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ABSTRACT 

        Real estate investment trusts (REITs) is a useful way to channel and structure the 

capital flow to the real estate market. Historical statistics indicate that the market 

capitalization of the REITs industry amounted to $600 billion at the end of 2012, 

representing an increase of 260 times since 1972. REITs have emerged as means for 

both institutional and small investors to hold, and invest in, diverse property assets 

after 1992. Like any other publically traded stocks, REITs are listed and traded on 

major stock exchanges, and most listed on NYSE.  

        The study consists of three empirical essays. This fist essay provides a cross-

sectional and time-series investigation of conditional and unconditional expected 

returns of real REITs index momentum portfolios against real estate property, big-cap 

stock small-cap stock, and bond index. The results indicate that REITs returns exhibit 

a higher correlation with up move of financial market, but a lower correlation in 

market downturns. REITs may possibly provide diversification benefits to multi-asset 

investment portfolios. The results also show that the returns of momentum portfolios 

are different from the NAREIT index, and display asymmetric volatility as well. The 

results of regressions also indicate that REITs return exhibit the greater sensitivity to 

large- and small-cap stock index, and less closely with those of bond and real estate 

index.  

The second essay explores the time-varying relationship between the return and 

risk for the portfolios in the U.S. real estate investment trust market. Three categories 
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of REITs portfolios are formed based on the features of size, momentum and book-to-

market portfolios. Under the conditional capital asset pricing model this essay uses the 

generalized autoregressive conditional heteroskedasticity in mean model by pooling 

the time-series and cross-sectional effects to estimate the conditional covariance with 

the market portfolio and test whether the dynamic conditional covariation predicts the 

time-varying expected. When restricting the slope to be the same within the REITs 

portfolios, the empirical results place a positive tradeoff between the return and 

predictable covariation in all REITs portfolios. On the other hand, relaxing to different 

slopes across the portfolio also conclude a positive return-risk tradeoff, besides the 

Winner portfolio in momentum portfolio shows a higher return at a lower covariance 

level. Furthermore, this paper examines the significance of intertemporal hedging 

demand in each REITs portfolio by extending the intertemporal capital asset pricing 

model with a set of prevailing macroeconomic variables and financial market 

indicators. This essay successfully examines the predictable movements that in return 

could be attributed to changes in covariances with innovations in macroeconomic 

variables and financial market indicators.  Overall, the conclusive results show that 

innovations in inflation rate, de-trended short-term interest rate, Fama-French 

momentum factor, S&P/Case-Shiller home price index, and Barclay Capital long-term 

government/corporate bond index play a crucial role in hedging demand for the REITs 

portfolios. 
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The third essay gives empirical evidence of time-series predictive capability of 

average variance and average correlation on the return of U.S. REITs market. Using 

an approach based on quantile regression, this essay explores the ability of average 

variance and average correlation to predict the distribution of REITs returns. The 

results indicate that lower average variance is significantly related to large future loss, 

whereas higher average variance is positively related to large gain. Finally, this essay 

studies investment trading strategies that condition on average variance and average 

correlation, and shows that the implementation of these strategies, by focusing on the 

tails of the return distribution of REITs returns, would generate a better performance 

than the benchmark return. 

Keywords: REITs; Portfolio; Return; Risk; Conditional CAPM; ICAPM; Dynamic 

conditional correlation; Hedging demand; Average variance; Average Correlation 
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CHAPTER 1 

WINNER VERSUS LOSER: TIME-VARYING 

PERFORMANCE AND DYNAMIC CONDITIONAL 

CORRELATION 

1. 1 Introduction 

         Real estate investment trusts (REITs) is a useful way to channel and structure the 

capital flow to the real estate market (Glascock et al., 2000). Historical statistics 

indicate that the market capitalization of the REITs industry amounted to $600 billion 

at the end of 2012, representing an increase of 260 times since 1972. REITs have 

emerged as a means for both institutional and small investors to hold, and invest in, 

diverse property assets after 1992. Like any other publically traded stocks, REITs are 

listed and traded on major exchanges, and most listed on NYSE. REITs returns have 

been extensively studied in order to understand the return generating process (Li and 

Wang., 1995; Payne, 2003, Chui et al., 2003a) and time-series properties of REITs 

during the last two decades (Liu and Mei, 1992; Vinod, 1999; Clayton and 

MacKinnon, 2001; Chiang and Kung., 2005; Hung and Glascock, 2008; Case et al., 

2010; Fei et al., 2010). 

        With a better understanding of the market forces driving REITs, the returns may 

better reflect REITs true value, and this correlation will be useful to both the investor 

and academics. This benefit critique relies on the correlation properties between 
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REITs returns and market factors. Several studies reveal the fundamental relationship 

between REITs and real estate market returns (Clayton and Mackinnon, 2003). At the 

“REITs Boom” age of the 1990s, there was a high correlation between NAREIT index 

return and NCRECF index return (Giliberto, 1990; Ghosh et al., 1996), and the 

dramatic growth and maturation of REITs sector makes REITs seem more like real 

estate, but less like stock (Meyer and Webb, 1993; Liang and McIntosh, 1998). 

Glascock et al. (2000) analyzed the cointegration between the equity REITs and 

unsecuritized real estate. Barkham and Geltner (1995) show a co-movement between 

REITs with unsecuritized real estate, and suggest that the return of REITs price 

changes more rapidly than property value. Other studies also argue the segmentation 

between the unsecuritized real estate and the stock market (Liu et al., 1990; Gilioberto, 

1990). Overall, there is still no consensus on the relationship between REITs and 

unsecuritized real estate (Glascock et al., 2000). 

        In the empirical literature, the nature of the link between REITs and stocks is also 

inconclusive. Sagalyn (1990) finds that the risk and return level of REITs may depend 

on business cycles and market return trends. It has been pointed out that the stock 

market has a significant impact on the REITs return (Nelling and Gyourko, 1998; 

Clayton and MacKinnon, 2001; Stevenson, 2002; Chang et al., 2011), and REITs 

could be best described in terms of stock and bond portfolios (Sander and Karolyi, 

1998). Swanson et al. (2002) finds that REITs are more sensitive to maturity rate 

spread between treasuries and bonds. Subrahmanyam (2007) considers REITs as a 
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substitute investment for the stock, which causes downward movement in the stock 

market to increase money flows to the REITs market. Additionally, the inclusion of 

REITs in the Standard and Poor’s major index led to the return of REITs behaving 

more like stocks, and particularly increased the influence of sentiment in determining 

the REITs market (Wu and Huang, 2011). On the other hand, Goodman (2003) 

document a low correlation between REITs returns and housing prices in a sample 

spanning from 1976 to 2001, and states that listed REITs are independent of market 

portfolio changes. 

         Therefore, the diversification benefit for REITs appears to be very time-

dependent. Liang et al.(1995) use a two-index model (big-cap stock index and bond 

index) of return generating process for REITs and found a structure break in return of 

equity REITs. Neilingand and Gyourko (1998) applied a multi-factor for REITs and 

found that the risk of equity REITs is higher in a bear stock market than in bull 

markets. Chui et al. (2003a) find that return volatility and earning volatility for REITs 

were much greater in the 1990s than in 1980s. Fei (2010) points out REITs exhibit the 

character of high return when correlation between REITs and S&P500 is the lowest. 

However, the limitation of the previous model is that they ignore the influence of 

market interactions between multiple market indices with REITs (Glascock et al., 

2002). 

       This chapter is inspired by a large number of studies that explored patterns in 

REITs returns, and by studies that built on those patterns to develop factor models that 
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could evaluate the dynamic changes of return in REITs. This article examines the 

cross-sectional sensitivity of REITs to broad asset classes including market portfolio 

return, big-cap stocks, small-cap stocks, bonds and real estate over the years January 

1989-December 2010, which cover both bloom and recession periods as well. The 

time-series study is also taken to see if there is a pattern in volatility of REITs index 

and in correlation with other asset classes. In addition, this article explores the time-

series behavior of the REITs returns to see if there are simple laws for expectation of 

the REITs returns, and it also evaluates whether the time-varying factors could jointly 

explain the momentum returns of REITs. Another difference from previous literature 

of this study is that it extends to the range of analysis to December, 2010 with the 

monthly data. This paper eliminates the limitation of the quarterly property index by 

implication of monthly S&P/Case-Shiller home price index, as a proxy for the real 

estate market to extend the observation. Because REITs are traded in the general 

exchange market and particularly composited in major stock indices, they might result 

in overstating the correlation between REITs and non-REITs stocks (Case et al., 2010). 

Therefore, the CRSP Cap-based portfolio index that excludes REITs is introduced as a 

second proxy for the stock market. Jegadeesh and Titman (1993) first report the 

moment effect of stock portfolios by examining U.S stock market. Though similar 

studies are also then applied into REITs market analysis (Ling and Ryngaert, 1997; 

Chui et al., 2003b; Joseph et al., 2009; Hung and Glascock, 2010), recent outcomes 

still cannot reach a conclusive explanation of on momentum strategy. 



Texas Tech University, Zhongyi Xiao, August 2013 

5 
 

        The dynamic conditional correlations of REITs portfolios with market indices are 

examined by Engle’s DCC estimator (Engle, 2002). The DCC results evidence the 

time-varying feature of REITs portfolio reflecting the market information, and show 

different strategies of winner and loser investment. This article follows the 

conventional Capital Asset Pricing Model (CAPM) and the multi-factor model 

developed from four-factor model (Clayton and MacKinnon, 2001) as the frame to 

investigate the link of REITs with other asset classes. The results of regressions 

indicate that the REITs return exhibit the greatest sensitivity to market portfolio return, 

followed by large- and small-cap stock index, bond index and real estate index. Wald 

test evidenced the Winner and Loser portfolios display various sensitivities to the 

market information. These regressions support the momentum effect in REITs returns 

in outperforming Winner portfolio over Loser portfolio. Given the strength of the 

momentum effect over the sample period, this paper also examines the time-varying 

changes in REITs return via general autoregressive conditional heteroskedasticity 

based model (GARCH-M). In fact, this article finds that momentum effects for returns 

of REITs index, Winner, and Loser portfolio are time-varying. 

        The rest of this article is organized as follows. Section 2 shows the data, the 

construction of portfolios. Section 3 states the empirical framework and a series of 

regression models. Section 4 reports the unconditional and conditional analysis of 

REITs and the empirical analysis of the regression models in cross-section and time-

series to characterize the sensitivity and profitability are represented in Section 5. The 
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last section concludes. 

1. 2 The Methodology and Data  

1.2.1 Dynamic Conditional Correlation 

        Correlation is a critical approach for many of the common tasks of financial 

managements. As the change of correlation and volatility, the efficient allocation of 

assets should rapidly be adjusted to reflect new public information. The conditional 

correlation approach is based on information known in the previous period in which 

allows the correlation matrix to be time-varying. Constant conditional correlation 

(CCC) is one type of benchmark estimator (Bollerslev, 1990), and it is extended to the 

Engle’s dynamic conditional correlation (DCC) estimator by the implication of the 

GARCH model (Engle, 2002). The model actually imposes a useful structure on the 

many possible model parameters. This essay uses the DCC estimator as shown in Eq.1. 

Engle (2002) simply states the correlation estimator as a geometrically-weighted 

average of standardized residuals, which can be expressed as Eq.2: 

𝐻𝑡 = 𝐷𝑡𝑅𝑡𝐷𝑡                                                            (1) 

𝜌𝑖,𝑗,𝑡 =
∑ 𝜆𝑠𝜀𝑖,𝑡−𝑠𝜀𝑗,𝑡−𝑠
𝑡−1
𝑠=1

�∑ 𝜆𝑠𝜀𝑖,𝑡−𝑠
2𝑡−1

𝑠=1 �∑ 𝜆𝑠𝜀𝑗,𝑡−𝑠
2𝑡−1

𝑠=1

                                                  (2) 

         where 𝐻𝑡 is a k×k conditional covariance matrix; 𝑅𝑡 is a k×k dynamic 

conditional correlation matrix; 𝐷𝑡 is a k×k diagonal matrix of time-varying standard 
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deviations of residual returns,  𝐷𝑡 = diag��𝐷𝑡�. 

1.2.2 Cross-sectional Analysis of REITs Performance 

        An actively managed portfolio is typically evaluated by a return generated in 

excess of the expected return on a passive benchmark return, expressed as: 

𝑟𝑖,𝑡 = 𝑅𝑖,𝑡 − 𝑟𝑓,𝑡                                                         (3) 

Where Ri,t denotes either the average return of i REITs index or REITs portfolios at 

time t, and rf,t denotes the return of one-month Treasury bill. A positive 𝑟𝑖,𝑡 indicates 

the successful investment, and the negative 𝑟𝑖,𝑡 indicates the failure of investment. 

         Three reduced-form models are applied for the analysis. The first model (Eq.4) is 

a single-factor model in the tradition of the Capital Asset Pricing Model (CAPM), in 

which the expected return is a function of systematic risk. The estimated version of the 

CAPM predicts the relationship between beta and excess return. The second model 

(Eq.5) is similar to the four-factor model developed from Clayton and Mackinnon 

(2001), including both financial assets and the unsecuritized real estate asset. In this 

model, the excess return of 𝑟𝑅𝐸𝐼𝑇𝑠,𝑡  is described by the following return-generating 

process. The third model (Eq.6) adds the excess return of the Fama-French portfolio to 

the four-factor model to examine the behavior of REITs with respect to the broad 

market signals. 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽𝑚(𝑅𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝜀𝑡                                                              (4) 
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𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1𝑅𝑆&𝑃,𝑡 + 𝛽2𝑅𝑅𝑈𝑆𝐿,𝑡 + 𝛽3𝑅𝐶𝐴𝑃,𝑡 + 𝛽4𝑅𝐻𝑃𝐼,𝑡 + 𝛽5𝑅𝐵𝐶𝐿𝐵,𝑡 + 𝜀𝑡       (5) 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1�𝑅𝑚,𝑡 − 𝑟𝑓,𝑡� + 𝛽2𝑅𝑆&𝑃,𝑡 + 𝛽3𝑅𝑅𝑈𝑆𝐿,𝑡+𝛽4𝑅𝐶𝐴𝑃,𝑡 + 𝛽5𝑅𝐻𝑃𝐼,𝑡  

+𝛽6𝑅𝐵𝐶𝐿𝐵,𝑡 + 𝜀𝑡                                                                                      (6) 

        where 𝑅𝑆&𝑃,𝑡 is the monthly return to the S&P500 big-cap index, 𝑅𝑅𝑈𝑆𝐿,𝑡  is the 

monthly return to the Russell2000 small-cap index, 𝑅𝐶𝐴𝑃,𝑡  is the return to the CRSP 

Cap-based portfolio index, 𝑅𝐻𝑃𝐼,𝑡  is S&P/Case-Shiller home price index proxy for 

monthly unsecuritized real estate, and 𝑅𝐵𝐶𝐿𝐵,𝑡  is the return to the Barclay Capital long-

term government/corporate bond index.  

1.2.3 Time-series Analysis of REITs Performance 

           The CAPM provides the theoretical foundation for the trade-off relationship 

between risk and excess return. Indeed, the risk is to be measured by the conditional 

covariance of REITs returns with the returns of market portfolios. However, in 

practice, the risk may vary over time. Previous studies have found that returns of real 

estate asset exhibit negative skewness and excess kurtosis (Bond and Patel, 2002). 

Engle (1992) developed the ARCH model, which was generalized to the GARCH 

model by Bollerslev (1986). The framework was further extended to ARCH- and 

GARCH-in-mean (ARCH-M and GARCH-M) by Engle et al. (1987), and this allows 

for an analysis of time-varying risk premium. Therefore, an application of the 

GARCH in-mean estimation to CAPM may improve the performance of estimation by 

permitting risk to be time-variant. More specifically, negative shocks typically 
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increase volatility greater than positive shocks of equal magnitude (Henry, 2008). In 

other words, negative returns cause an upward revision of the conditional volatility, 

whereas positive returns cause a smaller upward or even a downward revision of the 

conditional volatility. This study further extends the CAPM model and multiple 

factors model with a GARCH-M model to study asymmetric volatility of momentum 

returns in REITs. Therefore, the fourth model is useful for estimating CAPM with a 

GARCH-M model is as Eq.7. Volatility of portfolio returns is measured by conditional 

variance ℎ𝑡, which is defined as a function of squared values of the past residuals, 

presenting the ARCH factor, and an auto regressive term (ℎ𝑡−1 ) presenting the 

GARCH factor. The parameters, such as 𝛽𝑖𝑠 , 𝛾ℎ , α𝑖𝑠 , are estimated via regression. 

The last model is GARCH-M model to CAPM with multiple factors as Eq.9.   

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽𝑚�𝑅𝑚,𝑡 − 𝑟𝑓,𝑡� + 𝛾ℎ√ℎ𝑡 + 𝜀𝑡                                   (7) 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1𝑅𝑆&𝑃,𝑡 + 𝛽2𝑅𝑅𝑈𝑆𝐿,𝑡 + 𝛽3𝑅𝐶𝐴𝑃,𝑡 + 𝛽4𝑅𝐻𝑃𝐼,𝑡 + 𝛽5𝑅𝐵𝐶𝐿𝐵,𝑡 + 𝛾ℎ√ℎ𝑡 + 𝜀𝑡      (8) 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1�𝑅𝑚,𝑡 − 𝑟𝑓,𝑡� + 𝛽2𝑅𝑆&𝑃,𝑡 + 𝛽3𝑅𝑅𝑈𝑆𝐿,𝑡 + 𝛽4𝑅𝐶𝐴𝑃,𝑡 + 𝛽5𝑅𝐻𝑃𝐼,𝑡 + 𝛽6𝑅𝐵𝐶𝐿𝐵,𝑡  

+𝛾ℎ√ℎ𝑡 + 𝜀𝑡                                                                                                                                                            (9)   

ℎ𝑡 = 𝛼0 + 𝛼1𝜀𝑡−12 + 𝛼2ℎ𝑡−1                                                   (10) 

𝜀𝑡|Ω𝑡~𝑖𝑖𝑑.𝑁(0, ℎ𝑡)                                                          (11) 

         These models described above are to test whether 𝛾ℎ equals to zero. If 𝛾ℎ equals 

to zero, there is no relationship between volatility and return. The 𝛾ℎ is interpreted as 
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the coefficient of relative risk aversion of investors. These 𝛾ℎ shows a time-varying 

risk premium, and the sign and magnitude of 𝛾ℎ  depends on utility functions of 

investors. In fact, 𝛾ℎ can be positive, negative or zero. A positive 𝛾ℎ indicates a higher 

risk premium required by investors when volatility is high, while a negative 𝛾ℎ means 

a lower risk premium required by investors when volatility is high. However, there is 

no consensus about the signs of 𝛾ℎ because of the different relation between volatility 

and expected return (Campbell and Hentschel, 1992; Nelson, 1990; and Glosten et al., 

1993). Three null hypotheses are tested in this paper. First, NAREIT index return and 

market portfolio return display an asymmetric volatility. In other words, the higher the 

volatility, the higher the momentum returns. Second, Winner and Loser portfolios 

exhibit different magnitudes of risk premium (measured by the 𝛾ℎ  coefficient) 

corresponding to volatility (measured by ℎ𝑡). If rational risk-return theory is held, 𝛾ℎ 

should be positive for both Winner and Loser portfolios, and the Winner portfolio 

should have a higher 𝛾ℎ  than losers. On the other hand, it contradicts risk-return 

tradeoff theory, if 𝛾ℎ is negative. Third, Winner and Loser portfolios display different 

sensitivities to the broad market signals.  

1.2.4 The Data 

        To estimate the dynamic nature of REITs, this article uses monthly returns of 

REITs indices and market indices from January 1989 to December 2010. Monthly 

REITs performance is measured by NAREIT index, including all three types REITs 

(equity, mortgage and hybrid) listed on NYSE, AMEX and NASDAQ. The 
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Russell2000 index (RUSL) and S&P500 index (S&P) are proxies for the small- and 

big-cap stock market, respectively. Barclay Capital long-term government/corporate 

bond index (BCLB) is the proxy for bond market return. Because some REITs have 

been recently included in the major stock index, the correlation between the REITs 

index and the major stock market index may overstate the correlation between REITs 

and non-REITs stocks; therefore, this article also uses the CRSP Cap-based portfolio 

index (CAP) as an alternative proxy, which excludes REITs to avoid the potential data 

bias resulting from the inclusion of REITs (Case et al., 2010). The S&P/Case-Shiller 

home price index (HPI) is the leading measure of the property index for U.S. real 

estate market. Following a majority of studies, Fama-French market portfolio return Rm 

is used to proxy for the monthly return of market portfolio composed of all NYSE, 

AMEX, and NASDAQ exchange markets. The one-month Treasury bill rate from 

Ibbotson is used as a proxy for the risk-free rate (rf,).  

        The data of publically-traded REITs traded on NYSE, AMEX and NASDAQ is 

collected from CRSP database. Assuming the free-allocation of the REITs, this study 

does not examine the transaction costs incurred for trading these assets. The procedure 

of forming portfolios was followed the method described by Jegadeesh and Titiman 

(1993). To form momentum portfolios, at the end of each month, all REITs are ranked 

by ascending order based on the past 11 month cumulative return with dividend, and 

all sample REITs is required to survive at least 18 months. Hereby, fifteen REITs with 

the lowest (highest) returns are referred to as the Loser (Winner) portfolio. 
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1. 3 Descriptive Data Analysis 

1.3.1 Unconditional Mean and Correlation 

        Table 1.1 gives the summary of the means and standard deviations of monthly 

excess return on the NAREIT index, Russell2000 index, S&P500 index, Barclay 

Capital long-term government/corporate bond index, CRSP Cap-based portfolio index, 

and S&P/Case-Shiller home price index over the period 1989-2010. It shows that the 

NAREIT index outperformed the other indices based on average return over the entire 

sample period in the two past decades. The REITs displays the characteristic of 

negative skewness as reported by Bond and Patel (2002). Additionally, the return of 

REITs holds the high volatility as well as Russell2000 index over the entire period, but 

the REITs index has a lower monthly standard deviation of these assets over the entire 

sample period as well as most sub-periods. The historical performance of the NAREIT 

index based on Sharpe Ratio does not hold the highest position as research of Vinod 

(1999). Furthermore, the statistics also suggest that the Winner portfolio has a monthly 

average excess return of 1.63 with a higher Sharpe Ratio 0.23, whereas the loser 

portfolio has a monthly excess return of 0.27 with the lowest Sharpe Ratio 0.03. 

Interestingly, neither Winner portfolio nor Loser portfolio display the negative 

skewness. The result suggests that momentum returns might generate mostly from a 

long position in winner portfolio. 

          Prior to estimation, it is important to check the potential for multicollinearity 

among returns of REITs, stock, bond and real estate. Table 1.2 displays the realized 
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correlations of monthly excess return on the NAREIT index with excess returns on the 

other financial assets and real estate assets over the entire sample period. NAREIT 

index shows the highest correlation with Russell2000 at 0.65. Interestingly, the 

NAREIT index has negative correlations with S&P500 as low as -0.25, and has a 

relative low correlation with the S&P/Case-Shiller home price index. The value of 

property is driven by the general economic conditions and correlated to the positive 

expected return and solid long-term performance. The lower correlations of REITs to 

the broader market, the alternative investment tool as REITs offered an increase hedge 

benefit to both institutional and small investors.  

1.3.2 Conditional Mean and Correlation  

       Let 𝑟𝑡 denote the excess return in month t and 𝑟𝑡−1 denote the lagged excess return 

of the index. This gives rise to two sets of returns. The first set consists of the returns 

on the index in months following a positive return on the other index, and the second 

set consists of returns on the index in months following a negative return on the other 

index. The summary statistics of these two sets of returns for the NAREIT index and 

financial assets are presented in Table 1.3. The standard deviation of the return on the 

NAREIT index following down is higher than that following up months. The same 

pattern is also seen for the Russell2000 index, Barclay Capital long-term 

government/corporate bond index, and CRSP Cap-based portfolio index. In addition to 

variance, the covariance matrix is applied to test whether the correlation matrix from 

months following upward movement in the NAREIT index is similar to that from 
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months following down move. Table 1.3 presents the time-varying correlations over 

the period. For example, the correlations of NAREIT index with the S&P500 index in 

following down move months are lower than that the correlations following upward 

movement months in the overall period as well as in the sub-periods. In addition, the 

NAREIT index shows positive correlations with Russell2000 index, CRSP Cap-based 

portfolio index and S&P/Case-Shiller home price index, and a negative correlation 

with S&P500 index following up and down moves, respectively. These results in 

mean returns, variances, and covariance in the NAREIT with other financial and 

tangible assets show the evidence of the momentum effects and time-varying of 

correlations for the implication of a predictable manner. While a statistically 

significant link between REITs and small-cap stock returns is observed, there is a 

cyclical component to this relationship, as REITs returns appear to be much more 

sensitive to small-cap stock returns when the REITs market is in a downturn, and less 

sensitive in REITs bull markets.  

1.3.3 The Estimation of Dynamic Conditional Correlation  

         In term of considering further details of conditional correlation, the dynamic 

conditional correlations REITs portfolios with market portfolio are estimated. Figure 

1.1 plots DCC for pair-wise of market portfolio index with either Winner or Loser 

portfolios over the period 1989-2010. In visual result, Winner and Loser portfolios 

exhibit different volatilities and dynamic features. To check possible differences, F-

test for DCC results for is employed. As represented by the significance of p-value, 
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the tests demonstrate that Winner and Loser portfolios display different sensitivities in 

response to changes of the market signals. 

1.4 Empirically Regression of REITs Performance  

1.4.1 Cross-sectional Analysis of REITs Performance 

         First, the estimates of intercept are all positive for each period. Model 1 shows 

the cross sectional results in NAREIT index and REITs portfolios (Table 1.4). The 

results show that both NAREIT index and REITs portfolios have a positive and 

significant response to the excess return of market portfolio return. The Winner 

portfolio holds the higher intercept 1.058 (p-value=0.004), and the coefficient of 

excess return is 0.878 (p-value=0.000). The values of LM test for model 1 indicates 

the existence of feature of heteroskedasticity. In addition, Wald test shows differences 

of sensitive of NAREIT index and REITs portfolios with respect to the market excess 

return. Model 2 shows returns of NAREIT index and REITs portfolios in response to 

the financial index return and physical real estate index. The returns of NAREITs 

index, Loser and Winner portfolios, are strongly sensitive to returns of S&P500 index, 

Russell2000 index, and CRSP Cap-based portfolio index. Further Wald test indicates 

that Winner and Loser portfolios are not share the same pattern to changes of the 

S&P500 index, Russell2000 index, and CRSP Cap-based portfolio index return. 

Further multi-factor regression is taken by model 3, which adding of excess market 

return to model 2 enhances the explanatory of mode by R2.  The similar results are 
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obtained as last two models, implying the existence of heteroskedasticity effect. It is 

consistent with Khoo et al. (1993) and Clayton and Mackinnon (2001), who find that 

equity REITs beta undergoes a structural change in historical data, with decreasing of 

REITs beta (with respect to the overall equity market). In short, these results of cross-

sectional models show that the REITs portfolios might have different patterns in 

response to the financial market index and real estate index. On the other hand, the 

conditional heteroskedasticity of OLS model need to be adjusted by the proper 

estimation of volatility. 

1.4.2 Time-Series Analysis of REITs Performance 

         The modeling of financial time-series has been enriched by the class of ARCH 

processes, which were introduced by Engle et al. (1987). But with more processes to 

choose from, like stochastic volatility models or heavy tail distributions, model choice 

has become a more complicated problem. Some of the more popular variants of 

models of changing volatility have proved to be various forms of GARCH models. In 

these models, the volatility process is time-varying, and is modeled to be dependent 

upon both the past volatilities and innovations. Taking advantage of GARCH model 

for volatility estimation, this article uses GARCH-M model with maximum likelihood 

for multivariate time-series in this paper. 

          Empirical results of the momentum effect of REITs performance are test based 

on GARCH-M as Eq.4 to Eq.10. The results of GARCH-M estimation are shown in 

the Table 1.5. One first interesting finding is that the α0 in all three models are positive 
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for NAREIT index, Winner and Loser portfolios, respectively. Though the α0 in for 

NAREIT index is insignificant in models, the α0 of Winner and Loser portfolios are 

statistically significant. In the model 5, the α0 of Winner portfolio is 13.36, and the α0 

of loser portfolio is 26.51. In addition, the α0 of Winner portfolio is 13.91 and the α0 of 

loser portfolio is 24.32 in the model 6. The second finding is that the return of 

NAREIT index shows that the α1 is lower than the α2, but the Winner portfolio and 

Loser portfolio have higher α1. In addition, the results imply both Winner and Loser 

portfolios are more sensitive to new short-term shock than the long-term ones. This 

finding is consistent with momentum trading strategy, of which investment decision is 

more likely to depend on short-term past returns, rather than long-term past returns to 

forecast future returns. Next, the γh has a positive sign for Winner portfolio, but in 

negative sign for loser portfolio. In models 5 and 6, the γh of loser portfolio is -0.099 

and -0.178, respectively. A negative γh of loser portfolio suggests that higher 

conditional volatility reduces return risk premium required by investors. Glosten et. al. 

(1993) provided two explanations why the relation between volatility and expected 

return is negative. First, time periods which are relatively more risky could coincide 

with time periods when investors are better able to bear particular type of risk. Second, 

the larger risk premium may not be required because investors may want to save 

relatively more during periods when the future is more risky. 
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1.5 Conclusion 

       These findings contribute to the existing literature by analysis the strategy of 

REITs in changes of the financial and physical real estate market movement. Then 

extended monthly data over 1989-2010 increase the reliability of explanation of 

relationships among Fama-French market portfolio, S&P500 index, Russell2000 index, 

CRSP Cap-based portfolio index, S&P/Case-Shiller home price index as well as 

Barclay Capital long-term government/corporate bond index. Second, conditional 

correlations and dynamic conditional correlations are examined to find the different 

magnitudes of REITs sensitive to changes in NAREIT index and REITs portfolios.  

These results support the time-varying characteristics of the REITs returns. Third, this 

article provides a simple method to assist the understanding and measuring the time-

varying features of REITs market.  The multi-factor return-generating approaches are 

used to empirically investigate the cross-sectional sensitivity of REITs index and 

REITs portfolios to large- and small-cap stocks, bond returns and returns to 

unsecuritized real estate. The estimates also indicate that GARCH-M model provide 

the better description of dynamic returns of NAREIT index, Winner and Loser 

portfolios. The Wald test results in Table 1.6 also suggest that Winner and Loser 

portfolios exhibit different patterns of sensitivity to market index. The results also 

suggest that REITs not be viewed as a complete substitute for investment in tangible 

property of real estate.   
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Table 1.1 Descriptive Statistics 
 

NAREIT denotes the return on NAREITs index; Winner denotes the monthly return of 
Winner portfolio in REITs momentum portfolio that shows the highest cumulative 
return; Loser denotes the monthly return of Loser portfolio in REITs momentum 
portfolio shows the lowest cumulative return; Rm refers to the monthly return of Fama-
French market portfolio; S&P refers to the monthly return of S&P500 big-cap index; 
RUSL refers to the monthly return of Russell200 small-cap index; CAP refers to the 
CRSP Cap-based portfolio index; HPI refers to the monthly return of  S&P/Case-
Shiller home price index; BCLB refers to the monthly return of Barclay Capital long-
term government/corporate bond index. The sample period extends from January 1989 
to December 2010.  
 

Statistics NAREIT Winner Loser Rm S&P RUSL CAP HPI BCLB 
Mean 0.43 1.63 0.27 0.56 0.11 0.48 0.56 -0.05 0.28 
Min -30.31 -23.55 -43.26 -18.54 -4.76 -20.98 -17.07 -2.31 -3.43 
Max 27.96 56.38 47.12 11.04 4.79 15.99 10.81 1.80 3.64 

Std.Dev 5.30 7.01 10.10 4.49 0.90 5.61 4.45 0.84 1.11 
Kurtosis 8.21 14.21 4.92 1.37 5.85 1.01 1.09 -0.03 0.44 

Skewness -0.84 1.59 0.15 -0.74 0.21 -0.57 -0.68 -0.31 -0.25 
Sharpe Ratio 0.08 0.23 0.03 0.12 0.12 0.09 0.13 -0.06 0.25 
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Table 1.2 Unconditional Correlation Matrix  
 

NAREIT denotes the return on NAREITs index; Winner denotes the monthly return of 
Winner portfolio in REITs momentum portfolio that shows the highest cumulative 
return; Loser denotes the monthly return of Loser portfolio in REITs momentum 
portfolio shows the lowest cumulative return; Rm refers to the monthly return of Fama-
French market portfolio; S&P refers to the monthly return of S&P500 big-cap index; 
RUSL refers to the monthly return of Russell200 small-cap index; HPI refers to the 
monthly return of  S&P/Case-Shiller home price index; BCLB refers to the monthly 
return of Barclay Capital long-term government/corporate bond index. The sample 
period extends from January 1989 to December 2010.  
 

 
NAREIT Winner Loser Rm S&P RUSL CAP HPI 

Rm 0.58 0.56 0.57 
     

S&P -0.25 -0.41 -0.26 -0.24 
    

RUSL 0.65 0.69 0.62 0.88 -0.54 
   

CAP 0.56 0.56 0.56 1.00 -0.22 0.88 
  

HPI 0.15 0.09 0.03 0.06 -0.05 0.07 0.06 
 

BCLB 0.18 0.01 0.06 0.13 0.07 0.04 0.13 -0.02 
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Table 1.3 Conditional Correlation Matrix 
 

Let rt denote the return on NAREIT index (Winner portfolio or Loser portfolio) at time t and rt-1 denote the return at time t-1.  
At time t is classified by whether the return in the previous period, t-1, was positive or negative. This gives rise to two sets of 
returns. The first set consists of the returns on the index following a positive return on the index (following up move), and the 
second set consists of returns on the index following a negative return on the index (following down move). NAREIT denotes 
the return on NAREITs index; Winner denotes the monthly return of Winner portfolio in REITs momentum portfolio that 
shows the highest cumulative return; Loser denotes the monthly return of Loser portfolio in REITs momentum portfolio shows 
the lowest cumulative return; Rm refers to the monthly return of Fama-French market portfolio; S&P refers to the monthly 
return of S&P500 big-cap index; RUSL refers to the monthly return of Russell200 small-cap index; HPI refers to the monthly 
return of S&P/Case-Shiller home price index; CAP refers to the monthly return of S&P/Cap-based portfolio index; BCLB refers 
to the monthly return of Barclay Capital long-term government/corporate bond index. The sample period extends from January 
1989 to December 2010. The μ denotes the mean; σ in the parenthesis denotes standard deviation; 𝜌� denotes the conditional 
correlation of REITs following up or down move in indices. 
 

Index Return Type Statistic # of Months NAREIT Winner Loser 
S&P Following Up Move μ (σ) 165 1.38 (4.56) 2.54 (7.11) 3.10 (11.09) 

  
𝜌� 

 
0.21 0.24 0.29 

 
Following Down Move μ (σ) 99 0.09 (6.24) 0.75 (6.74) -1.22 (10.67) 

  
𝜌� 

 
0.28 0.10 0.26 

RUSL Following Up Move μ (σ) 166 1.28 (4.73) 2.72 (7.25) 3.29 (11.13) 

  
𝜌� 

 
0.18 0.11 0.26 

 
Following Down Move μ (σ) 98 0.20 (6.08) 0.44 (6.40) -1.55 (10.49) 

  
𝜌� 

 
0.15 0.07 0.16 

CAP Following Up Move μ (σ) 168 1.47 (4.57) 2.72 (7.07) 3.37 (10.99) 

  
𝜌� 

 
0.18 0.23 0.28 

 
Following Down Move μ (σ) 96 -0.1 (6.24) 0.37 (6.70) -1.83 (10.61) 

  
𝜌� 

 
0.23 0.05 0.23 
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Table 1.3 Continued 
HPI Following Up Move μ (σ) 185 1.09 (3.97) 2.25 (7.16) 1.40 (9.16) 

  
𝜌� 

 
0.05 -0.12 -0.04 

 
Following Down Move μ (σ) 79 0.45 (7.52) 0.98 (6.62) 1.65 (14.78) 

  
𝜌� 

 
0.28 0.29 0.10 

BCLB Following Up Move μ (σ) 187 1.47 (4.81) 2.05 (7.23) 2.02 (11.13) 

  
𝜌� 

 
0.06 0.15 0.12 

 
Following Down Move μ (σ) 77 -0.50 (6.13) 1.45 (6.53) 0.08 (11.09) 

  
𝜌� 

 
0.25 0.12 0.22 
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Table 1.4 Cross-sectional Analysis of REITs Return  
 

This table reports the OLS estimation for excess return of NAREIT index, Winner portfolio, and Loser portfolio with control 
variables: 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1�𝑅𝑚,𝑡 − 𝑟𝑓,𝑡� + 𝛽2𝑅𝑆&𝑃,𝑡 + 𝛽3𝑅𝑅𝑈𝑆𝐿,𝑡+𝛽4𝑅𝐶𝐴𝑃,𝑡 + 𝛽5𝑅𝐻𝑃𝐼,𝑡 + 𝛽6𝑅𝐵𝐶𝐿𝐵,𝑡 + 𝜀𝑡  

where 𝑟𝑅𝐸𝐼𝑇𝑠,𝑡  denotes the excess return of NAREIT index, Winner portfolio, and Loser portfolio at time t, respectively; 
𝑅𝑚,𝑡 refers to the monthly return of Fama-French market portfolio at time t; 𝑅𝑓,𝑡  denotes the one-month T-bill return at time t; 
𝑅𝑆&𝑃,𝑡 refers to the monthly return of S&P500 big-cap index at time t; 𝑅𝑅𝑈𝑆𝐿,𝑡 refers to the monthly return of Russell200 small-
cap index at time t; 𝑅𝐶𝐴𝑃,𝑡   refers to the monthly return of S&P/Cap-based portfolio index at time t, 𝑅𝐻𝑃𝐼,𝑡 refers to the monthly 
return of S&P/Case-Shiller home price index at time t; 𝑅𝐵𝐶𝐿𝐵,𝑡  refers to the monthly return of Barclay Capital long-term 
government/corporate bond index at time t. The sample period extends from January 1989 to December 2010. The dependent 
variables are the excess return of NAREIT index in Column (1), Winner portfolio in Column (2), and Loser portfolio in 
Column (3). 

 

 

Model 1 Model 2 Model 3 

 (1) (2) (3) (1) (2) (3) (1) (2) (3) 
Constant 0.196 1.058*** 0.364 0.421 1.115*** 1.519** 1.654*** 1.385*** 3.868*** 

 
(0.466) (0.004) (0.523) (0.131) (0.006) (0.024) (0.000) (0.007) (0.000) 

𝑅𝑚,𝑡 − 𝑅𝑓,𝑡 0.680*** 0.878*** 1.419*** 
   

3.846*** 0.842 7.326*** 

 
(0.000) (0.000) (0.000) 

   
(0.000) (0.394) (0.000) 

𝑅𝑆&𝑃,𝑡 
   

3.730*** 0.857 5.449*** 3.786*** 0.869 5.555*** 

    
(0.000) (0.189) (0.000) (0.000) (0.183) (0.000) 

𝑅𝑅𝑈𝑆𝐿,𝑡 
   

1.491*** 1.294*** 2.297*** 1.377*** 1.269*** 2.079*** 

    
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

𝑅𝐶𝐴𝑃,𝑡 
   

-4.603*** -1.383     -6.385*** -8.394*** -2.212 -13.605*** 

    
(0.000) (0.081) (0.000) (0.000) (0.079) (0.000) 

𝑅𝐻𝑃𝐼,𝑡 
   

0.350 0.158 -1.020 0.245 0.135 -1.220* 

    
(0.193) (0.683) (0.113) (0.333) (0.728) (0.050) 
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Table 1.4 Continued 

𝑅𝐵𝐶𝐿𝐵,𝑡 
   

0.693*** 0.006 0.057 0.710*** 0.010 0.091 

    
(0.001) (0.982) (0.904) (0.000) (0.971) (0.843) 

R2 0.33 0.31 0.33 0.57 0.49 0.44 0.62 0.49 0.48 
AIC 1525.50 1682.23 1920.69 1418.31 1610.68 1879.78 1385.84 1611.93 1860.54 
LM 17.10 10.60 24.06 26.14 191.22 56.21 36.22 194.76 71.63 

Note: *, **, and *** denote the 10%, 5% and 1% level significance, respectively  
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Table 1.5 Test Asymmetric Volatility in Time-series Analysis 
 

This table reports the GARCH-in-Mean estimation for excess return of NAREIT index, Winner portfolio, and Loser portfolio with 
control variables: 

𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 = 𝛽0 + 𝛽1�𝑅𝑚,𝑡 − 𝑅𝑓,𝑡� + 𝛽2𝑅𝑆&𝑃,𝑡 + 𝛽3𝑅𝑅𝑈𝑆𝐿,𝑡+𝛽4𝑅𝐶𝐴𝑃,𝑡 + 𝛽5𝑅𝐻𝑃𝐼,𝑡 + 𝛽6𝑅𝐵𝐶𝐿𝐵,𝑡 + 𝜀𝑡  
ℎ𝑡 = 𝛼0 + 𝛼1𝜀𝑡−12 + 𝛼2ℎ𝑡−1 

where 𝑟𝑅𝐸𝐼𝑇𝑠,𝑡 denotes the excess return of NAREIT index, Winner portfolio, and Loser portfolio at time t, respectively; 𝑅𝑚,𝑡 refers 
to the monthly return of Fama-French market portfolio at time t; 𝑅𝑓,𝑡  denotes the one-month T-bill return at time t; 𝑅𝑆&𝑃,𝑡 refers to 
the monthly return of S&P500 big-cap index at time t; 𝑅𝑅𝑈𝑆𝐿,𝑡 refers to the monthly return of Russell200 small-cap index at time 
t;𝑅𝐶𝐴𝑃,𝑡   refers to the monthly return of S&P/Cap-based portfolio index at time t, 𝑅𝐻𝑃𝐼,𝑡 refers to the monthly return of  S&P/Case-
Shiller home price index at time t; 𝑅𝐵𝐶𝐿𝐵,𝑡 refers to the monthly return of Barclay Capital long-term government/corporate bond 
index at time t. The sample period extends from January 1989 to December 2010. The dependent variables are the excess return of 
NAREIT index in Column (1), Winner portfolio in Column (2), and Loser portfolio in Column (3). If 𝛾ℎ equals to zero, there is no 
relationship between volatility and return. The 𝛾ℎ is interpreted as the coefficient of relative risk aversion of investors. These 𝛾ℎ 
shows a time-varying risk premium, and the sign and magnitude of 𝛾ℎ depends on utility functions of investors. In fact, 𝛾ℎ can be 
positive, negative or zero. A positive 𝛾ℎ indicates a higher risk premium required by investors when volatility is high, while a 
negative 𝛾ℎ means a lower risk premium required by investors when volatility is high. 

 

 
Model 4 Model 5 Model 6 

 (1) (2) (3) (1) (2) (3) (1) (2) (3) 
Intercept -0.483 1.365*** 1.693** -0.369 0.791 1.331 3.265** 0.773 2.955*** 

 
(0.653) (0.000) (0.008) (0.723) (0.456) (0.287) (0.006) (0.504) (0.007) 

𝑅𝑚,𝑡 − 𝑅𝑓,𝑡   0.576***    0.876***   1.206*** 
   

3.879*** 0.937 3.633*** 

 
(0.000) (0.000) (0.000) 

   
(0.000) (0.294) (0.000) 

𝑅𝑆&𝑃,𝑡 
   

2.801*** 1.700*** 3.744*** 2.941*** 1.388* 3.536*** 

    
(0.000) (0.004) (0.000) (0.000) (0.015) (0.000) 
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Table 1.5 Continued 

𝑅𝑅𝑈𝑆𝐿,𝑡 
   

1.243*** 1.444*** 1.411*** 1.115*** 1.346*** 1.208*** 

    
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

𝑅𝐶𝐴𝑃,𝑡 
   

-3.568*** -2.554*** -3.950*** -7.426*** -3.075*** -7.158*** 

    
(0.000) (0.000) (0.000) (0.000) (0.002) (0.000) 

𝑅𝐻𝑃𝐼,𝑡 
   

0.206 0.735*** 0.019 -0.163 0.705** -0.191 

    
(0.328) (0.001) (0.683) (0.509) (0.008) (0.604) 

𝑅𝐵𝐶𝐿𝐵,𝑡 
   

0.609*** -0.113 0.019 0.582*** -0.138 0.078 

    
(0.000) (0.567) (0.949) (0.000) (0.520) (0.788) 

α0 2.242 33.536*** 22.826*** 1.045 13.358*** 26.512*** 1.530 13.912*** 24.321*** 

 
(0.058) (0.000) (0.000) (0.108) (0.000) (0.000) (0.058) (0.000) (0.000) 

εt−12  0.169c 0.000 0.883a 0.117** 0.812*** 0.592*** 0.135** 0.738*** 0.639*** 

 
(0.016) (1.000) (0.000) (0.014) (0.000) (0.000) (0.020) (0.000) (0.000) 

ht−1 0.698*** 0.000 0.000 0.794*** 0.000 0.000 0.715*** 0.000 0.000 

 
(0.000) (1.000) (1.000) (0.000) (1.000) (1.000) (0.000) (1.000) (1.000) 

�ht 0.172 0.000 -0.255* 0.227 0.094 -0.099 -0.486 0.142 -0.178 

 
(0.547) (1.000) (0.005) (0.480) (0.694) (0.624) (0.178) (0.583) (0.279) 

R2 0.32 0.32 0.30 0.55 0.47 0.45 0.61 0.47 0.46 
LL -733.05 -838.26 -886.79 -685.73 -787.81 -872.48 -671.56 -787.82 -866.33 

AIC 1478.10 1684.53 783.59 1391.46 1595.63 1762.96 1365.12 1595.63 1752.67 
Note: *, **, and *** denote the 10%, 5% and 1% level significance, respectively. 
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Table 1.6 Wald Tests of OLS and GARCH-in-mean Models 
 

The Wald1 tests the null hypothesis that the NAREIT, winner and loser portfolio share the same strategy and sensitivity to the 
broad market signals as: H0: 𝛽𝑖

𝑁𝐴𝑅𝐸𝐼𝑇,𝑗 = 𝛽𝑖
𝑊𝑖𝑛𝑛𝑒𝑟,𝑗 = 𝛽𝑖

𝐿𝑜𝑠𝑒𝑟,𝑗; Wald2 tests the null hypothesis that the winner and the loser 
portfolios share the same strategy and sensitivity to the broad market signals as H0:  𝛽𝑖𝑊𝑖𝑛𝑛𝑒𝑟 = 𝛽𝑖𝐿𝑜𝑠𝑒𝑟. 
 
Panel A: Cross-sectional analysis by Wald test 

  

  

  

  

  

  

  

  

 
Model 1 

 
Model 2 

 
Model 3 

  𝑅𝑚,𝑡
  

𝑅𝑆&𝑃,𝑡 𝑅𝑅𝑈𝑆𝐿,𝑡 𝑅𝐶𝐴𝑃,𝑡 𝑅𝐻𝑃𝐼,𝑡 𝑅𝐵𝐶𝐿𝐵,𝑡  𝑅𝑚,𝑡

 

𝑅𝑆&𝑃,𝑡 𝑅𝑅𝑈𝑆𝐿,𝑡 𝑅𝐶𝐴𝑃,𝑡 𝑅𝐻𝑃𝐼,𝑡 𝑅𝐵𝐶𝐿𝐵,𝑡 
Wald1

 

29.980*** 
 

19.723*** 8.649** 6.079*** 4.200 5.056 
 

13.641*** 20.903*** 6.350* 29.943*

 

5.146 5.387 

 
(0.000) 

 
(0.000) (0.034) (0.001) (0.241

 

(0.168) 
 

(0.003) (0.000) (0.096) (0.000) (0.161

 

(0.146

 
Wald2 23.938*** 

 
18.395*** 8.647** 4.750*** 3.885 3.580 

 
13.369*** 19.789*** 6.349** 27.726*

 

4.867* 3.891 
  (0.000) 

 
(0.000) (0.013) (0.000) (0.143

 

(0.167) 
 

(0.001) (0.000) (0.042) (0.000) (0.088

 

(0.143

 
Panel B: Time-series analysis by Wald test 

  

  

  

  

  

  

  

  

  

 
Model 4 

 
Model 5 

 
Model 6 

 
𝑅𝑚,𝑡

  
𝑅𝑆&𝑃,𝑡 𝑅𝑅𝑈𝑆𝐿,𝑡 𝑅𝐶𝐴𝑃,𝑡 𝑅𝐻𝑃𝐼,𝑡 𝑅𝐵𝐶𝐿𝐵,𝑡 

 
𝑅𝑚,𝑡

 

𝑅𝑆&𝑃,𝑡 𝑅𝑅𝑈𝑆𝐿,𝑡 𝑅𝐶𝐴𝑃,𝑡 𝑅𝐻𝑃𝐼,𝑡 𝑅𝐵𝐶𝐿𝐵,𝑡 
Wald1 4.480 

 
153.000*

 

163.130*

 

81.270*

 

3.920 16.040*

 
 

6.680* 198.540*

 

175.320*

 

97.340*

 

3.560 0.050 

 
(0.214) 

 
(0.000) (0.000) (0.000) (0.270

 

(0.001) 
 

(0.082) (0.000) (0.000) (0.000) (0.313

 

(0.998

 
Wald2 4.000 

 
130.200*

 

137.530*

 

77.060*

 

2.410 15.430*

 
 

1.140 186.370*

 

171.570*

 

98.730*

 

0.650 0.040 
  (0.136) 

 
(0.000) (0.000) (0.000) (0.299

 

(0.000) 
 

(0.565) (0.000) (0.000) (0.000) (0.732

 

(0.979

 
Note: *, **, and *** denote the 10%, 5% and 1% level significance. 
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Figure 1.1 Dynamic Conditional Correlations of Winner and Loser Portfolios 
 

This figure plots the dynamic conditional correlation of winner and loser portfolios 
with returns of Fama-French market portfolio(top left), Russell2000 index (top right),  
S&P/Case-Shiller home price index (middle left), S&P500 index (middle right), 
S&P/Cap-based portfolio index (bottom left), and Barclay Capital long-term 
government/corporate bond index (bottom right). The sample period extends over 
January 1989 - December 2010.   
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CHAPTER 2 

EXPECTED RETURN, TIME-VARYING RISK, AND 

HEDGING DEMAND IN U.S. REITS MARKET 

2. 1 Introduction 

Empirical study based on the Capital Asset Pricing Model (CAPM) (Sharpe, 

1964; Lintner, 1965; Black, 1972) has long shaped the way academics and 

practitioners think about the tradeoff relationship between the expected return and risk. 

In truth, the efficiency of market portfolio implies a positive linear function for the 

expected return on stocks or portfolios, though the relationship between average return 

and Beta (β) shows a weak predictive power during the period of 1963-1990, and in 

particular displays an inverse relation where a lower β asset earns the higher return on 

average (Reinganum, 1981; Lakonishok and Shapiro, 1986; Fama and French, 1992; 

Glosten et al., 1993; Whitelaw, 2000).  Nonetheless, the static CAPM model is still 

used because it explains a significant fraction of variation in asset return and is easily 

interpreted. 

The Intertemporal Capital Asset Pricing Model (ICAPM) is derived by 

examining a positive time-series tradeoff between the return and risk, and also a cross-

sectional behavior of state variables and/or factors (Merton, 1973). Merton (1980) 

further states that the risk of market portfolio, as an instrument, is applied to the 

prediction of the expected return. In other words, the expected return for any risky 
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asset should vary with the time-varying conditional covariance (Evans, 1994; Bali, 

2008). Fama (1991) interprets the ICAPM model as a “fishing license” to extend the 

theoretical background for relatively ad hoc risk factors. Also note that the state 

variable underlying the risk factor should relate to the change in the investment 

opportunity set; this develops a function in forecasting the distribution of future 

aggregate stock or portfolio returns. The extensive literature has explored the 

implication of these innovations proxy for the state variables, which should be priced 

factors in the cross-section (Maio and Santa-Clara, 2011). However, the empirical 

result on the sign of the intertemporal return and risk is still not well known. In part, 

this is due to the difficulty in variable selection by time-series analysis. Most literature 

studies the intertemporal relationship between the return and risk in the major 

exchange market, and reports the expected excess market return as a significantly 

positive function of market risk across the world stock markets (Merton, 1980; Bali 

and Engle, 2010a; Tsuji, 2011). Moreover, Bali and Engle (2010b) develop a dynamic 

conditional correlation model that predicts the positive tradeoff between the return and 

risk by implementing the conditional time-series model with cross-sectional effects. 

However, some other empirical studies, i.e. those of Albel (1988), Backus and 

Gregory (1993), Gennotte and Marsh (1993), Glosten et al.(1993), Whitelaw (1994), 

Boudoukh et al.(1997), Harvey (2001), and Brandt and Kang (2004) document 

puzzling results with regard to a negative intertemporal relationship between the 

expected return and risk.  
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Far from being independent, the increasing correlations crossing financial 

markets have been reported in some articles (Longin and Solnik, 1995; Campbell et al., 

2002; Buraschi et al., 2010). Revealing examples of the importance of modeling time-

varying correlations among financial markets have been offered by the co-movement 

since 2007. Figure 2.1 highlights the correlation leverage effect in the U.S. real estate 

trust investment market in respect to the return of market portfolio, which displays that 

the conditional correlation of REITs returns tends to go higher in phases of market 

downturn. Although a large number of the studies focus on the portfolio in major 

exchange market, little is known about the investment strategy and solution in term of 

the REITs portfolio. Furthermore, testing the pricing of ICAPM has little been 

implemented in U.S. REITs market. As a matter of fact, this essay contributes in this 

branch of literature. 

Following previous studies (Bali, 2008; Bali and Engle, 2010a; Bali and Engle, 

2010b), our study extends the empirical framework, based on both conditional CAPM 

and ICAPM, to examine the relationship between the expected return and time-

varying risk in the U.S. REITs market, and to investigate the hedging demand for state 

variables. To examine the time-series relation across a widely variety of monthly 

REITs portfolios, three classes of REITs portfolios based on size, momentum, and 

book-to-market portfolios are formed with monthly data over the sample period from 

January 1972 to October 2011. By pooling the time-series and cross-section together, 

the GARCH-in-mean (GARCH-M) model is implemented to capture the time-varying 

conditional covariance to help identify the tradeoff between the return and risk. In 
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addition, this article relaxes the estimation model with different slope coefficients for 

each equity portfolio. The slope coefficients for the joint hypotheses on the size 

portfolios and book-to-market portfolios are all positive. The insignificant results of 

the Wald test in size portfolios and book-to-market portfolios indicate the market level 

risk priced for the expected return on portfolios. Interestingly, the slope coefficient for 

the Winner portfolio that holds a higher abnormal premium is negative. The 

significant results from the Wald test on the joint hypotheses for slope coefficients 

imply the market level risk does not provide the expected return in the momentum 

portfolios. The results in general support the positive relation between the return and 

risk in REITs portfolios.  

The intercept represents the abnormal excess return for each portfolio that 

cannot be explained by conditional measures of market risk. When estimating the 

conditional GARCH-in-mean model, we allow the intercepts to be different across 

portfolios. As a result of the Wald test for the consistency of intercepts, we find risk 

premia is statistically different within the size portfolios and the book-to-market 

portfolios, except for the momentum portfolios. This article also tests whether the 

abnormal return between the Small and Big portfolios and the Value and Growth 

portfolios can be explained by the conditional CAPM. Both REITs portfolios on Value 

versus Growth and Winner versus Loser significantly reject the null hypothesis, 

though the Small versus Big does not. These findings provide evidence that the 

conditional measures of market risk have a predictive power in expected returns on 
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size portfolios, but the superior risk of the Winner over Loser in momentum portfolios 

cannot be explained by the conditional measure of market risk.  

Under stochastic investment opportunities, it is assumed that investors will want 

to hedge against changes in the forecasts of financial markets and will be able to 

efficiently allocate their current asset to hedge against the future shifts in the 

investment opportunity, and generate the capital to achieve the intertemporal 

consumption smoothing (Bali, 2008).  Because of this need that arises in the dynamic 

markets, the conditionally expected return on an asset will typically be incorporated 

with hedging portfolio effects. As of yet, there is little empirical evidence that either 

macroeconomic or financial variables can explain the return of REITs market. In fact, 

the covariance with the state innovation is used as a powerful instrument to measure 

the opportunity to derive risk premia on risky asset, we, therefore, examine a set of six 

macroeconomic variables that proxy the investment opportunities.  In this section, 

only the de-trended short term interest and inflation-related variable could be 

considered as proxies as the investment opportunities for the intertemporal hedging 

demand. However, the unexpected return on the rest macroeconomic variables may 

predict as favorable shifts in investment opportunity set, but they do not play a role in 

the intertemporal hedging demand.  

Finally, this article examines the hedging demand for the six financial market 

indicators. The results find that the common slope coefficients on the covariance with 

S&P/Case-Shiller home price index are negative for the momentum portfolios and 
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book-to-market portfolios, which imply the hedging demand for the investment in 

tangible real estate property, but not for size portfolios. The negative but insignificant 

coefficient on the covariance with Barclay Capital government/corporate bond index 

may still suggest a weak role of hedging demand for the composite bond index. In 

summary, this study under the conditional CAPM and ICAPM provide us strong 

evidences about the hedging demand in REITs market for both institutional and 

private investors. 

This article proceeds as follows: The section 2 briefly describes the data, 

empirical models, and specifications. The empirical results are presented and 

discussed in Section 3. Section 4 concludes with a summary of main results.  

2.2 The Methodology and Data 

2.2.1 The Estimation of Dynamic Conditional Correlation  

Correlations are critical analysis for many of the common tasks of financial 

managements (Engle, 2002). If the correlations and volatilities are changing, then the 

allocations of assets should instantly to reflect new market information. The 

conditional correlation is an approach based on information known from the previous 

period in allowing the correlation matrix to be time-varying. The benchmark estimator, 

i.e. Constant Conditional Correlation (Bollerslev, 1990), was extended to the Dynamic 

Conditional Correlation (DCC) estimator by Engle (2002), which imposes a more 
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useful structure on many possible model parameters. The DCC estimator matrix is 

given by Eq.1: 

 𝐻𝑡 = 𝐷𝑡𝑅𝑡𝐷𝑡                                                            (1) 

  where 𝐻𝑡 is a k×k conditional covariance matrix; 𝑅𝑡 is a k×k dynamic 

conditional correlation matrix; 𝐷𝑡 is a k×k diagonal matrix of time-varying standard 

deviations of residual returns,  𝐷𝑡 = diag��𝐷𝑡�.  

Engle (2002) simplifies the DCC estimator by a geometrically weighted average 

of standardized residuals, which can be expressed as Eq.2: 

 𝜌𝑖,𝑗,𝑡 =
∑ 𝜆𝑠𝜀𝑖,𝑡−𝑠𝜀𝑗,𝑡−𝑠
𝑡−1
𝑠=1

�∑ 𝜆𝑠𝜀𝑖,𝑡−𝑠
2𝑡−1

𝑠=1 �∑ 𝜆𝑠𝜀𝑗,𝑡−𝑠
2𝑡−1

𝑠=1

                                                 (2) 

 ε is a standard disturbance that has mean zero and variance one for each sample 

series; RiskMetrics uses the value of 0.94 for the parameter 𝜆 for all assets, so that the 

same value is also used to ensure a positive definite correlation matrix.  

A natural alternative estimator of dynamic conditional covariance (qi,j,t) could be 

interpreted  by the GARCH(1,1) model as Eq.3: 

 𝑞𝑖,𝑗,𝑡 = �̅�𝑖,𝑗 + 𝛼�𝜀𝑖,𝑡−1𝜀𝑗,𝑡−1 − �̅�𝑖,𝑗� + 𝛽(𝑞𝑖,𝑗,𝑡−1 − �̅�𝑖,𝑗                        (3) 

The dynamic conditional covariance estimator can also be rewritten as Eq.4:  

 𝑞𝑖,𝑗,𝑡 = �̅�𝑖,𝑗 �
1−𝛼−𝛽
1−𝛽

� + 𝛼 ∑ 𝛽𝑠−1𝜀𝑖,𝑡−𝑠𝜀𝑗,𝑡−𝑠
∞
𝑠=1                               (4) 

where the 𝑞𝑖,𝑗,𝑡 is the dynamic conditional covariance between 𝜀𝑖,𝑡−𝑠 and 𝜀𝑗,𝑡−𝑠  
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of risky assets i and j; �̅�𝑖,𝑗 is the unconditional correlation between risky asset i and 

risky asset j;  and the estimator remains mean-reverting condition as long as α+β  < 1. 

2.2.2 Conditional Tradeoff between the Return and Risk 

The classical CAPM states that the excess return of an asset is equal to the risk-

free rate plus a risk premia, and relates (Sharpe, 1964; Lintner, 1965; Black, 1972). In 

this model, the CAPM model can be expressed as Eq.5. In this model, the E(βt+1|Ωt) is 

the ratio of Cov(ri,t+1,rm,t+1|Ωt) over Var(rm,t+1|Ωt) that can be interpreted as the relative 

risk aversion coefficient as Eq. 6.  

 E(𝑟𝑖,𝑡+1|Ω𝑡) = 𝛼𝑖 + 𝐶𝑜𝑣(𝑟𝑖,𝑡+1,𝑟𝑚,𝑡+1|Ω𝑡)
𝑉𝑎𝑟(𝑟𝑚,𝑡+1|Ω𝑡)

𝐸(𝑟𝑚,𝑡+1|Ω𝑡) + 𝜀𝑡+1                           (5) 

 𝐸(𝛽𝑡+1|Ω𝑡) = 𝐶𝑜𝑣(𝑟𝑖,𝑡+1,𝑟𝑚,𝑡+1|Ω𝑡)
𝑉𝑎𝑟(𝑟𝑚,𝑡+1|Ω𝑡)

                                                 (6) 

where, 𝑟𝑖,𝑡+1  (𝑟𝑖,𝑡+1 = 𝑅𝑖,𝑡+1 − 𝑟𝑓,𝑡+1 ) denotes the excess return of the risky 

asset i; 𝑟𝑚,𝑡+1  (𝑟𝑚,𝑡+1 = 𝑅𝑚,𝑡+1 − 𝑟𝑓,𝑡+1) denotes the excess return of Fama French 

market portfolio; 𝑅𝑓,𝑡+1 denotes the risk-free one month T-Bill return; Ωt represents 

the full information set at time t that investors could assess to predict the expected 

future return; Var(rm,t+1|Ωt)is the time-t expected conditional variance of market excess 

return at time t+1; and 𝐶𝑜𝑣(𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|Ω𝑡)  is the time-t expected conditional 

covariance between excess return on risky assets and market portfolio at time t+1.  

In addition, the conditional CAPM model can also be derived to the time-

varying conditional model that relates the conditional expected excess return on risky 
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asset i as Eq.7. It predicts the expected excess return by holding risky asset i that is 

proportional to the covariations of its excess return with the excess return of market 

portfolios. In this model, the E(rm,t+1|Ωt)/Var(rm,t+1|Ωt)is known as time-varying 

reward-to-risk ratio that the investor receives the excess return from investment in the 

risky asset i, while suffering a unit of conditional market volatility or risk. In this 

section, this article first focuses on the sign and statistical significance of the common 

slope coefficient (θ) and portfolio-specific slope coefficients (θi) on 

𝐶𝑜𝑣(𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|Ω𝑡) in the tradeoff relationship between the return and risk in risky 

asset i as Eq. 8.  

𝐸(𝑟𝑖,𝑡+1|Ω𝑡) = 𝛼𝑖 + 𝐸(𝑟𝑚,𝑡+1|Ω𝑡)
𝑉𝑎𝑟(𝑟𝑚,𝑡+1|Ω𝑡)

𝐶𝑜𝑣(𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|Ω𝑡) + 𝜀𝑡+1                  (7) 

Then, we simplify the Eq.7 as following Eq.8: 

 E(𝑟𝑖,𝑡+1|Ω𝑡) = 𝛼𝑖 + 𝜃𝑖𝐶𝑜𝑣(𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|Ω𝑡) + 𝜀𝑡+1                       (8) 

 𝜃𝑖 = 𝐸(𝑟𝑚,𝑡+1|Ω𝑡)
𝑉𝑎𝑟(𝑟𝑚,𝑡+1|Ω𝑡)

                                                             (9) 

The common slope coefficient (θ) corresponding to the reward-to-risk 

coefficient is also interpreted as the Arrow-Pratt Relative Risk-Aversion coefficient. 

Also note that the θi  is interpreted as the reward-to-risk coefficient for each asset i 

(Eq.9). In the above expression, the positive and significantly sign for the reward-to-

risk coefficient implies a positive return-risk tradeoff in the market. To investigate the 

consistency of reward-to-risk coefficients (𝜃𝑖), we apply the Wald test to examine 
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whether the slope coefficients of risky portfolios are different through two joint 

hypotheses, as H0: θ1=θ2=···=θ10=0 and H0: θ1=θ10=0, within the size portfolios, the 

momentum portfolios, and the book-to-market portfolios, respectively. Furthermore, 

we apply two more joint hypotheses for intercepts, as H0: α1=α2=∙∙∙=α10=0 and H0: 

α1=α10=0, to determine the power of risk for the excess return within the portfolios. 

2.2.3 Intertemporal Hedging Demand  

  Financial economists often choose certain macroeconomic variables and/or 

financial market indicators to control for possible shifts in the investment opportunity 

set. Dynamic asset pricing models starting with Merton’s ICAPM model (1973) 

provide a theoretical framework that gives a positive equilibrium relation between the 

conditional first and second moments of excess return on the aggregate market 

portfolio. Under conditional ICAPM framework, we try to investigate the relationship 

between the return and risk after taking into account the intertemporal hedging 

demand. We examine the significance of risk premia that induced by the conditional 

covariance of all three portfolios, with innovations in macroeconomic variables. Six 

macroeconomic variables, including the default spread, term spread, relative T-bill 

rate, aggregate dividend yield, inflation rate, and output growth can be viewed as the 

potential state variable that may affect the shift in the stochastic investment 

opportunity set. The ICAPM states the equilibrium relation between expected return 

and risk for any risky asset i could be shown as Eq.10:  

𝐸�𝑟𝑖,𝑡+1�Ω𝑡� = 𝛼𝑖 + 𝜃𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1�Ω𝑡� + 𝜆𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑋𝑡+1�Ω𝑡� + 𝜀𝑡+1    (10) 



Texas Tech University, Zhongyi Xiao, August 2013 

44 
 

One difference between the conditional CAPM and the conditional ICAPM is 

the interemporal hedging demand component 𝜆𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑋𝑡+1�Ω𝑡�. The variable X 

represents the state variable that proxies for the hedging demand. Here, the coefficient 

on 𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑋𝑡+1�Ω𝑡� measures the time-t expected conditional covariance between 

excess return on risky asset i and innovations in a variable X, proxy by the first order 

difference (∆𝑋𝑡+1 = 𝑋𝑡+1 − 𝑋𝑡 ). In this model, the common slope coefficient θ is 

interpreted the same as in Eq.9, and the parameter λ represents the price of risk for 

innovations in variable X. The sign of λ reflects the investor’s demand for the 

allocation of risky asset to hedge against the unfavorable shift in the investment 

opportunity set. If the coefficient on hedging demand is positive, this feature reveals 

an investment opportunity in risky assets that increases in the investment horizon. On 

the other hand, the negative hedging demand decreases the investment in risk assets 

(Buraschi et al., 2010). Given the assumption that Cov(ri,t+1,ΔXt+1|Ωt)>0, an 

unfavorable shift in investment is defined as (1) an increase consumption in variable X, 

as if λ < 0; (2) a decrease consumption in X variable, as if λ > 0; (3) otherwise, no 

effect. In other words, the risk aversion utility maxmizer will attempt to decrease the 

consumption in variable X as long as the slope coefficient λ is smaller than zero, and 

the argument is symmetric.  

2.2.4 Formation of the REITs Portfolio 

The monthly data of all publically traded REITs on NYSE, AMEX and 

NASDAQ during January 1972 - October 2011 period is collected from CRSP 

database. As a first step, this article constructs three classes of value-weighted REITs 
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portfolios, including ten size REITs portfolios, ten momentum REITs portfolios, and 

ten book-to-market portfolios. The ten size portfolios are constructed at the end of 

June at year τ, using the market equity value (ME=Closing price per share × Share 

outstanding) from all REITs public traded in the major exchange market. Each size 

portfolio for the July of year τ to June of year τ+1 has a market equity value for June 

of year τ. The decile 1 REITs with the smallest market equity value are assigned to the 

Small portfolio, while the decile 10 REITs with the largest market equity value are 

assigned to the Big portfolio. The ten book-to-market portfolios are formed based on 

the book equity value (BE=Net Asset Value per share × Share outstanding) over the 

market equity value. The formation of book equity value is similar to the market 

equity value, which BE shows a book value of equity data for June of year τ for the 

July of year τ to June of year τ +1. The book-to-market ratio is used to identify 

undervalued or overvalued securities via taking book equity value divided by market 

equity value.  

This article defines the Value portfolio as the portfolio with highest ratio of 

BE/ME, while the Growth portfolio is defined as the one with lowest ratio of BE/ME. 

Momentum portfolios are defined by the cumulative return on the stocks over the 

specific past periods, which are constructed monthly with the REITs over the past 11 

months skipping the past one month return (the return from month t-1 to t).  To be 

included in the momentum portfolios, the publicly traded REITs must have a regular 

trade at the end of month t-13 and last at least 18 months. The one with the highest 
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cumulative return is included in the Winner portfolio, and the lowest one is in the 

Loser portfolio. 

2.2.5 The Macroeconomic Variable Set 

The major U.S. exchange markets are usually considered as responding to the 

macroeconomic signals, and they may have a feedback on the other state variables 

(Chen et al., 1986). Following a series of literature in this branch (Bali, 2008; Bali and 

Engle, 2010a; Bali and Engle, 2010b), this article studies effects of incorporating the 

conditional covariance of REITs portfolios with the macroeconomic innovations that 

may affect the intertemporal return-risk relationship in the conditional ICAPM 

framework. The monthly yields on the three-month Treasury bill, ten-year Treasury 

bond, and the BAA- and AAA-rated corporate bonds are obtained from the H.15 

database of the Federal Reserve Board. The default spread (DEF) is computed as the 

difference between the yields on the BAA- and AAA-rated corporate bonds. The term 

spread (TERM) is calculated as the difference between the yields on the ten-year 

Treasury bond and the three-month Treasury bill. The relative T-bill rate (RREL), as 

the de-trended short-term interest rate, is defined as the difference between the three-

month T-bill rate and its twelve-month backward moving average. We collect the 

monthly aggregate dividend yield and inflation rate data from Robert Shiller’s website. 

The aggregate dividend yield (DIV) is defined as the ratio of the monthly dividends of 

the S&P500 index over the current price level of the S&P500 index. Monthly inflation 

rate (INF) is the monthly change rate of Customer Price Index that proxies for the 

economic growth of the U.S. market as well. The output growth (OUT) is defined as 
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the monthly growth rate of the Industrial Production Index obtained from the G.17 

database of the Federal Reserve Board. The sample period for all macroeconomic 

variables is over January 1972- October 2011.  

2.2.6 The Financial Market Indicator Set 

Following majority studies, the Fama-French market portfolio return (Rm) is 

proxy for the monthly returns on a portfolio composed of all NYSE, AMEX, and 

NASDAQ stocks. The one-month Treasury bill rate from Ibbotson is used as a proxy 

for the risk-free rate (rf). To examine the power of Fama-French factors in investment 

opportunity set, we in this section use the monthly three factors data from Kenneth 

French’s online data library, including the performance of small stocks relative to big 

stocks (SMB), the performance of value stocks relative to growth stocks (HML), and 

momentum factor (MOM) to describe the state of investment opportunity in the U.S. 

exchange market with the sample period over January 1972-October 2011. The REITs 

are publicly traded in the U.S. major exchange market and now included in general 

stock market indexes, i.e. S&P500 big-cap index and Russell2000 small-cap index. 

Thus, the correlation between a REITs portfolio and a general stock market index may 

overstate the correlation between the performances of REITs and non-REITs stocks. 

To avoid the potential bias resulting from the inclusion of REITs, we select the CRSP 

Cap-based portfolio index (CAP) as an alternative stock index proxy that excludes 

REITs (Case et al., 2010). Barclay Capital long-term government/corporate bond 

index (BCLB) is the proxy for composite bond market return. The S&P/Case-Shiller 

home price index (HPI) is the leading measure of the property index for U.S. 
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residential real estate market that is proxy for the investment opportunity in the real 

estate market (Kaplanski and Levy, 2011). The sample period for all these financial 

market indicators is from January 1989 to October 2011. 

2.3. Empirical Results 

2.3.1 Descriptive Summary 

Table 2.1 presents summary statistics for the monthly excess return on each ten 

value-weighted portfolios. The first three columns report statistics for the ten size 

portfolios. For the sample period, the value-weighted average return is 0.61% for the 

Small portfolio, while the Big portfolio monthly return is 0.82%. The average return 

difference between the Big and Small portfolio is 0.21% per month. The standard 

deviation of the Small portfolio is 0.68%, whereas the standard deviation of the Big 

portfolio is 0.72%. Moreover, the Beta of the Small portfolio is 1.02, while the Beta of 

the Big portfolio declines to 0.64. These findings indicate that the Small portfolio has 

a higher systematic risk than the Big portfolio. 

The next three columns report the statistics for the ten momentum portfolios. 

As a result, the value-weighted average returns increase from -0.10% to 0.79% per 

month. The average excess return difference between Loser portfolio and Winner 

portfolio is 0.88% per month. The volatility and Beta estimates for the momentum 

portfolio shows a decrement from 1.39% to 0.67% as moving from the Loser to 

Winner. Moreover, the market Beta of the Loser portfolio is 1.35, while the Beta of 
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the Winner portfolio is 0.90, suggesting that the Loser portfolio holds both higher 

unconditional total and systematic than its counterpart of Winner portfolio. 

Furthermore, the Winner portfolio displays a lower standard deviation, implying that 

the Winner portfolio shows a mean-variance dominance or second-order dominance 

over the Loser portfolio. 

 The last three columns report the statistics for the ten book-to-market portfolios. 

As a result, the average excess return of book-to-market portfolios range from 0.02% 

to 0.84%, while the average excess return difference between the Value portfolio and 

the Growth portfolio is 0.82% with the t-statistic of 1.97, implying that the Value 

portfolio on average significantly holds a higher excess return than the Growth 

portfolio in REITs. Comparing to Growth portfolio, the Value portfolio has a higher 

average excess return at a lower standard deviation, implying a mean-variance 

dominance or second-order dominance over the Growth portfolio.  

The results in Table 2.2 Panel A present that unconditional correlations 

between macroeconomic variables are very small, which illustrate macroeconomic 

instruments are not redundant, and the regression estimates of the risk premia will not 

be subject to the problem of multicollinearity. The Panel B shows that unconditional 

correlations between financial market indicators are low, except for the Fama-French 

market portfolio return with CRSP Cap-based portfolio index. In sum, these results 

clearly illustrate the multicollinear is not an issue for the set of financial variables, and 

that the redundant is low.   
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2.3.2 Conditional CAPM Estimation 

In Figure 2.2, we plot a series of the dynamic conditional correlations between 

REITs portfolio and Fama-French market portfolio. Figure 2.2 shows the estimates for 

the dynamic conditional correlation are asymmetric over the sample period, of which 

results in fact are important to asset diversification for financial market participants. It 

also shows that once the US exchange market facing a sharply downward, the 

dynamic conditional correlation is simultaneously increased. These findings support 

the correlation leverage effect between REITs and Fama-French market portfolio, and 

indicate that the REITs and stock markets recently may increase the market integration. 

In order to examine the dynamic tradeoff between the return and risk, we 

implement the GARCH-in-mean methodology by pooling time-series and cross-

sectional effects. As a result, Table 2.3 reports the common slope estimate (θ), the 

conditional alpha (αi), and the p-value of the parameter estimate for each portfolio. 

The last two rows show the Wald test statistics; Wald1 from testing the null joint 

hypothesis for all intercepts in each portfolio, and Wald2 from testing the equality of 

conditional alphas for decile 1 and decile 10 portfolios, such as Small versus Big, 

Value versus Growth, and Winner versus Loser. As a result, the sign and significance 

of all three risk aversion coefficients give similar conclusions. The coefficients 

estimate on Cov(ri,t+1,rm,t+1) is always positive and significant, i.e. θ=0.19 with 

significant p-value zero for the size portfolios, θ=0.12 with the p-value of 0.01 for the 

momentum portfolios, and θ=0.17 with p-value zero for the BM-REITs portfolios. 
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Overall, our results state the portfolio with higher expected return because they have a 

higher risk.  

          Another application of the conditional CAPM addresses that intercepts (αi) are 

jointly different from zero assuming that conditional covariance of risky portfolio with 

the market portfolio has enough predictive power for the expected return. In Table 2.3, 

the Wald1 statistics for the size portfolios and momentum portfolios are respectively, 

4.94 and 3.59 with the corresponding p-value of 0.84 and 0.94, respectively. The 

significantly positive risk aversion coefficients and the insignificant Wald1 statistics 

indicate that the conditional CAPM holds for size portfolios and momentum portfolios, 

but that does not hold for the book-to-market portfolios. Although there is a positive 

and significantly link between expected return and risk on BM-REITs portfolios, the 

Wald1 statistics from testing the joint hypothesis of zero interpret is significant, 19.37 

with p-value 0.02. Overall, the multivariate GARCH-in-mean methodology with DCC 

resurrects the conditional CAPM for equity portfolios with a relatively small cross-

sectional spread. However, the Wald1 test rejects the conditional CAPM for the 

momentum portfolios with a significant large cross-sectional spreads between Value 

and Growth portfolios. 

We also investigate whether the conditional CAPM explains the return spreads 

between Small and Big, Value and Growth, and Winner and Loser. The last row in 

Table 2.3 reports Wald2 statistics from testing the equity of conditional alphas with a 

null hypothesis H0: α1=α10= 0. The first column of Table 2.3 shows the abnormal 
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return on the Small portfolio is α1 = -0.06 per month, whereas the abnormal return on 

the Big portfolio is α10 = 0.09 per month. The Wald2 statistic from testing equality of 

alphas on the Small and Big portfolio is 0.20 with p-value of 0.66, indicating that there 

is no significant risk-adjusted return difference between the Small and Big portfolios. 

In addition to its statistical success, the conditional CAPM exhibits substantial 

economic success as well as the unconditional return spread of 0.21% per month 

between the Small and Big portfolio. The second column provides the conditional 

alphas on the Winner and Loser portfolios: α1 = -0.13% per month and α10= 0.07% per 

month. The Wald2 statistic from testing a null hypothesis H0: α1=α10= 0 is 0.19 with p-

value of 0.66, implying that conditional CAPM explains the risk premia between 

Winner and Loser portfolio is statistically insignificant.  

Overall, the differences in conditional alphas are both economically and 

statistically insignificant, suggesting that the multivariate GARCH-in-mean with DCC 

provide both statistical and economic success in explaining stock market anomalies. 

Although the conditional CAPM is successful in explaining the size and momentum 

premiums, the model fails to explain the returns of book-to-market portfolios in 

spreading between value and growth portfolios. The abnormal return on the value 

portfolio and the Growth portfolio are α1 = 0.47% per month and α10 = -0.90% per 

month, respectively. The Wald2 statistic from testing the equality of alphas on the 

Value portfolio and the Growth portfolio is 12.43 with p-value of zero, which 

indicating significant book-to-market profit. 
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         According to the conditional CAPM, the reward-to-risk ration θ is restricted to 

the same value across all risky assets that is positive and significant. The common 

slope estimate in Table 2.2 provides empirical support for the positive return-risk trade 

off. This article then questions the empirical validity of the conditional CAPM by 

relaxing the slope coefficient on Cov(ri,t+1,rm,t+1) are different across risky assets. We 

then examine the sign and statistical significance of different slope coefficients on 

Cov(ri,t+1,rm,t+1) in the multivariate GARCH-in-mean model with DCC. To determine 

whether it remains a common slope coefficient that corresponds to the average relative 

risk aversion, this article first estimates the portfolio-specific slope coefficient and 

then tests the null joint hypotheses as Wald3, H0: θ1=θ2=∙∙∙=θ10=0 and Wald4, H0: 

θ1=θ10=0. In Table 2.4, the slope coefficient θ1 is the lowest for the Small portfolio in 

size portfolios, whereas the slope coefficient θ10 for the Big portfolio is 0.18 but 

insignificant. In addition, there exists no specific pattern on the slope estimates of the 

book-to-market portfolios. This article also examines the cross-sectional consistency 

of the intertemporal relation that depends on the Wald test by testing the equality of 

slope coefficients. As a result, the Wald3 and Wald4 statistics from testing the joint 

hypothesis are not significantly, supporting the cross-sectional consistency assumption 

of the conditional CAPM. The results for the momentum portfolios show that the 

Winner portfolio has the lowest slope -0.40 with p-value 0.04; while the Loser 

portfolio has a positive slope 0.12 with p-value 0.16. The results Wald3 and Wald4 

tests on the slope coefficients are 18.43 with p-value 0.03 and 6.27 with p-value 0.01, 
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which violate the common restriction of the conditional CAPM for momentum 

portfolios.  

To further examine the empirical validity and sufficiency of the conditional 

CAPM, this article tests whether abnormal returns on each REITs portfolio are jointly 

equal to zero. As shown statistics for the size, and book-to-market are 10.43 and 7.23 

with the corresponding p-value of 0.32 and 0.61, respectively. The insignificantly 

Wald1 statistics evidences the conditional CAPM holds for these size portfolios and 

book-to-market portfolios. However, Table 2.4 shows that the conditional CAPM does 

not hold for the momentum portfolios. The Wald1 and Wald2 statistics from testing the 

joint hypothesis of zero intercept is significant, 17.91 with p-value of 0.04, and 5.51 

with p-value of 0.02, respectively. In conclusion, the pooling GARCH-in-mean model 

with portfolio-specific slope captures the time-series and cross-sectional variations in 

expected returns in all REITs portfolios, except for the momentum portfolios.  

2.3.3 Intertemporal Hedging Demand for Macroeconomic Variable Set 

Financial researchers often choose certain macroeconomic variable as the 

control for shift in the investment opportunity. In this section, this article examines the 

investor’s hedging demand for the risky asset as the investment vehicle to against 

unfavorable shift in the investment opportunity set. An unfavorable shift in the 

opportunity set is defined as a change in consumption of variable X, such that future 

consumption will fall for a given level of future wealth. Merton (1973) shows that the 

risk-averse investor will demand more of an asset with positive and significant 
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tradeoff between the return and volatility or risk. For the REITs investors, it is very 

important to (1) understand the role of investment opportunity set in hedging demands 

based on our parameter estimates, and (2) further investigate how these hedging 

components vary with investment opportunities, and (3) check whether the covariance 

of equity portfolio with them induce additional risk premia. Given the conditional 

covariance, this article estimates the intertemporal relationships with the various 

macroeconomic variables from the following system of Eq.11 and Eq.12, respectively. 

( ) ( ) ( ) ( )
( )

, 1 1 2

3

, , ,, 1 , 1 , 1 +1 , 1 +1
,, 1 1 , 1
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         where Cov(ri,t+1,ΔDEFt+1), Cov(ri,t+1,ΔTERMt+1), Cov(ri,t+1,ΔRRELt+1), 

Cov(ri,t+1,ΔINFt+1), Cov(ri,t+1,ΔOUTt+1), and Cov(ri,t+1,ΔDIVt+1) measure the time-t 

expected conditional covariance  of excess return of REITs portfolio i at time t+1 with 

the change in DEF, TERM, RREL, INF, OUT, and DIV, respectively. 

This article estimates both the time-series and cross-sectional effects by pooling 

GARCH-M model with DCC, and then analyze how excess returns of REITs 

portfolios respond to their conditional covariances with these macroeconomic factors, 

i.e. DEF, TERM, and RREL as Eq.11. In addition, this paper investigates whether 

innovations in fundamental economic factors, i.e. DIV, INF, and OUT, are priced 

under the conditional ICAPM framework as Eq.12. The common slope estimates for 
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the size portfolios, momentum portfolios, and book-to-market portfolios with 

conditional covariantions of macroeconomic variables, respectively. The parameter 

estimates in Panel A of Table 2.5 reports several important results for the size 

portfolios, the slope coefficients on Cov(ri,t+1,ΔTERMt+1) and Cov(ri,t+1,ΔDEFt+1) are 

positive and statistically significant, implying that innovations in term spread and 

default spread are priced in the size portfolios, though the Cov(ri,t+1,ΔRRELt+1) is 

negative but insignificant. Incorporating these three macroeconomic variables does not 

alter the magnitude of and statistical significance in risk aversion estimates, but the 

magnitude and statistical significance of hedging component increased. For example, 

the coefficient on Cov(ri,t+1,ΔRRELt+1) alters to be positive 0.45 with the p-value 0.06.   

 The parameter that estimates the coefficient on Cov(ri,t+1,ΔDIVt+1) is 

significant and positive 0.86 with p-value 0.04, implying the covariance of the size 

portfolios with an unexpected aggregate dividend yield predicts an increase in optimal 

consumption and therefore a favorable shift in the investment opportunity set. As a 

result of the positive correlation of returns of size portfolios with unexpected 

aggregate dividend yield reduces intertemporal hedging demand for portfolio, which 

in equilibrium leads to an increase in the expected excess return on the portfolio. 

Interestingly, the model that incorporating the Cov(ri,t+1,ΔINFt+1), Cov(ri,t+1,ΔOUTt+1), 

and Cov(ri,t+1,ΔDIVt+1) together alter the sign and significant level for size portfolios. 

The coefficients on Cov(ri,t+1,ΔINFt+1) and Cov(ri,t+1,ΔOUTt+1) are -0.04 and -0.08 at 1% 

level significance, respectively, which implying a very strong hedging demand. 
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However, the sign of slope coefficient on Cov(ri,t+1,ΔDIVt+1) does not alter the 

coefficient sign, but it declines to  0.03 at a significant level.  

The parameter estimates in Panel A of Table 2.5 also present the results for the 

momentum portfolios. The coefficient on Cov(ri,t+1,ΔTERMt+1) is positive and 

significant but the coefficient on Cov(ri,t+1,ΔRRELt+1) is negative and significant. 

These results suggest that the term spread shows opposite effect to de-trended short-

term interest rate on the time-varying covariance. Furthermore, In Panel B of Table 

2.5, the slope coefficient on Cov(ri,t+1,ΔINFt+1), Cov(ri,t+1,ΔTERMt+1), and 

Cov(ri,t+1,ΔDIVt+1) are all statistically insignificant, implying that the innovations in 

monthly inflation rate, growth rate of industrial production and aggregate dividend 

yield  are not priced in momentum portfolios. 

The parameters in Panel A of Table 2.5 also provides the results for the book-

to-market portfolios with macroeconomic variables. As a result, the coefficient on 

Cov(ri,t+1,ΔTERMt+1) and Cov(ri,t+1,ΔDEFt+1) are positive and statistically significant, 

implying that the innovation in term spread and default spread are positively priced in 

book-to-market portfolios, while the coefficient on Cov(ri,t+1,ΔRRELt+1) is negative 

and significant, implying an increase in unexpected short-term interest rate predicts an 

unfavorable shift in investment opportunity set. Therefore, the de-trended short term 

interest may provide a hedge against future negative shocks in the return of 

momentum portfolios. However, incorporating these three macroeconomics alter the 

magnitude and significant of estimation. As a shown, the coefficient of 
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Cov(ri,t+1,ΔTERMt+1) in column 4 is 1.61, which is 1.8 time greater than the 0.89 in 

column (1). Moreover, the coefficient on Cov(ri,t+1,ΔRRELt+1) change into positive 

0.88 with p-value 0.00 from -0.30 with p-value 0.00. Overall, this hedging demand 

pattern for momentum portfolios is similar as the size portfolios, but varies in 

significance magnitude. Furthermore, the coefficient on conditional covariance 

between monthly excess return and the output-related innovations are positive and 

significant. Note that the growth rate of industrial production moves positively with 

optimal consumption. Both coefficients on Cov(ri,t+1,ΔOUTt+1) and Cov(ri,t+1,ΔDIVt+1) 

are positive and significant, implying these two favorable shifts in investment are 

priced for the unexpected excess return. Moreover, the incorporation of these three 

variables does not alter the magnitude of estimation. Hence, the positive coefficient 

estimates on the covariance with output–related innovations indicate that an increase 

in portfolio’s covariance with unexpected economic growth predicts a higher excess 

return. The market covariance risk prices, Cov(ri,t+1,rm,t+1),  are negative , but these 

estimates are largely insignificant.  

Our results have so far indicated that innovations in generally play the similar 

pattern among the size portfolios, momentum portfolios, and book-to-market 

portfolios, but share the different magnitude of significances. Remarkably, the de-

trended short-term interest rate and inflation rate yield are risk reward, and play a 

significant role intertemporal hedging demand. Furthermore, it is necessary to make a 

comparison on the sign of coefficients between the REITs and US stocks that would 

be helpful to better understand the role of macroeconomic variables in hedging 
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demands. Table 2.7 summarizes the major findings covariance hedging demands in 

REITs portfolios and the book-to-market stock portfolios that were previously 

discussed in the article of Bali and Engle (2010b). In general, the macroeconomic 

variables, i.e. output growth, dividend yield, de-trended short-term interest rate as well 

as term spread display the similar role in investment shift pattern for both the book-to-

market stock portfolios and REITs portfolios. On the other hand, the positive sign of 

slope coefficient on default spread indicating no effect of hedging demand, though the 

innovation of default spread in the book-to-market stock portfolios plays a role in 

hedging demand.  

2.3.4 Intertemporal Hedging Demand for Financial Indicator Set 

           In this section, this article adds the Fama French benchmark factors as hedging 

demand variables to describe the state of the investment opportunity set, including the 

performance of small stocks relative to big stocks (SMB), the performance of value 

stocks relative to growth stocks (HML), and momentum factor (MOM). Within the 

ICAPM framework, this article estimates the conditional covairances with the Fama 

French benchmark factors to check whether the covariations of REITs portfolios with 

these three factors induce additional risk premia from the following system Eq. 13: 
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        where Cov(ri,t+1,SMBt+1), Cov(ri,t+1,HMLt+1), and Cov(ri,t+1,MOMt+1) measure the 

time-t expected conditional covariance of excess return of REITs portfolio i at time-

(t+1) and the level in SMB, HML, and MOM, respectively. 

         Panel A of Table 2.6 provides a strong evidence for the link between REITs 

excess return and their conditional covariance with the Fama French three benchmark 

factors, including SMB, HML, and MOM. The conditional covariances of REITs 

portfolios’ excess return with the SMB and HML are both estimated positively and 

statistically significant, implying that the level innovations are priced in the REITs 

market. In other words, the increase in the covariance of REITs with SMB and/or HML 

factors suggest that the two factors are priced risk factor correlated with innovations in 

investment opportunities, and might lead to an increase in REITs portfolio excess 

return over the next trading day. Another notable point in Table 2.6 is that the 

common slope coefficient on Cov(ri,t+1,MOMt+1) is found to be negative in all return-

risk specifications at different significant level in this model. For example, the 

negative and significant coefficient on Cov(ri,t+1,MOMt+1) in the book-to-market 

portfolios indeed implies the hedging demand for MOM factor. However, the 

significant magnitude and sign on coefficient Cov(ri,t+1,MOMt+1) are all altered. This 

result suggests the ICAPM incorporated with multiple state variables may result in 

different predictable performance to the model with one state variable. As for the 

correlation with other Fama-Fench benchmark factors, the positive estimates on 

Cov(ri,t+1,SMBt+1) in all classes of REITs portfolio suggest that upward in SMB factor 

account for the favorable shift with size premium in the investment opportunity set. 
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This result also indicates the SMB factor in REITs is indeed a priced risk factor that is 

correlated with innovation in investment opportunity set. In all cases, the estimates on 

Cov(ri,t+1,HMLt+1) are positive and strongly significant that suggest the HML factor 

predict future changes the favorable shift  in value premium. Indeed, this finding is 

consistent with early empirical evidence in major stock exchange market (Zhang, 2005; 

Bali and Engle, 2008). In this section, one puzzling result is that the coefficients on 

Cov(ri,t+1,rm,t+1) are negative at significant level across all three classes of REITs 

portfolio. This result is not consistent with previous literature in stock exchange (Bali 

and Engle, 2008).  

Finally the hedging demand for other investment in financial markets is 

investigated in this part. To examine whether REITs market is able to hedge against 

other financial markets, the measures of the conditional covariance of each portfolio 

with three financial markets are built. From the estimates, one can learn how investors 

react to the covariations with financial indicators as follows: 
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where Cov(ri,t+1,ΔCAPt+1), Cov(ri,t+1,ΔHPIt+1), and Cov(ri,t+1,ΔBCLBt+1) 

measure the time-t expected conditional covariance the time (t+1) excess return of 

REITs portfolio i and excess return in CRSP Cap-based portfolio index(CAP), 

S&P/Case-Shiller home price index (HPI), and Barclay Capital long-term 

government/corporate bond index (BCLB), respectively. 
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         In this case, the CRSP Cap-based portfolio index that excludes the REITs is 

introduced as a secondary proxy for the stock market, while S&P/Case-Shiller home 

price index and Barclay Capital long-term government/corporate bond index proxy for 

the tangible real estate investment and bond investment, respectively. As a result, 

Panel B of Table 2.6 reports that the common slope coefficients on the covariance of 

portfolio return with CAP are not statistically significant in all three models. 

Interestingly, this results show that the coefficient on Cov(ri,t+1,ΔHPIt+1) is 1.15 with 

p-value 0.08 for size portfolios, indicating the unexpected return in the real estate 

market predicts a favorable shift in investment opportunity set. Alternatively, the 

negative coefficient on Cov(ri,t+1,ΔHPIt+1) for momentum portfolios is -0.64 at 1% 

significance level, indicating that the tangible real estate return play a significant role 

in the hedging demand. The similar role of HPI is also found in the book-to-market 

portfolios. The negative sign of Cov(ri,t+1,ΔBCLBt+1) in the momentum  portfolios  and 

the book-to-market portfolios may still suggest a latency hedging demand, though the 

slope estimate for the conditional covariance between the excess return of REITs 

portfolio and Barclay Capital long-term government/corporate bond index is 

insignificant in all three classes. Thus, in this setting, which is relevant for both 

institutional and individual investors subject to asset diversification across the 

financial markets with risk management, the impact of correlation risk can be 

economically very important (Buraschi et al., 2009).  
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2.4 Conclusion 

In summary, our studies address several important conclusions. First, this 

article proposes and directly estimates the expected return and risk on conditional 

CAPM using a large cross section of REITs portfolios, i.e. the size, momentum, and 

book-to-market REITs portfolios. By pooling the time-series and cross-section 

together, this article observes the significantly positive relationship between the 

expected return and risk in the REITs market, of which strongly support the rule of 

thumb: the higher the risk, the higher the potential return in REITs portfolio. This 

result provides support for the empirical validity and sufficiency of the conditional 

CAPM with a common slope coefficient. Furthermore, this article relaxes the model to 

different coefficient slope, when investigating the cross-sectional consistency of 

return-risk tradeoff. The results for the size portfolios and the book-to-market 

portfolios show a positive slope coefficient and provide a further support for the 

empirical validity of conditional CAPM with a common slope coefficient. 

Furthermore, the Wald statistics fail to reject the null hypothesis for the size portfolios 

and the book-to-market portfolios, suggesting that the conditional measures of market 

risk have significant predictive power for the time-series and cross-sectional variation 

in expected return on the size portfolios and book-to-market portfolios. However, the 

null hypothesis is rejected for the momentum portfolios. Interestingly, the Winner 

portfolio shows a higher abnormal return at the negative return-risk tradeoff. This 

finding suggests the conditional measures of the market risk may fail to predict the full 

characterization of expected return on the momentum portfolio. For empirical 
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applications, this article enrich the simple model incorporate the effect of time-series 

and cross-section to persistent the conditional coefficients and time-varying 

correlation risks.  

Finally, our study first incorporates the intertemporal and cross-sectional 

implication of the ICAPM model in the U.S. REITs market. This article estimates the 

return-risk tradeoff by accounting for the intertemporal hedging demand identified by 

the conditional covariance of portfolio returns with the innovations in realistic setting 

of macroeconomic variables and financial market indicators. By doing so, the results 

indicate that some of innovations, i.e. default spread, term spread, and CRSP Cap-

based portfolio index, do not play a role in intertemporal hedging demand. However, 

the common slope coefficient on the conditional covariance with the unexpected 

macroeconomic shifts in the inflation rate and de-trended short-term interest rate, and 

financial market indicators and innovations, i.e. Fama-French momentum factor, 

S&P/Case-Shiller home price index, and Barclay Capital long-term 

government/corporate bond index. Therefore, these results conclude that these 

innovations contain systematic risks reward in the market, and can be viewed as 

important proxies for investment opportunity set. An interesting direction for future 

research could systematically study the implication of coefficient risk to the asset 

allocation and diversification.  
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Table 2.1 Summary of Portfolio Returns in REITs Market 
 

The monthly returns of REITs portfolios are in percent form. The Beta is estimate by the static CAPM model with the excess 
return of portfolio that is subject to the market excess return as: 

ri,t+1=αi,+βi (  𝑅𝑚,𝑡+1  ̶  𝑟𝑓,𝑡+1)+εi,t+1. 
B-S denotes the spread of monthly return between the Big portfolio and the Small portfolio; W-L denotes the spread of 
monthly return between the Winner portfolio and the Loser portfolio; V-G denotes the spread of monthly return between the 
Value portfolio and the Growth portfolio.  
 

Size Mean Std.Dev Beta Momentum  Mean Std.Dev Beta Book-to-market Mean Std.Dev Beta 

Small 0.610 0.676 1.022 Loser -0.096 1.385 1.346 Growth 0.021 0.838 0.852 
2 0.462 0.662 0.829 2 0.373 1.055 1.151 2 0.264 0.743 0.883 
3 0.295 0.621 0.750 3 0.269 0.841 0.904 3 0.256 0.722 0.883 
4 0.530 0.648 0.803 4 0.169 0.784 0.915 4 0.322 0.673 0.733 
5 0.324 0.700 0.795 5 0.367 0.684 0.813 5 0.454 0.665 0.821 
6 0.630 0.705 0.821 6 0.495 0.644 0.803 6 0.657 0.771 0.868 
7 0.545 0.729 0.883 7 0.601 0.629 0.840 7 0.613 0.634 0.795 
8 0.610 0.768 0.738 8 0.563 0.580 0.777 8 0.729 0.805 0.901 
9 0.610 1.768 0.714 9 0.740 0.619 0.808 9 0.957 0.608 0.764 

Big 0.824 0.724 0.641 Winner 0.788 0.666 0.896 Value 0.841 0.645 0.824 
B-S 0.214   W-L 0.884   V-G 0.862   

t-statistic 0.651   t-statistic 1.501   t-statistic 1.970   
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Table 2.2 Unconditional Correlation Matrix 
 

The macroeconomic variable set includes the default spread (DEF), the term spread 
(TERM), the relative T-bill rate (RREL), the aggregate dividend yield (DIV), the 
monthly inflation rate (INF), as well as the output growth (OUT). The sample period 
for all macroeconomic variables is over January 1972 - October 2011.The financial 
variable set includes Fama-French market portfolio (Rm), the CRSP Cap-based 
portfolio index (CAP), S&P/Case-Shiller home price index (HPI), Barclay Capital 
long-term government/corporate bond index (BCLB).The sample period for all 
financial variables is over January 1989 - December 2010. 
 
                   Panel A Macroeconomic Variables 

 DIV INF DEF TERM RREL OUT 
DIV 1.000      
INF 0.076 1.000     
DEF -0.040 0.026 1.000    
TERM -0.008 -0.037 0.180 1.000   
RREL 0.003 0.020 -0.347 -0.529 1.000  
OUT 0.054 0.186 -0.054 0.033 0.048 1.000 

                   Panel B Financial Market Indicators 
 Rm CAP HPI BCLB - - 

Rm 1.000      
CAP 0.998 1.000     
HPI 0.064 0.061 1.000    
BCLB 0.136 0.135 0.061 1.000   
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Table 2.3 Pool GARCH-in-mean Estimates with the Common Slope Coefficient 
 

This table reports the estimation of multivariate GARCH-M model with dynamic 
conditional correlations and a common slope coefficient on the conditional covariance 
matrix. The parameters are estimated using the monthly excess returns on the market 
portfolio and the ten size, book-to-market, momentum REITs portfolios for the sample 
period from January 1972 to October 2011. 

𝐸(𝑟𝑡+1) = 𝛼𝑖 + 𝜃 ∙ 𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|𝛺𝑡� + 𝜀𝑡+1 

where θ denotes the common slope on Cov(ri,t+1, rm,t+1) for REITs portfolio. The two 
joint hypothesis are taken for intercepts, as Wald1, H0: α1=α2=∙∙∙=α10=0 and Wald2, 
H0: α1=α10=0 in the size portfolios, the momentum portfolios, and the book-to-market 
portfolios, respectively. 
   Size Portfolio     Momentum Portfolio       Book-to-market Portfolio 
 αi   αi   αi 

Small -0.063  Loser -0.134  Growth -0.899** 
 (0.858)   (0.801)   (0.033) 
2 -0.159  2 0.487  2 -0.331 

 (0.597)   (0.257)   (0.357) 
3 -0.393  3 0.141  3 -0.443 
 (0.198)   (0.694)   (0.213) 
4 -0.278  4 0.032  4 -0.378 

 (0.380)   (0.920)   (0.295) 
5 -0.461  5 0.115  5 -0.149 

 (0.116)   (0.731)   (0.642) 
6 -0.337  6 -0.015  6 0.166 

 (0.255)   (0.967)   (0.643) 
7 -0.197  7 0.356  7 -0.016 

 (0.567)   (0.300)   (0.963) 
8 -0.198  8 0.041  8 0.131 

 (0.530)   (0.901)   (0.732) 
9 -0.035  9 0.073  9 0.148 

 (0.914)   (0.837)   (0.673) 
Big 0.092  Winner 0.074  Value 0.473 

 (0.778)   (0.861)   (0.189) 
𝜃 0.186***  𝜃 0.121**  𝜃 0.174*** 

 (0.000)   (0.012)   (0.000) 
Wald1 4.940  Wald1 3.590  Wald1 19.370** 

 (0.839)   (0.936)   (0.022) 
Wald2 0.200  Wald2 0.190  Wald2 12.430*** 

 (0.342)   (0.463)   (0.001) 
Notes: The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level 
significance. 
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Table 2.4 Pool ICAPM Estimates with Different Slope Coefficients 
 

This table reports the estimation of multivariate GARCH-M model with dynamic 
conditional correlations and portfolio-specific slopes on the conditional covariance 
matrix. The parameters are estimated using the monthly excess returns on the market 
portfolio and the ten size, book-to-market, momentum REITs portfolios for the sample 
period from January 1972 to October 2011. 

𝐸(𝑟𝑡+1) = 𝛼𝑖 + 𝜃𝑖𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1|𝛺𝑡� + 𝜀𝑡+1 
where θi denotes the different slopes on Cov(ri,t+1, rm,t+1) for REITs portfolio i. Two 
joint hypotheses are taken for intercepts as Wald1, H0: α1=α2=···=α10=0, and Wald2, 
H0: α1=α10=0. Two joint hypotheses are taken for slope coefficient as Wald3, H0: 
θ1=θ2=···=θ10=0, and Wald4, H0: θ1=θ10=0 in the size portfolios, the momentum 
portfolios, and the book-to-market portfolios, respectively. 
 

Size Portfolio  Momentum Portfolio  Book-to-market Portfolio 

 αi θi   αi θi   αi θi 
Small 0.066 0.022  Loser -0.065 0.120  Growth -1.051 0.197 

 (0.194) (0.884)   (0.933) (0.158)   (0.293) (0.193) 
2 -0.023 0.161  2 0.351 0.138  2 -0.378 0.181 

 (0.978) (0.328)   (0.652) (0.216)   (0.623) (0.186) 
3 -1.037 0.321*  3 -0.169 0.179  3 -1.068 0.292* 

 (0.206) (0.053)   (0.833) (0.198)   (0.268) (0.098) 
4 -0.457 0.227  4 -1.325* 0.385***  4 -0.252 0.161 

 (0.536) (0.114)   (0.083) (0.005)   (0.804) (0.392) 
5 -0.530 0.201  5 -0.209 0.187  5 -0.448 0.237* 

 (0.429) (0.149)   (0.795) (0.222)   (0.465) (0.052) 
6 -1.081* 0.350**  6 -0.978 0.303  6 0.862 0.043 

 (0.064) (0.003)   (0.431) (0.181)   (0.234) (0.734) 
7 -0.825 0.305**  7 1.643** -0.130  7 0.315 0.105 

 (0.306) (0.034)   (0.042) (0.404)   (0.751) (0.568) 
8 0.517 0.037  8 1.257 -0.125  8 -0.390 0.266 

 (0.421) (0.773)   (0.159) (0.482)   (0.696) (0.111) 
9 0.822 0.109  9 1.416 -0.134  9 -0.182 0.244 

 (0.230) (0.943)   (0.159) (0.463)   (0.866) (0.231) 
Big 0.128 0.180  Winner 3.273*** -0.401**  Value 1.393 0.015 

 (0.846) (0.142)   (0.006) (0.035)   (0.119) (0.927) 
Wald1 10.430   Wald1 17.910**   Wald1 7.230  

 (0.317)    (0.036)    (0.613)  Wald2 0.800   Wald2 5.510**   Wald2 3.330*  
 (0.372)    (0.019)    (0.068)  Wald3  8.440  Wald3  18.430**  Wald3  3.280 

  (0.490)    (0.031)    (0.952) 
Wald4  1.100  Wald4  6.270**  Wald4  0.660 

  (0.295)    (0.012)    (0.416) 
Notes: The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level 
significance. 
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Table 2.5 Pool ICAPM Estimates with Macroeconomic variables 
 

This table reports the estimation of conditional ICAPM with intertermporal hedging demand based on the dynamic conditional 
correlation with a common slope coefficient on the conditional covariance matrix. The parameters are estimated using the 
monthly excess returns on the market portfolio and the ten size, momentum, and book-to-market REITs portfolios for the 
sample period from January 1972 to October 2011. 

𝐸�𝑟𝑖,𝑡+1� = 𝛼𝑖 + 𝜃𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1� + 𝜆1𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐷𝐸𝐹𝑡+1� + 𝜆2𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑇𝐸𝑅𝑀𝑡+1� + 𝜆3𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑅𝑅𝐸𝐿𝑡+1� + 𝜀𝑡+1 

𝐸�𝑟𝑖,𝑡+1� = 𝛼𝑖 + 𝜃𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1� + 𝜆1𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐼𝑁𝐹𝑡+1� + 𝜆2𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝑂𝑈𝑇𝑡+1� + 𝜆3𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐷𝐼𝑉𝑡+1� + 𝜀𝑡+1 

The coefficient on Cov(ri,t+1,rm,t+1) measures the time-t expected conditional covariance between excess returns of REITs 
portfolio i (ri,t+1) and the excess return of Fama French market portfolio(rm,t+1). Here, the common slope coefficient on 
Cov(ri,t+1,ΔTERMt+1), Cov(ri,t+1,ΔDEFt+1), Cov(ri,t+1,ΔRRELt+1), Cov(ri,t+1,ΔINFt+1), Cov(ri,t+1,ΔOUTt+1), and 
Cov(ri,t+1,ΔDIVt+1) measure the time-t expected conditional covariance between the excess return of REITs portfolio i  and the 
change in the term spread (ΔTERM), the change in the default spread (ΔDEF), the change in the de-trended short-term interest 
rate (ΔRREL), the change in the monthly inflation rate (ΔINF), the change in the output growth (ΔOUT), and the change in the 
aggregate dividend yield (ΔDIV), respectively. 
 
Panel A: Controlling for conditional Covariation of REITs Portfolio Returns with DEF, TERM, and RREL 

 Size Portfolio  Momentum Portfolio  Book-to-market Portfolio 
 (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Cov(ri,t+1,rm,t+1) 0.001 0.008 0.002 0.008  -0.012 -0.010 -0.014 -0.007  0.007 0.013 0.001 0.026** 
 (0.935) (0.488) (0.876) (0.474)  (0.246) (0.335) (0.157) (0.473)  (0.512) (0.215) (0.901) (0.012) 

Cov(ri,t+1,ΔTERMt+1) 0.339**   0.654***  0.439***   0.642***  0.892***   1.614*** 
 (0.014)   (0.007)  (0.002)   (0.006)  (0.000)   (0.000) 

Cov(ri,t+1,ΔDEFt+1)  0.855**  1.001**   0.667  0.647   2.208***  1.998*** 
  (0.035)  (0.049)   (0.121)  (0.159)   (0.000)  (0.000) 

Cov(ri,t+1,ΔRRELt+1)   -0.188 0.452*    -0.286** 0.249    -0.301*** 0.882*** 
   (0.876) (0.056)    (0.018) (0.229)    (0.003) (0.000) 
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Panel B: Controlling for conditional Covariation of REITs Portfolio Returns with INF, OUT, and DIV 

 Size Portfolio  Momentum Portfolio  Book-to-market Portfolio 
 (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Cov(ri,t+1,rm,t+1) 0.005 0.004 0.008 -0.002  -0.014 -0.014 -0.011 -0.03  0.003 -0.002 0.013 0.002 
 (0.654

 
(0.750

) 
(0.4875

 
(0.805)  (0.157

 
(0.168

) 
(0.335

 
(0.766

 
 (0.772

) 
(0.852

) 
(0.215

 
(0.888

 Cov(ri,t+1,ΔINFt+1) -0.015   -
**

 

 -0.017   -0.017  0.003   0.005 
 (0.521

) 
  (0.000)  (0.425

) 
  (0.445

) 
 (0.907
 

  (0.861
) Cov(ri,t+1,ΔOUTt+1

 
 0.019  -

**

 

  0.017  0.001   0.045*  0.050* 
  (0.401

 
 (0.000)   (0.430

 
 (0.657

 
  (0.063

 
 (0.056

 Cov(ri,t+1,ΔDIVt+1)   0.855** 0.030**    0.667 0.016    0.040*

* 
0.047*

*    (0.035) (0.045)    (0.121
) 

(0.409
) 

   (0.041
) 

(0.033
) Notes: The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level significance, respectively. 
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Table 2.6 Pool ICAPM Estimates with Financial Market Indicators 
 

This table reports the estimation of conditional ICAPM with intertermporal hedging demand based on the dynamic conditional 
correlation with a common slope coefficient on the conditional covariance matrix. The parameters are estimated using the 
monthly excess returns on the market portfolio and the ten size, momentum, and book-to-market REITs portfolios for the 
sample period from January 1972 to October 2011. 

𝐸�𝑟𝑖,𝑡+1� = 𝛼𝑖 + 𝜃𝐶𝑜𝑣(𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1) + 𝜆1𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑆𝑀𝐵𝑡+1� + 𝜆2𝐶𝑜𝑣�𝑟𝑖,𝑡+1,𝐻𝑀𝐿𝑡+1� + 𝜆3𝐶𝑜𝑣�𝑟𝑖,𝑡+1,𝑀𝑂𝑀𝑡+1� + 𝜀𝑡+1 

𝐸�𝑟𝑖,𝑡+1� = 𝛼𝑖 + 𝜃𝐶𝑜𝑣�𝑟𝑖,𝑡+1, 𝑟𝑚,𝑡+1� + 𝜆1𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐶𝐴𝑃𝑡+1� + 𝜆2𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐻𝑃𝐼𝑡+1� + 𝜆3𝐶𝑜𝑣�𝑟𝑖,𝑡+1,∆𝐵𝐶𝐿𝐵𝑡+1� + 𝜀𝑡+1 

The coefficient on Cov(ri,t+1,rm,t+1) measures the time-t expected conditional covariance between excess returns of REITs 
portfolio i (ri,t+1) and the excess return of Fama French market portfolio(rm,t+1). Here, Cov(ri,t+1,SMB,t+1), Cov(ri,t+1,HML,t+1), 
and Cov(ri,t+1,MOM,t+1) measure the time-t expected conditional covariance between the excess return of REITs portfolio i and 
the level in the performance of small stocks relative to big stocks (SMBt+1), the level in performance of value stocks relative to 
growth stocks (HMLt+1), and the level in the momentum factor (MOMt+1), respectively. Cov(ri,t+1, ΔCAPt+1), Cov(ri,t+1, 
ΔHPIt+1), and Cov(ri,t+1,ΔBCLBt+1) measure the time-t expected conditional covariance between the excess return of REITs 
portfolio i  and the change in the excess return of CRSP Cap-based portfolio index(ΔCAPt+1), the change in the excess return 
of S&P/Case-Shiller home price index(ΔHPIt+1), the change in the excess return of Barclay Capital long-term 
government/corporate bond index(,ΔBCLBt+1), respectively. 
 
Panel A Controlling for conditional Covariation of REITs Portfolio Returns with SMB, HML, and MOM 

 Size Portfolio  Momentum Portfolio  Book-to-market Portfolio 
 (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Cov(ri,t+1,rm,t+1) -0.023* -0.005 -0.001 -0.009  -0.032*** -
 

-0.018* -
 

 -
 

-0.006 -
 

-
  (0.061) (0.704) (0.954) (0.504)  (0.003) (0.008) (0.085) (0.006)  (0.000) (0.516) (0.019) (0.003) 

Cov(ri,t+1,SMB,t+1) 0.085***   0.075***  0.052**   0.056**  0.178***   0.193*** 
 (0.000)   (0.000)  (0.026)   (0.021)  (0.000)   (0.000) 

Cov(ri,t+1,HML,t+1)  0.089***  0.169***   0.045***  0.079***   0.079***  0.134*** 
  (0.000)  (0.000)   (0.003)  (0.000)   (0.000)  (0.000) 

Cov(ri,t+1,MOM,t+1)   -0.014 0.086***    -0.001 0.043***    -
** 

0.063*** 
   (0.102) (0.000)    (0.910) (0.004)    (0.038) (0.000) 
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Panel B: Controlling for conditional Covariation of REITs Portfolio Returns with CAP, HPI, and BCLB 

 Size Portfolio  Momentum Portfolio  Book-to-market Portfolio 
 (1) (2) (3) (4)  (1) (2) (3) (4)  (1) 

 
(3) (4) 

Cov(ri,t+1,rm,t+1) -0.148 0.039* 0.031 -0.139  0.015 -0.014 -0.014 0.265  0.565 
 

-0.015 -0.151 
 (0.729) (0.058) (0.116) (0.7475)  (0.974) (0.457) (0.430) (0.586)  (0.295) (0.635) (0.486) (0.768) 

Cov(ri,t+1, ΔCAPt+1) 0.186   0.188  -0.027   -0.283  -0.587   0.114 
 (0.679)   (0.679)  (0.954)   (0.575)  (0.292)   (0.829) 

Cov(ri,t+1, ΔHPIt+1)  1.152*  1.256*   -0.638***  -1.764***   -0.668  -1.029 
  (0.078)  (0.069)   (0.009)  (0.005)   (0.294)  (0.144) 

Cov(ri,t+1,ΔBCLBt+1)   0.009 0.015    -0.006 -0.019    -0.005 -0.029 
   (0.780) (0.641)    (0.834) (0.524)    (0.841) (0.243) 

Note: The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level significance, respectively. 
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Table 2.7 Comparison of the Hedging Demand between Book-to-market Stock Portfolios and REITs Portfolios 
 

This table reports the sign and significance of the intertemporal state variables used in this paper. The BM-Stock portfolio 
(book-to-market stock portfolio) refers to the estimation setting of Bali and Engle (2010b), which studies the then book-to-
market portfolios formed with the stocks listed in the U.S. equity stock market over the sample period July, 1926-December, 
2009. The results of size portfolios, momentum portfolios, and book-to-market portfolios in REITs market refer to Table 5 in 
this paper. The parameter λ denotes the common slope coefficient on state variables. 
 

         Stock Market  REITs Market 
 Book-to-market Portfolio   Size Portfolio Momentum Portfolio Book-to-market Portfolio 

Cov(ri,t+1,ΔTERMt+1) λ > 0  λ** > 0 λ*** > 0 λ*** > 0 
Cov(ri,t+1, ΔDEFt+1) λ < 0  λ** > 0 λ > 0 λ*** > 0 
Cov(ri,t+1, ΔRRELt+1) λ < 0  λ < 0 λ* < 0 λ* < 0 
Cov(ri,t+1,ΔINFt+1) λ*** < 0  λ < 0 λ < 0 λ > 0 
Cov(ri,t+1, ΔOUTt+1) λ** > 0  λ > 0 λ > 0 λ* > 0 
Cov(ri,t+1, ΔDIVt+1) λ** > 0  λ** > 0 λ > 0 λ** > 0 
Note:  *, **, and *** represent the 10%, 5% and 1% level significance, respectively. 
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Figure 2.1 Correlation Leverage Effect between REITs and Market Portfolio Returns 

 
The monthly returns on the equity REITs index and all REITs index over January 
1972-October 2011 that have been divided into six range bins based on the conditional 
return of REITs Indices that include all REITs index and equity REITs index. 
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Figure 2.2 Mean-Reverting Dynamic Conditional Correlation 
 

This figure preset the time-varying conditional correlation between monthly excess 
REITs portfolio i (ri,t+1) and the market excess portfolio (rm,t+1) over January, 1972-
October, 2011. The market portfolio is measured by the Fama French market portfolio 
(Rm). In addition, the bull and bear periods identified using the framework of secular 
bear stock market. The shaded areas are three major bear stock markets in the U.S. 
exchange market, including January 1972-Jul 1982; December 1999-September 2002; 
and August 2007-recent, while other periods represent the bull market. 
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CHAPTER 3 

AVERAGE VARIANCE, AVERAGE CORRELATION 

AND REITS MARKET RETURN 

3.1 Introduction 

         The trade-off between the return and risk has long been a central topic in asset 

pricing literature. It primarily implies that a risk-averse investor demands a higher risk 

premium to hold wealthy assets, and the expected return must rise when the risk 

increases. The total risk of assets can be decomposed into market and firm-specific 

risks, with the former commonly known as the systematic risk and the latter as the 

idiosyncratic risk. The conventional theory of capital asset pricing model (CAPM) 

posits that only the non-diversifiable systematic risk of an asset is compensated in its 

expected return. Most asset pricing studies, no surprisingly, postulate a positive linear 

relationship between the expected return and risk, which is often modeled by variance-

in-mean (Bali et al, 2005; 2008). Idiosyncratic risk, on the other hand, should be 

irrelevant because it can be diversified away according to the theory of modern 

portfolio investment (Ooi et al., 2009). In other words, any role of idiosyncratic risk is 

completely eliminated through diversification by rational investors, based on the 

presumption of CAPM. Fama and MacBeth (1973) find that idiosyncratic risk does 

not exhibit a significant relationship with the cross-sectional returns of stocks in the 

U.S. major exchange markets.  
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        While it is true that idiosyncratic risk can be eliminated in a well-diversified 

portfolio, Merton (1987) argues that idiosyncratic risk does affect the asset pricing 

under more realistic situations because it is difficult for most investors to invest in 

“market portfolio”, which includes all securities in the exchange markets. The 

effective method of the market portfolio construction remains an open question. 

Moreover, tracking information on all securities is very costly as a matter of 

practicality (Malkiel and Xu, 2003). Several studies by Falkenstein (1996), Barber and 

Oden (2000), and Benartzi and Thaler (2001) give support to market portfolio critics 

and conclude that both individual investors’ portfolios and mutual fund portfolios are 

surprisingly undiversified. Moskowitz and Vissing-Jørgensen (2002) also provide 

evidence that investors hold substantial idiosyncratic risks. The idiosyncratic risk, 

therefore, may matter for investors’ portfolios that lack diversification. These 

undiversified investors have an impact on the market, which might suggest the 

idiosyncratic risk as part of the total risk of market can be priced and also can explain 

the relationship between the return and risk. Additionally, early studies document that 

idiosyncratic risk has increased over the past two decades (Campbell et al., 2001; 

Dennis and Stickland, 2004). These studies indeed imply that idiosyncratic risk is 

increasingly important for investors.  

        Consequently, researchers and investors alike have recently started to pay more 

attention to idiosyncratic risk. Shleifer and Vishny (1997) argue that volatility, 

particularly idiosyncratic risk, will deter arbitrage activities. Campbell et al. (2001) 

use firm-level return data to examine the value-weighted measure of average stock 
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volatility and find that the risk measures do not assess the predictive power for the 

excess return in the market. Goyal and Santa-Clara (2003) contribute to use average 

stock risk to predict the return of the aggregate stock market. They find a positive 

relationship between the equal-weighted average volatility and market returns, but the 

lagged volatility of market returns has a negative predictive power for future returns in 

the market. Bali et al. (2005) and Wei and Zhang (2005) also show that idiosyncratic 

risk cannot forecast stock market returns in an extended sample ending in 2001. 

Opposite views have been expressed regarding the method and data time-series. Fu 

(2009) and Spiegel and Wang (2005) observe that stock portfolios with higher level of 

idiosyncratic risk recorded higher average returns. By extending the analysis of Fama 

and MacBeth (1973), Malkiel and Xu (2003) report contradictory results that 

idiosyncratic volatility is positively related to cross-sectional expected return at the 

firm-level. Ang et al. (2006) examine the impact of idiosyncratic risk on cross-

sectional U.S. stock returns and a negative relation between idiosyncratic risk and 

average returns. Guo and Savickas (2006) and Ang et al. (2009) also report a negative 

relationship in the international stock markets. More recently, Pollet and Wilson (2010) 

use quarterly data from S&P500 big-cap stocks and argue that changes in market-wide 

correlations reveal changes in aggregate risk because correlations are driven by the 

exposure of stocks to the return on the latent aggregate wealth portfolio.  

        Compared with studies focusing on stock markets, the analysis of idiosyncratic 

risk is significantly lagged in the real estate literature regarding how it relates to the 

expected return. There are, nevertheless, several reasons for investors to examine the 
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relationship between the (expected) return and idiosyncratic risk of real estate 

investment trusts (REITs). First, REITs hold assets that are almost exclusively limited 

to tangible real estate that generates a stable income stream across property sectors and 

enjoy a unique tax status compared with common stocks, though REITs behave more 

like small capitalization stocks on average rather than the underlying real estate 1

                                                            
1 REITs are required to have at least 75% of assets in real estate investments. 

 

(Gyourko and Keim, 1992; Chiang and Lee, 2002). REITs that are characterized by 

homogeneous composition of assets do not necessarily show the same influence of 

idiosyncratic risk as appears in common stocks (Kallberg and Liu, 1998). REITs also 

differ in how fast the market information is disseminated and incorporate into the price 

and return (Chaudhry et al., 2004). Second, investors of REITs are possibly individual 

or small institutional investors who are unable to diversify (Pagliari et al., 2003). 

Anderson et al. (2005) observe the declining exposure of REITs to systematic factors 

over time. Ooi et al. (2009) estimate the level of non-systematic return volatility as a 

proxy of firm-specific risk in REITs and report that idiosyncratic risk constitutes 

almost 80 percent of the overall volatility of REITs. Sun and Yung (2009) find that 

REITs idiosyncratic volatility is positively correlated with the expected return. 

Although once it incorporates with other controls, the positive relation loses its 

significance. Therefore, the arbitrageurs who may try to exploit the mispricing of 

REITs are exposed to idiosyncratic risk. Third, the pricing of REITs may be 

particularly large when idiosyncratic risk of REITs is high (Shleifer and Vishny, 1997).  
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         Given the above rationale, this study examines the relationship between the 

REITs return and conditional idiosyncratic risk at the firm-level and investigates the 

role of idiosyncratic risk in predictive power for the REITs return. The historical 

idiosyncratic risk of REITs traded in the United States between 1980 and 2011 is 

tracked in this paper. First, this paper measures the risk of market variance in each 

month by the variance of the equal-weighted daily market returns, and then isolates 

the idiosyncratic risk of REITs by decomposing the market variance into two 

components: the cross-sectional average variance and the cross-sectional average 

correlation. This methodology has recently been used in the stock literature to predict 

stock returns (Pollet and Wilson, 2010), but it is new to the REITs. Second, this paper 

implements OLS regression to evaluate the explanation power of average variance and 

average correlation to REITs market. Next, this paper assesses whether conditional 

average variance and average correlation of individual REITs is significantly related to 

the full distribution of REITs returns by using predictive quantile regressions. Finally, 

to assess the economic significance of the predictive ability of REITs returns, three 

trading strategies conditional to average variance and average correlation are 

constructed based on both historical and predicted returns of REITs market.   

         The results show that the product of average variance and average correlation 

captures almost 91.6% of the time-variance in REITs market variance, implying that 

such decomposition works well empirically. Consistent with some previous studies, 

this paper finds that lagged idiosyncratic risk has no forecasting power for the return 

of REITs. It is possible that the time-variations of market volatility have a various 
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influence on different quantiles of REITs market return distribution. Using predictive 

quantile regressions, average variance and average correlation are found to be crucial 

for understanding the trade-off of risk-return in the REITs market. Both average 

variance and average correlation exhibit significantly negative effects on the left tail of 

subsequent REITs returns, whereas they have significant effect on the right tail. These 

findings suggest that: (1) higher average variance and higher average correlation, as 

risk measures of idiosyncratic risk, are related to larger losses in the future returns to 

the REITs market, and (2) lower average variance and lower average correlation are 

positively related to larger returns by enhancing the gains of diversification. Finally, 

the trading strategy conditions on average variance and/or average correlation can 

generate a better return than the REITs market portfolio, which is complementary to 

the evidence of idiosyncratic risk being priced conditionally. Overall, these results 

imply that average variance and average correlation predict REITs returns when they 

matter most, namely when absolute value of REITs returns are large (negative or 

positive), whereas such relation may be non-existent in mean.  

       This remainder of the paper is organized as follows. The methodology and data 

used in the analysis are described in the next section. Section 2 describes statistics of 

the REITs data and risk measures. Section 3 represents empirical results for OLS 

regressions and predictive quantile regessions. Section 4 presents the results of trading 

strategies.  Finally, Section 5 concludes.   
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3.2 The Methodology and Data 

3.2.1 Decomposition of Market variance  

        Pollet and Wilson (2010) study the decomposition of market variance for 

S&P500 stocks in the U.S. major exchange markets and find the approximation of 

market variance by average correlation and average variance works remarkably well. 

According to this literature, the set of risk measures depends on the decomposition of 

REITs market variance into the cross-sectional components of average variance and 

average correlation, as follows: 

𝑅𝑀𝑉𝑡 = 𝛼0 + 𝛼1𝑅𝐴𝑉𝑡 + 𝛼2𝑅𝐴𝐶𝑡 + 𝑢𝑡                                     (1) 

          where 𝑅𝑀𝑉𝑡+1 is the conditional variance of the returns of the equally weighted 

REITs market index at time t,  𝑅𝐴𝑉𝑡  is the equally weighted cross-sectional average 

of the variance of all REITs listed in the U.S. major exchange markets at time t, and 

𝑅𝐴𝐶𝑡 is the equally weighted cross-sectional average of the pairwise correlation of all 

RETIs listed in the U.S. major exchange markets at time t.  

        The validity of the decomposition can also be estimated by the following 

regression: 

𝑅𝑀𝑉𝑡 = 𝛿0 + 𝛿1(𝑅𝐴𝑉𝑡 × 𝑅𝐴𝐶𝑡) + 𝑢𝑡                                       (2) 

        where  𝐸𝑡(𝑢𝑡|𝑅𝐴𝑉𝑡 × 𝑅𝐴𝐶𝑡) = 0.  
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        The coefficient 𝛿1  may not be equal to one because REITs listed in the U.S. 

major exchange markets do not share the exact same variance and there may also be 

some measure errors. 

        The average variance (𝑅𝐴𝑉𝑡) is estimated as follows: 

𝑅𝐴𝑉𝑡 = 1
𝑁𝑡
∑ 𝜎𝑖,𝑡2
𝑁𝑡
𝑖=1                                                                (3) 

           𝜎𝑖,𝑡2 = 1
𝐷𝑡−1

∑ �𝑟𝑖,𝑑 −
1
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2𝐷𝑡
𝑑=1                                          (4)   

      where i and j (𝑗 > 𝑖)index the individual REITs, 𝐷𝑡 index the trading day at time t, 

and 𝜎𝑖,𝑡2  is the variance of individual REITs i at time t. 

          The average correlation (𝑅𝐴𝐶𝑡) is estimated as follows: 
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       where 𝜎𝑖𝑗,𝑡 is the covariance between individual REITs i and j at time t; and  �̅�𝑖𝑗,𝑡 

is the Pearson correlation between individual REITs i and j at time t. 

       Since the Pearson correlation �̅�𝑖𝑗,𝑡 is bounded by [-1, 1], this study transforms it 

into the form of Fisher correlation  𝜌�𝑖𝑗,𝑡  , as Eq.8. The transformed function is 
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continuous and monotonic, and there is also a one-to-one relationship between the 

Pearson correlation and Fisher-transformed correlation.  

3.2.2 The Predictive Regression Model 

          Next, the empirical analysis is taken for market variance, average correlation, 

average variance and the REITs market returns. The predictive regressions provide a 

way assessing the intertemporal risk-return trade-off in REITs market as follows: 

          𝑟𝑡+1 = 𝛽0 + 𝛽1𝑅𝑀𝑉𝑡 + 𝜀𝑡+1                                                  (9) 

𝑟𝑡+1 = 𝛽0 + 𝛽1𝑅𝐴𝑉𝑡 + 𝛽2𝑅𝐴𝐶𝑡 + 𝜀𝑡+1                                         (10) 

          where 𝑟𝑡+1 is the one-month ahead return of equally weighted REITs market 

portfolio.  

         The simple OLS regression focuses on the effects of the risk measures on the 

conditional mean of future market return. Eq.9 is the general characterization of the 

theoretical prediction model that indicates the linear relationship between REITs 

market variance (RMV) and the future REITs returns. Eq.10 examines the predictive 

power of REITs average variance (RAV) and average correlation (RAC) for the future 

REITs returns.  The estimated coefficients (𝛽1  𝑎𝑛𝑑 𝛽2)  on the conditional risk 

measures reflect the investor’s risk aversion, and hence are assumed to be positive in 

the conventional asset pricing model. Pollet and Wilson (2010) find that the average 

correlation of stocks is positively related to the subsequent stock returns, while the 

aggregate risk can be related to average correlation and average variance. However, 

recent literature also points out the insignificant or even negative relationship between 
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the risk and the return (French et al., 1987; Chan, Karolyi and Stulz, 1992; Brandt and 

Kang, 2004). Pollet and Wilson (2010) also point out average correlation is more 

powerful predictor for the market excess return than that of average variance for the 

U.S. exchange markets. Because the RETIs market is an important section in the U.S. 

exchange markets, it is important to test the null hypotheses for this market as follows: 

         H0
1: The risk measures based on average variance and average correlation are 

positive predictors for the future REITs market returns. 

         H0
2: The average correlation is a more powerful predictor than average variance 

for the future REITs market returns.  

3.2.3 The Quantile Regression Model 

        The simple OLS regression focuses on the effects of the risk measures on the 

conditional mean of one-month ahead RETIs market returns. In view of the economic 

importance of the full distribution for risk management and asset allocation purposes, 

surprisingly little is known about which parts of the return distribution are predictable 

and how they perform (Cenesizoglu and Timmermann, 2008). The quantile estimates 

in fact follow a systematic pattern with large negative values in the left tail and large 

positive values in the right tail. Whereas the estimation of simple OLS fails to be 

significantly different from zero, the quantile estimates might be mostly significant in 

the tails of return distribution. Thus, the average variance and average correlation (or 

market variance) may not be predictor variables of the mean of the return distribution 

but are capable of predicting one or both tails of the return distribution. Moreover, 
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using quantile regression provides an effective way to deal with outliers, which may 

have the larger impact on distributional effects and help improve the understanding of 

the economic sources of return predictability. Additionally, quantile regression is able 

to provide more robust results than OLS predictive regression, even for the middle of 

the distribution. For these reasons, it is of interest in analyzing predictive quantile 

regressions, which are expected to find the conditional effect of average variance and 

average correlation in the tails of the return distribution. Similar results may apply to 

market variance as well.   

         To see this, the specification implies quantiles of the form: 

𝑄𝜃(𝑟𝑡+1|𝑥𝑡) = 𝜇 + 𝜑0�𝑘 + 𝑄𝜃,𝑁� + �𝑘 + 𝑄𝜃,𝑁�𝜑1𝑥𝑡                       (11) 

≡ 𝛼(𝜃) + 𝛽1(𝜃)𝑥𝑡 + 𝜖𝑡+1                                              (12) 

       where 𝜑1 denotes the effect of risk measure 𝑥𝑡, k measures the risk premium, the 

slope coefficient 𝛽1(𝜃) = (𝑘 + 𝑄𝜃,𝑁)𝜑1  and 𝑄𝜃,𝑁  is the θ-quantile of the normal 

distribution which takes on larger (absolute) values further out in the tails and shifts 

sign from negative to positive as θ moves from values below the median to values 

above it. In what follows, the economics theory suggests that k is greater than zero, 

hence if the risk is positively related to the return (𝜑1 > 0), the slope coefficients 

should be expected to be negative in the left tail and positive coefficient above the 

median.  

         The first quantile regression is given by the following expression: 

𝑄𝜃(𝑟𝑡+1|𝑅𝑀𝑉𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝑀𝑉𝑡 + 𝜖𝑡+1                              (13) 
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        The empirical analysis allows separating the effect of average variance and 

average correlation on different quantiles of REITs market return and provides 

economic justification.  

        The second quantile regression is given by the following expression: 

𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝐴𝑉𝑡 + 𝜖𝑡+1                            (14) 

        The third quantile regression is given by the following expression: 

𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡 ,𝑅𝐴𝐶𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝐴𝑉𝑡 + 𝛽2(𝜃)𝑅𝐴𝐶𝑡 + 𝜖𝑡+1        (15) 

         where 𝑄𝜃(𝑟𝑡+1|𝑅𝑀𝑉𝑡)  for 𝜃 ∈ (0,1)  denote the θ-quantile of the one-month 

ahead of REITs market return 𝑟𝑡+1 distribution, where contains information of 𝑅𝐴𝑉𝑡 at 

time t; 𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡) for 𝜃 ∈ (0,1) denote the θ-quantile of the one-month ahead of 

REITs market return 𝑟𝑡+1 distribution, where contains information of 𝑅𝐴𝑉𝑡 at time t; 

𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡 ,𝑅𝐴𝐶𝑡) for 𝜃 ∈ (0,1) denote the θ-quantile of the one-month ahead of 

REITs market return 𝑟𝑡+1 distribution, where contains information of 𝑅𝐴𝑉𝑡 and 𝑅𝐴𝐶𝑡 

at time t; bootstrap t-statistics is generated using 10,000 bootstrap samples in each 

quantile. The pseudo-R2 is computed as in Koenker and Machado (1990).  

3.2.4 The Data 

        The monthly and daily data of REITs price used in this study are obtained from 

CRSP database from January 1980 to December 2012. The sample is comprised of the 

universe of REITs that are publicly traded in the U.S. major exchange markets. The 

monthly (daily) return of REITs is defined as the natural logarithm of the monthly 
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(daily) close price minus the natural logarithm of the monthly (daily) open price. The 

REITs market return is the equally weighted return of all examined individual REITs.  

3.3 Empirical Result 

3.3.1 Descriptive Summary 

        The measures of REITs market includes: monthly equally weighted REITs 

market return; variance of equally weighted daily index of REITs market; average 

variance of REITs market; and average variance of REITs market, as noted in Table 

3.1. Panel A of Table 3.1 presents the descriptive statistics for these measures and 

variables.  As it shows, the REITs market delivers a monthly mean return of 0.010 

with a standard deviation of 0.050. The REITs market displays negative skewness of -

0.458 and kurtosis of 10.260. Turning to the risk measures, the mean market variance 

is 0.014%. The mean average variance is nearly eight times that of market variance at 

0.110%, and the mean average correlation is 0.132. Moreover, both market variance 

and average variance show high positive skewness and massive kurtosis. The average 

correlation also exhibits positive skewness and kurtosis. Figure 3.1 plots the time 

variation of average correlation and average variance together with the cumulative 

REITs return. Remarkably, a market-wide increase in average correlation has affected 

U.S. REITs market over time since the 1990s that might influence investors’ welfare 

by increasing the idiosyncratic risk on REITs return and by lowering the 

diversification benefit. During the recent financial crisis, average variances increased 

to unprecedented high levels together with a sharp deceased in the REITs market 
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returns. These results suggest that the increased idiosyncratic risk could be due to an 

increased degree of efficiency of information in the market for REITs. 

        Panel B of Table 3.1 gives the results of a correlation matrix for these four 

variables. Interestingly, the correlation between REITs market return and the risk 

measures are all negative, but the three risk measures are positively correlated. The 

correlation between average variance and market variance is 0.852, and the correlation 

between average correlation and market variance is 0.483, whereas the correlation 

between average variance and average correlation is lower at 0.228. Furthermore, a 

decomposition analysis of market variance into average variance and average 

correlation would be helpful to capture the different types of risk in more detail. The 

correlation between REITs market return and REITs market variance is -0.164, and it 

is negatively correlated to average variance and average correlation as well. These 

results might indicate a negative risk-return relation in the U.S. REITs market.  

3.3.2 REITs Market Variance Decomposition 

        The parameter estimates for OLS regression of market variance on combination 

of contemporaneous average variance and average correlation is shown in Panel A of 

Table 3.2. Column 1 reports the regression for market variance on average variance 

alone. The R2 of the regression is 72.6%, which delivers a significant slope coefficient 

of 0.256. Column 2 reports the regression for market variance on average correlation 

alone that delivers a significant slope coefficient of 0.153, and R2 is 23.3%. Column 3 

reports the regression for market variance and the product of average correlation and 

average variance, with the R2 raising to 91.6%.  As expected, this result is consistent 
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with the multiplicative nature of the decomposition. It also indicates that market 

variance is almost entirely captured by the product of average variance and average 

correlation. Because of the positive correlation between average variance and average 

correlation, the additional explanatory power provided by average variance and 

average correlation additively is substantial, as shown by the R2 is 81.4%. The 

estimates in Column 4 indicate that the linearization of market variance on average 

correlation and average variance is reasonable to explain most of the variance in 

REITs market variance.   

       The results in Panel B of Table 3.2 show the predictive ability of average variance 

and average correlation on market variance. Column 1 shows that average variance 

alone is a significant predictor of market variance, and R2 of 28.3%. Column 2 shows 

that average correlation, on its own, is also a significant predictor of market variance, 

with an R2 of 19.3%. Column 3 shows that the product of average correlation and 

average variance, which captures the variation in contemporaneous market variance, 

predicts future market variance with an R2 of 38.2%. The additive regression in 

Column 5 shows that if average correlation and average variance are both included in 

the regression, each has a positive and significant coefficient, with an R2 of 38.7%.  

        In all cases in Table 3.2, the coefficients are highly statistically significant and 

positive. In conclusion, the market decomposition into average variance and average 

correlation is able to capture the time variation in market variance.  
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3.3.3 The Predictive Regression for REITs Market Return 

         Panel A of Table 3.3 reports OLS regressions of REITs market return on 

combination of contemporaneous average variance and average correlation. Column 1 

indicates a significant negative relationship between market variance and REITs 

market return. Moreover, Column 2 shows that contemporaneous average correlation 

is significantly negative related to RETIs market return with an R2 of 4.6%. As 

compared to average variance, Column 3 indicates that average correlation yields a 

lower explanatory power than average variance to interpret the REITs market return, 

though the coefficient is significant and negative. The empirical examinations of the 

product of average variance and average correlation (Column 4), as well as the 

combination (Column 5), obtain similar results.  

          Panel B of Table 3.3 reports the intertemporal risk-return tradeoff of the REIITs 

market return by discussing the results of OLS predictive regressions.  In regressing 

the one-month ahead REITs market return on the lagged market variance in Column 1, 

the tables shows a negative relationship between market variance and future REITs 

market return, but it is not statistically significant. Next, this study refines the results 

by examining the predictive regression of one-month ahead of REITs market return on 

the decomposition of market variance into average variance and average correlation. 

This also tests the first null hypothesis (H0
1).  

           The estimates indicate that neither average variance (Column 2) nor average 

correlation (Column 3) is significantly related to subsequent REITs market return, and 

both estimated coefficients show a negative relationship. Note also that the R2 of 
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estimations is low. Interestingly, these three measures of risk thus appear to have little 

ability to predict the center of the return distribution.  

3.3.4 Variations in Quantiles 

         Clearly, their failures to predict the mean return do not imply that neither market 

variance, nor average variance, nor average correlation are not valuable variables for 

investors. It is possible that the time-variations of market volatility have a various 

influence on different quantiles of REITs market return distribution. To further 

investigate these findings, this article next performs a series of quantile regressions on 

conditional risk measures over time. The analysis considers quantiles in the range 

 𝜃 ∈ {0.05, 0.1, 0.2,⋯ , 0.9, 0.95}. The results are shown in Table 3.4, while Figure 3.2 

and Figure 3.3 plot the constant and estimated coefficients β(θ) of predictive quantile 

regressions of the one-month ahead REITs market return on market variance and 

average variance, respectively.  

         Table 3.4 shows that the market variance has asymmetric effects on the return 

distribution. The estimates show that market variance only has a negative correlation 

with the future REITs market return for a few parts of the distribution in the left tail. 

The significant quantiles of negative coefficients are in the left tail: 0.05, 0.1, and 0.2. 

The result shows that an increase in the market variance precedes the lower returns, 

moving the lower quantile further to the left. The results also show the estimates of 

quantile regressions are positive above the 0.6 quantile, and the significant quantiles 

are found in the right tail: 0.9 and 0.95, which suggests an ability to predict surges in 

return in the upper quantiles of the return distribution. Additionally, the results also 
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observe that the constant is significant, which is negative below 0.3 quantile and 

positive above it (also in Figure 3.2).  

         Panel A of Table 3.5 represents the second quantile regressions of REITs market 

return on average variance alone. The regressions in the left tail of the distribution 

indicate that average variance has the forecasting power for subsequent REITs market 

return. Average variance has a strong and significantly negative relation to the REITs 

market return in the left tail quantiles: 0.05, 0.1 and 0.2. The lower the quantile, the 

more negative the value of the estimated coefficient is. On the other hand, it is also 

interesting to note that average variance has a positive and increasing relation to the 

subsequent REITs market return in the right tail of the distribution, above the 0.6 

quantile. Remarkably, the estimated coefficient for quantiles 0.9 and 0.95 are positive 

and significant. The estimated intercept on average variance is consistent with that of 

market variance, and also shows highly significant estimates, being negative below 0.3 

quantile and positive above it (also in Figure 3.3).  

        The results are improved when we move to the quantile regression of REITs 

market returns on average variance and average correlation. As shown in Panel B of 

Table 3.5, average correlation shows a negative relation to REITs market return, 

which is significant in the left tail. The lower the tail, the more negative the value of 

the coefficient on average correlation. The psesudo-R2 reported in Panel A of Table 

3.5 ranges from 0.3% for the 0.5 quantile to 9.1% for the 0.05 quantile, and ranges 

from 0.1% for the 0.5 quantile to 16.9% for the 0.05 quantile in the Panel B. The 
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results suggest that the inclusion of average correlation might increase the explanatory 

power of the predictive quantile regression.  

         Figure 3.3, 3.4 and 3.5 plot the 0.05, 0.10, 0.50, 0.90, and 0.95 predictive 

quantiles that use market variance, average variance, and the combination of average 

variance and average correlation as the predictor, respectively. All three figures show 

a similar pattern in return distribution over time, and tend to be fairly consistent with 

each other. Considerable variation is indeed found in the conditional quantiles. The 

predicted returns tend to be negative in the left tails and become increasingly positive 

as they move away from the median quantile. The variations between the lower and 

upper quantiles are persistent and much wider in the tails than the median. Notably, it 

also provides another way of assessing the link between movements in the quantile to 

the 2007-2009 financial crises. Moreover, the market variance shows the highly 

smooth and persistent retrun distribution in the tails and center of the return 

distribution. Another interesting finding is that the lower tail quantiles decline 

significantly more than the upper quantiles raise when using average variance as a 

predictor. This result suggests the characteristics of asymmetry and substantial 

downside risk in the REITs market. Remarkably, the above results add to the evidence 

that the middle of the distribution is less predictive that the tails based on the risk 

measures. Furthermore, these results provide support for the hypothesis that the 

predictive ability of risk measures is not uniform across all quantiles, and especially 

the predictive ability is stronger in the tails of the distribution as compared to the 

middle of the distribution. While not statistically significant in the right tail of the 
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distribution, the estimates could be economically important: a one-standard deviation 

increase in the estimates of risk measures might forecast the risk premium in the right 

tail of the distribution.   

3.3.5 Higher Moments of the Return Distribution 

          Higher moments such as skewness and kurtosis appear to have important 

implications for the cross-section of REITs returns in the sense that exposure to the 

risk of portfolio earns a risk premium (Harvey et al., 2010). Ang et al. (2006) assert 

that higher moments also have implications for the stock return in the sense that 

exposure to negative skewness or downside risk of a portfolio earns a risk premium. 

Previous literature reveals that the RIETs return exhibits negative skewness and excess 

kurtosis, indicating the potential for rational speculative bubbles (Jirasakuldech et al., 

2008). Therefore, the measure of the shape of the return of REITs market return is 

helpful to capture the robust to outliers. Extending the measure of skewness proposed 

by Bowley (1920) to the conditional case, the conditional skewness can be estimated 

based on the inter-quantile range, as follows: 

𝑆𝐾𝐸𝑊� 𝑡 = (𝑞�0.75,𝑡−𝑞�0.5,𝑡)+(𝑞�0.25,𝑡−𝑞�0.5,𝑡)
𝑞�0.75,𝑡−𝑞�0.25,𝑡

                                   (16) 

          where 𝑞�0.25,𝑡 is the forecast of the first conditional quartile at time t, 𝑞�0.5,𝑡 is the 

forecast of the conditional median at time t, and 𝑞�0.75,𝑡  is the forecast of the third 

conditional quartile at time t. 

         Following Kim and White (2003), the conditional kurtosis estimates differences 

in the distance between the 0.025 quantile and the 0.975 quantile and the distance 
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between the third quartile and the first quartile. The measure of excess kurtosis 

provides a comparison of the shape of a given distribution to that of the normal 

distribution (2.91), as Eq.17: 

𝐾𝑈𝑅𝑇� 𝑡 = 𝑞�0.975,𝑡−𝑞�0.025,𝑡
𝑞�0.75,𝑡−𝑞�0.25,𝑡

− 2.91                                               (17) 

         where 𝑞�0.025,𝑡 is the forecast of the 0.25 conditional quantile at time t, 𝑞�0.25,𝑡is 

the forecast of the first conditional quartile at time t, 𝑞�0.75,𝑡 is the forecast of the third 

conditional quartile at time t, and 𝑞�0.975,𝑡  is the forecast of the 0.975 conditional 

quantile at time t. 

         Figure 3.8 plots the time-series of conditional skewness based on the predictive 

quantiles which use market variance, average variance, and the combination of 

average variance and average correlation as predictors, respectively. In general, the 

figure shows that the return distribution is negatively skewed over time in a way that is 

consistent with the historical time-series, and the stronger negative skewness is found 

during the period of REITs reform. The strongest negative skewness appeared during 

the period of 2008-2010 financial crises. Figure 3.9 plots the conditional excess 

kurtosis and illustrates that kurtosis is persistently positive in calculations based on 

average variance and average correlation. In summary, these plots of the skewness and 

excess kurtosis based on dynamic quantile prediction provide important time-varied 

information to capture changes in the conditional higher moments of the distribution 

of REITs market return.   
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3.3.6 Robustness Check 

         The above findings show that average variance has significant predictive ability 

in both tails of the distribution of REITs market returns. Note also that the estimated 

coefficient on average variance is negative in the left tail, but positive in the right tail.  

Hence, this study looks further into this by analyzing in detail the composition of 

quintile portfolios based on the lagged return of individual REITs: Portfolio 1 is the 

one composed of REITs with lowest lagged returns, and Portfolio 5 is the one 

composed of REITs with highest lagged returns. This setup provides a chance to 

unpack the portfolio results and thus understand better the relationship between risk 

measures and REITs returns in order to answer the following questions: Are the 

relationship between RETIs return and market variance different in the portfolios with 

low and high returns? Are relationships between RETIs return and average variance 

and average correlation different in the portfolios with low and high returns? What is 

the sensitivity of these REITs to market variance? What is the sensitivity of these 

REITs to average variance and average correlation?  

       Table 3.7 reports the relationship returns of REITs portfolios and market variance. 

At first glance, the table shows that coefficients of market variance for different 

portfolio are diverse. Portfolio 1 includes the REITs with the lowest return and shows 

a significant negative relationship with market variance. Portfolio 5 includes the 

REITs with the highest return and shows a significant intertemporal relationship with 

market variance.  Therefore, it is of particular importance to note that the portfolio 

return moves in different directions in response to market variance. Second, Table 3.7 
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shows that the effect of average variance and average correlation remains significantly 

negative in the low return portfolio and positive in the high return portfolio, which is 

consistent with the quantile results.  These investigations justify the use of risk 

measures, including market variance, average variance and average correlation as risk 

measures and demonstrate their predictive ability in the tails of REITs market return is 

robust. 

3.4 The Trading Strategy 

         Finally, this article assesses the economic gains of trading strategies for the 

investment in REITs market, conditioning on average variance and average correlation. 

The REITs market return that was generated by trading strategies are compared to the 

return of equal-weighted market return, which here is considered as benchmark return. 

It is important to point out that the similar trading strategies are implemented by either 

historical returns or predicted quantiles. 

        The first strategy is designed to exploit the negative relationship between current 

average variance and the one-month ahead REITs market return (𝑟𝑡+1) and aims to 

avoid the low market returns following high average variance (RAV) in the left tail. It 

is based on the conditional average variance and is implemented following the rule at 

each time t+1: for the benchmark return that is lower than the return of θ quantile at 

time t, if average variance increased from t-1 to t, then the investor invests in the risk-

free asset, of which payoff is equal to the return of Fama-French risk free asset; 

otherwise the payoff of investor is equal to benchmark return.  
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RAV Strategy=�
If ∆𝑅𝐴𝑉𝑡 > 0  and 𝑟𝑡 < 𝑟𝑡(𝜃), then 𝑃𝑎𝑦𝑜𝑓𝑓 = 𝑟𝑓,𝑡+1
Otherwise, then 𝑃𝑎𝑦𝑜𝑓𝑓 = 𝑟𝑡+1                                      

�       (18) 

          The second strategy is designed to exploit the negative relationship between 

current average correlation (RAC) and one-month ahead REITs market return. 

Particularly, it aims to take advantage of the high REITs market returns that follows 

low average correlation in the right tail. This strategy conditions on average 

correlation and implements the following rule at each time t+1: for the REITs market 

return that are higher than the return of (1-θ)-quantile, if average correlation has 

decreased from time t-1 to t, then double the trade position, thus receive the payoff 

that is twice the benchmark return a time t+1, otherwise the investor obtains the 

benchmark return.  

RAC Strategy= � If ∆𝑅𝐴𝐶𝑡 < 0 and 𝑟𝑡 > 𝑟𝑡(1 − 𝜃), then 𝑃𝑎𝑦𝑜𝑓𝑓 = 2𝑟𝑡+1
Otherwise, then 𝑃𝑎𝑦𝑜𝑓𝑓 = 𝑟𝑡+1                                             

�       (19) 

           The third strategy combined the average variance and average correlation 

strategy (RAV/RAC) and makes decision at each time t+1. Note also that this strategy 

would provide a symmetric outcome for both left and right tails.  

𝑅𝐴𝑉/𝑅𝐴𝐶 Strategy =

⎩
⎪⎪
⎨

⎪⎪
⎧

If ∆𝑅𝐴𝐶𝑡 < 0,∆𝑅𝐴𝑉𝑡 < 0, and 𝑟𝑡 > 𝑚𝑎𝑥{𝑟𝑡(1 − 𝜃), 𝑟𝑡(𝜃)} ,
then 𝑃𝑎𝑦𝑜𝑓𝑓 = 2𝑟𝑡+1 

If ∆𝑅𝐴𝐶𝑡 > 0,∆𝑅𝐴𝑉𝑡 > 0, and 𝑟𝑡 < 𝑚𝑖𝑛{𝑟𝑡(1 − 𝜃), 𝑟𝑡(𝜃)} ,
      then 𝑃𝑎𝑦𝑜𝑓𝑓 = 𝑟𝑓,𝑡+1        

Otherwise,                                                                                         
 then 𝑃𝑎𝑦𝑜𝑓𝑓 = 𝑟𝑡+1    

� (18) 

        Table 3.8 reports empirical results from the three trading strategies. First consider 

the results based on the historical REITs returns which are shown in Panel A. The 
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estimates for the average variance strategy indeed behave largely as expected. This 

strategy performs very well in the left quantile. At the 0.10 quantile, the Sharpe Ratio 

is 0.280 that is higher than that of benchmark trading, and the Sharpe Ratio is 0.282 at 

the 0.20 quantile. In contrast to the left tails, the Sharpe ratio is lower to 0.216, but it is 

still slightly higher than the benchmark trading. The table also shows that the average 

correlation strategy performs well across all quantiles, both the left and right tails. The 

combined average correlation and average variance strategy shows the characteristic 

of symmetry for the left tails and right tails. For example, this strategy that is applied 

to the 0.10 quantile obtains the same result as the 0.90 quantile, then to 0.20 and 0.80 

quantiles and so on. Moreover, the return generated from the combined strategy gains 

higher return than the benchmark return for all quantiles.  

       Very similar results are obtained when using the forecast REITs returns which are 

shown in Panel B of Table 3.8. In contrast to the average variance strategy that 

performs best in the lowest quantile, the average correlation strategy performs well 

across all predictive quantiles. It appears that low average correlation is economically 

beneficial to the REITs returns regardless of the quantile of the return distribution. For 

example, at the 0.1 quantile the share ratio of the average correlation strategy is 0.3022, 

whereas at the 0.9 quantile it is 0.2434 compared to 0.2209 of the benchmark return. 

The REITs return generated by average correlation strategy for each quantile is higher 

than the benchmark return.  

        In short, the results also highlight the negative predictive relationship between 

average variance and average correlation to the subsequent REITs market return. The 
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economic gains, therefore, can be generated by implementing these strategies which 

are based on the conditional average variance and/or average correlation. Note also 

that these findings are consistent with the earlier evidence that the dynamic quantile 

forecasts perform well in the left tail of the return distribution. 

3.5 Conclusion 

        This paper investigates whether the aggregate risk, which based on market 

variance, average variance, and average correlation, could be a source to explain the 

relationship between the risk and return in the U.S. REITs market. The results provide 

an explanation based on the observation that aggregate risk could be a source of 

interdependence among observable performance of REITs in the major exchange 

markets. The results provide an explanation by decomposing the market variance into 

cross-sectional average variance and cross-sectional average correlation of observable 

REITs returns in the major exchange markets, which suggest that aggregate risk could 

be a source of interdependence between average variance and average correlation. 

Actually, an increase in market variance as a whole can be partially interpreted as the 

increase in average variance and/or average correlation between REITs that is trading 

in the major exchange markets. In other words, changes in average variance and 

average correlation between individual REITs would be possible to change the market 

variance to move towards the same direction. Furthermore, this paper demonstrates the 

predictability of average variance and average correlation to future market variance.  
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        This paper also adds to the literature by empirically examining the existence of an 

intertermporal risk-return tradeoff between the REITs return and average variance 

and/or average correlation in a predictive setting. The empirical analysis is based on 

predictive quantile regressions that provide a natural approach of assessing effects of 

three measures of aggregate risk on different quantiles of the return distribution. Based 

on quantile regressions, the aggregate measures show a significant negative effect in 

the lower tails of the distribution of REITs returns, and, on the one hand, a positive 

effect in the upper tails on the other hand. These results imply that to some extent 

REITs return is predictable based on the observation of average variance and average 

correlation. Taking advantage of these findings, this article designs the investment 

trading strategies that condition on average variance and average correlation, and 

shows that the implementation of these strategies, by focusing on the tails of the return 

distribution of REITs returns, would generate a better performance than the 

benchmark return. Not surprisingly, therefore, the results in this paper will give rise to 

further investigation of predictability of the distribution of REITs return in the major 

exchange markets.  



Texas Tech University, Zhongyi Xiao, August 2013 

107 
 

Table 3.1 Descriptive Statistics 
 

The table reports descriptive statistics for the equally weighted monthly return of the 
REITs listed in major exchange market in the U.S. from January 1980 to December 
2011. Average variance is the equally weighted average of the monthly variance of all 
RETIs returns. Average correlation is the equally weighted cross-sectional average of 
the pairwise monthly correlation of REITs returns. Market variance is the variance of 
the REITs equally weighted index estimated that is estimated monthly. AR(1) is the 
first order autocorrelation.  
 

Panel A: Descriptive Statistics 
  Mean Std. Dev Kurtosis Skewness AR(1) 
Market Return 0.010 0.050 10.260 -0.458 0.230 
Market Variance (%) 0.014 0.053 61.356 7.379 0.839 
Average Variance (%) 0.110 0.184 107.700 8.843 0.710 
Average Correlation 0.132 0.167 0.642 1.330 0.932 
Panel B: Correlation Matrix 

 Market 
Return 

Market  
Variance 

 

Average  
Variance (%) 

Average 
Correlation 

 

 Market Return 1.000 
    Market Variance (%) -0.164 1.000 

   Average Variance (%) -0.222 0.852 1.000 
  Average Correlation -0.123 0.483 0.228 1.000 
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Table 3.2 Market Variance Decomposition and Prediction 
 

The table reports the OLS results for regressions on the decomposition of market variance into 
average variance, average correlation, and the product of average variance and average 
correlation. The decomposition for the contemporaneous market variance is presented in the 
Panel A as following: 

𝑅𝑀𝑉𝑡 = 𝛼0 + 𝛼1𝑅𝐴𝑉𝑡 + 𝛼2𝑅𝐴𝐶𝑡 + 𝑢𝑡 
The prediction result for the one-month ahead market variance is presented in the Panel B as 
following: 

𝑅𝑀𝑉𝑡+1 = 𝜑0 + 𝜑1𝑅𝐴𝑉𝑡 + 𝜑2𝑅𝐴𝐶𝑡 + 𝜀𝑡 
Where 𝑅𝑀𝑉𝑡+1  is the one-month ahead market variance, 𝑅𝐴𝑉𝑡  is the contemporaneous 
average variance, 𝑅𝐴𝐶𝑡  is the contemporaneous average variance, and 𝑅𝑀𝑉𝑡  is the 
contemporaneous market variance. Average variance is the equally weighted average of the 
monthly variance of all RETIs returns. Average correlation is the equally weighted cross-
sectional average of the pairwise monthly correlation of REITs returns.  
 
Panel A: Regression for the market variance at time t 

 
(1) (2) (3) (4) 

Constant -0.013*** -0.006*** 0.002 -0.237*** 

 
(0.000) (0.001) (0.155) (0.000) 

Average Variance 0.256*** 
  

0.096*** 

 
(0.000) 

  
(0.000) 

Average Correlation 
 

0.153*** 
 

0.225*** 

  
(0.000) 

 
(0.000) 

Average Variance×Average Correlation 
  

0.564*** 
 

   
(0.000) 

 R2 (%) 72.6 23.3 91.6 81.4 
Panel B: Regression for the market variance at time t+1 

 
(1) (2) (3) (4) 

Constant -0.003 -0.005** 0.006*** -0.014*** 

 
(0.483) (0.019) (0.001) (0.001) 

Average Variance 0.153*** 
  

0.130*** 

 
(0.002) 

  
(0.003) 

Average Correlation 
 

0.142*** 
 

0.107*** 

  
(0.000) 

 
(0.000) 

Average Variance×Average Correlation 
  

0.364*** 
 

   
(0.003) 

 R2 (%) 28.3 19.3 38.2 38.7 
Note: Bootstrap p-values are generated using 10,000 bootstrap samples are reported in the 
parentheses. *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 
1% level.  
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Table 3.3 Predictive Regression for REITs Market Return 
 

The table reports the regression results for contemporaneous REITs return and the 
one-month ahead REITs return. The regression of equally weighted REITs return on 
average variance and average correlation is presented in Panel A as following: 

𝑟𝑡 = 𝛽0 + 𝛽1𝑅𝐴𝑉𝑡 + 𝛽2𝑅𝐴𝐶𝑡 + 𝜀𝑡 
The prediction regression of the one-month ahead REITs return on lagged average 
variance and lagged average correlation is presented in Panel B as following: 

𝑟𝑡+1 = 𝛽0 + 𝛽1𝑅𝐴𝑉𝑡 + 𝛽2𝑅𝐴𝐶𝑡 + 𝜀𝑡+1 
Where 𝑟𝑡 is the contemporaneous REITs return , 𝑟𝑡+1 is the one-month ahead REITs 
return, 𝑅𝐴𝑉𝑡  is the contemporaneous average variance, and  𝑅𝐴𝐶𝑡  is the 
contemporaneous average variance.. The REITs return is equally weighted return of 
RETIs listed in the U.S. major exchange markets. Average variance is the equally 
weighted average of the monthly variance of all RETIs returns. Average correlation is 
the equally weighted cross-sectional average of the pairwise monthly correlation of 
REITs returns. 
 

Panel A: Regression for Market Return at time t 

 
(1) (2) (3) (4) (5) 

Constant 0.012*** 0.017*** 0.015*** 0.013*** 0.019*** 

 
(0.000) (0.000) (0.000) (0.000) (0.000) 

Average Variance  -0.057***   -0.052*** 
  (0.000)   (0.000) 
Average Correlation   -0.037**  -0.024 
   (0.013)  (0.114) 
Average Variance×Average Correlation    -0.111***  
    (0.000)  
Market Variance -0.143***     

 
(0.003)     

R2 (%) 4.6 4.6 1.6 4.1 5.3 
Panel B: Regression for Market Return at time t+1 

 
(1) (2) (3) (4) (5) 

Constant 0.010*** 0.009*** 0.0120*** 0.010*** 0.011*** 

 
(0.000) (0.002) (0.000) (0.000) (0.001) 

Average Variance  0.009   0.012 

 
 (0.155)   (0.373) 

Average Correlation   -0.014  -0.0172 

 
  (0.352)  (0.267) 

Average Variance×Average Correlation    0.011  

 
   (0.685)  

Market Variance -0.016     

 
(0.741)     

R2 (%) 0.5 0.2 0.2 0.4 0.7 
Note: Bootstrap p-values are generated using 10,000 bootstrap samples are reported in the 
parentheses. *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 
1% level.  



Texas Tech University, Zhongyi Xiao, August 2013 

110 
 

Table 3.4 Predictive Quantile analysis of Market Variance  
 

The table reports the regression results for the conditional function: 
𝑄𝜃(𝑟𝑡+1|𝑅𝑀𝑉𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝑀𝑉𝑡 + 𝜖𝑡+1 

where 𝑄𝜃(𝑟𝑡+1|𝑅𝑀𝑉𝑡) is a quantile of one-month ahead REITs return. Market variance is the variance of the REITs equally 
weighted index estimated that is estimated monthly.  
 

 
Quantile 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95 
Constant -0.038*** -0.026*** -0.015*** -0.005* 0.004 0.012*** 0.020*** 0.028*** 0.039*** 0.051*** 0.070*** 

 (0.000) (0.000) (0.000) (0.061) (0.170) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Market Variance -1.389*** -0.721** -0.546** -0.374 -0.188 -0.117 0.127 0.189 0.171 0.734** 0.686* 

 (0.001) (0.033) (0.016) (0.165) (0.487) (0.618) (0.574) (0.432) (0.592) (0.018) (0.055) 
Pseudo-R2 (%) 16.8 11.9 5.3 2.0 0.8 0.4 0.6 1.7 2.7 7.7 13.9 

Note: Bootstrap p-values are generated using 10,000 bootstrap samples are reported in the parentheses. The pseudo-R2 is computed as in 
Koenker and Machado (1990). *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 1% level 
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Table 3.5 Predictive Quantile analysis of REITs Return 
 

The table presents the predictive quantile regression of RETIs return on average variance and average correlation. The first 
predictive quantile regression in Panel A is given: 

𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝐴𝑉𝑡 + 𝜖𝑡+1 
The second predictive quantile regression in Panel B is given: 

𝑄𝜃(𝑟𝑡+1|𝑅𝐴𝑉𝑡 ,𝑅𝐴𝐶𝑡) = 𝛼(𝜃) + 𝛽1(𝜃)𝑅𝐴𝑉𝑡 + 𝛽2(𝜃)𝑅𝐴𝐶𝑡 + 𝜖𝑡+1 
Average variance is the equally weighted average of the monthly variance of all RETIs returns. Average correlation is the 
equally weighted cross-sectional average of the pairwise monthly correlation of REITs returns. 
 

Panel A Predictive Quantile analysis of Average  Variance for  REITs return at time t+1 
Quantile 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95 
Constant -0.032** -0.018*** -0.012*** -0.001 0.006 0.012** 0.019*** 0.026*** 0.039*** 0.051*** 0.057*** 

 (0.020) (0.002) (0.010) (0.950) (0.239) (0.011) (0.000) (0.000) (0.000) (0.000) (0.000) 
Average Variance -0.308** -0.168** -0.072* -0.0731 -0.035 -0.001 0.021 0.039 0.034 0.089** 0.193* 

 (0.030) (0.050) (0.099) (0.206) (0.475) (0.995) (0.631) (0.312) (0.503) (0.043) (0.087) 
Pseudo-R2 (%) 9.1 6.1 2.4 0.9 0.3 0.3 0.4 0.8 2.1 4.0 8.2 

Panel B Predictive Quantile analysis of Average  Variance and Average Correlation for  REITs return at time t+1 
Quantile 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95 
Constant -0.023*** -0.011* -0.008 0.001 0.006 0.010* 0.017*** 0.022*** 0.032*** 0.043*** 0.047*** 

 (0.012) (0.067) (0.133) (0.790) (0.308) (0.052) (0.000) (0.000) (0.000) (0.000) (0.000) 
Average Variance -0.098* -0.132** -0.068 -0.063 -0.025 0.005 0.026 0.034 0.029 0.110 0.225** 

 (0.069) (0.030) (0.221) (0.256) (0.643) (0.919) (0.537) (0.316) (0.574) (0.243) (0.034) 
Average Correlation -0.154** -0.099*** -0.0422 -0.028 -0.009 0.014 0.027 0.035** 0.041 0.0335 0.081* 

 (0.050) (0.001) (0.059) (0.168) (0.724) (0.542) (0.114) (0.036) (0.059) (0.302) (0.098) 
Pseudo-R2 (%) 16.9 11.1 4.2 1.7 0.3 0.1 0.9 2.1 3.2 5.6 9.0 

Note:  Bootstrap p-values are generated using 10,000 bootstrap samples are reported in the parentheses. The pseudo-R2 is computed as in 
Koenker and Machado (1990). *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 1% level.  
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Table 3.6 REITs Portfolio and Market Varianc 
 

The table reports the predictive regression for the return of REITs portfolios based on 
market variance. Portfolio 1 is the one composed of REITs with lowest lagged returns, 
and Portfolio 5 is the one composed of REITs with highest lagged returns. Market 
variance is the variance of the REITs equally weighted index estimated that is 
estimated monthly.  

 
Predictive quintile regression for Market Return at time t+1 
Quintile Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 Portfolio 5 
Constant -0.099*** -0.022*** 0.007*** 0.038*** 0.125*** 

 
(0.000) (0.000) (0.001) (0.000) (0.000) 

Market Variance -0.033*** -0.224*** -0.077* 0.093** 0.569*** 

 
(0.000) (0.000) (0.055) (0.033) (0.000) 

R2 (%) 6.4 6.6 1.0 1.2 13.6 
Note: *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 1% 
level. 
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Table 3.7 REITs Portfolio Return, Average Variance, and Average Correlation 
 

The table reports the predictive regression for the return of REITs portfolios based on 
market variance. Portfolio 1 is the one composed of REITs with lowest lagged returns, 
and Portfolio 5 is the one composed of REITs with highest lagged returns. Average 
variance is the equally weighted average of the monthly variance of RETIs returns in 
the portfolio. Average correlation is the equally weighted cross-sectional average of 
the pairwise monthly correlation of REITs returns in the portfolio. 
 

Panel A: Predictive quintile regression for REITs return at time t+1 
Quintile Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 Portfolio 5 
Constant -0.100*** -0.018*** 0.009*** 0.035*** 0.116*** 

 
(0.000) (0.000) (0.000) (0.000) (0.000) 

Average Variance -0.460*** -0.126*** -0.040** 0.068** 0.105*** 

 
(0.000) (0.000) (0.048) (0.012) (0.000) 

R2 (%) 13.3 8.6 4.8 1.7 9.8 
Panel B: Predictive quintile regression for REITs return at time t+1 
Quintile Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 Portfolio 5 
Constant -0.094*** -0.017*** 0.009*** 0.036*** -0.017*** 

 
(0.000) (0.000) (0.002) (0.000) (0.000) 

Average Variance -0.030*** -0.122 -0.040* 0.073** 0.033*** 

 
(0.000) (0.554) (0.060) (0.010) (0.001) 

Average Correlation -0.059*** -0.122*** -0.001 -0.070 -0.031** 

 
(0.000) (0.000) (0.905) (0.553) (0.036) 

R2 (%) 8.0 8.7 1.0 1.7 4.8 
Note: *Significant at the 10% level. **Significant at the 5% level. ***Significant at the 1% 
level.  
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Table 3.8 The Trading Strategy 
 

The table reports the performance of trading strategies in REITs market that condition on changes of average variance and/or 
average correlation. Panel A implements the trading strategies with the historical return of REITs market, and Panel B 
represents the results with the return of predictive quantiles. The average variance strategy implements the following rule at 
each time t+1:  for the benchmark return that is lower than the return of θ quantile at time t, if average variance increased from 
t-1 to t, then the investor invests in the risk-free asset, of which payoff is equal to the return of Fama-French risk free asset; 
otherwise the payoff of investor is equal to benchmark return. The average correlation strategy implements the following rule 
at each time t+1: for the REITs market return that are higher than the return of (1-θ)-quantile, if average correlation has 
decreased from t-1 to t, then double the trade position, thus receive the payoff that is twice the benchmark return at t+1, 
otherwise the investor obtains the benchmark return. The combined average variance and average correlation strategy makes 
the following decision at each time t+1. Average variance is the equally weighted average of the monthly variance of all 
RETIs returns. Average correlation is the equally weighted cross-sectional average of the pairwise monthly correlation of 
REITs returns.  

Panel A: The trading strategies based on historical return distribution 
  Average Variance 
Quantile Return 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Mean 0.0104 0.0120 0.0117 0.0111 0.0109 0.0108 0.0103 0.010 0.0094 0.0080 
Std. Dev 0.0427 0.0427 0.0414 0.0407 0.0403 0.0398 0.0395 0.0390 0.0381 0.0372 
Sharpe Ratio 0.2132 0.2800 0.2824 0.2727 0.2701 0.2723 0.2604 0.2510 0.2468 0.2160 
  Average Correlation 
Mean 0.0104 0.0167 0.0170 0.0167 0.0167 0.0149 0.0145 0.0141 0.0134 0.0121 
Std.Dev 0.0427 0.0662 0.0643 0.0623 0.0597 0.0578 0.0571 0.0560 0.0552 0.0528 
Sharpe Ratio 0.2132 0.2524 0.2643 0.2677 0.2786 0.2568 0.2543 0.2526 0.2421 0.2294 
  Average Variance and Average Correlation 
Mean 0.0104     0.0181 0.0174 0.0165 0.0160 0.0148 
Std.Dev 0.0427     0.0530 0.0534 0.0531 0.0526 0.0522 
Sharpe Ratio 0.2132     0.3413 0.3261 0.3108 0.3048 0.2837 
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Panel B: The trading strategy based on predicted return 
  Average Variance 
Quantile Return 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Mean 0.0067 0.0078 0.0077 0.0076 0.0073 0.0070 0.0069 0.0059 0.0051 0.0043 
Std. Dev 0.0304 0.0237 0.0232 0.0225 0.0221 0.0212 0.0210 0.0203 0.0199 0.0194 
Sharpe Ratio 0.2209 0.3315 0.3302 0.3384 0.3301 0.3284 0.3324 0.2892 0.2563 0.2195 
  Average Correlation 
Mean 0.0067 0.0120 0.0116 0.0114 0.0112 0.0105 0.0102 0.0096 0.0094 0.0079 
Std.Dev 0.0304 0.0399 0.0385 0.0379 0.0367 0.0361 0.0357 0.0352 0.0348 0.0328 
Sharpe Ratio 0.2209 0.3022 0.3011 0.3022 0.3047 0.2916 0.2874 0.2744 0.2692 0.2434 
  Average Variance and Average Correlation 
Mean 0.0067     0.0072 0.0070 0.0067 0.0063 0.0060 
Std.Dev 0.0304     0.0280 0.0276 0.0272 0.0264 0.0314 
Sharpe Ratio 0.2209     0.2561 0.2549 0.2447 0.2364 0.1898 
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Figure 3.1 REITs Return, Average Variance, and Average Correlation 

 
The figure shows the time series of the cumulative REITs return of the equally 
weighted RETIs in the major exchange market (top), average correlation (middle), and 
average variance (bottom). The sample ranges from January 1980 to December 2011.   
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Figure 3.2 Slope Coefficients of Market Variance from Predictive Quantile 
Regressions 

 
The figure plots the slope coefficients from the quantile model that contains market 
variance as a predictor (black solid line) and the 95% confidence interval based on 
bootstrap standard errors (red dashed line).   
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Figure 3.3 Slope coefficients of Average Variance from Predictive Quantile 

Regressions 
 

The figure plots the slope coefficients from the quantile model that contains average 
variance as a predictor (black solid line) and the 95% confidence interval based on 
bootstrap standard errors (red dashed line).  
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Figure 3.4 Slope coefficients of Average Variance and Average Correlation from 
Predictive Quantile Regressions 

 
The figure plots the slope coefficients from the quantile model that contains average 
variance and average correlation as predictors (black solid line) and the 95% 
confidence interval based on bootstrap standard errors (red dashed line).
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Figure 3.5 Time-series of Quantile Prediction Based on Market Variance 

 
The figure plots the 0.05 (bottom black line), 0.1 (bottom light blue line), 0.5 (middle 
dark red line), 0.9 (top orange line), and 0.95 (top dark blue line) conditional quantiles 
using estimates of the predictive quantile regression with average variance as a 
predictor variable.   
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Figure 3.6 Time-series of Quantile Prediction Based on Average Variance 
 

The figure plots the 0.05 (bottom black line), 0.1 (bottom light blue line), 0.5 (middle 
dark red line), 0.9 (top orange line), and 0.95 (top dark blue line) conditional quantiles 
using estimates of the predictive quantile regression with average variance as a 
predictor variable.   
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Figure 3.7 Time Series of Quantile Prediction Based on Average Variance and 
Average Correlation 

 
The figure plots the 0.05 (bottom black line), 0.1 (bottom light blue line), 0.5 (middle 
dark red line), 0.9 (top orange line), and 0.95 (top dark blue line) conditional quantiles 
using estimates of the predictive quantile regression with average variance and 
average correlation as predictors.   
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Figure 3.8 Conditional Skewness 
 

The figures plot the estimates of conditional skewness based on the predictive 
quantiles that include on market variance (top), average variance (middle), average 
variance and average correlation (bottom) as predictor variables, respectively.  
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Figure 3.9 Conditional Kurtosis 
 
The figures plot the estimates of conditional kurtosis based on the predictive quantile 
regressions that include on market variance (top), average variance (middle), average 
variance and average correlation (bottom) as predictor variables, respectively.  
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