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Abstract

The clustering of retail amenities is a defining spatial feature of cities, driving urban
growth and creating value for firms and landowners. However, the proliferation of an a-
spatial retail alternative, like e-commerce, could disrupt these benefits by threatening the
value of retail co-location. We leverage a novel clustering metric and rich data on property
transactions to document retail clustering and assess whether the advantages of retail co-
location attenuated over the decades of e-commerce expansion. We use the cases of New York
City and Los Angeles County to illustrate how local context might matter. Our analysis shows
that more retail clustering is associated with higher prices. However, the nature of clustering
and its value does change over time. We find evidence of increasing retail concentration
for NYC and Los Angeles, although it is more pronounced for the former. Over this same
period, the number of new retail leases, the amount of retail space leased, and average rents
all declined or plateaued. In addition, in NYC, changes in retail clustering over time are
associated with declines in prices, especially for parcels near smaller clusters. In contrast, in
Los Angeles, the premium of being near retail clusters is largely retained over time. We find
evidence that NYC’s robust public transit system and dense, mixed-use neighborhoods are
associated with bigger adjustments in retail clustering and could explain the more significant
price response compared to Los Angeles, where public transit is less comprehensive and
commercial land uses are more segregated.
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Center for sharing their property transaction data. We are grateful to the Ewing Marion Kauffman
Foundation for their financial support of this research. We thank Emek Basker for very helpful
comments.
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1 Introduction

Uneven land value within a city reflects urban inequalities. Many of the theories and much of

the empirical work on urban growth and the allocation of land value focus on production chan-

nels: generally, central locations are more valuable, as are locations that provide benefits due to

transportation advantages or proximity to labor or firms. However, as transportation costs decline

and work location becomes more flexible, the value of urban land, and the variation in this value

across the city, may increasingly be affected by consumption-based economies of scale (Nijman

and Wei (2020)). We know that preferences for amenities, and not just access to jobs, has driven

urban growth over the past two decades (Couture and Handbury (2020), Glaeser et al. (2001)).

At the same time, online alternatives to consumption (e.g., Amazon) threaten the relevance of

physical sites of consumption. We are interested in documenting whether shifts in consumption

co-occur with changes in the urban built form and whether these changes attenuate the advantage

of place-based consumption.

We argue that the clustering of what we label “consumer-facing” activity produces location-

based benefits from consumption. By “consumer-facing,” we mean not just the typical retail stores

with physical products, such as clothing or electronics, but also establishments including food away

from home, hospitality, and personal services, such as nails or haircuts. These organizations, and

the amenities and services they provide, can affect quality of life for residents and workers in cities.

The size of their revenues have important fiscal implications for municipal budgets.

This paper has three main objectives. First, using a novel metric of small-scale clustering, we

document the degree of clustering among consumer-facing retail uses and analyze how it capitalizes

into land values.

Second, we track land valuation over multiple decades as the demand for physical retail changed

due to structural adjustments in the sector, including the growth of online e-commerce platforms.

For example, we see that over the last decade and a half, the square footage of the average new retail

lease in most major markets has declined. In addition, and in notable contrast to ever-increasing

residential prices, real retail rents have fallen (citation redacted).

Finally, we use the cases of New York City and Los Angeles County to illustrate how local
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context might matter in the face of these changes. These two settings are similar demographically

but have very different density, land use, and mobility profiles. These differences may explain

divergent clustering adjustments as e-commerce proliferated.

We establish that clustering is reflected in land values. For parcels in New York City and Los

Angeles, more clustered parcels command higher prices. This positive association holds for the

four sub-types of commercial use we consider: retail, industrial, office and theater/hotel.

We also document shifts in the clustering of retail over nearly two decades between 2006 and

2022. Notably, this is the period when e-commerce grew precipitously. Retail clusters became

larger over this time, consistent with the proposition that in order to compete with online shop-

ping, retail increasingly concentrates in single locations rather than in scattered smaller clusters.

However, this increase in retail concentration is notably more pronounced in New York City than

Los Angeles County.

Lastly, we provide evidence that the value of retail clustering has declined from 2006 to 2022.

As a first indication, over this same period, retail lease initiation and total retail square footage

leased plateaued, coincident with the acceleration in the growth of e-commerce revenues. Real

retail rents declined modestly in New York City and were essentially flat in Los Angeles. We

should note, however, that rents are sticky for commercial spaces, given that lease terms are often

10 years or longer.

When we study the relationship between retail clustering and land value, we find different

patterns in New York City and Los Angeles. While properties proximate to bigger commercial

clusters consistently sell for higher prices, the premium for retail properties depends on the market.

The average New York retail property near bigger clusters has a price discount, relative to other

non-retail commercial uses. This relative discount increases over time. Los Angeles has a modest

retail premium, which attenuates slightly over time but still remains positive relative to other

non-retail commercial uses.

In order to understand what may explain the different trends across the two localities, we test

how retail clustering varies with neighborhood-level population density, mobility, and household

income. Retail clustering appears to be more sensitive to tract-level variation in population den-
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sity, use of public transit, and household income in New York City. Specifically, retail clustering

decreased in areas with high population density and increased in areas with bigger shares of com-

muters using public transit and in areas with higher household income. In contrast, Los Angeles

exhibits a weak relationship between changes in retail clustering and population density, share

of commuters using public transit, and median household income. We interpret these differences

to mean that a more robust public transit system and denser, mixed-use living might make land

markets more responsive to shifts in retail clustering over time. Therefore, while the benefits of

retail clusters do get translated into property values, the persistence of their value in the face of

global market shifts depends on the urban context.

2 How Retail Property Values Change in the Context of

E-commerce Proliferation

In this section, we lay out the fundamentals that drive retail location with an emphasis on the

prevalence and mix of commercial neighbors. We then consider how a shock to physical con-

sumption, such as e-commerce, can induce changes in those fundamentals. We conclude with an

assessment of how changes in commercial neighbors can impact the value of retail land.

2.1 Retail Market Fundamentals

The value of any parcel of land, and the rent paid to occupy it, is determined by its “highest

and best use” (Ratcliff, 1949). For commercially zoned land, this is typically determined by the

potential income from economic activity that takes place on that parcel. For retail land, the value,

or potential income stream, is a function of the broader market for retail goods and services.

Establishments stay operational only when revenues meet or exceed business expenses. On the

cost side, rent and labor are usually the most significant budget items, especially for enterprises

that are not capital intensive, such as retailers. However, whereas a business can adjust labor

costs to a point (by employing fewer people, for example), rent is usually fixed for the term of the

lease. Moreover, rents and the supply of space vary across neighborhoods within the same city,
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presumably capturing variation in the costs and benefits of operating in those particular locations.

In contrast, labor costs vary substantially less within the same city for comparable jobs.

Localized demand fundamentals also affect the retail market. All else equal, retailers prefer to

locate closer to a consumer base. The density and composition of this consumer base can change

for any number of reasons, and the viability of retail is affected by such shifts. Transit costs, such

as distance to a freeway, major road, or public transit, mediate the cost of consumer access. For

purposes of this framework, we consider these transit fundamentals, and specifically local reliance

on personal automobile or public transit, fixed over time.

Finally, and central to the current analysis, the presence of nearby establishments can bring

agglomerative benefits. In the retail case, this means economies of scale in co-location due to

shared customer bases or lower transportation and search costs. Therefore, the value of any in-

dividual retail parcel depends not only on the economic activity of that particular site, but the

economic activity of nearby sites as well (Liu et al., 2022; Kickert and Vom Hofe, 2018; Dodds

and Dubrovinsky, 2014). One illustrative implication of this is that if nearby retail spaces are

unoccupied or not drawing customers, for example due to online substitution, the value of the

retail cluster would attenuate and real estate values at that location would depreciate.

2.2 How an A-Spatial Shock like E-commerce Disrupts Retail Market

Fundamentals

In a world where only in-person consumption exists, consumers incur tangible transit costs to

search for and purchase goods in person. Therefore, retail clustering that allows for expedited

search and multiple purchases in the same location reduces transit and search costs and creates

value for consumers. Once consumption, however, is detached from a location, as in the case

of e-commerce purchases, consumer transit costs decline precipitously, perhaps to near zero in

some cases. Search costs decline as well, due to the technological capabilities of searching for

products across many sellers and online comparison shopping (Rigby, 2011). Search and transit

costs may not be disrupted simultaneously: some evidence indicates that the reduction in search
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costs preceded any reduction in transit costs as online search aids from the retailers themselves or

sites like Yelp took hold before physical retail stores changed their formats (Raj, 2026).

Given this, we expect that a disruption such as e-commerce should change both the value of

retail locations and the value that retail locations derive from neighboring properties. This differs

from goods producers’ response to online commerce, for whom supply-side cost determinants,

rather than demand-side customer costs, drive overall costs. With the rise of online shopping,

consumers no longer need to visit an establishment in person to discern product quality or type.

Brick-and-mortar stores for goods that can be easily purchased online – items such as books

and movie rentals – should disappear almost entirely. We do not, however, expect all in-person

consumption to disappear (Rigby, 2011). For some goods, quality remains difficult to discern or

replicate online. There also may be cases where online access to goods increases the likelihood

of physical patronage (see, for example, the case of Google books in Nagaraj and Reimers (2023)

or “omnichannel” retail as discussed by Rigby (2011)). Experiential retail, such as dining or hair

salons, should persist in person since online substitution is difficult if not impossible. Co-location

benefits for retailers will change depending on the degree to which their own goods and services

and those of their neighbors are subject to online substitution. In aggregate, this implies a very

different mix of physical retail establishments. The spacing of clusters and their proximity to

consumers may also change, since the customers’ willingness to travel has been eroded by the

e-commerce alternative (Brynjolfsson et al., 2009; Zentner et al., 2013).

This framework motivates three predictions about retail clustering and land value in the con-

text of an a-spatial shock to consumption such as e-commerce proliferation. First, benefits from

clustering should be reflected in land values. Specifically, retail land values should be higher for

parcels that are surrounded by denser clusters of retail.

Second, we expect that the clustering of physical retail establishments should change as e-

commerce expands. In order to enhance the comparative advantage of physical retail co-location—

reduced transit and search costs—we expect that clusters will become bigger or more concentrated.

We acknowledge that there were other innovations that reduced transit costs, such as Google maps (Jerch
et al., 2026), but we assume that the substitution of the buying experience online via e-commerce is a margin of
adjustment that swamps these smaller changes in travel planning and behavior and will more likely be reflected
in land uses and values. In many places, Google maps and other similar products did not change entire modes of
transit, rather routes or times of departure.
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In terms of their composition, we expect experiential retail, such as restaurants or beauty salons,

to serve as anchors that are more resilient to online replacement and to increasingly cluster near

other establishments, including those that also rely on in-person patronage and those that are

less experiential. On the other hand, we expect that clusters oriented around establishments that

sell exclusively non-experiential products such as clothing or shoes will become less prevalent.

Again, in order to survive, the establishments with non-experiential goods and services will either

have to integrate with more experiential retail or cluster more intensely to compete with online

alternatives.

Third, we hypothesize that land values adjust to reflect the changing benefits of retail clustering.

While on average the benefits to retail clustering may decline in the context of online alternatives,

the attenuation is likely to be more profound for smaller clusters that do not deliver the benefits

of co-location that bigger clusters do in the context of expanding online commerce. Similarly,

the changing value of benefits from clustering may vary by the intensity of experiential and non-

experiential uses in the clusters. Parcels near clusters that rely on more experiential goods and

services may experience more muted reductions in land values (and may even see increases).

The response in land values to changing benefits from clustering should also depend on the

urban context. For example, land values in denser places may respond less, since even smaller

clusters are still sustainable with a slightly less responsive consumer base nearby. Clusters in

places with more robust public transit, that can more easily and quickly move masses of people,

may also respond differently. The value of retail clustering may be more responsive in places where

it is less costly to travel to the new or more concentrated physical sites of consumption.

3 What We Know About Land Value Capitalization of

Commercial Clustering

The literature on retail agglomeration, and specifically the land value capitalization of its benefits,

is thin. Most studies attempting to quantify the benefits from urban agglomeration measure them

Given limitations in the data for the current analysis, we will not be able to precisely differentiate between
experiential and non-experiential services, but we describe these scenarios for purposes of providing intuition.
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in terms of wage differentials or premia (Dekle and Eaton, 1999; Combes et al., 2010; Rosenthal

and Strange, 2004, 2008). A more limited set of studies has documented how production-based

agglomeration economies translate into land values. Dekle and Eaton (1999)’s work is one of the

earliest to quantify the magnitude and reach of agglomeration effects on land values. They focus

on financial services and manufacturing and find that both types of agglomerations generate small,

but significant, land value responses (as measured by a residential rental index, which they assume

moves with commercial rents). However, the effects of agglomeration economies decay much faster

over space for the financial services than for manufacturing, suggesting more localized benefits for

the former type of activity. Retail has not yet been the focus of a similar analysis.

Subsequent papers that leverage commercial, and specifically office, rents find similar localized

agglomeration effects. Drennan and Kelly (2011) find that higher rents are associated with greater

concentrations of “producer service employment” (their measure of agglomeration economies) and

that this association is most pronounced in the central business core of MSAs. The rent effects

from agglomeration economies are also most prevalent in the largest MSAs, suggesting that local

context matters. Liu et al. (2022) incorporate measures for both vertical and horizontal agglom-

eration economies in high-rise commercial buildings, as opposed to only the horizontal ones that

had previously dominated the agglomeration literature. They find that increases in localized em-

ployment (e.g., in the same zip code) are associated with higher commercial rents, and that this

relationship is even stronger for increases within the same building. Therefore, the rent capital-

ization of agglomeration benefits follows the same steep attenuation over space as those observed

for wage premia in previous studies (Rosenthal and Strange, 2001, 2003, 2005, 2004; Arzaghi and

Henderson, 2008). These studies make the case for measuring agglomeration dynamics at very

small scales.

Finally, related papers estimate the value of retail access, and study how the concentration

and diversity of retail services determines value. Proximity to a mix of retail, in both urban and

mall settings, is reflected in higher residential land and house values (Meltzer and Ghorbani, 2017;

Sirpal, 1994; Couture, 2016). Furthermore, if online alternatives disrupt either the degree or nature

of clustering, or the perceived premium of having more of the same industry nearby, the valuation
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of the cluster should decline. No study to date, however, has tested this directly.

4 Data

We rely on three main sources of data. The study areas include all five boroughs of New York City

and the entirety of Los Angeles County, which contains 89 municipalities and a large unincorporated

area. These two localities are useful comparators, as they are similar in population. While both are

demographically diverse, they differ in density and in the share of commuters using public transit.

We expect these differences will mediate changes in retail clustering in the face of e-commerce

expansion.

Our first source is lease level data from CoStar. We observe all retail leases recorded by

CoStar from the beginning of their collection in the mid-1990s through 2022 for the New York

City and Los Angeles markets. We focus on the period from 2005 onward, as we believe these data

are the most trustworthy (citation redacted)). For each lease, we observe the date of initiation,

square footage and location. For most leases, and with much greater likelihood after the mid-

2000s, we also observe rent per square foot and the term of the lease. The leased spaces include

stores, restaurants, personal services, such as nail salons or laundromats, and in some cases other

medical or social services when they occupy storefront spaces. We geocoded all lease addresses

using Google’s location API. The number of recorded commercial leases is sparse at sub-municipal

geographies, so we limit our CoStar analyses to the market level. We use the CoStar new lease

initiations to depict high-level citywide patterns of demand for retail during the period when e-

commerce proliferated to test if trends in rents follow those in property prices. We cannot, however,

directly connect the behavior in leasing to the changes we observe in land use and clustering.

Second, we obtain land use and building data for both jurisdictions, including information on

the size of the lot, the size of the structure, and the use classification of the lot and/or structure as

determined by the local planning department and/or Assessor. We have records for the universe

The lease information is based on new lease signings–therefore any change in square footage is the change in
newly leased retail square footage. We cannot reliably calculate gross exits or identify re-leases using the lease data
because the number of repeated leases at the same address within our time frame is very small. We therefore cannot
determine the universe of leases (or the associated square footage) being retired versus being re-leased.
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of parcels from New York City’s PLUTO database for the years 2004 to 2022. For Los Angeles,

we use the Assessor’s Secured Basic File or similar alternatives for the years 2006 to 2022. The

Secured Basic File is the County’s most complete public property record.

Finally, we have real property prices dating back to 2004 for New York City and Los Angeles to

align time periods with the land use and building data. For New York City, transactions data are

available from the city’s finance department. For Los Angeles County, we have nearly complete

sales data from the County Assessor.

While we have access to information for all property types, we restrict the analysis to com-

mercial uses only. Furthermore, we categorize building and use classifications into four broad

categories to capture predominantly (i) retail uses, (ii) office uses, (iii) theater and hotel uses and

(iv) industrial commercial uses. We list the composition of each of these categories with respect to

specific building classifications in Table 1. While these categorizations need not reflect differences

in the types of services or goods at each site, they should capture coarser differences with respect to

consumer-facing, experiential, and production-oriented activities. For example, industrial parcels

should house more goods-producing activities, while hotels and theaters should host more experi-

ential retail. Office uses are still service-oriented, but not necessarily consumer-facing in the way

that retail is; they are, however, often complementary to retail uses.

5 Methodology

We test our three predictions using methods to take advantage of our fine-grained micro data. We

develop a novel, parcel-level measure of clustering, document how retail clustering changes over

time, and test whether or not those changes correlate with changes in commercial land values.

This dataset includes more than seventy fields derived from data maintained by multiple city agencies, including
the planning and finance departments.

We eliminate any repeat sales transactions for a single parcel within the same calendar year, which are likely
not arms length. We also drop parcels with extremely low sales values or square footage values below the fifth
percentile.

We thank the Furman Center at NYU for sharing their archive of sales transaction data.
Los Angeles County has about thirty percent more office parcels than NYC (although NYC parcels have more

built square footage, due to more density). Among the parcels that sell in Los Angeles County, they transact more
frequently (on average, every 7 years compared to almost every 10 years in NYC). Therefore, Los Angeles County
has a higher number of transactions due to a higher base of parcels off of which sales can take place and the more
frequent occurrence of those sales.
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We conduct correlation analyses separately for New York City and Los Angeles county, testing

for an association between clustering and neighborhood-level density, public transit ridership, and

income to understand what might explain different trends in prices across the two localities.

5.1 Measuring Point-level Clustering

Since retail clustering takes place at a very small scale – the scale at which customers achieve

the benefits of lower search and transit costs – we need a metric that captures this very localized

variation. Specifically, we leverage point pattern methods inspired by Buzard et al. (2017); see

also Anselin (1995), Getis (1984) and Getis and Ord (1992).

Our method has key advantages over established measures, such as the Ellison Glaeser (Ellison

and Glaeser, 1997) and Duranton-Overman indices (Duranton and Overman, 2005). Our cluster

metric takes advantage of the pairwise distances we observe in our parcel data, producing a fine-

grained measurement at distances of our discretion. This is useful because the geographic scope

of agglomeration should vary depending on the type of commercial activity and the distance over

which the interactions take place (Liu et al., 2022; Kerr and Kominers, 2015; Brown and Rigby,

2013). Rather than producing, as existing indices do, one value per industry and pre-determined

geography, our measure produces a value unique to each property. This means we can characterize

the entire distribution of clustering, beyond just the mean. For a more complete discussion of this

metric see (citation redacted).

For each parcel i, let dij be the distance between parcel i and any other parcel j 6= i. Let m

denote a parcel’s industry classification, where parcels are classified in only one industry (while

we refer to m as industry in this section, m can equally well refer to any other characteristic that

divides parcels into mutually exclusive groups).

Our measure of clustering for parcel i in industry m, Ci;m, counts the number of parcels less

than distance r from parcel i. Specifically, our measure of absolute clustering for parcel i in

industry m is

Ci;m =
∑
j 6=i

I(dij < r and j in m) .

The lowest possible value of Ci;m is 0, which occurs when a parcel has no neighbors in industry
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m less than distance r away. The largest possible value of Ci;m is the total number of parcels

in industry m. The metric Ci;m would take on this value if all non-i parcels in industry m were

located within distance r from parcel i. This measure has the benefit of being clearly interpretable:

it’s the number of neighboring parcels with industry classification m within radius r.

For the current analysis we start with a radius of 500 feet (r = 500) and calculate clustering

along two dimensions. We consider both the total number of neighboring parcels and aggregate

neighboring gross structure square footage. For the current analysis, we rely almost exclusively on

the cluster metric based on gross square footage.

5.2 Estimating the Relationship Between Clustering and Retail Out-

comes

We use this clustering metric to test our first prediction, that land values reflect clustering. We

implement this with a scatterplot analysis of clustering and prices, comparing the strength of the

association across different property types.

We already see, in Tables 2 and 3, that properties differ in terms of clustering and other

features by types and uses. The first two sets of rows in each table show the clustering measures,

first by count and then by square feet. In New York, the average retail property is within 500

feet of 33 other retail properties, accounting for almost 400,000 square feet of structures. The

analogous figures for Los Angeles are 16 neighbors and 85,000 neighboring retail structure square

feet. In both Los Angeles and New York City, retail properties are typically the most clustered,

as measured by the number of neighboring parcels, relative to other property types. Theater and

hotel properties have the highest recorded sales prices. In Los Angeles, retail properties tend to

be the oldest and the smallest in size. In New York, however, they are not as old as industrial

properties. The average New York retail property also has a smaller structure than other property

types, but not as small as industrial properties, which are the smallest.

Next we test if retail parcel clustering has changed over time, focusing on the period of e-

commerce proliferation. Using clustering of non-retail commercial uses (specifically the three

We drop extremely high cluster values in the top fifth percentile of the distribution for each locality for all
analyses.

11



non-retail categories constructed using the land use data: office, theater/hotel and industrial)

as counterfactuals, we compare the distributions of clustering over time for each locality. We

consider these use categories useful counterfactuals. While the utility of office or industrial land

may not be completely unrelated to e-commerce activities, it should be less directly affected by

online substitution and the related shift in how consumer-facing goods and services are delivered

in person. For example, while office workers benefit from nearby retail activity, the spillover effects

from reduced productivity on the office land should be attenuated and even delayed compared to

the direct e-commerce-induced response of brick-and-mortar retail activity. Therefore, we expect

a substantially more muted response in the counterfactual groups relative to retail properties.

Nevertheless, because we do not observe plausibly random variation in clustering, we view this as

a descriptive exercise.

To test our final prediction – that retail land values have depreciated over time, during a

period of expanding e-commerce – we analyze how sales prices have changed over time conditional

on changes in retail clustering. We use hedonic regression analyses and estimate the following

model:

valuei;t = �0 + �1clusteringi;t + �2yeart + �3retaili;t

+ �4;tclusteringi;t � yeart + �5clusteringi;t � retaili;t + �6retaili;t � yeart

+ �7;tclusteringi;t � yeart � retaili;t

+ �8Xi;t + �9borough/supervisorial districti + �i;t,

where i is an individual property transaction and t is time in years (2004 is the omitted reference

year). We are interested in whether the relationship between cluster size and value is different

for retail, relative to other land use types, which we measure with �5. We are also interested in

whether this relationship changes over time, as captured by �7;t. Our main focus is on this latter

measure. In the baseline model, we estimate retail prices relative to all other non-retail commercial

We replicate the baseline regression with quarter-year controls and, separately, including census tract fixed
effects instead of borough and supervisorial district ones, which control for small geographic areas. These results
are consistent with the regressions presented here and are available from the authors upon request.
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use (office, theater/hotel and industrial). We run alternate analyses where we restrict the sample

to only retail and industrial uses, so that we estimate retail relative to the use least likely to be

directly affected by e-commerce disruptions vis-a-vis changes in consumer behavior. Again, we

acknowledge that industrial clustering pricing may not be free entirely of e-commerce pressures.

However, we expect the the pricing of industrial clustering in response to e-commerce to be more

muted than that for retail.

We operationalize property value with the transaction price per lot square foot. We regress the

natural log of price-per-square-foot on our property specific measure of clustering, use classification

and parcel-level characteristics. Specifically, Xi;t contains use type indicators (retail, as in Equation

1, office and theater/hotel), the structure gross square footage, parcel land area, total number of

units if the structure includes residential units (New York only), number of stories (New York only),

year built, and an indicator for condominium status (New York only). We also include geographic

indicators for either the five boroughs of New York City or the five supervisorial districts of Los

Angeles County. We cluster standard errors at the sub-borough area (equivalent to the PUMA) in

New York City and map book page in Los Angeles (this identifies a small geography, of which there

are about 2,400, determined for assessment purposes). We use prices in 2023 dollars, adjusted via

the Consumer Price Index for all urban consumers.

6 Findings

In this section we discuss our findings. First, we leverage parcel-level land use data from New York

City and Los Angeles to compute and track retail clustering over the nearly two decades between

2006 and 2022. We compare the level and change in clustering in retail to other commercial uses

and establish that prices do reflect nearby clustering, for all commercial uses. We then analyze

retail leases and rents at the market level over the same period. Next we analyze the changing

relationship between retail clustering and property price. We conclude with correlation analyses

We recognize that industrial uses may also respond to e-commerce proliferation since they can house the
distribution centers. However, there is not a clear relationship between the growth of distribution centers and
clustering of industrial uses. If anything, distribution centers benefit from being dispersed and don’t generate any
obvious positive spillovers from clustering.

13



between clustering and neighborhood-level features that might mediate the price capitalization of

clustering differently across the two localities, New York City and Los Angeles County.

6.1 Rise of E-commerce

We first document that e-commerce was indeed proliferating during the study period. Figure 1

illustrates the rapid growth of e-commerce since 1998, when the Economic Census started tracking

its activity. The top panel shows e-commerce sales as a share of total retail sales. While e-commerce

was still below ten percent of retail sales as of 2019, e-commerce’s share of retail sales more than

doubled between 2006 and 2019. The bottom panel illustrates that only online commerce, not

offline commerce, has seen high growth rates since 1998. Again, the increase in e-commerce sales

is steepest since around 2008. Therefore, while e-commerce emerged before our earliest data point,

we capture the main period of proliferation.

Over the past few decades, e-commerce has not been the only shock to the retail sector. We

identify three other industry-wide transformations that may also explain the changes in urban retail

co-location that we observe. First, since the mid-1970s, the mall rose and fell. Originally designed

as an alternative to urban shopping experiences, the growth of these retail centers peaked around

2000 and has been declining ever since (see Appendix Figure A1). While malls could certainly be

a credible substitute for urban retail clusters, the growth in this shopping format preceded that

of e-commerce. Therefore, any changes in urban retail co-location since the mid-2000s are more

likely coincident with e-commerce expansion than with mall-related drivers.

Second, retail firms were consolidating over this time period. Appendix Figure A2 shows that

the number of establishments that are part of multi-establishment firms increased steadily since the

early 2000s. While this growth has coincided with the expansion of e-commerce, it has proceeded

at a more modest pace. However, we acknowledge that in the current analysis we cannot fully

disentangle the retail consolidation phenomenon from the e-commerce one.

Finally, Couture and Handbury (2020) have documented that between 2000 and 2010 urban

centers experienced a “revival” of young, professional households due to an increased preference for

retail and cultural amenities disproportionately available in cities. Their evidence is particularly
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strong for the more experiential services, like restaurants. This shift in demand could certainly

induce changes in the way retail co-locates in cities, but on net this increase in brick-and-mortar

services should work in the opposite direction from the substitution forces imposed by e-commerce.

6.2 Is the Benefit of Retail Clustering Capitalized into Land Values?

Before combining the cluster measure with land values, we first use 2022 parcel data to establish

that the measure captures reasonable variation in retail clustering across space. For illustration,

we disaggregate NYC into into its five boroughs—Manhattan, the Bronx, Brooklyn, Queens and

Staten Island—and Los Angeles County into its five largest municipalities. We plot the distribu-

tion of retail clustering, measured as the total structure square footage of all properties within 500

feet (see Appendix Figures A4 and A5). See (citation redacted) for additional analyses using our

concentration metric that confirm its credibility in capturing variation in clustering across space.

We now move onto the first empirical test—whether property level clustering is associated

with higher property prices. Figure 2 presents the correlation between the aggregate built square

footage in properties of the same property type within 500 feet and the log of price per square foot.

We plot the correlations separately for each locality and each of the four property classes every

five years over the course of the study period. These analyses reveal two notable facts. First, there

is a positive relationship between clustering and valuation for nearly all property types in New

York and Los Angeles. Furthermore, the similar correlation coefficients and slopes across property

types at the start of the study period in 2005 lends credence to the research design of having the

non-retail commercial property types serve as counterfactuals in the analysis. Second, there is

some indication that the price capitalization of clustering changes over time by property type. We

will test this more formally below.

For Los Angeles County, this is the city of Los Angeles, Long Beach, Glendale, Santa Clarita and the large
unincorporated area.

We recognize that the correlations for theater/hotel properties in NYC are somewhat noisy given the smaller
number of sales.
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6.3 Has Retail Clustering Changed Over Time?

Now we use our measure of retail and commercial clustering to evaluate changes in the degree of

parcel-level clustering over time. We generate distributions of the clustering metric using nearby

building square footage for both New York City and Los Angeles County, for two points in time,

to test if retail concentration has changed over the two decades of our study period. Panel (a) of

Figure 3 shows the distribution of commercial clustering in New York City in 2006 and 2022, using

all commercial parcels including retail and other non-retail uses. There is a meaningful shift down

and out in the distribution, indicating that commercial clustering has become more concentrated

over time into larger clusters, rather than disparate smaller clusters. Panel (b) shows a similar

figure for retail-only clusters, or clusters of only retail parcels around a centroid retail parcel. The

flattening of the curve over time is again evident and it is clear that much of the overall shift is

due to an increasing concentration of retail-only clusters over time.

Illustrating this point in a different way, Figure 4 plots the difference between the 2006 and 2022

distributions. When the line is above the zero horizontal axis, this means that the share of parcels

surrounded by the amount of building square feet noted on the horizontal axis in 2022 exceeds

the 2006 share. In contrast, values below the zero axis indicate a smaller share of parcels in 2022,

at the level of clustering indicated on the horizontal axis, than that in 2006. For retail especially,

the share of parcels at smaller cluster sizes decreases and the share of parcels at larger cluster

sizes increases. This indicates a trend towards greater concentration over time. When we examine

whether clustering increases for parcels that exist in both 2006 and 2022, or for parcels that were

added to the sample during the study period (due to redevelopment), we find that clustering

increased for both types of parcels. Therefore, retail square footage is increasing near legacy

commercial stock and also near parcels developed under newer market and economic conditions.

These patterns suggest that firms increasingly prefer more neighbors, perhaps because the nature of

agglomeration has changed. Bigger clusters of retail allow consumers to minimize travel costs and

maximize search efficiencies. Although not determinative, these patterns are certainly consistent

We confirm that the distributions and their changes over time are consistent regardless of which radius we use
for the clustering metric. We replicate these analyses (not shown here) using 100-foot, 200-foot, and 1000-foot radii
and the results are materially the same.

The results from these analyses are not displayed here but are available from the authors upon request.
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with our hypothesis about how establishments shift to compete with the core benefits of online

shopping.

For comparison, we generate similar aggregate square footage distributions for office, the-

ater/hotel, and industrial use parcels. We display these in panels (c), (d), and (e) of Figure 3

and their changes in Figure 4. The shift in distribution for office and theater/hotel clusters looks

similar to that for retail. Namely, office and theater/hotel clusters increase in concentration, al-

though the increase is more dramatic for the theater/hotel uses. Although the theater/hotel uses

represent more experiential services that cannot be easily replaced online, they may have even

bigger co-location benefits for the other uses that are more vulnerable to online substitution.

The change in distributions over time for industrial uses, however, is the opposite of what we

observe for the other consumer-oriented or service-oriented clusters. Industrial properties become

less concentrated over time. That is, the peak of the distribution moves to the left, indicating a

higher frequency of smaller clusters over time. Moreover, when we track specific parcels’ contri-

bution to the change in clustering, we observe an average decline in industrial clustering only for

newly built or redeveloped parcels that get converted into industrial uses. On average, parcels

that exist over the entire study period show an increase in clustering.

We generate similar distributions for Los Angeles and display them in Figure 5. Panel (a)

shows an overall pattern of change similar to that in NYC: a shift to the right indicating an

increase in the concentration of commercial clustering from 2006 to 2022. This shift is slightly

more pronounced for the retail-only clusters in panel (b). Again, for ease of interpretation, we also

plot the change in clustering for each property classification in Figure 6. The biggest increase in

concentration of square footage is among the industrial uses, or the least experiential classification

of the property types. While there is a decline in smaller clusters for retail and theater/hotel uses

(i.e., the classifications most likely to include experiential services) the growth in bigger clusters is

Rigby (2011) discusses the power of the ”omnichannel” whereby experiential goods and services serve as an
important comparative advantage of brick-and-mortar retail that should be enhanced to both compete with and
capture the benefits of complementary online activity. Therefore, bigger clusters may be taking advantage of the
co-location with experiential retail. However, we do see that newly developed and converted theater/hotel uses
are located in smaller clusters, consistent with the expectation that the experiential nature of the uses may not
necessitate bigger agglomerations over time.

This is mostly the case for legacy industrial parcels. We do see that the parcels that get converted to industrial
from other uses tend to be in relatively smaller clusters.
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not as pronounced. Unlike NYC, the clustering of office uses is relatively stable. For these uses,

like NYC, the increase in clustering is driven by higher concentrations around both parcels that

persist over the study period and parcels that are built up, redeveloped in some substantial way,

or converted to retail and theater/hotel uses.

6.4 Has the Value of Retail Space Changed Over Time?

We now turn to evaluating whether these changes in clustering relate to changes in leased square

footage, rents, and sales prices. We finish with an analysis using parcel level information on the

universe of property sales that supports a more fine grained analysis of the relationship between

property values and retail clustering.

6.4.1 Documenting Changes in the Demand for Retail Space

We first leverage information from CoStar on leased retail square footage and retail rents. Since

Costar records leases only for a subset of retail parcels and not annually for any single location,

estimates are noisy at sub-city levels. We therefore we use these data only to examine citywide

patterns for which the data are informative. We provide this analysis of CoStar data as an

illustrative backdrop for our hedonic regressions.

First, we document the changes in lease initiations and the amount of square footage leased

in those new contracts. Figure 7 shows that for both NYC and Los Angeles, the volume of new

retail leases plateaued or declined in the past decade, after a precipitous rise in the early 2010s.

We do not display the results here, but this trajectory is consistent across other large cities in the

U.S., with varying degrees of intensity (see (citation redacted) for results on additional cities). In

addition, while the total amount of retail square footage leased per year increased through the

mid-2010s, it then started to decline and plateau, coinciding with the flattening of the number of

new leases (see Figure 8).

As a first attempt at testing if land values reflect the changing demand for retail space, in the

context of changing retail clustering, we regress retail rent per square foot on year fixed effects. We

We confirm that there is not much meaningful change in the typical size of the retail space leased. If anything,
there is a slight decline in the size of the biggest leases over time (see (citation redacted) ).
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plot the year fixed effects coefficients and their 95 percent confidence intervals in Figure 9. While

rents do decline over time for NYC, the change in rent is not statistically significant. The trend

for Los Angeles is essentially flat. Rents, however, are sticky for commercial spaces (often with

terms of 10 years or longer) and it may be harder to tease out a systematic response to e-commerce

competition.

To confirm that retail rents are not simply capturing broader economic fluctuations, we plot

retail rents against several benchmarks. First, Appendix Figure A6 shows CoStar’s retail rents

alongside residential rents (accessed via Zillow). Although the trends (and the completeness of

the data) vary, residential rents generally outpace retail rents. Second, we compare CoStar rents

to housing prices (also accessed via Zillow), which are more available and are a decent proxy for

overall consumption and economic well-being over this time period (see Appendix Figure A7).

Here we see a more dramatic increase in housing prices relative to retail rents. Finally, we plot

rents for industrial and office spaces relative to retail rents in our markets (using aggregate data

obtained from CBRE; see Appendix Figure A8). Here retail rents decline relative to industrial

and office rents. Altogether, these patterns suggest that the declines in retail rents over time,

especially in recent years, are particular to the retail sector. These divergent trends also support

our designation of industrial and office land uses as useful counterfactuals in the analysis that

follows.

Altogether, the patterns of rents and leased square footage over the past decade indicate at best

a flat valuation of retail space at a time when online retail revenues are growing and residential

property values are rising. These trends suggest that retail is subject to some distinct structural

changes, one of which certainly could be the coincident growth in online commerce.

6.4.2 Do Property Values Reflect Changes in Retail Clustering?

The positive consumption externalities generated by co-location and the ease of one-stop-shopping

are key drivers of the locational value of retail property. Above, we showed that the average retail

property, both in New York and Los Angeles, is more clustered in 2022 than it was in 2006. We

now attempt to test the degree to which land values reflect changes in retail clustering.
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We establish that within each locality, the number of sales and trends in transacted value per

square foot are roughly similar across the four property type classifications. Figure 10 plots the

median, top, and bottom quartiles of price by property type for both markets. Prices trend up

in L.A. over the course of the study period, and this increase is evident for all property types

(perhaps slightly greater for the higher end of theater/hotel prices). Over the same period, prices

are relatively flat in New York City. Figure 11 shows the volume of sales over time for New York

City and L.A. In both markets, the volume of sales for retail and industrial follow similar trends

over time (although a 2015 peak and then drop in New York City is more pronounced). The trends

for office and theater/hotel uses are relatively flatter over time. Therefore, no glaring differences

across property types exist that would undermine the estimation strategy that follows.

Next, we regress sales prices onto measures of commercial clustering as in Equation 1 (again,

using aggregate square footage as the clustering metric) and display the main results in Figure 12

for New York City and Figure 13 for Los Angeles County. We present the full set of estimates

in Appendix Tables A1 and A2. Recall, we are ultimately interested in the coefficient on the

interaction between retail and cluster and year, as it evaluates whether the relationship between

price per lot square foot and retail clustering changes over time, relative to parcels with non-retail

commercial uses.

The results show different patterns for our two localities. We first consider what the regression

results tell us about the cross-sectional differences in the valuation of clustering by focusing on

the first two interactions in the main regression model (we turn to the triple-interaction coeffi-

cients below). In New York City, on average across the study period, larger retail clusters have

discounted prices relative to other non-retail commercial parcels (see the first column of Appendix

Table A1 and the coefficient on “Cluster Measure * Retail/MU”). However, as the average retail

property is more valuable than similar non-retail ones (Appendix Table A1 and the coefficient on

“Retail/MU”), the net relationship between retail clustering and prices remains positive. This is

consistent with the expectation of earning a premium from being near other commercial activities

(although the co-location benefit does appear relatively weaker for retail uses).

When we let the association between retail cluster size and retail property values to change over
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time, (see the second column of Appendix Table A1 and Figure 12), prices for retail parcels with

more concentrated clustering decline over time, relative to those located in non-retail commercial

clusters. Figure 12(a) presents the coefficient on the retaili;t � clusteri;t �yeart interaction term. By

2015, around the same time that demand for retail space plateaus, retail clustering has become less

valuable relative to similarly clustered non-retail commercial properties. While COVID-19 may

have contributed to some of the discount in later years, it is striking that the negative association

intensified during the years before the pandemic.

Since some of the commercial activities taking place in theater/hotel and office parcels may

be harder to distinguish from the consumer-facing retail activities we hope to isolate, we estimate

an additional version of the regression retaining only properties in retail and industrial uses. We

can be more certain that these retail properties host consumer-facing firms while the industrial

properties host more production-oriented activities. We display the results of this regression in

panel (b) of Figure 12 and the 3rd column of Appendix Table A1. The annual estimates are more

precise, and the overall pattern remains the same as that from the full commercial sample.

Now we turn to the results for Los Angeles. Like New York, larger commercial property clusters

are associated with higher prices (see the first column of Appendix Table A2). However, unlike in

New York City, retail properties receive a price premium relative to other use types with the same

amount of clustering. The coefficient on “Cluster Retail/MU” is positive and significant. Figure

13 plots the the interaction between retail and clustering over time (�7 from Equation 1). While

there is a slight trending down of the price differential between retail and the other non-retail

commercial prices, the price premium for retail clustering remains intact (albeit marginally) until

the very end of the study period. In the final year of the series, the interaction term is negative.

We note again that any declining trend starts well before the years when COVID-19 would have

impacted the retail markets.

We also estimate the regression on the restricted sample of retail and industrial parcels (see

panel (b) of Figure 13 and Appendix Table A2), and again the results are consistent with those

estimated using the full commercial sample. If anything, the decline in the value of retail clustering

is more pronounced and the “retail discount” shows up earlier.
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As a final exercise, we exploit the full distribution of clustering to evaluate whether the price

associated with additional nearby square footage varies both over time and with the amount

of neighboring square footage. The previous estimates, by construction, assume that additional

neighboring square footage is equally valuable, whether a property has a lot of a little nearby

square footage. To test this, we divide the sample into halves, one with properties above and one

with properties below the median amount of clustering. We re-run the baseline regression (second

column of the appendix tables) for each sub-sample separately and display the results for New

York and Los Angeles in Figures 14 and 15. While the value of clustering declines in both cities

over time, the decline is more pronounced for properties with less clustering, and especially in

New York City. This suggests that any attenuation in value of retail co-location over time is less

severe for more clustered properties. This is consistent with the expectation that physical retail

co-location remains valuable if it can compete with the advantages of online commerce, namely

more choice and lower search costs.

6.4.3 Testing the Role of Urban Context: New York City versus Los Angeles County

To understand why the value of retail clustering declines more dramatically in New York City

compared to Los Angeles, we conduct several sub-analyses to test if their distinct demographic

and planning features may offer clues.

First we consider population density and modes of transit. New York City is over ten times

denser than Los Angeles County. Commuting by transit is roughly ten times more prevalent in

New York City relative to Los Angeles. Perhaps because New York City is denser and transit use

is higher, retailers can more easily reach consumers either by foot or by rapid public transit, so

that clustering is less crucial to commerce as virtual and hybrid options emerge over time. In other

words, residents and workers will still travel to consume without the draw of bigger clusters.

In Los Angeles, however, consumers are more spread out and have different travel patterns

than transit-rich NYC. Perhaps when planners make land use decisions for driving and when

traffic becomes more congested, the value of clustered retail property increases.

Second, an increase in the demand for retail clustering may correlate with the in-person con-
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sumption preferences for retail services. We use tract-level information on median household

income to test whether consumption power is associated with clustering and changes in clustering.

Higher income neighborhoods may have greater demand for the time-saving value of clustering;

but they may also have an even higher value for time saving online alternatives.

To test if variation in population density, transit, and income might explain some of the differ-

ences in price responses between New York and Los Angeles, we implement a series of correlation

analyses between parcel-level clustering and census tract features. We use census tract data from

the 2006-2009 American Community Survey (ACS). Figure 16 presents scatterplots that depict

the relationship between population density (x axis) and (a) the log of retail clustering in 2006 and

(b) the change in the log of retail clustering between 2006 and 2022. The figure shows NYC and

Los Angeles County separately. First, we see that for both localities, retail clustering increases in

population density, although the slope of this relationship is much steeper in New York than in

Los Angeles (16(a)). When the vertical axis is instead the change in the log of retail clustering

over the study period (16(b)), the patterns reverse for both locations. Larger increases in retail

clustering over time are most likley in relatively less dense locations. This association is again more

pronounced for New York City. Together these analyses suggest that the differences in population

density across the two study areas may mediate the differing land value responses over time.

In Figure 17(a), we show the relationship between the share of residents commuting by public

transit and the log of retail clustering. In both New York City and Los Angeles County, higher

rates of public transit ridership are associated with more concentrated retail clustering. This is

consistent with the expectation that transit serves to concentrate retail (You, 2021). Despite the

much higher rate of public transit ridership in New York relative to Los Angeles, the slope of the

relationship between transit mode share and retail clustering is remarkably similar.

We next consider the relationship between transit mode share and the change in retail clus-

tering. In figure 17(b) we find a slight positive association between the change in log of retail

clustering and public transit ridership in NYC, indicating that increases in the physical concen-

tration of retail are more prevalent in areas with higher public transit ridership. This is consistent

with the findings that the decline in land values in NYC is more pronounced for properties with less
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neighboring square footage. Perhaps in NYC more clustered properties are shielded from declines

in value due to the centralizing force of transit. In Los Angeles, the public transit infrastructure

is likely insufficiently influential to mediate the price responses to retail clustering.

Finally, we show the relationship between median household income and log of retail clustering

in Figure 18. Here, New York and Los Angeles County exhibit markedly different relationships

between retail clustering and household income. In Los Angeles, highly clustered retail properties

are more likely to be in areas with lower household incomes. In NYC the opposite is true—

retail clustering increases in household income. We suspect that this divergence stems from more

segregated development across residential and commercial uses in Los Angeles. We see no evidence

(Figure 18(b)) that changes in retail clustering respond to household income in either NYC or Los

Angeles.

7 Synthesis and Conclusion

The nature of delivering retail services has changed dramatically over the past two decades, in no

small part due to the growth of online commerce. Despite this growth, retail activity still plays

an important role in cities. It provides essential services to residents and workers and it shapes

local quality of life. We test three propositions in the context of the shift to e-commerce and how

this shift might impact urban spaces and their associated economic value. First, does land value

reflect benefits from retail clustering? Second, do we observe a shift in the physical co-location of

retail activities over time, coincident with the expansion of e-commerce? Finally, has the value of

retail clustering changed over this same time period?

We establish that land values increase in retail clustering. We also find evidence that retail

properties are in larger clusters in 2022 than in the beginning of the study period, 2006. This holds

for both New York City and Los Angeles County, though it is more pronounced for the former.

This is also the same period of time during which e-commerce revenue growth accelerated. The

observed patterns are consistent with the hypothesis that in person retail competes with online

shopping by concentrating in fewer, more clustered locations.

We further find that this increase in retail concentration corresponds with a plateauing of new
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retail leases and retail rents. From 2005 to 2022, retail rents declined modestly for New York City

and were essentially flat for Los Angeles.

Finally, we show that relative to the other commercial uses, the value of retail clustering has

attenuated over time, especially since 2015 and most dramatically in New York City. In New York,

this increasing discount is steeper for properties with less nearby retail square footage. Los Angeles

County demonstrates a modest premium from clustering, which attenuates slightly over time but

remains positive relative to other non-retail commercial uses.

To better understand the divergent price responses across New York City and Los Angeles,

we test how retail clustering varies with population density, public transit share, and household

income. Retail clustering appears to be more sensitive to tract-level variation in population density

and household income in New York City. In particular, the comprehensive public transit system

and prevalence of mixed-use neighborhoods may work toward greater retail concentration. On the

other hand, commercial and residential uses in Los Angeles may be more rigidly separated and the

transit system not robust enough to mediate any response to changing retail consumption.

In other words, the fact that we observe a bigger shift in New York City suggests that online

retail alternatives may penetrate denser urban areas differently than more sprawling settings.

Places where car travel is more ingrained may be less vulnerable to e-commerce disruptions, either

because it is more costly to deliver the goods to the consumer or because of the smaller margin

available to adjust clustered retail in the context of suburban style strip malls or retail centers.

Our results tentatively suggest that the shift of consumption online may indeed be influencing

the physical features of cities, even attenuating some of the long-held benefits of urban density and

commercial agglomeration. Decreases in the utility of physical retail should depress the value of

retail land, threatening tax revenue collections that provide an economic lifeblood for cities. It is

unclear, however, whether these retail declines are a net loss for cities. The net effect depends on

how the land is repurposed: if formerly retail uses are converted to more productive ones, such as

housing, then the economic and fiscal impacts may be net positive. Furthermore, while our study

does not fully distinguish across specific compositions or locations of commercial clusters, it may

be the case that the value of retail clustering is quite heterogeneous. The direction and degree of
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land value capitalization will likely be a function of the degree of retail activity that is more or

less substitutable online. Both retail establishments and real estate assets generate value for urban

places and appear to adjust in the face of the a-spatial disruption of e-commerce.
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Figure 1: Change in E-commerce Over Time
(a) E-commerce Sales as a Share of Retail Trade Sales

(b) E-commerce Sales and Retail Trade Sales Growth Rates

Note: Panel (a) reports the e-commerce sales as a share of all US retail trade sales. Panel (b) reports
changes in the volume of retail trade sales, normalized to 1 in 1998. Thus, a value of 30 in panel
(b) indicates that the value is 30 times higher than the 1998 value. While e-commerce remains well
under one-quarter of US retail sales, growth in e-commerce far outstrips growth at physical retail
establishments.
Sources: Data are Census tabulations from the Annual Survey of Retail Trade. We use Table 4 from
https://www.census.gov/data/tables/2019/econ/e-stats/2019-e-stats.html. Data include only retail
trade, NAICS 44-45. Data are available 1998 to 2019.
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Figure 2: Correlations between Clustering and Sale Prices

(a) New York City (b) Los Angeles County

Note: These figures plot the correlations between log real price per lot square foot and log of 1000s of
building feet within 500 ft., the latter of which is an adjusted version of the main cluster metric. Panel
(a) shows scatter plots and correlation coefficients for four property types (industrial, office, retail and
theater/hotel) for year 2005, 2010, 2015 and 2020 for New York City and panel (b) shows the same for
Los Angeles County. The plots indicate overall a positive association between clustering and prices for
all property types.
Source: Property data as described in the data section; American Community Survey data for 2005-2009
at the tract level.
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Figure 3: New York City: Distribution of Parcel-Level Clustering

Year 2006 in purple and 2022 in blue

(a) Overall

(b) Retail (c) Industrial

(d) Theater and Hotel (e) Office

Sources: Land use data are from NYC’s PLUTO.
Note: This figure shows the distribution of our parcel-level clustering measure. Specifically, for any given parcel, we measure total building
square footage within 500 feet, for 2006 and 2022. We measure both total nearby building square footage and square footage of specific property
types. For specific property types, we limit analysis to other properties of that type. For example, industrial clustering measures, for each
industrial property, the total square footage of other industrial properties nearby. The purple line is 2006 the and blue line is 2022. For clarity,
we omit clustering measures above the 95th percentile of each distribution.
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Figure 4: New York City: Change in Distribution of Parcel-Level Clustering

(a) Overall

(b) Retail (c) Industrial

(d) Theater and Hotel (e) Office

Sources: Land use data are from NYC’s PLUTO.
Notes: This figure shows the change in the distribution of our parcel-level clustering measure from 2006 to 2022. Specifically, for binned values
of the amount of nearby building square feet, we calculate the share of all parcels in a given year that are in that bin. We report the difference
in these bin-specific shares between 2022 and 2006. Positive values mean that that the 2022 value is higher than the 2006 value; negative values
mean it is smaller. We measure total nearby building square footage as described in the note to Figure 3. For specific property types, we limit
analysis to other properties of that type, as in Figure 3.
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Figure 5: Los Angeles County: Distribution of Parcel-Level Clustering

Year 2006 in purple and 2022 in blue

(a) Overall

(b) Retail (c) Industrial

(d) Theater and Hotel (e) Office

Sources: Land use data are from the Los Angeles County Assessor.
Notes: This figure shows the distribution of our parcel-level clustering measure. Specifically, for any given parcel, we measure total building
square footage within 500 feet, for 2006 and 2022. We measure both total nearby building square footage and square footage of specific property
types. For specific property types, we limit analysis to other properties of that type. For example, industrial clustering measures, for each
industrial property, the total square footage of other industrial properties nearby. The purple line is 2006 the and blue line is 2022. For clarity,
we omit clustering measures above the 95th percentile of each distribution.
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Figure 6: Los Angeles County: Change in Distribution of Parcel-Level Clustering

(a) Overall

(b) Retail (c) Industrial

(d) Theater and Hotel (e) Office

Sources: Land use data are from the Los Angeles County Assessor.
Notes: This figure shows the change in the distribution of our parcel-level clustering measure from 2006 to 2022. Specifically, for binned values
of the amount of nearby building square feet, we calculate the share of all parcels in a given year that are in that bin. We report the difference
in these bin-specific shares between 2022 and 2006. Positive values mean that that the 2022 value is higher than the 2006 value; negative values
mean it is smaller. We measure total nearby building square footage as described in the note to Figure 5. For specific property types, we limit
analysis to other properties of that type, as in Figure 5.
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