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Abstract
Herding and contrarian behaviours in financial markets have drawn significant attention 
due to their potential to distort prices. In the Real Estate Investment Trusts (REITs) mar-
ket, both behaviours have been observed, though explanations often remain anecdotal. 
This paper provides further insights into herding and contrarianism in US equity REITs by 
analysing their inherent characteristics and the impact of exogenous informational signals. 
Our findings reveal frequent and prolonged contrarian behaviour, contrasted with sporadic 
and brief herding episodes at both the market and sub-sector levels. Our results highlight 
the dual nature of REITs, where return dispersions differ inherently between their stock 
and fixed-income characteristics. Moreover, information spillovers from the stock and debt 
markets, as well as signals from larger REITs, drive distinct investor behaviours. We also 
observe that herding tendencies increase when investors shift capital from the stock mar-
ket and that excess return dispersion intensifies during recessions, reflecting a heightened 
reliance on private information in times of crisis.
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1  Introduction

Herding is widely defined as the behaviour of market participants who mimic the actions of 
others while disregarding their own private information (Bikhchandani and Sharma 2001; 
Demirer and Kutan 2006; Spyrou 2013). In contrast, contrarians trade against prevailing 
market trends or past trades (Avery and Zemsky 1998; Drehmann et al. 2005), a behaviour 
often referred to as anti-herding or reverse herding in the literature. Understanding these 
behaviours is crucial from both regulatory and investment perspectives (Philippas et  al. 
2013), as they can distort prices and intensify market volatility (Park and Sabourian 2011).

This paper focuses on investors’ herd and contrarian behaviours in the equity Real Estate 
Investment Trust (REIT) market. Since their introduction in the 1980s, REITs have grown 
significantly in both size and importance, offering a more liquid way of investing in real 
estate. Publicly traded REITs share similarities with stocks but are influenced by real estate 
factors such as rental income (Boudry et al. 2012; Clayton and MacKinnon 2003; Hoesli 
and Oikarinen 2012). Unique in structure (e.g. 90% pay-out of their income as dividends) 
and characteristics (e.g. small cap and low trading volumes) (Zhou and Anderson 2013), 
REITs are more volatile to exogenous shocks (Anderson et al. 2012) and exhibit a signifi-
cant level of risks (Zhou and Anderson 2012).

Given REITs’ unique characteristics, and their significance in price determination 
in direct real estate (Barkham and Geltner 1995; Seck 1996), scholars have made a few 
attempts to examine herding in REITs (Babalos et al. 2015; Essa and Giouvris 2023; Philip-
pas et al. 2013; Zhou and Anderson 2012). While both herding and contrarianism are evi-
dent in these studies, the explanations for such behaviours are somewhat anecdotal, and 
evidence of contrarianism is often overlooked.

Indeed, the challenge of empirically pinpointing the specific sources for herding behav-
iours has been widely acknowledged (Bikhchandani and Sharma 2001). In finance studies, 
studies have found that investors herd on market fundamentals in certain markets (Galari-
otis et al. 2015). By the same token, REITs investor behaviour may be attributed to price 
changes in underlying fundamentals, such as the stock market and fixed-income sectors.

Theoretically, much discussion on herding is on informational cascades (Banerjee 1992; 
Bikchandani et al. 1992; Hirshleifer and Hong Teoh 2003; Welch 2000), particularly when 
the market is uncertain about asset values (Avery and Zemsky 1998). Investors may herd or 
exhibit contrarianism due to the type of informational signals they receive (Park and Sabou-
rian 2011; Park and Sgroi 2012). Signals from related markets often begin as spillovers but 
can evolve into collective signals driving irrational behaviour (Philippas et al. 2020). In the 
REIT market, where liquidity is influenced by private information (Danielsen and Harrison 
2000), investors are likely to react to such signals.

Against this background, using daily equity REIT price data from the CRSP Ziman REIT 
database for the period January 1980 to December 2021,1 this paper seeks to expand empiri-
cal evidence on herding and contrarianism in REITs while exploring the potential sources 
of these dynamics.

We first adopt the empirical approach in Chang et al. (2000) to examine if return dis-
persion, measured by the cross-sectional absolute deviation of returns (CSAD), decreases 
(increases) non-linearly against the overall market return, indicating investor convergence 
towards (divergence from) the market consensus and thus evidence of herding (contrarian-

1 Which is free of survivorship bias.
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ism). We do so at the whole REITs market level as well as at sub-sector levels. Our results 
show periods of both herding and contrarianism, with contrarianism being the dominant 
behaviour in the overall REITs market and most REITs sectors.

Second, we examine whether herd and contrarian behaviours observed in the existing 
studies are specific to the inherent characteristics of REITs. Empirically, we dissect disper-
sion in REITs returns into two components: one attributable to fundamental stock market 
factors, as documented in Galariotis et al. (2015) using Fama-French and other stock market 
pricing factors; and another attributable to fixed-income asset factors. Our results show that 
investors predominately trade against the market consensus and engage only infrequently 
in herding based on both stock and fixed-income information. Moreover, the findings sug-
gest that REIT investors’ behaviour is jointly influenced by conditions in equity and fixed-
income markets.

The last part of our empirical strategy is motivated by informational signal herding lit-
erature (Avery and Zemsky 1998; Park and Sabourian 2011; Park and Sgroi 2012). Allow-
ing a range of information structures, informational signals may prompt investors to either 
converge with or diverge from the market consensus (Philippas et al. 2020). Empirically, we 
derive such ‘informational signals’ from a range of potential exogenous measures encom-
passing the general stock market, bond markets, and market sentiment, as well as a set of 
measures within the REITs markets. In addition, we include a flight to safety (FTS) measure 
(Baele et  al. 2020; Boudry et  al. 2022). Our results show that these signals intensify or 
dampen the degree of herding and contrarian behaviour in REITs, underscoring the signifi-
cant role of informational signals in shaping investor behaviour.

This paper contributes to the REIT literature in several ways. To our knowledge, it is the 
first study to dissect REITs’ inherent characteristics and examine how these influence invest-
ment behaviours. Complementing previous studies that focus on aggregated return changes, 
we derive signals from other markets and macroeconomic sentiments while accounting for 
REIT return dynamics. We demonstrate that herding and contrarian behaviours tied to stock 
and fixed-income fundamentals are affected differently by such signals. Additionally, we 
provide new insights into intra-REIT dynamics, showing that ‘representative’ REITs play 
a significant role in shaping distinct investor behaviours. By incorporating rolling window 
analysis, we offer additional insights into the time-varying nature of herding and contrarian-
ism, capturing dynamics across different economic states.

Publicly traded REITs play a key role in price determination in direct real estate markets 
(Geltner et al. 2003). Consequently, investor behaviour in REITs can significantly impact 
the broader real estate sector (Philippas et al. 2013). This paper contributes to discussions 
on price discovery, investor sentiment, and the interplay between REITs, stock markets, 
and direct real estate markets. Observed levels of herding and contrarianism also provide 
insights into the transparency of REIT stocks (Ro and Gallimore 2014). By examining 
informational signals, this study introduces a new dimension to the debate on REIT market 
transparency. Additionally, from a portfolio perspective, the findings offer valuable insights 
for market practitioners, as REITs constitute a significant portion of alternative investment 
holdings (Zhou and Anderson 2013).

The rest of this paper proceeds as follows. Relevant literature is reviewed and discussed 
in Section 2. The details of our empirical strategies are explained in Section 3, followed by 
data description in Section 4. We present and interpret our empirical findings in Section 5. 
Finally, Section 6 concludes this paper.
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2  Literature review

2.1  Herding literature and Herding/contrarianism in REITs

Herding and contrarianism can arise from various drivers. Herding can be a rational response 
in markets where acquiring private information is costly. Agents may underweight their 
private signals in the presence of noise, leading to herding behaviours (Vives 1993, 1997). 
This effect is amplified among short-term speculators, who often rely on limited, potentially 
low-quality information sources, resulting in informational inefficiencies (Froot et al. 1992). 
Additionally, market sentiment plays a crucial role in encouraging herding, as shown by 
studies linking it to behavioral biases and social influences (Devenow and Welch 1996; 
Hwang and Salmon 2009; Shiller et al. 1984). Institutional factors such as fund managers’ 
reputational concerns and performance-based compensation structures also contribute to 
herding tendencies (Bikhchandani and Sharma 2001; Graham 1999; Scharfstein and Stein 
1990; Trueman 1994).

Contrarians, by contrast, trade independently from herds. Wei et al. (2015) argue that 
reputation-based herding models predict contrarians to outperform their peers due to inde-
pendent private information. However, overconfidence in private signals, combined with 
underweighting public information, may lead to underperformance (Daniel et  al. 1998). 
Engaging in excessive risk may also drive certain investors to deviate from the herd, such 
contrarians are likely to be prone to agency issues and thus under-perform as well (Wei et al. 
2015). In addition to overconfidence, Gȩbka and Wohar (2013) suggest that a synchronous 
movement of a subset of investors into a subset of assets/markets could lead to increased 
return dispersion across the entire portfolio as the sum of the subsets.

Empirical studies on herding and contrarianism have mostly concentrated on detecting 
the existence of the behaviours with two broad approaches. One focuses on examining herd-
ing activities among certain groups of investors (i.e. institutional investors) using detailed 
records of trading activity (see, for example, Lakonishok et al. 1992). The other, less data-
intensive approach, detects herding by analysing price movements towards the market aver-
age using aggregate market data (see Christie and Huang 1995 and Chang et al. 2000 among 
others).

Studies of herding in REITs often adopt the latter approach. Zhou and Anderson (2013) 
provide evidence of reverse herding (contrarianism) in the overall U.S. equity REITs market 
and in lower quantiles but identify herding in quantiles with significant price movements. 
These findings are consistent when the market is segmented into up and down days. Simi-
larly, Philippas et al. (2013) detect herding behavior in U.S. equity REITs during 2004–2009 
but find evidence of contrarianism in the period from 2009 to 2011. Babalos et al. (2015) 
find no significant herding in the overall equity REITs market but identify both herding 
and reverse herding in specific sub-sectors and under varying market regimes. Comparable 
findings are reported by Akinsomi et al. (2018) in the U.K. REITs market. Lesame et al. 
(2024) reveal that herding in international REITs is mainly driven by herding behaviour in 
developed market REITs. Our first set of hypotheses therefore are:

Hypothesis 1: Herding or contrarianism effects are significant within the entire equity 
REITs asset class.

Hypothesis 2: Herding or contrarianism effects are significant at the sub-sector level.

1 3
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Notably, much of the existing literature focuses on detecting herding behavior, with lim-
ited exploration of the underlying drivers. For instance, Philippas et al. (2013) highlight the 
impact of investor sentiment and macroeconomic shocks on herding but primarily assess 
these variables through their influence on return dispersion rather than directly on herding 
itself. Zhou and Anderson (2013) propose that intentional herding is more likely during 
periods of market turmoil, while in calmer markets, ‘investors will place more emphasis on 
market fundamentals than what the rational asset pricing models suggest’ (Zhou and Ander-
son 2013,  p.  86). However, the specific nature of these ‘fundamentals’ within the REIT 
sector remains unclear. Furthermore, the detection of contrarianism in the REITs market 
is often interpreted as ‘no evidence of herding’ (Akinsomi et al. 2018; Babalos et al. 2015; 
Philippas et  al. 2013; Zhou and Anderson 2013), with limited analysis of the behaviour 
itself. As noted, contrarianism can also contribute to price distortion and market volatility 
and should not be overlooked when investigating investor behavior. Understanding con-
trarianism is crucial, as it plays a significant role in shaping market dynamics alongside 
herding tendencies.

2.2  The inherent characteristics of REITs and exogenous information signals

REITs are widely recognised for their distinctive combination of fixed-income and stock 
characteristics. In the short term, REITs resemble small stocks and bonds in terms of return 
and risk exposure (Hsieh and Peterson 2000). Over the long run, they assemble direct real 
estate assets (Clayton and MacKinnon 2003; Geltner 1998). It is possible that this inherent 
duality creates unique dynamics, where both equity and bond market factors shape investor 
behaviour.

Finance studies have found evidence of herding in small-cap stocks due to limited public 
information availability (Lakonishok et al. 1992; Wylie 2005), while institutional herding 
in corporate bonds is often linked to safety-seeking behaviour during economic uncertainty 
(Cai et  al. 2019). In real estate, some evidence of herding exists in the housing market 
(Ngene et al. 2017), but there is a scarcity of evidence of herding/contrarianism in the com-
mercial sector. Furthermore, in the cryptocurrency market, reverse herding (contrarianism) 
is observed across all sectors, except in cryptocurrencies backed by real estate assets, where 
neither herding or contrarianism is evident (Zhao et al. 2022). In light of the existing litera-
ture, we propose the following hypothesis:

Hypothesis 3: Herding or contrarianism effects are significant in REITs return series due 
to stock market fundamentals and those of fixed-income assets.

Externally, investment behavior is often influenced by signals derived from exogenous 
information flows (Philippas et  al. 2020). Information cascades occur when investors 
observe the outcome of the previous decision-makers, they may follow such decisions and 
ignore their own private judgments (Banerjee 1992; Bikchandani et al. 1992; Welch 2000; 
Hirshleifer and Hong Teoh 2003). Avery and Zemsky (1998) show that informational cas-
cade-induced herding is only possible if the market is uncertain about whether asset value 
has deviated from its initial expected value. This uncertainty, coupled with the ambiguity 
around the average accuracy of traders’ information2, could result in uninformative herd 
behaviour, ultimately causing significant impacts on prices.

2 As argued by Yang (2011), it may be difficult for investors to distinguish between predecessors who made 
decisions based on their own private signals and those who are free riders on the costly signal acquisition.
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Park and Sabourian (2011) and Park and Sgroi (2012) expanded models in Avery and 
Zemsky (1998) by incorporating multiple possible liquidation values for assets and multiple 
possible signals (for example, high, middle and low values and signals). They demonstrate 
that herding behaviour can emerge among traders who believe that extreme outcomes (such 
as significant price rises or falls) are more probable than moderate ones. Contrarily, contrari-
anism can arise among traders who hold the belief that moderate outcomes are more likely. 
The authors categorise these signals as ‘volatility signals’ and ‘hill-shaped signals’3, and the 
experiment in Park and Sgroi (2012) confirms these hypotheses.

REITs research has shown that private information affects the liquidity of the market 
(Danielsen and Harrison 2000), which traditionally suffered from low transparency and 
information asymmetry4. REIT investors may interpret informational signals from seem-
ingly related markets, such as the stock and bond markets. These signals often start as spill-
overs but can evolve into collective signals that drive irrational behaviour (Philippas et al. 
2020).

Such signals may also originate within the REITs market itself. For example, existing 
studies have found that larger firms tend to exhibit return patterns that lead those of smaller 
firms (Lo and MacKinlay 1990; Hou 2007). Lin et al. (2010) demonstrate that overconfi-
dence5 is more evident among large REITs compared to smaller ones. Recent research by 
Feng and Liu (2023) highlights that REITs focused on property rentals are less likely to take 
risks and more likely to achieve higher operational performance. Furthermore, Gyamfi-
Yeboah et  al. (2012) find that US REITs’ Funds from Operations (FFO) announcements 
convey pricing information. Therefore, REITs investors may derive information from the 
performance of ‘representatives’ (i.e., the largest by market capitalisation, those with the 
greatest direct real estate allocation, or those with the best operational performance relative 
to total assets) and base their investment decisions on these indicators.

Based on the existing theoretical framework (Park and Sabourian 2011; Park and Sgroi 
2012), our models examine if such signals intensify or reduce herding or contrarianism 
behaviours. Our last hypothesis therefore is:

Hypothesis 4: Informational signals from other markets and REITs representatives 
change the intensity of herding or contrarianism behaviours.

3  Methodology

3.1  Basis of the estimated model for herd behaviour

Rational asset pricing models suggest that stock return dispersion increases as market 
returns rise (Christie and Huang 1995). However, the presence of herding or contrarianism 
may cause stock returns to deviate from this expected relationship. Following Chang et al. 
(2000), we employ the cross-sectional absolute standard deviation (CSAD) as a measure to 
quantify return dispersion:

3 Details on the signals are discussed in Section 3.
4 Although the transparency of REITs has notably improved due to the increasing institutional holding 
(Ghosh and Sirmans 2006) and the reduced information asymmetry.

5 As discussed above, overconfidence could result in contrarian behaviour.

1 3



Signal herding and contrarianism in REITs – dissemination of stock vs…

	
CSADt = 1

N

N∑
i=1

|Ri,t − Rm,t|� (1)

Where Ri,t is the observed daily return for REIT i at time t; Rm,t is the equal-weighted 
average of all returns in our sample at time t; and N is the number of REITs included in the 
market portfolio at time t.

Chang et al. (2000) argue that if market participants either herd or trade against the mar-
ket consensus, the relationship between return dispersion and market return may become 
nonlinear. To investigate this, the authors examine the potential nonlinear relationship 
between CSAD and Rm,t as specified in Eq. 2. Under the Capital Asset Pricing Model 
(CAPM), the relationship between CSAD and Rm,t is expected to be linear and increasingly 
positive. This occurs because individual asset returns exhibit greater dispersion in response 
to market movements due to heterogeneity in their market betas, resulting in a positive γ1.6

To test herd/contrarian behaviour, the coefficient γ2 is examined. A significantly negative 
γ2 would indicate reduced dispersion, suggesting that market participants herd and deviate 
from the predictions of the CAPM. In contrast, a significantly positive γ2 would indicate 
contrarian behaviour, where participants actively trade against the market consensus.

	 CSADt = α + γ1|Rm,t| + γ2R2
m,t + εt� (2)

Herding and contrarianism within REIT sub-sectors have been identified in studies such as 
Philippas et al. (2013) and Essa and Giouvris (2023). One possible explanation for herding 
at the sub-sector level is localised herding or style investing within specific sub-sectors, as 
discussed by Gȩbka and Wohar (2013). To explore this further, we apply Eq. 2 at the REIT 
sub-sector level. If localised herding is present, γ2 is expected to be significantly nega-
tive. Conversely, a significantly positive γ2 would indicate contrarian behaviour within the 
sub-sector.

Equation 2 may be prone to issues such as high multicollinearity between the explana-
tory variables Rm,t and R2

m,t, as well as significant serial correlation commonly observed 
in high-frequency time series market data. To address these potential issues, and following 
the approach of Yao et al. (2014), we perform a robustness check by replacing R2

m,t in Eq. 2 
with (Rm,t − R̄m)2 and incorporating a 1-day lag of the dependent variable:

	 CSADt = α + γ1|Rm,t| + γ2(Rm,t − R̄m)2 + γ3CSADt−1 + εt� (3)

Where R̄m is the arithmetic mean of Rm,t and CSADt−1 is the 1-day lag of CSAD. 
Again, a negative/positive and statistically significant γ2 indicates the presence of herding/
contrarianism.

We also incorporate several time-varying approaches to enhance robustness. These 
include a combination of an autoregressive (AR) term with a GARCH model (Ballis and 
Drakos 2020; Tan et al. 2008) and a one-year rolling window analysis (Bouri et al. 2019; 
Clements et al. 2017; Stavroyiannis and Vassilios 2017; Zhao et al. 2022).

Extreme outliers can have a substantial impact on the tail values of a distribution, yet 
such information may be overlooked in OLS models, as least squares estimators focus pri-

6 This is demonstrated in the Appendix.
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marily on the mean as a measure of central tendency (Chiang et al. 2010). To address this 
limitation, and following the methodology of Chiang et al. (2010) and others, we employ 
quantile regression to examine the relationship between CSAD and R2

m,t at the 75th, 50th, 
and 25th quantiles, respectively:

	 CSADτ,t = α + γ1,τ Rm,t + γ2,τ R2
m,t + ετ,t� (4)

Where τ  represents a specific quantile.

3.2  Stock vs fixed-income

REITs exhibit characteristics that combine elements of both stocks and bonds in terms of 
risk exposure (Clayton and MacKinnon 2003; MacGregor et al. 2021), while their income 
streams are directly tied to real estate performance. Following Hsieh and Peterson (2000), 
we decompose these inherent characteristics of REIT returns into stock and fixed-income 
components using Eq. 5. Here, MKTRFt represents the excess return of a value-weighted 
market portfolio comprising NYSE, Amex, and NASDAQ stocks; SMBt and HMLt are 
the size (small minus big) and value-growth (high minus low) factors, respectively; RMWt 
and CMAt are the profitability (robust minus weak) and investment (conservative minus 
aggressive) factors introduced by Fama and French (2015); and MOMt is the momentum 
factor from Carhart (1997). All factor data were sourced from Kenneth French’s data library.

	
Ri,t − RF,t = α + βmkt,iMKTRFt + βsmb,iSMBt + βhml,iHMLt

+βrmw,iRMWt + βcma,iCMAt + βmom,iMOMt + εt
� (5)

To isolate the variations in equity REIT returns that are independent of the stock market 
factors described above, we construct an orthogonalised fixed-income factor (encompass-
ing both real estate and bond-like characteristics). This factor is defined as the sum of the 
intercept, the error terms from Eq. 5, and the risk-free rate RF,t. The portion of the return 
attributed to the stock market is calculated as the sum of the products of risk factors and 
their corresponding sensitivities.7 Dividing REIT returns into these two components allows 
us to compute two separate CSAD series: CSADstock,t and CSADfixed−income,t, using 
Eq. 1, we obtain:

	 CSADstock,t = α + γ1,stock|Rm,t| + γ2,stockR2
m,t + εt� (6)

	 CSADfixed−income,t = α + γ1,fixed−income|Rm,t| + γ2,fixed−incomeR2
m,t + εt� (7)

To determine whether herding or contrarianism is specific to the inherent characteristics 
of REITs, we examine the sign and significance of γ2,stock and γ2,fixed−income. Notably, 
our approach shares similarities with the works of Galariotis et  al. (2015) and Ali et  al. 
(2023), which utilise Fama-French common risk factors to decompose CSAD into compo-

7 In this paper, we treat fixed-income factors as encompassing both direct real estate and bond-like securities. 
Since fixed-income factors are latent and not directly observable, the summation of the products of observed 
risk factors and their associated loadings represents the segment of REIT returns attributable to the stock 
market. The remaining components are interpreted as the fixed-income factor segment.
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nents driven by reactions to fundamental information (spurious herding) and those driven 
by intentional herding. However, we contend that the Fama-French factor model, being an 
asset pricing model, is most appropriately applied at the return level. Applying the model 
directly to CSAD, as in Galariotis et al. (2015) and Ali et al. (2023), appears to lack a strong 
theoretical foundation.8

3.3  Informational signals and Herding

As discussed in Section 2, private information affects the liquidity of REITs market (Dan-
ielsen and Harrison 2000), which has traditionally been characterised by low transparency 
and high information asymmetry. REIT investors are likely to rely on exogenous private 
signals from other markets to inform their decision-making.

In Park and Sabourian (2011); Park and Sgroi (2012); Philippas et  al. (2020), there 
are three possible liquidation values for each asset V1 < V2 < V3 at the end of time t are 
defined, corresponding to the three possible states (low, middle and high). The informa-
tion set is defined as I = Pr(Si|Vj)ij = 1, 2, 3, where Pr(Si|Vj) is the probability that an 
investor receives signal Si given that the true value of the asset is Vj .

When signals are monotonically decreasing, such that Pr(S|V1) > Pr(S|V2) > Pr(S|V3), 
investors receiving low signals shift probability weight towards low asset values and are 
therefore more likely to sell. Conversely, when signals are monotonically increasing, with 
Pr(S|V1) < Pr(S|V2) < Pr(S|V3), investors receiving high signals shift probability 
weight towards high values and are more likely to buy. In the case of a U-shaped sig-
nal distribution, defined by Pr(S|V1) > Pr(S|V2) and Pr(S|V2) < Pr(S|V3), investors 
overweight extreme outcomes by adjusting their private expectations faster than prices, 
generating what Park and Sabourian (2011) describe as ‘volatility signals’; such signals 
are a key condition for herd behaviour. By contrast, a hill-shaped signal distribution, where 
Pr(S|V1) < Pr(S|V2) and Pr(S|V3) < Pr(S|V2), leads investors to place greater weight 
on the middle value as expectations adjust more slowly than prices, encouraging contrarian 
behaviour.

Empirically, private signals are not directly observable. However, we can observe how 
the overall REITs market return responds to price movements and sentiment in other mar-
kets. Following Welch (2000), we use ex-post prices as a proxy for fundamental ex-ante 
information, positing that investors are likely to derive private signals from informational 
sources, including the stock market, bond market, within the REITs market itself, and the 
general market sentiment.

For the stock and bond market measures, we assess REITs returns relative to the daily 
prices of S&P 500, U.S. 3-month T-Bill, U.S. government bonds. As discussed in Section 2, 
investors may also derive insight from ‘representative’ REITs within the market. We define 
the top 33rd percentile of REITs based on market capitalisation9, allocation in real estate 
assets, and FFO relative to total assets (Feng et al. 2022; Feng and Liu 2023) as proxies 
for such ‘representative stocks’ in the REITs market. Furthermore, building on the works 
of Balcilar et al. (2014); Economou et al. (2018), and Huang et al. (2020), we incorporate 
the Chicago Board Options Exchange (CBOE) VIX and the Economic Policy Uncertainty 

8 This argument can be further supported by comparing the R̂2 or empirical fit of factor models when 
regressed against returns versus CSAD.

9 This approach is similar to Zhou and Anderson (2013), who use the largest 30%.
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(EPU) index to derive signals. The CBOE VIX measures the implied volatility based on 
S&P 500 options, capturing investor expectations about future stock market volatility. The 
EPU index serves as a measure of market uncertainty. Both series are used as proxies for 
market sentiment.

The detailed definitions of these informational signals are presented in Appendix A.5. 
In essence, using the stock and bond markets as illustrative examples, informational sig-
nals are identified when prices in these markets fluctuate while REIT market returns are 
either positive or negative. In such cases, despite uncertainty in the stock or bond markets, 
the REIT market shifts probability weight towards either low or high valuation states in 
response to implicit informational signals. Informational signals may also arise when stock 
or bond market indicators suggest an optimistic (pessimistic) outlook, yet the REIT market 
does not incorporate this information and instead records negative (positive) returns. This 
divergence may reflect information asymmetry, leading to delays in the transmission of pub-
licly available information to the REIT market. Alternatively, the presence of unobserved 
private information may induce REIT investors to shift probability weight towards extreme 
outcomes.

Last but not least, we include further measures on market conditions, including flight 
to safety (FTS) and major recession periods. FTS occurs when investors shift capital from 
more risky or more uncertain assets/markets into more secure ones during periods of high 
volatility and uncertainty. Gȩbka and Wohar (2013) assert that excess FTS may lead to con-
trarianism. As REITs are listed stocks, we use measures in Baele et al. (2020) and Boudry 
et al. (2022) to define FTS as a simultaneous occurrence of exceptionally high bond returns 
(rb,t) and low stock returns (rs,t) on a given day:

	 FTSt = I{rb,t > zb} × I{rs,t < zs}� (8)

Where I{·} is the indicator of bivariate regime switching function, zb is the threshold value 
for bond returns and estimated from zb = κ · σb,t, and zb is the threshold value for stock 
returns and estimated from zs = −κ · σs,t. σb,t and σs,t are the past 22-day rolling return 
volatility (t − 1 to t − 22), and κ = 1.5 (Baele et al. 2020; Boudry et al. 2022).

Following Philippas et al. (2013); Cai and Xu (2022); Chong and Phillips (2022), we 
incorporate recession periods identified by the National Bureau of Economic Research 
(NBER) into our models to assess the impact of severe economic shocks on investment 
behaviours. These periods include the high inflation and tight monetary policy of the early 
1980s, the oil price shock and real estate and credit crises of the early 1990s, the bursting 
of the Dot-Com bubble in the early 2000s, the Global Financial Crisis (GFC) between 2007 
and 2009, and the onset of the COVID-19 pandemic.

The GFC is also examined separately, given its origin in the real estate debt crisis. Prior 
research shows that the GFC substantially weakened REIT liquidity (Devos et al. 2014), 
reduced the diversification benefits traditionally associated with REITs (Lu et  al. 2013), 
and resulted in significant underperformance and heightened risk during the crisis period 
(Newell and Peng 2009).

Building on the above, for simplicity, we use γsignal as a composite coefficient associ-
ated with the set of variables X, capturing the indicator days D, on which informational 
signals, FTS episodes, or recession periods are present. In our linear regression analysis, 
we examine the impact of these signals and periods on herding and contrarian behaviours:
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	 CSADt = α + γ1|Rm,t| + γ2R2
m,t + γsignalD

X
signal,tR

2
m,t + εt� (9)

γsignal is compared with γ2 to see if signals or FTS/recession periods amply or dampen 
herding/contrarianism. For instance, in a situation where γ2 is significantly positive (nega-
tive), a significantly positive (negative) γsignal implies that contrarianism (herding) is 
amplified during the days where informational signals or FTS/recession are defined; by the 
same token, a significantly negative (positive) γsignal implies that contrarianism (herding) 
behaviour is dampened by the signals. If γ2 is statistically insignificant, but γsignal is sig-
nificantly positive (negative), the model would suggest that REITs market exhibits contrari-
anism (herding) behaviours as a result of the signals or FTS. An insignificant γsignal implies 
that informational signals or FTS have little impact on the asset pricing model.

4  Data

We utilise the daily data of equity REITs from 02 January 1980 to 31 December 2021, 
sourced from the survivor bias-free CRSP Ziman REITs database. This dataset covers sec-
tors including diversified, healthcare, industrial/office, lodging, residential, retail, self-stor-
age, and others.10 Daily frequency data is employed to analyse REIT investors’ responses 
to informational signals over recent days. Higher-level frequencies, such as monthly or 
quarterly data, would not sufficiently capture such short-term reactions.11

Figure 1 illustrates the market growth of U.S. equity REITs, showing an increase in the 
number of equity REITs from 35 in 1980 to 175 in 2021, alongside market capitalisation 
growth from 0.9 billion to 1.65 trillion. The early 1990s witnessed a ‘REIT boom’, charac-
terised by significant growth in numbers (Clayton and MacKinnon 2003).

Table 1 presents descriptive statistics for daily market returns, CSAD, and the correla-
tion matrix among REIT sectors. The top panel shows that, on average, all REIT sectors 
yield positive daily returns. The mean daily return ranges from a high of 0.000869 for the 
‘Others’ category to a low of 0.000633 for Retail REITs. Among the sectors, the Lodging 
sector exhibits the highest volatility, while the Residential sector demonstrates the lowest 
volatility.

Regarding CSADs, the Lodging sector also shows the greatest return dispersion, indicat-
ing higher variability among individual REIT returns within the sector. In contrast, Self-
storage REITs display greater cross-sectional similarity, suggesting tighter clustering of 
returns. These observations highlight the variability in return dynamics across sectors.

The return correlation matrix, shown in the bottom panel of Table 1, reveals that daily 
returns among all sectors are positively correlated at the 1% significance level. However, the 
‘Others’ category exhibits relatively weaker correlations with all other sectors. Similarly, 
weaker correlations are observed between the Lodging and Self-storage sectors. These varia-
tions in correlations and volatility likely reflect sector-specific exposures to macroeconomic 
factors or differing responses to market-wide events. This variability underscores the impor-
tance of examining how external informational signals influence behavioral tendencies.

10 “Others” include the combined unknown and mortgage sectors.
11 Nevertheless, we applied Eqs. 1 to 7 to monthly data for robustness check, the results are shown in the 
Appendix.
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To derive signals, we utilise daily data on S&P 500 prices, U.S. Treasury bills (T-bills), 
and U.S. Treasury bond prices to represent the general stock and bond markets. As outlined 
in Section 3, we also incorporate the CBOE VIX and EPU indices as proxies for market 
sentiment and uncertainty. Additionally, we use the prices of the top 33rd percentile of 
REITs, ranked by market capitalisation, the proportion of real estate asset allocation in their 
portfolios, and FFO relative to total assets, as ‘representative’ REITs. Other critical periods 
include FTS defined as in Eq. 8 and recession periods defined by the NBER.

5  Empirical results

5.1  Herding and contrarianism

The results of Eqs. 2, 3, 4, and additional robustness checks are summarised in Table 2. 
Consistent with the CAPM specification, the estimated γ1 is positive and statistically sig-
nificant across all models. Except for the rolling window specification, all models produce 
positive and significant γ2 estimates, aligning with previous findings of contrarianism in 
static models (Philippas et al. 2013; Zhou and Anderson 2013). Notably, unlike Zhou and 
Anderson (2013), who report contrarianism primarily in the low-to-middle quantiles of the 
return dispersion distribution, our quantile regression results show positive γ2 estimates 
across all three quantiles. This indicates that contrarian behaviour is more pervasive and not 
confined to specific parts of the distribution.

Fig. 1  U.S. Equity REITs market overview: the figure presents the number and market capitalisation (in 
trillions $) of U.S. equity REITs during 1980-2021, quoted from NAREIT
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To investigate results from the rolling window estimation further, we plot the time-vary-
ing t-statistics of γ2 in the rolling window specification against the 95% critical values 
(illustrated by the two horizontal dashed lines) in Fig. 2. Relatively short periods of herd-
ing are observed in the early 1980s and mid-1990s, and early 2020. Extended and frequent 
periods of contrarianism are evident throughout the time period. Examining the major U.S. 
recession periods highlighted in the graph, investors not only demonstrate contrarian behav-
iour during recessions in the 80s, early 2000s, the GFC in 2007, and the beginning of the 
Covid period, but also exhibit prolonged contrarianism between these recessionary periods. 
The impact of recessionary periods is examined in greater detail later in this section.

Notably, these results differ somewhat from those of Zhou and Anderson (2013), who 
suggest that herding is more likely to occur and becomes stronger in declining markets than 
in rising markets. There are two key points to consider: first, while contrarianism is also 
observed in down markets in Zhou and Anderson (2013), it is interpreted as ‘no evidence of 
herding’. Second, this discrepancy may stem from methodological differences. Specifically, 
Zhou and Anderson (2013) classify up and down markets based on REITs’ overall returns, 
with negative returns defined as declining markets and positive returns as rising markets. In 
contrast, Fig. 2 examines herding and contrarianism within the broader context of NBER-
defined recessions.

As discussed in Section 2, one possible reason for contrarianism is localised herding or 
style investing, as investors move in and out of the sub-sector, the prices of the subset of 
assets increase or decrease, leading to increased CSAD measures across the entire market 
(Gȩbka and Wohar 2013). We repeat Model 2 at the sub-sector level, and the OLS results 
are shown in Panel (a) in Table 3. Consistent with Philippas et  al. (2013) and Essa and 
Giouvris (2023), our results also indicate localised herding in certain REITs sectors such 
as Healthcare and Industrial/Office. However, contrarianism is also observed in Residential 
(marginally significant), Retail, Self-storage, and ‘Others’ sectors.

The rolling window results by REITs sector are presented in Fig. 3. Consistent with the 
aggregate-market evidence shown in Fig. 2, the sector-level results reveal only sporadic 

Table 2  Model robustness check: model specifications consist of OLS estimation of Eq. 2 (OLS), linear 
model with additional autoregressive and heteroskedasticity terms (OLS+AR+GARCH), OLS under rolling 
window context (the average presented), and other model specifications in Eqs. 3 and 4 for the period 1980-
2021 for all U.S. Equity REITs

OLS OLS+AR+GARCH Rolling 
OLS

Yao et al. 
(2014)

Quantile

25% 50% 75%
Daily

γ1 0.2383*** 0.1636*** 0.3055*** 0.0997*** 0.0801*** 0.0893*** 0.2141***

γ2 1.1811*** 0.3123*** 11.11 0.8069*** 2.3831*** 2.7253*** 2.0997***

α 0.0111*** 0.0106*** 0.0108*** 0.0026*** 0.0079*** 0.0104*** 0.0135***

γCSAD,t−1 0.9407*** 0.7345***

ARCH 0.1086***

GARCH 0.8653***

Loglikeihood 45139.05
Adj − R2 28.41% 37.33% 75.90% 5.90% 7.32% 10.91%
T 10592 10592 10592 10592 10592 10592 10592
***p < 0.01, **p < 0.05, *p < 0.1
The t-statistics are computed using Newey-West HAC robust standard errors
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and short-lived episodes of herding, contrasted with more extended, recurrent, and often 
consecutive periods of contrarian behaviour across most REIT sectors. This pattern sug-
gests that, at the sector level, investors more frequently diverge in their responses to large 
market movements rather than converge on a common trading direction. Importantly, the 
timing, duration, and intensity of both herding and contrarianism vary considerably across 
sectors, with little synchronisation in their occurrence. Such heterogeneity implies meaning-
ful behavioural differences across REIT sub-sectors, likely driven by sectoral variations in 
information transparency, asset heterogeneity, tenant composition, and sensitivity to macro-
economic and real estate specific shocks.

The rolling-window results confirm the presence of both herding and contrarian behav-
iour, as posited in Hypotheses 1 and 2, with contrarianism emerging as the dominant phe-
nomenon in the REIT return series.

5.2  Inherent characteristics of REITs and Herding/contrarianism

In Eqs. 6 and 7, we decompose the inherent characteristics of REIT returns into stock and 
fixed-income components and calculate two separate CSAD series. We then apply the base-
line model and the rolling window model to each series. The results are presented in Panels 
(b) and (c) of Table 3 and rolling window results are illustrated in Fig. 412.

12 Rolling window results for each sector are also shown in Appendix Figs. 9, and 10.

Fig. 2  The t-statistics of estimated γ2 from the rolling window estimation: the figure presents the t-sta-
tistics of γ2 in Eq. 2 with Newey-West HAC robust standard errors, estimated from the lagged one-year 
rolling window. The shaded areas represent the NBER U.S. Recession indicator periods. Dates on the 
horizontal axis are the end dates of the rolling windows
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Fig. 3  The t-statistics of γ2 from the rolling window estimation: the figure presents the t-statistics of 
estimated γ2 in Eq. 2 with Newey-West HAC robust standard errors, estimated from the lagged one-year 
rolling window. The shaded areas represent the NBER U.S. Recession indicator periods. Dates on the 
horizontal axis are the end dates of the rolling windows

 

1 3



N. Liu, Y. Zhao

Fig. 4  The t-statistics of γ2 from the rolling window estimation: CSADstock  vs CSADfixed−income: 
the figure presents the t-statistics of estimated γ2 in Eq. 2 with Newey-West HAC robust standard errors, 
estimated from the lagged one-year rolling window. The shaded areas represent the NBER U.S. Recession 
indicator periods. Dates on the horizontal axis are the end dates of the rolling windows
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The OLS results in Table 3 reveal that for the entire REIT sector, γ2 is insignificant in 
the CSADstock specification but significantly positive in the CSADfixed−income speci-
fication, indicating that contrarianism is predominantly associated with the fixed-income 
characteristics of REITs. To further explore these dynamics, we focus our narrative on the 
rolling window results illustrated in Fig. 4.

The rolling window analysis reveals that investors predominantly trade against the mar-
ket consensus, drawing on both stock and fixed-income information. In contrast, evidence 
of herding is relatively limited and episodic. As shown in Panel (a), only a single brief 
episode of statistically significant herding is observed in 1988, indicated by a negative and 
significant γ2 coefficient for the CSADstock series. Similarly, Panel (b) reveals just three 
relatively short-lived herding episodes in the CSADfixed-income series, occurring in 1988, 
2004/2005, and 2020.

Notably, the herding episode in 2004/2005 in the CSADfixed-income series coincides 
with a period of rapid property price appreciation and substantial capital inflows into real 
estate markets, implying that investors increasingly relied on common valuation signals 
and credit-market conditions, thereby reinforcing correlated trading behaviour. By contrast, 
during the subsequent GFC, both the CSADstock and CSADfixed-income series exhibit 
pronounced contrarianism, suggesting that REIT investors actively traded against prevail-
ing market trends in response to heightened uncertainty, liquidity constraints, and divergent 
assessments of asset fundamentals. This behaviour is consistent with investors reassessing 
risk and value in stressed conditions (Ozcelebi and Yoon 2025), rather than mechanically 
following market movements.

Referring back to Hypothesis 3, our results indicate a predominance of contrarian behav-
iour in REIT returns that can be attributed to their hybrid nature, encompassing both equity- 
and bond-like characteristics. However, the timing of contrarian episodes differs markedly 
across the CSADstock and CSADfixed−income series, with periods of contrarianism in 
one market not necessarily coinciding with contrarian behaviour in the other. This lack 
of temporal alignment suggests that REIT investors process and respond to information 
from equity and fixed-income markets in a non-synchronous manner, selectively weighting 
market-specific signals depending on prevailing conditions. These results imply that the 
interaction between asset-specific fundamentals and cross-market information flows plays a 
crucial role in shaping investor behaviour, contributing to the complex, heterogeneous, and 
time-varying dynamics observed in REIT returns (Clayton and MacKinnon 2003).

When exploring sector variances, the estimated coefficients using the OLS specifica-
tion (see Table 3) show that on average, localised herding in the Diversified, Healthcare, 
Industrial/office, Lodging, and ‘Others’ sectors is associated with the stock characteristics of 
REITs, whereas contrarianism in all sectors except Industrial/office, is linked with the fixed-
income characteristics of REITs. Results from the rolling windows estimation13 resemble 
those presented previously, that more frequent periods of contrarian behaviour are observ-
able in all sectors. This pattern persists irrespective of whether return dispersion is measured 
against stock market fundamentals or fixed-income assets.

13 See Appendix A.4.
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5.3  Signals and herding/contrarianism

The results of signals derived from the stock market, bond market, market sentiment, REIT 
‘representatives’, and critical periods are presented in Table 4. Panel (a) provides the OLS 
results using overall CSAD, while Panels (b) and (c) present results for CSADstock and 
CSADfixed−income, respectively. Panel (a) shows that consistent with previous results, 
both γ1 and γ2 are significantly positive. Signals from the stock and bond markets, REITs 
‘representatives’, market sentiment, and recession periods have varying effects on the 
tendency of herding/contrarianism. As above, we focus our narrative on the rolling win-
dow results in Figs. 5–7, which display the t-statistics of the estimated γ2 (solid lines) and 
γsignal (red dotted lines).

In Fig. 5, Panel (a) shows that volatility signals from the general stock market (i.e., S&P 
500) increase herding tendencies during and around most recessionary periods, consistent 
with the theoretical framework. However, during the 1980s and 1990s, when the REIT 
market was relatively immature and characterised by lower liquidity and limited institu-
tional participation, stock market signals instead exhibit an ‘amplifying’ effect on contrarian 
behaviour. This suggests that investors responded heterogeneously to stock market informa-
tion during this earlier phase of market development. This dynamic is also reflected in the 
overall insignificance of γsignal in Table 4, highlighting the nuanced impact of stock market 
signals across different periods.

Examining the results in greater detail, Panel (b), which reports the rolling-window esti-
mates for the CSADstock series, shows prolonged periods of significantly positive γsignal 
coefficients. This pattern indicates that volatility signals originating from the stock mar-
ket encourage investors to place greater weight on private or stock-specific information, 
thereby amplifying dispersion in REIT returns linked to equity market fundamentals. In 
other words, stock market signals tend to strengthen contrarian behaviour within the equity-
driven component of REIT pricing.

In contrast, Panel (c) which presents the corresponding results for the CSADfixed−income 
series, reveals that γ2 and γsignal frequently carry opposing signs. This suggests that stock 
market signals act to dampen the reverse herding (contrarianism) associated with the fixed-
income characteristics of REITs, partially offsetting dispersion that would otherwise arise 
from bond-market-related information. Taken together, these findings imply that stock mar-
ket signals play an asymmetric role across the two dimensions of REIT pricing. Specifically, 
they amplify dispersion and contrarian behaviour when investors focus on equity-like fun-
damentals, while simultaneously mitigating contrarian tendencies linked to fixed-income 
characteristics. This asymmetry helps explain why herding effects identified in earlier stud-
ies may be context-dependent, arising from the interaction between stock market signals 
and the hybrid equity–bond nature of REITs.

Turning to signals derived from the bond market, including T-bills and U.S. government 
bond yields, we observe broadly similar effects (see columns 2 and 3 in Table 4). The sig-
nificant and opposing signs of γ2 and γsignal in Panel (a) in Table 4) suggest a predominate 
‘dampening’ effect from T-bill signals on both herding and contrarianism in the overall 
REIT market. This is further confirmed in the rolling window estimates shown in Panel (a) 
of Fig. 6.

Focusing specifically on T-bill signals, Panel (b) of Fig. 6, which reports the rolling-
window estimates for the CSADstock series, shows that periods of significant γsignal coef-
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Fig. 5  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signals from S&P500: 
the figure presents the t-statistics of 
estimated γ2 (solid lines) and those of 
γsignal (red dotted lines) in Eq. 9 with 
Newey-West HAC robust standard er-
rors, estimated from the lagged one-year 
rolling window. The shaded areas repre-
sent the NBER U.S. Recession indicator 
periods. Dates on the horizontal axis are 
the end dates of the rolling windows
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Fig. 6  The t-statistics of γ2 and γsignal 
from the rolling window estimation with 
signals from T-bill: the figure presents 
the t-statistics of estimated γ2 (solid 
lines) and those of γsignal (red dotted 
lines) in Eq. 9 with Newey-West HAC 
robust standard errors, estimated from 
the lagged one-year rolling window. The 
shaded areas represent the NBER U.S. 
Recession indicator periods. Dates on 
the horizontal axis are the end dates of 
the rolling windows
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Fig. 7  The t-statistics of γ2 and γsignal 
from the rolling window estima-
tion with signals from CBOE VIX: 
the figure presents the t-statistics of 
estimated γ2 (solid lines) and those of 
γsignal (red dotted lines) in Eq. 9 with 
Newey-West HAC robust standard er-
rors, estimated from the lagged one-year 
rolling window. The shaded areas repre-
sent the NBER U.S. Recession indicator 
periods. Dates on the horizontal axis are 
the end dates of the rolling windows
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ficients are frequently associated with signs opposite to those of γ2. This pattern indicates 
that bond-market signals dampen the dispersion dynamics driven by equity-related funda-
mentals, thereby reducing and contrarian behaviour linked to the stock-like component of 
REIT pricing.

Panel (c), which reports the rolling window results for the CSADfixed-income series, 
reveals a dampening effect on herding behaviour in the post-GFC period, as evidenced 
by the opposing signs of γ2 and γsignal during this interval. These findings suggest that 
bond-market signals play a stabilising role in the REIT market by moderating dispersion 
dynamics associated with fixed-income characteristics. More broadly, such signals attenuate 
both herding and contrarian tendencies at the aggregate market level and across the equity- 
and fixed-income components of REIT pricing. Similar patterns are observed when signals 
derived from U.S. government bond yields are incorporated, as documented in Appendix 
A.5.

Our results so far paint a consistent picture. When the REIT market reacts to changes in 
stock market performance by shifting probability weights toward extreme values (as per our 
definition of informational signals), REIT investors prioritise private information linked to 
stock market fundamentals. This focus amplifies excess return dispersion associated with 
stock characteristics while reducing dispersion related to fixed-income characteristics. Sig-
nals from debt markets exhibit a similar pattern: they intensify contrarian tendencies in the 
fixed-income CSAD series, and increase herding tendencies in the stock CSAD series.

The CBOE VIX index measures the expected stock market volatility, representing senti-
ment in the stock market. Our signals based on VIX are derived when the REITs market 
shifts the probability weight to extreme values during changes in market sentiment. Figure 7 
presents a story similar to signals from S&P, with VIX signals predominantly exhibiting an 
‘amplifying’ effect on contrarianism in the overall REITs market (Panel (a)). These ‘ampli-
fying’ effects are mainly associated with increased excess return dispersion in stock market 
fundamentals (Panel (b)), whereas changes in stock market sentiment are linked to reduced 
dispersion in REITs returns characterised by fixed-income aspects14.

Turning attention to results of signals derived from REITs ‘representatives’, namely mar-
ket capitalisation, allocation to real estate assets, and FFO relative to total assets, presented 
in the last three columns in Table 4. These signals appear to have little effect on herding 
or contrarianism in the overall CSAD and CSADfixed−income series. However, the esti-
mates of γsignal are positive and significant in Panel (b), corresponding to the CSADstock 
series. This indicates that large REITs exert a stronger influence on equity-related dispersion 
dynamics, with signals from these REIT ‘representatives’ amplifying contrarian behaviour 
linked to the stock-like characteristics of REIT pricing.

The rolling-window estimates, presented in Appendix A.5, further corroborate this inter-
pretation, revealing an increased tendency towards contrarian behaviour in response to these 
REIT-specific signals, particularly during periods of sustained market expansion leading up 
to the GFC.

Last but not least, the results on the potential impacts of FTS and recession days are 
presented in the last three columns in Table 4. As outlined in Section 3, FTS is implicitly 
defined as days when capital reallocates from the stock market to the bond market. γsignal 
associated with FTS is significantly negative in Panels (a) and (b), indicating that there is a 
‘dampening’ effect on contrarianism during FTS periods. Such effect is also present in Panel 

14 Signals from EPU shows similar patterns, we represent the rolling window results in Appendix A.5.
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(c), however γsignal is not statistically significant. These findings are in line with expecta-
tion, that when investors shift capitals from the stock market (i.e. sell stocks), the tendency 
to herd increases. Furthermore, consistent with the findings of Philippas et al. (2013), excess 
return dispersion is intensified during recession periods, reflecting an increased emphasis 
on private information during times of crisis. Notably, γsignal is statistically negative in the 
fixed-income specification. Given that the GFC was triggered by a crisis in the real estate 
debt market, this result aligns with expectations of reduced return dispersion tied to the 
fixed-income characteristics of REITs during that period.

To summarise, Hypothesis 4 examines whether informational signals from other finan-
cial markets and REIT-specific representatives alter the intensity of herding and contrarian 
behaviour in REIT returns. Our empirical evidence provides strong support for this hypoth-
esis. The results show that informational signals from external financial markets and REIT-
specific representatives significantly influence both the intensity and direction of investor 
behaviour. These findings reinforce the view that herding and contrarian dynamics in REIT 
markets are contingent on conditions in related financial markets, overall market sentiment, 
and are inherently time-varying.

6  Conclusion

Among recent empirical studies, there are mixed results in herding/contrarianism behav-
iours in REITs. Both behaviours can result in mispricing and inefficiency in the asset mar-
ket. As REITs are evolving, they become more informational and transparent, this study 
provides further insights into investors’ behaviours in the U.S. equity REITs by examining 
the return dispersions due to inherent characteristics and the role of exogenous information 
signals.

Using the empirical approach in Chang et al. (2000), our findings show periods of both 
herding and contrarianism, with contrarianism being the denominating behaviour in the 
overall REITs market and most REITs sectors. These findings are generally in line with 
previous studies that use similar methods (Zhou and Anderson 2012; Philippas et al. 2013; 
Babalos et al. 2015; Essa and Giouvris 2023).

Once return dispersions are decomposed into stock and fixed-income elements, our 
results show that investors predominately trade against the market consensus based on both 
stock and fixed-income information. Periods of herding however, are short and infrequent 
in both stock and fixed-income series. We also find that when the REIT market reacts to 
signals from the stock markets, REIT investors prioritise private information linked to stock 
market fundamentals, amplifying return dispersion associated with stock characteristics 
while reducing dispersion tied to fixed-income features. Similarly, signals from debt mar-
kets intensify contrarian tendencies in the fixed-income series and increase herding tenden-
cies in the stock series. These findings highlight the dual nature of REITs, not only that 
return dispersions are inherently different between their stock and fixed-income charac-
teritics, information spillovers from the stock and debt markets also drive distinct investor 
behaviours in REITs.
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Our findings also reveal that during FTS days, when investors shift capital from the 
stock market to the bond market, contrarianism in REITs is dampened. Additionally, signals 
inferred from REITs ‘representives’ within the REITs market and during recession period 
show that excess return dispersion in REITs increases, reflecting the heightened emphasis 
on private information during these times.

By scrutinising inherent characteristics and informational signals, this paper makes a 
cohesive contribution to the existing literature. The strong evidence of contrarian behaviour 
may serve as an indicator of the relative transparency of REITs. If the behaviour is trig-
gered by over-confidence and/or excessive risk-taking (Wei et  al. 2015), such behaviour 
can further cause price distortion and increase volatility in REITs. Publicly traded REITs 
have implications on price determination in direct real estate (Geltner et al. 2003), the dis-
section of REITs returns in this paper confirms the notion that REITs investors’ behaviours 
are collectively influenced by the performance of both stocks and fixed-income assets. Our 
results further emphasise the impact of information from other markets and within REITs on 
herding/contrarianism behaviors, driven by different market fundamentals and under vari-
ous market conditions.

A Appendix

A.1 CSAD linear model

According to Chang et al. (2000), the non-linear quadratic relation between CSAD and Rm,t 
can be proven intuitively as follows. Assuming Ri is the return for asset i (i = 1, . . . , N ), 
and Rm is the return of the market portfolio, the expected return of asset i can be derived 
from CAPM using the equation below:

	 Et(Ri) = γ0 + βiEt(Rm − γ0)� (10)

where γ0 is the return of zero-beta portfolio, βi is the market risk sensitivity for asset i, and 
βm is the systematic risk of an equal-weighted market portfolio.

	
βm = 1

N

N∑
i=1

βi� (11)

The deviation of asset i expected return from the market portfolio expected return can be 
captured in the absolute value of deviation (AVD), using:

The expected cross-sectional absolute deviation (ECSAD) of asset returns is defined as:
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ECSADt = 1

N

N∑
i=1

AV Di,t = 1
N

N∑
i=1

|βi − βm||Et(Rm − γ0)|� (12)

The presence of a positive relation between the cross-sectional absolute deviation and return 
of the market portfolio is shown in:

	

∂ECSADt

∂Et(|Rm|)
= 1

N

N∑
i=1

|βi − βm| > 0� (13)

	
∂2ECSADt

∂Et(|Rm|)2 = 0� (14)

Inspired by Treynor and Mazuy (1966) market timing model, Chang et al. (2000) include an 
additional quadratic form of Rm in the linear regression of CSADt against Rm as an empir-
ical test to capture non-linear adjustment without violating asset pricing model assumptions. 
In the presence of herding, CSADt will increase at a decreasing rate (or decrease) as Rm 

Fig. 8  CSAD quadratic fit
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increases, which can be reflected as a statistically negative γ2 in Eq. 2. ∀ γ2 < 0, maximum 
CSADt = −γ1/2γ2. The curvature of the herding/contrarian impact on cross-sectional 
dispersion can be intuitively interpreted as the coefficient of the quadratic term of market 
return, as the most elegant and simplified measure.

A.2 CSAD dissemination robustness check

As REITs exhibit both characteristics of equity and fixed-income assets, we implement 
the similar treatment of Lehmann and Modest (1987) and Comer (2006) on market timing 
model in the CSAD linear regression, where the quadratic terms are extended in multifactor 
models and the coefficients of each quadratic term reflect herding (or contrarianism) of a 
specific factor. We use a two-factor Chang et al. (2000) model, in which both stock (RS,t) 
and bond (RB,t) factors are considered:

	 CSADt = α + γ1,s|RS,t| + γ2,sR2
S,t + γ1,b|RB,t| + γ2,bR2

B,t + εt� (15)

The results remain qualitatively indifferent and available upon request.

A.3 Definitions of informational signals

From the general stock and bond markets, we define ‘informational signals’ DX
signal,t = 1 

when:

Rmt < 0, but Xi,t−2 ≥ Xi,t−1 ≤ Xi,t; or Xi,t−2 ≤ Xi,t−1 ≥ Xi,t. Where X represents 
the price of the overall stock market or bond market i. In this situation, the values of X fluc-
tuate, but the REITs market return is negative. In other words, despite the uncertainty in the 
stock/bond market, the REITs market shifts towards the probability weight of low value due 
to some implicit informational signals.

Rmt > 0, but Xi,t−2 ≥ Xi,t−1 ≤ Xi,t; or Xi,t−2 ≤ Xi,t−1 ≥ Xi,t. Similar to the situ-
ation above, the values of X fluctuate, but the overall REITs market return is positive, sug-
gesting that the market shifts towards the probability weight of high value.

Rmt < 0 while Xi,t−2 < Xi,t−1 < Xi,t; and Rmt > 0 while Xi,t−2 > Xi,t−1 > Xi,t. In 
these situations, despite that values in X indicate an optimistic (pessimistic) outlook in the stock/
bond market, the REITs market does not reflect such information and has negative(positive) 
returns. This may stem from information asymmetry, leading to a delay in the REITs mar-
ket reflecting publicly available information. Alternatively, unobserved private information 
could drive REITs investors to shift the probability weight towards extreme values.

Otherwise DX
signal,t = 0.

We apply the same conditions described above to derive signals based on the price 
changes of REITs ‘representatives’ relative to overall REIT market returns.
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Since increases in the CBOE VIX and EPU indices reflect rising volatility and uncer-
tainty, we define DX

signal,t = 1 when:

Rmt < 0, but Xi,t−2 ≥ Xi,t−1 ≤ Xi,t; or Xi,t−2 ≤ Xi,t−1 ≥ Xi,t, as above.
Rmt > 0, but Xi,t−2 ≥ Xi,t−1 ≤ Xi,t; or Xi,t−2 ≤ Xi,t−1 ≥ Xi,t, as above.
Rmt > 0 while Xi,t−2 < Xi,t−1 < Xi,t; and Rmt < 0 while Xi,t−2 > Xi,t−1 > Xi,t. 

Again, the REITs market return is positive when market volatility or uncertainty increases, 
and vice versa.

Otherwise DX
signal,t = 0.

Notably, while our definition of signals shares some similarities with that of Philippas 
et al. (2020), which also applies a theoretical signal-herding framework, it fundamentally 
differs in approach. Philippas et al. (2020) directly consider the values of X over time peri-
ods t − 1, t − 2, and t. For instance, a U-shaped signal is defined when Xi,t−2 > Xi,t−1 and 
Xi,t−1 < Xi,t, while a hill-shaped signal is defined as Xi,t−2 < Xi,t−1 and Xi,t−1 > Xi,t. 
We argue that these measures primarily capture the volatility in the values of X, rather than 
providing meaningful insights into private expectations in the REITs market.

A.4 Dynamic herding of different property sectors

Results from the rolling windows estimation in Figs. 9 and 10 show that on average, local-
ised herding in the Diversified, Healthcare, Industrial/office, Lodging, and ‘Others’ sectors 
is associated with the stock characteristics of REITs, whereas contrarianism in all sectors 
except Industrial/office, is linked with the fixed-income characteristics of REITs. More fre-
quent periods of contrarianism behaviour are observable in all sectors. This pattern persists 
irrespective of whether return dispersion is measured against stock market fundamentals or 
fixed-income assets.

A.5 Dynamic herding from signals

Signals from U.S. government bonds are incorporated, as shown in Fig. 11.
Figure 12 displays increased excess return dispersion across all three panels in response 

to EPU signals. This suggests that policy-related economic uncertainty may prompt REIT 
investors to place greater emphasis on their private information, thereby exhibiting a ten-
dency toward reverse herding. Notably, EPU signals have a stronger impact on return 
dispersion driven by stock fundamentals compared to those influenced by fixed-income 
characteristics.

Rolling window estimates of REITs ‘representatives’, namely marlet cap, real estate 
allocation, and FFO relative to total assets, are illustrated in Figs. 13, 14, and 15. The results 
further confirm an increased tendency toward contrarian behaviour, particularly during the 
market growth period leading up to the GFC.
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Fig. 9  The t-statistics of γ2 from the rolling window estimation using CSADstock , by REITs sector: 
the figure presents the t-statistics of estimated γ2 in Eq. 2 with Newey-West HAC robust standard errors, 
estimated from the lagged one-year rolling window. The shaded areas represent the NBER U.S. Recession 
indicator periods. Dates on the horizontal axis are the end dates of the rolling windows
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Fig. 10  The t-statistics of γ2 from the rolling window estimation using CSADfixed−income, by REITs 
sector: the figure presents the t-statistics of estimated γ2 in Eq. 2 with Newey-West HAC robust standard 
errors, estimated from the lagged one-year rolling window. The shaded areas represent the NBER U.S. 
Recession indicator periods. Dates on the horizontal axis are the end dates of the rolling windows
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Fig. 11  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signals from US 
Government bond: the figure presents 
the t-statistics of estimated γ2 (solid 
lines) and those of γsignal (red dotted 
lines) in Eq. 9 with Newey-West HAC 
robust standard errors, estimated from 
the lagged one-year rolling window. The 
shaded areas represent the NBER U.S. 
Recession indicator periods. Dates on 
the horizontal axis are the end dates of 
the rolling windows
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Fig. 12  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signals from EPU: 
the figure presents the t-statistics of 
estimated γ2 (solid lines) and those of 
γsignal (red dotted lines) in Eq. 9 with 
Newey-West HAC robust standard er-
rors, estimated from the lagged one-year 
rolling window. The shaded areas repre-
sent the NBER U.S. Recession indicator 
periods. Dates on the horizontal axis are 
the end dates of the rolling windows
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Fig. 13  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signals from REITs 
with the largest market caps (top 
33%): the figure presents the t-statis-
tics of estimated γ2 (solid lines) and 
those of γsignal (red dotted lines) in 
Eq. 9 with Newey-West HAC robust 
standard errors, estimated from the 
lagged one-year rolling window. The 
shaded areas represent the NBER 
U.S. Recession indicator periods. 
Dates on the horizontal axis are the 
end dates of the rolling windows
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Fig. 14  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signals from REITs with 
the highest real estate assets alloca-
tion (top 33%): the figure presents the 
t-statistics of estimated γ2 (solid lines) 
and those of γsignal (red dotted lines) 
in Eq. 9 with Newey-West HAC robust 
standard errors, estimated from the 
lagged one-year rolling window. The 
shaded areas represent the NBER U.S. 
Recession indicator periods. Dates on 
the horizontal axis are the end dates of 
the rolling windows
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Fig. 15  The t-statistics of γ2 and 
γsignal from the rolling window 
estimation with signal from REITs with 
the largest FFO on assets (top 33%): 
the figure presents the t-statistics of 
estimated γ2 (solid lines) and those of 
γsignal (red dotted lines) in Eq. 9 with 
Newey-West HAC robust standard er-
rors, estimated from the lagged one-year 
rolling window. The shaded areas repre-
sent the NBER U.S. Recession indicator 
periods. Dates on the horizontal axis are 
the end dates of the rolling windows
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A.6 Robustness check using monthly frequency data

We repeated our empirical analysis (Eqs. 1-7) using monthly REITs data. As argued in sec-
tion 4, the signal analysis does not apply to monthly data analysis. The results are presented 
in Table 5, 6 and Figs. 16, 17.

A.7 Individual REIT return dissemination by factor models

Following the intuition in Clayton and MacKinnon (2003) that the returns of REITs can be 
regarded as a hybrid of those of stocks and bonds, we further differentiate a bonds element 
from REIT returns that are characterised by fixed-income assets. To do so, we decompose 
individual REIT returns into a linear combination of the products of stock, bond returns 
and associated sensitivities. The market dispersion subject to stock and bond market can 
be computed using the product of each market return and market sensitivity (β̂s,iRS,t and 
β̂b,iRB,t). The remaining unexplained returns including both constant and residual terms 
are considered as to represent the latent real estate sectors, and are subsequently used to 
compute CSAD due to the latent real estate factor.

	 Ri,t = α + βs,iRS,t + βb,iRB,t + εt� (16)

We also replicate our analysis using other asset pricing factor models such as CAPM, 
Fama French three-factor, Carhart four-factor, and liquidity factor model. The results infer-
ences remain robust and available to readers upon request.

Table 5  Model robustness check using monthly data: Model specifications consist of OLS estimation of Eq. 2 
(OLS), linear model with additional autoregressive and heteroskedasticity terms (OLS+AR+GARCH), OLS 
under rolling window context (the average presented), and other model specifications in Eqs. 3, 4 for the 
period 1980-2021 for all US Equity REITs

OLS OLS+AR+GARCH Rolling 
OLS

Yao et al. 
(2014)

Quantile

25% 50% 75%
Monthly

γ1 0.1633*** 0.0769*** -0.0204 0.1213*** 0.0108 0.1016* 0.2426***

γ2 0.9563*** 0.9436*** 4.0123 0.7275*** 1.3136*** 1.2549*** 0.9558***

α 0.0442*** 0.0422*** 0.0108*** 0.0199*** 0.0370*** 0.0418*** 0.0499***

γCSAD,t−1 0.7531*** 0.5028***

ARCH 0.3535***

GARCH 0.5977***

Loglikeihood 1587.94
Adj − R2 45.01% 44.06% 66.37% 9.36% 14.00% 20.34%
T 504 504 504 504 504 504 504
***p < 0.01, **p < 0.05, *p < 0.1
The t-statistics are computed using Newey-West HAC robust standard errors
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Table 6  Linear regression by sectors using monthly data: The table presents the coefficients and associated t-
statistics of Eq. 2, estimated from OLS regression with Newey-West HAC robust standard errors for the period 
1980-2021 for different property sectors of US Equity REITs

Diversified Healthcare Industrial/
Office

Lodging Residential Retail Self-
storage

Others

Monthly
γ1 0.3689*** 0.1947*** 0.1397 0.5028*** -0.1074 0.1304*** -0.0556 0.3545***

γ2 0.3662 0.1815 1.7391 -0.2523 3.0791 0.7700*** 0.9674** 1.1852
α 0.0413*** 0.0286*** 0.0419*** 0.0337*** 0.0415*** 0.0358*** 0.0202*** 0.0415***

Adj − R2 34.59% 9.32% 43.93% 35.52% 52.74% 52.54% 11.21% 29.91%

T 504 504 504 504 504 504 504 504
***p < 0.01, **p < 0.05, *p < 0.1

Fig. 16  The t statistics of γ2 from the rolling window estimation using monthly data: The figure presents 
the t-statistics of estimated γ2 in Eq. 2 with Newey-West HAC robust standard errors, estimated from the 
lagged one-year rolling window. The shaded area is the NBER US Recession indicator period. Dates on 
the horizontal axis are the end dates of the rolling windows
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Fig. 17  The t statistics of γ2 from the rolling window estimation using monthly data, by REITs sectors: 
The figure presents the t-statistics of estimated γ2 in Eq. 2 with Newey-West HAC robust standard errors, 
estimated from the lagged one-year rolling window. The shaded area is the NBER US Recession indicator 
period. Dates on the horizontal axis are the end dates of the rolling windows
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