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Abstract

The adequate measurement of real estate riskushafst importance for asset management
and real estate portfolio management. Most reatesacademics agree that volatility,
commonly used as a measure of real estate riskapgropriate for that purpose. However,
volatility is still a favored measure of many pitiohers, especially for comparing the risk of
real estate with other assets such as securitied.efen real estate academics still use this
measure due to its simplicity and because the gteafernative has yet to be found.

This paper provides plausible reasons for the sibipo that volatility should not be used for

measuring the risk of real estate--neither withia asset class, nor in a multi-asset
environment. It is based on an extensive literatwerview, expert interviews, and new

empirical evidence from Germany. Furthermore, tApep discusses whether qualitative risk
measures might be more appropriate and provides sequirements for better real estate risk
measures.
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History and use of volatility as a risk measure foreal estate

Even though the Modern Portfolio Theory (MPT) waveloped already in the early 1950s

by MARKOWITZ, it took more than a decade until MRRd its basic risk measures such as
variance and standard deviation of returns west @mployed within the field of real estate

portfolio management.

Among the first to use MPT within a real estate tfpdio management context was
FRIEDMAN in 1971 Based on historical returns and standard devistiGiRIEDMAN
developed efficient real estate portfolios and camrstock portfolios as well as mixed-asset
portfolios. However, subsequently to the publicatiof FRIEDMAN'’s article, COOK
challenged its results, mainly because of the piata basé.In general, COOK also
guestioned whether MPT can be that easily adapteght estate portfolio management.

Another early study that tried to capture real testask by identifying the probability
distribution of returns was published in 1973 byY®RR .2 However, PHYRR, who defined
risk as “the chance or probability that the investdl not receive his expected or required
rate of return®, determined the probability distribution by usiagMonte Carlo Simulation
rather than using historical real estate returnpr@blem regarding this approach was that the
probability distributions for uncertain variableachto be estimated by expetts.

In 1980, after developing one of the first actuedlrestate return indices, HOAG compared
the return and risk measured as standard deviatiorgal estate to that of common stocks,
bonds, and U.S. treasury biflsn the following years, many authors publishedaws studies
that used different real estate market indicese8am these indices, risk and return of real
estate could be compared with that of other adasses, and efficient real estate portfolios as
well as efficient mixed-asset portfolios were comsted’ The general notion among most
authors was that real estate, mainly due to itciperisk-return characteristics and its
diversification potential, should play a major rotehe mixed-asset portfolio.

1 Cf. Friedman (1971). Although Friedman was thstfio explicitly adopt MPT to real estate, authsush as
Wendt/Wong (1965) had already used the standandtitavto compare the risk of real estate to ottsmet
classes. For an overview of early studies regarthiagcomparison of real estate performance toahather
asset classes see, for example, Roulac (1976).

2 Cf. Cook (1971). For another early article thatlidnged FRIEDMAN's approach see, for example, Eipet
al. (1979).

3 Cf. Phyrr (1973).

* Phyrr (1973), p. 51.

® A few years later, Findlay et al. (1979) propoaesimilar approach, even though they stated it dbel
desirable to use historical data as input paramétderthe probability distribution.

® Cf. Hoag (1980). The author concludes that re@ltess riskier than bonds and U.S. treasury hitig almost
as risky as common stocks. In contrast, Webb/Sisn(a®80) state that real estate risk, when measged
historical volatility of the real estate returnstibé American Council of Life Insurance, is comidydow.

" See, for example, Fogler (1984), Zerbst/CamboB4),9Miles/McCue (1984a/1984b) Ibbotson/Siegel &)98
Webb/Rubens (1986), Webb/Curcio (1988). For anwieer of other studies see, for example,
Sirmans/Sirmans (1987).



Although various authors mentioned disadvantages) as a poor data set and the so-called
smoothing effect, when using the standard devia®a real estate risk measure, its use was
not fundamentally challenged in the 1980s.

To confront the criticism that standard risk measurnderstate the actual real estate risk due
to a smoothing effect, WEBB/RUBENS multiplied thekrmeasure for real estate by a factor
of three and then by a factor of $ixThe authors concluded that even when using the
increased risk measures for asset allocation ceraidns in a mixed-asset portfolio, a
substantial amount should be allocated to real teestdn a similar study,
FIRSTENBERG/ROSS/ZISLER employed MPT when deterngnthe within real estate
diversification effect as well as the diversificatibenefit of real estate within a mixed-asset
portfolio.®> However, WEBB/RUBENS were also aware of the needdjust the measured
volatility and therefore stated: “In the data tfaltow, we make a correction that raises the
volatility of the real estate returns to a leveltteeems more reasonable to ts.”

Among the first trying to quantify the smoothindgeet and therefore the underestimation of
the actual real estate volatility, was GELTNER 889> GELTNER stated that smoothing in

portfolio or index returns may enter at the disagate level of individual property appraisal
over time as well as at the aggregate level whemyrpeoperties are combined into a portfolio
or in an index. Based on this understanding, heldped an empirically-based technique to
account for the smoothing effect.

ROSS/ZISLER were among the first to relate a themalemodel for desmoothing real estate
returns to practic®. The authors also assumed that the historical iliblabf real estate
indices, due to the smoothing effect, does in taxterstate the actual real estate risk while
the volatility of REIT returns overstates it. Basmdthese assumptions, the volatility of direct
real estate indices was adjusted upwards whilevotetility of the REIT index was adjusted
downwards. The authors defined the adjusted vitjatif direct real estate as the lower limit
and the volatility of REIT returns as the upperitiof the actual real estate volatility and
concluded a reasonable range for actual real essatef about 9 percent to 13 percent.

In the following years, various studies that usedl restate risk measures calculated the
volatility of desmoothed real estate indices.

! See, for example, Fogler (1984), p. 7, Zerbst/Gan(1984), p. 20, Ibbotson/Siegel (1984), p. 222 f.
Webb/Rubens (1986), p. 493. See, for example, Rlfvdard (1987) for early critics regarding the dam-
walk hypothesis and the smoothing effect.

2 Cf. Webb/Rubens (1987). Another study by Gilibgt888) has also questioned the significance &f ris
measures derived from raw appraisal-based ind@&#éiberto also stated that those measures aredbimse
therefore do not adequately capture the actuakxstate risk.

3 Cf. Firstenberg/Ross/Zisler (1988).

* Firstenberg/Ross/Zisler (1988), p. 24. This apginda in line with the results of a survey amongouas
American real estate professionals that was puldisty Hartzell/Webb (1988). Only 18% of the respantd
believed that the volatility displayed by the Fratikssell Company Index would capture actual reatesisk.

® Cf. Geltner (1989).

® Cf. Ross/Zisler (1991).

" See, for example, Newell/MacFarlane (1995), Byrae/(1995), Newell/Webb (1996), Ziobrowski/Ziobrdivs
(1997), Boyd et al. (1998). However, other studisused “smoothed” real estate data. See, fampte,
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Yet, the smoothing effect has not been considdredhly problem when using the standard
risk measures and MPT in general for real estatdghio management. For example, when
WEBB/PAGLIARI compared the volatility of real estateturns to that of REITs, stocks and
bonds, they identified various reasons why volatiéis a risk measure for real estate should
be seen with a degree of skepticisfihe authors stated that direct real estate inverssn
exhibit different characteristics as do other ast&$ses which leads to the conclusion that
comparing volatilities among different asset classenot trivial at all. Beside the smoothing
effect, the authors mentioned the poor real eslati@ base, and consequently the fact that real
estate data do not capture the entire real esyate,@as a major drawback when calculating
real estate volatility.

The acceptance of standard risk measures for mgateeportfolio management changed
greatly with the publication of various studiesttheovided evidence for the non-normality of
real estate returns. Among the first to questianrtbrmal distribution of real estate returns
were MYER/WEBB in 1992.Besides estimating the skewness and kurtosis aeasnfor
the return series of different asset classes, titeoes conducted three tests for normality.
When comparing the results, the authors inferred tite distribution of quarterly real estate
returns deviate most from a normal distributfod similar study by KING/YOUNG
demonstrated that annual real estate returns oRtissell-NCREIF Property Index are not
normally distributed. Moreover, the authors concluded that “The pattemepeaked have
weak shoulders and have thickails“.® In the subsequent years until today, various etudi
were conducted that predominantly supported thenmwmality assumption of real estate
returns®

Starting in 1999, WHEATON et al. published a sewésrticles that proposed a forward-
looking approach to measure real estate Tidie authors argue that historic risk can
generally be decomposed into two components, agiadte and a non-predictable one. The
authors’ opinion is that, based on the fact that estate markets exhibit a significant degree
of statistical predictability, real estate returshould be forecasted by using vector
autoregressive models. The future real estatedids now consist of the variability of the
forecasted return and the uncertainty surroundirag forecast. In contrast to the general
notion among real estate professionals WHEATON.eatlaim that historical volatility does
not understate but in fact overstates the futlelvecause it includes both the predictable and
the unpredictable risk component.

Eichholtz et al. (1995), Gold (1996), Ziering/Maish (1999), Cheng/Liang (2000), Viezer (2000) und
Lizieri/Baum/Scott (2000).

! Cf. Webb/Pagliari (1995). See also Pagliari/Welgh/Dasino (1995).

2 Cf. Myer/Webb (1992).

% However, the authors also mentioned that thismumaality is eliminated for most of the real estsegies
when semi-annual or annual returns are used. Hudtseof Myer/Webb (1992) are in line with resufsaa
similar study by Liu/Hartzell/Grissom (1992).

* Cp. King/Young (1994).

® King/Young (1994), p. 10.

® See, for example, Myer/Webb (1994), Young/Gra#iqa), Graff/Harrington/Young (1997),
Maurer/Rainer/Sebastian (2004), Young/Lee/Devag60§) and Young (2008).

" Cf. Wheaton et al. (1999/2001a/2001b/2002).



Although this approach proposes a new methodologyeaasure real estate risk, it still builds
on the understanding of risk as the volatility efurns. Besides this forward-looking use of
real estate volatility, until today various acadesnmneasure risk as the historical volatility of
real estate returns. Those studies that still isénistorical volatility of real estate returns can
be classified into two categories.

Authors who conduct studies that belong to categoey are usually aware that standard risk
measures are not appropriate for real estate, Hayt tise them anyway. As an example,
STALEY/STAKE/OZAKI mention that real estate retudistributions are not symmetrical.
However, when constructing an optimal real estat#fqio, the authors still use the standard
deviation as a risk measure. Other authors su¢tHENG/ROULAC and HEYDENREICH
describe the problems that occur when using amirbised indice$.Yet, they use the
smoothed return data to illustrate the effectivenasgeographic diversification. In contrast,
CHENG et al. demonstrate that real estate retumsat follow a random-walk but they
eventually use the standard deviation to analyedrtfiluence of varying holding periods on
the measured real estate risknother example belonging to this category is wdgtof
KAISER/CLAYTON.* On the one hand the authors state that investrally understand
risk as the negative deviation of an expected nmetind therefore conclude that downside risk
measures are more appropriate for assessing tate eésk. On the other hand the authors use
the standard deviation when comparing the riskapious property types.

In studies that belong to the second group hisibappraisal-based data is usually adjusted
for the smoothing effect and for autocorrelatioor Example, LEE and LEE/STEVENSON
first adjust the appraisal-based data for smootbefgre comparing real estate performance
to that of other asset classes and before conistyuah optimal mixed-asset portfofidther
authors such as HOESLI/LEKANDER/WITKIEWICZ and PABRI/SCHERER do even
use four respectively three different adjusted nsdasures to correct for the smoothing effect
when analyzing the importance of real estate wighinixed-asset portfolid.

This foregoing literature overview reveals that pites some skepticism among real estate
professionals and academics regarding the apptepess of standard risk measures,
volatility, in one way or another, is still frequgnused in the real estate literature as a
measure for real estate risk. This is also appamrdr@n we look at the real estate risk
measures that are used by practitioners. Accortbngurveys and our interviews the vast
majority of real estate managers still employ staddisk measures to estimate real estate
risk—if they use quantitative measures af &ken though they know about the limitations of

! Cf. Staley/Stake/Ozaki (2008).

2 Cf. Cheng/Roulac (2007), Heydenreich (2010).

3 Cf. Cheng et al. (2010).

* Cf. Kaiser/Clayton (2008).

® Cf. Lee (2003), Lee/Stevenson (2006).

® Cf. Hoesli/Lekander/Witkiewicz (2004), Pagliarifgser (2005).

’In a current survey among 180 major German reat@spmpanies (housing companies, commercial real
estate investors, corporates, and others), SCHWENZBO08), for instance, found that 35% of all rexents
use the standard deviation of expected returngiak eneasure. This percentage is higher thanahaty
other quantitative method, but much lower than itatale measures such as the scoring technique.



the MPT and the volatility real estate professienstill seem to be hesitant to utilize
alternative risk measures.

At this point we can only speculate about the reasdut the preliminary results of our
research project points to the following ones:

* The typical CEO in a large German real estate compaade his career in real estate
and is not up to date regarding the latest devedmpsnin the field of risk
management. The typical risk controller on the @t has a finance or other
guantitative background, but lacks experience ambwkedge in real estate
management. The result of this “culture clash” fiero that the decision-maker does
not fully understand and thus ignores quantitatisie measures.

» Even if the decision-makers are open-minded andnenlevel with the latest research,
there is a common feeling that the problems thsgarchers deal with are far detached
from the problems that practitioners are facing: Fost real estate executives risk
management is not their first concern, and accgtdinot much effort is put into the
development of alternative risk measures. If quative methods are employed,
simple ones such as scenario or sensitivity arslysihe calculation of the standard
deviation of future cash flow returns prevail.

* That also explains why there is a great discrepancihe topics of academic and
professional risk management journals. While thermational academic literature on
real estate risks is mainly concerned with quatntg#amethods, the professional
literature—in Germany at least—focuses more onitgiale methods. This finding
corresponds with the widespread belief that progerre too complex to be judged
without subjective input and soft data and thasmgle risk measure can adequately
reflect the multi-dimensional risk of real estate.

The remainder of this article is structured asoleB. The next section will determine whether
volatility can theoretically be seen as an appaiprrisk measure. In the next step, it will be
analyzed whether the propositions on which theafsgtandard risk measures are generally
based, do apply in the real estate context. Sulestiguwe will present our own empirical
evidence from German real estate data. Finally,wile deal with the question whether
gualitative risk measures might be more appropriatestimate future real estate risk and
some requirements regarding more appropriate resksores

Assessment of the appropriateness of volatility asrisk measure
As mentioned before, this section deals with thestjon whether volatility, from a theoretical

point of view, can be seen as an appropriate risksure. To assess the appropriateness of
risk measures, several authors developed setsahaxhat risk measures should satisfy.



One such set of axioms that defines four basicetegs for an acceptable risk measure was
developed by PEDERSEN/SATCHELLSince the authors understand risk as the deviafion
returns from an expected return, this set of axignexplicitly suitable for assessing risk
measures that estimate the deviation of an expeetaech. The four basic properties which an
acceptable risk measure should satisfy are nonnegapositive homogeneity, subadditivity,
and shift-variance. The axiom of nonnegativitylready implied in the author’s definition of
risk as the deviation of an expected return. Funtioge, a risk measure satisfies the axiom of
homogeneity if the risk increases proportionallhew increasing the invested capital in a
risky investment. Therefore, the risk measure medpoproportionally to scale changes.
Subadditivity in this context means that the riglagortfolio should not exceed the sum of
the individual risks. The fourth basic property,iftsimvariance, makes a risk measure
invariant to the addition of a constant to the @ndvariable.

Since the standard deviation, and therefore thatiit}, does satisfy all defined axioms,
PEDERSEN/SATCHELL consider the standard deviatioaeceptable risk meastfre.

Another set of axioms that is widely used in therfiture was defined by ARTZNER etal.
The authors consider a risk measure acceptablecahdrent if it satisfies four specific
axioms. As PEDERSEN/SATCHELL do, ARTZNER et al.calonsider subadditivity and
positive homogeneity necessary requirements foa@eptable risk measure. However, a
fundamental distinction between these two setsxmias is the underlying understanding of
risk. ARTZNER et al. do not define risk as the @twan from a target value but as the
“minimum extra capital, which, invested in the refgce instrument, makes the future value
of the modified position become more acceptablEtiis different understanding of risk is the
reason why ARTZNER et al. defined two axioms thatevnot included in the set of axioms
by PEDERSEN/SATCHELL. These axioms are translaiiovariance and monotonicity.
Translation invariance in this context means thaesting capital in a risk free investment
reduces the risk of the portfolio by the additidpinvested risk-free amountTherefore less
minimum capital is needed to cover the risk. Monatity means that if a random variable X,
under all scenarios, has better values than a mandwiable Y, the risk of X should be less
than the risk of Y.

When considering the appropriateness of volatdisya risk measure following the set of
axioms by ARTZNER et al., as mentioned before, tdlasatisfies the basic properties of
subadditivity and positive homogeneity. However, dbes not satisfy the axiom of
monotonicity® If, for example, the random variable X has witis@lte certainty a value of
X=0 under all scenarios and the value of anothedom variable Y would be Y=1 with a
probability of p (with 0 < p < 1) and Y=0 with aqgirability 1-p, it applies that VOLA(X) <

! Cf. Pedersen/Satchell (1998). The set of axiorfisetd by Pedersen/Satchell actually adopted axidefisied
by Kijima/Ohnishi (1993) and Bell (1995).

2 Cf. Pedersen/Satchell (1998), p. 108. Howeveiamae does not satisfy the axiom of homogeneity.

3 Cf. Artzner et al. (1997/1999).

* Artzner et al. (1999), p. 204.

® Cf. Burkler/Hunziker (2008a), p. 7.

® Cf. Weilk (2008), p. 271, Romeike/Hager (2009)148.



VOLA(Y) although Y > X under all scenaricsTherefore, according to the set of axioms by
ARTZNER et al., volatility cannot be consideredagpropriate or coherent risk meastire.

As can be inferred from the preceding analysigjeipends on the chosen set of axioms
whether volatility should be considered an appwapriisk measure or ndfThe selection of
the set of axioms thereby highly depends on thestor’'s understanding of risk.

Even though, according to the most popular semnas by ARTZNER et al., the volatility
cannot be considered an appropriate risk meadusewidely used as a risk measure for real
estate. The following section now identifies whetllee underlying assumptions of the
volatility are satisfied when using it in the restate context.

Do the volatility’s underlying assumptions apply ina real estate context?

As mentioned before, this section deals with thestjon whether the most important
assumptions on which the use volatility is basedapply in a real estate context. The most
important assumption when using the volatility assk measure is that returns are normally
distributed. Therefore, this section will give areoview of various studies that have analyzed
the distribution of real estate returns. Furthemmat will be determined whether other
prepositions namely the existence of a significdeta base, an efficient real estate market
implying the random-walk of returns and the investanderstanding of risk as the variation
of returns, do apply in the real estate context.

Assumption of normally distributed returns

In the mid-1980s authors such as MILES/MCCUE andRAIZELL/HEKMANN/MILES
began to find evidence that real estate returns moé normally distributed.
HARTZELL/HEKMANN/MILES, for example, stated that fle measures of skewness and
kurtosis for the quarterly returns indicate that thistribution of the returns is not normal.
However, those studies did not delve deeper intoissue and it was not until the early 1990s
that the normal distribution of real estate wasdhmentally questioned by authors such as
MYER/WEBB and LIU/HARTZELL/GRISSOM, who challenged the exclusive use of
standard risk measures for real estate decisionnmakn the following years various studies
were published that dealt with the distribution ofal estate returns. Following
YOUNG/LEE/DEVANEY, these studies can be classifeesl either time-series analyses or
cross-sectional analyses.

! Cf. Hanisch (2006), p. 76.

% To reject the appropriateness of a risk measunlg,ane axiom has to be rejected. However, Han(2606, p.
76) also suggests the failure of volatility to stitranslation invariance.

3 Besides these two sets of axioms Rockafellar/Wry@abarankin (2002) defined two additional sets of
axioms. However, these are similar to those defmeBedersen/Satchell and Artzner et al.

* Cf. Miles/McCue (1984b) and Hartzell/Hekman/Mild986).

® Hartzell/Hekman/Miles (1986), p. 234.

® Cf. Myer/Webb (1992), Liu/Hartzell/Grissom (1992).

" See, for example, a quotation by Liu/Hartzell/Gois (1992, p. 311): “finding of systematic skewniegslies
that we are not considering an important ingredietihe measurement of real estate risk. It algmssts that
... three moments are important in the portfolio fation process.”

8 Cf. Young/Lee/Devaney (2006), p. 111.



By employing a cross-sectional analysis, KING/YOUM@ntified the return distribution of
about 2,000 properties listed in the Russell-NCRiEH is illustrated in figure 14a.

Count
Count

Total Retuin Total Return

a) Annual total return (1978-1992) b) Continuously compoundedtotal return (1980-1992)

Figure 1: Distribution of real estate returns af fussel-NCREIF Property Index

Based on this return distribution and further ckdtians of values for skewness and kurtosis,
the authors concluded that real estate returnsharenormally distributed. For a similar
study, YOUNG/GRAFF also examined the annual retofngroperties listed in the NCREIF
Index, however, after replacing each discrete amatiarn with its continuously compounded
equivalent' As can be reasoned out of figure 1b, they idemtifa non-normal distribution
similar to that when using discrete returns. Intfabe authors found that the density
functions, whether analyzing all property types bomd or on the level of individual
property types, are more peaked near the mean, weaker shoulders, fatter tails and are
negatively skewed. They also found that annual gntgpreturns are not normally distributed
for any calendar year during the analyzed period01B992 and that returns are
heteroscedastic, meaning that skewness and magrofugtal estate risk change over time.
Given these results, the authors argue that withmadification standard risk measures are
inapplicable in the real estate context. GRAFF/HARBTON/YOUNG found similar
results when analyzing the Australian real estaiekat’

Among the first to analyze real estate returnshef WK market were LIZIERI/WARD and

LEE.® After analyzing the IPD data for the period 12/69%/1998 and 12/1986-12/2000
respectively, the authors conclude that monthly tdirns are non-normally distributed and
leptokurtic. Furthermore, LEE discovered that disitions for individual property types or

! Cf. King/Young (1994).

2 Cf. King/Young (1994), p. 12 and Young/Graff (199p. 238.

% In contrast see, for example, Myer/Webb (1994) vidyoemploying a time-series analysis on the NCREIF
Index, found out that semi-annual and annual re@lte returns are approaching a normal distribugately
quarterly returns, as confirmed by Byrne/Lee (1987¢ not normally distributed.

* Cf. Young/Graff (1995).

® Cf. Graff/Harrington/Young (1997)

® Cf. Lizieri/Ward (2001), Lee (2002). In the follivg years, various studies with similar resultsaver
published; see, for example, Brown (2004), Byrne/(2004), Lee (2005), Coleman/Mansour (2005),
Marcato/Key (2007).
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geographic regions in the majority of cases exlpbgitive skewness and are only distributed
symmetrically when aggregated to an index. Mayleefitist who analyzed return distributions

of individual properties were BROWN/MATYSIAK Based on the IPD data for individual

properties, the authors demonstrated that thesensgt when employing a time-series
analysis, are also skewed and leptokurtic. Howether,authors further concluded that the
return distributions of individual properties areauch closer to being normal when using
guarterly or annual return data. Also when analyzire monthly, quarterly, and annul returns
on a portfolio or index level, BROWN/MATYSIAK diseered a similar phenomenon.

Furthermore, they concluded that “combining prapertinto portfolios also increases the
probability that the distribution of returns wipproach normality®

One of only a few studies that analyze the distitiouof German real estate returns was
conducted by MAURER/REINER/SEBASTIARBased on the data of a self-made German
real estate index, the IPD-Index, and the NCREBpPrty-Index, the return distributions of
German, U.K., and U.S. properties were comparece @hthors concluded that “some
evidence for German real estate returns to be opnally distributed were found.“The
authors found out that Germapuiarterly returns exhibit significant positive skewness and
long right tail> However, when analyzingnnual returns, no significant skewness or excess
kurtosis was detected. When correcting the Germata for the smoothing effect, the
normality assumption could not be rejected for libthquarterly and the annual retufns.

In 2006, YOUNG/LEE/DEVANEY analyzed the continuogsbmpounded annual returns of
properties listed in the IPD data base by usingsdmae cross-sectional approach that was
previously employed by YOUNG/GRAFF and GRAFF/HARRINON/YOUNG.! The
authors found out that for the period from 1981L1tA003 the density functions for the whole
sample and for each property type were more peakad the mean than the corresponding
normal distributions, had weaker shoulders andeffatils, and were negatively skewed.
When analyzing the return distributions per yebg authors further detected that stable
infinite-variance skewed asset-specific risk fumes with characteristic exponents differing
from the characteristic exponents of normal distitns best modeled the observed
distributions. The analysis further implied thaalrestate risk is heteroskedastic because the
skewness and magnitude of real estate asset-gpesifichange over time.

YOUNG detected the same real estate return chaistte for the U.S. as before for the U.K.
and Australid When YOUNG compared the results, he concluded ttatsamples were
statistically almost identical and that all retudistributions could not be described by a
normal distribution.

! Cf. Brown/Matysiak (2000), p. 211-225.

2 Brown/Matysiak (2000), p. 225.

3 Cf. Maurer/Rainer/Sebastian (2004).

* Maurer/Rainer/Sebastian (2004), p. 74.

® In contrast, according to the authors* findingie U.S. real estate returns are skewed significéeftvard and
are considerably leptokurtic. However, the quayterlK. returns approach a normal distribution.

® The normality assumption could be rejected forgharterly returns for the U.K. and the U.S. indjoshile it
couldn't be rejected for annual returns.

" Cf. Young/Lee/Devaney (2006).

8 Cf. Young (2008).
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Summing up, it can be observed that most studigsctréhe normality assumption for
individual property returns and for most marketiies! Even though some authors that
analyzed index returns found out that it is mokelyi for the returns to show a normal
distribution when longer holding period data aredjst seems precarious to assume a normal
distribution for real estate returns. Subsequesihyce the measure of volatility builds on the
normality assumption, volatility is likely to be amaccurate real estate risk measure.

Significant data base

Another important preposition regarding the appiaipness of volatility as a risk measure for
real estate is that the data is sufficient in teainguality as well as quantity. However, this is
often doubted, both for the individual propertydeand for the portfolio and index level.

In this context it is frequently argued that higtal return series are not long enough to serve
as a basis for risk estimatioh®ther asset classes can draw on data seriesaet various
decades and business cycles, but this is not #eefoareal estate data. As mentioned before,
the fact that real estate data does usually noercavwhole real estate cycle is a major
drawback when using volatility as a measure fot estate risk. Conclusions regarding real
estate risk that are drawn from a too small dasz laae likely to be incorrect.

Another problem with the existent real estate rewata is its accurateness. A problem that
occurs when appraisal-based data is used as a fooitye property’s value is that it usually
differs from the actual market value. The use girajsal-based data results in the so-called
smoothing effect that was already mentioned befceording to GELTNER, this smoothing
effect is “due to the combined effects of appra'seartial adjustments at the disaggregate
level plus temporal aggregation in the constructibthe index at the aggregate levél.”

It is often presumed that appraisers, to some exfellow optimal updating strategies of
previous values and therefore do not fully captheeactual movement of the property vaiue.
Therefore, the value fluctuation based on the appdavalues is likely to understate the real
volatility of property values. The extent of the @rthing effect mainly depends on the
availability of current market information and onetdegree of caution exercised by the
appraiser. The more cautious the appraiser ani@ssenarket information available, the more
will the appraiser refer to previous values andceeintensify the smoothing effect. Another
effect may come into play when properties are appdaevery quarter. The so-called
seasonality effect may appear when properties ppeased three quarters a yearibgide
appraisers and only one time a year byoatsideappraiser. In this case, there might be “a
tendency for thenside appraisers to simply stick with the most receutsideappraisal of
each property (perhaps adjusted for inflation).

! See, for example, Young/Lee/Devaney (2006), p. 113

2 See, for example, Wheaton et al. (2002), p. 8e@ah/Mansour (2005), p. 39, Ducoulombier (20073 1p.

3 Geltner (1993), p. 325.

* See, for example, GleiRner/Leibbrand (2007), pW8bb/Pagliari (1995), p. 216, Corgel/deRoos (19p9)
282.

® Geltner (1989), p. 471.
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Additionally to the smoothing effect that occurs thie individual property level, smoothing
also appears when aggregating values on a portiolindex level. The problem here is that
values of properties that are appraised at diffgpemts in time are averaged together which
results in the index value being a moving averdgbeappraised values.

The general opinion among real estate academitizatsthe actual real estate volatility is
understated when appraisal-based values are'uBedsolve the problem of the smoothing
effect, two alternatives are discussed in the esgdte literature. While one possibility is to
“desmooth” appraisal-based returns, another pdsgils to construct transaction-based real
estate indice.To desmooth appraisal-based indices, various rdstlaoe suggested in the
literature. Most authors calculate smoothing-faxtaihich express the ratio of volatility of
desmoothed return data compared to the volatifityriginal appraisal-based dat&lowever,
there will always be a difference between the apptavalue and the market price which will
not be observed until the property is sblurthermore, no model to desmooth the appraisal-
based data is perfect and the calculated smoothtigrs depend on both the chosen model
and its calibration.

Another alternative to address the smoothing issue use transaction-based indices instead
of appraisal-based indicAsHowever, due to a limited and time-varying numbsr
transactions, the use of such indices is problenastivell’

The small number of transactions causes anothétgmmowhen estimating real estate risk as
the volatility of historical real estate data ssrieshether they are appraisal or transaction-
based. The liquidity risk, which is usually higHer real estate than for other asset classes, is
not captured when the volatility is calculated labega historical returns. Thus, the marketing
period for investment grade real estate is highdyiable and is potentially extending for
several months, thereby exposing the real estatesior to an additional risk that is not
captured by the historic volatility of real estag¢urns®

In summary, it can be recorded that the real estiten data base exhibits another major
problem when the volatility is used as a real estek measure. This is mainly due to the
comparably small data base, the smoothing effeavels as the liquidity risk that is not
captured in the historical volatility.

! See, for example, Ibbotson/Siegel (1984), p. Z2sltner (1991), p. 327, Newell/MacFarlane (199551
Ducoulombier (2007), p. 6.

2 Few authors such as Cheng/Liang (2000) followira tternative and, despite the before mentioned
disadvantages, still use appraisal-based indicé#®uti correcting for smoothing. They argue thatthwespect
to the within-real estate diversification ... the egipal bias becomes a systematic error becauss gimilar
impact on all the properties in the indices.” (Cy#iang, 2000, p. 10)

% For an overview of various smoothing-factors #mat used in practice see, for example, Hoesli. ¢2a02, p.
11), Geltner/MacGregor/Schwann (2003, p. 1057), §\@006, p. 509 f.).

* Cf. Wang (2006), p. 498.

® Cf. Lee/Stevenson (2006), p. 126, Marcato/Key {20p. 96, Wang (2006), p. 501.

® See, for example, Feldman (2003), Fourt/Gardnetydlak (2006), Gardner/Matysiak (2006), Fisher/Gelt
ner/Pollakowski (2007).

" Furthermore, Cheng/Roulac (2007, p. 34) mentiafitaal problems such as the “sample selectior“pthat
affect appraisal-based as well as transaction-baskzks.

8 Cf. Bond et al. (2007), p. 448.
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Market efficiency and random-walk

A third assumption for using the volatility of losical real estate returns as a proxy for real
estate risk is that real estate markets are affi@ad that returns follow a random-walk. This
further implies that it is not possible to forecask and return.

However, the smoothing effect and the comparativegh liquidity risk suggest that real
estate markets are not efficient. Since it is diffi and costly for appraisers to gather current
market information it is reasonable to “adjust poeg valuations in the light of new evidence
by an intuitive process of Bayesian adjustmeémufficient market data that is available to all
market participants, however, is a basic requirganoénan efficient market. Furthermore,
reasons such as the fact that real estate tramsaaccur infrequently and do not take place
on central markets lead to the often stated ndtiam real estate markets are, at best, weak
form efficient?

Due to significant autocorrelation that was found/arious studies, academics also negate the
random-walk hypothesis of real estate returns siheg are, at least partly, predictable and
therefore not randorh.

It can be concluded that there is growing evidethed real estate markets are not efficient
and that real estate returns do not follow a rand@ik. It is therefore very questionable to
use historical volatility as a risk measure.

Investor’s definition of risk as the variation ofaturns

Whether the fourth assumption, the investor's didin of risk as the variation of returns,
does apply in the real estate context obviouslyeddp on the individual investors’
perspective.

However, despite the intuitive appeal and componali convenience of standard risk

measures, the definition of risk as a positive @gative deviation from an expected return is
increasingly questioned. It is often argued thatestors are far more concerned with the
downside of the return distributidriTherefore investors are more concerned with tiraos

to sustain a loss than with the chance to realk®ess profit of the same amount. Thus,
CHENG states “most investors perceive risk as ¢iméychance of earning less than certain
target rate of return. The potential of earningdrethan-expected returns, on the other hand,
is viewed as favorable upside potentfalThis behavior can, in parts, be explained by the
diminishing marginal utility’

! Lizieri/ward (2001), p. 50.

2 See, for example, Byrne/Lee (1995), p. 72, Satidagiiari/Webb (1995), p. 129, Clayton (1998), p. 4

3 See, for example, Roulac (1976), p. 38, Wheatat. ¢1999), p. 16, Coleman/Mansour (2005), p.F.
studies that found autocorrelation in real estatern series see, for example, Myer/Webb (1992),
Newell/Webb (1996), Englund/Gordon/Quigley (199@heng et al. (2010).

* See, for example, Keppler (1990), p. 610, Colemam$dur (2005), p. 40, Ducoulombier (2007), p. 33,
Gleil3ner/Leibbrand (2007), p. 19.

® Cheng (2005), p. 89.

® This behavior is in line with the so-called prospteeory which states that people, due to psychicibegffects,
are more concerned with downside risks than wiidgochances.
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Even though it cannot be generally stated whetmeariation of returns is in line with the
investors understanding of risk or not, many acadenand professionals refuse this
definition of risk. Therefore, employing volatilitgs a risk measure that captures upside as
well as downside potential will lead to resultstthee not in line with the investors’ actual
understanding of risk.

Analysis of German real estate return distributions

This section can be further subdivided into thremtg In part one, distributional
characteristics of individual property returns, \pded by a large German real estate
management company, are analyzed by applying a-deries analysis. The next part
employs a cross-sectional analysis of real estdtens of two German real estate portfolios.
Finally, the distributional characteristics of t\Berman real estate performance indices are
analyzed in order to provide some information aartarket’s return distribution.

To analyze the distributional characteristics weehanainly focused on the measures for
skewness and kurtosis. The skewness measure eslita¢ degree of asymmetry of the
analyzed return data respectively the degree toctwhhe distribution differs from a
symmetrical distribution. The skewness value obamal distribution equals zero. However,
a positive skewness value indicates a distributvth an asymmetric tail extending towards
more positive values while a negative skewnessatds a distribution with an asymmetric
tail extending towards more negative values. Intrash, the kurtosis of a distribution
describes how peaked or flat a distribution is. gknmmal distribution has a kurtosis value of
three. A kurtosis measure in excess of three cteriaes a distribution as more peaked with
fat tails compared to a normal distribution. A kit value of less than three, however,
indicates a flat distribution with narrow tails. fRequently used test to assess whether the
analyzed data comes from a normal distributiohésJarque-Bera (JB) test for normality. The
underlying intuition of this test is that both thalues for skewness and excess kurtosis for a
normal distribution would equal zero. The JB-tessemses for each return series whether
these values are jointly equal to zero. The ctitiadue for rejecting normality of a return
distribution that will be used in the following dyses equals 5.99 and is derived for a level of
significance of 5%.

Time-series analysis of individual properties rehs

As mentioned before, this part analyzes the histibreturns on properties of a major German
real estate asset manager who is responsible feelladiversified portfolio of about 100
properties located in Germany with a total markafug of roughly 2.5 billion Eurd.The
company provided us with the annual total retunosnf2003 thru 2007. However, the time
series was too short for significant results. Theeewe also used semi-annual market values
for the five year period and the semi-annual capitawth return data. Using the semi-annual

! This level of significance and the correspondiritical value for the JB test are commonly usedaoalyses of
return distributions. See, for example, Brown/Matkg2000), p.216, Maurer/Rainer/Sebastian (200484,
Poddig (2008), p. 336.

2 Due to data confidentiality we cannot disclose ninfermation about the portfolio.
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capital growth return data, we now have nine histbdata points that can be analyZeebr
further analyses of individual properties returrstdbutions we used annualized capital
growth return data and subsequently converted #@i@ tb its continuous compounded
equivalent

To analyze the return distributions of 100 progsrtior the period 12/2003 to 12/2007, we
estimated the average return, standard deviati@wrgess and kurtosis measures as well as
the JB statistic. The following tables 1 and 2 jdevan overview of the results.

Sector |# Properties Average return ﬂve.rag.]e Standard Skewness | Kurtosis | JB statistics
per year deviation per year

All property 100 Mean -0.69% 11.01% 0.13 1.10 4.86
Min -12.09% 3.66% -2.42 -2.11 0.75

Max 14.26% 29.86% 234 7.41 19.62

Residential 34 Mean 0.64% 9.35% -0.07 0.99 5.85
Min -7.14% 4.14% -2.98 -2.46 0.48

Max 8.09% 23.26% 233 8.91 26.43

Dffice 51 Mean -1.89% 13.01% -0.22 1.25 4.44
Min -16.98% 2.92% -2.42 -2.15 0.86

Max 21.04% 39.41% 268 7.61 15.72

Retail 7 Mean 2.03% 5.39% -0.27 0.32 4.30
Min -3.77% 3.10% -1.18 -1.08 1.19

Max 7.10% 8.62% 0.67 2.83 5.25

Others B Mean -1.12% 10.21% 0.30 1.22 3.80
Min -9.24% 6.82% -1.17 -1.29 0.75

Max 3.52% 15.61% 1.72 3.70 8.09

Table 1: Distributional characteristics of annuadizand continuously compounded real estate returns

As can be inferred from the foregoing table, thkigs of the average skewness and kurtosis
measures are relatively close to zero respectiebe. Furthermore, the average JB statistics
indicate measures below the critical value of 5afl therefore suggest that for the majority
of return distributions, normality cannot be regettThis presumption is strengthened by the
following table that indicates the number of pragsrfor which normality cannot be rejected
at the 5 % level.

. Properties with normally
Sector # Properties distributed returns (total/in %)
All property 100 74 74%
Residential 34 20 59%
Office 51 41 B0%
Retail 7 B B6%
Others 8 7 88%

Table 2: Number of properties with normally distried returns

! Using capital growth return data instead of acto@ll return data seems plausible to us. On tlechamd, this
is based on the general notion that capital graetitributes a major portion to the total return. tBm other
hand our calculations reveal that the total ret@nes which exist for the five year period arefgety
correlated with the annualized capital growth netdiata for the same years.

2 \We analyzed only those properties for which astisaven data points were available.
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This overview indicates that for most cases, noitjmainnot be rejectetEven though these
results are in line with results of other studieattinvestigated annualized or annual return
distributions on the property level, the significarof these results is questionable, due to the
relatively short time period.

In order to arrive to more meaningful results, weler conducted a cross-sectional analysis
to determine the distributional return characterssper year.

Cross-sectional analysis of individual propertiestarns

Here we used the annual total return data for itheeyfear period as opposed to the data for
capital growth we used befoteAs YOUNG/LEE/DEVANEY assumed when employing a

cross-sectional analysis, we also assume “thatotegesariations in annual property returns
due to differences in property type account forodithe differences in returns on individual

properties” in the portfolios. An overview of the results isen in the following table.

Year Mean dStal.ui?rd Skewness Kurtosis |JB statistics| Normality Humber. of

eviation properties
2003 -2 44% 13.60% -1.0624 2.6225 147468 rejected 76
2004 -1.87% 14.49% -2 A5B4 10.1642 248 0752 rejected 77
2005 3.83% 7.50% -0.0523 9.3961 122 7624 |rejected 72
2006 3.09% 9.41% -4 0173 231644 1374.2595 rejected 70
2007 7.45% 19.42% -4 1653 214451 1058.1910|rejected G2

Table 3a: Distributional characteristics of log aahtotal returns per year of portfolio 1: All prexies

As can be inferred from table 3a, for no year @& flve year period the returns follow a
normal distribution. Furthermore, for each year #k®wness measures indicate that the
distributions are negatively skewed while, in fofifive cases, the kurtosis measures indicate
that the distributions are more peaked near thennaed have weaker shoulders as well as
fatter tails than a corresponding normal distrimutiConsequently, when applying the JB test
as a test for normality, normality is rejected é&arch of the five years. Similar distributional
characteristics can be seen in table 3b that bréekabove mentioned results down for the
individual property types.

! Other normality tests, such as the Shapiro-Witk, tthe Anderson-Darling test and the KolmogorovisSBav
test, that were also employed to analyze the digidnal characteristics of the return data, suggjesilar
results. Also, when analyzing the annual totalrretiata over the five year period we reached siméaults.

% The results might be of little significance siribe available data is unlikely to cover a whold esate cycle.
Furthermore, the significance of the normality déatreases with the number of observations.

% Even though it is favorable to draw on as longdsaries as possible, for the purpose of crosisatt
analysis it is not as important as it is for tinegigs analysis because the data is analyzed peagdanot over
the whole period. Therefore, using actual totainmes instead of capital growth returns as a proxydtal
returns seems more plausible to us.

* Young/Lee/Devaney (2006), p. 114.

® As can be seen in the tables, also for indivigmaperty types, kurtosis and skewness values defriain those
values of a normal distribution. The fact that nality for some property types, for example retegin still not
be rejected according to the JB test might be dubé little number of properties included in tmalysis.
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Residential

Year Mean dsml.m?rd Skewness | Kurtosis |[JB statistics| Normality Number. of
eviation properties

2003 4.66% 6.73% -1.9119 6.9027 42 2917 |rejected 3
2004 0.13% 5.97% 0.2144 0.0535 12.1905|rejected 33
2005 3.79% 4.25% -0.9449 1.4781 5.6238|rejected 27
2006 557% 3.65% 1.1315 2.6972 6.0821|rejected 28
2007 12.88% 7.54% 0.2589 -0.2380 12.0968|rejected 27

Office

Year Mean Stapdf:rd Skewness | HKurtosis |JB statistics| Normality I‘ulumber_ of
deviation properties

2003 -9.36% 15.689% -0.1976 1.8658 2.1640{not rejected 36
2004 -4.70% 19.33% -1.8545 4.6788 26.2441 |rejected 38
2005 3.27% 9.46% 0.1738 6.5851 21.0828|rejected 39
2006 2.99% 7.60% -1.7313 8.1033 55.4640|rejected 35
2007 1.71% 27.00% -3.0138 10.1004 101.2059(rejected 28

Retail

Year Mean dStapdf]rd Skewness | HKurtosis |JB statistics| Normality Number. of
eviation properties

2003 -1.24% 4.33% -0.3364 -1.5295 £.2422\not rejected B
2004 6.50% 5.71% -0.0274 -0.29583 2.7204|not rejected B
2005 7.58% 2.35% -0.3530 0.3149 1.9271|not rejected B
2006 -6.39% 22.32% -2.3720 5.8196 8.8827|rejected [
2007 9.48% 3.89% -0.2856 -1.2662 5.4038|not rejected 7

Table 3b: Distributional characteristics of log aahtotal returns per year of portfolio 1: By proyetype

The distributional characteristics described befmealso shown by the following figure that
includes the distribution of continuously compouthdeturns for the period 2003-2007, for all
properties combined. Furthermore, the figure extiihiNormality (Q-Q) Plot. The deviation
of the dots from the line indicates that normaigylikely to be rejected when analyzing all

properties combined.
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Figure 2: Density function and QQ-Plot of log anntadial returns for all properties of portfolio Ver the five
year period

For a second portfolio the results were similansTgortfolio consisted of 123 properties with
a market value of about 2.2 billion Eurélowever, for this portfolio total return data famly
three years (2006-2008) was available. The follgwable shows the results of the same kind
of cross-sectional analysis as for the first padidfo

! Again the portfolio can be considered well-divéesi, but further information cannot be disclosed.
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All Properties combined
Year Mean dStapd?rd Skewness | HKurtosis |JB statistics| Normality Number. of
eviation properties
2006 5.94% 6.64% -1.2161 8.6535 192 5464 |rejected 122
2007 6.63% 6.72% -1.0879 4.5583 36.7064 |rejected 123
2008 6.23% 9.07% 0.0461 8.0128 126.6246(rejected 123
Residential
Year Mean dsml.m?rd Skewness | Kurtosis |[JB statistics| Normality Number. of
eviation properties
2006 6.88% 4.82% 1.2464 2.8116 19.7902|rejected 76
2007 6.42% 5.57% -0.4358 3.1263 2.4883|not rejected iv
2008 6.37% 5.14% 1.0133 2.6948 13.4748|rejected i
Office
Year Mean dStallni?rd Skewness | HKurtosis |JB statistics| Normality Number. of
eviation properties
2006 4.20% 9.33% -1.4494 53718 21.6281|rejected v
2007 6.11% 8.95% -1.2218 3.3247 9.3679|rejected 3
2008 3.68% 11.94% -1.2268 1.4110 13.1738|rejected v
Retail
Year Mean Stal.ui?rd Skewness | HKurtosis |[JB statistics| Normality I‘\Iumber_ of
deviation properties
2006 5.16% 5.82% -0.1995 0.2962 2.8012|not rejected 9
2007 10.53% 3.61% 0.4329 0.0146 3.6233|not rejected 9
2008 15.563% 15.36% 1.9565 4.7163 6.8462|rejected g9

Table 4: Distributional characteristics of log aahtotal returns per year of portfolio 2: All pragies combined
and by property type

Although less data is available than for the fisttfolio, it can be inferred that the returns are

similarly distributed and, when combining all prais, are not normally distributédlhis is

also shown in the following figure that includese tilistribution and the Q-Q Plot of
continuously compounded returns for the period 2208, for all properties of the second

portfolio combined.

! As in the first portfolio, kurtosis and skewnessues deviate from those of a normal distributtmut, normality
can not be rejected in any case, probably duectaittall sample size.
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Figure 3: Density function and QQ-Plot of log annigal returns for all properties of portfolio Zer the three
year period

Figure 3 indicates that returns of the second plothre not normally distributed and, in fact,
are negatively skewed, are more peaked near the em@hhave weaker shoulders as well as
fatter tails than the corresponding normal distidou

For the cross-sectional analysis we can conclude the basis of a very small time series—
that normality is likely to be rejected for bothrffolios for all years that were analyzed.

Analysis of German real estate market return distions

A last analysis was conducted by determining tregributional characteristics of the two
major German real estate market indices. For thgigse, BulwienGesa provided us with the
German Property Index (GPI) data for the period1t2008 and the IPD Investment Property
Databank GmbH provided us with the German IPD Indb& Deutscher Immobilienindex
(DIX) for the period 1996-2009. To analyze the wlgttional characteristics, we used annual
total returns and further converted them into thintinuously compounded equivalehts.
The following table reveals that, when employingirfalifferent normality tests, normality
could not be rejected for both indices for mostha tests. These results are in line with the
results found by MAURER/REINER/SEBASTIANvhen they analyzed annual German real
estate market return data.

! We did not correct the annual data for possibithér smoothing by following Coleman/Mansour (208538)
who conclude that “the application of a statisticaldel tounsmoothreturns - has the effect of increasing the
size of the second moment (variance). In effed, whll widenthe distribution of returns, increasing the
volatility. But it will not, in general, transform non-normal return distribution into a normal éne.

2 Cf. Maurer/Rainer/Sebastian (2004).

21



Normality according to ...
Index Period |Mean| 5D [Skewness|HKurtosis JB test Shapiro- | Anderson- |Kolmogorov-
es Wilk test |Darling test| Smirnov test
BulwienGesa GPI[1991-2008 | 7.93%| 5.92% 1.22617] 1.90490|not rejected [not rejected |not rejected |not rejected
IPD Index 1996-2009 | 3.39%| 1.54%| -0.51447(-0.77687|rejected not rejected [not rejected |not rejected

Table 5: Distributional characteristics of Germaalrestate market returns

The findings can be also illustrated by the follogvifigure that shows the QQ Plots of both,

the GPI as well as the IPD data.
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Figure 4: QQ-Plots for GPI and IPD annual totalines

Summing up, it can be concluded, that even thouasmality cannot be rejected for annual

German market returns, some evidence was founddratality is likely to be rejected at the

individual property level. This is the result whapplying a cross-sectional analysis on the
property return of two large German real estateagars. Only when applying a time-series
analysis for a relatively short period, in mostesag seems unlikely to reject normality.

Although the results of our analysis are based small data base that has to be expanded for
further research in order to arrive at more sigaifit results, the foregoing analysis reveals

that it is questionable to assume normality ands® volatility as a risk measure, at least on

the individual property level.

Conclusion

This paper supports the thesis that volatilityas @an appropriate risk measure for real estate.
This proposition is based on various facts. In ganeccording to the most popular set of
axioms by ARTZNER et al., volatility cannot be cmlesed an appropriate, or coherent, risk
measure, due to its failure to satisfy the axiommaiotonicity. Furthermore, fundamental
assumptions for the use of volatility as a risk suga do not apply in the real estate context.
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As explained above, empirical evidence exists tleall estate returns are not normally
distributed. Also the second assumption regardisigmificant data base is violated in the real
estate context. Besides the fact that only liteim data is available which is consequently
unlikely to cover a whole real estate cycle, thieads biased because of the smoothing effect.
Furthermore the volatility that is estimated based this data does not account for the
liquidity risk, which is in fact a major componeoit real estate risk. This article also points
out that there is growing evidence for the assuonpthat real estate returns are predictable
and do not follow a random-walk as assumed whengusistorical volatility as a risk
measure. Finally, it is stated that the definittdmisk as the variation of returns does not seem
to be in line with the common understanding of v$knost investors.

The frequent use of volatility as a risk measuvenethough major drawbacks are apparent, is
due to the perceived lack of alternatives. Howeseme alternatives do exist:

The easiest alternative is to shift the focus frmme single risk measure to a set of risk and
return measures which—in combination—yields a moanprehensive picture of the
riskiness of an investment. Well-established figuaee, for example, the lowest return in any
period, the probability to make a loss in one pkribe average loss of all loss periods, and
the highest number of subsequent loss periods.

More sophisticated are the downside risk measuafisevat risk (VaR), cash flow at risk,
lower partial moments, and maximum drawdown, to @dmt a few. Many real estate
professionals and academics propose the VaR aetaed conditional value at risk as more
appropriate risk measuréslthough the use of the VaR is more in line witte investors’
common understanding of risk, it is still exposedite other drawbacks that apply to the use
of volatility as a risk measure. Furthermore, tree wf this measure is seen with some
skepticism since it does not satisfy the axiom udaslditivity defined by ARTZNER et al.
and is therefore not considered a coherent risksarea Further disadvantages of such
measures are that they are difficult to interpret aeed a sufficient database.

A different approach is to use qualitative risk swas in addition to or instead of
guantitative measures. Among the most popular @&k risk measures are scores and
rating grades. The goodness of fit of these instnim largely depends on the qualification
and experience of the people who develop themmé#nods they apply, the quality of the
available data, and last but not least on the ficetion and experience of the people who use
the scoring or rating instrument.

In the last decade, great progress was made irfi¢his mainly due to the huge effort that
financial institutions had to put into improvingeth rating systems in order to comply with
the rules of the new Basel Accord. Interestinglye tbest results were achieved when
gualitative and quantitative methods were combirfed,example by using a cash flow
forecast to determine the probability of defaulamy one period with the subjective opinion
on the location quality of a property. Until todthe ratings for commercial real estate loans

! See, for example, Sivitanides (1998), Sing/On®(@0Byrne/Lee (2004), Hamelink/Hoesli (2004), and
Voigtlander (2010).
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of the leading European banks constitute the sfaige art for qualitative risk management in
real estate.

However, as our own research revéalse rating and scoring methods which are currently
used in the real estate industry do not meet tiaisdsrd and are not appropriate to assess
actual real estate risk. Based on the data ofwbeaforementioned real estate portfolios, we
found no evidence for ex ante scoring measure® teabd indicators for actual ex post risk.
We arrived at this conclusion after correlating sicering measures with various quantitative
ex post risk measures.

Another approach to measure future risk was prapdse BURKLER/HUNZIKER? The
authors developed an extended risk rating apprtetictan be applied to measure the ex ante
risk of various asset classes. The rating apprestimates the risk on an index level and
breaks down the overall risk measure into varioisk findicators such as maximum
drawdown, deviation from normality, and recoveryqgmtial. Based on defined formulas, the
risk for each category is assessed and the oveshklcan be expressed when combining the
individual measures.

The foregoing overview made clear that severaladté/es for measuring risk in real estate
do exist. However, since alternative risk measwames not without drawbacks, a generally
accepted risk measure has yet to be found. And thargh the conclusion of this paper is
that volatility is not an appropriate measure talrestate risk, further research is necessary to
arrive at an ideal measure for real estate risk.

1 Cf. Lausberg/Wiegner (2009).

2 This work is another part of our research profecteal estate risk measures. The preliminary tebalve not
been published yet.

3 cf. Burkler/Hunziker (2008b).
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