries. The lagged cap rate
also has a positive (though not significant) infloe on securitized real estate returns.
The lagged dividend/cash-flow yield of the secmetl real estate markets has a positive
influence on securitized real estate returns. Tdedficient is not significant in the UK,
but in a regression of property share returns enldabged dividend yield alone this is
the casetf{value of 2.75). Finally, the lagged yield spreagositively related to direct
and securitized real estate returns. The coeffisiare never significantly different from
zero at the 10% level, though. All three additiostdte variables show persistent
behavior with coefficients on their own lags ofweén 0.356 and 0.795. Since these
state variables predict asset returns, the pemsigtef the state variables carries over to
expected asset returns, making expected returriveds autocorrelated. A shock to
the expected return persists for some periods aheatd eventually dies out. The
dynamics of some of the state variables are moneptax, however. In the UK, the
lagged vyield spread is also a significant predictbthe cap rate. In the US, lagged
direct real estate returns and REIT returns hasigraficantly negative influence on the
cap rate. Due to the positive autocorrelation netireal estate returns, a price increase
of direct real estate in peridd-1 tends to be associated with a price increasewhich
lowers the cap rate i Similarly, the dependence of the cap rate onldgged REIT
return can be explained by the dependence of dieattestate returns on lagged REIT
returns. The dynamics are very similar, when thmilte are based on the alternative
smoothing parameter assumptions.

Panels B of Tables 2.3 and 2.4 contain the standawihtions (diagonal) and
correlations (off-diagonals) of the VAR residualée see that the standard deviation of
direct real estate return residuals is much lowehé US than in the UK. There are two
reasons for this result. First, the total returriargce is lower in the US, as seen in Table
2.1. Second, annual direct real estate returnsvemes predictable in the US, which
means that the unexpected part of the total vagidacsmaller. The choice of the

smoothing parameter has a notable influence omabidual standard deviation of UK
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direct real estate returns. When appraisal-badadcheeare assumed to exhibit relatively
little smoothing @ = 079 the volatility is 11.4%, compared to 17.1% whenisi
assumed that there is a lot of smoothirrg=(050). Qualitatively, we see the same
result in the US estimates. As with the total stadddeviation, the residual standard
deviation of US REIT returns is lower than the desi standard deviation of UK
property shares. The correlation between direct securitized real estate return
residuals is positive and particularly strong ie thK (77%). US direct real estate and
REIT residuals have a correlation of about 51%. rfEstdual correlation between direct
and securitized real estate is similar to the dation between the real log return series
itself in the UK, but in the US the residual coatédn is higher. In the US, the
correlation of the return variables is 33.§#%= 040) compared to the 51.3% residual
correlation. This effect is similar to the resuft@iliberto (1990), who finds that the
residuals obtained from regressions of US direal estate and REIT returns on other
(contemporaneous) asset returns are significawtlsetated, although the return series
itself are not. The residual correlations betweract real estate returns and cap rates
and between securitized real estate returns andedig/cash-flow yields are highly

negative. In the UK, the correlations are abou®3mnd in the US they are about -90%.

2.4 Multi-period volatility and R? statistics
2.4.1 Methodology

The term structure of an asset’'s conditional (iteking predictability into account)
standard deviation of real returns can be extrafrieah the conditional multi-period
covariance matrix of the vect®.;, scaled by the investment horizén(see, e.g.,
Campbell and Viceira 2004):

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

:%(zv +(I+ @)X, (1+®) (2.3)

+(I+®+ D) (1+D +D?)'+...
+(I+®+..+ PN (I+®+...+ D)),

wherel is the identity matrix.

Define el (e2) as a (5x1) vector where the first (second) eléngone and the
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other elements are zero. Thel'tW (k)el picks out the annualized conditional
variance of real direct real estate returns, e2'+W (k)e2 picks out the annualized

conditional variance of real securitized real estaturns, at horizok

The VAR results can also be used to calculate B statistics for multi-
period asset returns (see Hodrick 1992). Rhetatistic can be expressed as one minus
the ratio of the unexplained variance to the tegalance of multi-period returnW (k)
contains the unexplained variancekgperiod returns. To calculate ttkeperiod total

variance we need to calculate the unconditiondahwae of the vectag.,, which is*!

cO=Sore" (2.4)

i=0

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

V (k) =kC(0) + >, (k= j)(C(i) +C(i)), (2.5)
j=1

where C(j) =®'C(0) is thej-th order autocovariance of the vectys. Hence, thek-

periodR? statistic of direct real estate returns, impligdie VAR estimates, is:

_el'W(k)el

Rl =1 el'Vv(k)el

(2.6)

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

way using the vecta2instead okl

2.4.2 Results

Figure 2.1 shows the estimates of the term stractfr the conditional standard
deviation for real direct and securitized real &staturns. Panel A shows the results for
the UK, and Panel B shows the results for the UBe Panels contain the term

structures for direct real estate for the threera#itive smoothing parameters. The term

" The infinite sum is truncated jat 1000 in the calculations.
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structures for securitized real estate are obtafrmd the VARs with the benchmark
smoothing parameter assumption.

In the UK, property share returns show strong messersion, which cuts the
annualized standard deviation from 28.2% at the y&ae- horizon to 15.0% at the
twenty-year horizon. Similarly, Campbell and Vi@i2005) report that the annualized
volatility of US general stock market returns fdlisabout 50%. The level of the return
volatility of the US general stock market is lowdrpugh. The mean reversion of UK
property share returns can be traced back to thiéy@dependence of the return on the
lagged dividend yield of the property shares marketce return and dividend vyield
residuals 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 devi&ionly 56% of the one-
year volatility. Over the short-term, however, tpattern is different from property
shares. Depending on the assumed smoothing parmarfetegerm structure is slightly
increasing &= 075), flat (a=0.625), or slightly decreasing &= 050). The
counteracting mean-aversion effect is due to thgitipe dependence of direct real
estate returns on lagged securitized real estatensein combination with the high
positive correlation of direct and securitized restate return residuals. When there is a
positive shock to the property share return, therneon direct real estate tends to be
high as well, and a high return on property shareslicts a high return on direct real
estate, and vice versa. As noted above, the claditbe smoothing parameter has a
strong effect on the one-year return volatility.contrast, the choice of the smoothing
parameter has little influence on the long-termatibty. Depending on the smoothing
parameter, the annualized twenty-year volatilitpétween 7.5% and 8.25%. Thus, for
long-term direct real estate investment decisitieschoice of the smoothing parameter
is of minor importance. The cap rate is cruciatapture the long-term mean-reversion
effect in direct UK real estate returns. When the cate is excluded from the five-
variable VAR model, the returns still exhibit ($iiy mean reversion, but the estimated
annualized 20-year return volatility is much higheith values between 11.2%
(a=075) and 14.6% & = 050). Thus, the cap rate captures mean reversionrettdi
real estate returns, just like the dividend yiefdttee property share market captures

mean reversion in the securitized real estate marke
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Figure 2.1 The term structure of return volatilities

The figure shows conditional annualized standandadiens of real returns depending
on the investment horizon. RE: Real estatis.the smoothing parameter.
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Looking at the estimates for US securitized re#tes we see a pattern similar to the
UK results. The periodic long-term volatility of REEreturns is only about 55% of the

one-year volatility. Thus, when a valuation ratesific to the securitized real estate
market is included in the VAR model, the mean reimr effect appears to be very
similar to the general stock market.

Turning to US direct real estate, we see a stroagmaversion effect over short
investment horizons. The annualized three-yearnmestandard deviation is more than
three percentage points higher than the one-yaadatd deviation (this is true for all
three smoothing parameters). Thus, the short-tereanmaversion effect is much
stronger in the US than in the UK direct real estaiarket. As in the UK, the mean
aversion effect can be attributed to the relatigns¥ith securitized real estate returns.
Direct real estate returns are positively relatedlagged REIT returns and the
correlation of the residuals is also positive. tldiion to that, direct real estate returns
are positively autocorrelated in the US, which almhuces a mean-aversion effect. The
term structure is downward sloping or relativelgt fover medium investment horizons
of up to ten years, depending on the assumpticardety the smoothing parameter. For
every smoothing parameter we see a mean-reversiect,ehowever, such that the
annualized twenty-year return volatility is lowehah the volatility at medium
investment horizons. The twenty-year volatility7i$ to 7.8%, very similar to the UK
estimates. Hence, one important conclusion fronufgi@.1 is that in the long run, US
direct real estate returns do not appear to beJekgile than UK direct real estate
returns, which contrasts sharply with short-terratistics. Again, the choice of the
smoothing parameter has little influence on therretvolatility at medium and long
horizons. Only the return volatility for short irstenent horizons (not relevant for most
investors in the direct real estate market) isrgfip affected by the choice of the
smoothing parameter. Even more than in the UKS ifmiportant to include the cap rate
in the VARs to capture mean reversion in direct esstiate returns. Specifically, when
the cap rate is excluded from the five-variable VARe twenty-year volatility (per
period) is between 15.6 and 17.9% (depending orutisenoothing parameter), more
than twice the estimates from the VARSs that incltldecap rate.

In both countries, the volatility of securitizedat@state returns is notably higher
than the volatility of direct real estate returngeio all investment horizons. One
explanation for this is leverage (see, e.g., Barklamd Geltner 1995 and Pagliari et al.

2005). It is well known that leverage increases vbktility of equity returns. As the
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indexes used for the direct real estate marketsuneahe performance of unlevered
investments, while the indexes used for the sezedtreal estate markets measure the
performance of levered real estate firms, leveiage straightforward explanation for
the return volatility differences. Due to the shieMtm mean aversion effects in the
direct real estate markets, in contrast to the nreaarsion of securitized real estate
returns, the ratio of the volatility of direct reabtate returns to the volatility of
securitized real estate returns is particularly btwhe one-year horizon in the UK and
at the one- and two-year horizons in the US. Téisimilar to the finding of Geltner et
al. (1995) that unlevered US REIT returns and direal estate returns have a similar
volatility at a five-year horizon, whereas the omar volatility of unlevered REIT
returns is notably higher.

The R statistics for the one-year horizon calculatednf(@.6) match the actus?
statistics reported in Tables 2.3 and 2.4 quitedgoo the UK market. This is also true
for the R? statistic of US REITs. The one-yeRf statistics calculated from (2.6) are
notably higher than the actudf statistics for US direct real estate. Therefore, w
generally rescaled tHeyearR? statistics obtained from (2.6) such that the oearR?
statistics are equal to the actRfl statistics reported in Tables 2.3 and 2.4. These
rescaled implied® statistics are shown in Figure 2.2.

In the UK market, the general pattern is quite Eimfor the three direct real
estate estimates and the estimate for propertyeshaiheR® statistics increase over
short investment horizons, reaching its maximuithatthree-year horizon with 45% for
property shares and about 55% for direct real egtate0.625), respectively. For
investment horizons longer than three years, howéfre impliedR? statistics decrease
with the investment horizon. The implid?f statistic decreases to 20% at the twenty-
year horizon for property shares and to 30% faedireal estate. Thus, direct real estate
remains to be more predictable than securitized estate at longer horizons. For
comparison, Campbell (1991) reports that@Astatistic of US stock returns implied by
a VAR estimate for the 1952 to 1988 period risestout 45% at a horizon of nine
years and only slightly decreases over longer basz Over the longer 1927 to 1988
period, the implied?® statistics are generally lower, the peak is emdteabout four

years and th&’ statistic is decreasing faster with the investnemizon.
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Figure 2.2 Implied R statistics

The figure showsR? statistics, implied by the VAR estimates, depegdion the

investment horizon. Thi-year R® statistics obtained from (2.6) are rescaled shel t

the one-yeaR’ statistics are equal to the act&lstatistics reported in Tables 2.3 and

2.4. RE: Real estata.is the smoothing parameter.
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The results for the US market are more complex thanUK results. The implie&?
statistics for direct real estate are quite fldt@izons between one and five years. As in
the UK market, the variance of expected returnsei@®es more than in proportion to the
investment horizon. However, recall from Table #hat realized returns are highly
positively autocorrelated in the US (in contrastthe UK), so that the variance of
realized returns increases more than in proportmrthe investment horizon, too.
Therefore, we see the flat line in the US and tieegiasing?? statistics in the UK over
short horizons. As in the UK, the implief statistic is strongly increasing for
securitized real estate returns over short horizhe impliedR? statistic of REITs is
almost 60% at the three-year horizon, much more tham5% estimated for property
shares in the UK. The implief statistics decrease strongly over medium investmen
horizons for both direct real estate and REIT medurAt the ten-year horizon all
estimates are very similar with impli&{ statistics of about 30 to 35%. Thus, while US
direct real estate returns are more predictable fRRIT returns when judged from
regressions with annual returns, they appear toefeally predictable over an
investment horizon, which is typical for investansdirect real estate. With about 32%,
the twenty-yeaR’ statistic for direct real estate is again highentthe 24%% statistic
for REIT returns.

2.5 Variance decompositions
2.5.1Methodology

Building on Campbell and Shiller's (1988) log-limgaresent-value model with time-
varying discount rates, Campbell (1991) shows thatinvestor's expectations to be
internally consistent, high unexpected retums-E(r,,) must be associated with
revisions in expectations about future cash-flowwgh or future returns (discount

rates), or botH?
rt+1 - Et(rt+1) = (Et+l - Et)i lojAdt+1+j - (Et+l - Et)i pj rt+1+j ! (27)
j=0 j=1

where ruq4 is the log real return andd..4 is the growth in cash-flow in period

t+1+]j. E is the conditional expectation operator such t{at, —E,) denotes the

12 Rational bubbles need to be ruled out in the déom.
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revision in expectations due to the arrival of newgeriodt+1. p is a parameter of
linearization defined ag=1/[1+exp(d - p)], whered - p is the mean log cash-payout-
yield, i.e., the dividend yield of the securitizezhl estate market and the cap rate of the
direct real estate market, respectivElyRevisions in expectations have a greater effect
on unexpected returns the more persistent theioegisre, since discounted individual

news terms are summed up. Equation (2.7) can beegsgd in more compact form as

M1~ Et (rt+l) =11 =Nager =1 a- (2-8)

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

remainder, we provide formulas for direct real &staising the vectogl. The same
formulas apply to securitized real estateglifis exchanged bg2. Campbell shows that

discount rate news can be calculated as:

N1 = MV (2.9)

where A'=el' p®(I - p®)*. It is easy to calculate,, — E,(r,,,) =7,,, =€lv,,,, so that

cash-flow news can be obtained as a residual fiquaten (2.8):

,7d,t+l = ,71+1 _I7r,t+1 = (ell+;"l)vt+1' (210)

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

Var(’]r,tﬂ) = ;"'Zv)“ '
Var(n,,.,) = (I+1)E, (e1+1), (2.11)

Cov(nd,t+11,7r,t+1) = )V'EV(el"' )\,) .

'3 The mean log dividend yield of US REITs is -3.38lahusp = 0.9654. For the US direct
real estate market is 0.9296 (fora = 0.40). For the UK market we obtgin= 0.9658 for the
property shares market apg= 0.9437 for the direct real estate market=( 0.625). Small
changes due to unsmoothing direct real estatenetuith different smoothing parameters are
ignored.
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Campbell defines persistence as the ratio of taedsird deviation of the news about
discount rates to the standard deviation of theowation in the one-period ahead

expected return:

_ (M)
o(el'dv,,)

(2.12)
This measure says that a typical 1% negative irtirmvén the expected return causes a
P% capital gain. When expected returns are highigsipent, asset prices are very
sensitive to movements in expected returns.

The statistics (2.11) and (2.12) are functionwed®)) of the coefficients in the

VAR matrix ®.** Using the Delta-method, we calculate standardreffiar any statistic

as /of /0Ved®)Qdf /0Ved®)' . Here, df /0Ved®) denotes the (1x25) vector of

partial derivatives, evaluated at the estimatdhef\AR coefficient matrix®, andQ is
the (25x25) covariance matrix of the VAR coeffidien

2.5.2 Results

Table 2.5 shows the variance decomposition restite.termsvar(r, ., ) Var(, ..;)

and — 2CoM/, .1./7, 1, ) are reported both in absolute terms and in redayms, i.e.,

as a fraction of the variance of unexpected refusmsh that the three terms sum to one.

In the UK, about three quarters of the variancaraxpected returns is attributed
to discount rate news for both direct real estaté property shares. About 20% is
attributed to cash-flow news. In absolute terms,hriances of cash-flow and discount
rate news are much higher for property shares fibragiirect real estate. The covariance
terms and hence the correlations between cashdlmvdiscount rate news are small.
These variance decomposition results (in relatvns) are similar to the results for the
US general stock market in the 1952 to 1988 pgi@aimpbell 1991).

4 They are also a function of the residual covagamatrixX, but we treat this as fixed (as in
Campbell and Shiller 1988).
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Qualitatively, the estimates for the UK and the ke in common that discount rate
news are much more important than cash-flow news.vBriance of discount rate news
accounts for more than 100% of the variance of peeted returns for both US direct
real estate and REIT returns. From an absolutegeetise it makes sense that discount
rates are relatively more important in the US tirathe UK, because the conditional
return volatilities are on a lower level, so tHat tibsolute contributions of discount rate
news are more similar across the countries. Despé@darger relative amounts in the
US, the absolute amounts of the variance of disc@ia news are still lower than in the
UK, especially in the direct real estate markeisTéreflected in the lower estimates of
the persistence measure for expected returns i#evhich are about 1.5. Recall that
this estimate says that a 1% positive shock te#pected return tends to be associated
with a 1.5% capital loss. This compares to penscgemeasures of 2.5 to 2.8 for UK
direct real estate. In the securitized real estatekets, the absolute contributions of the
variance of discount rate news to the variance radxpected returns are relatively
similar in the UK and the US, and so are the es@ohaersistence measures.

The variance of cash-flow news of US direct reahtes@ = 040 accounts for
one third of the variance of unexpected returnspmared to 21% for the benchmark
case @ =0.625) in the UK. In absolute terms, however, the vareanf cash-flow news
is lower in the US. Thus, relative to the varian€@inexpected returns, the variance of
cash-flow news as well as the variance of discoat® news are more important in the
US than in the UK direct real estate market. Tmgplies that the covariance term is
substantially negative and hence the correlatidwésen cash-flow news and discount
rate news is substantially positive in the US. Wlhiagre is good news about future
cash-flows, expected future returns tend to rigee Gorrelation estimate is 53% when
a = 040 is used. This estimate is almost three standacdseabove zero. Closest to the
UK results is the estimate for US REITs; the catieh between cash-flow and
discount rate news is relatively mildly positive8¢2, with a standard error of 29%).

The variance decompositions help to interpret tliferénces between the
volatility term structures shown in Figure 2.1. the UK, most of the variability of
unexpected returns for both direct and securitiveal estate can be explained by
discount rate news, and the correlation betweeh-taw and discount rate news is
about zero. The term structures reflect strong nreamrsion (except for direct real
estate at very short horizons), because positiseodnt rate news decrease prices but

increase expected future returns. In the US direat estate market, the correlation
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between cash-flow and discount rate news is pesitie., positive discount rate news
tend to be accompanied by positive cash-flow neMsnce, a positive shock to
expected returns (the discount rate effect) maydeatease prices. On the other hand,
the persistence in expected returns carries ovaeatized return, generating mean
aversion. The positive correlation between casW-fland discount rate news also
explains the low short-term volatility of US direetal estate returns, since cash-flow
and discount rate news of the same sign influemm®$ in opposite directions. The
correlation between cash-flow and discount rate sneivUS REITs is positive, but

relatively small, such that the discount rate effEmerates mean reversion.

2.6 Market efficiency

Time-variation in expected returns can be duersdional behavior or rational changing
risk aversion of investors. There is an ongoingatiebwhich explanation is more
relevant for stock return predictability (see, gfgama 1991 and Shiller 2003). Fama
and French (1989) show that the dividend yield #rel yield spread track business
cycle movements, being low in good times and highdd times. The variables forecast
both stock and bond returns positively, meaning thire returns are expected to be
higher (lower) in bad (good) economic conditionscBuse the same is likely to be true
for investor’s risk aversion, time-variation in eqted stock and bond returns may be
rational rather than reflect market inefficiencyaz2i et al. (2010) analyze the role of
the cap rate as a predictor of direct real estttens in detail and find that the cap rate
captures the dynamics of direct real estate returras similar fashion as the dividend
yield captures the dynamics of stock returns. Hetiee predictive power of the yield
spread, the cap rate and the yield of the seceditizal estate market for direct and
securitized real estate returns may also refletibmal time-variation in expected
returns.

Recall, however, that direct real estate returrs® alepend positively on the
lagged return on securitized real estate investnemd they are also positively
autocorrelated, particularly strongly in the USeTiinding that price discovery occurs
first in the more liquid securitized real estaterkea and then in the direct real estate
market has been documented in many studies (fewviaw see Geltner et al. 2003).

Barkham and Geltner (1995) argue that the secadtimarket leading the direct real

15 See Campbell et al. (1997, Chapter 7) for a tevktlmtiscussion of these effects.
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estate market is hard to reconcile with a ratioggblanation and conclude that this
finding reflects informational inefficiency of thdirect real estate market. Positive
autocorrelation in real estate returns is seeretevidence of an inefficient market, too
(e.g., Case and Shiller 1989, Fu and Ng 2001). &techabove, autocorrelation and the
positive relationship of direct real estate retusndagged securitized real estate returns
(in combination with the positive correlation ofettreturn residuals) induce mean
aversion in direct real estate returns. Since tKediect real estate market shows less
mean aversion than the US market, the UK markeeagpto be relatively more
informational efficient. An explanation for this ght be that the UK market is more
homogeneous (Barkham and Geltner 1995).

The variance decompositions shed some more lighthenissue of market
efficiency. In contrast to the aggregate stock refrkvhere the correlation between
cash-flow news and discount rate news is estimtieble negative or close to zero
(Campbell 1991, Campbell and Vuolteenaho 2004apltéanaho (2002) finds that the
correlation with regard to firm-level stock returissnotably positive. The correlation is
largest for small firms (often viewed to be mokely subject to behavioral mispricing),
whereas the correlation is almost zero for thedstrdirms. Vuolteenaho points out that
the positive correlation could be due to an undetien to cash-flow news. When good
cash-flow news arrives, the price increase doeseflact the good news fully. In turn,
expected returns must increase. Campbell et &09j28uggest that this explanation may
be relevant for the US housing market. The resudisorted here suggest that the
underreaction explanation may also apply to the dit8ct commercial real estate
market.

To address the question of informational efficientya market, Fu and Ng (2001)

suggest regressing the one-period unexpected refyrnon a cumulative price
adjustmentp,,, (k) =77, + P1y,p + ...t PN, Wheren,,,, =el®'yv ., >0, are the

innovations to future expected returns. (Again,ftrenula is for direct real estate;at

is exchanged bg?2 it applies to securitized real estate.) Considerekample of a two-
period cumulative price adjustment. A regressioeffddent of larger than one means
that,,, ands,,, are negatively correlated, which can be explalmethe discount rate
effect: When the contemporaneous unexpected régunegative, this is caused by an

upward revision of the future expected return. &ftioient of below one is consistent

with the underreaction to cash-flow news hypotheSeppose that news about cash-
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flows justifies a positive contemporaneous unexgabeeturn, but due to underreaction

the price adjustment is not complete. Therefore, fthl adjustment must take place

through a future price appreciation, so that ands,,, are positively correlated. More
generally, a positive correlation betweepn,, and 7,,, can also be due to an

underreaction with regard to news about future etquereturns.

We follow the approach of Fu and Ng, and report ¢befficient S estimated
from a regression of the one-period unexpectedmedm the two-period cumulative

price adjustmend,,, (2) =7,,, + P,., in the rightmost column of Table 2.5:

,7t+1 = ﬁ¢t+l (2) + £t+1' (213)

In line with the underreaction to cash-flow newgplaration, we see that the annual
unexpected return in the US direct real marketwagtonly about 60% of the two-year
cumulative price adjustment. In the securitized estate markets, we see no evidence
of underreaction. The coefficients are larger thaa, consistent with the discount rate
effect. These results are in line with the restdsorted by Fu and Ng. They find a
regression coefficient of 60% for the (direct) Hakgng office real estate market and
coefficients of about 110 to 120% for the stock kearHowever, Fu and Ng regress
quarterly unexpected returns on the five-quartenwative price adjustment, whereas
the dependent variable in our regression is thei@nanexpected return. Hence, the
underreaction appears to be more severe in theobared to Hong Kong, since there
is a notable underreaction even at an annual freyuen the US. The regression
coefficients for the direct real estate market e UK are about one. This result
suggests that the discount rate effect tends toobepensated by an underreaction to
news effect. Since the correlation between discoat@ news and cash-flow news of
about zero does not support an underreaction tofbtas news story, the underreaction
appears to be related to discount rate news.

The regression results correspond to the termtsteiof return volatilities shown
in Figure 2.1. In the UK direct real estate markie¢ term structures are relatively flat
between the one- and two-year horizons. This cpomds to the regression coefficients
of about one. The increase in the periodic retuiatility of the US direct real estate
market can be explained by an underreaction to-tashnews. It takes some time until

prices have fully adjusted to new information, ahts slow response leads to the
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pronounced mean aversion effect over short investnerizons. The regression
coefficients of above one in the securitized resthte markets reflect a full adjustment
of prices to new information, so that the term cinee of the return volatility is

decreasing due to the discount rate effect.

2.7 Conclusion

Using vector autoregressions, we fiath line with conventional wisdom that US and
UK direct real estate returns exhibit short-termameversion and long-term mean
reversion. But comparing the two markets, we findéd differences with regard to the
importance of these effects. The UK direct reahtesimarket is characterized by a
strong mean reversion effect. Over short investrhenizons, there is a mean aversion
effect in both the UK and the US direct real estateket, but the mean aversion effect
is much more pronounced in the US. In the long-tehmawever, the estimated
annualized return volatilities of UK and US direetl estate returns are quite similar.
The choice of the parameter used to unsmooth agghlaased returns has a large effect
on the short-term, but not on the long-term valgtiof direct real estate returns. UK
property shares and US REITs exhibit strong meaerseon, very much like the
general stock market. UK direct real estate retumrmain more predictable than
property share returns in the medium and long ternereas US REIT returns appear to
be equally predictable to direct real estate retumrthe medium term.

News about discount rates is more important thah-f@aw news in the analyzed
real estate markets. The low short-term standavéhtien and the mean aversion of US
direct real estate returns can be explained bydiséive correlation between cash-flow
and discount rate news, which can be interpreteahdsrreaction to cash-flow news.

Of course, the results in this chapter have impbtoa for portfolio choice. The
volatility results would seem to justify largerahtions to securitized real estate and to
direct UK real estate for long-term investors. Tisisiot true for direct US real estate.
But of course, horizon effects in return volatdg return correlations and expected

returns of several asset classes have to be coadipently.
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2.8 Appendix: Data
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Table 2.A1 provides information on the data usedcaostruct the VAR variables.

Information on the direct real estate data cambed in section 2.3.2.

Table 2.A1: Data information

Panel A: UK

Description Source
Lnsotlgi(ec’f securitized real UK DS real estate total return index Datastream
Yield of securitized real Dividend yield of UK DS real estate

. Datastream
estate index
Cash yield UK three-month treasury bills rate Dinésssn

Long-term bond yield

Inflation rate

Barclays Equity
Guilt Study 2009
Barclays Equity
Guilt Study 2009

Yield of Barclays gilt index

Change (%) of UK cost of living inde

Panel B: US

Description Source

Index of securitized real
estate

Valuation ratio of
securitized real estate
Cash yield

Long-term bond yield

Inflation rate

US DS REITs index (rebased)

Prlce/Cash—row ratio of US DS REIT?)atastream
index

US three-month treasury bills rate
Yield of US treasury constant
maturities 10 years
Change (%) of Consumer Price IndexBureau of Labor
All Urban Consumers Statistics

Datastream

Cieasn

Datastream




3 Real Estate in a Mixed Asset Portfolio: The Role ofthe Investment
Horizon

A slightly shorter version of this chapter is fartiming inReal Estate Economics

Abstract

In this chapter, three oft-mentioned special chterastics of the real estate asset market
— high transaction costs, marketing period risk getdrn predictability — are addressed
in analyzing the role of UK commercial real estatgestments in a mixed asset
portfolio. Due to favorable horizon effects in riakd return, the allocation to real estate
in a portfolio with stocks, bonds and cash increastongly with the investment
horizon. Examining the relative importance of ratgredictability, transaction costs
and marketing period risk for the optimal allocatio real estate, the chapter finds that
the consideration of return predictability is veirypportant, except for short-term
horizons. Accounting for transaction costs is audor short- and medium-term
investors. Marketing period risk appears to be igédgé. Traditional mean-variance
analysis — i.e., ignoring return predictabilitygrisaction costs and marketing period risk
— can be very misleading.
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3.1 Introduction

Real estate is an important asset class. In thddd®&xample, the market capitalization
of private commercial real estate is estimatedet® trillion, compared to a value of
$17 trillion for stocks, as of the early 2000s (@ef et al. 2007, Chapter 7).
Furthermore, typical studies suggest that the afion to real estate in a mixed asset
portfolio should be about 15 to 20% (Hoesli and Mesgor 2000, Chapter 10). Hoesli
et al. (2004) analyze the asset allocation prolfftem the perspective of investors from
seven countries and find that the optimal shamecated to direct real estate is 15 to
25% in portfolios representing high to medium raslersion. This result is remarkably
similar across the countries. In contrast, in nugintries the share of real estate in
portfolios of institutional investors is much sneall Estimates are 7.3% for the US and
8.5% for the UK (Clayton 2007, JPMorgan 2007). Tdierence between relative
market capitalization and suggested allocation twm dne hand and the low actual
allocations to real estate in portfolios of indittnal investors on the other hand is
considered to be a puzzle in real estate rese@iuin(et al. 2004).

Most of the evidence on the optimal share of retdte in a mixed asset portfolio
is based on the traditional Markowitz (1952) appfgawith quarterly or annual returns
used to estimate expected returns, standard davsatind correlations. The common
procedure contrasts with the fact that most inveshave longer investment horizons.
Nevertheless, the traditional approach is justiiabthe assets are traded in frictionless
markets, the investor has power utility, and assttirns are independently and
identically distributed (1ID) over time. In suchwveorld, the solution to the long-term
asset allocation problem with rebalancing doesdifter from a short-term, one-period
optimization. In other words, short- and long-teimaestors should choose the same
asset allocation (Samuelson 1969, Merton 148%or real estate, the assumptions
underlying the classic result of Samuelson and oferare likely to be violated.
Transaction costs and lack of liquidity are obvianarket frictions, and it is widely
assumed that returns of direct (i.e., unsecurijizedl estate are not IID. In this chapter,
these three oft-mentioned special characteristidhe real estate asset market — high
transaction costs, lack of liquidity (in the fornfi imarketing period risk) and return

predictability — are addressed in analyzing thee rof real estate in a mixed asset

18 Even if returns are 11D, markets are frictionlessd the investor has power utility, there are
horizon effects when rebalancing is not permitted,they appear to be negligible; see Barberis
(2000).
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portfolio. All of these aspects induce horizon effe pointing towards the problem of
the common procedure to conduct a traditional pbatfoptimization.

The long-term asset allocation approach introduegdCampbell and Viceira
(2005) is used to estimate the “term structurasif’for stocks, bonds, cash and direct
commercial real estate. This approach is based hen estimation of a vector
autoregressive (VAR) model. yBaccounting for transaction costs and a (horizon-
dependent) premium for real estate's marketingogderisk | try to make a fair
comparison to financial assets when conducting zbardependent portfolio
optimizations.Empirically, | look at the UK market and find théae conditional (i.e.,
taking return predictability into account) standaeViation of commercial real estate
returns changes with the investment horizon innailar fashion as it is estimated for
stocks. The annualized long-term (20-year) standandation of real returns of both
asset classes amounts to approximately 60% of liogt-'erm (one-year) risk. A
horizon-dependent marketing period risk premium bal/ a small effect on the
volatility of real estate returns. Due to high saation costs, expected real estate
returns, per period, are much higher in the longthan in the short run. In portfolio
optimizations, the allocation to real estate sthpnigcreases with the investment
horizon.

| compare portfolio choice results for alternatiasset allocation approaches
analyzing the relative importance of return preahdity, marketing period risk and
transaction costs for the allocation to real estteounting for return predictability is
crucial for portfolio optimization, except for verghort investment horizons.
Transaction costs are important for the weightgeesd to real estate in the short to
medium term. Incorporating the marketing perio# gsemium is of least importance.
Traditional mean—variance analysis — i.e., ignorieturn predictability, transaction
costs and marketing period risk — can be very ra@siey.

In the next section, | review the related literatuFhen | discuss the VAR model,
the data and the VAR results. The impact of repnedictability and transaction costs
on the term structure of risk and return is examhimethe following section. Then, the
impact of marketing period risk on the volatility ieal estate returns is analyzed. The
asset allocation results are explained in the sextion. A discussion of robustness

checks follows. Finally, the main findings are suanized.
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3.2 Literature review

3.2.1Return predictability and mixed asset allocation

With 1ID log (continuously compounded) returrksperiod expected returns, variances
and covariances atketimes the one-period statistics. This is the reashy under the
IID assumption the investment horizon is irrelevdot asset allocation decisions.
However, the classic assumption of IID returns heen called into questidh.
Campbell and Viceira (2005) show that return predidity induces major horizon
effects in annualized standard deviations and tadioas of real stock, bond and cash
returns. Thus, the optimal asset allocation dependthe investment horizon. Using a
VAR approach to estimate the term structure of, iekurn predictability is taken into
account so that risk is based on the unexpectegaoent of returns; in other words,
variances and covariances of returns are compuiadive to the conditional return
expectations. Campbell and Viceira analyze the W@8ket and find that stock returns
are mean reverting, i.e., the long-term volatilifystock returns, per period, is lower
than the short-term return volatility. In contrasey find mean aversion in cash returns;
due to return persistence, the periodic long-teeturn volatility is higher than the
short-term volatility. Bond returns exhibit sligimean reversion.

Many studies have shown that the IID-assumptioffikily to be violated for
direct real estate returns. In particular, reahtesteturns appear to be positively related
to lagged stock returns (Quan and Titman 1999) rande specifically to the lagged
returns on property shares (e.g., Gyourko and KEd82, Barkham and Geltner 1995).
Fu and Ng (2001), Ghysels et al. (2007), &hazzi et al. (2010) show that thep rate
predicts commercial real estate returns positivEhe cap rate of the real estate market
is like the dividend yield of the stock market e ttatio of the income to the price of an
asset. In the stock market, the dividend yieldhis matural predictor of stock returns,
because Campbell and Shiller's (1988) log-lineas@nt-value model with time-varying
discount rates implies that the dividend yield dtddorecast either dividend growth or
returns, or both. Thus, the cap rate is a natuaatliclate as a predictor of real estate
returns.

Some papers address the role of the predictalufityeal estate returns in the

context of a long-term mixed asset allocation peobl Fugazza et al. (2007) analyze

" Early references on the predictability of assairres include Campbell (1987), Campbell and
Shiller (1988), Fama (1984), Fama and French (19B889), and Fama and Schwert (1977).



Real Estate in a Mixed Asset Portfolio: The Rdi¢ghe Investment Horizon 42

European property shares within a portfolio of gahestocks, bonds and cash
investments. Contrary to general stocks, the standieviation (per period) of property
shares increases with the investment horizon. Hewes the authors also find that the
expected return (per period) of property sharamgty increases with the investment
horizon, property shares are a very attractive temgn asset clas$loevenaars et al.
(2008) analyze the role of US REITs in a large tagsenu. They find that the return
dynamics of REITs are already well captured bylsft@nd bonds and that REIT returns
exhibit slight mean reversion in the long run. REdo not gain notable shares in the
optimized portfolios; this result holds in an assety and in an asset-liability
framework.It is important to note that these papers lookeat estate shares traded on
the stock exchange, where illiquidity and transactiosts are usually of minor concern,
and the process of price determination may be resbdy different from the
unsecuritized real estate market.

There are also a few studies that look at the dgemmercial real estate market.
Geltner et al. (1995) calculate five-year riskistats based on regressions of real estate
returns on contemporaneous and lagged asset redthsugh the variance of direct
real estate returns at a five-year horizon is highan five times the annual variance —
reflecting mean aversion — and the correlation witicks turns from negative (direct
statistic based on annual data) to positive, timy that real estate is still an important
asset class, especially at lower risk/return pesfilTwo recent papers use the Campbell
and Viceira (2005) approach to analyze the role®fdirect and securitized real estate
in a mixed asset portfolio. Porras Prado and Veél{2e08) find that the annualized
volatility of direct real estate returns increafesn about 7.5% at a one-quarter horizon
to 11% at a 25-year horizon. Property shares eixhigian aversion, too. Direct real
estate tends to become less important both in set-asly and in an asset-liability
framework the longer the investment horizon. Mact¢in and Al Zaman (2009) find
that theestimated long-term return volatility of US direetl estate returns is virtually
identical to the estimated long-term stock retuofatility. The weight of direct real
estate in a mixed asset portfolio increases wighitlkestment horizon due to decreasing

correlations with bonds and stocks over mediumlangd horizons.
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3.2.21lliquidity and transaction costs

Liquidity is a multi-faceted concept and there arv@ny measures of liquidity, but it is
obvious that real estate markets are far moreuitighan well-developed stock or bond
markets. While in many financial markets an asset loe sold quickly with almost no
price impact, the sale of a property takes time amglicker disposal is usually related
to a price discount. Furthermore, liquidity is thwarying in real estate markets, with
more liquidity in up markets and less liquiditydown markets. Motivated by this fact,
Fisher et al. (2003) and Goetzmann and Peng (2068glop transaction-based real
estate indexes under the assumption of constantliig. The returns of these indexes
exhibit higher volatility and less autocorrelatitiran the returns of common (variable
liquidity) indexes.

Lin and Vandell (2007) argue that a constant liguithdex still does not allow a
fair comparison to financial assets, because tlenmnty of the marketing period is
not accounted for. They develop the concept of etarg period risk as a component of
illiquidity risk, recognizing that it is the ex antisk which is relevant for investment
decisions. Price indexes are based on succes$fsl aad hence measure only price (or
ex post) risk. Lin and Vandell show that price niskderestimates the true ex ante risk,
and that the effect of marketing period risk desesawith the investment horizon. Over
short horizons the ex ante standard deviationtafme can be several times the usual ex
post standard deviation. However, the risk adjustnemuch smaller when appraisal-
based returns have been unsmoothed (Bond et ar).20@ and Vandell (2007) also
define a second bias, which arises when an investperiences a sudden liquidity
shock, forcing the investor to sell a property glyic They show that this liquidation
bias affects both return and risk adversélieng et al. (2010a) show that, under some
simplifying assumptions, their formula for the ext@ risk of a single property also
holds for a real estate portfolio. Motivated byuret persistence in US housing and
(appraisal-based) commercial real estate returhen@ et al. (2010a) and Lin and Liu
(2008) assume that the ex post variance of cumelagturns increases more than in
proportion to the investment horizon. When retuains mean averting, there exists a
tradeoff between price risk — makif@ng-term investments very riskyand marketing
period risk—favoring longer investment horizons.

Closely related to liquidity are transaction co&sing much higher in most real

estate markets than in well-developed financial ke, they lead to less frequent
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trading. Obviously, transaction costs induce hariedfects, since the expected return
per period, net of transaction costs, increaseh #ie investment horizon (see, for
example, Collet et al. 2003). llliquid assets wliigh transaction costs must offer an
expected return premium (gross of transaction rdastgnduce some investors to hold
these assets. A clientele effect arises, where-teimy investors prefer to hold assets
with high transaction costs (Amihud and Mendels@86). Cheng et al. (2010b)
account for marketing period risk, mean aversionei@ estate returnsnd transaction
costs, andind that there is an optimal holding period feoperties, which is estimated
to be about five years.

In this chapter, the asset allocation problem ialyaed accounting jointly for
return predictability, marketing period risk andrsaction costs. Previous research
addressed these issues separately, or analyzesintile asset case only. By including
the cap rate in the VAR model, mean reversion @h estate returns is captured, a point
neglected by previous resear€iThe calculation of real estate’s marketing peris#
premium is based on this mean reversion patternalllyji | analyze the relative
importance of return predictability, marketing pefirisk and transaction costs for the

allocation to real estate.

3.3 VAR model and data
3.3.1VAR specification

Campbell and Viceira (2005) assume a buy and holdstor, who is concerned about
real returns. Letz.; be a vector that includes log asset returns amfitiaolal state
variables that predict returns. Assume that a VAR{ibdel captures the dynamic

relationships between asset returns and the additgate variable®:

Zt+1 = (I)O +(I)lzt +Vt+1' (31)

In the specification of this study, the real retomcash (1), and the excess returns

on real estate, stocks and long-term bonds (stackedthe (3x1) vector

18 | ju and Mei (1994) estimate a VAR model, whichlimtes the cap rate, and show that REIT
returns exhibit mean reversion.

9 The VAR(1) framework is not restrictive since aRfp) model can be written as a VAR(1)
model; see Campbell and Shiller (1988).
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X1 = M1 —Tosad» Wherer is a vector of ones) are elementszof. In addition, four

state variables are included, stacked in the (¥&t&)ors.1. Thus,

rO,t +1

2y = X1+1 (32)

is of order (8x1) @, is a (8x1) vector of constants ad, is a (8x8) coefficient-matrix.
The shocks are stacked in the (8x1) vewtor, and are assumed to be IID normal with

zero means and covariance-maX , which is of order (8x8)v,,, ~ IIDN (0,X,).

3.3.2Data

The results are based on an annual dataset froBth9%008 (44 observations) for the
UK market; Appendix A provides details on the dasad. The inception of the sample
period is determined by the availability of a pemfiance index for property shares. As
noted above, cash (T-bills), real estate, stockklang-term bonds are the available
assets to the investor. The bond index represesgsuity with constant maturity of 20
years. The implicit strategy assumed is to selbadbat the end of each year and buy a
new bond to keep the bond maturity constant, annaggon that is common for bond
indexes. The (log of the) cap rate and the exassr on property shares are included
in the VAR model as state variables to capture dipeamics of (direct) real estate
returns. Property shares are not considered assat e@ass since there is evidence that
direct real estate and property shares are coatedffor evidence regarding the UK
market see Wang et al. 1997). Because of this|ahg-term linkage between these
assets may be underestimated in a VAR without eor-eprrection term capturing the
long-term relationship (Engle and Granger 1983s in Campbell and Viceira (2005),
the log of the dividend yield of the stock markedahe log yield spread, i.e., the

20 |n fact, the long-term correlation of direct resstate returns and property share returns
estimated from the VAR results is even lower thas ghort-term correlation. We would expect

that the correlation is increasing with the investinhorizon. Hence, the VAR apparently

cannot capture the long-term relationship betwe@ect real estate and property shares.
Therefore, it does not appear to be reasonabtectode property shares as an asset class.
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difference between the log yield of a long-term d@md the log yield of T-bills, are
incorporated as state variables that have beenrstmpredict asset returfis.

Appraisal-based capital and income real estatengiused to calculate the annual
real estate total return and the cap rate series bh@en obtained from two sources. The
returns from 1971 to 2008 are based on IPD’s |lemgitindex. Initially, the index
covered a portfolio of 651 properties, increasimd 1,328 properties by 1981 (Newell
and Webb 1994). Returns from 1964 to 1970 are f8awit (1996)2.2 These returns are
based on valuations of properties in portfolios teb large financial institutions
covering more than 1,000 properties throughout preisod (Scott and Judge 2066).
Key et al. (1999) find that the Scott return serdssd here as well as the IPD 1971 to
1980 return series are fairly reliable in termsaferage.

Real estate returns are unsmoothed using the agppafaBarkham and Geltner

(1994). This unsmoothing approach is based on nmageptimal behavior of property
appraisers as introduced by Geltner (1993). Apaldiased log real capital returd;

are unsmoothed using the formula

0, :%, (3.3)

whereg; is the true log real capital return (or growth)da is the smoothing parameter.
| use the value 0.625 for unsmoothing annual retas favored by Barkham and
Geltner (1994). Whiletiis not explicitly accounted for variable markeduidity,
unsmoothing procedures, such as the one employ#dsithapter, may be seen as an
attempt to control for the pro-cyclical variablguidity (Fisher et al. 2003)[otal real
estate returns and the cap rates are construciad tfre unsmoothed log real capital

return and income return series; see Appendix A.

2L Campbell and Viceira (2005) also include the nahinterest rate as a state variable, partly
because this allows the inflation hedging abilitéshe assets to be analyzed (an issue which is
not addressed in this chapter). When added toigfw eariables VAR, the nominal interest rate
is not a significant predictor of any variable, eptfor the nominal interest rate itself. To avoid
proliferation of the VAR parameters, the nominaénest rate is not included.

2 Note that due to the unsmoothing procedure fdrasiate returns, one additional observation
is needed.

2 For comparison, the widely-used NCREIF Propergeln(NPI) was based on 233 properties
at the index inception; see “Frequently asked doestabout NCREIF and the NCREIF
Property Index (NPI)” on the NCREIF website (wwwei€ org).
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Table 3.1 provides an overview of the sample stegi®f the variables used in the
VAR model. Mean log returns of the assets are &eljuby one half of the variance to
reflect log mean returns. Compared to the US datdun Campbell and Viceira
(2005), the mean excess returns on stocks and lawadsmilar, whereas the volatilities
are higher. Real cash returns are more volatile, Real estate lies in between stocks
and bonds with regard to volatility, mean retummd &harpe ratio. The unsmoothed real
estate returns do not show notable autocorrelaiiba.cap rate has a higher mean and a

lower volatility than the dividend yield of the stomarket.

Table 3.1Sample statistics

This table shows statistics for the variables idelliin the VAR model for the annual
dataset (1965 to 2008). Autocorrelation referdofirst-order autocorrelation.

Standard Sharpe  Auto-
Mean deviation ratio correlation

Real return on cash* 2.09% 3.70% - 76.21%
Excess return on real estate* 3.17%16.44% 0.1926 6.23%
Excess return on stocks* 6.25% 24.57% 0.2542 -16.78%
Excess return on bonds* 1.44% 11.61% 0.1241 -12.16%
Log excess return on property share2.50% 30.52% - -4.45%
Log of cap rate -2.8380 0.2530 - 63.37%
Log of dividend yield -3.1809 0.3287 - 71.13%
Log yield spread 0.66% 1.75% - 46.41%

*Mean log returns are adjusted by one half of thinn variance to reflect log mean
returns.

Figure 3.1 shows the logarithm of the total realime index values of the four asset
classes. In the 1970s, a period of high inflatlwonds performed poorly in real terms. It
took until the early 1990s for bonds to have a @dighdex value than cash investments.
Real estate and stock markets collapsed duringittezisis of 1973-74. After that, the

stock market was characterized by a long upswirtt tine turn of the century. The real

estate market experienced a significant downtuttheénearly 1990s and again — like the
stock market — in recent times. The cash indexecedl the persistent behavior of cash

returns.
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Index value

1988
1990
1992
1994
1996
1998 |
2000
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2004
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1964
1966
1968
1970
197

Figure 3.1 Total real return indexes
The figure shows the logarithm of the total realine index values (end of 1964 = 1) of
the four asset classes considered over the timedo#964 to 2008.

3.3.3VAR estimates

The results of the VAR(L), estimated by OLS, areegiin Table 3.2* Panel A
contains the coefficients. In square bracketst-amdues. Panel B contains the standard

deviations (diagonal) and correlations (off-diagehaf the VAR residuals.

% The Schwarz criterion and the Hannan-Quinn cotefiavor a one-lag specification over a
two-lag specification of the VAR model.
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The p-values of the--test of joint significance indicate that the reatiurn on cash and
the excess returns on the other assets are indegidtable. With af®? statistic of 39%,
real estate has a degree of predictability that Between that of stocks and bonds. The
lagged yield spread has a significant positiveumfice on excess real estate returns.
This makes sense, because the yield spread tlaehksisiness cycle (Fama and French
1989) and real estate returns are closely relatezthanges in GDP (Case et al. 1999,
Quan and Titman 1999). As expected, lagged propraye returns also predict real
estate returns positively (thevalue is slightly above 10%). The cap rate is sitpe,

but not significant, predictor of real estate raturAll asset returns depend positively on
the lagged cap rate, indicating that low real estaices (relative to income) are
followed by high asset returns. The results withard to the other assets and state
variables are broadly similar to the US resultsviged by Campbell and Viceira
(2005). Real cash returns are persistent. The sigsificant predictor of stock returns
is the dividend yield. The lagged yield spreaddasifively related to bond returns, albeit
not significantly. Somewhat surprisingly, the cagerand the excess return on property
shares are significant predictors of excess bondne All state variables, with the
exception of the excess return on property shatesy persistent behavior. Turning to
the correlations of the residuals, we see that peeted real estate and property share
returns have a high positive correlation. Excegsksaind real estate return residuals are
almost perfectly negatively correlated with thepessive market yield (dividend yield

and cap rate respectively).

3.4 Horizon effects in risk and return of ex post retuns

3.4.1The term structure of risk

In this section, the impact of return predictabildn horizon effects in conditional
standard deviations and correlations of (ex pacstirns is analyzed. The impact of
marketing period risk on the term structure of resiate’s return volatility, i.e., the
adjustment from ex post to ex ante risk, is exmldater on. The conditional multi-

period covariance matrix of the vectmr, scaled by the investment horizkns:
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1 1 ,
Val(z,+ 4 2,) =[5, HO)E, 1+ @)

+(I+®, + D)X (1+ D, + D)'+... (3.4)

+(A+®, +.. + DL ([+D, +...+ D),

wherel is the identity matrix. Conditional variances axayariances of real returns can
be extracted from the conditional multi-period caaace matrix ofz.;, using an
appropriate selector matrix. Real return statist@s be calculated, because the vector
Z+1 includes the real cash return and excess retuglisthat the real return statistics of
stocks, bonds and real estate can be calculatetidhyg the real cash return and the
excess return of the asset (for technical detsgls,Campbell and Viceira 2004).

Figure 3.2 shows the results for the term structirthe annualized (divided by
the square root of the horizon) standard deviatbmeal returns, as implied by the
VAR. Real estate returns show slight mean aversimr the short run. This can be
attributed to the positive dependence of real esteturns on lagged property share
returns, since the correlation of the residuatsse positive (0.74). Thus, when there is
a negative shock to the property share returnutiexpected return of direct real estate
tends to be low as well, and a low property shatern tends to be followed by a low
real estate return, and vice versa. For investrherizons longer than two years, real
estate returns exhibit strong mean reversion. iBhisie to the high negative correlation
between real estate return and cap rate residaralshe positive influence of the lagged
cap rate on the return of real estate. If proppriges are decreasing, this is bad news
for an investor. On the other hand, the good newbat a low realized return on real
estate is usually accompanied by a positive shodké cap rate, and a high cap rate
predicts high real estate returns for the futurecdise the cap rate is persistent, this
effect is very important for the long-term risk.élannualized volatility decreases from
14.3% at the one-year horizon to 8.0% at the twgatyr horizon. The parameter on the
lagged cap rate is not significant at the ten perksvel, though, but it is interesting to
note that, in a smaller VAR, the regression of libg real estate excess return on a
constant, the lagged log real estate excess reanththe lagged log cap rate yields a
statistic of 2.71¢-value of 1.0%) with regard to the regression paigmon the lagged
cap rate. Excluding the cap rate from the eightalde VAR model, the conditional

annualized twenty-year volatility of real estatéuras is even slightly higher than the
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one-year volatility. Thus, it is clearly the cagerdhat is driving the mean reversion
effect in real estate returns.
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Figure 3.2 The term structure of return volatilities

The figure shows conditional annualized standandadiens of real (ex post) returns
depending on the investment horizon.

The periodic long-term risk of stocks is much lowean the short-term risk. This is
because the dividend yield predicts stock retursitively, and dividend yield and
stock return residuals are highly negatively catedd. The annualized twenty-year
standard deviation of both stock returns and rs@te returns amounts to about 60% of
the one-year risk. In comparison, Campbell and ivace (2005) estimate of the
periodic long-term standard deviation of US reabckt returns amounts to
approximately 50% of the short-term standard demiatCash returns are clearly mean
averting. The reason is that investments in slesrt+tT-bills have to be rolled over at
future uncertain real interest rates, and realréste rates are persistent. At long
investment horizons the annualized standard dewiaif cash returns is as high as that
of real estate. The standard deviation of real gastrns over the whole range of

investment horizons is substantially higher tharthe 1952 to 2002 dataset used in
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Campbell and Viceira (2005), but lower than in tt@90 to 1998 dataset used in
Campbell and Viceria (2002). The line of the aningal standard deviation of long-
term, constant maturity, bond returns reflectshélipean aversion so that the estimated
volatility of stock and bond returns is virtuallgantical for investment horizons of ten
years or longer. For comparison, returns of a @mganhaturity bond are slightly mean
reverting in the Campbell and Viceria (2005) post-vdataset, but strongly mean
averting in the Campbell and Viceira (2002) longm dataset.

Correlations implied by the VAR estimates also shiotgresting horizon effects
(see Figure 3.3). The correlation between stocklamdl returns at medium investment
horizons is higher, but the long-term correlatistower than the short-term correlation.
This is similar to the Campbell and Viceira (20@s}imates. The correlation between
stock and real estate returns is slightly loweth long run than in the short run. The
most remarkable difference between the short amdotiig run concerns the correlation
between real estate and cash returns, which iresehg more than 60 percentage
points. A driver of this result is the cap rate,iethpredicts both returns positively.
Bond and stock returns are highly correlated wakhcreturns in the long-term, too. In
general, the long-term correlations are less dégaethan the short-term correlations.
On average, the twenty-year asset return correstare higher than the one-year
correlations, which is intuitively appealing.
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Figure 3.3The term structure of return correlations
The figure shows conditional return correlationpeteing on the investment horizon.

3.4.2The term structure of expected returns
Since the VAR system includes log returns, Campdoedl Viceira (2004, 2005) use the
approximation for the-period log portfolio returrr Y, introduced by Campbell and

Viceira (2002). Note that the uppek) (indicates that this is a cumulative return.
Transaction costs regarding real estate and stodkband investments, stacked in the

(3x1) vectorc, are deducted, so that:

ot = Tornc T @' (X =€) + ' (K)o (K) — T (K)a(K)], (3.5)

p.t

where a(k) is the (3x1) vector containing the asset weigekgept for the weight on
cash, with regard to &period investment X, (k) =Var,(xX)) is the conditional
covariance-matrix ok-period excess returns, aa?(k) = diag[X, (K)] is the diagonal

vector of this matrix.
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From (3.5) one can calculate tkperiod log expected portfolio return as:
E(ritu) +3Var(roi) = E(rd ) + 305 (K) + &' (IE(x{q —©) + 365 (K) + 0, (K)], (3.6)

where g (k) is thek-period conditional variance of real cash retuars ¢, (k) is the

vector of conditional covariances between the cash return and the excess return on
stocks, bonds and real estate, at horizoBquation (3.6) shows how to calculate the
(approximation of the) cumulative log expected fadicd return or, assuming a 100%
investment in the respective asset, the log exgeetairn of any single asset class. Note
that the expected log return has to be adjusteohieyhalf the return variance to obtain
the log expected return relevant for portfolio opsation (a Jensen's inequality

adjustment), where the conditiorkaperiod variance of the portfolio return is:
Var (ry) = @' (KX, (K)a(k) + 05 (k) + 2a' (K)o, (K). 3.7)

This adjustment is horizon-dependent. There aréharizon effects in expected log

returns because | assume that they take the vafud®ir sample counterparts. Thus,

for the k-period expected log cash return it hatust E(ry), ) =kf,, whereT, denotes

the sample average of log cash returns. Similhygsume for the vector of log excess

returns: E(x{)) =Kkx . Even if there were no horizon effects in expedtegl returns

there would be horizon effects in log expectedrretubecause conditional variances
and covariances will not increase in proportiothi® investment horizon unless returns
are unpredictable. In the remainder of this chagtex log expected return is termed
“expected return” for short.

Additional horizon effects in expected returns dree to the consideration of
proportional transaction cost§Vith regard to stocks and bonds, transaction costs
encompass brokerage commissions and bid-ask sprBadsd-trip transaction costs
for stocks are assumed to be 1.0%, as in BaldurxiLgnch (1999) and Collet et al.
(2003). Bid-ask spreads of government bonds aiiedjp tiny (Fleming 2003, Gwilym
et al. 2002); total round-trip transaction costs for bonds, udaohg brokerage
commissions, are assumed to be 0.1%e bid-ask spread is the cost of immediate

buying and selling (Demsetz 1968). Immediate exenus not assumed for real estate.
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Direct real estate markets are not dealer markets,markets where dealers buy and
sell for their own accounts. The usual practicetlie direct real estate market,
represented in the assumptions of this chapteto isistruct an agent to initiate the
acquisition and disposal of properties (for theocaiedt of the principal). To avoid paying
(systematically) too much and receiving too littlelative to market values, this takes
time. Of course, fees accrue for the agents’ amti Overall, transaction costs for
buying and selling real estate encompass profesisitees and the transfer tax.
According to Collet et al. (2003), round-trip trasson costs for UK real estate are 7 to
8%. Marcato and Key (2005) assume round-trip tretisa costs of 7.5%. These costs
cover the transfer tax (“stamp duty”) of 4.0% (® fmaid when buying), 1.5% for legal,
agents' and other advisory fees for both purchaseb sales, plus 0.5% internal
investor's costs. | exclude the internal coststamte assume total costs of 7.0%, which
appears to be reasonable as Marcato and Key subge3t5% may be a bit on the high
side. The costs are divided into 5.5% buying casts 1.5% selling costs. Round-trip
transaction costs for stocks and bonds are dividedne half to obtain separately the
costs for buying and selling. The assumed roundttansaction costs enter the veator
in continuously compounded form, and they are olethiby adding the continuously
compounded buying and selling costs, so tc'= [684% 100% 0.10%]. For
example, the round-trip costs for real estateIn(1.055 +In(1.015 = 684%.

Figure 3.4 plots the term structure of annualizegeeted real returns after
transaction costs for stocks, bonds, real estatecash. Due to transaction costs, there
are major changes in the annualized expected staleereturn, which increases over
the whole range of investment horizons. It takem&astment horizon of fourteen years
for real estate to have the same expected retutvoads. Driven by the fall in the
annualized return variance, the long-term expeogddrn of stocks is lower than the
short-term statistic. This effect would be morendiatic without transaction costs, which
decrease annualized expected returns particularlyshart horizons. Due to the
increasing annualized return variances, periodpeeted cash and bond returns slightly

increase with the investment horizon.
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Figure 3.4The term structure of expected returns

The figure shows annualized expected real returmgedding on the investment
horizon. These follow from (3.6), assuming a 100estment in the respective asset.
Round-trip transaction costs are assumed to be @®t%onds, 1.0% for stocks and
6.84% for real estate.

3.5 The term structure of real estate’s ex ante returrvolatility

As implicitly assumed for the determination of tliansaction costs for real estate, |
consider an investor who is not under time presstiteerefore, the concept of
marketing period risk, an aspect of illiquidity kighe “typical seller has to face” (Lin
and Vandell 2007, p. 312), is used to adjust theditmnal volatility of real estate
returns to reflect both price risk and marketingqukrisk. The investment horizok is
partitioned intok*, the period after which the marketing activitiesgin, andg(m), the
expectation of the uncertain marketing periadk = k* + E(m). Using the variance

decomposition formula for any two stochastic vaeab(here r,. and m), the

conditional variance of periodic ex ante returnghvactual investment perickf + m,

is:

Vart‘exame(rRE,t+k*+m) = E[Van(rRE,t+k*+m|m)] +Var[ E(rRE,t+k*+m|m)]' (38)
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Note that, to be consistent with the Campbell araiva (2005) approach, | apply the
variance decomposition formula to the conditioreiance of real returns, per period.
First, | analyze the first term on the right hamdesof (3.8).The mean reversion
pattern in ex post real estate returns for horizohk = 3, ..., 20 (years)with
m=E(m), can be characterized by the following function tlee conditional periodic

return variance:

Vart (rRE,t+1)

7 (3.9)

Var (Mrec) =

This function is convex. The square root of thisdiion, with Var (ree,,,) =16.096, is

shown in Figure 3.5. For comparison, the estimgdeth structure of the volatility of ex
post real estate returns is also shown (the san Rigure 3.1). The mean reversion
pattern is quite well captured by the assumed fandbr horizons of three years and
longer. We can see directly that accounting fouacertain marketing period increases
the return variance. With an uncertain marketingigge the expectation of the
conditional periodic return variance is higher th#re periodic return variance
corresponding to the expectation of the marketiegog. Due to the convexity of the
function, it is unfavorable for an investor thgptraperty has, say, a marketing period of
either four or eight months, each with probabilitfy 50%, compared to a marketing
period of six months, which is ex ante known foresuFor the same reason, a higher
variability of the marketing period increases tharketing period risk premium. Based
-1/2

on a second-order Taylor series approximation F& tunction f(m)=(k*+m)

around E(m) we have (see Appendix B):
EIVar, (e oiesm|M] = Var (Fee ) (K2 + 2Var(m)k ). (3.10a)

The approximation (3.10a) is used for horizons lofe¢ to twenty years. Over
investment horizons of one and two years, ex pesl estate returns exhibit neither
pronounced mean aversion nor mean reversion. Tdrerethe expectation of the
periodic return variance (accounting for an ungertaarketing) is close to the periodic

return variance corresponding to the expectatioth@fmarketing period; | assume that
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these are equal so that there is no bias due tiirshéerm of the right hand side of (3.8)
fork =1, 2 (years):

E[Vart (rRE,t+k*+m

m)] =Var, (rge ) =Var (feea)- (3.10Db)

St.dv. +— St.dv. assumptiorr —— — St.dv. incl. MPRP

0.15+

0.13+

0.11+

Standard deviation p.a.
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Figure 3.5The term structure of real estate’s return volattili

The figure shows real estate’s conditional annedligtandard deviation of real returns
with and without an adjustment for the marketingiqe risk, depending on the

investment horizon. Also shown is the assumed tstnucture of real estate’s return
volatility used for the calculation of the markegiperiod risk premium (MPRP). St.dv.:

Standard deviation.

The second term on the right hand side of (3.8)ceors the variance of expected
returns. Recall that there are substantial horidects in the periodic expected return
on real estate. Therefore, given an investmentzboik, expected returns, per period,
vary when the marketing period is uncertain. Tongiia this effect, | assume that the

expected return, per period, around investmenkzbok is:

E(rRE,t+k*+m|m) = E(rRE,t+k) +5,,[m-E(m)], (3.11)
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wheres. is the slope of the term structure of the pericekpected real return on real
estate aroun@. This slope is calculated as the average of thygesbf the line between
the periodic expected returns for investments with-1-period and &-period horizon,
and the slope of the line between the periodic etgaereturns for investments wittka
period and & +1-period horizorf> The variance of (3.11) is:

Var[ E(rRE,t+k*+m m)] = Sr%rkvar(m) . (312)

Adding (3.10a) and (3.10b), respectively, and (Byilds the ex ante variance of real
estate returns. Dividing the ex-ante variance lgy éR post return variance given by
(3.9) and (3.10b), respectively, yields:

Vanexame(rRE’Hk) B
Var{ (rRE,t+k)
+_SuVar(m)

Vaqa(rRE,Hl)
. 2Var (fag)Var(mk ™ + €, Var(m)
Var (roe . )k

fork = 1,2(years) (3.13a)

1

fork = 3,...,20(years) (3.13b).

Formula (3.13) provides the adjustment from ex postx ante variance of real estate
returns in dependence on the investment horkzoho reflect the assumption of no
horizon effects in the annualized conditional netuolatility over horizons of one and
two years, and the finding of mean reversion owegeér horizons, different values for
the one-year return variance are chosen, indicayethe uppera andb respectively.
Specifically, the assumed values afarta(rReq+1)=l4.50/& for k = 1, 2 (years), and
Vartb(rRE,t+1):16.00/§ for k = 3, ..., 20 (years)Bond et al. (2007) find for the UK
market that the negative exponential distributiestfits the data for actual marketing
periods. Assuming this/ar(m) equalsE(m)>. Based on evidence provided by Bond et
al. (2007), | assume an expected marketing perio@ight months E(m)=8/12
(years)].

% The return for a zero-year investment is -6.8486, assumed transaction costs. kar 20
(years) the slope betwe&rrs 19 anck = 20 is used.
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In Figure 3.5 the term structure of the volatildfyex ante returns on real estate
(including the horizon-dependent marketing perigét premium) is shown. Marketing
period risk appears to be negligible. The termcstmes of ex post and ex ante returns
are virtually identical. Small premiums are visiklieshort horizons. The maximal return
variance adjustment is at the one-year horizon ®i#%. The results in the remainder
of the chapter are based on the conditional vagiaoic real returns including the
marketing period risk premium. Note that this hésa (small) effect on the term

structure of the expected return on real estataatiee Jensen’s inequality adjustment.

3.6 Horizon-dependent portfolio optimizations

3.6.1 Mean-variance optimization

The mean-variance problem can be stated as:

1 Var(rl

min[w.r.t. a(k)] B k"‘”k : (3.14)

subject to

(k) (k)
E(rp't+k) + %kVart (rp.t+k) = 1, (3.15)

where 4, is the expected portfolio return, per period. $isetling of real estate is not

allowed, but such a restriction is not imposedhandther assets.

3.6.2 Mixed asset allocation results

Figure 3.6 contains two panels with optimal porfotompositions for investment
horizons of one to twenty years. Panel A showstloeations of the four assets for the
global minimum variance portfolio. As expected, #iiecation to cash is about 100% at
short and medium horizons, but the weight decreas#sthe investment horizon to
50% at the twenty-year horizon. In turn, real estagcomes more important the longer
the investment horizon. At short horizons, theadtmn to real estate is small due to the
high volatility and a high correlation with stockat the twenty-year horizon, the
allocation to real estate is 58%, higher than thecation to cash. Recall that real

estate’s volatility at the twenty-year horizon ligistly lower than the volatility of cash
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returns. Stocks and bonds have weights of abooit-05% over all investment horizons
in the minimum variance portfolio.

Panel B shows the allocations for a portfolio thas an annual expected return of
5%. This is somewhere between the expected refustooks and the expected returns
of the other assets for every investment horizoee (Figure 3.4). This portfolio
therefore represents moderate risk aversion foritkestor. Over short investment
horizons, stocks are the asset with the highestation. The horizon effect with regard
to the allocation to real estate is even more sumisi than for the global minimum
variance portfolio. The reason is that, in additian the attractive long-term risk
statistics, real estate's expected return per ghégoincreasing with the investment
horizon. The low expected return (due to the higimgaction costs) makes real estate
very unattractive at short investment horizons; ttu¢he short-selling restriction, the
allocation is zero. Real estate is the asset Whith largest allocation for investment
horizons of nine years or longer. At the twenty+ylearizon the allocation is 87%. The
allocation to cash is notable at short horizonst &s real estate becomes more
important, the allocation to cash decreases rapatid it is negative at long horizons.
The allocation to bonds is somewhere between 11884 for all investment horizons.
The reason why bonds are relatively unattractiveath portfolios (Panels A and B) is
that the Sharpe ratio is relatively low, and thimsl not change when the investment

horizon is extended.
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L

Asset weight

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Investment horizon (years)

Panel A: Global minimum variance portfolio

Asset weight

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Investment horizon (years)

Panel B: Portfolio with expected return of 5% p.a.

Figure 3.6 Optimal portfolio compositions

The figure shows optimized portfolio compositions fwo portfolios depending on the
investment horizon.
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3.6.3The allocation to real estate under different assedllocation approaches

What is the relative importance of accounting f@nsaction costs, marketing period
risk and return predictability for the allocatiomrieal estate? To answer this question |
compare different asset allocation approaches. Bhachmark case is that of
incorporating transaction costs, marketing periskl and return predictability, as it has
been done so far. For comparison (see Figure B.@dJculate the allocation to real
estate that obtains, when either transaction cthesnarketing period risk premium, or
return predictability is ignored. The approachgriaring return predictability is nested
in the Campbell and Viceira (2005) approach, beeatigs obtained by regressing
returns and additional state variables on a constaly, i.e., restricting all coefficients
in @, in the VAR model (3.1) to zero. When returns argredictable, the term
structure of the annualized volatility of ex posalrestate returns is constant. The only
source for the marketing period risk premium isrél@re the horizon effects in the
periodic expected return due to transaction cddence, the marketing period risk
premium in the case of no return predictabilitp@sed on (3.13a) for all horizons with
Var®(rqe..,) €qual to the obtained variance under the 11D mgtion. The results from
the classic approach, i.e., ignoring transactisstssaeturn predictability and marketing
period risk altogether, are also presented. AgRamel A reports the results for the
global minimum variance portfolio and Panel B shadtes allocation to real estate for
the portfolio which has an expected annual retd@is6.
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——— Benchmark & No transaction costs>— Classic— - ——- No MPRP—+— No predictability

Y ——————_———

Real estate weight
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Investment horizon (years)

Panel A: Global minimum variance portfolio

— Benchmark —>— Classic ——-—- No MPRP
—+— No predictabilty - - - - No transaction costs

Real estate weight

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Investment horizon (years)

Panel B: Portfolio with expected return of 5% p.a.

Figure 3.7 Real estate allocation under different asset dilmeapproaches
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The figure shows the allocation to real estatetiar portfolios under different asset allocation
approaches, depending on the investment horizoa.r&kult of the benchmark approach of
incorporating return predictability, the marketipgriod risk premium and transaction costs
(“Benchmark”) is compared to the results that draimed if either returns are assumed to be
unpredictable (“No predictability”), the marketimgeriod risk premium is set to zero (“No
MPRP?™), or transaction costs are set to zero (‘fdagaction costs”). The result of the approach
of ignoring return predictability and marketing joer risk premium and transaction costs

altogether (“Classic”) is also presented.
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Marketing period risk is of least importance foe thsset allocation results. For both
portfolios and at all investment horizons, theafiéinces to the benchmark approach are
very small. In the global minimum variance portfothe benchmark approach and the
approach of ignoring transaction costs are idehtlm@cause expected returns remain
unconsidered. For the portfolio in Panel B, igngriransaction costs would lead to a
large over-allocation to real estate at short looréz up to 35 percentage points (pp) at
the three-year horizon. At long investment horizaihe consideration of transaction
costs is negligible. Ignoring return predictabilityduces the allocation to real estate
substantially at medium and long horizons. In tledal minimum variance portfolio it
decreases the allocation by 31pp at the ten-yediS&pp at the twenty-year horizon.
The respective numbers are -56pp and -74pp fopdinolio with an annual expected
return of 5%. The weight allocated to real estatden this asset allocation approach of
ignoring return predictability is about 2.5% foetlglobal minimum variance portfolio
and up to 12.3% for the riskier portfolio. The d@sapproach of ignoring return
predictability, transaction costs and marketingqukrisk leads to asset weights that are
independent of the investment horizon. Interesyintjle allocation to real estate for the
portfolio in Panel B is 19.3%, which is within thange of 15 to 20% that Hoesli and
MacGregor (2000, Chapter 10) regard as typicallt®$wm the classic approach. The
weight allocated to real estate under the clagspraach is similar to the allocation
under the benchmark approach at the one- and taohaizon in Panel A, and at the
four- to five-year horizon in Panel B. In generbbwever, the classic approach is
obviously not a good approximation to the approdabht accounts for return
predictability, marketing period risk and transantcosts.

The low actual allocations to real estate in pdigfoof institutional investors of 5
to 10% are obtained either under the benchmarkoapgprfor short investment horizons
of about three or four years or under the appradicgnoring return predictability (but
accounting for transaction cost, and, of less irigpae, marketing period risk) for
longer horizons. But if institutional investors aally have a long investment horizon,
this analysis suggests that they should substhniti@rease the allocation to real estate,

because return predictability induces favorablézoor effects in risk.
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3.7 Robustness checks

| conduct two robustness checks for the main redolt investment horizons of one,
five, ten and twenty years. First, the sensitivitly the results with regard to the
parameter used to unsmooth the appraisal-basedstdé returns is analyzed. | explore
the importance of the choice of the smoothing patamby recalculating the main
results of this chapter for two alternative paranefalues that Barkham and Geltner
(1994) consider as reasonable lower and upper 130 a = 050 and a = 0.75. Second,
the results are recalculated for a quarterly datdsequantify the marketing period risk
premium with (3.13), the term structures of thendtad deviation of ex post returns on

real estate are approximated with reasonable chéicehe one-year return variarfée.

3.7.1Smoothing parameter

The results obtained from using the two alternasiveothing parameters are presented
in Table 3.3. Risk and return statistics for cdsinds and stocks are almost unaffected
by the choice of the smoothing parameter; the teguksented therefore focus on real
estate. For comparison, the results obtained frovm @ssumption made so far
(a=0.625) are also reported. | ignore (small) changes énrntiean return on real estate

that result from unsmoothing returns with differpatameters.

% gpecifically, the assumed values for the one-yetrrn variance plugged into (3.13a) are
17.5% (a = 0.5), 12.0% (a = 0.75) and 12.58(quarterly dataset), and for (3.13b) the values
are 18.5%(a = 0.5), 15.0%(a = 0.75) and 12.58{quarterly dataset).
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The choice of the smoothing parameter has a langadt on the conditional standard
deviation of real returns on real estate at theyma# horizon. When it is assumed that
the original returns suffer from a lot of smoothi{a = 050), the one-year volatility is
almost 18%. In contrast, when the original retaresassumed to exhibit relatively little
smoothing a= 075), the one-year volatility is only 12%. Howevergettonger the
investment horizon, the smaller this differenceAisthe ten-year horizon, for example,
the difference of the annualized volatility ia =05 and a= 075 is already only 1.4
percentage points. In general, the marketing perisé adjustments are small.
Correlations are quite similar under the differentoothing parameters. Due to the
Jensen’s inequality adjustment, expected returashiher fora = 05; the longer the
investment horizon, the smaller the differences aregeneral, the allocation to real
estate is lower when the original real estate nstare assumed to be more smoothed

(a=05) since this yields more volatile unsmoothed retulng the allocation is still

substantial at medium and long horizons. The ca@hs with regard to the relative
importance of marketing period risk, return prealility and transaction costs for the
allocation to real estate remain unaffected bycieice of the smoothing parameteér.

Overall, the results appear to be fairly robusthianges in the smoothing parameter.

3.7.2Quarterly dataset

The quarterly dataset runs from 19870Q2 to 2009QB dBservations). Real estate
returns are based on the IPD monthly index. Detalthe data used are provided in
Appendix A. | use the value 0.375 for unsmoothingrterly appraisal-based real estate
returns as favored by Barkham and Geltner (1892Zhe VAR specification used for

the annual dataset is also used for the quarteigset’ The results for the quarterly

dataset are presented in Table 3.4. In generadt asturns are less volatile in this
dataset. Bond returns are slightly mean avertigerd@ is also a clear mean aversion

effect in cash returns, but the volatility is muotver than in the annual dataset over all

27 Usually, the allocation to real estate increasesmeither the marketing period risk premium
or transaction costs are ignored. Counter-intuigjvéhere are (a few) exceptions to this rule.
The reason is that the overall investment oppditsimprove when transaction costs or the
marketing period risk premium are ignored, and iy decrease the allocation to real estate.
28 Wang (2006) estimates the parametén (3.3) from the relationship of real estate reu
with other economic variables. His estimate forreprdy UK returns is 0.4239. Being only
slightly higher than 0.375, this gives supportite suggestion by Barkham and Geltner.

% The choice of the one-lag specification of the \#Rdel is justified by the Schwarz criterion
and the Hannan-Quinn criterion for the quarterliadat, too.
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investment horizons. Real estate and stock retamasstrongly mean reverting. While
the annualized conditional stock return volatiittythe ten-year horizon is the same as
at the twenty-year horizon, the periodic conditiomalatility of real estate returns
declines further over long horizons. Compared te #nnual dataset, long-term
correlations are relatively low. Hence, the horisfifects in the asset correlations in the
annual dataset are intuitively more appealing. Bosu@ the asset class with the highest
expected return over all investment horizons, whschnlikely to be a good forward-
looking estimate, so the annual dataset appeal® tmore reasonable in this regard,
t00° Expected stock returns are slightly lower thaneexpd bond returns. Again, we
see a strong horizon effect in the periodic exmkot¢urn on real estate due to the high
transaction costs.

In the global minimum variance portfolio, the akdion to real estate is hump-
shaped with relatively low allocations of betweearid 15% (at the six-year horizon),
roughly in line with the low actual allocations teal estate in the portfolios of
institutional investors. The minimum-variance polii is dominated by cash
investments, though, which is clearly not represtrg of the portfolios of institutional
investors. In the portfolio with an expected anmeadlirn of 5%, bonds have the highest
allocation at all horizons. But at the twenty-y&arizon, the allocation to real estate is
virtually the same as the allocation to bonds. AstHe annual dataset, the weight
assigned to real estate is strongly increasing thighinvestment horizon. However, the
weight assigned to real estate is generally lowan tin the annual dataset, especially at
long horizons. Nevertheless, the allocation to esthte at medium and long horizons
still far exceeds the typical allocation of an ingtonal investor. For an investor who
can be characterized by medium risk aversion,ggests that the low actual allocations
to real estate in the portfolios of institutional/@éstors can only be justified when the

investment horizon is short.

%0 This is not surprising, given the longer time spétthe annual dataset. Merton (1980) shows
that the accuracy of the estimate of the expeatédarm improves with the time span and is
independent of the number of observations.
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Table 3.4Results obtained from quarterly dataset

This table shows results obtained from the quarteidtaset for four investment
horizons. MPRP: marketing period risk premium.

Investment horizon (years) 1 5 10 20
Conditional standard deviation of real returns p.a.
Bonds 6.83% 8.52% 8.40% 8.20%
Cash 1.38% 2.63% 2.81% 2.75%

Real estate without MPRPL2.71% 8.26% 6.71% 5.56%
Real estate with MPRP 13.07% 8.29% 6.72% 5.56%

Stocks 16.10% 10.23%9.51% 9.51%
Conditional correlations of real returns
Bonds — T-bills 28.08% 31.469%27.01% 23.53%
Bonds — Real estate -40.47%42.71% -14.11% -6.13%
Bonds — Stocks -18.22%21.85% -25.44% -33.08%
Real estate — T-bills 10.07% -10.06%5.88% 39.18%
Stocks — T-bills 9.48% 10.25%29.19% 30.39%
Stocks — Real estate 52.76% 48.58%8.14% 25.78%
Expected real returns p.a.
Bonds 5.23% 5.44% 5.44% 5.43%
Cash 3.39% 3.42% 3.42% 3.42%
Real estate -1.11% 3.85% 4.42% 4.69%
Stocks 5.13% 5.15% 5.18% 5.23%
Weight at global minimum variance portfolio (bendcmi)
Bonds -1.63% 5.38% 3.44% 4.57%
Cash 101.48%81.88% 86.28% 87.85%
Real estate 0.56% 13.99%1.63% 6.90%
Stocks -0.42% -1.25% -1.35% 0.68%
Weight at portfolio with expected return of 5% glaenchmark)
Bonds 71.86% 53.029%42.51% 35.84%
Cash 11.54% 1.00% 4.91% 6.01%
Real estate 0.00% 22.09926.79% 35.58%
Stocks 16.60% 23.90%25.78% 22.57%
Real estate weight at GMVP
Classic 2.09% 2.09% 2.09% 2.09%
No transaction costs 0.56% 13.99%1.63% 6.90%
No MPRP 0.31% 14.07%11.65% 6.90%
No predictability 1.98% 2.09% 2.09% 2.09%
Real estate weight at portfolio with expected netoir5% p.a.
Classic 21.87% 21.87%21.87% 21.87%
No transaction costs 19.95% 35.02%2.94% 37.06%
No MPRP 0.00% 22.16%26.83% 35.59%

No predictability 0.00% 13.34%18.77% 20.58%
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The qualitative results with regard to the relatingortance of return predictability,
marketing period risk and transaction costs aresdmme as for the annual dataset.
Again, we see that ignoring return predictabiligguces the allocation to real estate at
medium and long horizons. Marketing period risk egops to be negligible. Accounting
for transaction costs is very important at shortl anedium horizons. The classic
approach is usually not a good approximation of #pproach of incorporating

transaction costs, return predictability and mankgperiod risk.

3.8 Conclusion

The long-term asset allocation approach introdume@ampbell and Viceira (2005) is

used to estimate the “term structure of risk” foK Qtocks, bonds, cash and direct
commercial real estate. Real estate returns shahtsiean aversion over short
investment horizons and strong mean reversion megtium and long horizons. Due to
high transaction costs, the periodic expected medarreal estate strongly increases with
the investment horizon. A premium for real estatearketing period risk also induces
horizon effects, but the premiums are small. Théghteassigned to real estate in a
mixed asset portfolio strongly increases with thevestment horizon. Unless

institutional investors can be characterized adngaa short investment horizon, the
actual allocations to real estate in their portfelappear to be too low to be justified by
this analysis. Traditional mean-variance analysislearly misleading for investors. For
medium- and long-term investors, it is crucial tocaunt for return predictability,

inducing horizon effects in periodic return volails and correlations. Transaction
costs are important in the short- to medium-terrarldting period risk appears to be of

little importance for the optimal allocation to reatate.



Real Estate in a Mixed Asset Portfolio: The Rdl¢ghe Investment Horizon 74

3.9 Appendix A: Data

Table 3.A1 contains information on the data.

Table 3.A1: Data information

Panel A: Annual dataset

Description Source
Cash return _Change (%) of Barclays UK treasury bilBarclays Equity Guilt Study
index 2009
Cash yield UK three-month treasury bills rate Diesssn
. : I Barclays Equity Guilt Study
Bond yield Yield of Barclays gilt index 2009
Stock return  Change (%) of Barclays equity index ?ggtgays Equity Guilt Study
Bond return Change (%) of Barclays gilt index ?ggtgays Equity Guilt Study

Real estate  Constructed as described in this Scott (1996), IPD

return Appendix
ii?e?: "y ShareUK-DS real estate total return index Datastream
Inflation Change (%) of UK cost of living index Barclays Equity Guilt Study

2009
Constructed as described in this

Cap rate Appendix Scott (1996), IPD
Dividend yield Income vyield of Barclays equity index gggcg:)lays Equity Guilt Study
Panel B: Quarterly dataset
Description Source

Cash yield* UK three-month treasury bills rate &stteam
Bond yield UK government nominal spot curve 10-y@atd  Datastream
Stock index FTSE all share DS total return index taBmeam

. FTA British government 5-15 years DS total retu[.p
Bond index atastream

index
Real estate Constructed from IPD returns as described in thiB
. atastream
return Appendix
Property share

index UK-DS real estate total return index Datastream
Price index Retail price index: Seasonally adjusted all items Office for
excl. mortgage interest payments and indirect takisdional Statistics
Cap rate Constru_cted from IPD returns as described in th'Batastream
Appendix
Dividend yield Dividend yield of FTSE all share Datastream

* The return on T-bills in periotlis equal to the cash yield at the end of the pdrial.
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The real estate total return and cap rate series cafculated as follows: The
unsmoothed log real capital returns (see sectidh23for a description of the
unsmoothing procedure) are converted to simple nahdapital returnsGRU). This
series is used to construct an unsmoothed cagitaévndex (UCV;). The unsmoothed
capital value index is calibrated such that theraye of the capital values over time
matches the corresponding average of the origimddéx. A real estate income series
(Incy) is obtained by multiplying the (original) incommeturn (R;) with the (original)
capital value index@Vy): 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 andpital returns:

RER =CRU, +IRU,. The cap rate series is calculated CR = Inc, /UCV, in the

annual dataset, and CR = 4Inc, /UCYV, in the quarterly dataset, respectively.

3.10 Appendix B: Approximation (3.10a)

The mean reversion pattern in ex post real estaitens for investment periods of three
years and longer can be approximated by the fumctio

Var (Mg e e M) =Vark (e .0 )(k* +m) ™2 for the conditional periodic return variance
We need the expectationE(Var, (fee...)(K* +m) ™) =Var (fee, ) E(K* +m) ™2, A

second-order Taylor series approximation for thecfion f(m)=(k*+m)™? around

E(m) yields:

f(m) = [k* +E(m)] ™ -%[m- E(m)ITk* +E(m)] " +g[m- E(m)]*[k* +E(m)] "%

(3.B1)

Taking expectations we have:

E[f (m)] =[k* +E(m)] ' +§’[E(m)2 +Var(m) - 2E(m)* + E(m)*][k* +E(m)] "%

(3.B2)

Multiplying this with Var, (rge ., ) yields:
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ELVar (Mee oiesm|M] = Var (fe o0 )((K* +E(mM)] 2 +2Var(m)[k* +E(m)] ). (3.B3)

Substitutingk* + E(m) by k yields (3.10a).



4 Inflation-Hedging, Asset Allocation, and the Invesient Horizon

This chapter is joint work with Benedikt Fleischmaand Steffen Sebastian.

Abstract

Focusing on the role of the investment horizon, avalyze the inflation-hedging
abilities of stocks, bonds, cash and direct comrakreal estate investments. Based on
vector autoregressions for the UK market we firat the inflation-hedging abilities of
all assets improve with the investment horizon. IBag horizons, real estate seems to
hedge unexpected inflation as well as cash. Thssitmplications for the difference
between the return volatility of real returns vesrgihe return volatility of nominal
returns, and ultimately for portfolio choice. Polib optimizations based on real returns
yield higher allocations to cash and real estaéa thptimizations based on nominal
returns. Bonds tend to be less attractive for aestor taking into account inflation.
Switching from nominal to real returns, the allocatto stocks is decreasing at medium

investment horizon, but increasing at long horizons
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4.1 Introduction

The monetary base has grown considerably in maoypauies as a reaction to the
current financial crisis. As a result, the fearimflation has regained attention. Even
modest inflation rates can have a significant e¢féecthe real value of assets when the
investment horizon is long. For example, €100 ite@sfor 20 years at a nominal
interest rate of 5% p.a. yield €265.3 final weattbmpared to €180.6 assuming a real
annual interest rate of 3%. Hence, an inflatioe ft1.05/1.03-1=1.94% p.a. reduces
the real value of the investment by 32%. Despite ithportant role of inflation for
decision making, people often think in nominal eatthan real terms, a phenomenon
referred to as “money illusion” (for a review sekedof and Shiller 2009, Chapter 4).
Assets that hedge inflation are desirable for peiveavestors concerned about the
purchasing power of their investments as well asifstitutional investors whose
liabilities are linked to inflation (such as pensioinds).

Most of the evidence on optimal portfolio choicebased on the traditional
Markowitz (1952) approach with quarterly or annteturns used to estimate expected
returns, standard deviations, and correlationss Thimmon procedure contrasts with
the fact that most investors have longer investmbatizons. Due to return
predictability, standard deviations (per period arorrelations of asset returns may
change considerably with the investment horizom{@lzell and Viceira 2005). Hence,
the optimal asset allocation depends on the inwstnmorizon. The asset classes
usually considered for a mixed asset allocatiomapéation are cash, bonds and stocks.
Real estate is a further important asset clasgshénUS, for example, the market
capitalization of private commercial real estatestmated to be $8 trillion, compared
to a value of $17 trillion for stocks, as of thelg2000s (Geltner et al. 2007, Chapter
7). Due to high transaction costs, there are suobatahorizon effects in periodic
expected returns on real estate (e.g., Collet. 20f13). This is certainly a reason why
direct real estate investments are typically logrgrt investments with an average
holding period of about ten years (Collet et al020Fisher and Young 2000).
Practitioners often regard direct real estate itaents to be a good inflation hedge.

In this chapter, we link the inflation-hedging arsaé with the mixed asset
allocation analysis, focusing on the role of theestment horizon for a buy and hold
investor. Using a vector autoregression (VAR) fbe tUK market, we estimate

correlations of nominal returns with inflation, &mng how the inflation hedging
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abilities of cash, bonds, stocks and direct commknmeal estate change with the
investment horizoA® The results have implications for the differenegw®en the term
structures of annualized volatilities of real verqwominal returns, and ultimately for
portfolio choice. The differences in the optimaketsweights (based on real versus
nominal returns) can be interpreted as the mistaiiean investor subject to inflation
illusion makes. On the other hand, the resultsnfuminal rather than real returns are
relevant for investors facing liabilities that dibeed in nominal terms.

We find that cash is clearly the best inflation ¢e@t short and medium horizons.
Real estate is a very good inflation-hedge in gdmgirun, too. For bonds and stocks we
also find that the longer the investment horizbe, lhetter the inflation hedging abilities.
The long-term volatility of real returns on reatate is notably lower than the long-term
volatility of nominal returns. This is also truerfoash returns. In contrast, bonds are
less attractive for an investor concerned aboldtioh. The same is found for stocks at
medium horizons, but at long horizons, the volkgtibf real returns is lower than the
volatility of nominal returns. Portfolio optimizais based on real returns yield higher
allocations to cash and real estate than optinsizatbased on nominal returns. Bonds
tend to be less attractive for an investor takimig iaccount inflation. Switching from
nominal to real returns, the allocation to stockslécreasing at medium investment
horizon, but increasing at long horizons.

The remainder of the chapter is organized as falolw the next section, we
review the related literature. A discussion of &R model, the data and the VAR
results follow. Then, we analyze horizon effectsigk and return for nominal and real
returns. In this section, the results with regardhie inflation hedging abilities of the
assets are also discussed. The asset allocatibfepras examined in the next section,
again distinguishing between nominal and real rstuA discussion of a robustness

check follows. Finally, the main findings are sunizned.

31 Inflation-linked bonds with a maturity equal tetmvestment horizon are a particularly good
inflation-hedge. Given the limited supply of theBends, it is worthwhile to analyze the
inflation-hedging abilities of common asset classes
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4.2 Literature review

Academics have devoted much attention to the msiliof assets to hedge inflation.
Bodie (1976), Jaffe and Mandelker (1976) and FanthSchwert (1977) find that that
nominal US stock returns are negatively relatedetdized inflation as well as to the
two components of realized inflation, i.e., expdctand unexpected inflation. Gultekin
(1983) shows that the negative relation of nomstack returns with inflation also
holds for many other countries. The perverse igitahedging characteristics of stocks
run contradictory to the general belief that stoskeuld be a good hedge against
inflation due to the fact that stocks are essdntidhims to cash-flows derived from
real assets. Of all the US assets examined by FamdaSchwert (1977) (government
bills and bonds, residential real estate, humaitalagnd stocks), residential real estate
is the only asset that provides a complete hedgmsiginflation. (An asset is said to be
a complete hedge against inflation when the cdefits from a regression of nominal
returns on proxies for expected and unexpectedatiofi are both statistically
indistinguishable from one.) Bonds and bills prevalhedge against expected inflation,
but not against unexpected inflation. Studies erargi the direct commercial real
estate market suggest at least a partial inflaiedge. US commercial real estate
appears to offer a hedge against expected inflatwbereas the evidence with regard to
unexpected inflation is not clear-cut (e.g., Bruzmggn et al. 1984, Hartzell et al. 1987,
Gyourko and Linneman 1988, Rubens et al. 1989).nfixag the UK market,
Limmack and Ward (1987) find that commercial reatage returns are positively
related to both expected and unexpected inflab@pending on the proxy for expected
inflation, however, commercial real estate doesapyear to provide a hedge against
both components. In contrast to the direct reatesharket, real estate stocks tend to be
negatively related or unrelated to expected andkpeeed inflation (e.g., Liu et al.
1997, and Maurer and Sebastian 2002).

The results of the above-cited studies are basedgressions with data that have
a monthly to annual frequency. The disappointingristerm inflation hedging abilities
of most asset classes motivated research analyhmgong-term relation of asset
returns with inflation. For both the US and the UBQudoukh and Richardson (1993)
find positive relationships between five-year staeturns and realized as well as
expected inflation, whereas annual returns shovegative or only weakly positive

relationship. Based on cross-sectional regressmmB4 countries using data over a 14-
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year period, Quan and Titman (1999) find evidered teal estate is a hedge against
realized inflation in the long run. In contrasiné-series regressions suggest that annual
returns do not hedge against realized inflatioredticet al. (2007) as well as Schatz and
Sebastian (2009) use error correction approacheadistonguish between short- and
long-term relationships between asset markets aaxtaaconomic variables. Hoesli et
al. analyze the inflation hedging abilities of #t8@s well as direct and securitized real
estate markets in the US and the UK. For all assekets, they find a positive long-
term relationship with expected inflation. The letegm link to unexpected inflation is
negative for all US assets and for UK stocks. Uperty shares and direct real estate
are positively linked to unexpected inflation irettong-run. In both countries, asset
returns adjust rather slowly towards the long-texquilibrium, though. Schatz and
Sebastian find a positive long-term link betweemuoeercial real estate markets and
price indexes for both the UK and Germany. Confiignihe findings of Hoesli et al.,
they observe that property markets in both countaiee sluggish to adjust towards the
long-term equilibrium existing with macroeconomariables.

Several articles use a vector autoregressive (Va&proach to estimate horizon-
dependent correlation statistics. As the predititgbof the variables is taken into
account, the inflation hedging abilities of the edssare analyzed in terms of the
correlation of unexpected asset returns with unebggkeinflation. Campbell and Viceira
(2005) calculate correlations of inflation shockshwinexpectedeal US stock returns.
The correlation turns from weakly negative at slmarizons to substantially negative at
intermediate horizons, but it is slightly positisethe 50-year horizon. Hence, with the
real return being almost unaffected by inflatiobgcks seem to hedge unexpected
inflation in the very long run. Hoevenaars et @0(@8) calculate correlations between
unexpectednominal US asset returns and inflation shocks for horizohsip to 25
years. They find that cash is clearly the besatith hedge for investment horizons of
one year and longer. Bonds are a perverse inflatiedge in the short run; the
correlation turns positive after about 12 yearsetich more than 0.5 after 25 years. The
correlation of nominal stock returns and REIT retuwith inflation is negative in the
short and slightly positive in the long run. Amestcal. (2009a) report similar results
with regard to cash and stocks. However, the egtidnaorrelation of nominal REIT
returns with inflation is about zero and the catiein of bonds is negative for all
investment horizons. While the empirical evidensenot unambiguous, the general

picture that emerges is that the inflation-hedgatgities of assets improve with the
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investment horizon.

Of course, the different inflation hedging charaste&es of the assets have
portfolio implications. Intuitively, when the nona@h return on an asset is highly
positively correlated with inflation, this decrease volatility of real returns on the
asset. Hence, the better the inflation-hedgingtgluf the asset, the more attractive is it
for an investor concerned about real returns. $caotand Schweizer (2000) show that
when the investor is concern about real returns,diémand for stocks in a portfolio
with a nominal zero-bond (with a maturity that elguhe investment horizon) depends
on two terms. The first term reflects the demanel @uthe equity premium. The second
term depends positively on the covariance of nohstack returns with inflation and
represents the inflation hedging demand. The hedgiemand changes with the
investment horizon; depending on the parameteozatif the model, the long-term
hedging demand might be negative or positive.

Severalarticles calculate horizon-dependent risk stagstind optimal portfolio
compositions based on real returns. Campbell aradif& (2005) show that return
predictability induces major horizon effects in aalized standard deviations and
correlations of real US stock, bond and cash rstu8tocks exhibit mean reversion such
that the periodic long-term volatility of real rems is only about 50% of the short-term
volatility. Bonds exhibit slight mean reversion, evbas cash returns are mean averting.
There are huge horizon effects in optimal portf@@mnpositions. In addition to stocks,
bonds and cash investmenfsigazza et al. (2007) consider European propesdyesh
whereas MacKinnon and Al Zaman (2009) consider W& treal estate and REI¥S

Analyzing the UK market, we follow the studies upim VAR approach.
Hoevenaars et al. (2008) and Amenc et al. (2008alyae the US market including
securitized real estate as an asset class, wheeekok at the UK market and focus on
direct real estate. Hoevenaars et al. emphasizettiadynamics of REIT returns are
well captured by the dynamics of stock and bondrrst, so that the opportunity to
invest in securitized real estate does not add nvadire for the investor. Given the
different market microstructures of the securitized the direct real estate market and
the effect of leverage on the returns of secudtizEal estate, among other differences,

it is interesting to analyze the direct real estatarket. In addition, the market

%2 Hoevenaars et al. (2008), Porras Prado and Ver{@8€18) and Amenc et al. (2009b) extend
the long-term asset allocation analysis based oR &timates to an asset-liability context,
modelling the dynamics of liabilities of institutial investors.
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capitalization of direct commercial real estatdl &ir exceeds the market capitalization
of property shares in the UK (as in many other ¢toes). As of the end of 2008, the
market capitalization of the investable direct coanoial real estate market is estimated
to be about €250 billion, compared to a markettadipation of €64 billion for listed
real estate companiésGiven the huge importance of transaction costsifi@ct real
estate investments, we account for the differiaggaction costs of the asset classes. In
contrast to previous studies, we compare riskrmetund asset allocation results based
on real versus nominal returns, which makes theaghpf the differing inflation-

hedging abilities of the assets evident.

4.3 VAR model and data
4.3.1VAR specification

The basic framework follows Campbell and Viceir@d2), who introduce a model for
long-term buy and hold investors. Lgt; be a vector that includes log (continuously
compounded) asset returns and additional statablas that predict returns. Assume
that a VAR(1) model captures the dynamic relatigrstetween asset returns and the
additional state variables:

4y = (Do +(I)121 Vi (4'1)

In the specification of this study, the nominaluraet on cashr;.1), and the excess
returns on real estate, stocks and long-term bdgtlcked in the (3x1) vector
X1 = Ny — N, Wherer is a vector of ones) are elementszef. In addition, z.;
contains the realization of inflatioi.,, and three other state variables stacked in the

(3x1) vectors,,, (the cap rate, the dividend yield and the yielekad). Thus,

2, =" (4.2)

% Sources: The IPD Index Guide, Edition 5, and ERRAthly Statistical Bulletin, December
2008.
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is of order (8x1) @, is a (8x1) vector of constants ad, is a (8x8) coefficient-matrix.

The shocks are stacked in the (8x1) veutor, and are assumed to be IID normal with

zero means and covariance-maXx,, which is of order (8x8):

Oy 0y Oy ‘765
. p) X
Ve ~lIDN(0,Z,) with &, =| 70w T Fecl, (4.3)
Oys O i O
O-Os Es,x is Ess

The main diagonal cX, consists of the variance of nominal cash retucks, o7,

the covariance-matrix of excess return shoX, , the variance of inflation shocks,

XX 1
o?, and the covariance-matrix of the residuals of stete variablesX . The off-

diagonal elements are the vector of covariancesdmst shocks to the nominal return

on cash and shocks to the excess returns on riesdéestocks and bonds,,, the
covariance of shocks to the nominal cash returh imilation shocksg,,, the vector of

covariances between shocks to the excess returnsabestate, stocks and bonds with

inflation shocks,es. , the vector of covariances between shocks to tmimal cash

ix !

return and shocks to the state variables, the covariance matrix of shocks to the
excess returns and shocks to the state variallgs, and the vector of covariances

between inflation shocks and shocks to the staiahlas, o .

4.3.2 Data

The results are based on an annual dataset fromth9%008 (52 observations) for the
UK market; the Appendix provides details on theadased. As noted above, cash (T-
bills), real estate, stocks and long-term bondstlageassets available to the investor.
The bond index represents a security with constaaturity of 20 years. The implicit

strategy assumed here is to sell a bond at theokaedch year and buy a new bond to
keep the bond maturity constant, an assumptionhwisicommon for bond indexes. As
in Campbell and Viceira (2005), the log of the demd yield of the stock market and
the log yield spread, i.e., the difference betwtdenlog yield of a long-term bond and

the log yield of T-bills are incorporated as statgiables that have been shown to
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predict asset returns. We also include the (lotdhef cap rate as a state variable that has
been shown to predict direct real estate returnsafi Ng 2001, Ghysels et al. 2007,
Plazzi et al. 2010).

Appraisal-based capital and income real estatengiused to calculate the annual
real estate total return and the cap rate series l@en obtained from two sources. The
returns from 1971 to 2008 are based on IPD’s lemgitindex. Initially, the index
covered a portfolio of 651 properties, increasind.1,328 properties by 1981 (Newell
and Webb 1994). Returns from 1956 to 1970 are f8awit (1996)3.4 These returns are
based on valuations of properties in portfolios tab large financial institutions
covering more than 1,000 properties throughout preisod (Scott and Judge 2069).
Key et al. (1999) find that the Scott return serieed here as well as the IPD 1971 to
1980 return series are fairly reliable in termsaerage.

Real estate returns are unsmoothed using the agppafaBarkham and Geltner

(1994). This unsmoothing approach is based on nmageptimal behavior of property
appraisers as introduced by Geltner (1993). Apakdiased log real capital retur g,

are unsmoothed using the formula

gt - gt - (1a_ a)gt—l , (44)

whereg; is the true log real capital return (or growthfians the smoothing parameter.
We use the value 0.625 for unsmoothing annual metais favored by Barkham and
Geltner (1994). Total real estate returns and capsrare constructed from the
unsmoothed log real capital return and income negeries; see the Appendix.

Table 4.1 provides an overview of the sample stegi®f the variables used in the
VAR model. Mean log returns of the assets are &eljuby one half of the variance to
reflect log mean returns. Nominal cash returns e persistent. Stocks have the
highest mean return but also the highest volatiBgpnds have a mean excess return
with regard to cash of only 1% p.a., but bond meguare quite volatile so that the

Sharpe ratio is low. Real estate lies in betweatkst and bonds with regard to

34 Note that due to the unsmoothing procedure fdresiate returns, one additional observation
is needed.

% For comparison, the widely-used NCREIF Propergein(NPI) was based on 233 properties
at the index inception; see “Frequently asked doestabout NCREIF and the NCREIF
Property Index (NPI)” on the NCREIF website (wwwei€ org).
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volatility, mean return and Sharpe ratio. The unstined real estate returns do not show
notable autocorrelation. The state variables ekHhigh persistency, especially the
inflation rate. The inflation rate has a high maan a high volatility. The cap rate has a

higher mean and a lower volatility than the dividemeld of the stock market.

Table 4.1Sample statistics

This table shows statistics for the variables idelliin the VAR model for the annual
dataset (1957 to 2008). Autocorrelation referdeofirst-order autocorrelation.

Standard Sharpe Auto-
Mean deviation ratio correlation

Nominal return on cash* 7.62% 3.14% - 84.58%
Excess return on real estate3.21% 15.57% 0.2060 5.37%
Excess return on stocks* 6.76%23.76% 0.2845 -13.69%
Excess return on bonds* 0.97%11.50% 0.0845 -13.00%

Log inflation 5.96% 4.57% - 80.80%
Log of cap rate -2.8416 0.2230 - 64.05%
Log of dividend yield -3.1613 0.3113 - 69.53%
Log yield spread 0.30% 1.80% - 43.76%

*Mean log returns are adjusted by one half of tsinn variance to reflect log mean
returns.

Figure 4.1 shows the logarithm of the (nominalpkotturn index values of the four
asset classes and the development of the cosving lindex. Real estate, bond and
stock markets collapsed during the oil crisis o7394. After that, the stock market
was characterized by a long upswing until the tfrthe century. The real estate market
experienced a significant downturn in the early@98nd again — like the stock market
— in recent times. In general, bonds performed Ilgodir took until the mid-1980s for
bonds to have a higher index value than the conspnee index, and a decade later the

bond index value exceeded that of cash investmdriie. cash index reflects the

persistent behavior of cash returns.
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Figure 4.1 Total return and cost of living indexes

The figure shows the logarithm of the nominal to&lrn index values and the cost of
living index over the time period 1956 to 2008 (efid 956 = 1).

4.3.3VAR estimates

The results of the VAR(1), estimated by OLS, aneegiin Table 4.2. Panel A contains
the coefficients. In square brackets grevalues. Panel B contains the standard

deviations (diagonal) and correlations (off-diagehaf the VAR residuals.
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The p-values of the--test of joint significance indicate that the noalineturn on cash
and the excess returns on the other assets aredimedictable. Especially nominal
cash returns have a very high degree of predigiabithe lagged yield spread is the
most significant predictor of excess real estaterns. The yield spread tracks the
business cycle (Fama and French 1989), so theorethip of real estate returns with
the lagged yield spread points toward the closticegiship with changes in GDP (Case
et al. 1999, Quan and Titman 1999). Confirming jmes studies, real estate returns can
also be predicted by the cap r&t&he most significant predictor of stock returnshis
dividend yield. The lagged yield spread is positivelated to bond returns, albeit not
significantly. Somewhat surprisingly, the cap regea significant predictor of excess
bond returns. All state variables are highly siigaiftly related to their own lag.

Turning to the correlations of the residuals, we #eat excess stock and real
estate return residuals are almost perfectly neglgticorrelated with shocks to the
respective market yield (dividend yield and ca naspectively). Unexpected nominal
cash returns and unexpected inflation are posytieelrrelated, while shocks to the
excess return on bonds and inflation shocks arativedy correlated. Shocks to excess
returns on real estate and stocks have a cornelaficlose to zero with unexpected
inflation. However, even if return shocks are negdy correlated with inflations

shocks, the asset may be a good long-term hedgesagdlation.

4.4 Horizon effects in risk and return for nominal and real returns

4.4.1 The term structure of risk

The risk statistics are based on the covariancedratthe VAR residuals. Hence, we
calculate conditional risk statistics, i.e., takirgurn predictability into account. The
conditional multi-period covariance matrix of thectorz.,, scaled by the investment

horizonk, can be calculated as follows (see, e.g., CampbéllViceira 2004):

% Gyourko and Keim (1992) as well as Barkham andr@el(1995), among others, show that

returns on direct real estate are positively relételagged returns on property shares. It should
be noted that returns on real estate stocks anergestocks are highly correlated, and general
stocks are included in the VAR. Nevertheless, vealrilated the results in this chapter with the
excess return on property shares (UK Datastrealhesgate total return index) as an additional

state variable for the period 1965 (the inceptibthe property share index) to 2008. The main

results are similar to those reported in this chiafio make use of the additional observations
and to avoid proliferation of the VAR parametehg eight-variable VAR is used.
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1 1 ,
Val(z,+ 4 2,) =[5, (HO)E, A+ @)

+([+® + @), (1+®, + D7)+, (4.5)
+([I+®, +.. + DL (I+D, +...+ D],

where | is the (8x8) identity matrix. The conditional coiace matrix of nominal
returns and inflation can be calculated from thaditonal multi-period covariance

matrix of z.4, using the selector matrix

1 01><?> O 01x3
M = 130 1 33 O350 Osyz |- (4.6)
0 01><3 1 01x3

Nominal return statistics can be calculated bec#huserectorz.; includes the nominal
cash return and excess returns such thatktheriod (indicated by the uppek))
nominal return statistics of stocks, bonds andctlireal estate can be calculated by

adding the nominal cash return and the excesgrefithe respective asset:

(k)
0,t+k

1 1 :
Evan nt(fll =-M nvari (Zt+l Tt Zt+k)M n* (47)

i (9
t+k

Similarly, real return statistics can be calculatethg the selector matrix

I -1
M ) :|: 4x4 4xl:| , (48)
le4 l

such that thek-period conditional covariance matrix of real resrand inflation, per

period, is:
k k
rO(,IJ)rk n((),t)+k
1 w -1 CRIVE 4.9
Evart Mk |~ E M rvari Nk M ro ( : )

j® j (0
t+k t+k
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where r{y), is thek-period real return on cash (the benchmark asset)r&) is the

vector ofk-period real returns on real estate, stocks andson

The annualized standard deviations for nominal raadi returns of the four asset
classes, depending on the investment horizon, leverrs in Figure 4.2. Due to return
persistency, the periodic long-term return volgtibf real cash returns is much higher
than the short-term volatility. The mean aversiffiect is even more pronounced for
nominal returns. For long investment horizons, todatility of nominal returns is
notably higher than the volatility of real returiieal stock returns are mean reverting.
Nominal stock returns are mean reverting over simvgstment horizons, too, but then
the term structure is increasing to such an exteitthe periodic long-term volatility of
nominal returns in higher than the long-term vditgtiof real returns. Nominal bond
returns are less volatile than real returns foriratestment horizons, but the 20-year
volatilities are quite similar. Recall that we wseonstant maturity bond index. While a
20-year (zero-) bond held to maturity is risklessiominal terms, this is not true for a
20-year constant maturity bond index. Qualitatiyéhe results for real cash, stock and
bond returns are similar to the US results repoite@€ampbell and Viceira (2005),
except that they find that bond returns are shghtean reverting. Nominal and real
returns on real estate are mean reverting. Forumednd long-horizons, however, the
annualized volatility of nominal returns is higttean the volatility of real returns. The
mean reversion effect in real stock and real estetierns can be explained by the
positive relation of excess returns on the laggedket yield (dividend yield and cap
rate respectively) and the high negative corratatid return shocks and market yield
shocks. If (property or stock) prices are decragdims is bad news for an investor. On
the other hand, the good news is that a low redlizeurn on stocks (real estate) is
usually accompanied by a positive shock to thedéind yield (cap rate), and a high
dividend yield (cap rate) predicts high returnstfa future.
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Figure 4.2 The term structure of return volatilities

The figure shows the annualized conditional stashdbaviations of real and nominal
returns of the four assets depending on the inverdtimorizon (years).

Figure 4.3 shows horizon-dependent asset corrafatior both nominal and real
returns, as implied by the VAR estimates. The dati@n between real stock and bond
returns at medium investment horizons is highet the long-term correlation is lower
than the short-term correlation. This is similarth®@ Campbell and Viceira (2005)
estimates. The correlation between real stock aateastate returns is slightly lower in
the long run than in the short run. The correlabetween the real returns on real estate
and cash is strongly increasing with the investnhenizon. Real bond and stock returns
are highly correlated with cash returns in the lemgn, too. In general, the long-term
correlations of real asset returns are less disdetlsan the short-term correlations,
which is intuitively appealing. With the exceptiof the correlation between cash and
bonds, the long-term correlations of nominal resuare higher than the long-term
correlations of real returns, pointing towardsatiin as a common driver of long-term
nominal asset returns. In contrast, the short-tewmelation of nominal cash and stock
returns and in particular the short-term corretatdd nominal cash and bond returns is

notably lower than the respective correlation dlneturns. Hence, inflation affects
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nominal cash and stock returns, and nominal cadhbands returns differently in the

short run.
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Figure 4.3The term structure of return correlations

The figure shows conditional return correlationpefeding on the investment horizon
(years) for both nominal and real returns.

4.4.2 Inflation hedging

To gain deeper insights into the differences betwdee term structures of return
volatility for real and nominal returns, we derif@mulas for the variance of nominal
and real returns based on the approximation fokyberiod portfolio return introduced
by Campbell and Viceira (2002) and used in Campball Viceira (2004, 2005).

Accounting for transaction costs regarding reahtesand stock and bond investments,



Inflation Hedging, Asset Allocation, and the Intrasnt Horizon 95

stacked in the (3x1) vector the approximation to the nominaperiod portfolio return

is:
N, =iy +a' (K)(XE =) +1a'(K)[o2 (K) — Z,, (K)a(K)], (4.10a)

where a(k) is the (3x1) vector containing the asset weigbksept for the weight on
cash, with regard to laperiod investment, ar ¢ (k) = diag[Z,, (k)] . Subtracting thé-

period inflation ratd¥) yields the real portfolio return:

ri =i, +a' (K)(x) —c) +1a' (K)[oZ (k) -, (K)a(k)] =i, (4.10Db)

From (4.10) one can calculate the conditidkqkriod variance of the portfolio return
as:

Var(n,,) = &' (K)E,,(K)a(K) + G2 () + 26" (K)o, (K) (4.11a)
Var (r%,) = @' (), (Ka(k) + 02 (K) + 20" (K)o, (K) + 2 (K) = 20, (k) - 26" (K)o (K).
(4.11Db)

Assuming a 100% investment in the respective assegtions (4.11a) and (4.11b) are
the formulas for the variance of asset returns. Vdr&nce of the nominal return on an
asset differs from the variance of the real retmrthe asset by the last three terms in
(4.11b). The first of the three terms says thatdibrassets the real return volatility is
higher than the nominal return volatility due te thariance of inflation shocks. The

annualizedk-period standard deviation of inflation shockshswn in Figure 4.4.
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Figure 4.4: The term structure of inflation volatility

The figure shows the conditional annualized stashdbaviation of inflation depending
on the investment horizon.

We see that due to the persistence of inflatiom, ghriodic long-term volatility of

inflation is much larger than the short-term vadiigti Ceteris paribus, this significantly
increases the long-term volatility of real returfitiere are two additional terms with
regard to the differences between the volatilitynoiminal and real returns, though.

When the conditional covariance between nominah casurns and inflationo,, , is

positive, this decreases the volatility of reallcasturns. For the analysis of the other

assets it is helpful to note that

~20,,(k) = 2a' (K)o, (K) = =20’ (K)o, (k) — 21— @' (K)1) 0 (K) , (4.12)

where e, (k) is the vector of covariances betwdeperiod inflation shocks and shocks

to k-period nominal returns on real estate, stockskandis. The last term on the right
hand side of (4.12) is zero for a 100% investmentaal estate, stocks or bonds.
Therefore, we see again that the conditional canag of the nominal asset return with
inflation is crucial for the difference between traiance of real versus the variance of

nominal returns. Recall that the horizon-dependeméenominal return volatilities and
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of inflation volatility are shown in Figures 4.2 cart.4 respectively. What we are
missing to analyze the covariances are the homemendent correlations of nominal
asset returns with inflation, and these are shawhigure 4.5. Cash is clearly the best
inflation-hedging asset at short and medium hosz@hocks to nominal cash returns
are relatively highly correlated with inflation stks and the correlation is increasing
with the investment horizon. At the twenty-yearibon, real estate appears to hedge
inflation as well as cash. Bonds are the weakdition-hedging asset in the short-
term. In the long run, bonds and stocks have mettebinflation hedging abilities than

in the short run.
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Figure 4.5: Inflation hedge properties

The figure shows conditional correlations of norhireurns and inflation depending on
the investment horizon.

There are theoretical arguments supporting thisirzap evidence. Fama and French
(1977) point out that a strategy of rolling ovelogkterm bills should offer a good

hedge against longer-term unexpected inflation iieeahort-term bill rates can adjust
to reassessments of expected inflation. In contmashis strategy, the cash-flows of a
(default risk-free) nominal long-term bond are tixeso the nominal long-term return

does not move with inflation. Standard bond indexa@sgh as the one used in this
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chapter, are, however, representing a security withstant maturity. In terms of
inflation hedging, this means that the return oesthbond indexes benefits from the
reassessments of expected inflation that are incatpd into the bond yield, so that the
ability of constant maturity bond returns to hedgexpected inflation improves with
the investment horizon. Campbell and Vuolteenald®4B) suggest that the finding of
stocks is a perverse inflation-hedge in the shamt but a good inflation-hedge in the
long run can be explained by money illusion. Theyd fempirical support for the
Modigliani and Cohn (1979) hypothesis, who conclublat stock market investors
suffer from a specific form of money illusion, diglarding the effect of changing
inflation on cash-flow growth. When inflation risemexpectedly, investors increase
discount rates but ignore the impact of expectdthtion on expected cash-flows,
leading to an undervalued stock market, and viosaveBecause the misevaluation
should eventually diminish, stocks are a good fitftehedge in the long run. Direct
real estate has both stock and bond characterig&asd characteristics are due to the
contractual rent representing a fixed-claim agaitit tenant. However, rents are
routinely adjusted to market level through rentimgant space or arrangements in the
lease contract. For example, in the UK commeraal estate market, contractual rents
are usually reviewed every five years; they araistdd to market-rent level, when this
level is above the contractual rent, otherwise dbmtractual rent remains unchanged.
Thus, when general price and rent indexes are lgloskated, direct real estate should
be a good long-term inflation hedge.

These inflation-hedging patterns help to reinterpine findings shown in Figure
4.2. With regard to cash, we see that in the dieont-the effect of the addition of the
inflation variance dominates the covariance efgexth that the volatility of real returns
is slightly higher than the volatility of nomina¢turns. In the long-run, however, the
increasing correlation of nominal cash returns wiftation makes real cash returns less
volatile than nominal cash returns. For short lmrs the correlation between nominal
stock returns and inflation is low, and therefoesl stock returns are more volatile than
nominal stock returns. The correlation of nominaturns with inflation, however,
increases with the investment horizon, so that ltre-term volatility of nominal
returns is higher than the volatility of real retsir For bond returns, the effect of the
addition of the inflation volatility dominates tlwevariance effect for all horizons. But
as the correlation between nominal bond returns iafidtion increases with the

investment horizon, the long-term standard dewvstiof real and nominal bond returns
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are quite similar. For real estate, the correlatietween nominal returns and inflation is
strongly increasing with the investment horizon tisat the volatility of real returns is

notably smaller than the volatility of nominal reta in the long run.

4.4.3The term structure of expected returns

From (4.10a) and (4.11a) one can calculatektperiod log expected nominal portfolio

return as:
E(no2a) +3Var (gl ) = E(gly) +305 (K) + @ [E(X(S —©) +365(K) + 04, (K)]. (4.13a)

This equation shows how to calculate the (approtionaof the) cumulative log
expected nominal portfolio return or, assuming @%0investment in the respective
asset, the log expected nominal return of any siagket class. Note that the expected
log return has to be adjusted by one half of thernevariance to obtain the log
expected return relevant for portfolio optimizati@a Jensen's inequality adjustment);
see Campbell and Viceira (2004). This adjustmenmtoiszon-dependent. There are no
horizon effects in expected log returns becausasgeme that they take the values of

their sample counterparts. Thus, for #iperiod expected log nominal cash return it

holds thatE(n{,,) = ki,, wherefj, denotes the sample average of log nominal cash

returns. Similarly, we assume for the vector oféxgess return:E(x{})) = kx . Even if

there were no horizon effects in expected log retuthere would be horizon effects in
log expected returns because conditional variaandscovariances will not increase in
proportion to the investment horizon unless retaresunpredictable. In the remainder
of this chapter, the log expected return is terfesgected return” for short.

Additional horizon effects in expected returns dree to the consideration of
proportional transaction costs. With regard to lssoand bonds, transaction costs
encompass brokerage commissions and bid-ask sprBadsd-trip transaction costs
for stocks are assumed to be 1.0%, as in BaldurxiLgnch (1999) and Collet et al.
(2003). Bid-ask spreads of government bonds aiiealyp tiny (Fleming 2003, Gwilym
et al. 2002); total round-trip transaction costy foonds, including brokerage
commissions, are assumed to be 0.1%. Transactists éor buying and selling real
estate encompass professional fees and the trat@sferAccording to Collet et al.

(2003), round-trip transaction costs for UK reatiaés are 7 to 8%. Marcato and Key
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(2005) assume round-trip transaction costs of 7.bk&se costs cover the transfer tax
(“stamp duty”) of 4.0% (to be paid when buying)5% for legal, agents’ and other
advisory fees for both purchases and sales, plb% Onternal investor's costs. We
exclude the internal costs and hence assume tosé of 7.0%, which appears to be
reasonable as Marcato and Key suggest that 7.5%bmay bit on the high side. The
costs are divided into 5.5% buying costs and 1.6#ing costs. Round-trip transaction
costs for stocks and bonds are divided by one thatfbtain the costs for buying and
selling separately. The assumed round-trip trarmactosts enter the vectar in
continuously compounded form, and they are obtaibgdadding the continuously
compounded buying and selling costs, so tc':[684% 100% 0.10%]. For
example, the round-trip costs for real estateln(1.055 +In(1.015 = 684%.

The k-period expected real portfolio return can be daked from (4.10b) and
(4.11b) as:

E(ryei) +3vVar(rytl) = E(ng,) +305 ()~ E(R) +307(K)

p.t+k p.t+k

(4.13b)
+a'[E(x) =€) +10%(K) +6,,(K)] - 04 (K) — a5, (K),

where E(i})) =ki , the k-period expected log inflation anéla’(k), one-half of the
variance of cumulative inflation shocks, are comnubifierences for the distinction
between nominal expected returns and real expeetaths for every asset. In addition,
the conditional covariances between asset retunadsiflation (o, (k) and &, (k)
respectively) play a role. The results of the congoa between the term structures of
annualized expected real and nominal returns &xi@saction costs for cash, real estate,

stocks and bonds are shown in Figure 4.6.
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Figure 4.6 The term structure of expected returns

The figure shows annualized expected real and relnreturns depending on the
investment horizon (years). These follow from (4)Jland (4.13b), assuming a 100%
investment in the respective asset. Expected logrnme are assumed to equal their
sample counterparts. Round-trip transaction costsaasumed to be 6.84% for real
estate, 1.0% for stocks and 0.1% for bonds.

The difference between the expected real and ndometarns is a nearly parallel shift
caused by the expected inflation. Due to transaatmsts, there are major changes in
the annualized expected real estate return, whicleases strongly with the investment

horizon, whereas the periodic expected returnfiemther assets are roughly constant.

4.5 Horizon-dependent portfolio optimizations for nominal and real
returns

4.5.1 Mean-variance optimization

Campbell and Viceira (2002, 2004) provide the folanior the solution to the mean-

variance problem. Augmented by transactions, #his i

a(k) = EL(KE(xE —0) + 307 (K] + L= -E(K)eq (K], (4.14)
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where y is the coefficient of relative risk aversiom(k) is a combination of two

portfolios; the second portfolio is the global mmim variance portfolio:

X

min[w.r.t. a(k)] %Vart(ngft)W) =-X (K)o, (K). (4.15)

Formula (4.14) applies directly to the mean-vare&pooblem for nominal returns. The
solution to the mean-variance problem for real metuliffers from (4.14) only by the

definition of the global minimum variance portfgliwhich for real returns is:
minfw.r.t. a(k)] EVart(rp,Hk), (4.16)

whereVar (r{9,) is defined in (4.11b).

We analyze two portfolios. One portfolio is the lghd minimum variance
portfolio. As in Campbell and Viceira (2005), weckide cash as an available asset for
the second portfolio, which represents a less aibkerse investor than the global
minimum-variance investor. Campbell and Viceiracoddte a “tangency-portfolio”
assuming that there would be a riskless asset. iShi®ot suitable for our analysis
because we would have to assume that both reahamanhal cash returns would be
riskless (at any horizon) and hence there wouldchbanflation risk. Therefore, we
calculate optimal horizon-dependent asset weightsafportfolio consisting of bonds,
stocks and real estate for a specific coefficiehtedative risk aversion; we choose

y =5. The formulas still apply to this restricted invesint universe, except that not
cash is the benchmark asset, but bonds, i.e. h®rsécond portfoliag+; is not the

nominal return on cash, but on bonds, x., refers to the excess returns on real estate

t+1
and stocks with regard to the return on bonds.ldwessary statistics can be calculated
by applying appropriate selection matrixes to (4@l (4.9). We rule out short-selling
of direct real estate but do no impose short-ggh@strictions for the other assets.



Inflation Hedging, Asset Allocation, and the Intrasnt Horizon 103

4.5.2Results

Figure 4.7 shows two Panels with optimal portf@itocations for investment horizons
of up to twenty years. Panel A plots the compositd the global minimum variance
(GMV) portfolio for optimizations based on real andminal returns. At the one-year
horizon, the differences between the allocationsedaon real returns versus the
allocations based on nominal returns are smalledy visk-averse investor holds most
of his money in cash because it is the least liskgstment in nominal as well as in real
terms over all investment horizons. However, as dhaualized volatility strongly
increases with the investment horizon, the weigstgmed to cash decreases. Since the
increase in the return volatility is stronger imminal terms, this decrease is stronger for
the optimization based on nominal returns. The tteigssigned to real estate is
increasing with the investment horizon. Again, ttiéferences between the term
structures of return volatility for nominal and reaturns are crucial for the extent of
the horizon effect. For the optimization based omimal returns, the allocation to real
estate increases to 10% at intermediate and ub®%2 at long horizon. For real
returns, the mean reversion effect is stronger lzemntce the weight assigned to real
estate is much higher than the allocation for namieturns at medium and long
horizons. Bonds are more attractive in nominal tharreal terms. Based on the
optimizations for nominal returns, the weight irases from 3.6% at the one-year
horizon to 32.8% at the twenty-year horizon, wherédee weight is negative for all
investment horizons when real returns are considéecause of the hump-shaped risk
structure of nominal stock returns (high short- dmp-term volatility — less risky in
the medium term), stocks get a small positive weaghmedium investment horizons
and get a slightly negative weight at long investitmieorizons. For real returns, the

allocation to stocks is negative for all investmieotizons.
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Figure 4.7 Optimal portfolio compositions

The figure shows optimal portfolio compositions feal and nominal returns
depending on the investment horizon (years).
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Panel B reports the portfolio allocation compari$onan investor with moderate risk
(¥ =5). As noted above, we only consider stocks, bomdsraal estate. In addition to
risk statistic, the term structures of expectedirret are relevant for this portfolio.
Recall that the differences with regard to nomimatsus real returns are roughly
parallel shifts. Hence, when comparing the residtsnominal and real returns, the
changing risk statistics are again crucial for ititerpretation. We see once more that
the differences in optimal portfolio weights areadnat short horizons, since short-term
return volatilities are similar for real and nominaturns. As in the GMV portfolio, real
estate is much more attractive in the long run. Buéhe short-selling restriction the
allocation is zero at the one-year horizon. Thegiveincreases to 50.6% for real returns
and to 25.6% for nominal returns at the twenty-ye@izon. For the optimization based
on real returns, the allocation to stocks risesahip from 24.6% at the one-year to
53.8% at the twenty-year horizon due to the stnoregn reversion effect of real stock
returns. For the optimization based on nominalrrestuthe allocation to stocks is more
variable and shows a hump-shaped structure with lidpcations at intermediate
horizons (up to 68.3%) and only 25% (40%) at slflortg) horizons. Due to the low
expected return on real estate and the high vityadi stock returns, bonds are the asset
with the highest allocation at short horizons. Tyeght assigned to bonds is strongly
decreasing with the investment horizon for thecatmn based on real returns, since the
term structure of the periodic return volatility isughly flat, whereas stocks and real
estate are getting more attractive with the investimhorizon. In nominal terms,
however, the weight assigned to bonds is increasireg longer investment horizons
because stocks are getting very unattractive dubeadncrease in the periodic return
volatility, which is stronger than the mean avemstd nominal bond returns over long
horizons.

In summary, good inflation hedging assets clagsa®ase their weights when the
optimization is based on real rather than nomietdms. This is true for cash over all
and for real estate over medium and long investnmemizons. Stocks become less
attractive for medium horizons, but due to the godidtion hedging abilities over long
horizons, the long-term allocation to stocks ishleigwhen the optimization is based on
real instead of nominal returns. Bonds become kssctive for all investment

horizons.
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4.6 Robustness of the results with regard to the smooitig parameter

We recalculate main results for investment horizohene, five, ten and twenty years
for alternative parameter values used to unsmobth appraisal-based real estate
returns. Two alternative parameter values are densd, which Barkham and Geltner
(1994) consider as reasonable lower and upper Isoia= 050 and a= 075. The
results are presented in Table 4.3. For comparisios, results obtained from the
assumption made so fea = 0.625) are also reported. We ignore (small) changeken t
mean return that result from unsmoothing returr wifferent parameters. The results
for cash, bonds and stocks are largely unaffecedhb choice of the smoothing
parameter; the results presented therefore focusalrestate.

The choice of the smoothing parameter has a largmét on the conditional
standard deviation of the return on real estatietone-year horizon in both nominal
and real terms. When it is assumed that the oligierns suffer from a lot of
smoothing a = 050), the one-year volatility is about 17.5%. In cast; when the
original returns are assumed to exhibit relatidélje smoothing a=0.75), the one-
year volatility is less than 12%. However, the lenthe investment horizon, the smaller
this difference is. At the twenty-year horizon, rénés almost no difference. Due to the
Jensen’s inequality adjustment, expected retureshégher for a= 05; again, the
longer the investment horizon, the smaller theed#hces are. Correlations of nominal
returns on real estate with inflation are quite isimunder the different smoothing
parameters. In general, the allocation to reatessdower when the original real estate
returns are assumed to be more smoot(a=0.5) since this yields more volatile
unsmoothed returns, but the differences are notlaege. Overall, the results appear to

be fairly robust to changes in the smoothing patame
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4.7 Conclusion

Focusing on the role of the investment horizon, avalyze the inflation-hedging
abilities of stocks, bonds, cash and direct comrmakreal estate investments, and the
implications of the inflation-hedge results for fiolio choice. Based on vector
autoregressions for the UK market we find that ithftation-hedging abilities of all
assets analyzed improve with the investment hori@ash is clearly the best inflation
hedge at short and medium horizons. For long boszreal estate hedges unexpected
inflation as well as cash. This has implications tee difference between the return
volatility of real returns versus the return vdigtiof nominal returns. The long-term
volatility of real returns on real estate is noyaldwer than the long-term volatility of
nominal returns. This is also true for cash retulngontrast, bonds are less attractive
for an investor concerned about inflation. The saméound for stocks at medium
horizons, but at long horizons the volatility ofatestock returns is lower than the
volatility of nominal returns. Portfolio optimizats based on real returns yield higher
allocations to cash and real estate than optinoizatbased on nominal returns. Bonds
tend to be less attractive for an investor takimg iaccount inflation. Switching from
nominal to real returns, the allocation to stockslecreasing at medium investment
horizon, but increasing at long horizons. The dédfees between the asset allocation
results can be substantial. This means that thinaptasset allocation for investors
concerned about inflation (private investors andaie institutional investors) can be
guite different from the optimal asset allocatioor f(institutional) investors with

liabilities that are fixed in nominal terms.
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4.8 Appendix: Data

Table 4.A1 contains information on the data.

Table 4.Al1; Data information

Description Source

Cash return C_hange (%) of Barclays UK treasuyarclays Equity Guilt Study
bill index 2009

Cash yield UK clearing banks base rate Datastream

Bond yield Yield of Barclays gilt index gg(r)%lays Equity Guilt Study

Stock return _Change (%) of Barclays equity Barclays Equity Guilt Study
index 2009

Bond return Change (%) of Barclays gilt index Egcr)glays Equity Guilt Study

Constructed as described in this

Real estate return Scott (1996), IPD

Appendix
. Change (%) of UK cost of living  Barclays Equity Guilt Study
Inflation .
index 2009
Cap rate gonstru_cted as described in this Scott (1996), IPD
ppendix
Dividend yield Income yield of Barclays equity  Barclays Equity Guilt Study

index 2009

The real estate total return and cap rate series cafculated as follows: The
unsmoothed log real capital returns (see sectidi24for a description of the
unsmoothing procedure) are converted to simple nahdapital returnsGRU). This
series is used to construct an unsmoothed cagitaévndex UCV;). The unsmoothed
capital value index is calibrated such that theraye of the capital values over time
matches the corresponding average of the origmdéx. A real estate income series
(Inc) is obtained by multiplying the (original) incometurn (R;) with the (original)

capital value index@Vy): 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 andpital returns:
RER =CRU, +IRU,. The cap rate series is calculate(CR = Inc, /UCV,.
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