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Abstract

A robust assessment of asymmetric dependence is crucial for determining the bene-
fits of diversification associated with including real estate in mixed-asset portfolios,
but analysing asymmetric dependence is a complex, multi-dimensional problem. Us-
ing Monte Carlo simulations, we identify the most suitable metric of asymmetric de-
pendence out of a range of methodologies commonly employed in real estate finance:
the Adjusted J statistic (Alcock and Hatherley, 2010). We employ this statistic to
empirically examine the dependence structures in a large sample of U.S. Real Estate
Investment Trusts (REITs) and a broad range of benchmark assets over the period
1997-2010. Our results suggest that when we control for linear dependence and focus
on the strength, direction and statistical significance of higher-order, asymmetric
dependence, the benefits of diversification offered by REITs are stronger than some-
times reported, while the dependence with bonds appears to be more complex than
previously assumed.
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1 Introduction

Characterising the dependence structure between investment returns from financial

securities is a multi-dimensional problem that becomes especially complex in the

presence of asymmetry. 1 A well diversified portfolio protects investor wealth dur-

ing bear markets, but the existence of lower tail dependence implies that benefits

of diversification are substantially reduced in these periods. The correct assessment

of lower tail dependence in returns from listed real estate securities is of particular

interest, as benefits of diversification typically represent a major rationale for in-

cluding real estate in a mixed-asset portfolio (Baum, 2002; Georgiev, Gupta, and

Kunkel, 2003).

In this study, we provide a simulation-based framework for identifying the most

suitable method to assess complex dependence structures. Suitability here refers

to the ability to correctly indicate higher-order, asymmetric dependence and to

distinguish this from linear dependence. We find that the Adjusted J statistic (Alcock

and Hatherley, 2010) enables a more robust assessment of higher-order, asymmetric

dependence structures than competing methods. We then utilise the Adjusted J to

empirically explore the relationships between a large sample of U.S. REITs and a

set of various benchmark assets over the period 1997-2010. In summary, our results

suggest that after controlling for linear dependence, asymmetric dependence between

the returns from REITs and other asset classes is less prevalent than previous studies

suggest. These findings suggest that REITs are a more attractive diversifying asset

class than previously thought. However, the relationship between REIT returns and

the returns on debt instruments appears to be richer than usually assumed.

Research into asymmetric dependence structures in real estate is developing rapidly,

especially since the global financial crisis. To our knowledge, we offer the first compre-

hensive critical assessment of the most common methods of analysing time-varying

and potentially asymmetric dependence structures in real estate: the CAPM beta,

multivariate GARCH models, copula functions, and a set of recently developed test

statistics. This study therefore improves our understanding of the conclusions that

can be drawn from existing research in light of the strengths and weaknesses of the

methods employed. Future empirical research that relies on the method we recom-

mend on the basis of its performance in simulations can provide statistically robust

1 Asymmetric dependence can be defined as the unequal likelihood and scale of jointly positive and negative
returns from two or more financial assets (Hatherley and Alcock, 2007).
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insight into asymmetric dependence patterns.

Specifically, our simulations suggest that the Adjusted J statistic produces more sta-

tistically robust insight into higher-order, asymmetric dependence than competing

methods. The Adjusted J is a non-parametric measure based on relative exceedance

correlations that controls for the influence of linear dependence as measured by the

familiar CAPM beta. Using the Adjusted J statistic we thus decompose dependence

into its various dimensions and determine the strength, direction and statistical

significance of non-linear, asymmetric dependence beyond linear dependence. Our

approach allows us to provide a novel, statistically robust perspective on the de-

pendence structures in returns from listed real estate securities that has important

implications for asset allocation, portfolio construction and risk management.

When controlling for linear dependence, we find no evidence of asymmetric depen-

dence between U.S. REITs and global stocks, commodities or the S&P 500 Com-

posite and Small Cap indices. The benefits of diversification involved in combining

REITs with these assets appear to be stronger than is sometimes suggested. We

find evidence for upper tail dependence combined with negative linear dependence

between the returns on U.S. REITs and debt, an intriguing result that warrants

further research. Further results include some evidence for lower tail dependence

between U.S. REITs and the S&P Mid Cap index. Higher-order, asymmetric depen-

dence may need to be accounted for in portfolios including these assets to achieve the

desired level of protection during bear markets. Our findings are most poignant on

the daily frequency as the central limit theorem smoothes out asymmetries for lower

frequencies, implying that REITs are best considered a long-term asset. Asymme-

try appears to be more relevant in price returns than total returns, suggesting that

asymmetries seem to be caused by the capital value component of returns, rather

than the income component. Lastly, while linear dependence appears to exhibits

an upward trend, this is not the case for asymmetric dependence. In spite of the

global financial crisis in the later part of the study period, we find little evidence

for asymmetric dependence after the inclusion of REITs into broader stock market

indices.

We proceed as follows: Section 2 considers dependence as a multi-dimensional prob-

lem and categorises the dependence metrics we assess based on the dimension of

dependence they attempt to capture. Section 3 reviews the relevant empirical litera-

ture. Section 4 assesses the performance of the most common dependence metrics in
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real estate using Monte Carlo simulations. Section 5 provides details on the empiri-

cal application of the best-performing metric to a large sample of U.S. REIT returns

and a broad range of benchmark assets. Section 6 presents the empirical results, and

Section 7 concludes.

2 Dependence as a multi-dimensional problem

Modelling dependence forms part of describing a joint distribution of random vari-

ables. Consider the Edgeworth expansion to describe a bivariate distribution H(x, y)

H(x, y) = Φ(x, y; ρ) +
∑

r+s≥3

(−1)r+s Ars

r!s!
Dr−1

1 Ds−1
2 φ(x, y; ρ); (1)

where Φ(x, y; ρ) is a standard bivariate normal distribution of random variables

(x, y) with correlation coefficient ρ, φ(x, y; ρ) is the corresponding standard bivariate

normal density function, and D1 = ∂/∂x, D2 = ∂/∂y and Ars are functions of co-

moments of (X,Y ) that depend on (r+s) (Hall, 1992). This representation illustrates

the multi-dimensionality of dependence. The joint distribution of any two random

variables (X,Y ) can be approximated by a combination of a standard bivariate

normal distribution and a potentially infinite number of higher-order co-moments.

The CAPM (Lintner, 1965; Mossin, 1966; Sharpe, 1964) relies on the correlation co-

efficient ρ as a complete description of the dependence between between (X,Y ). The

standard normal distribution is unique in that it is fully described by the first two

moments. Reliance on the CAPM beta as a dependence metric thus assumes that

returns are multivariate normal or that higher-order co-moments are irrelevant. Mul-

tivariate GARCH models consider linear dependence as a function of time, volatility,

and/or the prevailing state of the market. Asymmetric dependence is considered to

the extent that correlations may respond significantly to negative return shocks.

However, these models continue to focus on the linear dimension of dependence and

thus truncate (1) after r + s = 2 also.

Copulas aim to model H(x, y) without making distributional assumptions. They

commonly rely on a small number of parameters that simultaneously determine the

location, slope and shape of H(x, y). The resulting description may thus be a poor

approximation of H(x, y). Copulas attempt to capture all dimensions of H(x, y),

albeit at the cost of attributing dependence characteristics to specific dimensions.

Ang and Chen (2002) propose the J statistic to assess the statistical significance of
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the difference between exceedance correlations (Longin and Solnik, 2001) in opposing

quadrants of the joint distribution of standardised returns. The J statistic evaluates

whether the data displays any asymmetry at all, irrespective of its source. The

Adjusted J (Alcock and Hatherley, 2010) focuses on asymmetric dependence after

explicitly controlling for the effects of the linear dimension of dependence.

3 Evidence for complex dependence structures in real estate

The benefits of diversification associated with including real estate in a mixed-asset

portfolio are typically established on the basis of low average correlation (Baum,

2002; Georgiev, Gupta, and Kunkel, 2003). Consistently, REITs appear to display

below-market levels of systematic risk as measured by the familiar CAPM beta

(Chan, Hendershott, and Sanders, 1990; Glascock and Hughes, 1995; Howe and

Shilling, 1990). However, the sensitivity of REIT returns to returns on stocks, bonds

and direct real estate appears to be cyclical (Clayton and McKinnon, 2001). Some

authors suggest that REITs exhibit lower systematic risk in bear markets (Glascock,

1991; Glascock, Michayluk, and Neuhauser, 2004).

Studies that employ multivariate GARCH models allowing for time-variation in

conditional correlations provide a more sophisticated view on the evolution of linear

dependence patterns in returns from listed real estate securities. Evidence suggests

that correlations, and thus benefits of diversification between listed real estate secu-

rities, such as REITs, and stocks tend not to be time-invariant. Instead, they may

fluctuate around a positive trend, as reported in Cotter and Stevenson (2006). Struc-

tural breaks in the REIT history, such as the introduction of REITs into broader

stock market indices, appear to demarcate different correlation regimes (Case, Yang,

and Yildirim, 2010). These results provide evidence for significant time-variation in

conditional correlations, and therefore in benefits of diversification.

More specifically, time-variation in conditional correlations appears to be a function

of the prevailing level of volatility. Chong, Miffre, and Stevenson (2009) present evi-

dence that the pairwise correlations between U.S. REITs and stocks as well as bonds

respond positively to higher volatility in those markets, while the opposite appears to

be the case for the relationships with government securities and commodities. Liow,

Ho, Ibrahim, and Chen (2009) extend this analysis to pairs of international listed real

estate securities markets as well as the relationships with the corresponding national

stock markets. They confirm the positive relationship between conditional correla-
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tions of listed real estate securities and stocks and the prevailing level of volatility.

These findings suggest that not only are benefits of diversification time-variant, but

they appear to dissipate in periods of higher uncertainty.

Some studies report evidence for asymmetry, i.e. disproportionately stronger re-

sponses in conditional correlations of listed real estate securities to negative than

to positive return shocks, in daily returns (Fei, Ding, and Deng, 2010; Liow, 2009;

Yang, Zhou, and Leung, 2010). These results are confirmed by studies applying al-

ternative asymmetric multivariate GARCH specifications (Hoesli and Reka, 2010;

Michayluk, Wilson, and Zurbruegg, 2006).

Empirical evidence from copula studies suggests significant lower tail dependence

in the returns from listed real estate securities. Several authors report a dispro-

portionately high likelihood of joint negative return events between pairs of listed

real estate market indices and between listed real estate and stocks (Hoesli and

Reka, 2010; Knight, Lizieri, and Satchell, 2005; Zhou and Gao, 2010). Simon and

Ng (2009) find significantly increased levels of lower tail dependence between REITs

and stocks following the onset of the sub-prime mortgage crisis in 2007. The benefits

of diversification commonly associated with portfolio exposure to real estate may be

reduced substantially when they are most needed. However, the estimation of the

copula relies on the existence of extreme joint return events between the asset and

the benchmark under consideration. For instance, as returns from direct property

tend to be based on valuations that are often subject to smoothing, Knight, Lizieri,

and Satchell (2005) are unable to report any evidence for tail dependence in the

returns from direct property.

The literature on complex, asymmetric dependence structures in the returns from

listed real estate securities to date focuses on modelling time-varying correlations

that may also respond to the sign of a recent return shock, or on examining tail

dependence in a copula framework. The empirical evidence presented is therefore

either limited to the linear dimension of dependence, or it remains unclear which

dimension of dependence causes the tail dependence observed. As a result, the lit-

erature to date in effect stops short of explicitly assessing higher-order, asymmetric

components of dependence in a methodologically robust way. For a summary of the

studies reviewed here, see Table 1.
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4 Assessment of dependence metrics

4.1 Simulated data sets

We assess the performance of the CAPM beta, a common copula function, the J

statistic and the Adjusted J statistic using three sets of simulated bivariate ran-

dom variables (x, y). Specifically, yi = βxi + ǫi, where xi ∼ N(0.25, 0.15) and

ǫi ∼ N(0, σ2(xi + 0.25)α). In the first data set, α = 0 so that there is only lin-

ear association between x and y, depending on β ∈ (−1, 1]. In the second data

set, linear association is fixed at β = 1 and lower tail dependence varies through

α ∈ (0, 1]. The third simulated data set reflects a fixed degree of asymmetric depen-

dence at α = 0.5 and varying degrees of linear dependence through α ∈ (−1, 1]. Each

data set contains 10,000 observations. The characteristics of these data sets allow

us to assess the sensitivity of the metrics under review to varying degrees of linear

and asymmetric dependence, and their ability to distinguish between the different

dimensions of dependence. Figure 1 shows scatter plots of examples of the data sets.

[Figure 1 about here]

4.2 CAPM beta

Figure 2(a) shows that in the presence of linear dependence only, the CAPM beta

estimate increases monotonically with increasing linear dependence. However, beta

by construction ignores the effects of higher-order, asymmetric components of depen-

dence. In the presence of a fixed degree of linear dependence and varying asymmetric

dependence (Figure 2(b)), the beta estimate is broadly constant at the level of lin-

ear dependence. This finding is corroborated through the third simulation (Figure

2(c)). The beta estimate increases monotonically with increasing linear dependence,

irrespective of the degree of asymmetric dependence introduced into the data.

[Figure 2 about here]

4.3 Copula functions

The original Clayton copula (Clayton, 1978; Kimeldorf and Sampson, 1975) is a

parametric copula from the group of Archimeadean copulas that are constructed

through a generator function. The Clayton copula has one parameter that captures

dependence in the lower tail of the joint distribution. We focus on the Clayton speci-

fication as our simulated data displays lower tail dependence only in this illustration.
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We find that the Clayton parameter estimate is zero for negative linear dependence

as the Clayton copula by construction has a positive slope, and departs from zero

as soon as the data exhibits positive linear dependence, even in the absence of

asymmetric dependence (Figure 3(a)).

[Figure 3 about here]

In the presence of constant linear (asymmetric) dependence but varying asymmet-

ric (linear) dependence, the Clayton parameter increases with higher asymmetry

(linear dependence), see Figures 3(b) and 3(c). In the presence of asymmetry, the

copula parameter is not always able to provide a unique indication of the degree of

asymmetry. The parameter remains zero in the presence of asymmetric dependence

when linear dependence is negative. In terms of magnitude, the Clayton parameter

seems relatively more sensitive to linear dependence. In summary, the Clayton cop-

ula produces false evidence of tail dependence and, on occasion, fails to recognise

it depending on the sign of linear dependence and the strength of asymmetric de-

pendence. Employing a Clayton copula to identify asymmetric dependence carries

substantial risks of both Type I and II errors.

These findings are readily generalised to most copula families, as no finite-parameter

copula clearly maps each parameter to an individual term in the (infinite) Edgeworth

series expansion. Consequently, each parameter will capture a combination of two or

more terms in the Edgeworth series expansion, without any reference to economic

rationale. This includes the linear term, and so finite-parameter copulas will suffer

similar difficulties with Type I and II errors as the Clayton copula.

4.4 J statistic

The J statistic (Hong, Tu, and Zhou, 2007) is based on the exceedance correlations

between the standardised returns on two assets or portfolios. Longin and Solnik

(2001) define the exceedance correlation at level ϑ as the conditional correlation

between two variables when both register shocks of more than ϑ standard deviations

from their means, such that

ρ̄(ϑ) =











ρ̂(ϑ)+ = corr(x̃, ỹ|x̃ > ϑ, ỹ > ϑ; ρ) if ϑ ≥ 0;

ρ̂(ϑ)− = corr(x̃, ỹ|x̃ < ϑ, ỹ < ϑ; ρ) if ϑ ≤ 0.
(2)
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Under the null hypothesis of no asymmetric dependence, the J statistic, given by

Jρ := T (ρ̂+ − ρ̂−)′Ω̂−1(ρ̂+ − ρ̂−) ∼ χ2
N , (3)

where T is the sample size, Ω̂ is the positive definite variance/covariance matrix

and N is the number of exceedances. The greater the test statistic, the greater the

departure from symmetry and thus J is a measure of the strength of asymmetry.

The J statistic enables a genuine assessment of the strength and statistical signifi-

cance of asymmetry, but fails to indicate its direction. Our data displays lower tail

dependence only, yet the J statistic is positive by construction.

[Figure 4 about here]

The J statistic is sensitive to linear dependence and cannot distinguish this dimen-

sion of dependence from asymmetric, higher-order terms. In the presence of linear

dependence only (Figure 4(a)), the J statistic is not always insignificant. The J in-

creases with increasing asymmetric dependence for fixed linear dependence (Figure

4(b)). However, the J is also highly significant and increasing for fixed asymmetric

dependence but increasing linear dependence (Figure 4(c)). Exceedance correlations

are defined as correlations in areas of the return distributions demarcated by certain

threshold values. If an observation falls into one of the areas defined by an exceedance

level, the J fails to recognise if this event occurs as a result of higher covariance or

as a result of higher-order, asymmetric dependence, implying a substantial risk of

Type I and II errors. The J also relies on a small number of extreme joint return

events and thus carries additional risk of a Type II error.

4.5 Adjusted J statistic

Alcock and Hatherley (2010) note these shortcomings of the original J statistic and

propose an Adjusted J that is defined as

JAdj =
[

sgn
([

ρ̂+ − ρ̂−
]

1
)]

T (ρ̂+ − ρ̂−)′Ω̂−1(ρ̂+ − ρ̂−) (4)

The addition of the sign function (Alcock and Hatherley, 2009) means that the statis-

tic will not only indicate the strength of asymmetry but will also display the sign

of the sum of the differences between positive and negative conditional correlations

and hence give an indication of the direction of asymmetry. A positive (negative)

test statistic will indicate net upper (lower) tail dependence. Further, unlike for the

9



original J statistic, the arguments in the Adjusted J are not the raw or standardised

return series but a transformation that makes the Adjusted J invariant to the level of

linear dependence and to idiosyncratic risk (Alcock and Hatherley, 2010). After the

transformation, all asset returns display identical betas of unity while the original

linear dependence structure between the asset and the benchmark is controlled for.

Following Hong, Tu, and Zhou (2007), |JAdj | ∼ χ2
N .

The Adjusted J assesses the presence and strength of asymmetric dependence. Con-

sistent with the original J statistic, it correctly controls for the conditioning bias

(Boyer, Gibson, and Loretan, 1997; Forbes and Rigobon, 2002). In addition, it pro-

vides an indication of the direction of asymmetry, i.e. whether the data on balance

displays upper tail or lower tail dependence.

[Figure 5 about here]

Importantly, the Adjusted J recognises whether any higher-order dimensions of de-

pendence, beyond linear dependence, are significant in the overall dependence struc-

ture characterising the data at hand. The Adjusted J is calculated based on trans-

formed returns to control for linear dependence. The Adjusted J gives an indication

of dependence net of the influence from linear dependence. Consistently, the Ad-

justed J is constant and insignificant in the presence of linear dependence only. It

is constant at a negative value in the presence of lower tail dependence and varying

degrees of linear dependence. The Adjusted J decreases with increasing lower tail

dependence. Employing the Adjusted J in the evaluation of the existence of higher-

order, asymmetric dependence structures minimises the likelihood of a Type I error.

However, the Adjusted J still relies on a small number of extreme joint return events.

As such, any estimate of asymmetric dependence remains conservative. An overview

of the methods we review in this study is given in Table 2.

5 Empirical application

Our analysis of the different dependence metrics suggests that the Adjusted J out-

performs competing methods of assessing higher-order, asymmetric dependence sep-

arately from linear dependence. We therefore employ the Adjusted J statistic to

explore the nature and characteristics of higher-order, asymmetric dependence in a

sample of return data from U.S. REITs.
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5.1 Data set

We analyse a large sample of U.S. REITs, summarised in the FTSE EPRA/NAREIT

U.S. index, against a variety of market benchmarks. For global stocks, we include

the Datastream World Market index. For the U.S. market, the Standard & Poor’s

500 Composite, Midcap and Smallcap indices are included. For fixed income, we

include the Dow Jones Corporate 10-year Composite Index. Government bonds are

proxied by U.S. Benchmark 10-year bonds. We further include the S&P Goldman

Sachs Commodity Index.

Existing studies on the dependence structure of returns from listed real estate se-

curities focus on a variety of observation frequencies. For completeness, we analyse

data observed on a daily, weekly and monthly frequency. Most studies into the de-

pendence structure of real estate focus on total returns, but some researchers choose

to study price returns (Hoesli and Reka, 2010; Zhou and Gao, 2010). We conduct

our analysis on the basis of total returns as well as price returns to control for any

confounding effects stemming from the inclusion of dividend payments in the total

return series.

The study period begins in January 1997 as the corporate bond data is unavailable

prior to that date, and ends in November 2010. Case, Yang, and Yildirim (2010)

and Cotter and Stevenson (2006) observe structural breaks in correlation regimes.

We replicate the analysis on the basis of the two sub-periods defined by the break

in September 2001 with the inclusion of REITs into wider stock market indices. All

data is obtained from Datastream. For an overview of the data see Table 3.

5.2 Empirical method

The central objective is to isolate the linear dependence of REITs and the chosen

set of benchmark assets from higher-order, asymmetric dependence between them.

We assess linear dependence by estimating the traditional CAPM equation

Rit = α + βRmt (5)

where Rit is the return on REITs at time t, α reflects a constant term, and Rmt is

the return on the benchmark at time t. The estimate of the coefficient β reflects the

ratio of the covariance between the test asset with the benchmark and the variance

of the benchmark. We use heteroskedasticity- and autocorrelation-consistent (HAC)
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standard errors with automatic lag selection (Newey and West, 1987, 1994).

The Adjusted J is calculated with exceedances ϑ = {0, 0.2, 0.4, 0.6, 0.8, 1} (Alcock

and Hatherley, 2010) in conjunction with the Bartlett kernel (Hong, Tu, and Zhou,

2007) for the estimation of the variance-covariance matrix, Ω̂. Note that the Ad-

justed J analyses the difference in correlation beyond certain exceedances, and the

occurrence of net upper or lower tail dependence is likely to be contingent on a

small number of tail events. Therefore, the Adjusted J is likely to be prone to a

high likelihood of Type II error, and any evidence for the existence of asymmetric

dependence on the basis of this statistic is conservative.

We calculate 60-month rolling estimates of the CAPM beta and the Adjusted J on

the basis of continuously compounded monthly total returns to explore the evolution

of these metrics over time. We estimate a regression of the rolling statistics on a

constant and a time trend following Chong, Miffre, and Stevenson (2009). In order

to account for potential serial correlation in the residuals through the overlapping

data in the rolling estimates of the CAPM beta and the Adjusted J, we employ HAC

standard errors with automatic lag selection (Newey and West, 1987, 1994).

5.3 Descriptive statistics

In Table 4 we compare daily, weekly and monthly continuously compounded price

returns and total returns. REITs generally have average returns in between stocks

and bonds, a characteristic often associated with real estate stocks (Baum, 2002).

Unconditional volatility is similar between daily, weekly and monthly price and total

returns. REITs appear to display the one of the highest levels of volatility in these

return series. Excess kurtosis suggests strongly abnormal return distributions for

price and total returns on all frequencies that are confirmed by a Jarque Bera test

for all series. However, as predicted by the central limit theorem, the series approach

normality for lower frequencies. The strong non-normality, and especially the fat

tails of the return series, indicate that models solely based on correlations may not

provide a complete picture of the dependence structure between these series.

Table 5 shows the unconditional correlations of REITs with the set of benchmarks for

all series and frequencies. The linear association between REITs and the benchmarks

is negative for government and corporate bonds on the daily and often on the weekly

frequency. The highest correlations are observed between REITs and the U.S. stock

market indices as well as the global stock market index. The lowest correlations are
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observed in relation to commodities, suggesting that these, together with corporate

and government bonds, may offer some benefits of diversification.

Table 6 reports the results from the CAPM beta estimation of U.S. REITs against

the benchmarks. The linear dependence with global stocks as well as the S&P 500

Composite, Smallcap and Midcap indices is generally significantly greater than zero

and insignificantly different from one. This finding confirms the limited benefits of

diversification suggested by the positive unconditional correlation values. The linear

dependence with commodities is low and the linear dependence with corporate and

government bonds is negative, suggesting better benefits of diversification.

The analysis of sub-periods (Tables 7 and 8) demarcated by an observed structural

break in September 2001 (Case, Yang, and Yildirim, 2010; Cotter and Stevenson,

2006) suggests that linear dependence has increased subsequent to the inclusion of

REITs into broader stock market indices, implying an increase in market integration

following this event.

6 Results

Table 9 shows the Adjusted J statistics of U.S. REITs against the set of bench-

marks. When controlling for linear dependence, we find no evidence for statistically

significant asymmetric dependence between REITs and global stocks, commodities

or the S&P 500 Composite and Smallcap indices. Our finding stands in contrast to

studies reporting evidence for asymmetric dependence in international markets using

a GARCH framework (Fei, Ding, and Deng, 2010; Liow, 2009; Michayluk, Wilson,

and Zurbruegg, 2006; Yang, Zhou, and Leung, 2010) as well as (international) copula

studies (Dulguerov, 2009; Goorah, 2007; Hoesli and Reka, 2010; Knight, Lizieri, and

Satchell, 2005; Simon and Ng, 2009; Zhou and Gao, 2010). As our results demon-

strate, AD in RIETs is not significant for these cases after linear dependence is

appropriately controlled for. The results presented here highlight the value of con-

trolling for linear dependence in order to obtain a robust estimate of tail dependence.

The lack of evidence for asymmetric dependence between U.S. REITs and and global

stocks, commodities or the S&P 500 Composite and Smallcap indices implies that

conditional correlations should adequately capture the dependence structure of RE-

ITs with these benchmarks. Goorah (2007) and Dulguerov (2009) examine the rela-

tive performance of different models of dependence in a portfolio management con-
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text and conclude that the copula approach yields superior results. Our findings

highlight that in some cases, managing linear dependence may be sufficient.

However, we find evidence for significant lower tail dependence between U.S. RE-

ITs and the S&P Midcap index. In this case, conditional correlations are likely to

provide an incomplete description of the dependence structure, and portfolios rebal-

anced under a conditional correlation model may not provide the desired degree of

insulation during times of financial turmoil. The relationship between REITs and

mid-cap stocks appears to be highly dynamic and non-linear. More specifically, the

significantly negative value of the Adjusted J statistic suggests that a portfolio con-

sisting of mid-cap stocks and REITs is likely to behave very differently in good times

as compared to its performance in bad times. When mid-cap stocks perform well,

the positive linear dependence combined with the negative asymmetric dependence

implies that REITs are likely to do well, but the strength of performance may vary.

However, in bear markets, REITs are likely to perform as poorly as mid-cap stocks.

The higher likelihood of joint negative return events means that the benefits of

diversification expected from a portfolio of REITs and mid-cap stocks may dissipate

in times when they are most valuable. The significant lower tail dependence has to be

controlled in the portfolio management process, for instance following the procedure

proposed in Hatherley and Alcock (2007).

We find evidence for significant upper tail dependence between the returns on U.S.

REITs and government as well as corporate bonds. Consider this finding in con-

junction with the linear dependence between REITs and bonds. Table 6 shows a

negative estimate for the CAPM beta of REITs against bonds. The two series have

an inverse linear relationship. Overlaying this inverse linear relationship with the sig-

nificant upper tail dependence suggests that when bonds perform well, REITs are

likely to perform poorly. When bonds perform poorly, REITs are likely to perform

relatively better, but the exact strength of the performance may vary significantly.

This complex relationship may be rooted in the fact that real estate, and by im-

plication REITs, can be regarded as a hybrid asset between stocks, bonds and the

underlying physical assets (Baum, 2002). One might even consider real options to

contribute to the value of REITs, especially when taking into account the potential

to add value to the properties in a REIT’s portfolio. Against this background, the

non-linear, asymmetric dependence structure of REITs may reflect that combining

REITs with different types of benchmark assets may highlight different aspects of
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the complex hybrid nature of REIT investments. In some instances, the stock-like

characteristics may be most apparent, in other instances the bond-like characteris-

tics may be of relatively more importance. In the case we examine here, it is crucial

to bear in mind that we carry out the analysis on the basis of returns, not prices.

Therefore, the question when bond returns are strong is of relevance.

Bond returns are strong when bond prices rise. Bond prices may rise in periods of

financial turmoil when they are sought after as a safe haven for investors. This inter-

pretation would imply that one of the occasions when bond prices rise is when the

interest rate is reduced in order to stimulate the economy to overcome a slowdown.

Real estate is often assessed on the basis of yields that reflect all relevant risk factors,

in line with the Gordon growth model (Baum, 2002). A risk premium is applied to

the prevailing bond yield. If bond yields fall, real estate values may be expected to

rise as yields may also fall, holding the risk premium constant. This situation would

imply stronger returns on real estate.

However, it may also be that the risk premium rises in such an environment, as

higher uncertainty is more relevant for an asset class that shares some characteristics

with a risky stock. This combination of factors may lead to an upward revision of

risk premia and thus a net fall of real estate values, resulting in lower returns.

Similarly, in an environment that is characterised by higher uncertainty, such as an

economic slowdown that warrants reductions in the interest rate, it may become

less likely that real options embedded in the business of a REIT may be exercised

soon. Therefore, there may be an additional delay before investors can realise the

value added through exercising these options. This factor may again cause downward

revisions in REIT prices, triggering lower return observations when bond returns are

strong. Our interpretation may be supported by the empirical evidence presented in

Fei, Ding, and Deng (2010) in favour of a relationship between REIT correlations

and macroeconomic variables such as inflation, the term and credit spread as well

as the unemployment rate.

Further, the findings are most poignant when considering data on a daily frequency.

Fewer significant values of the adjusted J statistic are found in lower frequency data.

The observation that frequency matters is consistent with Cotter and Stevenson

(2006) and suggests that real estate may add most value when it is treated as a long-

term asset. At the same time, this observation supports the view that asymmetric

dependence is less problematic in direct real estate investments. Direct real estate
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as an asset class is often difficult to include into asymmetric dependence studies

because returns are commonly available on lower frequencies such as monthly or

quarterly (Dulguerov, 2009; Fei, Ding, and Deng, 2010), and tend to be smoothed

as data may be based on valuations rather than transactions (Knight, Lizieri, and

Satchell, 2005).

When performance is evaluated on high-frequency data, such as n daily geometric

returns, that are aggregated to a lower frequency, then the distribution of the result-

ing summation will approach normality with increasing n as a result of the central

limit theorem. This relationship implies that higher-order moments of dependence

are more relevant for shorter investment time horizons. Returns from direct real

estate investments are based on valuations that are typically available on low fre-

quencies and tend to be subject to valuation smoothing. Therefore, higher-order,

asymmetric components of dependence are likely to affect indirect real estate invest-

ments into listed securities that are held short-term disproportionately more than

long-term direct real estate investments.

Asymmetry also appears to be more relevant in price returns than total returns. This

finding implies that asymmetries seem to be caused by the capital value component

of returns, rather than the income component. The causes of asymmetric dependence

may lie in the way in which a firm generates income or the way in which it is valued

in the capital markets. The result presented here may suggest that the latter is

relatively more important. Overall, frequency and return types appear to matter for

the existence of evidence in favour of asymmetric dependence. Therefore, studies

that attempt to establish evidence for tail dependence on the basis of low frequency,

total return data, especially when carried out in a copula framework that is unable

to distinguish between the different co-moments, may produce misleading results.

Table 10 shows that linear dependence appears to exhibit an upward trend over the

study period, but this is not the case for asymmetric dependence. Our finding of

a positive trend in linear dependence is in line with Chong, Miffre, and Stevenson

(2009) and Cotter and Stevenson (2006) who read it as evidence of increasing inte-

gration between the REIT and the general markets, implying a decrease in benefits

of diversification. Figure 6 shows the evolution of 60-month rolling CAPM beta and

Adjusted J values for monthly total returns of U.S. REITs and the benchmark assets.

While the CAPM beta series appear smoother, the Adjusted J series appear more

volatile. Most CAPM beta series appear to display a positive trend, with the excep-
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tion of the government bond series. While the CAPM beta series generally appear

to exhibit a smooth trend, there is a spike in most of them following the collapse of

Lehman Brothers in September 2008. At the same time, there tends to be a signifi-

cant fall in many of the adjusted J series, indicating that higher linear dependence

and higher lower tail dependence occurred at the same time. This finding suggests

that linear and asymmetric dependence have to be taken into account separately in

the portfolio management process as they tend to evolve independently from each

other in less turbulent financial markets but can combine to severely reduce portfolio

values in periods of financial turmoil.

Case, Yang, and Yildirim (2010) and Cotter and Stevenson (2006) identify a struc-

tural break in dependence in September 2001 with the inclusion of REITs into the

broader stock market indices. We partition our sample into two sub-periods reflect-

ing the time before and after that observed break (Table 11). The more recent

sub-period includes the events surrounding the global financial crises that generally

saw high levels of dependence across various asset classes (Gordon, 2009).

However, we find little evidence for asymmetric dependence after the inclusion of RE-

ITs into broader stock market indices in September 2001. Conversely, we find more

evidence for significant tail dependence in the first sub-period. Reading this result

in conjunction with the increasing linear dependence may suggest that asymmetric

dependence decreases when markets become increasingly integrated. For strongly

integrated markets, a conditional correlations model may be able to adequately re-

flect the dependence structure while this might be insufficient for pairs of markets

that are less well integrated.

7 Conclusion

An accurate understanding of complex dependence structures in returns from listed

real estate securities is valuable to investors as it enables the determination of ben-

efits of diversification as well as the formulation of effective portfolio optimisation

algorithms. We contribute to the growing body of literature on complex, asymmetric

dependence structures from several perspectives. We consider dependence as a multi-

dimensional problem that comprises a linear dimension captured by correlation but

also a potentially infinite number of higher-order dimensions of dependence, such as

co-skewness and co-kurtosis. Against this background, we categorise the most com-

monly employed frameworks for analysing dependence according to the dimensions
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of dependence that they aim to capture, and we review their relative strengths and

weaknesses.

We provide a critical review of a set of test statistics that help assess the nature of

complex dependence structures and can overcome some of the inaccuracies in other

common methods that stem from distributional assumptions or confounding effects

from different dimensions of dependence. We conclude that the recently proposed

Adjusted J statistic enables the most sophisticated view on higher-order, asymmetric

dependence. Using the Adjusted J statistic, we establish statistically robust evidence

that i) asymmetric dependence in U.S. REIT returns is not as universal a problem as

often expected, and ii) the relationship between REITs and bonds is more complex

than usually assumed, reflecting the nature of REITs as a hybrid between bonds,

stocks, and the underlying real estate. A sophisticated understanding of dependence

is crucial for effective portfolio optimisation. A better understanding of the depen-

dence structure in returns from listed real estate securities through different market

conditions enables more effcient capital allocation, a more targeted approach to risk

management and ultimately improved portfolio performance.
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Fig. 1. Scatter plots of sample test data used to assess the performance of the different methods to analyse

dependence patterns. Panel (a) shows multivariate normal (MVN) data of assets X1 and X2. Panels (b) and

(c) show low and high degrees of lower tail dependence (LTD), respectively. Multivariate normality results

in a symmetric, elliptical dependence pattern in which the occurrence of jointly positive returns is equal

in likelihood and magnitude to that of jointly negative returns. In the presence of lower tail dependence, a

disproportionate share of the probability mass is in the area of the joint distribution that represents joint

negative returns.
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Fig. 2. The figure compares the evolution of the CAPM beta coefficient estimate in three different scenarios.

In the first scenario in Panel (a), the data is characterised by varying degrees of linear dependence from

(−1, 1] only. In Panel (b), the data displays a fixed level of linear dependence of unity, but varying degrees

of lower tail dependence (LTD) from (0, 1]. Panel (c) shows the evolution of beta as a function of fixed LTD

and varying degrees of linear dependence as in (a). In each panel, the x-axis shows the evolution of the

dimension of dependence that varies in the respective scenario. The results are based on simulations with

n = 10, 000.

21



−1 −0.5 0 0.5 1
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

β

γ

(a) Linear dependence only

0 0.2 0.4 0.6 0.8 1
0.135

0.14

0.145

0.15

0.155

0.16

0.165

0.17

0.175

0.18

α

γ

(b) Varying LTD

−1 −0.5 0 0.5 1
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

β

γ

(c) Varying linear dependence

Fig. 3. The figure compares the evolution of the Clayton copula parameter estimate in three different

scenarios. In the first scenario in Panel (a), the data is characterised by varying degrees of linear dependence

from (−1, 1] only. In Panel (b), the data displays a fixed level of linear dependence of unity, but varying

degrees of lower tail dependence (LTD) from (0, 1]. Panel (c) shows the evolution of beta as a function of

fixed LTD and varying degrees of linear dependence as in (a). In each panel, the x-axis shows the evolution

of the dimension of dependence that varies in the respective scenario. The results are based on simulations

with n = 10, 000.
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Fig. 4. The figure compares the evolution of the J statistic in three different scenarios. In the first scenario

in Panel (a), the data is characterised by varying degrees of linear dependence from (−1, 1] only. In Panel

(b), the data displays a fixed level of linear dependence of unity, but varying degrees of lower tail dependence

(LTD) from (0, 1]. Panel (c) shows the evolution of beta as a function of fixed LTD and varying degrees of

linear dependence as in (a). In each panel, the x-axis shows the evolution of the dimension of dependence

that varies in the respective scenario. The results are based on simulations with n = 10, 000. The dotted line

represents the positive and negative χ2 critical values at 5% significance.
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Fig. 5. The figure compares the evolution of the Adjusted J statistic in three different scenarios. In the

first scenario in Panel (a), the data is characterised by varying degrees of linear dependence from (−1, 1]

only. In Panel (b), the data displays a fixed level of linear dependence of unity, but varying degrees of lower

tail dependence (LTD) from (0, 1]. Panel (c) shows the evolution of beta as a function of fixed LTD and

varying degrees of linear dependence as in (a). In each panel, the x-axis shows the evolution of the dimension

of dependence that varies in the respective scenario. The results are based on simulations with n = 10, 000.

The dotted line represents the positive and negative χ2 critical values at 5% significance.
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Fig. 6. The figure compares the evolution of 60-month rolling CAPM beta coefficients as well as Adjusted

J statistics of U.S. REIT continuously compounded monthly total returns against the corresponding bench-

mark figures. Missing values occur when the Adjusted J cannot be calculated given insufficient exceedance

events. The horizontal dashed lines indicate the 5% critical value of the Adjusted J for 6 d.f..
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Summary of the literature into dynamic, asymmetric dependence structures in real estate

Method Sample Evidence for asymmetry Authors

CAPM beta

CAPM beta 1973-1987,
QTR

n/a Chan, Hendershott
and Sanders, 1990

CAPM beta 1973-1987,
MTR

n/a Howe and Shilling,
1990

CAPM beta 1965-1986,
MTR

n/a Glascock, 1991

CAPM beta 1972-1991,
DTR

n/a Glascock and
Hughes, 1995

CAPM beta 1978-1998,
QTR

n/a Clayton and McKin-
non, 2001

CAPM beta 1997, DTR n/a Glascock, Michayluk
and Neuhauser, 2004

Multivariate GARCH

BEKK 1999-2003,
DTR

n/a Cotter and Stevenson
(2006)

DCC 1999-2005,
DTR

n/a Huang and Zhong
(2006)

DCC 1990-2005,
DTR

n/a Chong, Miffre and
Stevenson (2009)

DCC 1984-2006,
MTR

n/a Liow, Ho, Ibrahim
and Chen (2009)

DCC 1978-2008,
MTR

n/a Case, Yang and
Yildrim (2010)

AG DCC 1987-2008,
MTR

Between U.S. Mortgage/Hybrid REITs and Case
Shiller House Price Index as well as S&P 500

Fei, Ding and Deng
(2010)

AG DCC 1995-2009,
WTR

Between listed real estate firms and local stock market
in JP, SNG, Philippines and U.K.; between listed real
estate firms and regional stock market in Malaysia,
Taiwan, Philippines, and U.K.

Liow (2010)

AG DCC 1999-2008,
DTR

Between U.S. Equity/Mortgage REITs and S&P 500 Yang, Zhou and Le-
ung (2010)

Copula functions

SJC copula 1986-2004,
MTR

(LTD > UTD): FT Real Estate and FT All Shares;
(LTD = UTD): GPR and MS World Equities

Knight, Lizieri and
Satchell (2005)

SJC copula 2000-2009, DPR LTD: U.K.-JP, U.K.-H.K., U.K.-SNG; UTD: U.K.-
AUS; LTD = UTD: U.S.-U.K., AUS-H.K., AUS-SNG;
LTD 6= UTD: JP-AUS, JP-H.K., JP-SNG, H.K.-SNG

Zhou and Gao (2010)

Mixture 2004-2008,
DTR

Increased LTD between U.S. REITs and S&P 500 fol-
lowing the onset of the sub-prime mortgage crisis

Simon and Ng (2009)

Various copulas 2000-2009,
DTR

LTD between U.S. and U.K. listed real estate markets Goorah (2007)

Various copulas 1988-2008,
QTR

Tail dependence between Swiss (direct and securitised)
real estate, stocks and bonds

Dulguerov (2009)

Mixture of methods

SJC, asymmet-
ric BEKK

1990-2009, DPR (LTD > UTD): U.S., U.K., and AUS real estate secu-
rities and national stocks & global real estate securities

Hoesli and Reka
(2010)

ADC GARCH,
J statistic

2000-2003,
DTR

Between U.S. and U.K. real estate securities Michayluk, Wilson
and Zurbruegg (2006)

Table 1
The table shows an overview of the main studies into dynamic and asymmetric dependence structures in real
estate. Data indicates the study period and data type as daily, weekly, monthly or quarterly total or price
returns (DTR, MTR, WTR, QTR, DPR). Evidence for lower and upper tail dependence from copula studies
is also indicated (LTD and UTD, respectively). Country names are abbreviated: Japan (JP), Singapore
(SNG), Hong Kong (H.K.), Australia (AUS).
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Summary comparison of methods to explore complex, asymmetric dependence structures

Method Dimension of de-

pendence captured

Indication of

asymmetry

Attribution of

asymmetry

Strengths Weaknesses

CAPM Beta Covariance/correlation No n/a Strong theoretical foundation, link to asset
pricing and expected return

Limited scope to incorporate complex depen-
dence structures

DCC GARCH Covariance/correlation No n/a Captures time-variation in conditional corre-
lations

No consideration of asymmetric responses to
negative return shocks, focused on linear de-
pendence only, limited diagnostic content

AG DCC GARCH Covariance/correlation Yes Yes Ability to identify asymmetric responses in
conditional correlations to return shocks

Focus on linear dependence only, limited di-
agnostic content

Copulas Mixture Yes No Relaxes distributional assumptions and as-
sumptions about the dimensions of depen-
dence that are important

Potentially inaccurate, inability to distin-
guish between different dimensions of depen-
dence

J Statistic Mixture Yes No Model-free, focuses on evidence for asymme-
try, indication of statistical significance of
asymmetry

Sensitive to the prevailing level of linear de-
pendence, likelihood of type II error

Adjusted J Higher-order terms of
association

Yes Yes Model-free, indication of strength, direction
and statistical significance of asymmetric de-
pendence, controls for linear dependence

Likelihood of type II error

Table 2: This summary review focuses on those methods that are most commonly employed in the exploration of complex, higher-order, asymmetric dependence structures in returns

from listed real estate securities. In addition, the table compares these methods to the set of test statistics for asymmetric dependence that have been proposed in the literature to date.
Asymmetry is defined as the unequal scale and/or likelihood of jointly positive and negative returns (Alcock and Hatherley, 2010). Dimension of dependence captured relates to the
fact that the joint distribution function of two random variables can be described as a function of the linear dependence between them, as measured by correlation, plus a theoretically
infinite number of higher-order terms of association. Indication of asymmetry relates to a method’s ability to correctly recognise asymmetry in the dimension of dependence captured.
Attribution of asymmetry indicates whether a method is able to assign any correctly identified aspects of asymmetry to certain dimensions of dependence.
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Legend

ID Name

Data

dpr Daily price return

dtr Daily total return

wpr Weekly price return

wtr Weekly total return

mpr Monthly price return

mtr Monthly total return

Benchmarks

TOTMKWD DATASTREAM World Stock Market Index

GSCI S&P GOLDMAN SACHS Commodity Index

BMUS10Y U.S. Benchmark 10 Year DATASTREAM Government Bond Index

DJCBI10Y DOW JONES 10 Year Benchmark Corporate Bond Index

S&PCOMP S&P 500 Composite Index

S&PMIDC S&P 400 Midcap

S&P600I S&P 600 Smallcap

Asset

FEUSAM FTSE EPRA/NAREIT U.S. REIT Index

Table 3
The table explains the acronyms employed throughout this study to denote return data types as well as the
test and benchmark assets.
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Descriptive statistics

dpr dtr

Mean Stdev Skew. Kurt. JB Mean Stdev Skew. Kurt. JB

TOTMKWD 0.0002 0.0101 -0.3779 9.9673 7,383 0.0002 0.0101 -0.3718 9.9623 7,370

GSCI 0.0003 0.0150 -0.2143 5.6355 1,071 0.0003 0.0150 -0.2143 5.6355 1,071

BMUS10Y 0.0001 0.0048 -0.0298 6.0650 1,412 0.0002 0.0048 -0.0277 6.0843 1,430

DJCBI10Y 0.0001 0.0042 -0.1374 9.4317 6,230 0.0003 0.0042 -0.1434 9.5099 6,383

S&PCOMP 0.0001 0.0132 -0.1716 10.4677 8,401 0.0002 0.0132 -0.1698 10.4629 8,390

S&PMIDC 0.0003 0.0141 -0.3380 9.2871 6,010 0.0004 0.0141 -0.3336 9.2594 5,956

S&P600I 0.0003 0.0147 -0.2873 7.8002 3,513 0.0003 0.0147 -0.2853 7.7935 3,503

FEUSAM 0.0001 0.0209 0.2236 58.3543 460,665 0.0003 0.0193 -0.2305 23.2807 61,865

wpr wtr

Mean Stdev Skew. Kurt. JB Mean Stdev Skew. Kurt. JB

TOTMKWD 0.0008 0.0252 -1.2778 12.7663 3,095 0.0012 0.0252 -1.2657 12.7263 3,068

GSCI 0.0013 0.0332 -0.8175 6.2892 409 0.0013 0.0332 -0.8175 6.2892 409

BMUS10Y 0.0003 0.0104 -0.3065 4.2323 57 0.0012 0.0103 -0.3131 4.2384 58

DJCBI10Y 0.0003 0.0095 -0.6793 7.0689 558 0.0015 0.0095 -0.6651 7.0212 544

S&PCOMP 0.0006 0.0268 -0.7899 9.0662 1,193 0.0010 0.0268 -0.7842 9.0493 1,186

S&PMIDC 0.0016 0.0302 -0.6412 8.0746 832 0.0018 0.0302 -0.6361 8.0816 833

S&P600I 0.0013 0.0316 -0.5845 6.4187 396 0.0015 0.0316 -0.5814 6.4260 397

FEUSAM 0.0006 0.0401 0.0165 25.2621 15,053 0.0016 0.0357 -0.3770 12.4164 2,710

mpr mtr

Mean Stdev Skew. Kurt. JB Mean Stdev Skew. Kurt. JB

TOTMKWD 0.0035 0.0512 -1.0910 5.5153 76 0.0052 0.0511 -1.0716 5.4515 72

GSCI 0.0056 0.0700 -0.6813 5.2467 47 0.0056 0.0700 -0.6813 5.2467 47

BMUS10Y 0.0014 0.0223 0.0342 4.7961 22 0.0053 0.0221 -0.0110 4.7966 22

DJCBI10Y 0.0012 0.0193 -0.2250 5.1560 33 0.0064 0.0193 -0.1968 5.1733 33

S&PCOMP 0.0026 0.0490 -0.7888 4.0186 24 0.0041 0.0489 -0.7844 4.0050 23

S&PMIDC 0.0069 0.0565 -0.9405 5.4730 66 0.0080 0.0565 -0.9398 5.4662 66

S&P600I 0.0055 0.0602 -0.8374 4.6882 38 0.0062 0.0602 -0.8327 4.6812 38

FEUSAM 0.0023 0.0693 -1.6104 11.8021 603 0.0069 0.0694 -1.6117 11.7650 599

Table 4
The table summarises the descriptive statistics for REITs and the benchmarks on all return types and
frequencies. JB is the Jarque Bera test statistic for normality.

Unconditional correlations of U.S. REITs with benchmarks

dpr dtr wpr wtr mpr mtr

TOTMKWD 0.4817 0.5096 0.5514 0.5974 0.5926 0.5925

GSCI 0.1216 0.1363 0.1630 0.1676 0.2067 0.2079

BMUS10Y -0.1797 -0.1990 -0.1804 -0.2096 -0.0878 -0.0835

DJCBI10Y -0.1584 -0.1754 0.0033 -0.0066 0.2356 0.2344

S&PCOMP 0.6225 0.6649 0.5740 0.6262 0.5919 0.5915

S&PMIDC 0.6721 0.7146 0.6296 0.6956 0.6587 0.6607

S&P600I 0.6914 0.7367 0.6451 0.7146 0.6745 0.6768

Table 5
The table summarises the standard Pearson pairwise correlation coefficients between U.S. REIT return types
observed on the different frequencies and the corresponding series of the benchmark assets.
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CAPM beta of U.S. REITs against benchmarks over the entire study period

Panel A dpr dtr wpr wtr mpr mtr

TOTMKWD 1.0002*** 0.9783*** 0.8774*** 0.8472*** 0.8028*** 0.8043***

s.e. 0.1009 0.0955 0.1099 0.1021 0.1966 0.1971

GSCI 0.1692*** 0.1753*** 0.1968* 0.1802* 0.2047 0.2062

s.e. 0.0552 0.0556 0.1093 0.1057 0.1633 0.1629

BMUS10Y -0.7826*** -0.8076*** -0.6929*** -0.7233*** -0.2732 -0.2620

s.e. 0.1551 0.1565 0.2200 0.2246 0.2382 0.2442

DJCBI10Y -0.7801*** -0.7986*** 0.0139 -0.0248 0.8478*** 0.8436***

s.e. 0.1742 0.1739 0.1335 0.1322 0.3168 0.3177

S&PCOMP 0.9850*** 0.9727*** 0.8585*** 0.8348*** 0.8377*** 0.8392***

s.e. 0.0948 0.0926 0.1139 0.1084 0.2247 0.2253

S&PMIDC 0.9961*** 0.9781*** 0.8355*** 0.8226*** 0.8077*** 0.8114***

s.e. 0.0899 0.0868 0.1023 0.0997 0.1884 0.1879

S&P600I 0.9871*** 0.9725*** 0.8188*** 0.8083*** 0.7762*** 0.7799***

s.e. 0.0848 0.0821 0.1003 0.0982 0.1878 0.1876

Panel B dpr dtr wpr wtr mpr mtr

TOTMKWD 1.0002 0.9783 0.8774 0.8472 0.8028 0.8043

s.e. 0.1009 0.0955 0.1099 0.1021 0.1966 0.1971

GSCI 0.1692*** 0.1753*** 0.1968*** 0.1802*** 0.2047*** 0.2062***

s.e. 0.0552 0.0556 0.1093 0.1057 0.1633 0.1629

BMUS10Y -0.7826*** -0.8076*** -0.6929*** -0.7233*** -0.2732*** -0.2620***

s.e. 0.1551 0.1565 0.2200 0.2246 0.2382 0.2442

DJCBI10Y -0.7801*** -0.7986*** 0.0139*** -0.0248*** 0.8478 0.8437

s.e. 0.1742 0.1739 0.1335 0.1322 0.3168 0.3177

S&PCOMP 0.9850 0.9727 0.8585 0.8348 0.8377 0.8391

s.e. 0.0948 0.0926 0.1139 0.1084 0.2247 0.2253

S&PMIDC 0.9961 0.9781 0.8355 0.8226* 0.8077 0.8114

s.e. 0.0899 0.0868 0.1023 0.0997 0.1884 0.1879

S&P600I 0.9871 0.9725 0.8188* 0.8083* 0.7762 0.7798

s.e. 0.0848 0.0821 0.1003 0.0982 0.1878 0.1876

Table 6
The table summarises the CAPM beta coefficient estimates of U.S. REIT return types and frequencies
against the corresponding benchmark series over the full study period from January 1997 to November 2010.
Panel A shows the results for a hypothesis test of H0: beta = 0, while Panel B shows the results from an
alternative hypothesis test with H0: beta = 1. Significance levels are: *** represents significance at the 1%
level, ** at 5% and * at 10%.
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CAPM beta of U.S. REITs against benchmarks over sub-period 1

Panel A dpr dtr wpr wtr mpr mtr

TOTMKWD 0.3785*** 0.3795*** 0.2975*** 0.3008*** 0.1868 0.1941

s.e. 0.0328 0.0329 0.0609 0.0598 0.1302 0.1291

GSCI -0.0076 -0.0086 -0.0175 -0.0118 -0.0565 -0.0475

s.e. 0.0194 0.0192 0.045 0.0462 0.1097 0.111

BMUS10Y -0.0338 -0.0388 0.0545 0.048 0.0936 0.1204

s.e. 0.0742 0.076 0.1528 0.1584 0.2345 0.2371

DJCBI10Y -0.0194 -0.028 0.2301 0.2255 0.4109 0.4215

s.e. 0.0759 0.0768 0.199 0.2022 0.2751 0.2807

S&PCOMP 0.2724*** 0.2729*** 0.2762*** 0.2766*** 0.2221* 0.2261*

s.e. 0.0251 0.0251 0.0589 0.0584 0.1223 0.1234

S&PMIDC 0.3043*** 0.3026*** 0.3055*** 0.3097*** 0.2812** 0.2895**

s.e. 0.0278 0.0278 0.0658 0.0652 0.1033 0.1019

S&P600I 0.3252*** 0.3257*** 0.3122*** 0.3173*** 0.2629** 0.2701*

s.e. 0.0297 0.0298 0.0692 0.0688 0.1201 0.1193

Panel B dpr dtr wpr wtr mpr mtr

TOTMKWD 0.3785*** 0.3795*** 0.2975*** 0.3008*** 0.1868*** 0.1941***

s.e. 0.0328 0.0329 0.0609 0.0598 0.1302 0.1291

GSCI -0.0076*** -0.0086*** -0.0175*** -0.0118*** -0.0565*** -0.0475***

s.e. 0.0194 0.0192 0.045 0.0462 0.1097 0.111

BMUS10Y -0.0338*** -0.0388*** 0.0545*** 0.0480*** 0.0936*** 0.1204***

s.e. 0.0742 0.076 0.1528 0.1584 0.2345 0.2371

DJCBI10Y -0.0194*** -0.0280*** 0.2301*** 0.2255*** 0.4109** 0.4215*

s.e. 0.0759 0.0768 0.199 0.2022 0.2751 0.2807

S&PCOMP 0.2724*** 0.2729*** 0.2762*** 0.2766*** 0.2221*** 0.2261***

s.e. 0.0251 0.0251 0.0589 0.0584 0.1223 0.1234

S&PMIDC 0.3043*** 0.3026*** 0.3055*** 0.3097*** 0.2812*** 0.2895***

s.e. 0.0278 0.0278 0.0658 0.0652 0.1033 0.1019

S&P600I 0.3252*** 0.3257*** 0.3122*** 0.3173*** 0.2630*** 0.2701***

s.e. 0.0297 0.0298 0.0692 0.0688 0.1201 0.1193

Table 7
The table summarises the CAPM beta coefficient estimates of U.S. REIT return types and frequencies
against the corresponding benchmark series over the first sub-period from January 1997 to September 2001.
Panel A shows the results for a hypothesis test of H0: beta = 0, while Panel B shows the results from an
alternative hypothesis test with H0: beta = 1. Significance levels are: *** represents significance at the 1%
level, ** at 5% and * at 10%.
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CAPM beta of U.S. REITs against benchmarks over sub-period 2

Panel A dpr dtr wpr wtr mpr mtr

TOTMKWD 1.2187*** 1.1888*** 1.0718*** 1.0305*** 1.0702*** 1.0702***

s.e. 0.1232 0.1153 0.1219 0.1085 0.1933 0.1951

GSCI 0.2135*** 0.2214*** 0.2421* 0.2209* 0.2909 0.2908

s.e. 0.0647 0.065 0.1264 0.1219 0.1987 0.198

BMUS10Y -1.0119*** -1.0392*** -1.0012*** -1.0356*** -0.3723 -0.3639

s.e. 0.1901 0.191 0.2821 0.2852 0.2963 0.3032

DJCBI10Y -1.0325*** -1.0532*** -0.0725 -0.1244 0.9567** 0.9508**

s.e. 0.2082 0.2072 0.1819 0.1771 0.3865 0.3854

S&PCOMP 1.2871*** 1.2694*** 1.1354*** 1.1002*** 1.2169*** 1.2155***

s.e. 0.1019 0.0981 0.1264 0.1164 0.2529 0.2552

S&PMIDC 1.2612*** 1.2387*** 1.0616*** 1.0412*** 1.1136*** 1.1130***

s.e. 0.0864 0.0812 0.0926 0.0882 0.1892 0.1899

S&P600I 1.1926*** 1.1732*** 1.0209*** 1.0041*** 1.0409*** 1.0424***

s.e. 0.0809 0.0771 0.0918 0.089 0.1947 0.195

Panel B dpr dtr wpr wtr mpr mtr

TOTMKWD 1.2187* 1.1888 1.0718 1.0305 1.0702 1.0702

s.e. 0.1232 0.1153 0.1219 0.1085 0.1933 0.1951

GSCI 0.2135*** 0.2214*** 0.2421*** 0.2209*** 0.2909*** 0.2908***

s.e. 0.0647 0.065 0.1264 0.1219 0.1987 0.198

BMUS10Y -1.0119*** -1.0392*** -1.0012*** -1.0356*** -0.3723*** -0.3639***

s.e. 0.1901 0.191 0.2821 0.2852 0.2963 0.3032

DJCBI10Y -1.0325*** -1.0532*** -0.0725*** -0.1244*** 0.9567 0.9508

s.e. 0.2082 0.2072 0.1819 0.1771 0.3865 0.3854

S&PCOMP 1.2871** 1.2694** 1.1354 1.1002 1.2169 1.2155

s.e. 0.1019 0.0981 0.1264 0.1164 0.2529 0.2552

S&PMIDC 1.2612*** 1.2387** 1.0616 1.0412 1.1136 1.113

s.e. 0.0864 0.0812 0.0926 0.0882 0.1892 0.1899

S&P600I 1.1926** 1.1732** 1.0209 1.0041 1.0409 1.0424

s.e. 0.0809 0.0771 0.0918 0.089 0.1947 0.195

Table 8
The table summarises the CAPM beta coefficient estimates of U.S. REIT return types and frequencies
against the corresponding benchmark series over the second sub-period from October 2001 to November
2010. Panel A shows the results for a hypothesis test of H0: beta = 0, while Panel B shows the results from
an alternative hypothesis test with H0: beta = 1. Significance levels are: *** represents significance at the
1% level, ** at 5% and * at 10%.
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Adjusted J statistic of U.S. REITs against benchmarks over the entire study period

dpr dtr wpr wtr mpr mtr

TOTMKWD -7.2813 -7.0594 -0.9160 1.9447 -3.1134 -2.7548

GSCI -9.8010 -7.4250 -4.8014 -6.3287 -2.8097 -2.8402

BMUS10Y 20.8997*** -11.9351* 2.8998 -8.1926 3.9899 3.8461

DJCBI10Y 20.0099*** 10.5487 -6.6098 -4.5579 4.4975 4.0789

S&PCOMP -5.8322 -5.3230 -2.6910 4.9858 -5.4247 -3.4041

S&PMIDC -17.2699*** -5.5651 -2.0981 2.2631 -5.9560 -4.8511

S&P600I -7.3805 -3.3479 -5.1825 -4.2508 -3.2111 -3.4891

Table 9
The table summarises the Adjusted J statistics of U.S. REIT return types and frequencies against the corre-
sponding benchmark series over the full study period from January 1997 to November 2010. The Adjusted J
is calculated with exceedances ϑ = {0, 0.2, 0.4, 0.6, 0.8, 1} (Alcock and Hatherley, 2010) in conjunction with

the Bartlett kernel (Hong, Tu, and Zhou, 2007) for the estimation of the variance-covariance matrix, Ω̂,
resulting in 6 d.f. determining the critical values of the χ2 distribution employed for the significance test of
the Adjusted J.

Time trends in CAPM beta and adjusted J of U.S. REITs against benchmarks

Beta Adjusted J

TOTMKWD 0.0117*** 0.0564

GSCI 0.0032*** -0.1326***

BMUS10Y 0.0010 -0.0397

DJCBI10Y 0.0148*** 0.0418

S&PCOMP 0.0166*** -0.0115

S&PMIDC 0.0125*** 0.1167***

S&P600I 0.0123*** 0.0182

Table 10
The table shows the results from a regression of i) the 60-month rolling CAPM beta estimates and ii) the
equivalent 60-month rolling adjusted J statistics for U.S. REITs against the set of benchmarks on a constant
and a simple linear time trend. Newey West HAC standard errors with automatic lag selection are used.
Significance levels are: *** represents significance at the 1% level, ** at 5% and * at 10%.
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Adjusted J statistic of U.S. REITs against benchmarks over sub-periods

Panel A dpr dtr wpr wtr mpr mtr

TOTMKWD -5.7775 -4.7515 7.3187 6.8761 -17.7418*** -13.0440**

GSCI -4.5787 -5.0184 -4.2814 -3.0333 8.9022 7.7431

BMUS10Y -9.1819 -12.5322 -1.2855 -1.2207 -5.6341 -6.5772

DJCBI10Y -2.2499 -3.3171 -2.7768 -3.5785 -21.3976 -3.6193

S&PCOMP -12.4759* -13.0077** -4.9124 -5.0366 -1.9388 -2.1094

S&PMIDC -16.8018** -9.6428 -4.2864 -3.7662 -22.0235*** -28.7805***

S&P600I -3.1688 -3.6021 -4.0950 -2.9833 -5.2163 -4.8198

Panel B dpr dtr wpr wtr mpr mtr

TOTMKWD -6.0062 -3.1342 0.7997 3.6931 -4.6941 -5.3378

GSCI -11.4129* -9.2511 -3.9466 -5.7548 -2.7746 -3.1903

BMUS10Y -14.7721** -5.7558 4.9773 -6.5653 3.9712 1.7765

DJCBI10Y 10.1905 3.7430 -6.6050 -3.8718 4.2992 3.1546

S&PCOMP -9.2341 -2.6412 -2.3875 2.5469 -4.5383 -2.9682

S&PMIDC -10.2698 -3.9527 -3.0326 4.1017 1.4311 1.6577

S&P600I -5.2006 -2.7180 -1.7561 3.4727 -4.4285 -7.6302

Table 11
The table summarises the Adjusted J statistics of U.S. REIT return types and frequencies against the
corresponding benchmark series over the sub-periods. Panel A shows the results for the first sub-period from
January 1997 to September 2001. Panel B shows the results for the second sub-period from October 2001
to November 2010. The Adjusted J is calculated with exceedances ϑ = {0, 0.2, 0.4, 0.6, 0.8, 1} (Alcock and
Hatherley, 2010) in conjunction with the Bartlett kernel (Hong, Tu, and Zhou, 2007) for the estimation of

the variance-covariance matrix, Ω̂, resulting in 6 d.f. determining the critical values of the χ2 distribution
employed for the significance test of the Adjusted J.
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