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Abstract

When liquidity providers for one asset obtain information from other asset prices, this may
magnify the (upward or downward) comovement of asset liquidity. It also may yield an
illiquidity multiplier (Cespa and Faoucault, 2014). We empirically test the magnitude of this
illiquidity multiplier for a sample of U.S. equity real estate investment trusts (REITs) using
spatial autoregressive models (Zhu and Milcheva, 2017). We find significant liquidity
spillovers among REITs with geographically overlapping real estate holdings. Our findings
suggest that the multiplier effect impacts neighboring REITs through cross-asset learning
about firm fundamentals. This effect is stronger during market turmoil, after the
Decimalization (a source of exogenous variation), and for REITs headquartered in MSAs with
less information asymmetry.
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1. Introduction

Liquidity comovements can be significant determinants of asset pricing and market
stability. Supply-side theories, such as funding liquidity constraints (Brunnermeier and
Pedersen, 2009), and demand-side theories, including correlated trading behavior (Kamara,
Lou, and Sadka, 2008; Koch, Ruenzi, and Starks, 2016), passive investment (Karolyi, Lee, and van
Dijk, 2012), and investor sentiment (Morck, Yeung, and Yu, 2000) can explain liquidity

comovements.

Cespa and Faoucault (2014) propose a new mechanism for examining liquidity
comovements. They argue that in addition to funding liquidity constraints and correlated
demand shocks, cross-asset learning - which generates a feedback loop and illiquidity multiplier

- represents an important channel of liquidity spillovers.

A major focus of this paper is the liquidity risk factor for REITs, and how the risk factors
of some REITs impact the risk factor of another particular REIT. What is the risk factor for REITs?
One candidate would be the risk that is specific to their underlying assets, commercial real
estate (Hoesli, Kadilli, and Reka, 2017).! The underlying real estate of REITs are transacted in
the local property markets, which are highly segmented and are characterized by high
transaction costs, long transaction duration, and asymmetric information (Garmaise and
Moskowitz, 2004). And the geography of property holdings is likely to contain private (soft)

information of REIT managers regarding local property markets. Such private information is

1 The underlying assets of REITs are predominantly commercial real estate. For instance, according to NAREIT, “at
least 75 percent of a REIT's assets must consist of real estate assets such as real property or loans secured by real
property”.



valuable to and presents profitable opportunities for equity investors (Cici, Corgel, and Gibson,
2011; Ling, Naranjo, and Schieck, 2017). On the other hand, practitioners notice that many
REITs tend to invest in overlapping local property markets.? Consistent with practitioner
wisdom, we find that overlapping property holdings are likely to facilitate cross-asset learning,
thereby increasing REITs’ vulnerability to certain local shocks, such as shocks to top-10, and
gateway, MSAs. Shocks to one or more REITs may propagate to the entire REIT market through

liquidity spillovers.

How might one motivate liquidity spillovers? In the context of U.S. REITs, one might
consider dealers in REIT A, who are well informed about A’s risk factor. The REIT A dealers may
learn information on the risk factor of another REIT (REIT B) from the price (or fundamentals) of
REIT B. If the risk factor of REIT B raises its cost of liquidity provision, the price of REIT B may
become less useful information to dealers in REIT A, thus increasing the risk factor of REIT A and
the cost of its liquidity provision. Therefore, the price of REIT A can be a noisy signal for dealers

in REIT B, which may amplify REIT B’s illiquidity.

REITs are viewed as defensive investments, which reflect their underlying real estate.
However, recent research (Riddiough and Steiner, 2017) find that REITs’ balance sheets are
characterized by high debt usage, especially the use of unsecured debt, which might increase
the lack of financial flexibility and thereby increasing REITs” vulnerability to market turmoil. The

surge of REIT investment vehicles since the S&P 500 began including REITs and Decimalization

2 Seeking Alpha website wrote in June 7%, 2016: “... over the last year Essex Property Trust (ESS) has adopted a
strategy similar to Equity Residential (EQR), moving its portfolio closer to tenant desired features like Whole Foods
Market”. Also in this article “... we see value in comparing EQR to Essex Property Trust (NYSE: ESS) due to an
increasing geographic overlap between the two REIT portfolios”.
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in 2001, and recent classification of REITs as a separate asset class, are likely to enhance the

cross-asset learning of REITs and increase the magnitude of liquidity multiplier.

Our paper contributes to the literature in several aspects. First, we empirically test the
theoretical prediction of Cespa and Foucault (2014) with spatial econometrics tools. Unlike
other publicly listed firms, 75% of REIT assets are required to be real estate related assets,
which are location-specific. Therefore, instead of only relying on corporate headquarters as a
proxy for firm location, we are able to utilize a comprehensive dataset of historical corporate

headquarters locations and asset locations to facilitate a better understanding of firm

geography.

Second, prior studies (Karolyi, Lee, and van Dijk, 2012; Luo, Xu, and Zurbruegg, 2017;
Hoesli, Kadilli, and Reka, 2017) on liquidity commonality mostly rely on the R?-measure, which
ignores liquidity spillovers, or propagations of illiquidity risk, across different assets. We apply
spatial econometrics techniques (as in Anselin, 1988) to model and measure the liquidity
spillovers and the corresponding multiplier effect on the coefficients of liquidity fundamentals.

Our spatial lag coefficient (p) captures broader economic effects than the R?-measure.

Third, we complement the findings of Zhu and Milcheva (2017) by showing that
comovements of underlying real estate properties are important to the systemic risk of real
estate companies — through the channel of liquidity spillovers. That is, a shock to the illiquidity
of some REITs (i.e., shock, to gateway MSAs) might propagate to other REITs because of the
informative nature of REITs price declines. The outcome may be market wide illiquidity and

correlated equity returns.



Finally, our results complement the literature on asset liquidity and stock liquidity. We
show that property market shocks reshape REIT liquidity through cross-asset learning. The
illiquidity multiplier, which arises as an outcome of liquidity comovements, significantly

magnifies the liquidity (or illiquidity) of REITs that have highly overlapping asset holdings.

The remainder of this paper is organized as follows: section 2 reviews existing literature;
section 3 illustrates the construction of spatial lags and the mechanism of the liquidity
multiplier; section 4 provides a discussion of the data and the construction of the variables;
section 5 presents the empirical results and a discussion of those implications; and, section 6

concludes the paper and suggests future works.

2. Literature Review

Recent findings suggest that assets’ liquidity vary with economic conditions and across
geographic locations. Loughran and Schultz (2005) find that after adjusting for size and other
factors, the shares of rural firms trade much less often than urban firms (i.e., firms located in
the 10 largest MSAs in terms of total population). Their finding suggests that access to locality
information and social factors can also affect cross-sectional liquidity. Bernile et al. (2015)
examine whether state- and MSA-level economic conditions affect the liquidity of stocks issued
by local firms. And they find that liquidity of local stocks is positively associated with

performance of the local economy.



Several studies have explored the mechanisms of liquidity commonality.3 On the supply
side, when there is a large loss on initial position and funding liquidity constraints of liquidity
providers (i.e., margin goes up), the provision of liquidity across many securities falls and
commonality increases (Brunnermeier and Pedersen, 2009; Glascock and Lu-Andrews, 2014;
Jensen and Moorman, 2010; Naes et al., 2011). On the demand side, correlated trading
behavior (Kamara, Lou, and Sadka, 2008; Koch, Ruenzi, and Starks, 2016; Karolyi, Lee, and van
Dijk, 2012), passive investment (Morck, Yeung, and Yu, 2000), and investor sentiment are all
likely explanations for liquidity commonality. Luo, Xu, and Zurbruegg (2017) are the first to
analyze the effect of home ownership on local liquidity commonality. They find that the effect

of high home ownership significantly increases local liquidity commonality for less-liquid stocks.

One empirical challenge of examining firm-level price/liquidity spillovers is the
measurement of firm location. The conventional finance literature has widely adopted
corporate headquarters as firm locations because corporate headquarters are the center of
information exchange between a firm and its suppliers, service providers, and investors (Davis
and Henderson, 2008; Pirinsky and Wang, 2006). However, recent papers have deviated from
this argument by showing that the geography of underlying assets is also informative to
investors (Bernile, Kumar, and Sulaeman, 2015; Landier, Nair, and Wulf, 2009). This evidence is
especially true for REITs since the underlying real estate assets held by REITs are location-
specific, and acquisitions and dispositions might reveal strategic actions of REITs (Ling, Naranjo,

and Schieck, 2017).

3 Karolyi, Lee, and van Dijk (2012) provide an excellent survey of existing explanations for liquidity commonality
and empirically test them using international data.



The most relevant works to our paper are Cespa and Foucault (2014) and Hoesli, Kadilli,
and Reka (2017). Cespa and Foucault (2014) lay the theoretical framework for the illiquidity
multiplier. They express the liquidity multiplieras k = (1 — @)%, where 0 < @ < 1and k > 1.
@ is the magnitude of liquidity spillovers of asset j and the other assets -j. When the equilibrium
is unique, idiosyncratic shocks to the illiquidity of asset j induce positive comovements in the
illiquidity of both assets. As a result, the OLS estimation of the coefficient of liquidity
fundamentals would underestimate the true (total) effect by a multiplier of k. However,

empirical calibration of k remains a challenge.*

Hoesli, Kadilli, and Reka (2017) empirically tested the asset pricing model of Acharya and
Pedersen (2005) and find that commonality with the underlying property market represents a
significant risk factor for REIT returns but the effect is time-varying and asymmetric —i.e., the
effect only exists during market downturns. However, their results are based on the R?

measure, which assumes independence of the illiquidity of firms.

Spatial econometrics techniques have been employed to study the cross-section of asset
returns (Zhu and Milcheva, 2017) and optimal capital usage (Wang, Glascock, and Cohen, 2017).
Zhu and Milcheva (2017) are among the first to explore the linkages between returns on listed
real estate stocks (mainly REITs) and the location of the underlying assets, or the real estate
properties. They show that the extent of spatial comovements across the underlying assets

explain the cross-sectional variation of real estate abnormal returns and thereby contain

4 Cespa and Foucault (2014): “it would be interesting to measure empirically the strength of liquidity spillovers
across asset classes... Another interesting issue is how the number of assets affects the amplification mechanism
described in our paper and whether some assets are more pivotal for liquidity spillovers, because their prices are
followed by more dealers or because their payoff structure makes them informative about a large number of
assets”



valuable price information. Wang, Cohen and Glascock (2017) focus on common stocks, and
find that there is evidence of competition for scarce capital across U.S. states and MSAs; their

study utilizes the spatial autoregressive model in estimating the extent of competition.

3. Spatial Autoregressive Model and Liquidity Multiplier

We use Spatial autoregressive model (hereby SAR model) to empirically examine the
magnitude of liquidity spillovers proposed by Cespa and Faoucault (2014). The SAR model is an
approach to model the idea of spatial spillovers, where levels of the outcome variable y (i.e.,
liquidity of a particular REIT, in our case) may depend on the levels of y in neighboring
geographic units, and other control variables. Within the context of liquidity spillovers, common

forms of a SAR model can be expressed as follows, respectively.®

Y= pWY+XB+u (1)

where Y represents an NxT by 1 vector of REIT-level Log(Amihud’s illiquidity) and X represents
an NxT by k matrix of liquidity fundamentals, where N is the number of REITs, T the number of
time periods covered by the data, and k is the number of explanatory variables in the matrix X.
W is the NxT by NxT spatial weights matrix which captures commonality of underlying real
estate properties. WY is a matrix of spatial lags, and it represents the weighted average of
other jurisdictions' endogenous variable (Log(Amihud’s illiquidity)). It has been shown (Kelejian

and Prucha, 1998) that Equation (1) can be estimated by an instrumental variables techniques.®

5 (Cohen, 2010).
6 Also referered to as the Gershgorin’s Theorem (Cohen, 2002).
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For Equation (1), X is the appropriate instrument for itself, and WX is the instrument for WY.
The spatial coefficient parameter estimate, p, represents the magnitude of liquidity

comovements.

To illustrate the spatial multiplier effect, consider a simplified example with only two
REITs, Equity Residential (Ticker: EQR) and Essex Property Trust (Ticker: ESS), in one quarter, t.
Suppose X is the Market-to-book and Y is Log(Amihud’s illiquidity). Then the two rows of

observations in Equation (1) would be written as:
Yeor =  PYess + XpgrB + Uggr (2.1)
Yess = pYgor + XgssB + ugss (2.2)

Based on these two equations, a 1% increase in Market — to — bookgqg leads to a f% rise (if
B >0) or fall (if B <0) in Log(Amihud’s illiquidity)gqg. But this change in

Log(Amihud’s illiquidity)gog leads to a pf% change in Log(Amihud's illiquidity)ggs,
which this leads to another p?% change in Log(Amihud’s illiquidity)gqg, and so on and so
forth. This liquidity multiplier effect is just [1 + p + p? + p3 + -] and assuming -1< p <1, can

be expressed as ﬁ. Note that this expression is the same as k = (1 — @)~ derived in Cespa

and Foucault (2014). It is straightforward to generalize this to the case involving multiple REITs.
Using the example from Column (2), Table 3 below, if the direct effect on Market-to-book,

Buarket—to—book = 0.221, p = 0.116, then the total effect (including the liquidity multiplier

1

effect) is 0.221 X
1-(0.116)

~ 0.250. Had we ignored the liquidity multiplier effect, this would



have led to an underestimation of the impact by approximately 12% and a clear violation of

Stable Unit Treatment Value Assumption (SUTVA).”

4. Data

There are 156 REITs in our sample, and the time periods range from the first quarter of
1995 to the fourth quarter of 2014 (we have an unbalanced panel). Summary statistics are
presented in Table 1 and variable definitions are in the Appendix. The pairwise correlations of
dependent and independent variables are shown in Table 2, with stars indicating statistical

significance at the 1% level.

We use the natural logarithm of Amihud llliquidity, Log(Amihud’s illiquidity), to proxy for
market liquidity of a particular REIT. Log(Amihud’s illiquidity) is computed as the logarithm of
the average of quarterly average of absolute daily return to the product of absolute daily price

and daily volume.

Specifically, for individual REIT i in quarter g,

Log(Amihud’s illiquidity); , = log(izs;ql I'/Tj:l) (3)

where D; , represents the trading days available for firm i within a quarter g, R; 5 4 4 is the daily

stock return, Vol; s 4 4 is the daily trading volume.

7 SUTVA requires that “the (potential outcome) observation on one unit should be unaffected by the particular
assignment of treatments to the other units” (Cox, 1958). One of the assumptions of SUTVA is that spillovers, or
indirect effects, across units do not exist (Wang, Cohen, and Glascock, 2017).
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REIT historical headquarters addresses are obtained from the Compustat Snapshot
quarterly database (historical addresses). The Compustat items add1, city, state, addzip
correspond to the street address, city, state, and zipcode of a particular REIT’s headquarters
location. We also obtain the current REIT headquarter location from the Compustat quarterly
database (current addresses). Both datasets are geocoded in the TAMU geocoding database to
identify the latitude and longitude coordinates and the CBSA code of the REIT headquarters, as
well as an indicator variable of whether or not the CBSA is a micro area (CBSAs include both
MSAs and micro-areas). Finally, we merge both datasets and we identify any relocations. We
replace all the current headquarters addresses with historical addresses prior to the relocation
date. Property characteristics and latitude and longitude coordinates are obtained from the SNL
Financial database. We then use the latitude and longitude coordinates of the REIT

headquarters and their underlying real estate properties to calculate the great circle distance.

Our control variables are similar to Gopalan, Kadan, and Pevzner (2012). Gopalan,
Kadan, and Pevzner (2012) predict that larger Asset liquidity reduces uncertainty regarding
assets in place, but also facilitates more future investments, thereby increasing the level of
uncertainty. Therefore, the effect of Asset liquidity on REIT liquidity depends on which of the
two opposite effects dominates. It is worthwhile noticing that the level of investments (Market-
to-book) decreases the relationship between Asset liquidity and REIT liquidity, and we control
for this in our empirical model. Other control variables include firm size, leverage, profitability,
momentum, and return volatility. Except for return volatility, all other variables are associated

with better firm performance and less uncertainty, thereby improving REIT liquidity.
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5. Empirical Results
5.1. Spatial Weights Matrix

We perform our analysis using a sample of 156 U.S.-based REITs from 1995 through
2014. Our spatial weights matrix is constructed following a similar approach to Zhu and
Milcheva (2017). We first calculate the distance, d;; j - between property / of firm i in year t
and property (or headquarters) k of firm j in year t. For simplicity, consider Equity Residential
(EQR) and Essex Property Trust (ESS) as an example. EQR and ESS hold 299 and 251 properties,
respectively, by the end of 2014. The geographic distributions of their property holdings are
shown in Figure 2. Then the first step would be to generate 150,648 observations
(299x252+251x300, since EQR has 300 locations including its headquarters, and ESS has 252

including its headquarters).

In the second step, we aggregate across the distances for property / of firm i in year t.
Specifically, for property / of firm i in year t, the aggregated distance is expressed as the

minimum of distances calculated in the first step,

Dije= min(d;;jie) (4)

and the same holds for property k of REIT j in year t. Continuing from our previous example,

after the second step, we would expect 550 observations (299+251).

In order to convert the aggregated distances into contiguity matrices, we calculate the

proportion of properties of firm j that are regarded as ‘neighbors’ to firm j, and vice versa. The

12



benchmark we choose for a neighbor is within 25 kilometers. The outcome can be viewed as

the extent of geographic overlap of assets held by firm i and j.

We first construct a dummy variable that indicates whether or not property / of firm i is
less than 25 kilometers away from at least one of the properties held by firm j or firm j’s

headquarters.

1, Diyje <25kmandi # j
0, otherwise

Qipjt = { (5)

then we calculate the proportion of properties of firm i that are regarded as "neighbors’ to firm

j and vice versa,
1 @l
Wigje = 7 Lz diLje (6)

where L; is the total number of properties held by firm i in year t. Finally, the spatial weights for

firm i and firm j is:
Wije = Min(Wi ;oW 7

In our previous example, most of EQR’s property holdings are in major metropolitan
areas (e.g. Boston, New York, Washington, D.C., Seattle, San Francisco, Los Angeles, San Diego)
along both the west and east coasts. However, ESS’s property holdings are mostly in the west
coast (e.g. Seattle, San Francisco, Los Angeles, San Diego) and highly overlap with EQR’s
property holdings. Therefore, EQR’s property holdings are more disperse than those of ESS. And
one would expect w;; ; . of ESS (probably close to 1) to be higher than that of EQR. Consistent

with our conjecture, while 49.71% of EQR’s underlying properties are within 25 kilometers to

13



any of ESS’s properties and/or its headquarters, 96.41% of ESS’s underlying properties are
within 25 kilometers to any of EQR’s properties and/or its headquarters. In accordance with
Equation (7), we keep wj i ;+ of EQR (the minimum of the two proportions, 49.71%) as the
spatial weights of EQR-ESS pair in our two-company world example. These panels are balanced
throughout each year. We row-standardize the spatial weights matrix so that for each firm i,
Zj w; ;. = 1. For each REIT j, the spatial lagged (dependent or independent) variable, W_var, is
calculated as the weighted average of the var’s of all the other companies in the same cross-

section (i.e., quartert), Y ; w; j . - varj,.

5.2. Spatial Autoregressive Model Estimations
Insert Figure 1 — Time-series trend of spatial coefficients

For each year, we estimate the following cross-sectional IV regression:

Stage 1:
W_LIQ; = Yo + vaW_Return volatility; + y,W_Momentum; +
y3W _Leverage; + y,W_M/B; + ysW log(market cap); +
YeW_ROA; + y,W_Cash; + ygW _Asset liquidity; + ¢; (8)
Stage 2:
LIQ; = Bo + pW_LIQ, + B, Return volatility; + f,Momentum; +
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BsLeverage; + B4M/B; + Bslog(market cap); + BeROA;

+(,Cash; + fgAsset liquidity; + ¢; 9)
where the spatial coefficient, p, is the coefficient of interest for liquidity spillovers. In other
words, it is the coefficient estimate on the spatial lags of the dependent variable (Log(Amihud’s
illiquidity)). We plot p for each year in Figure 1. Consistent with the literature on liquidity
commonality and liquidity dry-up (Karolyi, Lee, and van Dijk, 2012; Hoesli, Kadilli, and Reka,
2017), we find that p peaked when the economy was in turmoil. The four recessions

corresponding to the peaks of p are the 1997 Asian Financial Crisis, 2001 Dot-com bubble, 2008

Financial Crisis, and 2011 European Sovereign Debt Crisis.
Table 3 — Firm-level spatial analysis of REIT liquidity — Columns (1) and (2)

In Table 3, we are estimating the following pooled-OLS/panel IV model. Based on
Gershgorin’s Theorem (Cohen, 2002), spatial lags of dependent variables are valid instruments
for spatial lags of independent variable. We estimate the fitted value of the spatial lags of
independent variable at Stage 1, then use the fitted value as our main test variable of interest

in Stage 2.
Stage 1:
W_LIQ;, = Yo + VAW _Return volatility; , + y,W_Momentum;, +
ysW_Leverage; + y,W_M/B;, + ysW _log(market cap); ; +

YeW_ROA;: + y,W_Cash;; + ygW _Asset liquidity; , + a; + 6, +
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Tt (10)
Stage 2:
LIQ;: = Bo + pWII\Ql,t + p1Return volatility; . + f,Momentum, . +
PsLeverage;, + BsM/B; + Pslog(market cap);, + fcROA;
+pB,Cash;; + BgAsset liquidity; ; + a; + 0, + 7¢ (12)

where the spatial coefficient, p, is the coefficient of interest for liquidity spillovers. Equation
(10) and (11) are IV estimations based on an unbalanced panel dataset. To control for cross-
sectional and time-series heterogeneity, we include REIT/major property type fixed effects and

quarter fixed effects. We also cluster standard errors at REIT level.

All else being equal, we find significant market liquidity comovements among REITs with
highly overlapping property holdings. In Column (1) and (2), the coefficient on the fitted spatial
lags of Log(Amihud'’s illiquidity), p, is positive and significant, indicating enhanced cross-asset
learning (knowledge spillovers) of REITs with similar fundamental characteristics. This positive

spillover effect is robust to the inclusion of firm/property-type fixed effects with time dummies.
As we illustrated above, the spatial multiplier effect on coefficient estimates is ﬁ, which is
equal to 1.13. The direct effect with pooled-OLS or panel regressions underestimates the true

coefficients by 12%.

Control variables that are associated with less uncertainty of future cash flows
negatively predicts Log(Amihud’s illiquidity). Return volatility and Market-to-book ratio are

positively correlated with Log(Amihud’s illiquidity) because variations in stock returns and large
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number of growth opportunities increase the uncertainty of future cash flows, thereby
increasing the illiquidity of a REIT. In our analysis of REITs, higher asset liquidity appears to be

associated with higher illiquidity.

Table 3 — Firm-level spatial analysis of REIT liquidity — Columns (3), (4), (5), and (6)

Stage 1:
W_LIQ; ; ] _ 8 8
Dumye X W_LIQ;el —  yo+ z yiW_Control; , + z @;jDum;, x W_Control;, + a; + 6,
i=1 j=1
+7; (12)
Stage 2:
LIQ; = Bo + p,W_LIQ,; + p,Dum, . X W_LIQ, ; + B;Dum;, +

p2Return volatility; . + fsMomentum; , + f,Leverage;  +
PsM/B;. + B log(market cap);, + f;ROA;; + BgCash; +
BoAsset liquidity; ; + a; + 6, + 7, (13)

The difference between the pair of equations (12) and (13) and the pair of equations
(10) and (11) is that in the former pair, we include interactions between the spatial lags of
Log(Amihud'’s illiquidity) and independent variables and Urban REIT, Gateway REIT, or High
home conc. We include interactions to examine how liquidity spillovers respond to cross-

sectional variations in an information environment.
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Prior studies (e.g. Ling, Naranjo, and Schieck, 2017; Loughran and Schultz, 2005) suggest
that firms headquartered in top-10/gateway MSAs have higher stock liquidity measures
because they enjoy a better information environment than the other firms. Consistent with the
prior literature, we find that the positive spillover effect is larger for REITs located in top-
10/gateway MSAs. We also find that REITs with a majority of their property holdings

concentrated close to their headquarters are significant contributors to liquidity spillovers.

Table 4 — Pre- and Post-Decimalization (April 2001)

To identify that the positive spillover effect is driven by cross-asset learning, we use
Decimalization in April 2001 as a source of exogenous variation in information environment of
REITs (Bernile et al., 2015).8 The model setup is the same as Equations (10) and (11). The cutoff
date is the Decimalization, which significantly improved the information environment, thereby
enhancing cross-asset learning. Therefore, we expect the liquidity spillover effect to be larger
following the completion of the Decimalization. Consistent with our prediction, the magnitude
of the spatial coefficient (0.25) is more than doubled in the post-Decimalization period,
compared to that of Column 1, Table 3 (0.12). Consistent with Table 3, underestimation of

coefficient estimates only exists after the Decimalization.

8 Investopedia wrote: “The U.S. Securities and Exchange Commission (SEC) ordered all stock markets within the
U.S. to convert to decimalization by April 9, 2001, and all price quotes since appear in the decimal trading format...
The switch was made to decimalization to conform to standard international practices and to make it easier for
investors to interpret and react to changing price quotes”.
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6. Conclusions

We examine the liquidity spillovers of REITs due to geographically overlapping property
holdings. Consistent with Cespa and Foucault (2014)’s prediction, we find that cross-asset
learning is an important channel of REIT liquidity spillovers. We find that idiosyncratic shocks to
the liquidity fundamentals propagate to other REITs through cross-asset learning. Such liquidity
spillovers magnify the comovements of REIT liquidity by generating a multiplier effect on the
coefficient estimates of liquidity fundamentals. This underscores the importance of using
spatial modeling to avoid downward biased estimates of liquidity fundamentals on REIT
liquidity. Our findings show that liquidity spillovers are stronger among REITs headquartered in
top-10 and gateway MSAs, hold greater proportion of underlying real estate close to their
headquarters, after S&P 500 index inclusion, and during market turmoil. Our results indicate
that cross-asset learning about property-level private (soft) information, which is captured by
the degree of commonality in the underlying real estate, shapes the market liquidity of REITs at
firm level. We adopt different definitions and cutoff points from Gupta, Kokas, and Michaelides
(2017) and Zhu and Milcheva (2017) for our spatial weights matrix to check the robustness of
our results. We also find that the Decimalization introduced exogenous variation in the
information environment of the U.S. equity markets, which in turn strengthened cross-asset

learning and enhanced the liquidity spillovers among REITs.
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Appendix: Variable Definitions

Variable Name

Definition

Data Source

REIT Geography Measures
Urban REIT

Gateway REIT
Home concentration

High home conc

REIT-level variables
opP
Adjusted Cost

Amihud illiquidity
Return volatility

Momentum
ROA

Cash

Asset liquidity

M/B
Market cap
Leverage

An indicator variable which equals to 1 if REIT headquarters are located in any one of the top-10 MSAs
ranked by total population (Census 2010), and 0 otherwise.

An indicator variable which equals to 1 if REIT headquarters are located in any one of the six gateway MSAs
including Boston, Chicago, Los Angeles, New York, San Francisco, and Washington, D.C., and 0 otherwise.
Ratio of the total adjusted cost of all properties owned by the REIT in its home MSA to the total number
across all MSAs.

An indicator variable which equals to 1 if the Home concentration of a REIT is above sample median in a
particular year, and 0 otherwise.

REIT i has Umbrella Partnership REIT (UPREIT) or DownREIT status (Hartzell, Sun, and Titman, 2014).

The maximum of (1) the net book value (SNL Key Field: 221784), (2) the initial cost of the property (SNL Key
Field: 221778), and (3) the historic cost of the property including capital expenditures and tax depreciation
(SNL Key Field: 221782) (4) acquisition price (SNL Key Field: 220591), multiplied by a REIT’s ownership share
of the property.

Daily volume price impact during quarter t.

Natural logarithm of standard deviation of a firm’s stock returns over the 60 months preceding the
beginning of a current fiscal year.

Stock returns in the past twelve months.

Return on assets, NIQ/ATQ.

Cash and short-term investments (CHEQ) divided by total assets (ATQ).

WALL1 as in Gopalan, Kadan, and Pevzner (2012), or the proportion of cash and equivalents to the firm’s
lagged total assets, CHEQ/lagged ATQ.

Market-to-book ratio, (ATQ+PRCCQxCSHOQ-CEQQ)/ATQ.

Market capitalization, PRCCQxCSHOQ.

Sum of total long-term debt (DLTTQ) and debt in current liabilities (DLCQ) divided by total assets (ATQ).

Compustat Snapshot
Compustat Snapshot
SNL Financial

SNL Financial

SNL Financial
SNL Financial

CRSP Daily
CRSP Daily

CRSP Monthly

Compustat Quarterly
Compustat Quarterly
Compustat Quarterly

Compustat Quarterly
Compustat Quarterly
Compustat Quarterly
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Figure 1 — Time-series trend of spatial coefficients

This figure is the plot of the annual spatial coefficients (p) estimated from Equation (9). p is the coefficient of the fitted value of the spatial lags of Log(Amihud’s
illiquidity) estimated from Equation (8). Peaks are corresponding to 1997 Asian Financial Crisis, 2001 Dot-com bubble, 2008 Financial Crisis, and 2011 European
Sovereign Debt Crisis.

Spatial Coefficient

1998 2001 2008 2011
year
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Figure 2 — Equity Residential (EQR) vs. Essex Property Trust (ESS)

This figure shows the geographic distribution of the underlying properties of two REITs, Equity Residential (EQR) and Essex Property Trust (ESS). Properties held
by EQR is in red color and properties held by ESS is in blue. Panel A shows the nationwide distribution. Panels B, C, and D show the geographic overlap of
properties held by EQR and ESS in Seattle, San Francisco, and Los Angeles & San Diego markets, respectively.
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Table 1 — Summary statistics

This table includes the number of observations, mean, median, standard deviation, minimum, and maximum of variables
defined in the Appendix.

Variable Name # of Obs. Mean Median Std. Dev. Min Max
log(Amihud’s illiquidity) 7556 -5.505 -5.708 2.208 -10.694 6.328
Urban REIT 7556 0.470 0 0.499 0 1
Gateway REIT 7556 0.366 0 .482 0 1
High home conc 7496 0.497 0 0.500 0 1
Return volatility 7300 0.071 0.059 0.052 0.009 0.802
Momentum 7300 0.130 0.120 0.320 -0.936 6.744
Leverage 7543 0.497 0.504 0.158 0 1.021
Market-to-book 7537 1.298 1.233 0.324 0.510 3.677
Log(market cap) 7540 6.749 6.869 1.448 0.907 10.853
ROA 7528 0.007 0.007 0.015 -0.323 0.416
Cash 7543 0.029 0.013 0.056 0 0.999
Asset liquidity 7508 0.030 0.014 0.083 0 5.241
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Table 2 — Pairwise correlation

This table presents the pairwise correlations of variables defined in the Appendix. * indicates statistical significance of the coefficient at 1% level.

Variable Name (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
log(Amihud’s illiquidity) 1.0000

Urban REIT -0.0124 1.0000

Gateway REIT -0.0678*  0.6559* 1.0000

High home conc 0.1313* 0.2709* 0.1559* 1.0000

Return volatility 0.0257 0.0346* 0.0030 -0.0048 1.0000

Momentum -0.1116* 0.0009 0.0084 -0.0203 -0.1108* 1.0000

Leverage -0.0599* -0.0160 -0.0002 0.0604* 0.1017* -0.0166 1.0000

Market-to-book -0.3115*  0.0489* 0.0804* 0.0660*  -0.2443*  0.1958* 0.0519* 1.0000

Log(market cap) -0.9456*  0.0574* 0.1296*  -0.1319* -0.0726*  0.1079* 0.0399* 0.3743* 1.0000

ROA -0.0342*  0.0461* 0.0431* 0.0285 -0.2227*  0.0658*  -0.1823*  0.2655* 0.0727* 1.0000

Cash 0.1219* 0.1544* 0.1861* 0.0691* 0.0928* 0.0285 -0.1433*  0.0369*  -0.1000* -0.0052 1.0000

Asset liquidity 0.1078* 0.1018* 0.1188* 0.0519* 0.0719* 0.0189 -0.0744* 0.0178 -0.0870* -0.0081 0.6688* 1.0000
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Table 3 — Firm-level spatial analysis of REIT liquidity (IV regression)

This table presents our estimations of Equations (10), (11), (12), and (13). Columns (1) and (2) estimate Equations (10) and (11). Columns (3) and (4) estimates
Equations (12) and (13) with all variables interact with Urban REIT dummy. Columns (5) and (6) estimates Equations (12) and (13) with all variables interact with
Gateway REIT dummy. Columns (7) and (8) estimates Equations (12) and (13) with all variables interact with High home conc dummy. All variables are defined in
the Appendix. We cluster standard errors at firm level. *, **, and *** indicate statistical significance of the coefficient at 10%, 5%, and 1% levels.

Dependent variable: log(Amihud’s illiquidity)

(1) (2) (3) (4) (5) (6) (7) (8)

Spatial coefficient p 0.116*** 0.118*** 0.105*** 0.114*** 0.0853*** 0.0829** 0.106*** 0.108***
(3.73) (3.73) (3.29) (3.47) (2.65) (2.53) (3.30) (3.33)
Urban REIT 0.578%** 0.646***
(8.21) (8.59)
Urban REIT x WY 0.0579%** 0.0570***
(5.58) (5.45)
Gateway REIT 0.627*** 0.642***
(8.65) (8.39)
Gatewav REIT x WY 0.0786*** 0.0833**x*
(7.33) (7.71)
High home conc 0.169*** 0.170***
(2.73) (2.73)
High home conc x WY 0.0249** 0.0251**
(2.44) (2.46)
Return volatility 0.898*** 0.890*** 0.874*** 0.864*** 0.860*** 0.848*** 0.921*** 0.913***
(5.64) (5.55) (5.47) (5.38) (5.38) (5.27) (5.74) (5.65)
Momentum -0.057** -0.052** -0.0507** -0.0455** -0.0484** -0.0422* -0.0486** -0.0425*
(-2.58) (-2.35) (-2.25) (-2.02) (-2.15) (-1.88) (-2.15) (-1.88)
Leverage -0.201*** -0.172%** -0.207*** -0.169%** -0.201*** -0.167*** -0.229%** -0.203***
(-3.24) (-2.69) (-3.35) (-2.62) (-3.25) (-2.60) (-3.66) (-3.13)
Market-to-book 0.221*** 0.203*** 0.198*** 0.177*** 0.194*** 0.173*** 0.214*** 0.197***
(8.04) (7.26) (7.13) (6.27) (7.03) (6.17) (7.75) (7.00)
Log(market cap) -1.307*** -1.279%** -1.319%** -1.291%** -1.318*** -1.289%** -1.311%** -1.284***
(-113.14) (-98.46) (-114.44) (-98.81) (-113.96) (-98.89) (-112.71) (-98.05)
ROA -0.249 -0.145 -0.113 0.0148 -0.108 0.0127 -0.0959 0.0110
(-0.66) (-0.38) (-0.30) (0.04) (-0.29) (0.03) (-0.25) (0.03)
Cash 0.142 0.027 0.110 0.00148 0.152 0.0656 0.133 0.0188
(0.78) (0.14) (0.61) (0.01) (0.84) (0.36) (0.73) (0.10)
Asset liquidity 0.284*** 0.243*** 0.281*** 0.231*** 0.279*** 0.234*** 0.283*** 0.242%**
(3.27) (2.72) (3.26) (2.60) (3.23) (2.63) (3.26) (2.71)
Firm FE No Yes No Yes No Yes No Yes
Property Type FE Yes No Yes No Yes No Yes No
Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Number of obs. 7,276 7,276 7,224 7,224 7,224 7,224 7,224 7,224
R squared 93.41% 96.64% 93.37% 96.60% 93.48% 96.60% 93.29% 96.57%
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Table 4 — Pre- and Post-Decimalization (Apr. 2001)

This table presents the results of the estimation of Equations (10) and (11) for two subperiods: Pre and Post-Decimalization. All variables are defined in the

Appendix. We cluster standard errors at firm level. *, **, and *** indicate statistical significance of the coefficient at 10%, 5%, and 1% levels.

Dependent variable: log(Amihud’s illiquidity)

Pre-Decimalization

Post-Decimalization

Pre-Decimalization

Post-Decimalization

Spatial coefficient p

Return volatility
Momentum
Leverage
Market-to-book
Log(market cap)
ROA

Cash

Asset liquidity
Firm FE
Property Type FE
Quarter FE

Number of obs.
R squared

-0.099
(-1.44)
2.425%**
(4.43)
-0.041
(-0.61)
-0.205
(-1.59)
0.461%**
(6.50)
~1.253%**
(-57.29)
-0.985
(-0.93)
1.727%*
(2.04)
-0.431
(-0.73)

No
Yes
Yes
1,970
89.83%

0.241***

(6.17)

0.634***

(4.17)
-0.061**
(-2.84)
-0.268**
(-3.57)

*

*

0.173***

(5.37)
-1.294%*
(-93.94)
-0.336
(-0.93)
-0.452%*
(-2.50)

*

0.290%***

(3.74)

No
Yes
Yes
5,306
92.53%

-0.094
(-1.26)
2.377%%*
(4.21)
-0.016
(-0.24)
0.010
(0.07)
0.365%**
(4.80)
-1.104%**
(-37.60)
-0.684
(-0.65)
1.391*
(1.67)
-0.292
(-0.51)

Yes
No
Yes

1,970
95.22%

0.253%**
(6.38)
0.568%**
(3.72)
-0.054%*
(-2.58)
-0.198**
(-2.52)
0.145%**
(4.45)
-1.231%%*
(-75.34)
-0.231
(-0.65)
-0.687***
(-3.75)
0.240%**
(3.06)

Yes
No
Yes
5,306
97.06%
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