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Abstract
Conditioned geographical clustering is the strategy of grouping portions of a 
REIT’s property portfolio within a contiguous region to exploit economies of 
scale through spatial proximity. This paper examines the impact of conditioned 
geographical clustering on REIT operational efficiency and value. Our results 
suggest REITs create value by employing a strategy of property clustering and 
that operational efficiency is the primary channel through which increases in 
value are achieved. In addition, results suggest conditioned geographic clus-
tering mitigates the REIT geographical diversification discount. Our findings 
support an optimal degree of property clustering within the 5th to 35th percen-
tiles of the sample distribution and suggest the optimal cluster size has a radius 
between 50 and 75 miles.

Keywords REIT property clustering · REIT efficiency · REIT economies of scale · 
REIT value · REIT conditioned geographical clustering

Introduction

Equity Real Estate Investment Trusts (REITs) are firms designed to manage 
portfolios of income-generating real estate with a regulatory mandate of distrib-
uting 90% or more of their earnings to shareholders in the form of dividends 
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to maintain their pass-through tax status.1 The primary goal of a REIT man-
ager is to effectively and profitably operate real estate assets; therefore, man-
agers must seek ways to enhance their operational efficiency to increase firm 
value and shareholder wealth. The existing literature suggests REITs often pro-
duce gains in value by exploiting cost-reducing strategies and improving man-
agement effectiveness. Strategies include exploiting economies of scale through 
expanding their property portfolio or property-type specialization, maximiz-
ing output from the minimum and correct proportions of inputs (technical and 
X-efficiency), and/or reducing overall expenses relative to operational revenues 
(operational efficiency). Research finds evidence favoring some of these strate-
gies while suggesting other strategies produce mixed results (e.g., Beracha et al., 
2019a; Highfield et al., 2021; Nicholson & Stevens, 2021). We extend the REIT 
literature by examining if conditioned geographical clustering, a strategy of 
grouping portions of firm’s property portfolio within a functional radius, pro-
duces gains in operational efficiency and firm value that are distinct from other 
scale economies gains such as those from size, property type concentration, or 
agglomeration. 2

We hypothesize REITs systematically and strategically create dense, contigu-
ous property groups to exploit economies of scale benefits such as enhanced local 
market expertise and cost reductions associated with general and administrative 
expenses such as property maintenance, supervision, and management. The posi-
tive effects of property clustering partially explain why REITs that acquirebetter 
reflect the more controllable  property portfolios reconfirming a geographical focus 
experience positive wealth effects, as reported by Campbell et al. (2003). We expect 
efficiency improvements to be more significant as REITs select the correct propor-
tion of their portfolios to cluster and hypothesize there is an optimal cluster size, in 
terms of the number of properties and area of the cluster, that maximizes operational 
efficiency and firm value. We also hypothesize economy of scale benefits from clus-
tering mitigate the geographical diversification discount, allowing RETs to benefit 
from more geographically dispersed portfolios.

To test our hypotheses, we geolocate all properties owned by equity REITs 
between 1993 and 2019 and identify property clusters using an unsupervised learn-
ing algorithm that defines clusters based on a pre-specified distance radius and clus-
ter size. Our results suggest moderate property clustering significantly improves 
REIT operational efficiency relative to REITs with extremely high or low degrees 
of clustering. We also find moderate degrees of property clustering are associated 
with higher REIT valuations. Specifically, we find REITs with a degree of cluster-
ing between the 5th and 35th percentile of the clustering distribution to experience 
the most significant efficiency and firm value increases. Based on these results, we 
conclude efficiency gains created by employing a functional strategy of conditioned 

2  Agglomeration economies refers to benefits from spatial proximity to concentrations to economic 
activity (external factors contributing to scale economies).

1  National Association of Real Estate Investment Trusts (NAREIT): https:// www. nareit. com/ what- reit 
(last accessed on June 20, 2022).

https://www.nareit.com/what-reit
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geographical clustering create wealth for shareholders. Extensions to our analysis 
show the optimal cluster radius is between 50 and 75 miles and that the geographic 
diversification discount can be mitigated by conditioned geographical clustering. 
Our results are robust to various models and property cluster specifications.

Our findings contribute to the REIT literature in several distinct ways. This is the 
first paper to investigate the impact of conditioned geographical clustering on REIT 
operational efficiency and value. We empirically unveil a channel leading to signifi-
cant operational efficiency improvements and higher valuation; this is relevant since 
Beracha et al. (2019a, b) find operational efficiency to be a significant determinant 
of REIT operating and market performance. In addition, we find that the increases 
in value are achieved mainly through the channel of operational efficiency. We also 
observe that a property clustering strategy creates value through other channels 
which we theorize are related to gains in informational efficiency. Moreover, our 
results offer guidance on the size and degree of property clustering to create more 
efficiency and value gains in REITs. Finally, our findings imply the REIT geographi-
cal diversification discount can be alleviated through a practicable strategy that pro-
duces significant performance improvements.

The remainder of the paper is organized as follows. The next section provides a 
summary of the background literature. Then, we describe our data and sample selec-
tion. Following, we describe our empirical strategy and present our results cover-
ing the relationship between conditioned geographic clustering and operational effi-
ciency as well as firm value. Finally, the last section concludes.

Efficiency, Economies of Scale and REIT Performance

Operational efficiency, factors contributing to efficiency, and the effect of efficiency 
on firm value continue to be important topics of debate in the REIT literature. Bera-
cha et  al. (2019a,  b) find more operationally efficient REITs display better opera-
tional results, higher cumulative stock returns, higher firm values, lower levels of 
credit risk, and less stock return volatility. Research also links REIT size, manage-
ment types, firm structure, and other firm characteristics/performance measures 
to operational efficiency.3 Nicholson and Stevens (2021) note there are four broad 
categories of factors impacting REIT operating efficiency: (1) economies of scale; 
(2) widening product offerings; (3) the relationship between operational expenses 
and revenue/income; and (4) the effectiveness of generating output with an efficient 
input mix (x-efficiency).

Economies of scale (or scale economies) broadly refers to cost advantages as the 
size of the REIT, defined by the number of properties, portfolio size, or property 
type concentration, increases. REITs potentially benefit from economies of scale 
through at least five channels. First, as the size of the portfolio increases, the REIT 
may experience reductions in general administration and management expenses, 

3  Examples include: Ambrose et al., 2000; Anderson et al., 2002; Anderson & Springer, 2003; Bers & 
Springer, 1998; Highfield et al., 2021; Lewis et al., 2003; Miller et al., 2006; Miller & Springer, 2007; 
Nicholson & Stevens, 2021; Topuz et al., 2005; Feng et al., 2023.
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such as those from insurance, landscaping, maintenance, and advertising (Mueller, 
1998; Ambrose et  al., 2005; Kim, 1986; Ambrose et  al., 2019; Bers & Springer, 
1998; Capozza & Seguin, 1998; Linneman, 1997). The reduction in general admin-
istration and management expenses may result from sharing fixed costs across an 
increasing number of properties or from intermediate suppliers such as maintenance 
crews exploiting their scale economies. Second, larger REITs may have access to 
more financial resources, allowing them to access better debt terms and achieve a 
lower cost of capital (Ambrose et  al., 2019; Mueller, 1998). Third, larger REITs 
may establish a strong brand image and achieve economies of scale in marketing, 
effectively capturing quality tenants (Ambrose, et al., 2000). Fourth, larger REITs 
may have more financial resources, thereby allowing them to utilize higher quality 
personnel, which increases efficiency and shareholder value through better decision-
making (Ambrose et  al., 2000). Finally, larger REITs may generate informational 
advantages by focusing on a specific market, markets with similar characteristics, or 
similar property types (Ambrose et al., 2000).

Prior literature produces mixed results with regards to economies of scale and 
REIT performance, and there are three strands in the literature. The first strand, Big-
ger is better, finds larger REITs to perform better through gains in management effi-
ciency, reduced expenses, large entry size, lower leverage, property foci specializa-
tion, property location concentration, and other comparative advantages over smaller 
REITs (Allen & Sirmans, 1987; Linneman, 1997; Bers & Spring, 1997; Highfield 
et al., 2021; Isik & Topuz, 2017; Campbell et al., 2003). The second strand, Smaller 
is better, finds evidence that smaller REITs are more profitable, suggesting smaller 
portfolios are managed more effectively (McIntosh & Liang, 1991; McIntosh et al., 
1995; Mueller, 1998; Ambrose et al., 2000). The final strand in the literature gen-
erally proposes economies of scale eroded at the turn of the millennium implying 
REITs grew too fast, suggesting an optimal REIT size to achieve maximum effi-
ciency and value (Miller et al., 2006; Topuz & Isik, 2009).

Counteracting scale economies are dis-economies of scale, which are defined 
by rising per unit cost as the size or concentration of the REIT increases. Ambrose 
et al. (2019) states three main mechanisms through which larger firms may be sub-
ject to dis-economies of scale: (1) the straining of specialist resources; (2) requiring 
additional resources to manage activities; and (3) the loss or a reduction in motiva-
tion and creativity that may be achieved by smaller REITs. Topuz et al. (2005) and 
Yang (2001) find empirical evidence suggesting REITs eventually experience dis-
economies of scale as size continually increases.

A related concept to scale economies is economies of density defined as the cost 
savings to the firm resulting from the spatial proximity of the firm’s suppliers or 
customers. For example, Holmes (2011) examines Wal-Mart store openings and 
finds Wal-Mart maintains high store density and a continuous store network to 
(1) reduce the burden of setting up a distribution network; (2) reduce the trans-
portation costs of goods; and (3) decrease response time when faced with demand 
shocks. Previous empirical research also shows economies of density exist in 
the airline (Caves et al., 1984) and the electric power industries (Roberts, 1986). 
Economies of density potentially arise when a REIT creates dense property clus-
ters, and we posit there are two main benefits related to operational efficiency. 
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First, and like the scale economies argument above, the REIT may experience 
reductions in general administration and management fees, such as maintenance 
fees. Second, dense property clusters may allow REIT managers to gain informa-
tional advantages in the markets where the clusters are located, thereby allowing 
managers to make better decisions.

From the perspective of firm value, the impact of dense property clusters 
is less clear as research documents a tradeoff between firm value and local mar-
ket risk exposure. Previous empirical research establishes a positive relationship 
between geographic concentration and firm value (Campbell et al., 2003; Hartzell 
et al., 2014). More recently, Feng et al. (2021) find the benefit of geographical diver-
sification is conditioned on the level of firm transparency, where less transparent 
firms benefit from geographic concentration while more transparent firms benefit 
from diversification; thus, an additional benefit to REITs from creating dense prop-
erty clusters is increases in management effectiveness through increased ability to 
monitor properties and property managers. Conversely, Zhu and Lizieri (2022) sug-
gest REITs with more geographically concentrated portfolios observe higher risk 
when the portfolio is exposed to more volatile property markets, but if portfolios 
are geographically diversified, the effect of local market risk dissipates. The find-
ings of Zhu and Lizieri (2022) highlight the downside of dense property clusters 
– increased exposure to local market risk – which may lead to declines in portfolio 
performance. The evidence of whether conditioned geographic clustering is benefi-
cial or detrimental to REIT efficiency and value remains inconclusive and additional 
research on the impact of the spatial distribution of a REIT’s property portfolio on 
efficiency and value is warranted.

Data

We employ annual accounting and property portfolio data on listed, U.S. equity 
REITs between 1993 and 2019 from S&P Global Market Intelligence. Our 
sample consists of 3,441 REIT-year observations for 310 unique REITs. Each 
REIT-year observation has a set of underlying properties, and there are approxi-
mately 660,000 property-year observations of about 85,000 unique properties. 
The underlying REIT-owned properties are distributed across the United States 
with properties in every state. In general, properties tend to be concentrated near 
concentrations of population and economic activity. States with the highest con-
centration of properties are Texas (12% of all property observations), California 
(10%), and Florida (9%) and the top five Metropolitan Statistical Areas in terms 
of property concentration are New York, Dallas, Washington DC, Atlanta, and 
Los Angeles.

Dependent Variables: Operational Efficiency and Firm Value

We employ two REIT operational efficiency ratios (OERs) following Beracha et al. 
(2019a,b). Operational efficiency is broadly defined as total operating expenses 
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divided by total revenues. More specifically, OER1 is calculated as the ratio of total 
expenses minus real estate depreciation and amortization to total revenue, and OER2 
is defined as the ratio of total expenses minus real estate depreciation and amortiza-
tion minus rental operating expenses to total revenue less expense reimbursements. 
Given the construct of the OERs, higher OER values denote less operational effi-
ciency and vice versa. As explained in Beracha et al. (2019b), to better reflect the 
more controllable cash flow-related expenses associated with each REIT, the two 
OER variations account for real estate depreciation and amortization and for prop-
erty operational expense reimbursements. We employ these operational efficiency 
measures in our study since findings in Beracha et al. (2019a, b) show OERs are sig-
nificant factors contributing to operational performance, price and credit risk, stock 
returns, and firm value.

We also create two new efficiency measures to explore potential channels through 
which conditioned geographic clustering impacts firm efficiency. The first measure, 
Managerial efficiency, is the ratio of general and administrative expenses relative to 
the total revenue. In contrast, the second measure, Other efficiency, represents total 
expenses minus general and administrative expenses minus real estate depreciation 
and amortization relative to total revenue. Our two new measures of efficiency effec-
tively split OER1 into two components: (1) the component related to general and 
administrative expenses; and (2) all other expenses. Similar to OER1 and OER2, 
higher values denote lower operational efficiency, while lower values represent 
higher operational efficiency.

To measure firm value, we employ Tobin’s Q and Firm Q (Capozza & Seguin, 
2003; Eichholtz et al., 2019; Hartzell et al., 2014; Beracha et al., 2019a). We calcu-
late Tobin’s Q as the ratio of the market value of equity plus the book value of debt 
to the book value of assets and Firm Q as the ratio of the implied market capitaliza-
tion plus total assets minus the book value of equity to total assets.

Conditioned Geographical Clustering

A cluster is a contiguous region of space with a higher density of a REIT’s proper-
ties relative to the surrounding area. We identify clusters using the density-based 
spatial clustering of application with noise (DBSCAN) unsupervised learning algo-
rithm.4,5 The DBSCAN algorithm classifies each point (i.e., property) as a core 
point, a border point, or a noise point based on the minimum number of points (M) 
in a cluster and the distance radius (R).6 A core point has at least M other points 
within distance R of itself, while a border point has at least one core point within 

4  Available through ERSI’s ArcGIS Pro package.
5  Our analysis relies on accurate spatial location data for individual properties. 98.15% of properties 
have longitude and latitude data or address information that allows us to geocode their location. To cor-
rect for missing location information, we exclude REIT-year observations where more than 50% of the 
properties are missing coordinate data or a property address. We also exclude all properties without coor-
dinate data and addresses from the clustering calculations.
6  For a complete discussion on the DBSCAN algorithm see Ester et al. (1996).



1 3

The Impact of Property Clustering on REIT Operational Efficiency…

distance R. Noise points are those not classified as a core or border point. A cluster 
is then defined as every core point within distance R of any other core point in the 
cluster, as well as any border point within distance R of at least one core point in 
the cluster. There are two required inputs for the DBSCAN algorithm: (1) the mini-
mum cluster size and (2) the distance radius. We employ a minimum cluster size of 
one and posit efficiency gains from conditioned geographical clustering begin once 
a second property is located near the first property. The existing literature does not 
provide guidance on the proper size of a cluster (in miles); therefore, we examine six 
different distance radii: (1) 5 miles; (2) 12.5 miles; (3) 25 miles; (4) 50 miles; (5) 75 
miles; and (6) 100 miles.

We run the DBSCAN algorithm for each REIT-year observation in our sample 
for the six alternate distance radii. We use the resulting information to calculate a 
Cluster Average variable, representing the degree of clustering for a REIT in a par-
ticular year. Cluster Average is defined as the weighted average of the cluster size 
with weights determined by the size of the property measured in square feet relative 
to the aggregate square footage of all properties in the REIT portfolio for a given 
year.7 Eq.  (1) displays the formula for the Cluster Average variable for REIT i in 
year t.

In Eq. (1), j represents the size of the cluster, Nit represents the largest cluster size 
for REIT i in year t, wjit is the square footage of all properties within a cluster of size 
j for REIT i in year t and Sit represents the square footage of all properties owned by 
REIT i in year t.8 If the value of Cluster Average is one, then the REIT consists of all 
free-standing properties (i.e., only clusters of size one in the portfolio). Larger val-
ues of Cluster Average represent higher degrees of clustering. We also use the clus-
ter information for a radius of 50 miles to identify the percent of a REIT’s portfolio 
that are stand-alone properties (Stand-Alone). We then compare the percentage of 
stand-alone properties on a year-to-year basis to calculate the change in stand-alone 
properties (Stand-Alone Change), in percentage points.

Panels A through D of Fig. 1 display four REIT-year observations with approxi-
mately the same number of properties, the same level of geographic diversification 
as measured by a region-level Herfindahl index, but with different degrees of cluster-
ing. Panel A shows a low clustered REIT with a Cluster Average value of 1.96 while 
Panel D shows a high clustered REIT with a Cluster Average value of 78.58. Panels 

(1)Cluster Averageit =

Nit
∑

j=1

j ∗
wjit

Sit

7  S&P Global Market Intelligence data measures REIT property sizes using inconsistent metrics that are 
dependent on REIT property focus. We overcome this inconsistency issue by employing a measurable 
unit multiplier (converter) provided by S&P Global Market Intelligence that translates the multiple size 
metrics (e.g. apartment units, number of beds, hotel rooms, self-storage units) into a consistent square 
foot measurement for each real property in our sample.
8  To calculate the missing property sizes, we replace the missing values with the national average of the 
property size by primary and secondary property types.
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B and C display REITs with medium-low and medium-high clustering, respectively. 
Panels A through D illustrate that, even for REITs with an equal level of geographic 
dispersion, there may be significant variation in the level of clustering; thus, while 
clustering and geographical diversification are related, they are distinct measures.

Figure  2 displays dispersion and clustering trends between 1993 and 2019 to 
further distinguish between geographic dispersion and property clustering. Panel 
A depicts the increase in average REIT geographic diversification measured by 
the average distance of REIT properties to their geographic mean and the average 
distance of REIT properties to REIT headquarters. The trends in Panel A illustrate 
evidence of increasing geographic diversification in REITs despite documented 
geographical diversification discounts. For example, the average distance to the 
geographic mean increased from 488 miles in 1993 to 667 miles in 2019 – a 36% 
increase. Panel B displays an increase in average cluster size between 1993 and 
2019. For example, the average cluster size defined by a 50-mile radius increased 
from 12.7 in 1993 to 45.5 in 2019 – a 257% increase. Panels A and B of Fig. 2 show 
that the increase in geographic diversification is concurrent with increases in cluster 
sizes. If geographic diversification and property clustering are the same, then geo-
graphic diversification should decrease as property clusters increases or vice versa; 
however, the trends in Panels A and B of Fig.  2 show geographic diversification 
and property clustering are both increasing between 1993 and 2019, which provides 
additional evidence that the two are distinct measures.

Control Variables

Following Hartzell, Sun and Titman (2014), we control for property-type and geo-
graphical diversification by building Herfindahl indices as measures of concentra-
tion specified in Eq. (2).

 where Pi is the proportion of assets invested in geographic location or property type 
i, based on property size. Property-type diversification is based on SNL REIT prop-
erty classifications, while geographic diversification is calculated based on three 
orderings: by Metropolitan Statistical Areas (MSAs)9, State, and National Council 
of Real Estate Investment Fiduciaries (NCREIF) regions.10 We examine three differ-
ent geographic diversification orderings following Hartzell et al. (2014) who explain 
the benefits and limitations of the alternative geographical classifications. Following 

(2)Herfindhal Index(HI) =

I
∑

i=1

P2

i

9  We employ the US Census Bureau’s 2010 MSA definitions. When employing the MSA-level classifi-
cation, if a property is located outside of a formally identified MSA, we place properties in their respec-
tive state.
10  Hartzell, Sun and Titman (2014) suggest that alternative specifications of geographical diversification 
that allows us to explore for differences when considering the pros and cons of more specific or broad 
geographical orderings which may provide an indication of the robustness of our findings.
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prior literature, we use the negative of the Herfindahl Index so that the diversifica-
tion measures increase as the degree of diversification increases (e.g. Hartzell et al., 
2014; Beracha et al., 2019a, b); thus, a value of -1 indicates complete concentration 
and larger values, in absolute terms, represents greater diversification.

Fig. 1  Degrees of clustering examples. Notes: The figures above show the distribution of properties and 
the corresponding value of the  Cluster Average  variable using a distance radius of 50 miles for four dif-
ferent REITS with approximately the same number of properties and the same level of geographic diver-
sification using a region level Herfindahl index

Fig. 2  Time series graphs of REIT aggregate geographical diversification and property clustering. Notes: 
Panel A displays trends on REITs’ geographic dispersion between 1993 and 2019. We employ two meas-
ures of dispersion: 1) the average distance of REIT properties to their geographic mean (solid line) and 
the average distance of REIT properties to the REIT headquarters (dashed line). Panel B displays trends 
in REITs’ average cluster size. We employ two different radii to identify clusters: 50 miles (solid black 
line) and 75 miles (dashed line). Trends in Panels A and B represent average values of the corresponding 
measure across all REITs in a particular year
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Economic theory posits agglomeration economies provide positive externalities 
to firms located near concentrations of economic activity (Melo et al., 2009). This 
notion is supported by empirical research emphasizing the benefits of agglomera-
tion to firm productivity (Henderson, 1986; Henderson, 2003; Rosenthal & Strange, 
2004; Greenstone et al., 2010; Koster et al., 2014). Agglomeration economies rep-
resent a potentially influential factor in a REIT manager’s property location deci-
sions as REIT managers may cluster properties to take advantage of agglomeration 
economies instead of the benefits derived from a conditioned geographical cluster-
ing strategy, thus, ignoring the potential impacts of agglomeration economies poten-
tially introduces omitted variable biases into the estimates. We control for potential 
agglomeration impacts on REIT efficiency and firm value by calculating a meas-
ure of nearby economic activity (Agglomeration) based on the concentration of all 
nearby REIT properties. We calculate Agglomeration using the DBSCAN algorithm 
with a minimum cluster size of 1 and a cluster radius of 2 miles. The formula to cal-
culate the agglomeration variable is as follows. 11

In Eq. (3), l represents the size of the cluster, Mt represents the largest cluster size in 
year t , wlit is the square footage of all properties within a cluster of size l for REIT i in 
year t , and Sit represents the square footage of all properties within REIT i in year t. If 
the value of Agglomeration is one, then no properties owned by a REIT are located near 
other concentrations of economic activity. Larger values of Agglomeration represent 
higher degrees of properties located near concentrations of economic activity.

Leverage is calculated as the ratio of REIT total debt to total assets. Size is meas-
ured as the natural logarithm of total market capitalization. Firm age is defined as 
the natural logarithm of one plus the smaller of either the number of years since a 
REIT’s initial public offering or the number of years since the firm adopted REIT 
status. REI Growth is the growth rate of real estate investments as defined by S&P 
Global Market Intelligence. Self-managed is a binary variable specifying if a REIT 
manages the day-to-day operations of its own properties (value of 1) or if the prop-
erties are managed by a subsidiary (value of 0). Finally, Self-advised is a binary var-
iable indicating if the company makes acquisition and management decisions inter-
nally (value of 1) or if it is externally advised (value of 0). We winsorize Tobin’s Q, 
Firm Q, OER1, OER2, Managerial efficiency, Other efficiency, Leverage, Size, Firm 
age, and REI Growth at the 1% level to mitigate the influence of outliers.

Summary Statistics

Panel A of Table 1 provides descriptive statistics for our dependent variables. The 
average Tobin’s Q is 1.19 and the mean Firm Q is 1.32 with standard deviations 

(3)Agglomerationit =

Mt
∑

l=1

j ∗
wlit

Sit

11  We test various radii and find any radius over 2 miles generated excessively large clusters covering 
entire regions of the United States.
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of .37 and .41, respectively. The average raw operational efficiency ratios are .67 
for OER1 and .45 for OER2, which mirror the averages reported by Beracha et al. 
(2019a). The average value for Managerial efficiency is 0.08 suggesting it accounts 
for 12 percent of OER1, while the average value for Other efficiency is 0.58 suggest-
ing it accounts for 87 percent of OER1.

Panel B displays summary statistics for our clustering measures (Cluster 
Average) defined by the various distance radii. The mean values are interpreted 
as the average degree of clustering, defined by the weighted average of all clus-
ters within a REIT-year (i.e., for a radius of 50 miles, the average REIT-year 
has 33.69 properties in a cluster). The minimum value for each distance radii 
is 1, indicating at least one REIT-year observation has an average of 1 property 
in every cluster. The degree of clustering and the large dispersion for the Clus-
ter Average variable is significantly influenced by the distance radius employed. 
For example, at a distance radius of 25 miles the average degree of clustering is 
19.61 with a range between 1 and 225.86 while at a distance radius of 75 miles 
the average degree of clustering is 48.77 with a range between 1 and 3,738.70. 
We investigate the optimal cluster size in section 5.5.

 Figure 3 further illustrates the distribution of Cluster Average variable for a distance 
radius of 50 miles, and, at this distance, the DBSCAN algorithm identifies 109,726 
clusters. Panel A of Fig. 3 shows the distribution of all clusters by cluster size. Of the 
109,726 clusters, 51,880 (47%) have 1 property, 36,735 (33%) contain between 2 and 
5 properties, 9,172 (8%) contain between 6 and 10 properties, 10,041 (9%) contain 
between 11 and 49 properties, and 8,098 (2%) have greater than 49 properties. Panel 
B of Fig. 3 shows the average number of clusters by size across all observations. The 
average REIT-year has 16 clusters with 1 property, 6.3 clusters with 2 properties, 3.8 
clusters with 3 properties, 2.7 clusters with 4 properties, 2.2 clusters with 5 properties, 
1.9 clusters with 6 properties, and 1.25 clusters with 7 or more properties.

Panel C of Table  1 presents summary statistics for other key variables. 
Agglomeration has a mean value of 170.92, indicating the average REIT has 
properties located near approximately 171 other REIT properties in a given 
year. Agglomeration has a range between 1 and 1,246 indicating there is at 
least one REIT where all its properties are isolated (more than 2 miles from 
any other REIT property) and at least one REIT owns properties concentrated 
in areas of extremely dense economic activity. Self-advised and Self-managed 
show average values of .89 and .80, respectively, suggesting most REITs in 
our sample make internal management decisions as well as self-manage their 
operations. The averages of the geographic HHIs range from − 0.46 (Region 
HHI) to -0.27 (MSA HHI), and, as expected, the level of geographic diversifica-
tion increases (larger values in absolute terms) as the geographical classifica-
tion becomes more specific (e.g. from Regions to MSAs). The average Property 
HHI is -0.73 indicating REITs tend to concentrate on a particular property type. 
The average ratio of total debt to total assets (Leverage) is .50, the average Firm 
age is 2.30, and the average REI growth is 19.03. Finally, 18% of the average 
REIT’s portfolio are stand-alone properties and the average year-to-year change 
in stand-alone properties is -0.01 (-1 percentage points).
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Table 1  Summary statistics

This table reports summary statistics of variables used in this paper. 
There are 3,441 observations (Firm Q has 3,433 observations, Manage-
rial efficiency has 3,050 observations, and Other efficiency has 3,004 
observations). Tobin’s Q is the ratio of the market value of equity plus 
the book value of debt to the book value of assets. Firm Q is the ratio of 
the implied market capitalization plus total assets minus the book value 
of equity to total assets. OER1 is operational efficiency measured as the 
ratio of total expenses minus real estate depreciation and amortization 
to total revenue. OER2 is operational efficiency measured as the ratio 
of total expenses minus real estate depreciation and amortization minus 
rental operating expenses to total revenue minus expense reimburse-
ments. Managerial efficiency is the ratio of general and administrative 
expenses relative to total revenue. Other efficiency is the ratio of total 
expenses minus general and administrative expenses minus real estate 
depreciation and amortization relative to total revenue. Cluster Average 
is a clustering score that measures the degree of conditioned geographi-
cal clustering. Agglomeration is a continuous variable representing the 
degree to which a REIT’s properties are located near concentrations 
of economic activity. Self-advised is a binary variable indicating if the 
company makes acquisition and management decisions internally. Self-
managed is a binary variable specifying if a REIT manages the day-to-

Variable Mean Std. Dev. Min Max

Panel A: Dependent variables
  Tobins Q 1.19 0.37 0.53 3.14
  Firm Q 1.32 0.41 0.62 3.47
  OER 1 0.67 0.28 0.17 2.54
  OER 2 0.45 0.29 0.05 2.30
  Managerial Efficiency 0.08 0.08 0.01 0.54
  Other Efficiency 0.58 0.21 0.11 1.40

Panel B: Cluster variables
  Clustering, 5 miles 6.27 9.54 1.00 76.98
  Clustering, 12.5 miles 14.34 24.03 1.00 189.65
  Clustering, 25 miles 19.61 31.30 1.00 225.86
  Clustering, 50 miles 33.69 137.04 1.00 3453.36
  Clustering 75 miles 48.77 185.57 1.00 3738.70
  Clustering, 100 miles 63.31 207.98 1.00 4003.29

Panel C: Control variables
  Self-advised 0.89 0.31 0.00 1.00
  Self-managed 0.80 0.40 0.00 1.00
  Region HHI -0.46 0.28 -1.00 -0.13
  State HHI -0.33 0.26 -1.00 -0.04
  MSA HHI -0.27 0.26 -1.00 -0.01
  Property HHI -0.73 0.23 -1.00 -0.19
  Leverage 0.50 0.17 0.00 0.98
  Size 13.57 1.83 8.54 17.20
  Firm age 2.30 1.01 0.00 3.99
  REI growth 19.03 42.51 -40.81 301.59
  Stand-alone 0.18 0.26 0.00 1.00
  Stand-alone Change -0.01 0.08 -0.88 0.94
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Univariate Analyses

For a preliminary understanding of the relationship between clustering and operational 
efficiency, we create unconditional, two-way fractional-polynomial prediction plots of 
OER1 (Panel A) and Tobin’s Q (Panel B) versus the degree of clustering using two dis-
tance radii – 50 and 75 miles – and display these plots in Fig. 4.12 The predictive plots in 
Panel A are convex to the origin, which implies extreme values of low or high clusters are 
less operationally efficient relative to moderate clustering. The plots in Panel B are con-
cave down, which implies moderate degrees of clustering increase firm value relative to 
extreme degrees of clustering. Figure 4 generally suggests REITs can increase operational 

day operations of its own properties. Region HHI, State HHI, and MSA 
HHI are geographical diversification Herfindahl indices by National 
Council of Real Estate Investment Fiduciaries (NCREIF) regions, state, 
and Metropolitan Statistical Areas (MSAs), respectively. Property HHI is 
property-type Herfindahl index. Leverage is the ratio of REIT total debt 
to total assets. Size is the natural logarithm of total market capitalization. 
Firm age is the natural logarithm of one plus the smaller of either the 
number of years since a REIT’s initial public offering or the number of 
years since the firm adopted REIT status. REI Growth is the growth rate 
of real estate investment as defined by S&P Global Market Intelligence. 
Stand-alone is the percent of a REIT’s properties in clusters of size 1 in 
a given year. Stand-alone change is the year-to-year change in percent of 
Stand-alone properties in a REIT’s portfolio. The following variables are 
winsorized at the 1% level: Tobin’s Q, Firm Q, OER1, OER2, Manage-
rial efficiency, Other efficiency, Leverage, Size, and Firm age

Table 1  (continued)

12  Distance radii of 5 miles, 12.5 miles, and 100 miles were also examined providing similar results. 
These figures are displayed in Appendix A (Tobin’s Q) and Appendix B (OER1).

Fig. 3  Distribution of clusters. Note: Panels A and B display information on the distribution of cluster 
sizes for a distance radius of 50 miles. Panel A shows the percent of clusters by cluster size while Panel 
B displays the average number of clusters of a particular size for the average observation
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efficiency and create value by employing a strategy of conditioned geographical cluster-
ing, but a strategy of no clustering or extreme clustering reduces operational efficiency 
and value. In addition, the plots in Fig. 4 suggest an optimal cluster size and clustering 
below or beyond the optimal size leads to efficiency and value declines.13

Empirical Design and Results

Operational Efficiency and Clustering

The curvilinear predictive plots in Fig. 4 as well as previous research (Yang, 2001) 
suggest a linear model to predict operational efficiency and firm value may lead to 
erroneous estimates in our analysis. Although such curvilinear relationships can be 
approximated using non-linear functions such as a second-degree polynomial, doing 
so imposes a strict functional form and may introduce bias in the estimates. Instead, 
we estimate the relationship using ordinary least square regression and a piecewise 
linear spline function, which allows us to better model the curvilinear relationship 
between the variables (Friday et  al., 1999; Dolde & Knopf, 2010; Brounen et  al., 
2012; Gyamfi-Yeboah et al., 2012; Tang & Mori, 2017). The advantage of a piece-
wise linear regression is that it allows for multiple changes in the slope coefficient 
of the variable of interest and does not impose functional form assumptions on the 
data.

Our specification to examine the relationship between operational efficiency and 
the degree of property clustering has the following functional form:

Fig. 4  Univariate relationship between firm value/operational efficiency and the degree of clustering. 
Note: Panel A shows the unconditional, two-way fractional polynomial prediction plots between OER 1 
versus the degree of clustering using two distance radii – 50 miles (solid line) and 75 miles (dashed line). 
Panel B shows the unconditional, two-way fractional polynomial prediction plots between Tobin’s Q and 
the degree of clustering using two distance radii – 50 miles (solid line) and 75 miles (dashed line)

13  We present a table of mean values for select variables in Appendix Table C as an additional univari-
ate analysis.
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In Eq. (4), the dependent variable, Yit , represents the operational efficiency (OER1 
or OER2) for REIT i in year t. The independent variables of interest are discrete bins 
of the Cluster Average variable represented by Z

it
 and the coefficients of interest are 

represented in vector � . Each �j represents the net change in operational efficiency 
to a REIT in Cluster Average bin j conditional on the other covariates and relative 
to the base group. A positive value of �j indicates operational efficiency declines (an 
increase in OER1) for a REIT in Cluster Average bin j while a negative value indi-
cates operational efficiency increases (a decrease in OER1).

To discretize the Cluster Average variable, we search for low and high cutoff val-
ues such that REIT-Year observations in the middle of the Cluster Average distribu-
tion are statistically more operationally efficient or valuable relative to observations 
in the extremes.14 Among the models with statistically significant effects, we then 
choose the model with the best Akaike Information Criterion (AIC) and Bayesian 
Information Criterion (BIC) fit statistics. We consider four sets of extreme values 
(1) the 1st and 99th percentiles; (2) the 5th and 95th percentiles; (3) the 10th and 
90th percentiles; and (4) the 25th and 75th percentiles. For OER1, the best fitting 
model employs a cluster radius of 75 miles and extreme values defined by the 5th 
and 95th percentiles. Subsequent analysis (discussed in Section "Conditioned Geo-
graphical Clustering") shows the best fitting model for Tobin’s Q employs a cluster 
radius of 50 miles and extreme values defined by the 5th and 95th percentiles. Given 
the dichotomy between the cluster radius and extreme values providing the best fit, 
we choose to build our main model using extreme values defined by the 5th and 
95th percentiles but always present results for the 50-mile and 75-mile radii. The 
final step to discretize the Cluster Average variable is to divide moderate clustering 
values into terciles; thus, the three bins representing moderate degrees of clustering 
are defined by the 5th to 35th percentiles, the 35th to 65th percentiles and the 65th 
to 95th percentiles.15

To facilitate an adequate interpretation of the results, we employ three different 
combinations of the discretized Cluster Average bins since we are limited to include, 
at most, N-1 bins in any specification. Our first model (Model 1) examines moder-
ate clustering bins relative to the extreme values; thus, the estimated coefficients are 
interpreted relative to the extreme (high and low) clustering groups. In other words, 
a negative estimate associated with a moderate, discretized clustering bin indicates 
moderate clustering increases operational efficiency relative to extreme degrees of 
clustering. Model 2 examines the upper clustering bins relative to the extreme low 
clustering bin while Model 3 examines the lower clustering bins relative to high 
clustering bins. In Model 2 (3), significant negative coefficients associated with any 

(4)Yit = � + Z
it
� + Xit� + �it

14  Appendix Table D presents these regression results for OER1 while Appendix Table E present results 
for Tobin’s Q.
15  For robustness, we examine the impact of dividing the moderate values of clustering into decile bins 
as well as a final specification of twenty equal bins. The results are quantitively like our main results 
using terciles and we present these in Appendix F (OER) and G (Tobin’s Q) of the appendix.
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bin would indicate that, relative to the extreme low (high) degree of clustering, a 
higher (lower) level of clustering increases operational efficiency.

Xit is a vector of control variables that includes a measure of geographic diversifi-
cation (Region HHI), the REIT’s leverage (Leverage), the age of the REIT (Age), and 
the growth of real estate investments (REI Growth).16 More importantly, X

it
 includes 

three variables for other types of scale economies: (1) property type diversifica-
tion (Property HHI); (2) the size of the REIT (Size); and (3) the degree to which a 
REIT’s properties are located near concentrations of economic activity (Agglomera-
tion); thus, our estimates are conditioned, and therefore distinct, from these type of 
scale economies.17 We also include binary variables capturing the impact of Self-
advised and Self-managed. Following Hartzell et  al. (2014), the model includes 
weights for each property type and region interacted with year indicator variables 
to account for macroeconomic shocks impacting each property type or geographic 
region in a given year. Finally, we cluster the standard errors at the firm level to 
account for a lack of temporal independence within REITs.

Table 2 presents results examining the relationship between clustering and oper-
ational efficiency (OER1) for the specification with moderate clustering divided 
into terciles. Columns (1)–(3) display estimates when clusters are defined using a 
50-mile radius while columns (4)–(6) display estimates when clusters are defined by 
a 75-mile radius. The estimates for Model 1 in columns (1) and (4) show moderate 
degrees of clustering significantly improve operational efficiency relative to extreme 
high or low degrees of clustering. The largest increases in efficiency occur for those 
REITs with degree of clustering between the 5th and 35th percentiles (-0.139) of the 
distribution; however, the increase in efficiency is also statistically significant for 
those firms with degrees of clustering between the 35th and 65th percentile and the 
65th and 95th percentile. These results suggest moderate degrees of property clus-
tering result in operational efficiency gains.

Columns (2) and (5) of Table 2 show that, relative to a degree of property cluster-
ing above the 95th percentile, firms with a degree of clustering below the 5th percen-
tile are less efficient; however, the effect is only statistically significant when clusters 
are defined using a 50-mile radius. More importantly, the estimated coefficients for 

16  The reported specification measures geographic diversification using the National Council of Real 
Estate Investment Fiduciaries regions. We test geographical diversification at the state and MSA level 
and find similar results, see Appendix Table H (OER 1) and Appendix Table I (Tobin’s Q).
17  We thank several anonymous reviewers for identifying potential efficiency and value impacts aris-
ing: 1) when REITs locate properties nears other properties within the same asset class; 2) from MSA-
specific risk factors; 3) from gateway cities; and 4) year specific effects. We calculate additional control 
variables representing the percent of properties in a cluster that are of the same asset class as the REIT 
(Localization Economies), a measure of MSA risk (MSA Risk) following Zhu and Lizieri (2022), and a 
measure of gateway city concentration (Gateway) following Feng (2022). We use the 2010 MSA defini-
tion for the following cities as gateway cities: 1) Boston; 2) Chicago; 3) Los Angeles; 4) New York; 5) 
San Francisco; and 6) Washington D.C. We also include year fixed effects in addition to the property 
type and region weights interacted with the year dummy variables. We find the inclusion of the addi-
tional controls does not significantly impact our results. Appendix J discusses the calculation of MSA 
Risk and Localization Economics. We present the results for OER1 in Appendix Table K and the results 
for Tobin’s Q in Appendix Table L.
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bins representing moderate degrees of clustering are significantly negative (indicat-
ing an increase in efficiency) for the bins representing degrees of clustering between 
the 5th and 35th percentiles and the 35th and 65th for the 50-mile radius and for all 
moderate clustering bins in the 75-mile radius. Similar to the results from model 
1, we find the largest increases in efficiency for firms with a degree of clustering 
between the 5th and 35th percentiles; however, the estimated coefficients for each 
bin representing moderate degrees of clustering are not statistically different from 
each other. Finally, the results in columns (3) and (6) of Table 2 show that, relative 
to firms with a low degree of clustering (below the 5th percentile), those with mod-
erate degree of clustering (and even extreme high clustering in the case of the model 
for the 50-mile radius) observe increases in efficiency. Our findings also show the 
largest efficiency gains are concentrated in the first, moderate clustering bin (5th to 
35th percentiles) and subsequent bins yield lower efficiency gains with the statisti-
cal significance disappearing when reaching the bin representing the 95th percen-
tile; thus, our estimates also suggest that scale economies from clustering eventually 
diminish.

Similar to previous empirical studies, we find operational efficiency to increase 
as the portfolio size increases suggesting that increases in portfolio size leads to cost 
savings for REITs.18 We find statistically insignificant impacts for property type 
diversification and agglomeration, which suggests there are no significant efficiency 
gains from concentrating on a particular property type or from locating properties 
near concentrations of economic activity. We also find Self-Advised and Self-Man-
aged REITs are more efficient, but the impact is not statistically different from zero.

Extensions on OER and Conditioned Geographic Clustering

We consider three extensions to the analysis examining the relationship between 
operational efficiency and conditioned geographic clustering. Our first extension 
examines potential sources of efficiency gains through which conditional geographic 
clustering impacts operational efficiency. To do so, we employ the specification in 
Eq. (4) but substitute Managerial efficiency and Other efficiency as the dependent 
variable, alternatively. Panel A of Table 3 displays select coefficients when Manage-
rial efficiency is the dependent variable while Panel B displays select coefficients for 
Other efficiency.19 Similar to previous research, we find scale economies related to 
general administrative and management expenses to exist in REITs, and more spe-
cifically, we find that as portfolio size increases, Managerial efficiency increases as 
well (Mueller, 1998; Ambrose et al., 2005; Kim, 1986; Ambrose et al., 2019; Bers 
& Springer, 1998; Capozza & Seguin, 1998; Linneman, 1997). The results in panel 
A also show that a strategy of creating dense property clusters leads to managerial 

19  A complete table of coefficients for Managerial efficiency is presented in Appendix Table N while a 
complete table of coefficients for Other efficiency is presented in Appendix Table O.

18  For robustness, we also employ OER 2 as the dependent variable for the specification in Eq. (4). We 
find quantitatively similar results and report these in Appendix Table M.
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Table 2  Results – Operational efficiency (OER1) and clustering

This table reports results of multivariate regressions of REIT operational efficiency (OER 1) on Cluster Aver-
age scores separated into discrete bins according to distribution percentiles. The bin Below the 5th includes 
observations with a degree of clustering below the 5th percentile of the sample distribution (low clustering). 
Bins 5th to 35th, 35th to 65th, and 65th to 95th, include observations within their corresponding percentile 
values. The bin Above the 95th includes observations with a degree of clustering exceeding the 95th percentile 
(extreme clustering). Region HHI is the geographical diversification Herfindahl index by National Council of 
Real Estate Investment Fiduciaries (NCREIF) regions. Property HHI is property-type Herfindahl index. Size 
is the natural logarithm of total market capitalization. Leverage is the ratio of REIT total debt to total assets. 
Firm age is the natural logarithm of one plus the smaller of either the number of years since a REIT’s initial 
public offering or the number of years since the firm adopted REIT status. REI Growth is the growth rate of 
real estate investment as defined by S&P Global Market Intelligence. Self-advised is a binary variable indicat-

(1) (2) (3) (4) (5) (6)
Distance (miles) 50 Miles 75 Miles

Variables Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Below the 5th 0.111* 0.0852
(0.0645) (0.0676)

5th to 35th -0.139*** -0.0822** -0.193*** -0.145*** -0.0982*** -0.183***
(0.0386) (0.0378) (0.0597) (0.0398) (0.0356) (0.0619)

35th to 65th -0.108*** -0.0570* -0.168*** -0.118*** -0.0771** -0.162**
(0.0343) (0.0296) (0.0602) (0.0376) (0.0298) (0.0644)

65th to 95th -0.0912*** -0.0442 -0.155** -0.0960** -0.0565** -0.142**
(0.0345) (0.0270) (0.0627) (0.0386) (0.0280) (0.0667)

Above the 95th -0.111* -0.0852
(0.0645) (0.0676)

Region HHI -0.0125 -0.0180 -0.0180 -0.0115 -0.0131 -0.0131
(0.0473) (0.0477) (0.0477) (0.0435) (0.0435) (0.0435)

Property HHI 0.0257 0.0322 0.0322 0.0255 0.0318 0.0318
(0.0420) (0.0423) (0.0423) (0.0415) (0.0418) (0.0418)

Size -0.0442*** -0.0411*** -0.0411*** -0.0458*** -0.0438*** -0.0438***
(0.0104) (0.0105) (0.0105) (0.00939) (0.00937) (0.00937)

Leverage 0.346*** 0.357*** 0.357*** 0.351*** 0.359*** 0.359***
(0.0691) (0.0700) (0.0700) (0.0683) (0.0686) (0.0686)

Firm Age -0.0189** -0.0183** -0.0183** -0.0186** -0.0177* -0.0177*
(0.00910) (0.00902) (0.00902) (0.00938) (0.00936) (0.00936)

REI Growth 8.06e-05 8.85e-05 8.85e-05 0.000113 0.000128 0.000128
(0.000184) (0.000184) (0.000184) (0.000188) (0.000187) (0.000187)

Self-Advised -0.0367 -0.0413 -0.0413 -0.0250 -0.0252 -0.0252
(0.0531) (0.0535) (0.0535) (0.0501) (0.0497) (0.0497)

Self-Managed -0.0422 -0.0336 -0.0336 -0.0536 -0.0494 -0.0494
(0.0392) (0.0397) (0.0397) (0.0359) (0.0355) (0.0355)

Constant 5.960 7.995** 8.106** 5.905 7.573** 7.658**
(3.647) (3.334) (3.340) (3.681) (3.338) (3.345)

Observations 3,441 3,441 3,441 3,441 3,441 3,441
AIC -0.013 -0.018 -0.018 -0.018 -0.021 -0.021
BIC -24449.645 -24457.747 -24457.747 -24466.758 -24468.725 -24468.725
Adjusted R-squared 0.360 0.363 0.363 0.363 0.365 0.365
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efficiency gains above and beyond those generated by scale economies related to 
portfolio size; thus, we conclude a channel through which conditioned geographic 
clustering impacts efficiency is greater managerial efficiency. Comparing the esti-
mates in Panel A of Table 3 to the corresponding estimates in Table 2 reveals that 
increases in managerial efficiency may account for approximately 20–40% of effi-
ciency gains from conditioned geographic clustering.

The results in Panel B of Table 3 shows that conditioned geographic clustering 
has a statistically significant impact on Other efficiency, suggesting there are addi-
tional channels through which conditional geographic clustering affects overall 
operational efficiency. A comparison of the coefficients with those in Table 2 reveals 
that efficiency gains to Other efficiency, may account for 60–80% of the overall effi-
ciency gains. Due to data limitations, we are unable to breakdown Other efficiency 
into subcategories to determine the exact source of the efficiency gains; however, 
we posit the efficiency gains potentially arises from factors such as: informational 
advantages of focusing on specific geographic markets; the establishment of exper-
tise and brand image in a geographic area, which increases the effectiveness of mar-
keting; or decreases in informational opacity due to enhanced monitoring potential.

Our second extension examines the impact on operational efficiency when a REIT 
increases the percentage of stand-alone properties in its portfolio (i.e. REIT expands 
its portfolio to new geographical areas). As free-standing properties may require a sep-
arate set of expenses that cannot be shared with other properties in the portfolio due to 
their geographic isolation, we expect operational efficiency to decrease as REITs add 
more stand-alone properties to their portfolio. To measure the impact of increases in 
stand-alone properties on operational efficiency, we create five binary variables indi-
cating if the Stand-alone change percentage exceeds a pre-determined threshold and 
include each variable in Eq. (4). Our pre-determined threshold values are increases of 
0%, 1%, 5%, 10%, and 15% of a REIT’s portfolio, and we present select coefficients 
in Table 4.20 The results suggest that when the change in stand-alone properties is low 
(≤ 1 percentage point) there is no impact on a REIT’s operational efficiency; how-
ever, as the percentage point change increases, the decline in operational efficiency 
increases and is statistically significant. We posit the decline in operational efficiency 
arises due to the geographic isolation of stand-alone properties, which prohibits the 
REIT from sharing some expenses across properties in the portfolio and since infor-
mational asymmetries may arise from the incursion into new markets.

ing if the company makes acquisition and management decisions internally. Self-managed is a binary variable 
specifying if a REIT manages the day-to-day operations of its own properties. Agglomeration is a continuous 
variable representing the degree to which a REIT’s properties are located near concentrations of economic 
activity. Cluster robust standard errors in parentheses. Significance levels are denoted as follows: *** p < 0.01, 
** p < 0.05, * p < 0.1. Bold text highlights variables of interest. Models include region by year and property 
type by year percentages

Table 2  (continued)

20  Thresholds of 0%, 1% and 5% represent the 50th percentile, 90th percentile and 95th percentile of the 
Stand-along change distribution respectively. A complete table of coefficients is presented in Appendix 
Table P.
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The third and final extension examines if there are differential impacts to REITs 
based on whether or not the firm outsources its management. We address this by 
including a series of interaction terms between the Self-Managed variable and the 

Table 3  Managerial and other efficiency

This table reports results of multivariate regressions of REIT managerial efficiency (Panel A) or other effi-
ciency (Panel B) on Cluster Average scores separated into discrete bins according to distribution percentiles. 
The bin Below the 5th includes observations with a degree of clustering below the 5th percentile of the sample 
distribution (low clustering). Bins 5th to 35th, 35th to 65th, and 65th to 95th, include observations within their 
corresponding percentile values. The bin Above the 95th includes observations with a degree of clustering 
exceeding the 95th percentile (extreme clustering). Region HHI is the geographical diversification Herfindahl 
index by National Council of Real Estate Investment Fiduciaries (NCREIF) regions. Property HHI is prop-
erty-type Herfindahl index. Size is the natural logarithm of total market capitalization. Leverage is the ratio of 
REIT total debt to total assets. Firm age is the natural logarithm of one plus the smaller of either the number 
of years since a REIT’s initial public offering or the number of years since the firm adopted REIT status. 
REI Growth is the growth rate of real estate investment as defined by S&P Global Market Intelligence. Self-
advised is a binary variable indicating if the company makes acquisition and management decisions internally. 
Self-managed is a binary variable specifying if a REIT manages the day-to-day operations of its own proper-
ties. Agglomeration is a continuous variable representing the degree to which a REIT’s properties are located 
near concentrations of economic activity. Cluster robust standard errors in parentheses. Significance levels are 
denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. Models include region by year and property type by 
year percentages

(1) (2) (3) (4) (5) (6)
Distance 50 Miles 75 Miles

Variables Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Panel A: Managerial efficiency
Below the 5th 0.0757*** 0.0599***

(0.0180) (0.0159)
5th to 35th -0.0256** 0.0117 -0.0640*** -0.0243** 0.00800 -0.0519***

(0.0119) (0.00763) (0.0188) (0.0108) (0.00788) (0.0163)
35th to 65th -0.0194* 0.0141* -0.0617*** -0.0181* 0.0101 -0.0499***

(0.0114) (0.00795) (0.0182) (0.0101) (0.00710) (0.0160)
65th to 95th -0.0164 0.0140** -0.0618*** -0.0167 0.00981 -0.0501***

(0.0110) (0.00662) (0.0181) (0.0102) (0.00627) (0.0161)
Above the 95th -0.0757*** -0.0599***

(0.0180) (0.0159)
Panel B: Other efficiency
Below the 5th 0.0366 0.0290

(0.0489) (0.0601)
5th to 35th -0.0778** -0.0598* -0.0964** -0.0814** -0.0658** -0.0948*

(0.0304) (0.0334) (0.0440) (0.0323) (0.0313) (0.0523)
35th to 65th -0.0712*** -0.0550** -0.0916** -0.0778** -0.0642** -0.0932*

(0.0240) (0.0236) (0.0436) (0.0302) (0.0256) (0.0553)
65th to 95th -0.0493** -0.0346 -0.0712 -0.0531* -0.0402* -0.0692

(0.0248) (0.0211) (0.0475) (0.0312) (0.0236) (0.0584)
Above the 95th -0.0366 -0.0290

(0.0489) (0.0601)
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discretized clustering bins in Eq. (4). We omit these results for brevity, but find there 
to be no statistical difference between self-managed and externally-managed REITs 
with respect to conditioned geographic clustering.

Clustering and Firm Value

We next investigate whether improvements in operating efficiency stemming from 
conditioned geographical clustering translate into increases in firm value or if firm 
value gains are achieved from a clustering strategy that are apart from gains in oper-
ational efficiency. Our empirical specification follows the specification presented in 
Eq. (4) and discussed in Section 4.1; however, there are two major modifications to 
the specification. First, the dependent variable Yit now represents firm value (Tobin’s 
Q and Firm Q, alternatively). Second, we include an orthogonalized measure of 
operational efficiency since previous research demonstrates a relationship between 

Table 4  Operational efficiency and stand-alone clustering

This table reports results of multivariate regressions of operational efficiency (OER 1) on Cluster Aver-
age scores separated into discrete bins according to distribution percentiles. The bin Below the 5th 
includes observations with a degree of clustering below the 5th percentile of the sample distribution (low 
clustering). Bins 5th to 35th, 35th to 65th, and 65th to 95th, include observations within their corre-
sponding percentile values. The bin Above the 95th includes observations with a degree of clustering 
exceeding the 95th percentile (extreme clustering). Stand-alone change is a binary variable equal to 1 
if the percentage point change in the percent of stand along properties in the portfolio exceeds a pre-
determined threshold (0%, 1%, 5%, 10%, or 15%). Region HHI is the geographical diversification Herfin-
dahl index by National Council of Real Estate Investment Fiduciaries (NCREIF) regions. Property HHI 
is property-type Herfindahl index. Size is the natural logarithm of total market capitalization. Leverage 
is the ratio of REIT total debt to total assets. Firm age is the natural logarithm of one plus the smaller 
of either the number of years since a REIT’s initial public offering or the number of years since the 
firm adopted REIT status. REI Growth is the growth rate of real estate investment as defined by S&P 
Global Market Intelligence. Self-advised is a binary variable indicating if the company makes acquisition 
and management decisions internally. Self-managed is a binary variable specifying if a REIT manages 
the day-to-day operations of its own properties. Agglomeration is a continuous variable representing the 
degree to which a REIT’s properties are located near concentrations of economic activity. Cluster robust 
standard errors in parentheses. Significance levels are denoted as follows: *** p < 0.01, ** p < 0.05, * 
p < 0.1. Models include region by year and property type by year percentages

(1) (2) (3) (4) (5)
Percent Threshold 0% 1% 5% 10% 15%

5th to 35th -0.123*** -0.125*** -0.125*** -0.123*** -0.123***
(0.0406) (0.0407) (0.0405) (0.0405) (0.0405)

35th to 65th -0.0980*** -0.0982*** -0.0967*** -0.0962*** -0.0964***
(0.0356) (0.0356) (0.0354) (0.0353) (0.0354)

65th to 95th -0.0814** -0.0810** -0.0799** -0.0796** -0.0795**
(0.0365) (0.0365) (0.0362) (0.0362) (0.0363)

Stand-alone change flag 0.00394 0.0124 0.0499** 0.0692** 0.0550
(0.00972) (0.0132) (0.0241) (0.0297) (0.0346)

Observations 3,109 3,109 3,109 3,109 3,109
Adjusted R-squared 0.392 0.393 0.394 0.395 0.393
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operational efficiency and firm value (Beracha et  al., 2019a, b). The orthogonali-
zation process consists of regressing conditional geographical clustering on opera-
tional efficiency to collect the residual term. That is, the orthogonalized operational 
efficiency variable represents the error term after regressing each set of moderate 
clustering bins, discussed in Section 4.1, on the efficiency measure. Effectively, the 
orthogonalization splits the operational efficiency variable into two components, the 
parts related and unrelated to conditioned geographic clustering, and allows us to 
examine if clustering impacts firm value through channels other than efficiency. We 
present the orthogonalization regression results in Table 5; congruent with results in 
Table 2, conditional geographical clustering bin coefficients are statistically signifi-
cant in every model specification.

Table  6 presents results examining the relationship between property clus-
tering and firm value measured by Tobin’s Q. Similar to Table  2, in Table  6 
we present results for the 50-mile and 75-mile radii since these two radii have 
the best AIC and BIC model fit statistics. The estimates in columns (1) and (4) 
show moderate degrees of clustering improve firm value relative to extreme 
high or low degrees of clustering; however, the estimated coefficients are 
not statistically significant for the 35th to 65th and 65th to 95th bins using a 
75-mile radius. The largest increases in values occur for firms with a degree of 
clustering between the 5th and 35th percentiles, and the estimated coefficients 
for the 5th to 35th percentile bin are statistically different from the other mod-
erate clustering bins in column (1).

Results in columns (2) and (5) of Table 6 show that, relative to REITs with a degree 
of clustering above the 95th percentile, firms with moderate degrees of clustering are 
significantly more valuable. The estimated coefficients for bins representing moder-
ate degrees of clustering are all significantly positive, indicating an increase in value 
in relation to REITs with extremely high degrees of clustering. For the 50-mile radius 
specification, we find the largest increase in value is for the 5th to 35th percentile bin 
followed by firms with a degree of clustering below the 5th percentile; however, these 
results are not statistically different. For the 75-mile radius specification, we observe the 
largest increase in value for firms with a degree of clustering below the 5th percentile 
followed by firms with a degree of clustering between the 5th to 35th percentile, simi-
larly, these coefficients are not statistically different.

Finally, the results in columns (3) and (6) in Table 6 suggest that, relative to firms 
with a degree of clustering below the 5th percentile, firms with an extremely high or 
moderate degree of clustering observe relatively lower firm values; however, these 
results are only statistically significant for the 75-mile radius specification in the 35th 
to 65th and 65th to 95th percentile bins. In fact, albeit marginally significant, the 
coefficient for the 5th to 35th percentile bin in the 50-mile radius specification is the 
only positive among the results. In general, results in Table 6 suggest that moderate 
degrees of property clustering (particularly for degrees of clustering between the 5th 
and 35th percentile of the distribution) are associated with higher firm value.

The results in Table  6 align with the increases in operational efficiency 
reported in the prior section. Table  6 shows increases in operational efficiency 
are significantly and positively associated with firm value as reported by Beracha 
et al. (2019a); thus, more efficient REITs create more value. Similar to Hartzell 
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et al. (2014), we observe a geographical diversification discount; that is, as REIT 
increase their geographical exposure, firm value tends to decrease. In regards to 
other types of scale economies, we find the size of a REIT (Size) and the degree 
of concentration near economic activity (Agglomeration) to have positive and 
statistically significant impacts on firm value while property type diversifica-
tion has negative but statistically insignificant impacts. The results provide evi-
dence REITs benefit from scale economies. We also find REITs with more debt, 
older REITs and self-managed REITs to be more valuable. We posit the channels 
through which efficiency and values gains are generated is reduced monitoring 
costs (Feng et al. 2021) and local market expertise (Campbell et al., 2003; Cron-
qvist et al., 2001; and Hartzell et al., 2014). Altogether, we conclude conditioned 
geographical clustering generates firm value through gains in operational effi-
ciency and potentially from gains in informational efficiency.21

Table 5  Results – Orthogonalizing OER 1

This table reports results of multivariate regressions of operational efficiency (OER 1) on Cluster Aver-
age scores separated into discrete bins according to distribution percentiles. The bin Below the 5th 
includes observations with a degree of clustering below the 5th percentile of the sample distribution (low 
clustering). Bins 5th to 35th, 35th to 65th, and 65th to 95th, include observations within their corre-
sponding percentile values. The bin Above the 95th includes observations with a degree of clustering 
exceeding the 95th percentile (extreme clustering). Cluster robust standard errors in parentheses. Signifi-
cance levels are denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1

(1) (2) (3) (4) (5) (6)
Distance 50 miles 75 miles

Variables Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Below the 5th 0.299*** 0.303***
(0.0736) (0.0718)

5th to 35th -0.0717 0.0746* -0.224*** -0.0653 0.0888** -0.214***
(0.0498) (0.0450) (0.0640) (0.0498) (0.0447) (0.0626)

35th to 65th -0.129*** 0.0172 -0.281*** -0.133*** 0.0215 -0.282***
(0.0492) (0.0395) (0.0658) (0.0491) (0.0392) (0.0636)

65th to 95th -0.125** 0.0215 -0.277*** -0.114** 0.0406 -0.263***
(0.0485) (0.0343) (0.0667) (0.0503) (0.0382) (0.0653)

Above the 95th -0.299*** -0.303***
(0.0736) (0.0718)

Constant 0.766*** 0.620*** 0.918*** 0.761*** 0.607*** 0.911***
(0.0468) (0.0368) (0.0637) (0.0471) (0.0365) (0.0618)

Observations 3,441 3,441 3,441 3,441 3,441 3,441
Adjusted R-squared 0.0209 0.0497 0.0497 0.0216 0.0524 0.0524

21  For robustness, we also employ Firm Q as the dependent variable for the specification in Eq. (4). We 
find quantitatively similar results and report these in Appendix Table Q.
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Table 6  Conditioned geographic clustering and firm value

This table reports results of multivariate regressions of REIT firm value (Tobin’s Q) on Cluster Aver-
age scores separated into discrete bins according to distribution percentiles. Middle is a binary variable 
defined as those REIT-Year observations whose degree of clustering is above the lower extreme cut off 
percentile and below the upper extreme cut off percentile. Orthogonalized OER1 is an orthogonalized 

(1) (2) (3) (4) (5) (6)
Distance 50 Miles 75 Miles

Variables Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Below the 5th 0.184** 0.272***
(0.0713) (0.0872)

5th to 35th 0.180*** 0.275*** 0.0912* 0.0904* 0.243*** -0.0291
(0.0482) (0.0612) (0.0508) (0.0527) (0.0593) (0.0633)

35th to 65th 0.0968** 0.180*** -0.00398 0.0640 0.195*** -0.0765
(0.0414) (0.0457) (0.0563) (0.0531) (0.0467) (0.0717)

65th to 95th 0.0975** 0.172*** -0.0115 0.0285 0.152*** -0.120
(0.0422) (0.0427) (0.0623) (0.0556) (0.0427) (0.0782)

Above the 95th -0.184** -0.272***
(0.0713) (0.0872)

Orthogonalized 
OER 1

-0.185*** -0.196*** -0.196*** -0.198*** -0.210*** -0.210***

(0.0595) (0.0588) (0.0588) (0.0581) (0.0562) (0.0562)
Region HHI -0.225*** -0.238*** -0.238*** -0.216*** -0.225*** -0.225***

(0.0697) (0.0678) (0.0678) (0.0691) (0.0667) (0.0667)
Property HHI -0.0577 -0.0428 -0.0428 -0.0577 -0.0316 -0.0316

(0.0592) (0.0584) (0.0584) (0.0603) (0.0576) (0.0576)
Size 0.101*** 0.108*** 0.108*** 0.0997*** 0.107*** 0.107***

(0.0127) (0.0128) (0.0128) (0.0128) (0.0124) (0.0124)
Leverage 0.482*** 0.510*** 0.510*** 0.491*** 0.526*** 0.526***

(0.101) (0.0995) (0.0995) (0.103) (0.0995) (0.0995)
Firm Age 0.0502*** 0.0511*** 0.0511*** 0.0499*** 0.0533*** 0.0533***

(0.0133) (0.0132) (0.0132) (0.0133) (0.0134) (0.0134)
REI Growth -7.52e-05 -5.93e-05 -5.93e-05 -0.000107 -5.16e-05 -5.16e-05

(0.000162) (0.000160) (0.000160) (0.000165) (0.000162) (0.000162)
Self-Advised -0.0634 -0.0746 -0.0746 -0.0886 -0.0912 -0.0912

(0.0723) (0.0716) (0.0716) (0.0758) (0.0709) (0.0709)
Self-Managed 0.104** 0.123** 0.123** 0.119** 0.136*** 0.136***

(0.0516) (0.0522) (0.0522) (0.0545) (0.0510) (0.0510)
Agglomeration 0.000249** 0.000240** 0.000240** 0.000237** 0.000217** 0.000217**

(9.71e-05) (9.72e-05) (9.72e-05) (0.000100) (9.99e-05) (9.99e-05)
Constant -6.317 -1.701 -1.517 -9.320 -2.529 -2.257

(6.503) (5.927) (5.922) (7.088) (5.825) (5.818)
Observations 3,441 3,441 3,441 3,441 3,441 3,441
AIC 0.374 0.359 0.359 0.394 0.364 0.364
BIC -23103.893 -23148.64 -23148.64 -23034.858 -23131.481 -23131.481
Adjusted R-squared 0.473 0.481 0.481 0.462 0.478 0.478
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Further Examination of the Relationship Between Clustering, Operational 
Efficiency, and Firm Value

Tables 2 and 6 suggest moderate clustering is related to increases in operational 
efficiency and firm value. Supporting this notion, Fig. 5 presents further graph-
ical evidence that increases in firm value arise due to efficiency gains from 
moderate clustering. Panel A of Fig. 5 plots coefficients using model 1, OER1 
as the dependent variable, and a cluster radius of 50 miles for each extreme 
value and discretized bin relative to each bins’ mid-point.22 Panel B of Fig. 5 
displays the corresponding estimates when Tobin’s Q serves as the depend-
ent variable. We identify trends in the data by fitting a polynomial of degree 4 
through each data series.

The curves of best fit in Panels A and B of Fig. 5 appear quasi-symmetric rep-
resentations of each other. Panel A shows a large increase in operational efficiency 
for the first moderate clustering bin (5th to 35th percentile, represented by the 20th 
percentile midpoint) followed by a decrease in efficiency for the second moderate 
clustering bin (35th to 65th percentile, represented by the 50th percentile midpoint), 
and then a slight increase for the third moderate clustering bin (65th to 95th percen-
tile, represented by the 80th percentile midpoint) before returning to the baseline 
(calibrated to zero). Panel B displays a large increase in firm value for the first mod-
erate clustering bin, following by a decline in firm value with the second moderate 
clustering bin and then a secondary increase in value for the third moderate clus-
tering bin. The graphical evidence shows clustering increasing efficiency and firm 
value and, in addition, that larger increases in operational efficiency results in larger 
increases in firm value.

version of OER 1 found by regressing the Middle variable on OER 1 and calculating the residual. Region 
HHI is the geographical diversification Herfindahl index by National Council of Real Estate Investment 
Fiduciaries (NCREIF) regions. Property HHI is property-type Herfindahl index. Size is the natural loga-
rithm of total market capitalization. Leverage is the ratio of REIT total debt to total assets. Firm age is 
the natural logarithm of one plus the smaller of either the number of years since a REIT’s initial public 
offering or the number of years since the firm adopted REIT status. REI Growth is the growth rate of real 
estate investment as defined by S&P Global Market Intelligence. Self-advised is a binary variable indi-
cating if the company makes acquisition and management decisions internally. Self-managed is a binary 
variable specifying if a REIT manages the day-to-day operations of its own properties. Agglomeration is 
a continuous variable representing the degree to which a REIT’s properties are located near concentra-
tions of economic activity. Cluster robust standard errors in parentheses. Significance levels are denoted 
as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. Bold text highlights variables of interest. Models include 
region by year and property type by year percentages

Table 6  (continued)

22  In our main model there are 5 bins: 1) below the 5th percentile (mid-point of 2.5); 2) 5th to 35th 
percentiles (mid-point of 20); 3) 35th to 65th percentiles (mid-point of 50); 4) 65th to 95th percentiles 
(mid-point of 80); and 5) above the 95th percentile (mid-point of 97.5). In Model 1, the base group con-
sists of below the 5th percentile and above the 95th percentile; there, the estimated coefficients for bins is 
constant term. For ease of exposition, we calibrate Panels A and B to a baseline of 0.
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Fig. 5  Estimated coefficients by moderate clustering bin on OER 1 and Tobin’s Q. Notes: Panel A shows 
the estimated coefficients from Table 2, column 1 while Panel B shows the estimated coefficients from 
Table 4, column 1. We plot the mid-point of each moderate clustering bin on the x-axis. We calibrate 
both graphs to zero for ease of exposition, but the estimates should be interpreted relative to the base 
group, which consists of observations with degrees of clustering below the  5th percentile or above the 
 95th percentile
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Property Clustering and the Geographical Diversification Discount

We next examine the relationship between conditioned geographical clustering and 
the REIT geographical diversification discount. Our results confirm the REIT geo-
graphical diversification discount reported in previous empirical studies (e.g. Hart-
zell et  al., 2014; Feng et  al., 2021). Nonetheless, extant literature shows the geo-
graphical diversification discount is mitigated by certain factors such as increased 
levels of monitoring, more transparency, and efficient managerial decisions. We 
examine whether REITs following a conditioned geographical clustering strategy 
can mitigate the geographical diversification discount since our previous results 
demonstrate that property clustering leads to increases in operational efficiency 
and firm value. To examine this, we peruse model (1) of the specification in Eq. (4) 
using Tobin’s Q as the dependent variable. We discretize the Region HHI variable 
into quartiles and include binary variables representing the three highest quartiles in 
Eq. (4) in place of the continuous Region HHI variable. We include the three highest 
quartiles so that the discount is measured relative to the most geographically con-
centrated REITs (those with the lowest absolute values in the Region HHI variable). 
The use of binary variables allows us to identify the average treatment effect within 
each quartile. We then calculate the pairwise linear combinations of each moderate 
clustering bin and Region HHI quartile to examine if clustering can mitigate diversi-
fication discounts.

In Columns 1 and 3 of Table 7, we present baseline results to confirm the pres-
ence of the diversification discount.23 Relative to the most geographically concen-
trated REITs, the coefficients for the three largest Region HHI Diversification quar-
tiles are negative and statistically significant. More importantly, the magnitude of 
the coefficient, in absolute terms, increases as the level of geographical diversifica-
tion rises. Overall, the results in Columns (1) and (3) support previous empirical 
findings – as geographical diversification increase, firm value decreases. In columns 
(2) and (4) of Table 7, we include the clustering score bin variables. Column (2) 
employs clusters bins defined by a 50-mile radius and column (4) employs cluster 
bins using a 75-mile radius. The coefficients’ signs and magnitudes for the cluster-
ing bin variables follow those presented in Table 6; that is, despite the introduction 
of the Region HHI Diversification quartile binary variables, the benefits of property 
clustering on firm value persist. We continue to observe that moderate clustering 
creates value relative to strategies of extreme low or high clustering.

Table 8 presents the pairwise, linear combination of each moderate clustering 
bin and Region HHI quartile, and results suggest the geographical diversification 
discount is mitigated if REITs employ a strategy of property clustering. Panel 
A of Table 8 shows results for clusters formed employing a radius of 50 miles; 
these results suggest REITs with no property clusters observe a significant geo-
graphical diversification discount, and that the discount increases as REITs are 
more geographically diversified. However, when REITs employ a strategy of 
moderate property clustering, the linear combination of the clustering estimate 

23  A complete table of coefficients is presented in Appendix Table R.
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and the diversification estimate always decreases, in absolute magnitude, rela-
tive to the no-clustering estimate. All the linear combinations are negative 
except for the linear combinations of the 5th to 35th moderate clustering bin 
and the 25th to 50th and 50th to 75th HHI Region quartiles. The positive linear 
combination suggests the gains from clustering outweigh the diversification dis-
count. In Panel A of Table 8, all linear combinations are statistically insignifi-
cant except for the linear combination of 35th to 65th and 65th to 95th clustering 
bins with the 75th to 100th HHI Region quartile. Panel B of Table 8 shows the 
same results as in Panel A but with property clusters built employing a 75-mile 
radius. These results continue to suggest that REITs employing a moderate clus-
tering strategy can mitigate the geographical diversification discount.

Optimal Cluster Size

As discussed in Section  3.2, extant literature does not provide guidance for 
proper cluster size. Thus, we examine the optimal cluster size defined by the 
distance radius. There are practical implications for examining the optimal 
cluster size as the results may better inform REIT managers in their property 
location choices. We plot the estimated coefficients from the specification in 
Eq.  (4) for distance radii of 5 miles, 12.5 miles, 25 miles, 50 miles, 75 miles, 
and 100 miles.

In particular, we graph the estimates from model 1, where the base group is 
defined to be firms with a degree of clustering below the 5th percentile or above the 
95th percentile. These graphs are displayed in Panel A (OER1) and Panel B (Tobin’s 
Q) of Fig. 6. To illustrate trends in the data, we fit quadratic polynomials through the 
estimated coefficients.

Panel A shows REITs with a degree of clustering between the 5th and 35th 
percentile experience the largest increase in efficiency followed by the 35th to 
65th group and then the 65th to 95th group. Correspondingly, Panel B shows 
firms with a degree of clustering between the 5th and 35th percentile consist-
ently experience the highest increase in value, followed by firms with a degree 
of clustering between the 35th and 65th and then by the 65th to 95th percen-
tile group. The fitted values for the upper bins cross between radii of 20 and 
40 miles. More importantly, the relative rankings reveal firms with the larg-
est increase in efficiency experience the largest increase in firm value. In other 
words, firms with a degree of clustering between the 5th and 35th percentile 
experience the greatest efficiency gains and the largest value gains. Firms 
with a degree of clustering between the 35th and 65th percentile experience 
the next largest increase in efficiency and experience the next largest increase 
in firm value. Figure  6 additionally suggests that the optimal cluster size has 
radii between 40 and 80 miles (a circumference of 80 to 160 miles). The plots 
show peak values for efficiency gains between radii of 50 and 70 miles while the 
strongest increases in firm value occur between 40 and 60 miles. These results 
correspond to our prior findings of best AIC and BIC fit statistics observed for 
models employing 50 and 75-mile radii.
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Conclusion

This paper examines the extent to which a strategy of conditioned geographical 
clustering impacts REIT operational efficiency and firm value. Our findings suggest 
REITs that employ a moderate property clustering strategy achieve significant gains 
in operational efficiency and firm value that are primarily driven by improvements 
in managerial efficiency that are above and beyond those generated by economies 

Table 7  Clustering and diversification discounts

This table reports results of multivariate regressions of REIT firm value (Tobin’s Q) on Cluster Average 
scores separated into discrete bins according to distribution percentiles and on Geographical Diversifica-
tion (HHI Region Diversification) score bins by quartiles. Bins 5th to 35th, 35th to 65th, and 65th to 
95th, include observations with a degree of clustering within their corresponding percentile values. We 
omit the extreme low and high degrees of clustering bins so the results a measured relative these values. 
Orthogonalized OER1 is an orthogonalized version of OER 1 found by regressing the Middle variable 
on OER 1 and calculating the residual. Region HHI is the geographical diversification Herfindahl index 
by National Council of Real Estate Investment Fiduciaries (NCREIF) regions. We discretize the Region 
HHI variable into quartiles and include binary variables representing the three highest quartiles in Eq. 
(4) in place of the continuous Region HHI variable. The geographical diversification discount is meas-
ured relative to the most geographically concentrated REITs (those with the lowest absolute values in the 
Region HHI variable). OER1 is operational efficiency calculated as the ratio of total expenses minus real 
estate depreciation and amortization to total revenue. Property HHI is property-type Herfindahl index. 
Size is the natural logarithm of total market capitalization. Leverage is the ratio of REIT total debt to 
total assets. Firm age is the natural logarithm of one plus the smaller of either the number of years since 
a REIT’s initial public offering or the number of years since the firm adopted REIT status. REI Growth 
is the growth rate of real estate investment as defined by S&P Global Market Intelligence. Self-advised 
is a binary variable indicating if the company makes acquisition and management decisions internally. 
Self-managed is a binary variable specifying if a REIT manages the day to day operations of its own 
properties. Agglomeration is a continuous variable representing the degree to which a REIT’s properties 
are located near concentrations of economic activity. Cluster robust standard errors in parentheses. Sig-
nificance levels are denoted as follows: *** p < 0.01, **p < 0.05, * p < 0.1. Models include region by year 
and property type by year percentages

(1) (2) (3) (4)
Distance 50 Miles 75 Miles

5th to 35th 0.176*** 0.0931*
(0.0474) (0.0503)

35th to 65th 0.0910** 0.0629
(0.0406) (0.0511)

65th to 95th 0.0991** 0.0315
(0.0416) (0.0527)

HHI Region Diversification 25–50% -0.0782* -0.0939** -0.0788* -0.0925**
(0.0410) (0.0411) (0.0411) (0.0423)

HHI Region Diversification 50–75% -0.0670 -0.0899* -0.0677 -0.0873*
(0.0458) (0.0462) (0.0458) (0.0455)

HHI Region Diversification 75–100% -0.166*** -0.194*** -0.167*** -0.192***
(0.0498) (0.0508) (0.0499) (0.0526)

Observations 3,441 3,441 3,441 3,441
Adjusted R-squared 0.463 0.478 0.463 0.468
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Table 8  Linear combinations 
of clustering and geographic 
diversification average treatment 
effects

This table shows the linear combination of the Region HHI quartile 
bin coefficients and the moderate Property Clustering Score bin coeffi-
cients employing the specification in Eq. (3). Bins 5th to 35th, 35th to 
65th, and 65th to 95th, include observations with a degree of cluster-
ing within their corresponding percentile values. We omit the extreme 
low and high degrees of clustering bins so the results a measured rela-
tive these values. Orthogonalized OER1 is an orthogonalized version of 
OER 1 found by regressing the Middle variable on OER 1 and calcu-
lating the residual. Region HHI is the geographical diversification Her-
findahl index by National Council of Real Estate Investment Fiduciaries 
(NCREIF) regions. We discretize the Region HHI variable into quartiles 
and include binary variables representing the three highest quartiles in 
place of the continuous Region HHI variable. The geographical diver-
sification discount is measured relative to the most geographically con-
centrated REITs (those with the lowest absolute values in the Region 
HHI variable). Unreported control variables: OER1 is operational effi-
ciency calculated as the ratio of total expenses minus real estate depre-
ciation and amortization to total revenue. Property HHI is property-type 
Herfindahl index. Size is the natural logarithm of total market capitaliza-
tion. Leverage is the ratio of REIT total debt to total assets. Firm age 
is the natural logarithm of one plus the smaller of either the number of 
years since a REIT’s initial public offering or the number of years since 
the firm adopted REIT status. REI Growth is the growth rate of real 
estate investment as defined by S&P Global Market Intelligence. Self-
advised is a binary variable indicating if the company makes acquisition 
and management decisions internally. Self-managed is a binary vari-
able specifying if a REIT manages the day-to-day operations of its own 
properties. Robust standard errors in parentheses. Significance levels are 
denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. Models include 
region by year and property type by year percentages

Region HHI Diversification Bin

Cluster Bin 25–50% 50–75% 75–100%

Panel A: Cluster Radius of 50 Miles
  No Clustering -0.0939** -0.0899* -0.194***

(0.0411) (0.0462) (0.0508)
  5th to 35th 0.0825 0.0864 0.0179

(0.0528) (0.0575) (0.0552)
  35th to 65th -0.0029 0.0011 -0.1034*

(0.0526) (0.0591) (0.0586)
  65th to 95th 0.0052 0.0092 -0.0952

(0.0597) (0.0660) (0.0661)
Panel B: Cluster Radius of 75 Miles
  No Clustering -0.0788* -0.0677 -0.167***

(0.0411) (0.0458) (0.0499)
  5th to 35th 0.0006 0.0058 0.0987

(0.0611) (0.0684) (0.0701)
  35th to 65th -0.0296 -0.0244 -0.1289*

(0.0617) (0.0643) (0.0756)
  65th to 95th 0.0610 -0.0558 -0.1603*

(0.0711) (0.0737) (0.0834)
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Fig. 6  Estimated coefficients by distance radius. Notes: Panel A plots the estimated coefficients for the 
moderate clustering bins for the specification in Eq. (4) with the dependent variable as OER 1 and the 
clustering base group set to observations with a degree of clustering below the 5th percentile or above 
the 95th percentile. Panel B plots the estimated coefficients for the moderate clustering bins for the speci-
fication in Eq. (4) with the dependent variable as Tobin’s Q and the clustering base group set to observa-
tions with a degree of clustering below the 5th percentile or above the 95th percentile. For each panel we 
estimate the specification over clusters defined by distance radii of: 1) 5 miles; 2) 12.5 miles; 3) 25 miles; 
4) 50 miles; 5) 75 miles; and 6) 100 miles
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of scale. Our empirical analyses additionally suggest that, although gains in opera-
tional efficiency are a significant driver of gains in value, there are other positive 
consequences to conditioned geographical clustering which we posit can be attrib-
uted to gains in informational efficiency (i.e. reductions in monitoring costs, gains in 
local market expertise, and decreases in informational opacity). In fact, our results 
suggest that, relative to REITs with moderate degrees of clustering, extreme high 
or low degrees of clustering create significant operational inefficiencies and reduc-
tions in firm value. More specifically, we find that an optimal degree of clustering 
is situated between the 5th and 35th percentile of the distribution and that the opti-
mal cluster radius is between 50 and 75 miles as suggested by the magnitude of our 
clustering degree bin coefficients and model fit statistics. Finally, although the well-
documented REIT geographical diversification discount persists, we find that REIT 
managers who geographically allocate their property portfolio in clusters of moder-
ate size are able to mitigate the geographical diversification discount and achieve 
economies of scale leading to increases in efficiency and higher firm valuations rela-
tive to REITs with extreme low or high degrees of clustering.

The findings in this paper are relevant to REIT stakeholders since it provides 
guidance on a conditioned geographical clustering strategy that dissipates the ortho-
dox REIT geographical diversification discount with a practicable strategy.

Supplementary Information The online version contains supplementary material available at https:// doi. 
org/ 10. 1007/ s11146- 023- 09973-w.
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