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1. Introduction 
 
Public real estate is an attractive asset class in the mixed-asset portfolio due to favorable risk 
return characteristics and low correlations with other financial asset classes like stocks and bonds, 
and its qualities as a portfolio diversifier both in the mixed-asset portfolio, and in the real estate 
portfolio has been studied in a number of academic papers. In the long run, several studies find 
the return of public and private real estate to be similar, especially when catering for differences 
in index composition and leverage, but in the short run, there are hedging possibilities between 
the assets. Portfolio optimization models assume that both volatilities and correlations are 
constant over the time period investigated which is not true in practice. The low correlation 
between public and private real estate tend to increase when there are shocks to the market, 
reducing diversification opportunities when they are most needed (Knight et al 2005). This is 
common in the financial markets as well, where the problem of “correlation breakdown” during 
periods of greater volatility is well known (Loretan and English 2000). With the introduction of 
multivariate GARCH-models, (see for instance Engle 2002) the nature and extent of time-varying 
conditional correlations can now be estimated, and although several applications of the models 
can be found in real estate literature, the drivers of correlation between public and private real 
estate during different phases of the real estate cycle are not fully understood.  
 
This paper addresses several important issues with respect to correlation and volatility dynamics 
for public real estate in the UK mixed asset portfolio. The time-varying benefits of including 
public real estate in the mixed asset portfolio is important to investors where knowledge of 
covariance matrix variation can contribute to investors risk management, either for active fund 
management where transactions costs have to be considered, and for passive management as it 
helps predict when the portfolio will be riskier than usual, which can be countered with hedging 
strategies (Peng and Schulz 2013).To the best of our knowledge, the correlation and volatility 
structure for public real estate in the U.K. mixed-asset portfolio during different market phases 
has not been adequately studied.  The low liquidity in the private real estate market is believed to 
impact, not only risk and return for private real estate but also the lead lag relationship between 
public and private real estate return. There is also evidence that the liquidity premium in REIT 
prices relative to property net asset value (NAV) varies systematically with the liquidity of private 
real estate, making the connection between conditional correlation and liquidity a question of 
great interest to real estate investors and portfolio managers.  
 
In the analysis, conditional monthly return is modeled for public real estate, private real estate, 
bonds and equities in the UK market using a Vector Autoregressive (VAR) model. Conditional 
volatilities are modeled in a Generalized Autoregressive Conditional Heteroscedasticity 
(GARCH) framework, and the conditional correlations between public real estate and the other 
assets are estimated using a Dynamic Conditional Correlation (DCC) model. 
 
The aim of this paper is to contribute to the literature on correlation and volatility dynamics for 
public real estate. This is achieved by (1) estimating conditional volatilities for real estate and 
financial asset classes, and conditional correlations between public real estate, private real estate 
and financial assets, (2) investigate whether conditional correlation between public real estate and 
the other assets increase over time, (3) using regression analysis, determine how public real estate 
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acts as a diversifier in a mixed asset portfolio during different phases of the real estate cycle 
where conditional correlation is explained by conditional volatilities (4) adding liquidity to the 
regression model for public and private real estate to see how transaction activity helps explain 
conditional correlations. The rest of the paper is structured as follows. Section two reviews the 
literature on public real estate and its relation to private real estate and financial assets. Section 
three presents and describes the data used in the study and the methods used to model 
conditional correlations. Section four presents the empirical results, and conclusions are provided 
in the last section.   
 
2. Literature 
 
The benefits of including private real estate in a mixed asset portfolio are typically based on its 
low average correlation with financial assets, where gains in return are less compared to reduction 
in portfolio risk, and the benefits tend to increase with a longer investment horizon, (Lee and 
Stevenson 2006). Although allocation to real estate suggested in literature ranges between 10-30 
percent, the actual weightings incorporated by institutional investors is much lower, e.g. (Worzala 
and Bajtelsmit 1997 and Hoesli et al 2003). The reason for this discrepancy is both pertaining to 
the quality of the data, and to the characteristics of the asset and the liabilities of the investor.  
The property price indices used in the portfolio optimizers do not capture the true risk in real 
estate return. Since returns of private real estate are appraisal based, the true returns are 
unobservable, and the appraised value represents a weighted average of current and previous true 
return. This is partly because of bias introduced in the valuation process and partly because how 
valuations at different points in time are aggregated in the index (Corgel and deRoos 1999) 
Different quantitative de-smoothing techniques have been developed by researchers with the aim 
of capturing the true volatility of the series, e.g. (Geltner 1993, Geltner et al 2003, Edelstein and 
Quan 2006 and Bond and Soosung 2007). One explanation for pension funds lower allocation to 
real estate has to do with the matching of their pension liabilities (Craft 2001). Bond et al (2006) 
find illiquidity to be a contributing factor, specifically in the short term, but not the main driver 
of low actual allocations to real estate in UK pension funds. Other explanations found in 
literature are the small market size (Newell 2008) or management fees and time and staff 
limitations (Reddy 2012). 
 
Adding public real estate to a portfolio of financial assets can both reduce risk and increase 
return, e.g. (Mueller et al 1994, Lee and Stevenson 2005, Bond and Glascock 2006). Newell et al 
(2016) argue that UK-REITs due to their strong risk-adjusted performance compared to UK 
stocks contribute to the mixed-asset portfolio across the risk spectrum. Niskanen and Falkenbach 
(2010) investigate European REITs and find a significant positive correlation between REITs and 
equities, but a negative correlation to fixed income securities. When assessing temporal variations 
in asset volatilities and their effects on correlations, diversification benefits for equities decrease 
with increasing volatility in equities, but increases for fixed-income assets. 
 
With some exceptions, see for instance (Seiler et al 2001 and Lee and Stevensson 2005) several 
studies find that including both public and private real estate in mixed-asset portfolio improves 
the efficient frontier, see for instance (Feldman 2003 and Mueller and Mueller 2003). Pagliari 
(2016) examines real estate’s role in institutional mixed-asset portfolios using both private and 
public real estate indices in the US market, and finds that using infinite-horizon returns real estate 
allocations on 10-15 % constitutes the upper bound for most investors. For investors preferring 
low-risk portfolios, private real estate is preferable, and for investors preferring high risk 
portfolios, public real estate with its embedded leverage serves this purpose better. 
 
The comparison of public (indirect, securitized) real estate to private (direct, equity) real estate 
has received a lot of attention in literature where the public real estate market is presumed to be 
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more informationally efficient than private real estate markets due to smaller lot sizes, greater 
number of market participants, smaller transactions costs, and the existence of a market place. 
Prices in securitized real estate have been found to react faster to shocks than direct real estate i.e. 
public real estate return lead private real estate return, e.g. (Morawski et al 2008, Hoesli et al 2015, 
and Yunus et al 2012). Since the underlying assets of public real estate are buildings and the leases 
paid by their tenants, once you control for the differences in the composition in the indices, the 
long run performance of the two investments are quite similar, and can be argued to be offering a 
risk/return continuum (Pagliari et al 2005, Hoesli and Oikarinen 2016 and Pagliari 2016). 
 
Boudry et al (2012) focus on the long perspective using a co integration framework to model the 
relation between a transaction- based real estate price index and REITs and find that they share a 
long run equilibrium. Liow (2006) investigates the long- run and short-term relationships between 
stock and property markets. Using an autoregressive distributed lag (ARDL) co-integration 
procedure the results suggest a long run contemporaneous relationship between all stock, 
property stock, and real estate prices all though the relationship weakens after controlling for 
changes is macroeconomic factors. Morawski et al (2008) investigate correlation structures and co 
integration relationships of public and private equity markets for the U.S and the UK. With 
regard to short-term return co-movements the public real estate stock shows similarities to the 
general stock market, but for longer investment horizons, the interdependence between public 
and private real estate is much stronger.  
 
Clayton and MacKinnon (2003) examine the link between REIT, financial assets and real estate 
returns to test if REIT returns better reflect the performance of the underlying asset after the 
REIT boom in the early 1990s. They find that the REIT market went from being largely driven 
by the same economic factors that drive large cap stocks to being more strongly related to small 
cap stocks and real estate factors. These results are confirmed by Hoesli and Oikarinen (2012) 
who examine whether securitized real estate return reflect direct real estate return or general 
stock market return for the US, UK and Australia. The econometric evaluation is based on 
sectors level data, and both long term and short term dynamics is compensated for as well as the 
lack of leverage in the real estate indices. Their results suggest that long run REIT performance is 
more closely related to direct real estate than to the stock market, and that REITs and direct real 
estate are relatively close substitutes in a long horizon investment portfolio.  
 
Despite the advantages of public real estate compared to private real estate in terms of liquidity, 
divisibility and transparency, many European investors are hesitant to include listed real estate in 
their real estate allocation, (Baum and Moss 2013), and there is a clear need for further work in 
the area of investigating the performance impact of blended listed and unlisted real estate 
exposure. (Moss and Farelly 2015). It seems that large institutional investors tend to favor private 
real estate equities, while individuals and small institutional investors tend to favor public real 
estate. (Pagliari et al 2005 and Anglin and Yanmin 2011). 
 
One of the main differences between public and private real estate is the ease with which public 
real estate is traded, and where the low liquidity in the private market impacts real estate 
investment risk, e.g. (Lin et al 2009 and Bond et al 2007). Liquidity in itself is not observable, 
meaning proxies need to be created. For real estate, trading volume is an indirect liquidity 
measure widely used in literature (IPF 2015). Liquidity also affects the propensity for many 
institutional investors to take larger positions in more liquid assets like REIT stocks compared to 
private real estate equities (Ciochetti et al 2002) 
 
Liquidity in the real estate market has a large impact on private real estate returns, (see for 
instance Ang et al 2013), and there is evidence that the liquidity premium in REIT prices relative 
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to property NAV varies systematically with the liquidity of private real estate, and that investors 
value the liquidity provided by REITs when liquidity in the private real estate market is low 
(Clayton and McKinnon 2002). Other studies that have found a negative correlation between 
liquidity and the NAV discount are Barkham and Ward (2009). Morri and Baccarin (2016) find a 
negative correlation for French REITs, but for Dutch, and British REITs, which trade in markets 
with a higher number of daily transactions, no discounts were found. 
 
Asset allocation and risk assessment rely on estimates of the correlation of returns of the assets in 
the portfolio, and if the correlations and volatilities are changing over time, reliable estimates of 
time-varying volatilities and correlations must be made. With the introduction of the GARCH 
model by Bollerslev (1986), and the DCC GARCH model by Engle in (2002) time varying 
volatilities and correlations between financial assets could be estimated, and several studies have 
found the covariance matrix of public real estate versus other asset classes to be time-varying, see 
for instance Liow et al (2009), Chong et al (2009) Case et al (2012) Huang et al (2011), Liow 
(2012) and Heaney and Sriananthakumar (2012). The DCC GARCH model is found to 
outperform other models, (Bradford et al 2012, Huang and Zhong 2013) 
 
Liow (2012) models conditional real estate stock correlations at the local, regional and global 
levels for a sample of eight Asian securitized real estate markets. He finds that real estate global 
stock correlations co-move with real estate regional stock correlations and real estate local stock 
correlations, and that real estate and stock volatilities and correlations increased from the pre 
global financial crisis period to the crisis period. Yang et al (2012) apply a multivariate asymmetric 
generalized dynamic conditional correlation GARCH model to daily index returns of stocks, 
bonds, REITs and CMBS in the US market and detect asymmetric volatilities and correlations in 
CMBS and REITs. The results indicate reduced hedging potential of REITs against stock market 
downturn, and that corporate bonds and CMBS may provide diversification benefits for stocks 
and REITs. Bradford et al (2012) use the DCC-GARCH model to examine dynamics in 
correlation of returns between publicly traded REITs and non-REIT stocks, and find that REIT-
stock correlations form three distinct periods. Portfolio optimization suggests that using DCC 
GARCH modelling of dynamic correlations is superior to using rolling 24-month asset 
correlations. Huang and Zhong (2013) study commodity, REITS and Treasury Inflation 
protected Securities (TIPS) during the time period 1970-2010 and find that the three asset classes 
in general are not substitutes for each other, and that the diversification benefits of each asset 
class change substantially over time. The time variations can be explained by time varying 
correlations, and the correlation structure developed by Engle (2002) outperforms other 
correlation structure. 
 
The estimation of conditional correlations can be taken a step further by either creating models 
to explain future correlations, or by using the estimated correlations to predict future return. 
Chong et al (2009) study temporal variations in the conditional correlations between REITs and 
equity, bond and commodity return, and find that for the U.S. government securities, and the 
Goldman Sachs Commodity Index, the conditional correlations with REITs fell in periods of 
high volatility in these markets. Liow et al (2009) capture the time varying correlations between 
international publicly traded real estate securities using monthly returns between 1984 and 2006. 
They detect a strong and positive connection between real estate securities market correlations 
and their conditional volatilities. They also find that the international correlation structure of real 
estate securities and the broader stock market are linked to each other. Fei et al (2009) examine 
the dynamics of the correlation and volatility of REITs stocks and direct real estate using 
monthly data between 1987 and 2008 using an AD-DCC GARCH specification, and find that the 
time-varying correlations can be explained by macro-economic variables such as term and credit 
spreads, inflation and the unemployment rate. For equity REITs, a robust relationship exists 
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between correlations and future returns, i.e. the higher the correlation between equity REITs and 
direct real estate, the higher the future returns of equity REITs, and vice versa. 
 
3. Data and methodology 
 
3.1 Data 
In this study, monthly total return (capital gain with net income reinvested) series of following 
four major U.K. asset classes are used: EPRA, IPD, Equity and Bonds. EPRA represents the 
FTSE EPRA/NAREIT U.K. monthly total return index and tracks the evolution of U.K. real 
estate companies and REITS that are listed on the London Stock Exchange. The monthly total 
return performance of U.K. direct equity real estate investments is represented by MSCI´s IPD 
UK Monthly Property Index. The IPD data measures ungeared total returns to directly standing 
property investments from one open market valuation to the next. The Equity data represents 
the MSCI Mid & Large Cap Index U.K. monthly total return index. Finally, the Bond data 
represents J.P. Morgan, U.K. monthly total return index of bonds with 7-10 years maturities. See 
Table 3.1 for a summary of the data sources and asset classes used in this study. 
 
Table 3.1. Asset classes and data sources. 
Asset class Description of index Source Inception 

date 
End date 

EPRA FTSE EPRA/NAREIT U.K. monthly total 
return index. 
Tracks listed U.K. real estate companies and 
REITS. 
 

EPRA 01/31/1988 02/21/2015 

IPD IPD U.K. monthly property monthly total 
return index. 
Tracks private commercial real estate. 
 

MSCI 01/31/1987 09/30/2014 

Equity MSCI Mid & Large Cap Index U.K. monthly 
total return index. 
Tracks listed mid and large cap U.K. stocks. 
 

Datastream 12/31/1986 01/31/2017 

Bonds J.P. Morgan, GBI Global U.K., monthly total 
return index of bonds with 7-10 years 
maturities. 
Tracks long-term government bonds. 

Datastream 01/29/1988 01/31/2017 

 
 
3.2 Descriptive statistics of the return index series 
 
As illustrated in Figure 3.1, the cumulative total returns of all four asset indices have experienced 
an overall upward trend over the period December 1989 to September 2014. However, while the 
cumulative total return of bonds with seven to ten years of maturity, both have increased the 
most (from 100 to 700) and basically never has experienced any sharp market downturn, the 
other three asset classes have experienced strong market corrections after long periods of positive 
momentum. The cumulative total return of mid- and large cap stocks, represented by the Equity 
series, experienced large and long market correction two times: from early 2000 to early 2003, 
and during from mid-2007 to mid-2009. Public real estate cumulative total return, represented by 
the EPRA index, experienced a harsh downturn in the early 1990s and a very sharp decline from 
mid-2007 to mid-2009, when the cumulative total return index fell from 510 to 125 (minus 75%). 
The IPD index, which tracks the evolution of the cumulative total return of direct real estate 
investments, also experienced a strong market correction during the 2007 to 2009 financial crisis. 
However, the IPD return series exhibits a much “smoother” and less volatile evolution than the 
listed real estate return performance (EPRA). This observation can be explained by two data 
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measurement issues: smoothing behavioral of appraised valuations and financial leverage effects. 
We return to these issues below.  
 
With respect to the simultaneous sharp fall in the three equity investment type of asset classes 
(Equity, EPRA and IPD) during the 2007-2009 financial crises, questions have been raised about 
the diversification benefits of mixed asset portfolio. For instance, IPF (2009) states that 
“diversification disappeared when it was most needed” [p. 9] since in recession times “all 
correlations went to one” [p. 9]. The highly stable upward trend in the cumulative bond return, as 
opposed to the other three asset classes, indicates that market timing of investments, in both 
short and long positions, is far much more important for investments in EPRA, IPD and Equity. 
 
Figure 3.1. This figure depicts the cumulative total return of four U.K. market indexes of public real estate (EPRA), 
private real estate (IPD unsmoothed), broad mid and large cap equity (Equity), and bond investments from the end 
of Dec 1989 to the end of Sep 2014. All index series are rebased to 100. 

 
Sources: EPRA (EPRA), MSCI (IPD), Datastream (Equity and Bonds). Authors own calculations. 
 
The IPD index data series, which tracks the performance of the underlying direct commercial real 
estate markets, are derived from valuations instead of actual transaction prices. A common view 
is that this results in “smoothed” reported returns due to appraiser (valuer) behavior (for a review 
of the appraisal smoothing literature, see e.g. IPF 2012). As a consequence of appraisal 
smoothing, the reported IPD return series (as well as other appraisal based return series) are 
typically considered to exhibit much lower volatility than the true but unknown underlying return 
performance. 
 
Different de-smoothing techniques have been proposed in the literature to estimate the true 
return series form the reported smoothed return series. A common technique to de-smooth is 
derived from a theory that current real estate valuations are a weighted average of new market 
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evidence and previous real estate returns (IPF 2007), reflecting that appraisers are slow to react 
and tend to underreact to major price variations (Sun et al 2015). Thus, in this paper, to de-
smooth the IPD valuation based index data (the cumulative capital return index series), we apply 
a commonly used method where the estimated total return of the true total return at time t is 
computed by the following first-order autoregressive de-smoothing technique formula 
 

α
α
−
−

= −

1
1tt

t
TRTR

TrueTR  

 
where TrueTRt is the de-smoothed total return index value at month t, TRt is the original total 
return value at month t, and α is the smoothing parameter which can be given a value between 0 
and 1, which reflects the weighting in current valuations of new market evidence (IPF 2007). 
 
In this paper we apply α =0.90 as de-smoothing parameter. The de-smoothed IPD real estate 
index series is labeled IPD_090, where 090 stand for the size of the de-smoothing parameter. 
(De-smoothing parameters of 0.80 and 0.75 have also been applied. However the main results 
concerning the correlation dynamics are robust to different parameter values1 . For a display of 
descriptive statistics, correlation matrices and rolling window correlations for the series using de-
smoothing parameters 0.80 and 0.75 see appendix A.   
 
Yet another data issue often raised in the commercial public vs private real estate return literature 
concerns the effect of financial leverage on volatility. The observed higher volatility of listed 
(public) real estate returns compared to direct (private) real estate returns simply reflects the fact 
that most listed real estate companies’ investments are funded by the issuance of corporate debt, 
equity and hybrid debt-equity securities. The difference in return volatility between IPD (private 
non-leveraged returns) and EPRA (public leveraged returns) can thus be attributed to the 
financial leverage explanation e.g. (Sun et al 2015), who discuss not only the effect of financial 
leverage but also financial distress costs that can explain the high volatility in listed or public real 
estate returns). In this paper we analyze investment performance from an investor perspective 
and thus avoid deleveraging the public equity index series. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                                                             
1 Results available on request 
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Figure 3.2. This figure compares the cumulative total return of the smoothed original private real estate index (IPD) 
and the de-smoothed index with de-smoothing parameter α =0.90  (IPD_090), from the end of Dec 1989 to the end 
of Sep 2014. All index series are rebased to 100. 

 
Sources: MSCI (IPD and IPD_090). Authors own calculations.  
 
As Figure 3.2 shows, the cumulative total return of the de-smoothed IPD index, IPD_090, 
exhibits a higher volatility than the smoothed original IPD index. Above all, the IPD_090 index 
performed much worse than the smoothed IPD index during the 2007-2009 financial crises. 
Besides the higher volatility in cumulative total return, the basic patterns of upward and 
downward trends over the whole time period are quite similar between the two index series. 
 
Figure 3.3 shows the evolution of the cumulative total return of all four asset classes, however 
this time the de-smoothed IPD index, IPD_090, has replaced the smoothed original IPD data. 
This diagram amplifies the conclusion that Figure 3.1 illustrated: during the 2007-2009 financial 
crisis, when diversification was most needed, public equity as well as both private and listed real 
estate fell strongly. However, this time the fall in the private (direct) real estate market, measured 
using the IPD_090 index (de-smoothed IPD), was almost as severe as the public real estate 
market downturn.  
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Figure 3.3. This figure depicts the cumulative total return of four U.K. market indexes of public real estate (EPRA), 
private real estate using de-smoothed index with de-smoothing parameter α =0.90  (IPD_090), broad mid and large 
cap equity (Equity), and bond investments, from the end of Dec 1989 to the end of Sep 2014. All index series are 
rebased to 100. 

 
Sources: EPRA (EPRA), MSCI (IPD_090), Datastream (Equity and Bonds). Authors own calculations.  
 
Table 3.2 presents summary statistics for the EPRA, IPD_090, Equity, and Bonds monthly total 
returns. Equity has yielded the highest arithmetic mean return (0.71%) followed by Bonds 
(0.67%), IPD_090 (0.66%) and EPRA (0.59%). While all four asset classes have experienced 
rather similar arithmetic mean returns (range is 0.12 percentage points), the range of the 
geometric mean returns is almost twice as large (0.23 percentage points). Above all, the EPRA 
geometric mean return of 0.42% results in an overall much lower average growth rate compared 
to the other assets classes, and thus the lowest ending (September 2014) cumulative return index 
value (see Figure 3.3). IPD_090 has also yielded a lower geometric mean return than Equity and 
Bonds. The lower geometric mean returns of EPRA and IPD_090 can be attributed to the sharp 
fall that both asset classes experienced during the 2007-2009 financial crisis. The stronger boom-
bust patterns in the two real estate investment asset classes are also reflected in the higher 
differences between maximum and minimum returns, as well as in higher standard deviation.  
 
Table 3.2. Summary statistics of U.K. monthly EPRA, IPD_090, Equity and Bond total return series, Jan 1990 to 
Sep 2014 (297 months). 2 
 Arithmetic 

mean 
(%) 

Geometric 
mean  

(%) 

Maximum  
(%) 

Minimum 
(%) 

Std. 
dev. 
(%) 

Reward-
to-risk 

ratio 

Skewness Kurtosis Shapiro-
Wilk test 

statistic 
EPRA 0.59 0.42 25.11 −22.25 5.81 0.10 −0.18 4.91* 0.978*^ 
IPD_090 0.66 0.55 23.34 −22.23 4.70 0.14 −0.67* 9.02* 0.876*^ 
Equity 0.71 0.62 11.98 −12.87 4.14 0.17 −0.40* 3.45 0.986*^ 

                                                             
2 For all monthly return time series the null hypothesis of non-stationarity can be rejected. 
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Bonds 0.67 0.65 6.65 −4.16 1.73 0.39 0.19 3.66** 0.991***^ 
The reward-to-risk ratio is computed as the ratio of the arithmetic mean to the standard deviation.  
^Null hypothesis: the variable is normally distributed. 
*Significant at the 1% level. 
**Significant at the 5% level. 
***Significant at the 10% level. 
 
As table 4.5 shows, we can for all monthly return time series reject the null hypothesis of a non-
stationarity in favor of the alternative hypothesis that the return time series are stationary. 
 
A comparison of the reward-to-risk ratios (computed as the ratio of the arithmetic mean to the 
standard deviation), the reward-to-risk ratio of Bonds exceeds with large margin that of all other 
asset class indices. An investment in Bonds has also yielded the highest geometric mean return, 
resulting in the highest ending (September 2014) cumulative return index value (see Figure 3.3). 
Once again, while the IPD_090 reward-to-risk ratio outperformed EPRA’s reward-to-risk ratio 
during the sample period (Jan 1990 to Sep 2014), both direct and listed real estate asset classes 
were outperformed by Equity.  
 
Table 3.3 Descriptive statistics of annualized monthly returns of U.K. EPRA, IPD, IPD de-smoothed, Equity and 
Bond index series, Jan 1990 to Sep 2014.  
 Annualized 

arithmetic mean 
(%) 

Annualized 
std. dev. 

(%) 

Reward-to-
risk ratio 

 

EPRA 7.08 20.13 0.35  
IPD_090 7.92 16.28 0.48  
Equity 8.52 14.34 0.59  
Bond 8.04 5.99 1.34  
The reward-to-risk ratio is computed as the ratio of the annualized arithmetic mean to the annualized standard deviation. 
 
Table 3.3 presents the annualized figures of arithmetic mean return, standard deviation and 
reward-to-risk ratio of the four asset classes. Although the difference between the largest and 
smallest annualized mean return figures is quite small (1.44 percentage points), the annualized 
standard deviation ranges from 5.99% (for Bonds) to 20.13% (for EPRA). Again, this results in 
superior reward-to-risk ratio of Bonds as compared to the other asset classes. Naturally, the 
choice of base period can vastly influence the risk-reward ratios.  
 
3.2.1 Correlation analysis based on unconditional correlations 
 
The unconditional correlations between monthly total return series of the assets classes’ (EPRA, 
IPD_090, Equity and Bonds) monthly total return series are computed using the Pearson’s 
correlation coefficient. Table 3.4 presents the computed pairwise correlation coefficients for the 
entire period, January 1990–September 2014. All correlations except the one between IPD_090 
and Equity are significant at the 1% level. The lowest correlation coefficient between IPD_090 
and Equity is only 0.10 and significant at the 10% level. The highest correlation coefficient, 0.61, 
is obtained between the two public equity asset classes: EPRA and Equity. The correlation 
coefficient between direct real estate (IPD_090) and public real estate (EPRA) is as low as 0.19. 
 
 
Table3.4. Correlation matrix of unconditional correlations (Pearson correlations) between U.K. monthly total return 
series, Jan 1990 to Sep 2014. The IPD de-smoothed return data is represented by IPD_090. 
 EPRA IPD_090 Equity Bonds  

EPRA 1.00     
IPD _090 0.19* 1.00    
Equity 0.61* 0.10*** 1.00   
Bonds 0.17* −0.17* 0.15* 1.00  
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The null hypothesis states that the pairwise correlations are zero.  
*Significant at the 1% level. 
**Significant at the 5% level. 
***Significant at the 10% level. 
 
 
The pairwise correlation coefficients between the asset classes have been unstable during the 
sample period. By studying historical correlations with rolling windows correlations, we can 
graphically depict the changes in correlations over time. 
 
Figure 3.4 shows the results of the rolling correlation analysis of the pairwise correlations 
between public real estate (EPRA) and each of the other three asset classes. The unconditional 
correlations are estimated over a sliding window of 36 months. It is apparent that the correlations 
are not stable over time. From 1990 to 1995, all three pairwise correlations (between EPRA and 
IPD_090, EPRA and Equity, and EPRA and Bonds, respectively), decreased sharply. For 
instance, the correlations between EPRA and IPD_090 fell from about 0.10 to minus 0.40. While 
the correlation between EPRA and IPD_090 started to increase strongly from minus 0.40 to 
about 0.60 during 1995 to 2007 (with a sharp drop during the first years of the 21st century), the 
correlations between EPRA and Equity, and between EPRA and Bonds, continued to fall from 
1990 to 2000.  All correlations then rose considerably from early 2000 to 2004 (between EPRA 
and Equity, and between EPRA and Bonds), and until 2007 (between EPRA and IPD_090). 
While the correlation between the publicly listed equity asset classes (EPRA and Equity) 
increased strongly from the early years of the financial crisis to 2011 (reaching a peak of more 
than 0.80 in 2010/2011, the correlations between EPRA and IPD_090, and between EPRA and 
Bonds, fell from about 2004 to 2010. Thereafter, the relationship between direct and public real 
estate continued to fall sharply, again entering negative territories.  
 
Indeed, the wavelike time-varying nature of correlations also reveals that the correlation pairs 
often show a pattern resembling each other's mirror images. However, the nature of the mirrors 
also seems to change over time. For instance, while the correlations between EPRA and Bonds, 
and the correlations between EPRA and Equity, trended downwards from early 1990s to 2000, 
they thereafter started to be each other’s mirrors. While the overall rolling windows correlations 
between EPRA and Equity are relatively high (although quite unstable), the other two correlation 
pairs exhibit a highly volatile pattern ranging from negative to positive correlations. To conclude, 
all three correlations curves strongly indicate that a naive constant correlation approach to 
portfolio management and risk management may be unsuccessful due to the volatile and time-
varying dynamics in the relationships between different asset classes. 
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Figure 3.4. Rolling windows correlations calculated for rolling periods of three years, Jan 1990 to Sep 2014. This 
figure provides a visual support for the unstable and time-varying nature of U.K. market return correlations between 
public and private real estate (EPRA IPD_090), between public real estate and listed equity (EPRA Equity), and 
between public real estate and bond investments.3 

 
Source: FTSE EPRA/NAREIT, authors’ calculations  

 
3.3 Modelling the conditional correlations with DCC-GARCH specifications 
 
For the mean returns, a VAR (1) model is adopted. In the VAR model all variables of interest are 
endogenous and all variables are modeled simultaneously.  GARCH models (Bollerslev et al 
1992) where developed to explain the behavior of return volatility over time, and the conditional 
variances are assumed to follow a univariate GARCH (1,1) specification: 
 
ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖,0 + 𝛼𝛼𝑖𝑖,1𝜀𝜀𝑖𝑖,𝑡𝑡−12 + 𝑦𝑦𝑖𝑖ℎ𝑖𝑖𝑖𝑖,𝑡𝑡−1    (1) 
 
Where the predictor of the variance in the next period is the weighted average of the long run 
average variance, the squared residual for the most recent period and the variance predicted for 
the most recent period. The DCC GARCH model created by Engle (2002) is used to model 
conditional correlations between public real estate and other asset in the U.K. mixed asset 
portfolio. The model is a new class of multi-variate GARCH- models to estimate large time 
varying covariance matrices. The estimation is made by estimating univariate GARCH models for 
each asset, and then using transformed residuals from the first stage to estimate a conditional 
correlation estimator.  
 
The conditional covariance terms are assumed to follow the DCC (1.1) specification, 

                                                             
3 For a display of rolling window correlations for IPD_075 and IPD_080 see appendix B 
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ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 = 𝜌𝜌𝑖𝑖𝑖𝑖,𝑡𝑡�ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 �ℎ𝑖𝑖𝑖𝑖,𝑡𝑡     (2) 
 
 
𝜌𝜌𝑖𝑖𝑖𝑖,𝑡𝑡 = ℎ𝑖𝑖𝑖𝑖,𝑡𝑡

�ℎ𝑖𝑖𝑖𝑖,𝑡𝑡�ℎ𝑖𝑖𝑖𝑖,𝑡𝑡
     (3) 

 
 
 
𝜌𝜌𝑖𝑖𝑖𝑖,𝑡𝑡 = (1 − 𝑎𝑎 − 𝑏𝑏)�̅�𝜌𝑖𝑖𝑖𝑖 + 𝑎𝑎𝜀𝜀𝑖𝑖,𝑡𝑡−1𝜀𝜀𝑖𝑖,𝑡𝑡−1 + 𝑏𝑏𝜌𝜌𝑖𝑖𝑖𝑖,𝑡𝑡−1   (4) 
 
 
where ℎ𝑖𝑖𝑖𝑖,𝑡𝑡 is the conditional covariance between the standardized residuals from the first stage.  
Equation 4 is the DCC model in which a and b are scalar parameters to capture the effects of 
previous standardized shocks and previous dynamic conditional correlations, and �̅�𝜌𝑖𝑖𝑖𝑖 is the long 
run average unconditional correlation. 
 
4. Empirical results 
 
4.1 Dynamic conditional correlations 
 
We estimate a DCC-GARCH model where we model the conditional means of the returns as a 
first-order vector autoregressive process and the conditional covariance’s as a DCC multivariate 
process in which the variance of each  disturbance term follows a GARCH(1,1) process. 
 
Figure 4.1 graphs the time-varying conditional correlations between the total return series of 
EPRA and each of the other two asset class series. Thus the conditional correlation curves show 
the conditional correlations between EPRA and IPD_090, between EPRA and Equity, and 
between EPRA and Bonds. Similar to the rolling windows estimation of the unconditional 
correlations, the dynamic conditional correlations (DCC) fluctuate significantly. As can be seen, 
the conditional correlation curves exhibit similar general pattern as the unconditional 
correlations. However the differences between the largest and smallest correlations are somewhat 
smaller for the DCC curves. The DCC curve between EPRA and IPD_090 is the lowest from 
1990 to about 1999, and turns negative several years until 2000. Thereafter the DCC increases to 
until the financial crisis, and thereafter starts to fall again to become slightly negative (minus 0.10) 
at the end of the period. 
 
We apply a likelihood-ratio test to formally check whether the time-dependent DCC model 
outperforms the Bollerslev (1990) conditional constant correlation (CCC) model (Boffeli and 
Urga 2016). The null hypothesis states that the CCC and DCC models are equivalent. We 
complement this likelihood-ratio test by computing Akaike’s information criterion and Bayesian 
information criterion. As Table 4.1 shows, the DCC model outperforms the CCC model. The 
highly significant likelihood ratio test, as well as the two information criteria, together show that 
the DCC model outperforms the CCC model. Accordingly, the pairwise relationships between 
the EPRA asset class and each of the three other asset classes, cannot be assumed to be constant. 
Thus, the rolling windows correlations, the dynamic conditional correlations, and the likelihood-
ratio and information criteria tests, altogether emphasize the importance for portfolio and risk 
managers to consider and analyze the time-varying nature of asset return correlations. 
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Figure 4.1. Dynamic Condition correlation predictions between EPRA and IPD_090, between EPRA and Equity, 
and between EPRA and Bonds (296 months, from Feb. 1990 to Sep. 2014). 

 
 
 
Table 4.1. Test of whether dynamical conditional correlation model (DCC) outperforms conditional correlation 
model (CCC). The likelihood-ratio test, as well as the two information criteria (AIC and BIC), show that the DCC 
model outperforms the CCC model. 
LR-test Chi-square = 48.57 

P-value = 0.0000 
  

Model AIC BIC  
CCC −4820.694 −4680.461  
DCC −4865.262 −4717.648 
 
Table 4.2 presents summary statistics of the predicted dynamic conditional correlations. The 
arithmetic means of the dynamic conditional correlations between EPRA and the other asset 
classes are close to the Pearson correlations for the entire time period (stated within parenthesis) 
presented in Table 3.4 above (0.15 vs. 0.19 for IPD_090, 0.57 vs. 0.61 for Equity, and 0.16 vs. 
0.17 for Bonds). The ranges of the conditional correlations are all quite high and similar in size 
(from 0.76 to 0.83), indicating the dynamic non-constant nature of the conditional correlations.  
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Table 4.2. Summary statistics (arithmetic mean, standard deviation, minimum and maximum) of the monthly 
dynamic conditional correlation predictions (296 months, from Feb. 1990 to Sep. 2014). 
DCC between EPRA 
and… 

DCC Arithmetic mean 
(Pearson correlations 
from Table 3.4) 

Std. dev. Min Max Range 

IPD_090 0.15 
(0.19) 

0.17 −0.18 0.59 0.76 

Equity 0.57 
(0.61) 

0.13 0.04 0.81 0.77 

Bonds 0.16 
(0.17) 

0.18 −0.25 58 0.83 

 
 
 
4.2 Regression with time trend 
Following Chong et. al. (2009) and to some extent Liow et al (2009), we estimate a simple linear 
regression model where each of the estimated dynamic conditional correlation pairs are regressed 
on a constant and a linear time trend. In this model, the estimated slope coefficient can be 
interpreted as the “trend’’, in accordance with the regression equation 
 

tTrendtNEE t eβαr ++=,,  
 
where the subscripts E and NE refer to EPRA assets class and non-EPRA asset classes (i.e. 
IPD_090, Equity and Bonds), respectively. 
 
Both graphical and statistical tests of autocorrelation show that positive autocorrelation exist4. 
We therefore present in Table 4.3, in addition to standard OLS t-statistics, Newey–West t-
statistics (with 5 lags), that are based on the Newey-West (1987) estimators for the variance of the 
estimated slope coefficients. The regressions of the dynamic conditional correlations on a linear 
time trend show interesting results (the statistical significance levels referred to in the text below 
are based on the Newey-West standard errors unless otherwise stated). The conditional 
correlations between EPRA and IPD_090 increase over time and are significant at the 1% level. 
The conditional correlations between EPRA and Equity also increase over time but the 
relationship is only significant at the 10% level. On the other hand, the conditional correlations 
between EPRA and Bonds decrease over time, and the result and the result is more significant 
both economically and statistically compared to the other two regressions is significant at the 1% 
level. These results resemble the results obtained by Chong et. al. (2009), who find that 
conditional correlations between US equity REIT (Real Estate Investment Trusts) returns and 
most equity indices, except for the correlations between REITs and MSCI Europe and Asia 
Pacific indices, increase over time, while the conditional correlations between REIT returns and 
bonds decrease over time.  
 
Table 4.3 also presents the regression results using data for the same time period that Chong et. 
al. (2009) uses (Jan. 1990 to Dec. 2005). Chong et. al. (2009), find that conditional correlations 
between REITs and most equity indices increase over time and the results are statistically 
significant. However they also find that the regressions with the conditional correlations between 
REITs and MSCI Europe as dependent variables, is not statistically significant. We also obtain a 
similar result when regressing the conditional correlations between EPRA and Equity against a 
linear time trend. The negative and statistically significant relationship obtained when regressing 
the conditional correlations between EPRA and Bonds is still strong, which resembles the results 
that Chong et. al. (2009) obtain when they regress the conditional correlations between REIT and 

                                                             
4 For a display of autocorrelations between residuals, see appendix C. 
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various U.S. and global region bond returns against a linear time trend. (It is not clear from the 
Chong et. al. (2009) paper whether OLS standard errors or Newey-West standard errors have 
been used.) 
 
Table 4.3. Regression of conditional correlations on a linear time trend using full data set (Feb. 1990 to Sep. 2014) 
and a restricted data set (Jan. 1990 to Dec. 2005) 
Dependent variable Linear time trend  
DCC between EPRA 
and 

βTrend*1,000 OLS  
t-statistics 

Newey-West  
t-statistics 

R2   

Jan 1990 – Sep 2014 
(Whole data set) 

      

IPD_090 0.76* 7.30 3.18 0.15   
Equity  0.34*** 4.09 1.78 0.05   
Bond  −1.02* −9.75 −4.05 0.24   
Jan 1990 – Dec 2005 
(cf. Chong et. al. 2009) 

      

IPD_090 0.64 3.73 1.53 0.07   
Equity  0.26 1.67 0.72 0.01   
Bond  −1.34* −6.86 −3.02 0.20   
A simple linear regression model is estimated where conditional correlations are regressed on a constant and a zero-mean time 
trend. In this model, the estimated slope coefficient can be interpreted as the “trend’’. 
For each regression, the dependent variable is the pairwise conditional correlations between the EPRA return and the non-EPRA 
return series (IPD_090, Equity and Bond, respectively). 
*Significant at the 1% level based on Newey-West standard errors with five lags. 
**Significant at the 5% level based on Newey-West standard errors with five lags. 
***Significant at the 10% level based on Newey-West standard errors with five lags. 
 
 
4.3 Relationship between conditional correlations and conditional volatilities  
 
In the spirit of Chong et. al. (2009), and Liow et al (2009) we also study the relationship between 
conditional correlations and conditional volatilities by estimating the following econometric 
model: 
 

ttNENEtEEtNEE hh eββαr +++= ,,,,  
 
where the subscripts E and NE refer to EPRA and non-EPRA (i.e. IPD_090, Equity and Bonds), 
respectively.  Again, for each sample time period, we estimate three regression models since there 
are three different dependent variables: the pairwise time-varying conditional correlation between 
the EPRA return and each of the non-EPRA returns (IPD_090, equity and bond, respectively). 
Each regression model consists of two explanatory variables: the first is always the time-varying 
conditional volatility of EPRA returns, and the second explanatory variable is either the time-
varying conditional volatility returns for IPD_090, Equity, or Bond returns, depending on which 
of these variables that is included as the second variable in the dependent variable. 
 
The regression models are estimated for different time periods: 

• Full time period covered by the data set: February 1990 to September 2014. 
• Boom period: February 1990 to June 2007. 
• Downturn period: July 2007 to July 2009 
• Recovery period: August 2009 to Oct 2011 
• Recent period: November 2011 to September 2014 
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The same definitions of market state were used as in the research report IPF (2014), where the 
time series were divided into the following time periods for the IPD quarterly index: boom to 
June 2007, downturn to June 2009, recovery to June 2011, and recent up until September 2014. 
 
Again, both graphical and statistical tests of autocorrelation show that positive autocorrelation 
exist but only for the two longer estimation periods (full time period and boom period). 
Consequently, we again present both OLS t-statistics as well as Newey-West t-statistics in Table 
5.4 for these longer estimation periods. For the shorter estimation periods, the OLS t-statistics 
and Newey-West t-statistics do not alter the significance levels considerably. However for the last 
regression (with EPRA-Bonds conditional correlations as the dependent variable) for the last 
period (November 2011 to September 2014) Newey-West t-statistics are reported in addition to 
the OLS t-statistics. 
 
The results in table 4.4 show that the conditional correlation between EPRA and Equity returns 
are positively related to EPRA return volatility for all time periods. Though the EPRA volatility 
variable is not significant for the full time period (Feb. 1990 to Sep. 2014) regression when (the 
Newey-West t-statistic is 1.56, however the OLS t-statistic indicates significance with its size of 
2.22). Nonetheless, the results seem to indicate that during higher EPRA-volatility environments, 
conditional correlations between EPRA and Equity returns increase, lowering the diversification 
effects between these two asset classes when EPRA volatility increases. However the volatility for 
Equity returns is only significant for the period regression for the period August 2009 to October 
2011 (recovery period).  Thus EPRA return volatility seems to be a more important driver for the 
conditional correlation dynamics between EPRA and Equity returns. During the downturn 
period (July 2007 to July 2009), the volatility of equity returns significantly affects all three 
conditional correlation pairs (EPRA-IPD_090, EPRA-Equity, and EPRA-Bonds). However 
while higher EPRA volatility increases the conditional correlations between ERPA and Equity (as 
mentioned above), the other two correlation pairs are negatively related to increases in EPRA 
volatility. 
 
The volatility of direct real estate returns (volatility of IPD_090) significantly affects the 
conditional correlations between EPRA and IPD_090 in all time periods besides the boom 
period (January 1990 to June 2007) based on the Newey-West t-statistic of size 1.57 (however the 
OLS t-statistic as high as 3.92). It is interesting to notice that for all time periods but the recent 
recovery period (November 2011 to September 2014), the volatility of IPD_090 is positively 
related to the EPRA-IPD_090 correlations. For the recent recovery period, the coefficient of the 
IPD_090 return volatility variable is negative (−4.21) and significant at the 1% level. Hence, 
higher volatility of direct real estate returns can affect the conditional correlations between EPRA 
and IPD_090 both positively and negatively depending on time period chosen, potentially 
making it difficult for multi-asset investors to make portfolio choices between direct and public 
real estate investments. 
 
The effect of higher bond return volatility on conditional correlations between EPRA and Bonds 
also show changes of signs depending on the time period used for regression estimation. For the 
entire period (January 1990 to September 2014) as well as for the boom (January 1990 to June 
2007) and downturn (July 2007 to July 2009) periods, the correlation between REIT and bond 
returns rises in periods of high bond return (high interest rate) volatility, which can be interpreted 
as unsatisfactory news to multi-asset investors that consider real estate investments as a portfolio 
diversifier when the bond market is volatile. However during the last two recovery periods, the 
correlation between REIT and bond returns are negatively related to higher bond returns 
(although the result is not significant for the recent recovery period). Again, the changing nature 
of the relationship between bond return volatility and the correlation between REIT and bond 
returns might create challenges for those who make portfolio allocating decisions 



18 
 

Table 4.4. The relation between conditional correlation and conditional volatility for full period  
(Feb. 1990 to SEP. 2014) and for various property cycle phases.  Newey-West t-statistics are reported in parenthesis. 
Dependent variable Intercept Volatility EPRA^ Volatility non-EPRA^^  

DCC between 
EPRA and 

α t-statistic βE t-statistic βNE t- statistic Adj R2 

Jan 1990 – Sep 2014 
(Whole data set) 

       

IPD_090 −0.01 −0.22 
(−0.14) 

1.15 1.55 
(0.94) 

2.27* 7.89 
(3.67) 

0.27 

        
Equity 0.51 13.93 

(10.77) 
1.54 2.22 

(1.56) 
−0.60 −0.56 

(−0.29) 
0.01 

        
Bond −0.21* −3.92 

(−2.28) 
0.02 0.03 

(0.02) 
22.91* 7.06 

(3.50) 
0.17 

Jan 1990 to June 2007 
(Boom period) 
IPD_090 −0.03 −0.42 

(−0.26) 
1.51 1.17 

(0.75) 
1.83 3.92 

(1.57) 
0.07 

        
Equity 0.40* 7.55 

(6.14) 
4.11* 3.58 

(2.91) 
−1.41 −1.29 

(−0.61) 
0.05 

        
Bond −0.28* −4.31 

(−2.62) 
2.63 1.90 

(1.04) 
21.32* 6.86 

(3.06) 
0.29 

Jul 2007 to Jul 2009 
(Downturn period) 
IPD_090 0.52* 10.82 −3.30* −5.34 1.55* 5.10 0.60 
        
Equity 0.07 1.03 6.34* 6.21 −2.76 −1.39 0.71 
        
Bond −0.26 −1.94 −6.00** −2.49 58.12* 3.36 0.31 
Aug 2009 to Oct 2011 
(Recovery period) 
IPD_090 0.20* 3.67 −0.33 −0.33 1.21* 2.90 0.29 
        
Equity 0.68* 10.39 −2.69* −3.64 4.61** 2.12 0.32 
        
Bond 0.11 0.45 6.49* 4.45 −31.38*** −1.76 0.46 
Nov 2011 to Sep 2014 
(Recent recovery period) 
IPD_090 0.28 3.52 −1.57 −1.04 −4.21* −6.66 0.55 
        
Equity 0.14** 2.00 9.88* 5.05 0.50 0.17 0.67 
        
Bond 1.18 2.15 

(1.60) 
−3.15 −0.61 

(−0.34) 
−64.88 −1.83 

(1.54) 
0.06 

For each regression, the dependent variable is the pairwise conditional correlations between the EPRA return and the non-EPRA 
return series (IPD_090, Equity and Bond, respectively). 
^ The first explanatory variable is always the time-varying conditional volatility of EPRA returns. 
^^The second explanatory variable is the time-varying conditional volatility of a non-EPRA asset return series (IPD_090, Equity 
and Bond returns, respectively). 
*Significant at the 1% level based on Newey-West standard errors with five lags when Newey-West standard errors are presented. 
**Significant at the 5% level based on Newey-West standard errors five lags when Newey-West standard errors are presented. 
***Significant at the 10% level based on Newey-West standard errors five lags when Newey-West standard errors are presented. 
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4.4 Relationship between conditional correlations and conditional volatilities and 
liquidity 
 
Commercial real estate market liquidity is yet another economic variable that might have an 
impact on the time-varying conditional correlations between EPRA returns and IPD return To 
model the potential impact of liquidity we add, in addition to the two time-varying conditional 
volatility variables in the model above, liquidity as a third explanatory variable. Liquidity in 
commercial real estate market can be measured in different ways. In this paper, we let the number 
of transactions in the direct commercial real estate market per month be a proxy for liquidity. 
The data with number of transactions start from January 2001 which means that the full data set 
ranges from January 2001 to September 2014. 
 
Figure 4.3 shows the volatile nature of monthly transactions in the commercial real estate market 
and that there are distinct upward and downward trends in liquidity depending on market 
sentiment.  
 
Figure 4.3 Liquidity in the U.K. commercial real estate market measured as number of transactions per month from 
Jan. 2001 to Sep. 2014. 

 
Source: Real Capital 
 
We study the effect of liquidity on the conditional correlation between EPRA and IPD_090 
return series. Hence we estimate the following econometric model: 
 

ttLtIPDIPDdestEEtIPDdesE Liquidityhh eβββαr ++++= ,090_,,,  
 
where the subscripts E, IPD_090 and L refer to EPRA, IPD_090 and Liquidity, respectively. The 
regression models are estimated for different time periods: 
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• Full time period covered by the data set: January 2001 to September 2014. 
• Boom period: January 2001 to June 2007. 
• Downturn period: July 2007 to July 2009 
• Recovery period: August 2009 to Oct 2011 
• Recent period: November 2011 to September 2014 

 
Table 4.5 reveals that the variable of interest, Liquidity, has no significant effect on the 
conditional correlations when the estimation period ranges from January 2001 to September 
2014. Although, as Figure 4.3 shows, there are clear up- and downward trends in liquidity 
depending on market sentiment (property cycle phase), liquidity has only a significant effect on 
the dynamic conditional correlation between public real estate (EPRA) and direct real estate 
(IPD_090) returns during the boom period (January 2001 to June 2007) and during the recent 
recovery period (November 2011 to September 2014). Again, we also learn that the sign of the 
significant coefficients can change. In the boom period, higher liquidity is positively related to 
higher conditional correlations between EPRA and IPD_090. However during the recent 
recovery period, the effect is the opposite. 
 
Table 4.5 The relation between conditional correlation and conditional volatility for full period  
(limited to Jan. 2001 to Sep. 2014 due to data availability) and for various property cycle phases when liquidity 
(measured as number of monthly transaction) is added as explanatory variable. Newey-West t-statistics are reported 
in parenthesis. 
Dependent variable Intercept Volatility EPRA^ Volatility 

IPD_090^^ 
Liquidity^^^ 
(transactions per 
month) 

 

DCC between 
EPRA and 

α t-stat βE t-stat βIPD_090 t-statistics βL t-stat Adj R2 

Jan 2001 – Sep 2014 
(Whole data set) 
IPD_090 0.17 2.84 

(2.27) 
−1.51*** −1.82 

(−1.64) 
2.91* 9.52 

(8.11) 
0.0001 0.22 

(0.11) 
0.42 

Jan 2001 – Jun 2007 
(Boom period) 
IPD_090 0.10 0.79 

(0.46) 
−3.16 −1.40 

(−0.82) 
3.58* 5.41 

(4.41) 
0.0014** 3.14 

(2.20) 
0.48 

Jul 2007 to Jul 2009 
(Downturn period) 
IPD_090 0.54* 5.48 

(15.21) 
−3.35* −4.54 

(−6.29) 
1.53* 4.71 

(6.35) 
−0.0001 −0.14 

(−0.32) 
0.59 

Aug 2009 to Oct 2011 
(Recovery period) 
IPD_090 0.23* 2.66 

(3.21) 
−0.52 −0.48 

(−0.57) 
1.25** 2.89 

(2.33) 
−0.0003 −0.49 

(−0.49) 
0.27 

Nov 2011 to Sep 2014 
(Recent recovery period) 
IPD_090 0.30* 3.97 

(5.33) 
−1.28 −0.89 

(−1.21) 
−3.58* −5.28 

(−3.84) 
−0.0005** −2.06 

(−2.60) 
0.60 

For each regression, the dependent variable is the pairwise time-varying conditional correlation between the EPRA and IPD_090 
return series. 
^The first explanatory variable is the time-varying conditional volatility of EPRA returns. 
^^The second explanatory variable is the time-varying conditional volatility of IPD_090 returns. 
^^^The third explanatory is number of transactions per month, a proxy for liquidity in the real estate market. 
*Significant at the 1% level based on Newey-West standard errors with five lags. 
**Significant at the 5% level based on Newey-West standard errors five lags. 
***Significant at the 10% level based on Newey-West standard errors five lags. 
 
 
 



21 
 

5 Conclusions 

 
The aim of this paper is to contribute to the literature on correlation and volatility dynamics for 
public real estate. This is achieved by investigating whether conditional correlation between 
public real estate and the other assets increase over time, and, using regression analysis, determine 
how public real estate acts as a diversifier in a mixed asset portfolio during different phases of the 
real estate cycle where conditional correlation is explained by conditional volatilities. In order to 
study the relationship between public and private real estate further, a proxy for liquidity 
(transaction activity) is added to the model.  
 
It is apparent that correlations between EPRA return and the other assets in the U.K. mixed-
asset portfolio are time varying and show variable patterns over the time-period investigated. The 
highly significant likelihood ratio test, as well as the two information criteria, together show that 
the DCC model outperforms the CCC model. 
 
Estimated conditional correlations are regressed on a time trend for the time period 1990-2014, 
and conditional correlations between EPRA and IPD_090 are found to increase over the time 
period studied. Conditional correlations between EPRA and Equity also increase over time, but 
the relationship is only significant at the 10 % level. The opposite is true for the conditional 
correlations between EPRA and Bonds that decrease over the time period. The result is 
significant at the 1 % level and indicates increased hedging opportunities between the two assets. 
 
When investigating the relationship between conditional correlation and conditional volatility 
with the purpose of determining EPRAs role as a diversifier in the mixed asset portfolio during 
different market states, an interesting pattern emerges. The volatility of direct real estate returns 
(volatility of IPD_090) significantly affects the conditional correlations between EPRA and 
IPD_090 in all time periods besides the boom period (January 1990 to June 2007). It is 
interesting to notice that for all time periods but the recent recovery period (November 2011 to 
September 2014), the volatility of IPD_090 is positively related to the EPRA-IPD_090 
correlations, indicating that when volatility increases for private real estate, public real estate does 
not offer diversification opportunities. For the recent recovery period, the coefficient of the 
IPD_090 return volatility variable is negative (−4.21) and significant at the 1% level showing a 
potential hedging opportunity. Hence, higher volatility of direct real estate returns can affect the 
conditional correlations between EPRA and IPD_090 both positively and negatively depending 
on time period chosen, potentially making it difficult for multi-asset investors to make portfolio 
choices between direct and public real estate investments. 
 
The effect of higher bond return volatility on conditional correlations between EPRA and Bonds 
also show changes of signs depending on the time period used for regression estimation. For the 
entire period (January 1990 to September 2014) as well as for the boom (January 1990 to June 
2007) and downturn (July 2007 to July 2009) periods, the correlation between REIT and bond 
returns rises in periods of high bond return (high interest rate) volatility, which can be interpreted 
as unsatisfactory news to multi-asset investors that consider real estate investments as a portfolio 
diversifier when the bond market is volatile. However during the last two recovery periods, the 
correlation between REIT and bond returns are negatively related to higher bond returns 
(although the result is not significant for the recent recovery period). The volatility for Equity 
returns is only significant for the period regression for the period August 2009 to October 2011 
(recovery period), and correlation between EPRA and Equity increased with increased volatility 
in Equity returns. 
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When adding transaction activity to the model, the results are mixed. Liquidity has no significant 
effect on the conditional correlations when the estimation period ranges from January 2001 to 
September 2014. It only has a significant effect on the dynamic conditional correlation between 
public real estate (EPRA) and direct real estate (IPD_090) returns during the boom period 
(January 2001 to June 2007) and during the recent recovery period (November 2011 to 
September 2014). In the boom period, higher liquidity is positively related to higher conditional 
correlations between EPRA and IPD_090. However during the recent recovery period, the effect 
is the opposite. Intuitively, one would image that increased liquidity in the private real estate 
market ought to increase the similarity between public and private real estate return, thereby 
increasing correlation as can be seen during the boom period. Why the opposite is the case for 
the recent recovery period remains to be explained. 
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Appendix A 
 
Table A.1 Summary statistics of U.K. monthly EPRA, IPD, IPD_090, IPD_080, IPD_075, Equity and Bond index 
return series, Jan 1990 to Sep 2014 (297 months). 
 Mean 

(%) 
Maximum  

(%) 
Minimum 

(%) 
Std. dev. 

(%) 
Skewness Kurtosis Shapiro-Wilk 

test statistic 

EPRA 0.59 25.11 −22.25 5.81 −0.18 4.91* 0.978*^ 
IPD 0.61 3.64 −5.27 1.09 −1.79* 10.30* 0.850*^ 
IPD_090 0.66 23.34 −22.23 4.70 −0.67* 9.02* 0.876*^ 
IPD_080 0.63 9.09 −11.91 2.43 −1.13* 8.83* 0.878*^ 
IPD_075 0.63 6.34 −9.82 2.00 −1.29* 9.26* 0.878*^ 
Equity 0.71 11.98 −12.87 4.14 −0.40* 3.45 0.986*^ 
Bond 0.67 6.65 −4.16 1.73 0.19 3.66** 0.991***^ 
^Null hypothesis: the variable is normally distributed. 
*Significant at the 1% level. 
**Significant at the 5% level. 
***Significant at the 10% level. 
 
Table A.2 Descriptive statistics of annualized monthly returns of U.K. EPRA, IPD, IPD de-smoothed, Equity and 
Bond index series, Jan 1990 to Sep 2014.  
 Annualized mean 

(%) 
Annualized std. dev. 

(%) 
 

EPRA 7.08 20.13  
IPD 7.32 3.78  
IPD_090 7.92 16.28  
IPD_080 7.56 8.42  
IPD_075 7.56 6.93  
Equity 8.52 14.34  
Bond 8.04 5.99  
 
Table A.3 Correlation matrix of unconditional correlations (Pearson correlations) between U.K. monthly total 
return series, Jan 1990 to Sep 2014. The IPD de-smoothed return data is represented by IPD_080. 
 EPRA IPD IPD_080 Equity Bond  

EPRA 1.00      
IPD 0.25* 1.00     
IPD _080 0.23* 0.63* 1.00    
Equity 0.60* 0.12** 0.12** 1.00   
Bond 0.17 −0.22* −0.20* 0.15* 1.00  
The null hypothesis states that the pairwise correlations are zero.  
*Significant at the 1% level. 
**Significant at the 5% level. 
***Significant at the 10% level. 
 
Table A.4 Correlation matrix of unconditional correlations (Pearson correlations) between U.K. monthly total 
return series, Jan 1990 to Sep 2014. The IPD de-smoothed return data is represented by IPD_075. 
 EPRA IPD IPD_075 Equity Bond  

EPRA 1.00      
IPD 0.25* 1.00     
IPD _075 0.24* 0.71* 1.00    
Equity 0.60* 0.12** 0.12** 1.00   
Bond 0.17 −0.22* −0.21* 0.15* 1.00  
The null hypothesis states that the pairwise correlations are zero.  
*Significant at the 1% level. 
**Significant at the 5% level. 
***Significant at the 10% level 
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Appendix B 
 
Figure B.1 IPD_075. Rolling windows correlations calculated for rolling periods of three years, Jan 1990 to Sep 
2014. This figure provides a visual support for the unstable and time-varying nature of U.K. market return 
correlations between public and private real estate (EPRA IPD_075), between public real estate and listed equity 
(EPRA Equity), and between public real estate and bond investments. 
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Figure B.2 IPD_080. Rolling windows correlations calculated for rolling periods of three years, Jan 1990 to Sep 
2014. This figure provides a visual support for the unstable and time-varying nature of U.K. market return 
correlations between public and private real estate (EPRA IPD_080), between public real estate and listed equity 
(EPRA Equity), and between public real estate and bond investments. 
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Appendix C 
 
 
Figure C.1. Correlograms showing the autocorrelations for different lags for each of the linear regressions where the 
estimated dynamic conditional correlation pairs are regressed on a constant and a linear time trend. The grey curves 
show Bartlett's formula for MA(q) 95% confidence bands. 
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