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Abstract

We examine property sell-offs by real estate investment trusts (REITs) and find that
investors respond favorably to sales of properties located close to a sell-off firm’s
headquarters. The negative relationship between the distance from headquarters and
cumulative abnormal returns (CARs) that we document exists only in non-gateway
markets, though; there is no such relationship in gateway markets. This finding
suggests that the positive effects of selling assets in small markets with high perceived
risk and limited growth opportunities dominates the negative effects of the efficiency
loss brought about by holding assets far away from home. This is the first study to
simultaneously examine the proximity of a firm’s underlying assets to its headquarters
and the location of individual assets in the context of asset sales. Our results are robust
to several measures of proximity (using geographic distance, in miles, between a firm’s
headquarters and its underlying assets or a nearby dummy for below-median distance),
to alternative market classifications, to the inclusion of various fixed effects and
controls for geographic concentrations (the Herfindahl index of how close to one
another the properties are located) and property performance, and to bargaining power
and business cycles.
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Introduction

The impact of geographic location on a real estate investment trust’s (REIT’s) perfor-
mance has been studied extensively.'

Many argue that firms can optimize their investments by holding assets located close
to home. The riskiness associated with the location of individual assets has, however,
been overlooked in previous studies that focus on geographic concentration. One
possible explanation for this omission is that it is difficult to tease out the effects of
the geographic proximity of individual assets to a firm’s headquarters from that of
property-portfolio concentration because the location-specific risk associated with
individual geographic exposures is diversifiable and is not priced in a portfolio context.

In this paper, we tackle these issues by examining investor reactions to asset sell-offs
by REITs. This is the first study that simultaneously examines proximity to headquar-
ters (the proximity effect) and the riskiness associated with the location of individual
assets (the location risk effect) in the context of asset sales. The efficiency gains a firm
realizes by holding assets located close to home implies that investors should react
negatively to nearby sell-offs. On the other hand, in general, assets located in larger
metropolitan markets face lower risk and perform better than assets located in smaller
and lower-tier markets, suggesting that investors should react positively if assets being
sold are located in small markets (e.g. Riddiough et al. 2005; Ling et al. 2019b).

Consider two sell-off cases in which investors face a trade-off between the proximity
effect and the location risk effect. In the first case, the firm disposes of distant assets
located in a large market with low perceived risk. In the second case, the firm disposes
of nearby assets located in a small and lower-tier market with high perceived risk. Will
the positive (negative) reaction to the sell-off in the low- (high-)risk market offset, or
even dominate, the negative (positive) reaction to the sell-off close to (far away from)
home? In short, will the location risk dominate the proximity effect? If so, the location
risk effect would seem to be more important than the proximity effect in the return-
generating process.

Our study differs from previous studies in two major respects. First, we examine the
proximity effect and the location risk effect simultaneously. Many studies have exam-
ined the effects of proximity to headquarters (or to other properties), but the evidence
remains inconclusive. For example, Ambrose et al. (2000) and Gyourko and Nelling
(1996) find that geographic concentration does not benefit firm performance. Hartzell
et al. (2014), Campbell et al. (2003), and Cronqvist et al. (2001) find a positive
relationship between concentration and firm value. A small but growing body of
literature suggests that differences in risk and return across metropolitan statistical
areas (MSAs) explain REIT returns (e.g. Ling et al. 2018b, 2019a; Zhu and Lizieri
2019). Using a hand-collected sample of property sell-offs, we add to this strand of the
literature by documenting the offsetting effects of proximity and location risk on firm
value.

The second factor that differentiates our study from the others is that most prior
studies focus on asset allocation at the property-portfolio level. These studies focus on

! To list a few: Ambrose, Ehrlich, and Hughes (2000), Gyourko and Nelling (1996), Hartzell et al. (2014),
Campbell et al. (2003), Cronqvist, Hogfeldt, and Nilsson (2001), Ling, Naranjo, and Scheick (2018, 2019),
Zhu and Milcheva (2018), Zhu and Lizieri (2019) and Milcheva et al. (2020).
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an average effect because the idiosyncratic risk from individual geographic exposures
is diversifiable in a portfolio context. In contrast, by studying investors’ reactions to
sell-offs of individual assets, we are able to examine the marginal effects of individual
locations while controlling for portfolio-level geographical concentration, property-
type concentration, and property performance. In other words, we focus on the
marginal effects of asset allocation while controlling for its average effects.

Equity REITs provide an ideal setting in which to analyze investor reactions to asset
sell-offs. By focusing on REITs we are able to collect a large panel of property-level
data with detailed information on location, property type, size, and value. Uncertainty
in the real estate sector involves primarily property type and location. This relative
simplicity makes REITs a plausible sample in which to evaluate the effects of prox-
imity to headquarters, which differs from evaluating the effects of concentration. While
this may be expected, our sample shows that REITs exhibit a wide dispersion of
properties that are not close by conventional measurements. For example, an average
REIT held properties in nineteen states in 2018. In addition, REITs operate under
restrictions that potentially help mitigate the likelihood of alternative explanations of
asset sell-offs, such as changes in corporate strategies (Kaplan and Weisbach 1992),
financing needs (Lang et al. 1995), and corporate governance (John and Sodjahin 2010;
John et al. 2011).2

To capture differences in risk-and-return profiles associated with location, we
classify asset locations into gateway and non-gateway MSAs following Pai and Geltner
(2007), Geltner et al. (2014), and Ling et al. (2018b, 2019a). Hartzell et al. (1987) find
that variations in risk exposures within commercial property markets are driven by
differences in an MSA’s economic base. Riddiough et al. (2005) suggest that assets
located in larger MSAs face lower risk than those located in smaller and lower-tier
MSAs.? As property performance is derived largely from local fundamentals, properties
generally perform better in markets with high growth opportunities, low cap rates, and
low risk premiums. For example, Feng et al. (2019a) find a positive correlation between
gateway MSAs and firm-level performance measures, including funds from operations
(FFO) divided by assets and Tobin’s Q. Ling et al. (2018b) also find that gateway
markets outperform non-gateway markets for all property types. In addition, gateway
markets are more liquid and transparent because of size and depth, which could drive
down risk premiums (see, for example, McAllister and Nanda 2015; Devaney et al.
2019).

As pointed out in Hartzell et al. (2014), property type is another major determinant
of asset productivity and value. In addition, noncore property types (e.g. self-storage,
strip centers, diversified, etc.) are also considered less transparent because they

2 REITs operate within a single asset class (because 75% of a REIT’s assets and income must come from real
estate—related assets), follow regulated dividend payout policies (because they are required to pay out 90% of
taxable income as dividends), feature high levels of institutional ownership (see Chan et al. 2003), and have
similar antitakeover provisions (because of the 5/50 rule and excess share provision).

* Riddiough et al. (2005) propose that adjusting the location differences might be important for reconciling the
differences between private and public real estate returns. This is because the NCREIF index is biased toward
larger assets located in first-tier markets while REITs hold a large percentage of their assets in lower-tier
markets. Ling, Naranjo, and Scheick (2018) suggest that the lower risk profile of larger MSAs reflects the
constraints that developers face in adding new supply. In other words, land supply elasticities (Saiz 2010)
could be positively correlated with ex-ante required rates of returns. Gateway markets have relatively inelastic
supplies and experience lower ex-ante risk premiums than non-gateway markets.
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represent small sectors (e.g. Chen et al. 2012; Ling et al. 2018b; Feng et al. 2019b). We
therefore classify asset types into core and non-core assets and perform additional
analyses that parallel those involving location.

We construct a panel sample of 1,943 firm-level (313,987 property-year) observa-
tions with detailed information on property type and location, taking sales, purchases,
and mergers and acquisitions into consideration. Based on all the sell-offs identified by
the S&P Global Real Estate (formerly SNL) Database, we find that a REIT firm is more
likely to sell off properties when its underlying property portfolio is dispersed far away
from its headquarters. Based on property-year observations, distant properties are more
likely to be sold within a firm. These results are consistent with the portfolio-level story
that the average effects of proximity on firm performance are positive.

Next, in our event study using a hand-collected sample of property sell-offs,
we find that market reactions (measured by cumulative abnormal returns, or
CARs) are negatively associated with distance from headquarters. This result
seems contradictory to those reported in previous studies that concentration
enhances firm value at the property-portfolio level. Further investigation sug-
gests however that this negative relationship between CAR and proximity to
headquarters is driven entirely by sell-offs in non-gateway markets, indicating
that investors reward dispositions close to home where there is high risk and
growth opportunities are relatively limited. These results suggest that, when we
consider the marginal effects based on sell-offs, the quality of asset location (a
proxy for riskiness and investment opportunities) is relatively more important
than proximity to headquarters.

Firm-level sell-off decisions are endogenous and subject to selection bias, as firms
are self-selected as sellers. One commonly used approach to mitigating this concern is
constructing a matched sample of non-sell-off firms by using propensity-score
matching (PSM) to control for firm characteristics. Selection bias may also, however,
occur at the property level. Property-level selection bias arises within a firm mainly as a
result of location and property type, as many studies have documented that location and
property-type concentrations affect liquidity and firm performance (Cronqvist et al.
2001; Capozza and Seguin 1999; Hartzell et al. 2014; Danielsen and Harrison 2007).
Conditional on the probability of a sell-off at the firm level, a REIT firm tends to
dispose of distant properties, and a REIT that specializes in offices is less likely to
dispose of its office properties than other types of REITs. In other words, assets being
sold might be fundamentally different from those being held.

We address this selection problem with a two-stage sequential decision-making
process. In the first stage, we estimate the likelihood of asset sell-offs at the firm level.
In the second stage, we estimate the likelihood of property-level sell-offs, conditional
on firm-level sell-off decisions. A matched sample is generated based on joint proba-
bilities, which is the product of the estimated firm-level sell-off probability and the
property-level conditional probability. This research design should help us mitigate
double selection bias at both the firm and property levels.

Based on a matched sample while controlling for both firm-level and property-level
selection biases, we still find that investors respond more negatively to distant sales.
Most importantly, this negative relationship is driven by sell-offs in non-gateway cities.
Our results are robust to alternative discrete-choice models (logit and probit), matched
samples (i.e. based on firm level only and on both the firm and property levels), weights
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(by the number of sell-offs and by the number of underlying properties), and model
specifications. Lastly, we conduct a battery of tests of bargaining power, alternative
classifications of markets, and business cycles, and conclude that our findings are
robust.

Overall, this study contributes to the previously mentioned literature on the rele-
vance of geography. To the best of our knowledge, this study is the first in the REIT
literature to simultaneously examine proximity to headquarters and asset location per
se. Asset location is one of the most important determinants of the value of REITs.
Controlling for well-documented geographical and property-type concentration as well
as property performance, our results highlight the importance of variations in risk
across geographic classifications. Our sample of asset sell-offs by REITs with detailed
information on more than 300,000 property-year observations spanning a 16-year
sample period makes it possible for us to investigate the double endogeneity and
selection bias problems at both the firm level and the property level using a sequential
choice model. Our findings lead us to propose a new perspective and suggest that it is
important to consider variations in risk and return associated with the location of
individual assets.

The remainder of the paper is organized as follows. In Section 2 we describe our
sample construction and variable measurement. In Section 3 we discuss our results.
Section 4 concludes.

Data and Sample Construction
REIT Underlying Properties

We construct a comprehensive panel dataset of historical property holdings at the firm
and property levels based on the S&P Global Real Estate Properties Database and
Factiva news searches for property dispositions. Specifically, we start with the most
current properties held and track backward through historical property acquisitions and
dispositions. To account for delisting and IPOs, we follow Feng et al. (2011) and
compile a comprehensive list of U.S. public equity REITs identified by the National
Association of Real Estate Investment Trusts (NAREIT).4

Our final sample includes 1,943 firm-year observations and 313,987 property-
year observations for the period running from 2003 through 2018. We make use of
this panel dataset in three steps. First, we identify sell-offs at the firm level to
examine whether geographically dispersed firms are more likely to sell off prop-
erties. Second, we investigate sell-offs at the property level to examine whether
properties located farther from headquarters are more likely to be sold than closer
properties. Lastly, based on the predicted likelihood of sell-offs from the first two
stages, we estimate propensity scores to construct a treatment sample of firms with
sell-off events and a control sample consisting of firms without sell-offs but for
which sell-offs are similarly likely.

4 The FTSE NAREIT US Real Estate index contains all Equity REITs except those designated as Timber
REITs or Infrastructure REITs. Updated annually, the list starts in 1993, which is deemed a symbolic year at
the beginning of the modern REIT era (Feng et al. 2011), and runs until the present.
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Sell-off Events and Cumulative Abnormal Returns (CARs)

We hand-collect major sell-off events with reported transaction amounts greater
than $20 million, following Campbell et al. (2006).> Specifically, we search in
Factiva to collect news announcements on property sales by REITs. Based on
Intelligent Indexing®, Factiva links Dow Jones News Search (DJNS) articles to
companies that are the subjects of the articles. Because of Intelligent Indexing,
Factiva is considered effective for identifying articles that are relevant to
specific companies. By conducting rigorous searches of (1) the Wall Street
Journal, (2) the Dow Jones Newswire, and (3) Business Wire, we gather
2,914 articles on property sell-offs by REITs for the period running from
January 1, 2003 through December 31, 2018.

For each sell-off event, we define an event date as the first trading day on
which a sell-off announcement appears in any of the three abovementioned
publications if the announcement is made prior to 3:59 p.m. If the announce-
ment is made after 3:59 p.m., we use the next trading day as the event date.
Events are deleted if there were any other major corporate announcements
during the event window. The sample selection process gives us 309 property
sell-offs. We hand-collect detailed information on sale purpose and the use of
sale proceeds. After deleting observations that lack property-level information,
our final example includes 293 sell-off events.

We compute CARs using the CRSP value-weighted market index, excess
returns of small caps over big caps (SMB), excess returns of value over growth
(HML), and a momentum factor as systemic-risk factor loadings. We follow
Wiley (2013) and use an estimation period that includes one year of stock
returns and ends 50 trading days before event windows. Event windows include
(1) the trading day before an asset sale (-1, 0), (2) the trading day when the
asset sale occurs (0, 0), (3) the trading day after the asset sale (0, +1), (4) the
trading day before the asset sale until the trading day after (-1, +1), (5) five
trading days before the asset sale until the trading day before the asset sale (-5,
-1) and (6) five trading days before the asset sale until five trading days after
the asset sale (-5, +5).

Data on deal sizes are verified manually by matching Factiva search results with
EDGAR SEC filings. We obtain stock-price data from CRSP and financial data from
the CRSP/Compustat Merged Database.

> Although we are able to identify 1,943 firm-year observations of sell-offs based on S&P Global, in our event
studies we rely on hand-collected sell-off events following Campbell et al. (2006) instead of using S&P Global
for several reasons. First, while we are able to track changes in property portfolios, we do not know if a
reduction in a portfolio is a real sell-off event because the purposes of these changes are not stated. For
example, some portfolio reductions happen in cases of property exchanges, mergers, or acquisitions. Second,
S&P Global includes asset sale dates but not announcement dates. Using the transaction (completion) dates
from S&P Global for an event study is problematic because some transactions were announced several months
before they were completed. For example, Highwoods sold 39 office properties in a transaction in 2005. The
S&P Global transaction date for this transaction is July 22, while the announcement date is June 6. Third, the
S&P Global database does not identify major sell-off events that are economically meaningful enough to
influence trading. Small transactions convey little economic significance to firms. Lastly, as stated in
Campbell et al. (2006), when examining CARs, it is important to control for deal-level information, which
requires hand-coding from news searches.
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88 C.Wang, T. Zhou

Distance and Geographic Concentration

We follow Coval and Moskowitz (1999 and 2001) and calculate firm—property distance
as the arc length (in miles) between the location of a property sold (or held) and the
headquarters location of the seller (owner).® We then calculate the mean and median of
firm—property distances for each firm-year observation because REITs hold multiple
properties. Similarly, we calculate the mean and median for each transaction because,
in most of cases, multiple properties were sold in each sell-off transaction.

Average Distance;, = — > d;
T = (1)
Median Distance;; = median; (d,-j)

where dj; represents the firm—property distance, and 7, equals the number of properties
sold or held by firm i at time 7 (i.e. the year or event date).

In property-level regressions, we define a Nearby dummy that equals one if a property
is located in the same MSA as the firm’s headquarters and zero otherwise. We also re-run
all the tests after defining the Nearby dummy using within 100 miles or the same state as
the standard. The results are qualitatively similar and can be provided on request.

We calculate property-level geographic concentration as a Herfindahl Index:

M
Geographic Concentration;, = 3. (Pi,,,1,,)2 (2)

m=1

where P; ,, ; equals the proportion of the total adjusted cost of REIT i’s properties
located in MSA m as of the beginning of year 7. The adjusted cost of a property is
defined by S&P Global as the maximum of (1) the reported book value, (2) the initial
cost of the property, or (3) the historical cost of the property, including capital
expenditures and tax depreciation.” Property-type concentration is calculated in a
similar way by substituting the proportion of properties located in a given MSA with
the proportion of properties invested in a given property type.

Results

Firm-level and Property-level Asset Sales

We start our analysis by examining (1) whether REITs holding distant properties are
more likely to sell off assets and (2) whether distant asset properties are more likely to

© Specifically, the arc length, dy;, for each underlying property j sold (or held) by firm i is defined as: dj;
= arccos(deg uion) X % where degjq o, = cos(lat;) x cos(lon;) x cos(laty) x cos(lon;) + cos(lat;) * sin(lon;) X
cos(lat)) x sin(lon;) + sin(lat;)  sin(lat)). Lat and lon are property and headquarters latitudes and longitudes
provided by S&P Global Real Estate Database, and r is the radius of the earth (=3,959 miles).

7 The use of adjusted cost or book value in place of unobservable true market values may understate the
(value-weighted) percentage of a REIT’s portfolio invested in MSAs that have recently experienced relatively
high rates of price appreciation. Conversely, its use may overstate the percentage of a REIT’s portfolio in
MSAs that have experienced relatively low rates of price appreciation.
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be disposed of. We run the following regressions:

P(seller = 1),, = f3, + (3 Distance Proxies; -1 + (3,Geographic Concentration, ,
+ +3;Property Type Concentration, ,_;
+ B4Property—level Operating Efficiency; ,
+ BsFirm—level Operating Efficiency,, | + B¢Size; -
+ 3;Debt Ratio; | + BgTobin's Q;,_, + B¢Cash; |
+ ByoSales Growth; | + 3, Coverage;
+ B1,Momentum; , | + Firm Fixed Effects

+ Year Fixed Effects + ¢, (3)

P(ppty sold = 1), ;, = ~y, + 7 Distance Proxies; ;-1 + v, Nearby, ;|
+ 7, Gateway; ;, | + y3Diverse; ;-1 + 7,Age;
+ vsCore; j -1
+ Firm Fixed Effects (or Property type Fixed Effects)

+ Year Fixed Effects + ¢;, (4)

Our outcome variable in Equation (3) equals one if REIT firm i disposes of any
properties in year ¢ and zero otherwise. Our test variables are distance proxies,
as defined in Section 2. To control for portfolio-level concentration, we include
Geographic Concentration and Property-Type Concentration, following Hartzell
et al. (2014) and Ling et al. (2019b). Feng et al. (2019b) highlight operating
efficiency as an important channel through which geographic diversification
may affect firm value. We hence include both Property-level Operating Effi-
ciency (NOI divided by total assets) and Firm-level Operating Efficiency (FFO
divided by total assets) in the regressions.® We follow the related finance and
real estate literature (e.g. Campbell et al. 2006; Lang et al. 1995;
Warusawitharana 2008) and compute our baseline control variables, including
Size, Debt Ratio, Tobin’s Q, Cash, Sales Growth, Coverage, and Momentum.
Firm fixed effects and year fixed effects are included in the regressions. All
variables are defined in Appendix 1.

Our outcome variable in Equation (4) equals one if property j was disposed of by
REIT firm 7 in year ¢ and zero otherwise. We further include Nearby as an additional
distance proxy. Nearby is a dummy variable that takes the value of one if property j is

& Capozza and Seguin (1999) suggest that Property-level Operating Efficiency can be expressed as the sum of
FFO, general administration costs, and interest expenses, all divided by total assets.
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located in the same MSA as the seller’s headquarters and zero otherwise. Diverse is a
dummy variable that equals one if the property type of property j differs from firm i’s
major property type and zero otherwise. We include firm fixed effects (or property-type
fixed effects) and year fixed effects.

Equations (3) and (4) serve as a premise in our later investigation of the impact of
asset location on shareholder wealth maximization. As our full sample includes more
than 300,000 property-year observations, we are not able to identify the purpose of
each disposition because of the massive amount of data involved. Here we define
property disposition by comparing changes in property holdings regardless of purpose.
This weakness is addressed in our event-study analysis that we describe in Section 3.2,
in which we are able to identify a clean dataset of property sell-offs by searching and
reading through news articles.

Table 1, Panel A, shows summary statistics. Our sample includes 1,943 firm-
year and 313,987 property-year observations. For an average REIT firm, the
average holding distance of its underlying properties is about 809 miles. As
seen in Figure 1, we find that, on average, REITs are becoming more geo-
graphically dispersed over time, as characterized by rising holding and sell-off
distance. In 2003, the average holding distance was less than 691 miles; this
measure increased to 916 miles in 2018. Put differently, although REITs prefer
to hold nearby properties, they will become more dispersed as they seek
growth, especially during an expansionary time for the industry (Feng et al.
2019b).

Property holdings are highly concentrated in terms of property type, with a
median concentration measure (defined in Section 2) of 0.87. Compared with
property-type concentration, REIT firms exhibit much lower geographical con-
centration. The median Geographic Concentration is only 0.38. These measures
are consistent with those reported in Hartzell et al. (2014). Property-level
statistics suggest that about 21% of assets are located in gateway markets,
while 43% of assets are core property types.

Our firm-level results shown in Panel B suggest that, even after controlling
for geographical concentration and property-type concentration, the proximity of
holding properties to headquarters still matters in REIT sell-off decisions.
REITs are more likely to sell off properties if the average holding distance is
greater. Based on results in Model (2), a one-standard-deviation increase in
distance from headquarters is associated with a 28% increase in sell-off prob-
ability, holding other variables at their means. The sell-off probability is higher
among REITs with lower geographic concentration, suggesting that ex-ante
geographically concentrated REITs are likely to be in an equilibrium state,
where dispositions of nearby assets are unlikely to take place. Consistent with
Hartzell et al. (2014), the role of property-type concentration is insignificant.
Consistent with Feng et al. (2019b), the coefficients of operating efficiency are
positive, indicating that greater operating efficiencies are associated with geo-
graphic diversification. However, these coefficients are not statistically signifi-
cant. Other controls have the expected signs: larger firms that have higher debt
ratios, lower Tobin’s Q, and lower sales growth are more likely to dispose of
properties. Our results are robust to a linear probability model and alternative
discrete choice models (logit and probit).
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Fig. 1 Trends in sell-off and holding distances (defined by S&P Global) of REITs. This figure shows time-
series trends in REIT sell-off and holding distances for the period running from 2003 through 2018. Sell-off
(holding) distance is defined as the average distance (in miles) between a REIT’s headquarters and the
properties sold (owned) by that REIT

Panel C provides evidence at the property level: the greater the distance from
headquarters, the more likely a property is to be sold.” This finding is robust to
alternative measures of distance proxies, as coefficient estimates of Firm-Prop-
erty-Distance and Nearby are statistically significant across models. Property-
type fixed effects allow us to address concerns that our results are driven by
property-type-specific unobserved heterogeneity. Importantly, the coefficients of
Gateway are negative and statistically significant in all model specifications,
suggesting that properties in prime locations with low perceived risk and better
performance are less likely to be sold. In addition, older properties and prop-
erties that differ from a firm’s core property type are more likely to be sold.
Multifamily and industrial properties are more likely to be disposed of than
other types.

These property-level results are in line with prior literature. For example,
REITs tend to specialize in operating single types of property or in more narrowly
focused geographic areas (Capozza and Seguin 1999; Campbell et al. 2003;
Hartzell et al. 2014; Ro and Ziobrowski 2012). An underlying property is more
likely to be sold if it is of a different type from that of the majority of a REIT’s
underlying properties or is located in an area that is farther from headquarters than
the majority of its properties.

% It is noted that the tendency among firms to hold nearby properties and dispose of distant properties does not
imply that the average distance from the underlying properties to headquarters declines over time. As our
paper focuses on dispositions, we do not examine acquisitions. It is possible that the average distance (in
miles) between a firm’s underlying assets and its headquarters remains stable (or even increases) through
mergers, acquisitions, and property exchanges.
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Market Reactions to Equity REIT Property Sell-offs

The main objective of this study is to examine the role of asset location and shareholder
wealth maximization through REIT property sell-offs using an event-study methodol-
ogy. The results reported in Panel A of Table 2 summarize the annual frequency, total
value, and average deal size of property sell-offs from 2003 through 2018. Our final
sample includes 309 transactions with a total value of approximately $63 billion. The
average deal size is $205 million. The number of sell-offs and the average deal size
plummeted around the Global Financial Crisis (GFC) in 2008 and 2009."°

We next divide our sample by property type and stated use of the proceeds of sales
and report results in Panel B, Table 2. The largest group by property type comprises
office and industrial properties (46.9%). Approximately 33% of the sell-off firms do
not announce the use of sale proceeds. Among sell-offs with stated purposes, the largest
group uses proceeds to fund acquisitions (22.4%), mixed-use projects (12.7%), and
reduce debt (11.7%). Only 2.6% (3.6%) of sell-offs use proceeds to distribute dividends
(to repurchase shares).!!

Panel A, Table 3 shows summary statistics on CARs based on six event windows, (-
1,+1), (-1,0), (0,0), (0,41), (-5,45) and (-5,0), which represent the one-day before, day
of, one-day ahead, three-day, eleven-day, and six-day windows, respectively. All CARs
are positive and significant at the 5% level. The mean in our three-day window (-1, 1) is
0.50%, which is close to the 0.8% reported in Campbell et al. (2006).

To obtain the results reported in Panel B, row (1), we separate our asset sales into
two groups. We assigned an asset to the above-median (below-median) group if its
distance from headquarters is greater (smaller) than the median of our sample of asset
sales. We find that CARs in the below-median group are double those in the above-
median group. By further dividing our asset sales into distance quartiles in Appendix 2,
we find a monotonically decreasing pattern across distance quartiles. In addition, CARs
are statistically significant only in the first two quartiles.

At first glance, this negative relationship between distance and CARs seems con-
tradictory to prior research that finds that concentration enhances firm value because of
increased (firm-level) operating efficiency. It is, however, worth noting that investor
reactions to asset sales capture a marginal effect of proximity on firm value. In contrast,
most previous studies using property portfolios examine average effects. In other
words, by using property portfolios to examine the relationship between concentration
and firm value, researchers assume that the idiosyncratic risk from individual geo-
graphic exposures is diversifiable. Thus, there may be offsetting effects based on cross-
sectional heterogeneity because assets are heterogeneous and contribute differently to a
firm’s productivity. For example, a positive CAR does not reflect the effects of distance
alone, it also reflects the likelihood of the property’s bad performance or the risks
associated with the asset location. Although we do not observe the performance (e.g.
net operating income) of every single property, we do observe two major determinants

1% In unreported results, there were 68 unique sellers (defined by their CRSP PERMNOs), of which 32
appeared only once while 17 appeared more than three times.

"' In our sample, the breakdown by property type is qualitatively similar to that deployed in Campbell et al.
(2006), who examine equity REIT property sell-offs between 1992 and 2002. The breakdown by the use of
sale proceeds is different, though, from that reported in Campbell et al. (2006), as the largest group in our more
recent sample use sales proceeds to acquire funds.
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Table 2 Property sell-offs by equity REITs, 2003-2018

Panel A: Property Sell-offs by Equity REITs, 2003-2018

Year Total Number of Total Value (Million  Average Deal Size (Million
Transactions USD) USD)

2003 16 1,676 105
2004 16 1,395 87
2005 15 2,072 138
2006 22 6,990 318
2007 17 3,828 225
2008 2 235 117
2009 8 514 64
2010 3 1,228 409
2011 13 2,359 181
2012 17 3,582 211
2013 19 3,414 180
2014 33 7,354 223
2015 42 12,121 289
2016 42 8,438 201
2017 18 4,307 239
2018 26 3,701 142
Total 309 63,213 205
Panel B: Property Sell-offs by REIT Type and Stated Use of Proceeds, 2003—2018
Category N %
Sell-offs by REIT Property

Type
Multi-Family 37 12.0
Office and/or Industrial 145 46.9
Diversified 24 7.8
Shopping Center or 38 12.3

Regional Mall
Other 65 21.0
Total 309 100
Sell-offs by Stated Use of Proceeds
Fund acquisitions 69 224
Mixed use 39 12.7
Reduce long-term debt 31 10.1
Reduce short-term debt 5 1.6
Repurchase shares 11 3.6
Distribute dividends 8 2.6
Other 42 13.6
Not stated 73 334
Total 309 100

This table characterizes a sample of property sell-offs by U.S. equity REITs for the period running from 2003
through 2018 with sale prices exceeding USD 20 million. Panel A presents decompositions of property sell-
offs by year. Panel B presents compositions of property sell-offs by REIT property type and by stated use of
sale proceeds. Information on selling REITs by property type comes from S&P Global Financial and
information on the indicated use of proceeds is obtained from press releases
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Table 3 Market reactions to equity REIT property sell-offs

Panel A: Cumulative Abnormal Returns (CARs)

N CAR % Negative t-stat z-stat
CAR (-1, +1) 309 0.50%** 44.72 2.60 1.74
CAR (-1, 0) 309 0.38%* 45.03 2.72 1.63
CAR (0) 309 0.32%* 47.20 2.57 0.85
CAR (0,+1) 309 0.45%* 45.65 2.39 1.41
CAR (-5, +5) 309 0.48%** 43.79 2.54 2.08
CAR (-5, 0) 309 0.69%* 43.17 2.39 2.30
Panel B: CAR (-1, 1) by Distance, Location, and Property Type

N Mean Std Dev Q1 Median Q3

(1) By Distance to HQOs
Below Median 146 0.67 4.42 -1.20 0.41 2.61
Above Median 147 0.31 3.96 -1.69 0.37 2.53
(2) By Gateway versus Non-Gateway
Non-gateway 146 0.79 431 -1.30 0.70 2.85
Gateway 147 0.22 3.96 -1.69 0.20 243
(3) By Core versus Non-Core
Non-core 146 0.70 4.44 -1.14 0.64 2.67
Core 147 0.28 3.94 -2.06 0.33 2.51

Panel C: Double Sorting CAR (-1, 1) by Distance-Location and by Distance-Property Type
(1) By Distance and Gateway

Nearby=1 Nearby=0 Mean Difference
Gateway=1 0.65 0.42 0.24 (=0.36)
Gateway=0 1.18 -0.25 1.43%* (¢=2.20)
(2) By Distance and Core

Nearby=1 Nearby=0 Mean Difference
Core=1 0.33 0.24 0.08 (=0.12)
Core=0 1.01 0.38 0.62 (=0.85)

This table presents summary statistics on cumulative abnormal returns (CARs). Panel A presents CARs based
on six event windows, (-1,0), (0,0), (0,1), (-1,1), (-5,5), (-5,0), which represent, respectively, the one-day
before, day-of, one-day ahead, three-day, eleven-day, and six-day windows. Panel B shows comparisons of
CARs in the three-day window, our main variable of interest, in subsamples sorted by (1) distance to
headquarters, (2) gateway versus non-gateway, and (3) core versus non-core. Panel C shows double-sorting
results by (1) distance and gateway and (2) distance and core. *, ** and *** denote statistical significance at
the 10%, 5% and 1% levels, respectively

of the property’s risk-and-return profile: location and property type (Hartzell et al.
2014; Ling et al. 2019b)."?

For asset location, we focus on gateway and non-gateway MSAs. Conventional
wisdom suggests that assets located in larger metropolitan markets are subject to lower
risk than assets located in smaller and lower-tier markets (Riddiough et al. 2005; Ling
et al. 2019b). In addition, Feng et al. (2019b) find a positive correlation between

12 In addition, we control for property age because, on average, older properties are more costly to run.
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gateway MSAs and performance measures, including FFO divided by assets and
Tobin’s Q. For property type, relative to small sectors (e.g. data centers, diversified),
core property types are associated with higher transparency and lower risk (Chen et al.
2012; Feng et al. 2019b).

As such, we next split the sample along these two dimensions and compare the
differences. For asset location, we follow Pai and Geltner (2007), Geltner et al. (2014)
and Ling, Naranjo, and Schieck (Ling et al. 2018a; Ling et al. 2019a) and separate our
sample into two groups, Gateway and Non-gateway, depending on the location of (the
majority of) sell-off properties. Gateway cities include Boston, Chicago, Los Angeles,
New York, San Francisco and Washington, D.C. For property type, we classify our
sample into Core (apartments, industrial, office, retail) and Non-Core property types
(e.g. Chen et al. 2012; Ling et al. 2018b; Feng et al. 2019D).

The results reported in Panel B, rows (2) and (3) suggest that CARs are significantly
higher for Non-gateway and Non-Core. By double-sorting CAR (1) by Nearby and by
Gateway and (2) by Nearby and by Core in Panel C, the results further reveal that the
negative relationship between distance and CARs is driven by dispositions in Non-
gateway cities because the CAR difference is statistically significant in the non-
gateway group but not in the gateway group. We do not find reliable evidence that
property types drive the results as there is no statistically significant difference in either
core or non-core groups. This is likely because the majority of sell-offs consist of core
property types (see Table 2 Panel B) and because the performance differences between
core and non-core property types are mixed."

Market Reactions to Asset Sales, Proximity to Headquarters, and Asset Location

Our preliminary investigation suggests that the negative relationship between
distance and CARs is driven by dispositions in non-gateway cities, suggesting
that investors value the quality of a location relatively more highly than its
proximity to headquarters. To further investigate this issue, we conduct multi-
variate analysis while controlling for concentrations, operating efficiency, and
other firm-level characteristics. We restrict our analysis to the event window (3
days) to avoid potential overlap with other events, e.g. mergers and acquisi-
tions. All concentration and fundamental variables are constructed on a quar-
terly basis and lagged by one quarter. Panel B of Appendix 1 lists the variable
definitions. Appendix 3 presents summary statistics.

The model of the impact of distance on market reactions with firm fundamentals is:

CAR = (3, + [, Distance Proxies + (3,Geographic Concentration

+ (;Property type Concentration + 3, Property—level Operating Efficiency

+ BsCash + (4Size + (3,Debt + GgCoverage + B9T0bin,s Q+e¢
(5)

13 In fact, most non-core property types outperform core types in terms of returns and NOI growth. See the
following Seeking Alpha link: https://seekingalpha.com/article/4276161-core-vs-non-core-reits-much-ado-
nothing.
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where Distance Proxies include average and median firm-property distance as de-
scribed in Equation (1). As continuous distance measures might be driven by outliers,
we use a preferred binary measure of distance, Nearby, which equals one if median
distance in Equation (1) is shorter than the sample median of the 293 sell-offs and zero
otherwise. It is noted that our results remain unchanged when we define the nearby
dummy based on the full sample instead of the sell-off sample.

Models (1)~(3) in Panel A, Table 4 are estimated using the full sample of 293 sell-
off events. We find that investors react negatively to distant sales: all three distance
proxies are statistically significant. The effect is also economically significant. The
standard deviation of average (median) distance is 0.531 (0.576), as seen in Appendix
3. The coefficient estimate on average (median) distance is -1.371 (-1.016) in Model (1)
(Model (2)), suggesting that a one-standard-deviation increase in average (median)
distance is associated with a decrease in CARs of 1.371*0.531= 0.73 (1.016*0.576=
0.59) percentage points, or 73 (59) basis points. Geographic concentration, property-
type concentration, and property-level operating efficiency are insignificant in all the
model specifications, suggesting that the effects of distance and location on share-
holders’ wealth are not likely to be confounded by concentration or property perfor-
mance. Coefficient estimates of other control variables are suppressed for brevity.

In Models (4)—(9), we separate the sell-off sample by gateway and non-gateway
markets. We find that the distance coefficients are significant only in the non-gateway
subsample, consistent with the univariate results in Table 3. Thus, the factor that drives
the negative relationship between distance and CARs is the asset location per se after
controlling for concentration measures, operating efficiency, and other firm fundamen-
tals. For example, the positive (negative) reaction to the sell-off in the low (high) risk
market offsets the negative (positive) reaction to the sell-off close to (far away from)
home. The concentration measures have expected negative signs, suggesting that both
appear to be value-enhancing. Interestingly, like distance, geographic concentration is
significant only in the non-gateway subsample, confirming that proximity is of second-
order importance relative to asset location per se.

To obtain the results reported in Panel B, we use our full sample and include Nearby,
Gateway, and interaction between the two. We also include Core and interaction
between Core and Nearby for the purpose of comparison.

CAR = f3, + (3, Distance Proxies + (3,Gateway + (3;Core
+ [,Gateway *Distance Proxies + 35Core*Distance Proxies
+ B¢Geographic Concentration + 3,Property type Concentration
+ (¢ Property—level Operating Efficiency 4+ Firm Fundamentals
+ Additional Controls + Property Type Fixed Effect + Year Fixed Effect
+e (6)
where Firm Fundamentals include our baseline controls for firm fundamentals (FF) in

Models (1-3). Additional Controls include source of fund (SF) in Models (4-6), use of
fund (UF) in Models (7-9) and deal-level determinants (DD) in Models (10-12)
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following the literature (e.g. Lang et al. 1995; Campbell et al. 2006; Wiley et al. 2012;
Wiley 2013). Appendix 1 Panel B summarizes the variable definitions.

Regarding SF, we control for funding generated from the proceeds of an asset sale
and/or from capital markets. UF indicates how funding raised by a property sale is
spent. For example, such funding can be used to retire debt, be distributed as preferred
and/or common dividends, and/or be invested in new projects. SF and UF are likely to
affect ex-post sell-off stock performance. For instance, firms paying out proceeds are
typically poor performers and highly levered; managers are self-interested and might
pursue their own objectives. Therefore, including these two sets of controls helps to
control the effects of our variable of interest, distance, and location measures, from
financing and investment activities.

Deal-level characteristics include hand-collected information on purpose of sale and
usage of sale proceeds. Geographic Focus is an indicator variable that equals one if the
stated goal of a particular asset sale is to adopt a geographically focused asset allocation
strategy and zero otherwise. This variable further controls for the confounding factors
that might correlate with the distance proxies, i.e. our test variables. While the
concentration measures reflect the levels of the corresponding Herfindahl Indices, the
Geographic Focus dummy proxies for change in concentration, but in a timely
manner—once a sell-off is announced to the public, the value is known. This caveat
is especially useful when a firm disposes of properties multiple times within a year.
Moreover, Geographic Focus might be correlated with the distance proxies, and
neglecting it might lead to a spurious relationship between distance proxies and post-
sell-off stock performance. Also, as shown in Campbell et al. (2006), other information
from news announcements, such as transaction amount (deal size), reduction of long-
term debt (URLTD), and usage of a 1031 exchange clause (EXCH), significantly
predicts post-sell-off stock returns. These variables are important as they reflect
investors’ expectations for asset sell-offs and thus can affect post-sell-off stock perfor-
mance. In all model specifications, we include property-level operating efficiency to
control for property performance.

In Panel B, the reported coefficient estimates of Nearby are positive while the
coefficient estimates of Nearby x Gateway are consistently negative in all model
specifications. This finding suggests that investors react positively (negatively) to a
nearby (distant) sale. This effect is however muted by sell-offs in gateway cities
because we fail to reject the null hypothesis that the coefficients on Nearby and the
interaction term are jointly zero (see the row “F-stat: 5, + 3, =0)”. In other words, the
negative relationship between CAR and distance to headquarters exists only in non-
gateway cities, consistent with our previous findings reported in Table 3 and 4. These
findings suggest that investors reward dispositions close to home only when home
markets are non-gateway cities where the perceived risk is relatively high and growth
opportunities are relatively limited. Again, this is not inconsistent with the previously
mentioned finding that property concentration (or home concentration) is value-
enhancing at the portfolio level (an average effect) because our sell-off analysis
captures a marginal effect on the trade-off between proximity to home and the quality
of asset location. In other words, properties in gateway markets are more likely to have
better performance than those in non-gateway markets. This finding highlights the
importance of the perceived ex-ante risk and fundamentals associated with location as
the location risk effect dominates the proximity effect.
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104 C.Wang, T. Zhou

Matched Sample Based on a Two-stage Sequential Model of Asset Sell-off Decisions

Our regression results suggest that investors react more positively to sell-offs of nearby
assets. Selection bias may occur at the firm level, however, even after controlling for a
large set of factors that might affect the abnormal returns of asset sell-offs, because we
observe the CAR—distance relationship only among firms that self-select to become
sellers. For example, firms that are relatively financially constrained and those holding
more geographically dispersed properties are more likely to become sellers, as shown in
Table 1 Panel B. A possible solution is to construct a matched sample of firms with
characteristics that are similar to those of sell-off firms. However, one complication
arises because, given that a sell-off is likely to be carried out at the firm level, selection
bias may occur at the property level because assets being sold might differ fundamen-
tally from those being held, as shown in Table 1 Panel C. As a result, selection bias is
likely to occur at the property level; firm-level matching is not sufficient to mitigate this
problem.

To check for selection bias, in Table 5 we show the results of comparing (1) a
treatment sample of 292 firm-year (2,063 property-year) observations in sell-off events
identified by Factiva news searches with (2) a comparison sample of all firm-years in
the COMPUSTAT database, excluding sell-off firms that are identified in the S&P
Global full sample (9,131 firm-year and 1,631,859 property-year observations).'* In the
last two columns we report #test statistics of the mean differences between sell-off
firms and non-sell-off firms as well as their statistical significance.

The “firm-level” comparison suggests a stark and significant difference between
these two groups: sell-off firms are larger, have better operating performance prior to a
sell-off, and hold more debt and less cash. These findings are consistent with those
reported in Campbell et al. (2006) and Warusawitharana (2008). The “property-level”
comparison suggests that sell-off firms adopt a “pecking order” and tend to dispose of
distant properties (Landier et al. 2009; Petersen and Rajan 2002; and Liberti and
Petersen 2019). If an underlying property is different from the majority of a REIT’s
properties, it is more likely to be disposed of. In addition, sell-off firms tend to hold
properties in gateway cities and of core property types. Breaking down the underlying
properties by type, there is a large discrepancy in property composition between
treatment firms and control firms: firms are more likely to dispose of office, multifam-
ily, and industrial properties. Together, the comparisons between the sell-off and non-
sell-off subgroups suggest that it is important to control for heterogeneities at both the
firm level and the property level.

We construct our matching sample based on a two-stage sequential decision-
making process, in which the first stage involves estimating the likelihood that an
asset sell-off occurs at the firm level and the second stage involves estimating,
conditional on the firm-level sell-off, the likelihood that a property will be sold
within the firm. The first stage involves estimating Equation (3) using the sample
used to generate results reported in Panel B of Table 2. The second stage involves
estimating Equation (4) except that the outcome variable becomes P(ppty sold = 1|
seller =1); ; , instead of P(ppty sold=1); ; ,. The joint probability is the product of

'* Here, the treatment sample is constructed based on sell-off events identified in Factiva news searches and
differs from the sell-off sample based on the S&P Global full sample discussed in Section 3.1.
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Table 5 Firm-level and property-level comparisons between the treatment sample (sell-off firms) and the
comparison sample (non-sell-off firms)

(1) Treatment (firms with sell- (2) Comparison sample excluding (1)-(2)
off events) sell-off firms
N Mean Median Std N Mean Median Std #stat
Dev Dev
Firm-level
Geographic 292 0476 0372 0309 9,131 0.451 0.322 0304 137
Concentration
Property-Type 292 0.824 0904 0202 9,131 0.868 1 0.225 -331 ***
Concentration
Property-level Operating 292 0.020 0.019  0.005 9,131 0.023 0.022 0.010 -5.43 ek
Efficiency
Firm-level Operating 292 0.012 0.012 0.007 9,131 0.012 0.012 0.011 -0.78
Efficiency
Log (Firm Size) 292 8.167 8221 0.892 9,131 7.051 7.295  1.567 12.10
Debt Ratio 292 0497 0.501 0.126 9,131 0.490 0.492 0.200 0.66
Tobin’s Q 292 1288 1.228 0.263 9,131 1.440 1.299 0.524 -4.92 ek
Cash 292 0.029 0.015 0.042 9,131 0.052 0.024  0.096 -4.19
Sales Growth 292 4713 1.735 23.36 9,131 7.724 2.833 7439 -0.69
Coverage 292 3376 2930 2377 9,131 5.044 2.855 3454 -0.82
Momentum 292 0.073 0.071 0226 9,131 0.098 0.088 0.259 -1.60
Pct gateway 292 0449 0382 0319 9,131 0318 0.175 0.319 6.92  #**
Property-level
Hold Time 2,063 9.131 8 6.411 1,631,859 6.583 4 7.607 14.44 ek
Nearby 2,063 0.504 1 0.500 1,631,859 0.491 0 0.500 -5.70
Core 2,063 0.750 1 0.433 1,631,859 0.135 0 0.342 81.61 %k
Diverse 2,063 0.330 0 0.470 1,631,859 0209 0 0.406 13.54 *#*
Age 2,063 2145 19 15.32 1,631,859 22.17 19 16.44 -1.88 *
Gateway 2,063 0.208 0 0.406 1,631,859 0.172 0 0377 437 ek
Office 2,063 0.306 0 0.461 1,631,859 0.050 0 0.219 52.82 *#**
Multifamily 2,063 0.103 0 0.304 1,631,859 0.018 0 0.133 29.06 **
Industrial 2,063 0.230 0 0.421 1,631,859 0.033 0 0.179 49.66 ***
Retail 2,063 0.164 0 0370 1,631,859 0351 0 0.477 -17.82 %k
Other 2,063 0.197 0 0.398 1,631,859 0.547 1 0.498 -31.95

The results reported in this table allow us to compare firm-level statistics for (1) a sample of REITs with asset
sales identified based on Factiva news searches from 2003 through 2018 (i.e. the treatment sample) and (2) a
comparison sample that consists of all firm in the COMPUSTAT database except for those involving sell-off
firms that disposed of properties on the event date. Property-level statistics compare (1) a sample of properties
sold by REITs identified based on Factiva news search from 2003 through 2018 (i.e. the treatment sample) and
(2) a comparison sample which consists of all properties in the S&P Global Real Estate Database except for
those being sold on the event date. All variables are as defined in Appendix 1. In the last column we report t-
test statistics and statistical significance. *, ** and *** stand for the 10%, 5% and 1% significance levels,

respectively
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estimating the firm-level sell-off probability and the property-level conditional
probability.

P(ppty sold :Tseller =1),,,= P(sellz}—f\: 1);, x P(ppty sold :/1\|seller =1)

it

()

where P(ppty sold =1, seller = 1), ; ,is the joint probability that property j is disposed of
by firm i in transaction at time ¢, P(seller = 1), ,is the probability of a sell-off by firm i in
transaction ¢, and P(ppty sold=1|seller=1); ; , is the conditional probability that
property j held by firm i is disposed of, given that P(seller=1); ,= 1.

We calculate the propensity score for a given firm-transaction by aggregating the
predicted joint probabilities at the property level as an average predicted probability, as
shown below.

J
2. P(ppty sold = 1, seller = 1)

, J
Propensity Score;, =

ijit

. , (8)
To construct our control sample, we calculate the absolute differences between the
average predicted probabilities (propensity scores) of firms in our sell-off sample (the
treatment group) and those in the comparison sample. We then rank the absolute
differences and keep firms in the comparison group using the nearest neighborhood
with 1:1 replacement (Rosenbaum and Rubin 1983). The match is performed for each
firm-transaction observation.

Table 6 presents results based on the propensity-score matched sample (the
sell-off sample and the control group) using four PSM methods, including logit,
probit, and logit and probit with weights equal to the inverse of the number of
properties held by firm i in year . We examine the covariate balance between
the treatment and control samples to ensure that the observable dimensions of
the matched pairs are similar, except for their sell-off propensities. Untabulated
results show that the differences in means (based on #-tests) are insignificant for
all the control variables except size. The absence of significant differences
between the variables suggests that the covariates are balanced across the
treatment and control groups and that differences between the matched pairs
based on these observed variables are not likely to confound our estimates of
the treatment effects.

In Table 6, Panel A (Panel B), we show the propensity-score matched sample
results of regressing three-day CARs on Distance (Nearby). Distance is the
arithmetic average firm-property distances of all the properties disposed of by
sellers (or held by the matched firms prior to the asset sell-off). Nearby equals one
if more than half of the properties sold are located in the same MSA as the seller’s
headquarters and zero otherwise. The coefficient estimates of Distance (Nearby)
are negative (positive) and statistically significant, consistent with previous find-
ing that firms selling more distant properties performed worse. When we add
additional controls for sources of funds (SF in Models (5-8)) and uses of funds
(UF in Models (9-12)), our results are still robust. The insignificant coefficients on
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Sell-off suggests that we are able to match the probability of sell-offs for the
treated and control groups.'”

In Table 7, we show matched-sample results by gateway and non-gateway subsam-
ples. Again, the negative relationship between distance and CARs exists only among
property sell-offs in non-gateway cities. There is no such relationship involving sell-
offs in gateway cities.

Robustness Tests
Search Costs and Bargaining Power

One might argue that managers possess better information on and bargaining power
over nearby assets, and that these sell-offs are more profitable; thereby, sales of these
assets generate more favorable market reactions. In addition, distant buyers face higher
search costs than, and have an information disadvantage compared with, nearby
investors. Therefore, the abnormal returns could simply come from extra gains
realized by the sellers resulting from search costs and bargaining power. To
investigate this potential threat, we follow Harding et al. (2003) and Ling et al.
(2018a) and run the following regression model:

CAR =

fin(Distance Proxies, DB—DS, DB + DS, Geographical Concentration, Property Type Concentration, other contols)

©)

where DB (DS) is a dummy variable for distant buyers (sellers), defined as the buyer-
property (seller-property) distance greater than the sample median.'®

The test variable is DB — DS which takes values of -1, 0 or +1. A value of 0 means
the buyer and seller do not differ in proximity to the sell-off property. A value of -1 (+1)
means that the buyer (seller) has greater bargaining power and a lower search cost. If
the positive reaction to nearby sell-offs can be explained by the search costs incurred by
distant buyers or the bargaining power of local sellers, or both, we expect to find a
positive coefficient of DB — DS. Following Harding et al. (2003), it is important to add
DB+ DS as a control because omitted variables that explain the selling price might be
correlated with buyer—seller attributes.

Although our estimation model differs from models used in prior studies that model
the transaction price as a function of hedonic characteristics and enter bargaining power
as an additive term, we argue that our estimation model in Equation (9) is effective in
testing the alternative explanation of bargaining power. Specifically, the estimation in
Harding et al. (2003) is:

'3 The reported results are based on a matched sample of treated firms that actually sold off properties and
control firms with similar sell-off propensities. The control group (firms without sell-offs) should be similar to
the treated group (i.e. firms with sell-offs) to estimate what would have happened to the treated group if it had
not received the treatment (i.e. sell-offs). In other words, finding that CARs are significantly positive across all
the models suggests that we failed to match the sell-off firms with the control firms for which sell-offs did not
take place. Also, we do not include the gateway variable because it is used as one of the covariates in
matching.

16 1f the sell-off consists of multiple buyers/properties, we use the median distance to define DB and DS.
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Table 7 Matched Sample Results, Gateway versus Non-gateway

Panel A: matched sample from Logit Panel C: matched sample from Logit with weights
logit
All Gateway=0 Gateway=1 All Gateway=0 Gateway=1
()] @ (©)) ()] @ 3
Sell off 0.593 -0.069 1.127* Sell off 0.258 0.103 0.031
(1.23) (-0.10) (1.88) (0.55) 0.17) (0.03)
Distance -0.980%**  -1.223%%% 0512 Distance -0.831%#* -0.798**  -0.947
distance distance
(-2.91) (-2.83) (-0.78) (2.42) (222 (-1.03)
Controls Yes Yes Yes Controls Yes Yes Yes
Prop-type FEs  Yes Yes Yes Prop-type FEs  Yes Yes Yes
YR FEs Yes Yes Yes YR FEs Yes Yes Yes
R squared 8% 19% 12% R squared 11% 14% 20%
Obs. 506 252 254 Obs. 506 252 254
Panel B: matched sample from Probit Panel D: matched sample from Probit with weights
All Gateway=0 Gateway=1 All Gateway=0 Gateway=1
()] @ (€] ()] @ 3
Sell off 0.489 0.080 1.576* Sell off 0.527 0.642 0.211
(1.13) 0.14) (1.98) (1.27) (1.08) (0.34)
Distance -0.345%  -0.549**  -0.175 Distance -0.545%  -1.175% -0.132
distance distance
-1.78)  (-2.00) (-0.31) (-1.68)  (-1.84) (-0.55)
Controls Yes Yes Yes Controls Yes Yes Yes
Prop-type FEs  Yes Yes Yes Prop-type FEs  Yes Yes Yes
YR FEs Yes Yes Yes YR FEs Yes Yes Yes
R squared 9% 18% 20% R squared 8% 14% 15%
Obs. 506 252 254 Obs. 506 252 254

This table presents matched sample results. The dependent variable is cumulative abnormal returns (CARs)
over three days around sell-off announcements, CAR (-1,1). Sell-off indicates whether a particular firm
disposes of properties on an event date. Distance is the test variable, which is defined as the arithmetic
average firm-property distances of all the properties disposed of by sellers (or held by the matched firms prior
to asset sell-offs). Results are based on all samples for Model (1), the gateway subsample for Model (2) and the
non-gateway subsample for Model (3). Six metropolitan areas are defined as “gateway” markets: Boston,
Chicago, Los Angeles, New York, San Francisco and Washington, D.C. Panels A through D present results
using sell-offs and matched samples from sequential logit, sequential Probit, and sequential logit with weights
models, and a sequential Probit with weights model, respectively. All models include controls for firm
fundamentals, property-type fixed effects, and year fixed effects. Coefficient estimates and ¢ statistics based
on robust standard errors (in parentheses) are reported. *, **, and *** indicate significance for the coefficient
at the 10%, 5%, and 1% levels, respectively

P=sC+ b(Dseller_Dbuyer) 4 d(Dseller_Dbuyer) +e (10)
where P is the transaction price, sC measures the expected sale price—the bundle of
characteristics C multiplied by a vector of corresponding shadow prices, s—and Dseller

(Dbwer) measures the effects of the seller’s (buyer’s) bargaining over P. In our study,
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Dseller (Dbuyer) js measured by DS (DB). As abnormal profits can be estimated by the
difference between the transaction price, P, and the expected sale price, measured by
sC, it is easy to see that Equation (10) can be re-written by subtracting sC from both
side of the estimation equation, i.e.

Abnormal Profit = b(DS"””*Db”y ) +d (D“’””*Db“y”) +e€ (11)

where Abnormal Profit=P —sC. The alternative explanation builds on a positive
correlation between CAR and the profitability of a sale reflecting search costs and
bargaining power, implying the existence of a positive relationship between CAR and
bargaining power.

We hand-collect the locations of buyers and sellers from the news search.'!” Results
reported in Appendix 4 suggest that distance-induced search costs and bargaining
power do not drive our results: the sign of the coefficient estimate of DB — DS is the
opposite of that predicted by the alternative explanation and is statistically
insignificant.'®

Alternative Classification of Market Tiers

We next run robustness tests using alternative market classifications. We divide
all the MSAs into two groups based on the classification provided by S&P
Global Market Intelligence, CoStar, and the NAREIT. “Large” markets include
Atlanta, Boston, Chicago, Los Angeles, New York, San Francisco, Washington
DC, Austin, Dallas, Denver, Houston, Nashville, Phoenix, San Jose, Seattle,
and Tampa (i.e. their primary and secondary markets); “Small” markets include
the rest of the MSAs (i.e. their tertiary markets and others)."? Compared with
our previous classification of gateway and non-gateway markets, this alternative
classification includes additional markets with robust employment and demand.
Therefore, we should observe a similar pattern, as shown in Panel B of Table 4,
our baseline results. In addition, as these additional markets are relatively
smaller than the gateway markets, we should observe a larger coefficient of
the interaction term. Results reported in Appendix 5 are consistent with our
expectations: the results we derive from both univariate and multivariate anal-
yses are highly similar, and the interaction coefficients reported in Panel B
become larger in magnitude.

17 This exercise is performed based on a sell-off sample for the 2003 through 2013 period, which consists of
154 sell-off events. We retrieve buyer information from CoStar or the news articles. The sample size is further
reduced to 56 because of missing buyer information. We are not able to include hedonic characteristics
because in most of the cases, the characteristics of individual properties and their transaction prices were not
disclosed.

'8 In a related exercise, we test whether anchoring to the buyer’s home market price level explains the results.
Following Ling, Naranjo, and Petrova (2018) and Liu et al. (2015), and using an approach similar to the
approach we used to construct DB and DS, we construct a dummy variable indicating whether the buyer
(seller) is from an expensive market, defined as the median price in the buyer’s (seller’s) home market that is
above the sample median. By taking the difference between the two dummies and controlling for the sum, we
find that the coefficients are never statistically significant. Results are not tabulated and but are available upon
request.

19 We are not able to apply three tiers because of insufficiently many sell-off events in the secondary markets.
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Subsample Tests based on Business Cycles

The business cycle might exert differential effects on small and large MSAs and
potentially drive the previously documented comparative results for gateway and
non-gateway markets. When facing economic downturns, REITs located in smaller
(non-gateway) MSAs are subject to higher external capital costs, and thus are more
likely to dispose of quality assets to raise funds. If assets being sold by financially
insolvent REITs in non-gateway markets differ from those sold in the non-crisis period,
our previous findings might be spurious, and one should observe an increase in the
abnormal returns on Post-Recession sell-offs in non-gateway MSAs. To test the
robustness test of this finding, we use the fall of Lehman Brothers (May 28, 2009) as
the cut-off point. Sell-offs occurring prior to May 28, 2009 are defined as Pre-
Recession sell-offs; the remaining sell-offs are defined as Post-Recession sell-offs.
We find little evidence that our previous findings are affected by business cycles.

Conclusion

While the relationship between asset location and firm value has been studied exten-
sively, there are intriguing aspects that we have not yet understood. On the one hand,
firms possess an informational advantage when they invest in nearby assets. On the
other hand, the risks and fundamentals associated with the locations of the assets could
affect asset performance and firm value.

In this paper, we examine a hand-collected sample of REIT asset sell-offs as an ideal
setting in which one can simultaneously examine proximity to headquarters (the
proximity effect) and the riskiness associated with the location of individual assets
(the location risk effect). We can identify the locations of individual properties owned
or transacted by REITs using the S&P Global Real Estate Database, allowing us to
examine the marginal effects of location on firm value (as compared with the average
effects calculated in prior studies). In addition, this setting mitigates the impact of
confounding effects, such as portfolio-level concentration and property performance.
As sell-off decisions are made endogenously at the firm level and the property level, we
apply a two-stage sequential decision method to mitigate selection bias based on a large
and unique panel dataset of more than 300,000 property-year observations spanning a
16-year sample period.

Our findings suggest that there is a negative relationship between the distance from
the seller’s headquarters to the sale properties and post-sell-off stock market reactions.
Most importantly, this finding appears only among sell-offs in non-gateway markets,
suggesting that the location risk effect dominates the proximity effect as the positive
(negative) reaction to a sell-off in a low (high) risk market is larger than the negative
(positive) reaction to a sell-off close to (far away from) the seller. This result is not
sensitive to the alternative specifications of sell-off distance or alternative sets of
controls and is consistent based on the matched sample using the two-stage sequential
decision method. Our results are robust to alternative explanations documented in the
literature, including the imbalance between information advantage and bargaining
power between buyers and sellers and the heterogeneity of asset quality sold in Pre-
and Post-recession periods.
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Overall our paper contributes to current research on the geography of finance by
suggesting that the risks and fundamentals associated with the locations of the assets
are important determinants in shareholder value.
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Appendix 1

Table 8 Variable Definitions

Variable Name Definition Data Source

Panel A: Variable Definitions in Regressions of Property Sell-offs
Firm-level variables

Average Holding Mean of firm-property-year distances (in miles) at the firm level =~ S&P Global
Distance

Geographic Herfindahl Indexes of each REIT’s property weights (based on S&P Global
Concentration properties’ adjusted costs) across eight geographic regions
defined by S&P Global
Property-Type Herfindahl Indexes of each REIT’s property weights (based on S&P Global
Concentration properties’ adjusted costs) in each of the five property types,
including office, multi-family, industrial, retail, and all others
Log (Firm size) Logarithm of the annual reported book value of total assets (AT) Compustat
Annual
Property-level Net operating income (NOI) divided by total assets (AT) S&P Global
Operating Compustat
Efficiency Annual
Firm-level Operating Funds from Operations (FFO) divided by total assets (AT) S&P Global
Efficiency Compustat
Annual
Debt ratio The sum of total long-term debt (DLTT) and debt in current Compustat
liabilities (DLC) divided by total assets (AT) Annual
Tobin’s Q Total assets (AT) plus the market cap (PRCC_CxCSHO) minus ~ Compustat
common equity (CEQ), all divided by total assets (AT) Annual
Cash Cash and short-term investments (CHE) divided by total assets Compustat
(AT) Annual
Sales Growth Annual percentage change in total revenue (REVT) Compustat
Annual
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Table 8 (continued)

Variable Name Definition Data Source

Coverage Interest coverage ratio, which equals income before extraordinary Compustat
items (IB) divided by the sum of preferred dividends (DVP) and Annual
interest and related expense (XINT)

Momentum Past 12-month stock returns CRSP monthly

Property-level variables

Firm-property-year ~ Geographic distance (in miles) between the historical headquarters S&P Global,

distance location of a holding company and one of its underlying Compustat
properties Snapshot
Nearby An indicator variable that equals one if a property owned by one  S&P Global

firm is located in the same location as the firm’s headquarters in
a specific year and zero otherwise

Diverse An indicator variable that equals one if the property type of the ~ S&P Global

property being disposed of differs from the core property type
and zero otherwise

Core An indicator variable that equals one if a property is classified as S&P Global
office, multifamily, industrial, or retail and zero otherwise

Age Building age S&P Global

Gateway An indicator variable that equals one if a property is located in S&P Global

Boston, Chicago, Los Angeles, New York, San Francisco or
Washington, D.C. and zero otherwise

Property-type Five property-type indicator variables include (1) “office,” (2) S&P Global
indicators “multi-family,” (3) “industrial,” (4) “retail,” and (5) “others”

Panel B: Variable Definitions in Regressions of Sell-off Abnormal Returns

Distance Proxies

Average distance Average firm-property distance defined in Equation (1). S&P Global
Median distance Median firm-property distance defined in Equation (1). S&P Global
Nearby A dummy variable that equals one if the median distance is shorter S&P Global
than the median of the sell-off sample and zero otherwise.
Concentration
Adjusted Cost The maximum of (1) net book value (S&P Global Key Field: S&P Global
221784), (2) the initial cost of the property (S&P Global Key
Field: 221778), and (3) the historic cost of the property includ-
ing capital expenditures and tax depreciation (S&P Global Key
Field: 221782) (4) acquisition price (S&P Global Key Field:
220591), multiplied by a REIT’s ownership share of the prop-
erty.
Geographic Herfindahl Indexes of each REIT’s property weights (based on ~ S&P Global
Concentration properties” adjusted costs) across eight geographic regions
defined by S&P Global.
Property Type Herfindahl Indexes of each REIT’s property weights (based on S&P Global
Concentration properties’ adjusted costs) in each of the five property types,

including office, multi-family, industrial, retail, and others.

Controls for Firm Fundamentals

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

Log (Firm Size) Logarithm of annual reported book value of total assets (ATQ) Compustat
Quarterly
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Table 8 (continued)

Variable Name Definition Data Source
Property-level Net operating income (NOI) divided by total assets (AT) S&P Global
Operating Compustat
Efficiency Annual
Debt The sum of total long-term debt (DLTTQ) and debt in current Compustat
liabilities (DLCQ) divided by total assets (ATQ) Quarterly
Coverage The interest-coverage ratio, which equals income before extraor- ~ Compustat

dinary items (IBQ) divided by the sum of preferred dividends Quarterly
(DVPQ) and interest and related expenses (XINTQ)

Tobin’s Q Total book assets (ATQ) plus the market cap (PRCCQ*CSHOQ) Compustat
minus common equity (CEQQ), all divided by total book assets Quarterly
(ATQ)
Controls for Sources of Funds
Gain Reported gain or loss generated from the sale of a property Compustat
(SRETQ) in millions of USD. Quarterly
Equity Issues Total new long-term debt issued (DLTISY) in millions of USD.  Compustat
Quarterly
Debt Issues Total proceeds from the sale of common and preferred stocks Compustat
(SSTKY) in millions of USD. Quarterly
Controls for Use of Funds
Delta Debt The difference in debt reduction from the previous quarter Compustat
(DLTRSY) divided by the total long-term debt (DLTTQ). Quarterly
Delta Preferred The difference in preferred dividends paid from the previous Compustat
quarter (DVPQ) divided by total liabilities (LTQ). Quarterly
Delta Common The difference in cash dividends paid from the previous quarter ~ Compustat
Equity (DVQ) divided by the market cap (PRCCQ x CSHOQ). Quarterly
Delta Investment The difference in increased investments from the previous quarter Compustat
(IVCHQ) divided by total long-term investments (IVLTQ). Quarterly
Controls for Deal-level Variables
Geographic Focus An indicator variable that equals 1 if the stated goal of a particular Factiva
asset sale is geographic focus and 0 otherwise.
URSTD An indicator variable that equals 1 if proceeds from sales are Factiva
announced to be used to reduce short-term debt.
URLTD An indicator variable that equals 1 if proceeds from sales are Factiva
announced to be used to reduce long-term debt.
Pay Div An indicator variable that equals 1 if proceeds from sales are Factiva
announced to be distributed as dividends.
EXCH An indicator variable that equals 1 if a 1031 tax-free exchange is Factiva
used.
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Appendix 2

Table 9 CAR (-1,1) by Distance Quartile

Distance to (1) 2) 3) “) 5) (6) (7) (8)
HQs
# of Avg. CAR CDA #of Deal Size  # of Appraisal
sell-offs distance  (-1,1) t-stat Ppties (USD Ppties Value (USD
(in mile) Sold mil) Held mil)
Q1 (025t 74 101.00 1.01#** 6319 316 11,767 7455 10,336
percentile)
Q2 (2550t 73 354.13 0.46%* 2433 763 15,172 9,941 9,857
percentile)
Q3 (50th-75th 73 745.92 0.29 1.194 581 13,760 13,887 10,630
percentile)
Q4 73 1382.96 0.13 0.891 405 17,893 15276 10,982
(751100t
percentile)

This table presents summary statistics for sell-offs sorted into four quartiles based on firm—property distances.
Statistics include (1) number of sell-offs, (2) average distance, (3) 3-day CARs, (4) t-stats of CAR (5) number
of properties sold, (6) deal size, (7) number of properties held, and (8) property appraisal value. *, ** and ***
denote statistical significance at the 10%, 5% and 1% levels of Portfolio Time-Series (CDA) ¢ statistics,
respectively

Appendix 3

Table 10 Summary Statistics — Market Reactions to Asset Sales

N Mean Median Std. Dev.
Distance Proxies
Average Distance (in 1,000 miles) 293 0.644 0.508 0.531
Median Distance (in 1,000 miles) 293 0.564 0.423 0.576
Nearby 293 0.270 0 0.445
Property-level Characteristics/Performance
Non-core 293 0.573 1 0.495
Non-gateway 293 0.307 0 0.462
Concentration
Geographic Concentration 293 0.477 0.372 0.310
Property--Type Concentration 293 0.824 0.904 0.202
Controls Variables
Firm Fundamentals
Property-level Operating Efficiency 293 0.019 0.019 0.005
Cash 293 0.029 0.015 0.042
Firm Size 293 8.172 8.221 0.896
Debt Ratio 293 0.498 0.501 0.126
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Table 10 (continued)
N Mean Median Std. Dev.
Coverage 293 3.374 2.922 2.373
Tobin’s Q 293 1.288 1.227 0.263
Source of Fund
Gain 293 8.845 0 32.08
Debt Issues 293 672.8 300 1408
Equity Issues 293 114.2 5.359 266.7
Use of Fund
Delta Debt 293 0.251 0.148 0.470
Delta Preferred 293 0.038 0.026 0.058
Delta Common Equity 293 0.003 0.001 0.015
Delta Investment 293 0.086 0.050 0.108
Other Deal-level Characteristics
Geographic Focus 293 4.595 4.500 1.060
URSTD 293 0.134 0 0.341
URLTD 293 0.017 0 0.130
EXCH 293 0.096 0 0.295
Pay Dividend 293 0.058 0 0.235
Recession 293 0.027 0 0.164
This table includes summary statistics for variables used in Table 4
Appendix 4
Table 11 Tests of Alternative Explanations — Bargaining Power
CAR (-1, 1) (€] @ (©)) (C)
Average distance -2.650*
(-1.98)
Median distance -3.320%*
(-2.28)
Nearby 4.802%*
(2.28)

DB - DS -0.368 -1.623 -2.115 -0.599

(-0.32) (-1.05) (-1.32) (-0.49)
DB + DS 1.613 3.723%%% 4.409%** 2.199%**

(1.61) (3.53) (3.86) (2.85)
Geographic Concentration 5.251 6.051%* 6.717#%* 6.715%*

(1.63) (2.39) (2.89) (2.39)
Property-Type Concentration 0.397 2.296 2.557 1.232

0.15) (0.81) (0.93) 0.45)
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Table 11 (continued)

CAR (-1, 1) (€] @ 3 ()]
Cash 10.451 8.610 7.430 12.870
(0.98) (0.89) (0.84) (1.26)
Firm Size (Inrsize) 0.457 0.801%* 0.898** 0.545
0.97) (2.06) (2.62) (1.12)
ROA 172.738%** 190.164##* 168.447%* 231.639%**
(2.15) (2.83) (2.24) (3.14)
Debt Ratio (dassets) 1.177 -1.719 -1.489 0.897
(0.15) (-0.23) (-0.22) (0.11)
Coverage -1.719%* -1.919%#* -1.694%* S22 Tk
(-2.14) (-2.90) (-2.30) (-3.14)
Tobin’s Q -1.910 -1.792 -2.091 -2.967
(-0.97) (-0.93) (-1.15) (-1.53)
DC -1.196 -1.596 -1.911 -1.885
(-1.02) (-1.36) (-1.65) (-1.69)
Intercept -4.477 -5.671 -6.190 -5.707
(-0.89) (-1.28) (-1.50) (-1.16)
R Squared 22% 34% 38% 31%
Number of Obs 56 56 56 56

This table presents regression results of tests for bargaining power as an alternative explanation. The
dependent variable is cumulative abnormal returns (CARs) over three days around sell-off announcements,
CAR (-1,1). DB (DS) is an indicator variable for distant buyer (distant seller) that equals one if the distance
between the sell-off property and the buyer’s HQ (seller’s HQ) is greater than the sample median. DB — DS
(DB+DS) is the difference between (the sum of) DB and DS. Other variables are defined as in Appendix 1

Appendix 5

Table 12 Robustness Tests —Alternative Classification of Market Tiers

N Mean Std Dev Q1 Median Q3
Panel A: CAR (-1, 1) by Distance, Location, and Property Type
(1) By Gateway versus Non-Gateway

Non-gateway 146 0.79 431 -1.30 0.70 2.85
Gateway 147 0.22 3.96 -1.69 0.20 2.43
(2) By Large versus Small

Small 146 0.64 447 -1.24 0.39 2.76
Large 147 0.31 3.85 -1.94 0.36 2.48
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Table 12 (continued)

CAR (-1, 1) Q)] 2 3) (C))
Controls for Firm Adding Controls Adding Controls for ~ Adding Controls for
Fundamentals for Source of Use of Funds(UF) Deal-level Determinants
(FF) Funds (SF) (DD)

Nearby 1.493% 1.309 1.486* 1.58 7%
(1.86) (1.54) (1.83) (1.99)

Large 0.024 0.031 0.026 0.018
0.22) (0.28) (0.23) (0.13)

Nearby x Large  -1.032%* -1.051%* -1.033%* -0.924%*
(-2.08) (-2.11) (-2.07) (-2.12)

F-stat: 5,+04=0 0.30 0.08 0.27 0.62

Controls FF FF+SF FF+UF FF+DD

Property FEs Yes Yes Yes Yes

Year FEs Yes Yes Yes Yes

R Squared 0.203 0.212 0.204 0.218

Number of Obs 293 293 293 293

This table presents regression results using alternative classifications of market tiers. We divide all the MSAs
into two groups based on the classification provided by S&P Global Market Intelligence, CoStar, and the
National Association of Real Estate Investment Trusts (NAREIT). “Large” markets include Atlanta, Boston,
Chicago, Los Angeles, New York, San Francisco, Washington DC, Austin, Dallas, Denver, Houston,
Nashville, Phoenix, San Jose, Seattle, and Tampa (i.e. their primary and secondary markets); “Small” markets
include the remaining MSAs (i.e. their tertiary markets and others). We use the results reported in Panel A to
compare CARs in the three-day window, our main variable of interest, in subsamples sorted by (1) gateway or
non-gateway, reproduced from Panel B of Table 3 for comparison, and (2) large or small. For Panel B, the
dependent variable is cumulative abnormal returns (CARs) over three days around sell-off announcements,
CAR (-1,1). Regression results include controls for firm fundamentals (Model (1)), firm fundamentals and
source of fund (Model (2)), firm fundamentals and use of fund (Model (3)) and firm fundamentals and deal-
level characteristics (Model (4)). Control variables are lagged by one quarter. All models include controls,
property-type fixed effects, and year fixed effects. Coefficient estimates and ¢ statistics based on robust
standard errors (in parentheses) are reported. *, **, and *** indicate significance for the coefficients at the
10%, 5%, and 1% levels, respectively
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