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Abstract

The use of MPT in the construction real estate portfolios has two serious limitations
when used in an ex-ante framework: (1) the intertemporal instability of the portfolio
weights and (2) the sharp deterioration in performance of the optimal portfolios
outside the sample period used to estimate asset mean returns. Both problems can be
traced to wide fluctuations in sample means Jorion (1985). Thus the use of a
procedure that ignores the estimation risk due to the uncertain in mean returns is
likely to produce sub-optimal results in subsequent periods. This suggests that the
consideration of the issue of estimation risk is crucial in the use of MPT in developing
a successful real estate portfolio strategy. Therefore, following Eun & Resnick
(1988), this study extends previous ex-ante based studies by evaluating optimal
portfolio allocations in subsequent test periods by using methods that have been
proposed to reduce the effect of measurement error on optimal portfolio allocations.

T Department of Land Management and Devel opment,
Faculty of Urban and Regional Sudies,
The University of Reading, Reading RG6 6AW, England.
Phone: +44 118 931 6338, Fax: +44 118 931 8172, E-mail: S.L.Lee@reading.ac.uk

T Department of Banking & Finance, Graduate School of Business,
University College Dublin, Blackrock, Co Dublin, Ireland.

Phone: +353 1 706 8825, Fax: +353 1 283 5482, E-mail: smon.stevenson@ucd.ie

Key Words. Ex-post optimisation, ex-ante portfolio performance, Bayes-Stein
estimation.



Real Estate Portfolio Construction and Estimation Risk

1. Introduction

Investors in red estate have typicaly attempted to diversfy portfolios through a process of
naive diverdfication. Recently Modern Portfolio Theory (MPT) has been advocated as a
more rationa gpproach to the congtruction of red estate portfolios to identify the ‘best’

combination of assetsto hold (Lee, 1992). In this approach, the importance of each asset is
evauated in terms of its individud relative risk and return characteristics, as measured by its
mean and standard deviation, and its portfolio risk as characterised by its correlation with
other assets. Given these parameters MPT will find that combination of assets that, for each
leve of risk, will offer the highest leve of return. Such work typicaly uses historic ex-post
data to test the effectiveness of such portfolio strategies. However, higtoric data by its
nature is certain, consequently the portfolio holdings are the ‘best’ that could have been

achieved in the past. This is equivaent to playing the portfolio investment game with a
marked deck, Madura and Abernathy (1985). Fund managers, however, are hired to
condruct portfolios, which yield high ex-ante rather than ex-post risk-adjusted returns, and
are therefore forced to play with an unmarked deck. However, when the gpplication of

MPT has been tested in ex-ante framework the ex-post results tend to perform poorly.

The classcal gpproach to portfolio construction usng MPT has two serious defects: (1) the
intertempora ingtability of the portfolio weights (Lee, 1997) and (2) the sharp deterioration
in performance of the optima portfolios outsde the sample period used to estimate asset
mean returns, Jorion (1985). In effect, due to the fact that the inputted parameters are
unstable, the estimated optimal dlocations can differ markedly between periods. This is
made even more acute as optimiser typicaly produce portfolios with extreme holdings in a
limited number of assets with some assets taking zero weights while others have very large
dlocations. Black and Litterman (1992) refer to these as corner solutions.  Although the
resulting portfolios are optima in the Statistical sense, the results would be unacceptable to
any prudent portfolio manager (Jorion 1985). Such corner solutions portfolios quickly
become sub-optima with changes in the means over time, leading to a further reduction in
ex-ante performance. In addition such extreme portfolio alocations assets seem to be
agang the spirit of divergfication, Michaud (1989). One way to control for such extreme
haldings is to place congraints (upper and lower bounds) on the amount any one asst, or
group of assets, can have in the optimum portfolio (Byrne and Lee, 1995 and Stevenson
2000b). Indeed papers such as Frost and Savarino (1988) and Chopra (1993) suggest
portfolio optimisations, which are subject to such condraints, have better ex-ante
performance compared with uncongtrained solutions. However, any condraints are likely to
be arbitrary, leading to the results being hard to generdise. For example, one possible
condrained portfolio is the equaly weighted nai ve portfolio. Morrel (1993), however,
argues that that it is generdly not possible for property funds achieve equal-weaghting in a
portfolio and at the same time be represented in key market segments.  In addition fund
managers typicaly desre to maintain weights smilar to a benchmark portfolio. Also & a
practica level due to the indivighility of property and the marked differences in lot Sze
between say the Office and Industrial sectors an equal-weighted portfolio strategy would be
impossible to implement.  Thus an equa-weighted portfolio is therefore probably not a



redigtic, or even a dedrable god of fund managers. In addition such an gpproach fails to
tackle the fundamentd reason for the mgor shifts in portfolio alocations over time, the
ingtability in the sample means. In contrast the estimation error in variances and covariances
is not as much of concern since these parameters are relaively stable over time and
therefore are more precisay estimated. Studies such as Kaberg & Ziemba (1984), Chopra
& Ziemba (1993) and Stevenson (20008) have found similar results. Thus the use of a
portfolio selection procedure based on historical parameters that ignores the estimation risk
due to the uncertain in mean returns is likely to produce sub-optima results in subsequent
periods. Indeed previous work on the application of MPT to the red estate portfolio shows
this to be the case, Meyer and Webb (1991), Mueller and Laposa (1995) and Pagliari,
Webb and Del Casino (1995).

The above discusson suggedts that the consderation of the issue of estimation risk is crucid
in the use of MPT in developing a successful redl edtate portfolio strategy. Therefore,
following Eun and Resnick (1988) and Kwok (1990), this study extends previous ex-post
based red edtate based studies by evaluating optima portfolio alocations in subsequent test
periods by using a method that have been proposed to reduce the effect of measurement
error on optima portfolio dlocations. Furthermore, the mean-variance model used here
does not dlow for lending, short sdles or borrowing. Lending, borrowing and short sdes
opportunities are diminated, as their use is inconggtent with inditutiona investor’s portfolio
management practices. In addition to which short sdlling sgnificantly increese the adverse
effect of estimation error on portfolio seection, Jorion (1992). Findly, no consideration of
transaction costs and taxes has been included in this study.

2. Previous Studies

A number of sudies have investigated the ex-ante performance of ex-post portfolio efficient
dlocations in both equity and red estate markets. The first sudy by Logue (1982) used
higoricad data on foreign country stock market indices to test a number of internationa
portfolio management drategies.  In particular would a passve internaiond portfolio
drategy outperform the returns of a US index fund, or an actively managed internationa
portfolio? To congruct an ex-ante optima set of portfolio weghts for any given yesar,
Logue used the monthly returns, variances, and covariance for stock markets for the prior
five years. This gpproach was based on the assumption that historicd data, which are
themsdves a combination of market returns and currency fluctuations, provide optima
forecasts for the behaviour of security returns over the coming year. The andys's showed
that the mean/risk ratio for optima ex post international portfolios exceeded, by a wide
margin, the corresponding ratio for ex ante internationa optima portfolios and for the US
index. The author therefore concluded that usng a smple Markowitz portfolio selection
technique, with historica data as input, produces ex-ante optimal portfolios that are worse
than those produced by ex-post optimd portfolios. Thusif portfolio managers had followed
a passve buy-and-hold gtrategy they would be better off than if they engage in an active
investment drategy.

Madura and Abernathy (1985) aso examined the performance of globa stock portfolios
prescribed by ex-post models. Using weekly stock market index returns for eight countries



for the period, January 1978 to January 1981 the authors segmented the data into five sub-
periods of equd length and for each period, a mean variance agorithm was used to generate
ex-post efficient portfolios. The ex-post optimd portfolio weights then formed the basis for
investment in the subsequent “ex-ante” period. Thusdl information for the ex-ante strategy
was developed from the previous period. Madura and Abernathy consdered the
performance of three meanvaiance efficient portfolios. A low-risk portfolio which
exhibited the least variance in an ex-post bads, a high risk-portfolio produce which showed
the highest expected return, and an intermediate risk portfolio which displayed the highest
ex-post return per unit risk Sharpe Ratio (Sharpe, 1966, 1994). For the ex-ante Srategy
to be described as effective, it was expected to outperform a naive portfolio of the
internationa stocks and the US index. In congructing these ex-post optimd portfolios
Madura and Abernathy observed that the returns and standard deviations in each country
peformed differently in the various sub-periods. In other words the data was not
dationary. Consequently performance of the ex-post based efficient portfolios behaved
poorly in subsequent periods. In particular on an ex-ante basis the anadlysis showed that
neither the naive nor the mean-variance internationa portfolios produced consstently higher
returns rdative to the US index. While in terms of risk, the mean-variance low risk portfolio
was the only drategy, which consgtently exhibited a lower standard deviation than the US
index. Also no single drategy could be distinguished as superior when the risk-adjusted
performance of the various drategies was compared. The authors concluding that the
difference between “potentid gains from an ex-post andyss’ and “redised gains from an
ex-ante anadyss’ may be subgtantial.

Within the red estate market three studies have looked at the performance of MPT portfolio
dlocations in subsequent periods. The first by Meyer and Webb (1991) andysed a ten+
year period from 1978 to 1988 usng NCREIF returns for Office, Retail, R& D/office, and
Warehouses. Their portfolio optimisations found different mixes for different time periods.
Warehouse and R& D/office was the strongest in the 1978 to 1983 sub-period, while during
the 1983 to 1988 period Warehouse and Retail had the best risk/return. They concluded
that returns move differently during different time periods and thus a single portfolio
dlocation drategy may not be optima during different sub-periods.

The second study by Mudler and Laposa (1995) investigated what dlocation ingtitutiona
investors should make to the different property-types Retal, Office, Apartments and
Warehousing using quarterly data in the US. In particular Mudler and Laposa argue that
property-type returns have gone through cycles in the past and estimating future returns
depends on the cyclic movement within each property-type. In order to identify which
property-type to invest in the future investors need to be aware of how each property-type
as performed in different phases of the cycle. The authors therefore divided the NCREIF
returns data into different periods based on three cyclic indicators: totd returns, capita
gopreciation and GDP growth. They then congtructed efficient frontiers in each of the sub-
periods and found different dlocations both in terms of assets chosen and portfolio weights
during the different periods. Mueler and Lgposa concluded that in developing their future
dlocations, investor's need to be aware of the current and future phases of the cycle in
order to determine future portfolio compositions.



Findly Pegliari, et d (1995) set out to test whether the grict application of MPT offered
superior returns to naive or average-mix (market weight) strategies for inditutiona investors.
Using 15 years quarterly returns divided the data three, five-year sub-periods, the authors
showed that while MPT yields optima ex-post portfolios, its use as an ex-ante portfolio
dlocation srategy could lead to mixed results. Thet is, MPT portfolios congtructed from
ex-post data and extrgpolated into future periods, may or may not outperform naive and
average-mix drategies. Consequently like Madura and Abernathy, the authors noted that
while it is easy to determine the best portfolios ex-post determining the correct mix in the
future is more difficult. In other words the studies show that the effective gpplication of an
ex-ante MPT based portfolio strategy depends heavily on the accuracy of the portfolio
inputs.

Consequently the successful gpplication of MPT to the red edtate portfolio congruction
process requires an optimisation procedure that explicitly takes account of estimation risk.
The following section therefore uses one such approach’, the Bayes-Stein shrinkage
edimator in deriving the ex-post weights of the portfolio with the highest return per unit risk,
on the efficient frontier, and testsits performance to seeif the reduction in estimation leads to
greater ex-ante performance in subsequent periods.

3. Methodology

In order to test the effectiveness of ex-post optimisation in subsequent periods efficient
portfolios were formed in a number of sub-period and the portfolio weights held into the
next period, as in the approach of Pagliari, et d (1995). However, unlike Pagliari, et d,
who andysed the whole efficient frontier in each period, only four ex-post portfolios are
examined here, following the gpproaches of Eun and Resnick (1988) and Madura and
Abernathy (1985).

The four drategies used are those suggested and thoroughly described by Eun and Resnick
(1988). Thefirgt strategy isthe equa-weighted nai ve portfolio. Eun and Resnick view this
gpproach as a naive diversfication srategy in the attempt to capture some of the potential

gains from sector/regiond diverdfication. The na ve portfolio, as discussed above, also
represents one of the many possible congtrained portfolios and so should perform well in an
ex-ante framework asit ‘condrans the impact of ingtability in the input parameters, Frost
and Savarino (1988) and Chopra (1993). However, as adso highlighted previoudy such a
portfolio is both undesrable and generdly impossible to hold. Nonetheess the nai ve
portfolio provides a convenient benchmark of ex-ante performance againgt which to test the
other dtrategies.

The second drategy uses the weights of the Minimum-Variance Portfolio (MVP) as the
optima ex-ante weights. Jorion’s (1985) smulation andys's suggests that the MVP is less
prone to measurement error than the classcd tangency portfolio because the optima
solution of the MVP depends only on the sample covariance matrix (and not the mean+

1 A number of methods have been suggested to handle estimation risk within a portfolio context, see
Michaud (1998) for areview.



return vector), which is rdatively stable over time. Indeed the results of Pegliari, et d

(1995) and Madura and Abernathy, (1985) suggest that such a portfolio is qualitatively
more stable, in its risk characterigtics, than other portfolios on the efficient frontier and o is
more likdy to perform wdl in subsequent periods. This view has been supported in
empirica studies such as Jobson & Korkie (1981) and Stevenson (1999). Stevenson
(1999) andysed a total of 38 internationa equity markets including 15 emerging markets.

Due to the non-normdity present in emerging market returns, two dternative downgde risk
measures were <o utilised in addition to the conventiond variance. The results show that
al three minimum risk portfolios out-performed the dternative tangency portfolios on an out-
of-sample basis.

The third method, caled the Certainty-Equivaence Tangency (CET) Portfolio strategy by
Eun and Resnick or the Classical Sharpe portfolio here, computes the weights of the ex-
post tangency portfolio and uses them as the ex-ante portfolio weights, identified by the
following maximisation problem:

Tp- It
Sp

Where T, is the expected return on portfolio p, r; is the risk-free rate of return and sﬁ is

the variance of the portfolio. The weights in this portfolio are then the ones offering the
highest ex-post mean return per unit risk. Furthermore the composition of such a tangency
portfolio isindependent of the investors preference structure, Tobin (1958). Note aso that
g in the above formulation is in fact, the ex-post Sharpe Ratio (Sharpe, 1966, 1994)
performance measure. Consequently it is the portfolio that is most desirable to all investors.
In conducting the andyss the risk-free rate of return was assumed to be zero for smplicity.

Thefind portfolio strategy consgdered is the Bayes Stein shrinkage estimator to calculate the
expected returns vector. The use of BayesStein estimators is designed to reduce the
degree of egtimation error and furthermore, decrease the tendency for asset dlocation
sudiesto arrive at corner solutions. A further advantage to the use of such estimatorsis that
empiricd evidence, such as Jorion (1985), Chopra, Hensel & Turner (1993) and Stevenson
(1999, 2000a) have provided evidence that the ex-ante performance of optima portfolios
improves subgtantidly. The premise behind the Bayes Stein gpproach is that due to the
sengtivity of the estimated dlocations to variations in the parameters, and to ratively
extreme inputs, the means of the assats are “shrunk’ towards agloba mean. This effectively
reduces the difference between extreme observations, thus aiding in the attempt to reduce
estimation error. The genera form for the estimators can be defined as follows:

E(r) = wiy +(1- w
2

Where E(r;) is the adjusted mean, T, isthe origina asset mean, T, the globa meanand w

the shrinkage factor. Jorion (1985, 1986) shows that the shrinkage factor can be estimated
from asuitable prior as follows:
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Where T is the sample Sze and Sis the sample covariance matrix. Three dightly different
techniques are used to shrink the data. The first Smply assumes that the within group means
for the office, retall and industrid sectors are equa to the overdl IPD national mean. The
second and third methods use the Jorion prior usng dternative definitions of the globd

mean. The second uses the overdl IPD Index, with al nine series shrunk towards this
figure. The third uses each of the sector indices as the globd mean. Therefore, the regiond
markets in each regpective sector are shrunk in relation to the national sector index. Thisis
conggtent with the argument made by Jorion (1985) that the use of a Sngle globa mean is
hard to reconcile with the idea that a risk-return trade-off exigs. Therefore, if it were
assumed that there exigts a risk-return trade-off between the office, retail and indudtria

sectors, it would be appropriate to use each sectors mean return as the respective global

mean.

The weights of each portfolio Strategy were derived using a 24-month estimation period.
The optima portfolio weights were then held over the next 24-month period. The
performances of four investment drategies were then compared againg each other and
agang that of the Investment Property Databank Monthly Index (IPDMI), which can be
consdered as the average-mix (market weight) consensus performance of investors in the
rea estate, for period 2-6.

To evduate relaive performance of each red edate invesment dtrategy the Sharpe
performance index, (m- R;)/s , i.e. the ratio of mean excess return to standard deviation
isused. In conducting the tests, the risk-free interest rate, R is set to zero. The sSgnificance
of the difference in Sharpe performance of any two portfolios a and b can then be tested
following Z datigtic, Jobson and Korkie (1981):

Z:sa(nb' Rfi/'_QSb(n’h' Rf) (5)

where m,, m, are the mean returns of portfolios aand b and s,, s, ad s, ae

estimates of the standard deviation and covariance's of the excess returns of the two
portfolios over the evauation period and where Q s cdculated asfollows:
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where T is the number of observations. Jobson and Korkie (1981) showing that the test
getigic Z is approximately normaly digtributed with a zero mean and a unit standard



deviation for large samples. A dgnificant Z datistics would rgect the null hypothess of

equd risk-adjusted performance and would suggest that one of the investment portfolio

drategies outperforms the other. Note that the satistical power of the test is low: for a5%
ggnificance levd, it fals to rgect afase null 85% of time (Jorion 1985). Thus observing a
datigticaly sgnificant Z score between two portfolios can be seen as a strong evidence of a
difference in risk-adjusted performance.

4. Data

The data used in this study are the monthly totd returns for the three sectors: Office, Retall
and Industria property. The property sector data divided into three ‘super regions':
London, the rest of Southern England and “the North” (the remaining peripherd aress).
Eichholtz et d (1995) argues that such a three-property type and three ‘ super regiond’
classfication provides a viable portfolio investment drategy for investors in the UK. In
addition limiting the number of sector/regions to nine is dso done to minimise optimisation
erors with semi-definite matrices, as the number of observations used in esimating the
portfolio parameters was only 24. The data covering the period 1987:1 to 1998:12, a total
of 144 observations, broken down into six 24-month periods, the summary dtatistics of
which are presented in Table 1.

As is to be expected the sector/region that performs ‘best’” in each period changes from
ub-period to sub-period. For examplein period 1, 1987: 1 to 1988:12, the highest returns
were earned in Indudtria properties with the lowest risk achieved in the Retall sector,
especidly the further away from London in both cases. In contrast in period 5, 1995:1 to
1996:12, the highest returns were achieved in the Retail sector and the lowest risk displayed
by Offices, both in London. The data thus showing a degree of risk and return ingability
found in other studies. Indeed statigtical tests of the data, not shown here, rgject Sationarity
in the mean return vector and the variance/covariance matrix in practicdly al sub-periods,
both adjacent and nonradjacent (see Lee, 1998 for an explanation of the tedts).
Consequently it would be no surprise that ex-post efficient portfolios perform badly in
subsequent periods.

5. Empiricd Andyss

The estimated dlocations obtained in this sudy are displayed in Charts 1 through 5. 1t can
be seen that across dl five dternative drategies, there is a high degree of indability in the
dlocations, with large movements between the different sectors. In addition, there are quite
substantia differences between the different approaches. It is however clear that the use of
the Bayes-Stein gpproach, and even more o, the minimum-variance portfolio, does see a
reduction in the magnitude of the extreme movements that clearly occur within the classicd

tangency approach.

The empirical andyss undertaken in this study then examines the potentid impact of
edimation error. To assess the relative importance of errors in the mean, variance and
covariance inputs, we use a smilar methodology to that adopted by Chopra & Ziemba
(1993) and Stevenson (2000a). Assuming that the higorica estimates are the true



population figures we estimate a base efficient portfolio. To assess the impact of estimation
error in the mean, we replace the historical estimate T, for asset i with T,(1+kz; ), wherek

is dlowed to vary between 0.05 to 0.30 to assess the impact of different magnitudes of
errors and z has a sandard norma ditribution. Similar corrections are then performed with
respect to the variance and covariance. In each case the remaining two parameters are | eft
undtered, while the procedure is completed 100 times for each vaue of k for adifferent set
of zvaues. The mean absolute difference from the historica estimates is then calculated for
each vadue of k. Table 2 shows the results and it is immediatdy gpparent that the mean is
potentialy responsible for a far greater degree of error than the two risk parameters.
Whereas changes with the variance and covaiance have minimd impacts on the
performance of the optimal portfolios, a an error equa to k=0.3, the mean results in amean
absolute difference of 33.12%. Not only does these findings confirm studies such as
Chopra & Ziemba (1993) with regard to equities and Stevenson (2000a), who analysed
red edate securities, but there adso support the decison to examine the ex-ante
performance of the minimum-variance portfolio. As dated earlier, the attraction of andysing
such a drategy is that the dlocations are determined purdly by the two risk parameters.

Table 3 provides details of the initid empiricd andyds of ex-ante performance. The results
show the out-of-sample performance of the various dterndtive drategies, over a two-year
horizon. The results are shown for each of five two-year periods, thus the results for period
2, arefor those portfolios based on data for 1987 and 1988, with their performance in 1989
and 1990. The reaults for the overdl sample period are dso displayed. Table 2 promotes
the following comments. Frs if we congder the overdl reaults it is clear that dl the
investment srategies, with the exception of Bayes-Stein 111, offered greater returns than the
IPDMI, but by no more than 10 basis points per month. In addition in al but one case
(Bayes-Stein 1) the investment Strategies offered these increased returns at lower risk.

Consequently al drategies achieved higher risk-adjusted performance than the benchmark
of market performance in the long run. In contrast none of the investment drategies
produced higher returns than te nai ve portfolio. However, the invesment Strategies dl

showed lower risk and consequently higher risk adjusted performance. This performance
however is not consggtent across al sub-periods. In particular in Period 2 the nai ve
portfolio and the consensus benchmark showed considerably higher returns with only limited
increase in risk and consequently vastly superior risk adjusted performance than dl the
invesment drategies. This may be due the fact that the portfolio weights used in Period 2
are based on the returnsin Period 1, which as Table 1 shows corresponds with the market
boom. Period 2 in contrast covers the start of the market decline thus the portfolio weights
based on a boom period failed badly in a market decline confirming the results of Mueller
and Laposa (1995), Meyer and Webb (1991) and Pagliari, et a (1995). However, in
Period 3 dl the investment drategies show greater return performance than the nai ve
portfolio and the market benchmark (IPDMI), as the portfolio weights (based on the
performance of Period 2) are now reflecting the market decline. This reflects the fact that
the nai ve portfolio contains both good and bad market segments, whereas the dternative
drategies will be holding little or nothing in these segments. In the later periods the different
investment strategies tend to produce results comparable with both benchmarks with no one
drategy proving superior in dl periods.



Secondly the results of the Jobson and Korkie tests, detailed in Table 3, indicate that there
is no dgnificant difference in risk-adjusted performance between any of the different
investment drategies and the benchmarks of peformance. However this is not too
surprising as Jobson and Korkie (1981) and Jorion (1985) both note that the test does not
have strong power and sgnificant results are unusud.

Findly two clear differences can be found between the results here and those sudies which
have examined similar drategies in equity and fixed income securities. Previous studies, such
as Jorion (1985), Chopra, Hensal & Turner (1993) and Stevenson (1999, 2000a), have
found smilar results in that the classicd tangency portfolios performs wors ex-ante, and
while the use of Bayes Stein estimators does lead to improvements in performance, the best
performance comes from the minimum-variance srategy. These findings are however, not
confirmed by the current study and are consstent with the findings of Stevenson (2000c) in
his andyss of the American red edate market. None of the dterndive drategies
consgtently outperform the nai ve or market benchmarks, indeed in the individua periods
the minimum variance portfolio tends to perform worse than ether of the benchmarks and
the dternative tangency portfolios. In only one time period, 1989-1990 constructed using
1987-1988 data, does the MV P portfolio outperform on a risk-adjusted basis, any of the
other drategies. In contradt, in each of the five individud periods the Sharpe tangency
portfolio performs the best of the dternative strateges, dthough, in line with previous red
edae sudies, it generdly 4ill fallsto outperform ether of the two benchmarks.

The contrast with the findings from the capitd marketsis gpparent. The attractiveness of the
minmum-risk strategy and the poor performance of the classica tangency approach have
been linked to the financid economics literature on contrarian Strategies and mean reverson
(Richards, 1997 and Stevenson, 1999, 2000a). However, due to the differing
characterigtics of red edtate in comparison to capita market assets, and in particular
property’s cyclical nature, it would be unlikely that performance could reverse over such
short holding periods. This cyclicd naure may dso be responsble for the srong
performance of the tangency portfolios, and in particular the classca Sharpe portfalio,
which may be due to a momentum effect in property, which would again tend to last longer
than corresponding effectsin the equity or bonds markets.

The results in Table 3 supposes that nvestors will only evauate ther portfolio every two
years, wheress it seems more reasonable to assume that the fund manger will monitor their
portfolios more frequently. This section, therefore, reassess the performance of the ex-post
investment drategies on arolling basis. In other words a second analys's was performed
with a ralling 24-month estimation period every three, Sx and twelve months. The use of
different re-estimation periods it is hoped will give an indicaion of the trade-off of more
frequent portfolio reviews againg transaction costs. That is more frequent re-esimation
should provide greater portfolio performance while the longer review periods will minimise
transaction costs.

Theresultsin Table 5 like Table 3 show a number of fegtures of interest. First asthereview
period decreases the return performance improves, as is to be expected, but not by any
ggnificant amount. For example the returns of the Bayes-Stein |1 strategy do not change



from the three to sx month review periods and only declines by 30 basis points to 0.72%
per month for the yearly review. Indeed for the two-year review period shown in Table 3
the returns once again increase to 0.73% per month. Similar results can be seen for the
other drategies. In addition reducing the review period as little or no impact in reducing
portfolio risk. Indeed there is generdly a dight increase in risk the greeter the frequency of
review. This implies that increasing the frequency of the review period as little impact on
risk-adjusted return performance. Thus any benefit from more frequent reviews would be
eadly iminated by increased transaction cods.

Secondly as seen in Table 3 there are marked differences in performance in the sub- periods,
especidly in Periods 2 and 3. Once again dl the investment strategies generdly show poor
performance in Period 2 especidly againgt the nai ve portfolio with the switch from boom to
decline. But as expected this is less s0 for the three-month review strategy, as such an
approach will be reacting more quickly to the market change. Consequently the longer the
review the worse the performance. In Period 3 as suggested by the results in Table 2 with
the exception of the MVP grategy, for the three-monthly review period, dl the dterndive
investment drategies now not only out perform the IPDMI benchmark but also show better
performance than the nai' ve Strategy.

Findly in line with the results in Table 3 the MVP investment drategy tends to under-
perform, while the tangency portfolios tend to outperform other strategies, however, not the
two benchmarks’. The results aso provide further support to the argument that the reason
that the MV Ps performs so well in the equity and fixed income markets is due to the picking
of contrarian effects, while the more long term nature of red etate cycles, meansthat such a
drategy hes little advantages over such short horizons. The results also support the findings
of Stevenson (2000c) in his andysis of the NCREIF indices in the United States. This study
found that out-performance only occurred at longer horizons of around five years, a which
point the MVP approach started to out-perform both the tangency portfolios and the
benchmark indices.

Conclusions

Madura and Abernathy (1986) conclude that there is a vast difference between “ potentia
gans’ from an ex-post andyss and “redised gains’ from an ex-ante andyss. Thisistrue
for equity, fixed income and securitised red estate portfolios dike and is confirmed in this
study for the direct red estate market. However, techniques such as Bayes- Stein estimation
and the use of the MV P, which have yidded promisng ex-ante results in capita market
dudies, are not completely successful in improving out-of-sample performance in this case.
It is hypothesised that such results are due to the cyclical nature of property and that the
contrarian and mean-reverson effects picked up in studies of stocks and bonds are not
captured when an asset such as direct property is examined. This concluson is dso
supported by the strong performance of the tangency portfolios, and in particular the
classca unadjusted Sharpe portfolio, over the shorter horizons, which would be consstent
with a cydica momentum effect.

2 The Jobson & Korkie statistics are contained in the appendix for the three holding periods and as with
the two-year analysis, are mostly insignificant.



Possible extensons of this work would be investigate the effect of shortening the ex-post
time horizon over which the portfolio weights are estimated thereby hopefully making the
results more sengtive to recent market conditions. This gpproach, however, has the
disadvantage that the number of time periods used to estimate the portfolio inputs will be
less than the number of asset classes leading to problems of rank in the covariance matrix
and the inadmissbility of its use in the optimisation, see Ong and Ranasinghe (2000).
However, recently Ledoit (1999) has developed a flexible Stein based estimation method
that not only alows for the covariance matrix too be calculated in the face of such a Stuation
but sgnificantly improves the sample covariance edimation and the sability of MPT
optimisation.  In addition recent unpublished research by one the authors (Lee, 2000)
suggests that a number of return-weighting schemes that gives grester weight to the most
recent data can be used within the portfolio context with good results in ex-ante
performance, without reducing the estimation period. In particular it was found that not only
did the adaptive-weighted returns out perform the IPDMI benchmark portfolio but showed
greater performance than both the unweighted return approach and the naively congtrained
portfolio. Incorporating these adaptive weighted-returns into the Bayes-Stein approach
therefore may improve the ex-ante performance of these invessment drategies, especialy as
the market moves from boom to bust.

The andyss could dso be extend by taking into condderation the effects of transaction
cods and taxes on the gains from diverdfication within the real estate portfolio. The issue of
transaction costs is of particular importance when one is concerned with arolling strategy as
used in this study. However, the result above in Table 5 indicate thet there is little benefit to
be ganed by reducing the review period and S0 increasing the transaction cods.
Furthermore, in order to robustly andyse the transaction cost issue would involve the
incorporaion of a number of assumptions concerning investor behaviour. In particular it
would be necessary to examine in detail the most appropriate holding period for red estate
and to accurately assess redistic cogts, which to a large degree would be guided by the
issue of illiquidity. Theilliquid nature of red estate means that assumptions would have to be
made concerning the level of movement that would be dlowed within each specified holding
period. For example, in the rolling andysis it would be totaly unredigtic to assume that
changes in the dlocations could occur immediatdy, especidly with the one-year andyss. It
would therefore, be required to place further redtrictions on the percentage change that
would be feasble within the specified holding period and to assume that such a change
occurred gradually over the same period. If the andyss were to be extended into a multi-
asset scenario then further issues would arise, such asthe different holding periods the assets
are held over and the issue of time diversfication, which remains a controversa subject itself
within the finance literature. However, the result above in Table 5 indicate thet thereis little
benefit to be gained by reducing the review period and so increasing the transaction cods.
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Table 1 The Risk and Return Characteristics of Sector and Regional Indices
Per cent per Month 1987:1to 1998:12

Period Period 1 Period 2 Period 3 Period 4 Period 5 Period 6

Sector/Region Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Retail

London 188 111 002 083 006 045 116 09% 066 040 127 053
South East 141 077 008 09 028 048 123 099 034 039 092 035
Rest of UK 137 057 011 077 042 042 143 101 054 034 111 038
Office

London 220 103 017 134 -113 057 102 098 064 030 118 047
South East 168 126 047 139 -049 039 110 114 041 043 116 031
Rest of UK 188 127 133 17/ 008 048 110 106 039 032 08 028
Industrial

London 214 154 07 163 030 05 116 101 062 031 130 041
South East 239 100 08 126 007 062 103 08 052 041 124 034

Rest of UK 249 131 113 143 068 053 154 118 052 035 098 029




Chart 1: Classical Tangency Allocations
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Chart 2: Bayes-Stein | Allocations
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Chart 3: Bayes-Stein Il Allocations
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Chart 4: Bayes-Stein Il Allocations
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Chart 5: Minimum-Variance Allocations
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Table 2: Impact of Estimation Error

7=
M eans
Variances
Covariance
S
0.05 5.52% 0.16% 0.04%
0.10 11.04% 0.26% 0.07%
0.15 16.56% 0.44% 0.11%
0.20 22.08% 0.72% 0.19%
0.25 27.60% 1.19% 0.30%

0.30 33.12% 1.96% 0.48%




Table 2: Risk Return Performance

Return Risk Sharpe Ratio

Period 2

Sharpe 0.17 0.97 0.17
Bayes-Stein | 0.12 0.83 0.15
Bayes-Stein |l 0.10 0.78 0.12
Bayes-Stein |11 0.12 0.82 0.15
MVP 0.09 0.78 0.12
Naive 054 1.18 0.46
Market 0.38 1.08 0.35
Period 3

Sharpe 041 0.46 0.90
Bayes-Stein | 0.22 053 0.42
Bayes-Stein |l 0.36 0.35 1.02
Bayes-Stein |11 0.07 0.62 0.11
MVP 0.33 0.37 0.89
Naive 0.03 0.32 0.09
Market -0.03 0.33 -0.1
Period 4

Sharpe 1.39 1.03 134
Bayes-Stein | 1.26 0.97 129
Bayes-Stein Il 154 1.18 131
Bayes-Stein |11 1.23 0.96 1.28
MVP 1.20 1.00 1.20
Naive 1.20 0.97 124
Market 1.24 0.97 127
Period 5

Sharpe 054 0.34 1.60
Bayes-Stein | 054 0.34 1.60
Bayes-Stein Il 0.56 0.35 157
Bayes-Stein |11 0.55 0.37 1.49
MVP 054 0.37 1.46
Naive 0.52 0.29 175
Market 051 0.31 1.63
Period 6

Sharpe 118 0.35 3.37
Bayes-Stein | 113 0.32 3.57
Bayes-Stein Il 112 0.32 352
Bayes-Stein |11 113 0.32 357
MVP 112 0.32 352
Naive 111 0.29 3.77
Market 119 0.3 393
Overall

Sharpe 0.73 0.82 1.10
Bayes-Stein | 0.65 0.79 1.04
Bayes-Stein Il 0.73 0.86 1.00
Bayes-Stein |11 0.62 0.82 0.93
MVP 0.66 0.76 115
Naive 0.89 0.95 094
Market 0.63 0.83 0.76




Table 3: Jobson-Korkie Statisticsfor 2 year Holding Periods

| Period 2 Market Naive MVP Sharpe BSI BSII
Naive -0.1232
MVP 0.2456 0.3699
Sharpe 0.2136 0.3370 -0.0294
Bayes-Stein | 0.2165 0.3400 -0.0272 0.0021
Bayes-Stein | 0.2448 0.3690 -0.0008 0.0285 0.0264
Bayes-Stein |11 0.2135 0.3371 -0.034 -0.0011 -0.0032 -0.0296
Period 3
Naive -0.2150
MVP -1.1546 -0.9638
Sharpe -1.2556 -0.9309 -0.0667
Bayes-Stein | -0.6984 -0.4003 0.8538 0.5296
Bayes-Stein || -1.3471 -1.1319 -0.1861 -0.1766 -1.0368
Bayes-Stein 111 -0.3061 -0.0248 1.8967 0.9537 0.3385 2.0263*
Period 4
Naive 0.0355
MVP 0.0785 0.0429
Sharpe -0.0791 -0.1145 -0.1578
Bayes-Stein | -0.0208 -0.0564 -0.0996 0.0579
Bayes-Stein 11 -0.0459 -0.0815 -0.12%4 0.0342 -0.0244
Bayes-Stein 111 -0.01%4 -0.0509 -0.0941 0.0634 0.004 0.0300
Period 5
Naive -0.1301
MVP 0.0674 0.1990
Sharpe 0.0392 0.1634 -0.0261
Bayes-Stein | 0.0392 0.1684 -0.0261 0.0000
Bayes-Stein |1 0.0676 0.1992 0.0002 0.0263 0.0263
Bayes-Stein 111 0.1602 0.2887 0.0877 0.1149 0.1149 0.0875
Period 6
Naive -0.2171
MVP 0.0558 0.2762
Sharpe 0.2237 0.4406 0.1634
Bayes-Stein | 0.0035 0.2251 -0.0499 -0.2137
Bayes-Stein 1 0.0560 0.2764 0.0002 -0.1632 0.0501
Bayes-Stein 11 -0.0012 0.2205 -0.0545 -0.2184 -0.0045 -0.0547
Overall
Naive -0.0578
MVP -0.1125 -0.0535
Sharpe -0.1438 -0.0848 -0.0306
Bayes-Stein | -0.0678 -0.0082 0.0443 0.0734
Bayes-Stein || -0.1046 -0.0447 0.0091 0.0397 -0.0351
Bayes-Stein 111 0.0039 0.0642 0.1169 0.1451 0.0694 0.1083



Table 4: Rolling Risk Return Performance

Threa-Mnanthlv Raview Si v-M nnthlv Raview Y ear v Reviiewn
Perind 2 Ratiirn Ricl Sharne Ratirn Rick Sharne Reatiirn Rick Sharne
Market 0.38 1.08 0.35 - - - - - -
Naive 0.54 1.18 0.46 - - - - - -
MVP 0.27 0.84 0.33 0.22 0.80 0.28 0.15 0.75 0.20
Classical 0.39 0.88 0.44 0.31 0.86 0.36 0.20 0.82 0.25
Bayes-Stein | 0.37 0.86 0.43 0.30 0.83 0.36 0.18 0.81 0.22
Bayes-Stein |1 0.29 0.84 0.35 0.24 0.79 0.30 0.16 0.75 0.22
Bayes-Stein 11 0.37 0.85 0.44 0.30 0.81 0.38 0.18 0.82 0.22
Period 3
Market -0.03 0.33 -0.10 - - - - - -
Naive 0.03 0.32 0.09 - - - - - -
MVP -0.03 0.38 -0.07 0.03 0.44 0.06 0.10 0.37 0.28
Classical 0.60 0.52 1.16 0.57 0.52 1.10 0.51 0.44 117
Bayes-Stein | 0.38 0.50 0.75 0.36 0.49 0.74 0.32 0.46 0.70
Bayes-Stein |1 0.57 0.54 1.06 0.58 0.53 1.08 0.42 0.42 0.99
Bayes-Stein I11 0.28 0.54 0.53 0.28 0.51 0.54 0.23 0.48 0.47
Period 4
Market 124 0.97 127 - - - - - -
Naive 12 0.97 124 - - - - - -
MVP 124 1.07 1.16 1.26 1.04 121 122 0.99 123
Classical 152 122 1.25 154 121 1.27 147 1.19 123
Bayes-Stein | 1.36 1.16 117 1.39 114 122 1.32 1.07 123
Bayes-Stein |1 133 1.07 124 1.38 1.04 1.34 141 1.02 1.38
Bayes-Stein I11 125 1.04 121 1.26 1.01 124 1.18 0.93 1.27
Period 5
Market 0.51 0.31 1.63 - - - - - -
Naive 0.52 0.29 1.75 - - - - - -
MVP 0.57 0.34 1.69 0.55 0.34 164 0.53 0.36 1.49
Classical 0.58 0.32 1.83 0.56 0.33 172 0.53 0.34 153
Bayes-Stein | 0.57 0.33 172 0.56 0.33 1.68 0.54 0.35 154
Bayes-Stein |1 0.57 0.34 1.65 0.55 0.34 161 0.53 0.36 1.49
Bayes-Stein I11 0.56 0.35 1.62 0.55 0.35 157 0.53 0.37 144
Period 6
Market 1.09 0.30 357 - - - - - -
Naive 111 0.29 3.77 - - - - - -
MVP 0.98 0.28 347 0.99 0.29 3.39 1.07 0.30 3.62
Classical 1.03 0.30 344 1.03 0.31 334 113 0.32 351
Bayes-Stein | 0.99 0.28 3.52 0.99 0.29 3.40 1.07 0.30 3.64
Bayes-Stein |1 0.98 0.28 3.47 0.99 0.29 3.39 1.07 0.30 3.62
Bayes-Stein I11 0.99 0.28 3.52 0.99 0.29 3.40 1.07 0.29 3.64
Overall
Market 0.63 0.83 0.76 - - - - - -
Naive 0.89 0.95 0.94 - - - - - -
MVP 0.61 0.80 0.76 0.61 0.79 0.77 0.62 0.76 0.81
Classical 0.83 0.83 0.99 0.80 0.84 0.95 0.77 0.84 0.92
Bayes-Stein | 0.73 0.80 0.92 0.72 0.80 0.90 0.69 0.79 0.87
Bayes-Stein |1 0.75 0.76 0.98 0.75 0.76 0.98 0.72 0.77 0.93

Bayes-Stein Il 0.69 0.76 0.91 0.68 0.75 0.90 0.64 0.75 0.85



Appendix

Table Al: Jobson-Korkie Statisticsfor 3 Month Holding Periods

| Period 2 Market Naive MVP Sharpe BSI BSII
Naive -0.1232
MVP 0.0230 0.1485
Sharpe -0.1012 0.0252 -0.1223
Bayes-Stein | -0.0921 0.0337 -0.1133 0.0085
Bayes-Stein 11 0.0016 0.1276 -0.0210 0.1005 0.0918
Bayes-Stein 111 -0.0978 0.0271 -0.1199 0.0021 -0.0065 -0.0988
Period 3
Naive -0.2150
MVP -0.0436 0.1926
Sharpe -1.6481 -1.3003 -1.5483
Bayes-Stein | -1.0822 -0.7712 -0.9871 0.4662
Bayes-Stein |1 -1.6047 -1.2743 -1.5998 0.1091 -0.3952
Bayes-Stein |11 -0.8091 -0.5147 -0.7440 0.7757 0.2452 0.7414
Period 4
Naive 0.0355
MVP 0.1138 0.0783
Sharpe 0.0229 -0.0130 -0.0920
Bayes-Stein | 0.1046 0.0687 -0.0098 0.0811
Bayes-Stein 1 0.0277 -0.0081 -0.0863 0.0049 -0.0764
Bayes-Stein |11 0.0701 0.0345 -0.0438 0.0479 -0.0343 0.0423
Period 5
Naive -0.1301
MVP -0.0665 0.0728
Sharpe -0.2300 -0.0881 -0.1510
Bayes-Stein | -0.0982 0.0387 -0.0309 0.1195
Bayes-Stein || -0.0180 0.1187 0.0438 0.1%47 0.0747
Bayes-Stein 111 0.0073 0.1425 0.0671 0.2178 0.0979 0.0232
Period 6
Naive -0.2171
MVP 0.1162 0.3492
Sharpe 0.1514 0.3850 0.0323
Bayes-Stein | 0.0606 0.2937 -0.0502 -0.0830
Bayes-Stein 11 0.1155 0.3486 -0.0006 -0.0329 0.0496
Bayes-Stein 111 0.0619 0.2950 -0.0490 -0.0819 0.0012 -0.0485
Overall
Naive -0.0578
MVP 0.0003 0.0597
Sharpe -0.2544 -0.1939 -0.2494
Bayes-Stein | -0.1684 -0.1085 -0.1650 0.0785
Bayes-Stein 1 -0.2403 -0.1798 -0.2350 0.0144 -0.0648

Bayes-Stein 111 -0.1549 -0.0956 -0.1527 0.0922 0.0118 0.0777



Table A2: Jobson-K orkie Statistics for 6 Month Holding Periods

| Period 2 Market Naive MVP Sharpe BSI BSII
Naive -0.1232
MVP 0.0778 0.2025
Sharpe -0.0108 0.1145 -0.0875
Bayes-Stein | -0.0101 0.1149 -0.0866 0.0006
Bayes-Stein || 0.0562 0.1814 -0.0215 0.0654 0.0647
Bayes-Stein 11 -0.0317 0.0928 -0.1080 -0.0209 -0.0214 -0.0865
Period 3
Naive -0.2150
MVP -0.2093 0.0437
Sharpe -15758 -1.2266 -1.3322
Bayes-Stein | -1.0684 -0.7588 -0.8514 0.4060
Bayes-Stein || -1.6088 -1.2838 -1.4535 0.0223 -0.4243
Bayes-Stein |11 -0.8244 -0.5340 -0.6312 0.6650 0.2116 0.7256
Period 4
Naive 0.0355
MVP 0.0689 0.0335
Sharpe -0.0005 -0.0363 -0.0704
Bayes-Stein | 0.0559 0.0201 -0.0135 0.0561
Bayes-Stein |1 -0.0701 -0.1057 -0.1392 -0.0698 -0.1258
Bayes-Stein 111 0.0317 -0.0039 -0.0374 0.0327 -0.0241 0.1018
Period 5
Naive -0.1301
MVP -0.0073 0.1283
Sharpe -0.0971 0.0386 -0.0849
Bayes-Stein | -0.0513 0.0827 -0.0416 0.0429
Bayes-Stein |1 0.0211 0.1550 0.0263 0.1112 0.0681
Bayes-Stein 11 0.0699 0.2015 0.0721 0.1566 01134 0.0456
Period 6
Naive -02171
MVP 0.2196 0.4537
Sharpe 0.2828 0.5175 0.0559
Bayes-Stein | 0.2115 0.4460 -0.0077 -0.0636
Bayes-Stein || 0.2191 0.4532 -0.0004 -0.0563 0.0072
Bayes-Stein 11 0.2121 0.4465 -0.0072 -0.0631 0.0004 -0.0068
Overall
Naive -0.0578
MVP -0.0076 0.0520
Sharpe -0.2105 -0.1500 -0.1975
Bayes-Stein | -0.1456 -0.0859 -0.1348 0.0587
Bayes-Stein || -0.2387 -0.1783 -0.2244 -0.0253 -0.0849

Bayes-Stein 111 -0.1451 -0.0859 -0.1351 0.0591 -0.0007 0.0851



Table A3: Jobson-K orkie Statisticsfor 1 Year Holding Periods

| Period 2 Market Naive MVP Sharpe BSI BSII
Naive -0.1232
MVP 0.1642 0.2890
Sharpe 0.1078 0.2329 -0.0551
Bayes-Stein | 0.1362 0.2613 -0.0271 0.0278
Bayes-Stein || 0.1428 0.2684 -0.0216 0.0333 0.0054
Bayes-Stein 11 0.1439 0.2688 -0.0191 0.0357 0.0079 0.0025
Period 3
Naive -0.2150
MVP -04724 -0.2226
Sharpe -1.5884 -1.2674 -1.1557
Bayes-Stein | -1.0037 -0.7087 -0.5559 05396
Bayes-Stein || -1.4059 -1.1595 -1.0090 0.2224 -0.4430
Bayes-Stein |11 -0.7397 -0.4595 -0.2787 0.8632 0.2465 0.8937
Period 4
Naive 0.0355
MVP 0.0449 0.0093
Sharpe 0.0458 0.0095 0.0001
Bayes-Stein | 0.0396 0.0035 -0.0059 -0.0059
Bayes-Stein || -0.1132 -0.1483 -0.1583 -0.1599 -0.1537
Bayes-Stein 111 -0.0013 -0.0370 -0.0462 -0.0471 -0.0407 0.1119
Period 5
Naive -0.1301
MVP 0.1611 0.2009
Sharpe 0.1086 0.2360 -0.0467
Bayes-Stein | 0.0967 0.2238 -0.0585 -0.0115
Bayes-Stein |1 0.1613 0.2911 0.0002 0.0468 0.0586
Bayes-Stein 111 0.2162 0.3413 0.0535 0.1001 0.1116 0.0534
Period 6
Naive -0.2171
MVP -0.0539 0.1743
Sharpe 0.0647 0.2912 0.1122
Bayes-Stein | -0.0754 0.1538 -0.0198 -0.1321
Bayes-Stein || -0.0537 0.1745 0.0002 -0.1119 0.0201
Bayes-Stein 11 -0.0768 0.1525 -0.0212 -0.1334 -0.0013 -0.0214
Overall
Naive -0.0578
MVP -0.0459 0.0136
Sharpe -0.1714 -0.1113 -0.1209
Bayes-Stein | -0.1144 -0.0547 -0.0664 0.0527
Bayes-Stein || -0.1853 -0.1260 -0.1341 -0.0138 -0.0676

Bayes-Stein 111 -0.0944 -0.0350 -0.0475 0.0727 0.0187 0.0873



