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I ntroduction

Today, the majority of the world population residesities, where more than 70% of
anthropogenic greenhouse gas emissions emanater{&a& Sunter 2017). Critically, cities can
attenuate resource usage through their spatiaitstas (Glaeser & Kahn 2010) as well as perpetuate
societal inequality (Saiz 2010). Changing develeptpatterns and bid rent curves associated wiitarur
population growth (Anas, Arnott, & Small 1998) altelationships among individuals and firms (Hall
1995; Baumol 1968; loannides & Zabel 2007). Giwemeases in the demand for housing associated
with urban population growth, multi-family housistpck rental choices can reveal consumer
preferences, including those for more sustaingiddiad structures in growing urban areas in thetehi
States (U.S.). Using data from CoStar’s Apartmenta and a variety of urban form measures idedtifie
by Ewing & Cervero (201Q)this paper contributes to the conversation bytiieng the demand for and
economic competitive advantages created by ate#bot sustainable urban form.

Although measuring sustainable urban form isalehge, research from public health,
transportation, and urban planning often usesdieenental clusters: density, diversity, design,
destination access, and distance to transportéEwing & Cervero 2001 and 2010). Advancing this
work, a variety of metrics describing and definthgse clusters have been developed (Ewing et &;200
Ramsey & Bell 2014). Research indicates that albaurof these metrics are associated with positive
outcomes such as reductions in vehicle miles tealv@Ewing & Cervero 2010) and lower morbidity and
obesity (Ewing et al 2003). Further, they can fzdpess the location efficiency of low-income hogsi
tax credit (LIHTC)-eligible projects (Adkins, Santtrd, & Pivo 2017).

These findings are complementary with urban ecanamalyses indicating that the dynamics of
urban growth and urban design influence a rangsehomena including lending decisions (Avery,
Beeson, & Sniderman 1999), access to transport@Bt@eser, Kahn, & Rappaport 2008), long-term
outcomes for children (Chetty, Hindren, & Katz 2P 1#nhd crime (Gould-Ellen & O’Regan 2010).
Shiller (2007) suggests that consumer concernstgdadution may, in the long-run, create demand for
denser pedestrian friendly urban development. Kewelespite work defining sustainable urban form
and analyses of urban growth related dynamics, ddrfa these attributes within growing urban places
remains relatively under-explored.

In this context of urban growth and change, enmgrggechniques to measure components of
sustainable urban form, connections between urtran &nd efficiency, and uncertainty about demand
for urban sustainability, this paper considersrés=arch questiomhat does U.S. multi-family housing
reveal about the consumer demand for specific dsgcsustainable urban form objectives are to
use a national sample of multi-family apartmentadatanalyze sustainability and urban form demand

signals in U.S. cities and to develop a systenmatidel of multi-family apartment rents that includes



neighborhood sustainability characteristics. Thisond objective will also make a methodological
contribution to the housing literature by potemyiaéducing upward bias identified in Bajari ef{2012),
where unobserved neighborhood attributes are ebekhwith traditional hedonic model independent
variables. Results from these analyses are likehave implications for institutional investors kieg to
allocate capital efficiently within the multi-fargihousing sector.

Below, section Il describes the literature acasgeral fields that inform the expectations and
empirical models generated to advance the papbjesives. Section Il articulates the analysitadset
which includes hedonic, economic, urban spatialcstire, and other related characteristics drawm fro
private and public sources. Section Il also sunzea the methods of analysis utilized. Section IV
provides a discussion of the findings and limitasi@f the empirical models and Section V offers

conclusion and identifies opportunities for futvetated research.

I1. Background

From a finance and urban economics perspectitres @nd urban spatial structure are key areas
of study (e.g., Alonso 1968; Wheaton 1974; and Mi&f5; Wheaton 2004; Saiz 2010; Larson & Yezer
2015). Conversations in this literature aboutdfieers of urban land value (e.g., Hurd 1903 améjH
1926) identify the role of accessibility within trgportation networks (Alonso 1960) and the impantan
of site advantage or relative location (Wendt 195IMese concepts helped shape early research using
hedonic applications and economic models attemptinmarse the amenity/dis-amenity effects of mixing
land uses (e.g., Kain & Quigley 1970 and Song & &nad004). Related to this work, scholars have
discerned unique bid rent curves for differentgrats of growth (Anas, Arnott, & Small 1998),
considered urban form and congestion issues (Whd#®8), and identified relationships between urban
spatial structure and credit flows (Avery, Bees®igniderman 1999).

As urban populations grow, agglomeration and eelébrces change the relationships between
people, space, and firms which influence urbanatappportunities, and attractiveness (Glaeser;1992
Furman, Porter, & Stern 2002; Kline 2010). Theiattion of growth and natural systems can lead to
political and intergenerational conflict (Saiz 2p1@ariation in air and water quality, imperviosisrface
coverage, commuting patterns, and loss of hahiétpaime soils for farmland all contribute to clima
change and quality of life (Cervero 1998).

With expectations of more than 2.5 billion newanlyesidents (globally) in coming years (UN
2017), greater understanding about how cities gmavhow residents consume space and housing has
taken on new significance. For example, loann&l@sbel (2007) finds that individual housing
consumption was linked to the housing consumptattepns of others within a neighborhood. This

raises questions about the extent to which neidtdmats can be understood as substitutes or



complements for one another (Ferreira & Gyourko20Xther work focuses on housing selection
decisions. Geyer (2017) observes that househdddte simultaneous choices between which
neighborhood they wish to live in and which homéug—maximizing a utility function that satisfies
both sets of constraints. These complex decidiams the potential to confound research using hiedon
approaches as traditional model factors can ceer@lith unobserved neighborhood effects—upwardly
biasing coefficient estimates (Bajari et al. 20®2]iani, Murphy, & Pantano 2015).

As an illustration, economic research has difficgkeparating out spatial characteristics from
housing preferences associated with schools anmcollins & Kaplan (2017) reveal the upward bias
of coefficients in school quality and home pricalgges resulting from sorting behavior. Their fessu
suggested that both data and econometric solut@mée used to separate the effects of housing and
neighborhood choice. Adding additional perspecéiveut the complexity of the housing-location
decision, Laeven & Popov (2016) note that how ahdmhouseholds make education decisions
influences home prices. In addition, homeowneesaalling to pay higher prices to avoid locatiowig-
amenities. For example, households tend to bengitb pay more for housing spatially associateith wi
lower crime rates (Bishop & Murphy 2011). Furth@ixed use, high-density environments have been
shown to lessen crime, suggesting that populatemsity and urban design collaborate to createedyliv
and desirable place (Twinam 2017).

Households also tend to be willing to pay morehousing to live in proximity to transit system
options (Bowes & lhlanfeldt 2001; Duncan 2011; H&s&lmeida 2007; McMillen & McDonald 2004).
Likewise, firms select office spaces in more treascessible locations (Nelson, Eskic, & Hamidi 201
Beyond schools, crime and transit, the dynamiagrieéin growth and urban design influence a range of
phenomena including urban lending decisions (AvBegson, & Sniderman 1999), distributions of
poverty given access to transportation (Glaeseinnké& Rappaport 2008), long-term human capital
outcomes for children (Chetty, Hindren, & Katz 2P 1#nhd crime (Gould-Ellen & O’Regan 2010).

The significance of urban spatial structure ipresearch highlights an important limitation of
hedonic techniques; that is, they can produce ugiwaiased coefficients resulting from correlatioith
unmeasured but important information, such as tpiaie “curb appeal” in real estate studies (Bagail
2012). Some have tried to solve this problem ofetated un-observables with quasi experimental
designs (e.g., Chay & Greenstone 2005; GreenstoBGeal&hger 2008). Others suggest using complex
repeat sales methods to eliminate some of thelabme with un-observable attributes as well as
identification timing issues (Bajari et al 201Alternatively, researchers have worked to generate
models that separate neighborhood and housinguttrfunctions (Bishop & Murphy 2011).

Sustainability in the urban property market hasnb& research focus for some time. Eichholtz,

Kok, & Quigley (2010) provide early financial ecaniz analysis to identify price premiums associated



with eco-labeled office buildings. Pivo & Fish@0(@1) took a different approach. They drew on Ewin
& Cervero (2001) and Ewing et al (2009) to identtlg competitive advantage created by sustainable
office buildings through the walkability of the pkss in which buildings were located. In this pgxe
Pivo & Fisher (2011) demonstrate an early connadiietween sustainable commercial real estate and
urban design. Subsequent work provides additievidience, both with respect to equity and debt
investment (e.g., Robinson & Sanderford 2016; Holens & Kok 2018; and An & Pivo 2018), to
confirm that there is durable competitive advantagated by eco-labeled commercial buildings Iatate
in compact urban forms.

There is similar evidence for eco-certified horaad homes built with sustainable technologies.
Supply of homes with eco-certifications and susthie technologies is associated with climate, regio
policy, and regional economic conditions (SandekftMcCoy, & Keefe 2017). Like commercial
buildings, homes built with sustainable technolegiemmand price premiums (Dastrup et al 2012; Khan
& Kok 2014; Kaza et al 2014). However, the evidenonnecting housing to sustainable urban form is
less robust and the signals are opaque. For egathere are single-market studies (Rauterkus [T Bra
Hagnen 2010) and evidence from heavily regulatedkets such as affordable multi-family housing
(Pivo 2014) indicating that sustainable urban fisrassociated with reduced probability of mortgage
default. Further, Bond & Devine (2015), found exide that eco-certified and more walkable multi-
family apartment buildings commanded price premiums

Potentially conflicting with the directionality ¢fiis small evidence base, Freybote, Sun, & Yang
(2015) studied residential condominium transactiari®ortland, Oregon. They discovered that the eco
certifications at the “neighborhood scale” were statistically associated with variation in condes.
However, in agreement with Bond & Devine (2015gyote et al. did find eco-certifications for
individual units associate with higher prices toode units. Importantly, their research belies the
difficulty in dissociating spatial and building effts in regard to sustainability, a topic knowweross
functional areas of study, investment practice, madagement.

The real estate literature has explored relatipsdetween apartment rents and the distance to
central business district (Jaffe & Bussa 1975) et & the distance to schools and shopping centers
(DesRosiers, Theriault, & Menetier 1996), and otbeational amenities associated with sustainable
urban form (Valente, Wu, Gefand, & Sirmans 2005)wdver, measures of urban form are not solely
described via a distance to housing unit measfigea result, this raises questions around household
demand for larger-scale sustainability of placthgir housing decisions—especially as Freybote,&un
Yang (2015) is one of only a few papers to invedéa direct measure of sustainable urban forrejtalb

an aggregated measure of urban form rather thalistiact components.



Critical to the effort of measuring urban formsearch from planning, transportation, and public
health has distilled out five component factore (ilie D’s) of sustainable urban form: density,atsity,
design, destination accessibility, and distandeatasit (Cervero & Ewing 2001; Jabareen 2006). s€he
efforts describe the complexity and importance easuring urban form (Wheeler & Beatley 2014) given
recent re-urbanization and urban verticalizatiendis. Drawing on the initial work of Cervero and
Ewing (2001) and Ewing et al (2003), researcheve liaund that more compact urban development
patterns are associated with reductions in privatecle miles traveled and reduced greenhouse gas
emissions (Ewing & Cervero 2001; Ewing & MurakarfilB). There are also connections between auto-
centric urban form and residential energy use (BwirRong 2008). The literature goes on to note
quality of life benefits via associations betweaastainable urban form and individual obesity, cance
and morbidity outcomes (Ewing et al 2003 and 20@8)rther, density oriented regulations mitigate
congestion and greenhouse gas emissions (Tiwane€e & Schipper 2011) as well as improve public
health outcomes (Ewing et al 2008).

Recently, Ramsey & Bell (2014) generated dozeresmgdirical measures of sustainable urban
form. Their work advanced specific metrics thgitoae and measure land use densities; land use and
employment diversity; urban design and street ndtwensities (auto/transit/pedestrian differentijite
transit availability, access, proximity, frequenapd density; and the accessibility of each plataive
to all other places (Ramsey & Bell 2014). For eglangiven the relationship of housing-jobs-retail
balances to urban commuting, congestion, emissssngs, and vibrancy (Peng 1997; Cervero & Duncan
2006), Ramsey & Bell (2014) introduced measuregsiflential land use density, employment densities
across office, industrial, and retail job typolagat the Census Block Group (CBG) level. Denser €BG
tend to be more conducive to walking and transgiortaas well as to a diversity of a land uses and
architectural types (Jacobs 1961; Jarabeen 20Ré&nsey & Bell (2014) advanced metrics of this
development diversity by measuring road and inttise densities. Similar types of metrics are
produced for employment diversity, location acdailg, and the other sustainability clusters.

Permitting significantly more depth to empiricatestigation of demand for sustainable urban
form, initial work using this new resource hasizétl aggregations of urban form metrics to desahbe
location efficiency of LIHTC projects (Adkins, Saerford, & Pivo 2017). However, these metrics have
not been applied to analyses in the broader réatieasarkets to explore supply or demand signals

relative to sustainable urban form.

I11. Data & Methods of Analysis
This study begins by attempting to replicate pradated findings before examining the consumer

demand for sustainable urban form revealed by fatiily housing. It then builds a series of



econometric models assessing the demand for sabtaiarban form revealed by the multi-family
housing market using the literature summarized alamd the results of the replication efforts.

A number of literature-based assumptions aroutionaity and sustainability drive the
econometric models. This paper assumes that nultifalevelopers and renters are rational (Bajaail et
2012) and that renters seek to maximize theirtyfilinction where they rent the best bundle of
apartment, complex, and neighborhood attributeyé62017). Additionally, the paper assumes that
multifamily rents act as proxies for aggregate orfesident preferences. Combining those assungption
with recent multi-family oriented findings (Bond Bevine 2015) and the growing consistency within the
real estate literature about the complex valuegsivipn of sustainability, it further assumes sunstale
building attributes are rational for renters/depels to consider. Finally, the paper assumesutiain
design and spatial structure can be associatedcaitsumer preferences (Avery, Beeson, & Sniderman
1999) and that neighborhood sorting can creategardty issues in econometric modeling (Galiani,
Murphy, & Pantano 2015) that must be addressed et techniques or data.

To examine the demand for sustainable urban detsigrpaper assembles an analysis data set of
institutional-grade buildings from CoStar's Aparmm&com and merges it with data describing urban
form. The Apartments.com data describe two yehasking rent observations for more than 50,000
multi-family apartment buildings, representing wityi across most of the largest 50 U.S. CBSAs by
population.

In addition, data measuring urban form throughsitgndiversity, design, destination access, and
distance to transportation for this paper come feorange of public secondary sources including the
Environmental Protection Agency, the Census Depantirand the Centers for Disease Control. In some
instances, custom variables were created usinggglig information systems programs such as ArcMap
or the ‘sp” package irR. The unit of analysis used is the multi-familyrg@ex which may be a single

building or a related set of buildings in a complex

Multi-Family Building Data

Rent observations include complexes with 50 oatgreunits covering the years 2016 and 2017.
Freddie Mac categorizes complexes under 50 unpsuwdf their “Small Balance Loan” portfolio; ugin
larger complexes aligns the sample primarily téitasonal class complexesComplexes specifically
designed for student housing, senior housing, leeratpecialty areas were excluded. Markets with+50
building observations were initially included; tlgbua few major markets such as Pittsburgh, San
Francisco and Salt Lake City were also includedrwaenly 400+ building observations. A total of
51,147 unique building observations were availédmenalysis, most with year 2016 and 2017 rent

records.



Control variables for quality, configuration typad age were constructed following guidance
from industry standard practice and prior multi-figrmesearch (e.g., Sirmans, Sirmans, & Benjamin
1989; Guntermann & Norbin 1987; Benjamin, Chinl&tlardin 2007; Benjamin, Sirmans, & Zeitz
1997; and Hardin & Cheng 2003). Again, followingeéfdie Mac'’s definitions, “High Rise” buildings
were categorized as those with 9 or greater flandsGarden-Style as those with 3 or fewer. Sihee t
presence of an elevator was not observed, theeshgttegory includes “walk-up” and “mid-rise” which
are partially distinguished by the presence oflamator. CoStar’s Apartment Rating, a 1-5 rating
comparable to an “A”, “B” or “C” class rating butithv slightly more granularity was used as building
level quality; these ratings take into accountghgsical condition of the building, services ofigrand
amenities on-site. Age of the building was as@f2and, although not shown in the descriptiveyeams|
evidence of a renovation within the last 10 yearsointrolled for in the regressions.

Rent observations are captured by Apartments.comdgrily basis. They use proprietary
analytics to estimate monthly average asking rencpnfiguration. Their algorithms include accongt
for multiple observations of the same unit, upcanracancies, and other data validity methods. Some
are described by Florance et al (2016).

Based on these proprietary techniques, CoStaidgedcleaned data in the form of monthly
averages for this analysis. Those monthly averages consolidated into two annual observations for
2016 and 2017 per building. Using full twelve nmtmbof each year tends to smooth out seasonality
issues. Table 1 shows average rent per squaréH8&1) for each unique multi-family building,
calculated as the weighted average per configur&gioe in Equation 1.

Average Rent;,

(Studio Units; * Studio Rent;; + 1Bed Units; * 1 Bed Rent;; +
_ 2Bed Units; * 2 Bed Rent;; + 3 Plus Bed Units; * 3 Plus Bed Rent;;)
" (Studio Units; * Avg Size; + ed Units; * Avg Size; + ed Units; * Avg Size; + us Bed Units; * Avg Size;
Studio Units; * Avg Size; + 1Bed Units; * Avg Size; + 2Bed Units; * Avg Size; + 3 Plus Bed Units; * Avg Size;

For complex at timet.

National average rent was $1.44 PSF with higlexpected markets of New York and San
Francisco at $4.00 PSF and $3.47 PSF respectitelys were observed in Cincinnati and Indianapolis
at $0.87 PSF. As expected, the distribution ofsshows denser urban markets commanding higher PSF

rents with Midwest cities and cities with availalded earning lower PSF rents.

Include Table 1 about here

Additional Data Sources



Each of the apartment building records in theysisldataset included latitude/longitude
coordinates. Additional data were joined via theserdinates in one of two ways. First, using Aegl
the latitude/longitude coordinates for each buidivere geocoded to reflect the location of thediog
relative to its Census Block Group (CBG). CBGs/saas the proxy for neighborhoods here following
guidance from research (e.g., Gordon-Larsen, NeRage, & Bopkin 2006) though additional models at
the Census Tract were also tested. Data from Bf&ESmart Location Database (SLD) and U.S.
Census’ American Community Survey (ACS) were mergeitie CBG. The EPA data provide detailed
measures of the five D’s of sustainable urban fatemsity, diversity, design, distance to tranaitd
destination accessibilityThe ACS data specified a number of control \des

Second, the latitude/longitude coordinates ofaib@rtment buildings were used to generate new
relative proximity metrics such as distance toronf various amenities (e.g., parks, transit stapd,
coastline) described below. In these cases, Arcdpapial relations tools were used to calculate
Euclidian distances to features and amenities,gdistance to coastline was derived using Eualidia
distance calculated by the “sp” spatial analysikpge for R between each building and the U.S. @ens
“coastline” shapefile in its TIGER database (whietiudes the Great Lakes, Pacific Ocean, Atlantic

Ocean and Gulf of Mexico coastlines).

Smart Location Data

The analysis data set included all metrics fromm3imart Location Database (SLD) with the
exception of those generated from the General Tireaed Specification (GTFS). The GTFS data is
restricted by transit agency participation and te@aignificant diminution of the sample. The Stiata
is reported at the CBG and is clustered by the@il®e Multiple metrics are included in each cluste
(Ramsey & Bell 2014). Table 2 describes, defiaesl, displays the sources of each metric usecein th
econometric models described below. Criticallg, tlataset does not include a central businesgctlistr
(CBD) measure. Instead, by metrics describingousraspects of human, built space, infrastructure,
employment activity, the entire dataset providéser grained set of replacements for traditionally
coarse CBD boundaries.

Include Table 2 about here

Densitymeasures include: residential density (housingslatre), population density
(people/acre), employment density (jobs/acre brakeracross office, retail, industrial, service,
healthcare, and entertainment categories), asasealcombination jobs + housing density metric.

Considering of bid-rent theory, geographic consteanoted by Saiz (2010); land price issues inelens



areas noted by Bostic, Longhofer, & Redfearn (20863 default analysis by Pivo (2014), multi-family
buildings located in denser areas are expectednwmand higher rents.

Diversity measures include: jobs-housing balance and ityemsitrics across the same categories
as well as trip generating estimates based onniptogment diversities. Given findings about jobs-
housing balance and employment-congestion from PE3Rj/), Wheaton (1998), and Cervero & Duncan
(2006), urban places that are more balanced tebed more desirable and have fewer congestion issues
Buildings in these areas are likely to be desiralléhey limit commuting and its attendant frusbrat
and externalities. As a result, diversity measaresexpected to be positively associated withteysant
rents—largely given the specification of the valés(e.g., closer to 1 = better as it illustratakbce).

Designmeasures describe the road and intersection agEngdtal road network density, network
density across modalities (walking, transportatautpmobiles) and intersection densities per square
mile. Both road and intersection densities frame friendly the urban form is to one or more typés
users. Higher road and intersection densities ptemvalking and are less conducive to automobiée us
Bond & Devine (2015) find that multi-family buildys earn greater rents in more walking friendly
locations, thus transportation and pedestrian tggedesign metrics are expected to be positively
associated with apartment rents.

Distance or Access to Transportatioreasures include: distance to nearest transit(Exeul
guideway only), the proportion of the CBG employment witfinand ¥ mile buffers of transit stops,
and the frequency of transit service in a CBG. $lees of household car ownership are also included.
Based on results from John & Sirmans (1996), RaugerThrall, & Hagnen (2010) specific to car
ownership; and Nelson, Eskic, & Hamidi (2015) adl a® a range of multi-family literature noting
distance to urban amenities (e.g., Jaffe & Bus§®;18irmans, Sirmans, & Benjamin 1989; DesRosiers,
Theriault, & Menetier 1996; Valente, Wu, GefandS&mans 2005), proximity to transit metrics should
be negatively associated with apartment rentsspisified here using proportionate employment
proximate to transit, both that association andafsociation of service frequency with rents iseetgd
to be positive (reflecting the same phenomenonghauneasured differently).

Destination Accessibilityneasures included a range of accessibility indisaderived from a
series of engineering and structural equation nsoithelt draw on transit patterns, trip generatiotrioes,
employment, and housing patterns. Here, metrissrde how easy it is for a CBG to be accessed from
all other CBGs by walking, transit, and privatecamobile. Walkability, for example, is a componeht

destination accessibilityBased on findings from Pivo & Fisher (2011) on vedditity in commercial real

! “rixed Guideway” transportation networks typicaihglude heavy rail, light rail, and busways whbtses have
exclusive rights-of-way. These networks enjoy a petitive alternative to private vehicle transparttlaey are not
affected by the same congestion that affects n@aport infrastructure.
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estate, Bond & Devine (2015) in apartments, an&A®ivo (2018) across asset classes, apartment
buildings in more walkable places are expectedtomand higher rents than others without the
locational advantage.

As parks are an important and occasionally coetisial feature of cities for a number of reasons
(Jacobs 1961), they were included in the analystia set. Parks have been considered both amenities
and dis-amenities over time (Hammer, Coughlin, &iHbd974; Troy & Grove 2008; Sander & Polasky
2009). They provide and create public health, enapire/shade, ecosystem services, and physical
activity benefits though also raise questions alkoutronmental justice (Wolch, Byrne, & Newell 2014
Reflecting that debate, a comprehensive study i @ecess was conducted by researchers at the €DC i
2011 (Zhang, Lu, & Holt 2011). The CDC work quéietl access to parks as the linear distance to each
of the seven closest parks to the centroid of a-EB&ensibly, the relativity of access. The measias
then population weighted (Zhang, Lu, & Holt 2011).

To test the robustness of that metric, a custompapulation weighted parks measure was
generated from the ESRI USA Parks shapefile. Rolgglescribing the boundaries of local, regional,
state, and national parks were mapped using ArcMdgen, using geo-processing tools within ArcMap,
the Euclidian distances (straight line) to eacfoaf nearest parks was calculated. Though themetis
consensus in the literature, the benefits of padess tend to be positively capitalized into homees.
Consequently, as these are distance measuresytresaes are expected to present a negative
relationship to apartment rents; buildings with éowlistances and greater relative access should see
greater rentseteris paribs.

Additional variables were added to the Diversiggtor, including basic demography metrics
describing neighborhood poverty, income, mean triave to work, and education. The data were drawn
from the Census’ American Community survey. Eafctihese measures was captured at the Census
Block Group level and extracted from the ACS 5-Yestimate files for 2011-15. Given the non-random
geographical distribution of cities in the datasefuarter mile distance to coast metric was géeera
using the U.S. Census’ TIGER File Boundary linesrfrall oceans and Great Lakes. Using a binary
approach, if an apartment building was locatediwithis buffer, it was coded as a one and if no¢.

The aim of the coastal control variable was to cedootential correlation with other un-observeees.

Correlation, Principal Component Analysis, & Var@Inflation Factors
The SLD contains numerous variables inherentlyatated with each other given their
measurement of urban development and urban ecorgraimomena. For example, macro variables like

regional access to transit demonstrate high caiwel#o transit per square mile and transit within
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guarter mile variables. Where these correlatictist@d one variable was selected to best repréisant
measurement.

Econometric methods primarily used for the anallysig the ability to execute Variance
Inflation Factor (VIF) testing. Variables for atlodels were selected using stepwise regressiongand
examination of correlations both in the matrix ameugh VIF on comparable ordinary least squares
(OLS) regressions. The highest impact variablés md known statistical (not necessarily actual)
multicollinearity issues were selected into anabitmodels discussed below. Each model was checked
for robustness across fixed and random effectsfggons as well as propensity weighted and non-
propensity weighted specifications using the pregignveighting approach of Eichholtz, Kok & Quigley
(2010). No building attributes were meaningfulbrelated. As a secondary multicollinearity test,
ordinary least squares dummy variable regressiOhSDV) replicated all models; all VIF results were

below 10, excepting the intrinsically correlatedunal log of building age and its squared term.

Econometric Approaches

Obvious differences between markets such as Neaw afod Cincinnati require market level
controls. This is especially true in the multi-igmmarket (Wolverton, Hardin, & Cheng 2005).
However, the heterogeneity within each geograpladket suggests random effects as they control for
market level differences but permit within markatiation (Bell and Jones, 2016; Robinson et al1,820
Seiler and Walden, 2014; Wooldridge, 2012).

Equation 2:

LnAvgRent;js = Boje + Bije Ai + Baje D1i + B3jeDai + BajeDzi + PBsjeDai + BejeDsi + €ije

Where4; is a vector of apartment complex characteristich s size and composition for complex

Bli through 55i are the vectors of Density, Design, Destinatioeessibility, Distance to Transit and

Diversity. Random effects control for marketnd timet; unobserved between and within effects are
captured ire;;.. Model 1 served as the base model. It includgy apartment complex attributes,
Models 2-6 add the base model attributes and thein ef the variables under one of the five sustdea

urban form clusterﬁl_s (e.g., all factors remaining to descritbesigr). Model 7 included all variables
(Table 4 & 5).

Replication of Prior Work

12



Before exploring the demand for various attributesustainable urban form, the team sought to
reproduce a reasonable facsimile of prior findithgd touched on sustainability in both building and
locational form. To do so, Equation 1 was spedifaking guidance from prior studies (Pivo & Fisher
2011 and Bond & Devine 2015) that examined theioglahips between walkability, green buildings,
and commercial real estate rents in both officeranti-family respectively. Though the
Apartments.com dataset did not have the gross leagle and the EPA’s Walkability index was used
in place of WalkScore, model coefficients were dlienally and qualitatively similar to those in hot
studies. Here, apartment buildings with higherkahility and with green certifications command hegh
rents. Although not the focus of this study, regieéd models of Bond & Devine (2015), includingegre
eco-labels of LEED vyielded comparable rental prensiu That our much larger sample supports their
work helps validate both studies.

Additionally, drawing on the Smart Location andigddorhood Pattern sections (the land
development) as well as the Green Building sectfoegical development) of LEED for Neighborhood
Development, Equation 1 was specified to refleetréquired elements using analogous variablesto th
extent possible. When both green building andasneble urban form metrics were included in this
model, they each revealed significant coefficiemith directionally expected signs (e.g., positive
significant for green buildings). To be clear,dbeesults neither directly confirm nor refute tho$
Freybote, Sun & Yang (2015) as the precise scardstributes of the LEED ND neighborhood in
which they conducted their analysis are not fullglicable using the analysis dataset here. However
from a qualitative standpoint, that the green bngdsigns were significant alongside sustainabbanr
form provides a complementary finding suggestireptgr justification for exploring sustainable urban

form and developing insight into demand for it raleel by the market for multi-family housing.

Insert Table 3 (Bond & Devine Replication Resulisut here)

Broadly, the replication results are importanttiwo reasons. First, they provide additional
evidence that market participants demand and dliegvio pay marginally greater prices for attribsitof
sustainable urban form, holding all other factmsstant—including eco-certifications. Second, they
provide larger sample ballast (via both N of builgh and geographies) that sustainability of loceiso
also associated with multi-family rents. In thetxt of observations by Ewing & Cervero (2010) @bo
the elements of sustainable urban form and Bajali @012) on the potential for correlations wttn-
observed factors, it stands to reason that if vnlikg, an attribute of sustainable urban formais
significant predictor of rents in a hedonic modle&re might be other factors related to buildingatoon

that could also be associated with rents. Conselguénthe broad context of growing urban popwas
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and the ability of cities to both contribute to attenuate anthropogenic pollution, exploring deanfam

attributes of sustainable urban form appear botpigeally warranted and important.

V. Results & Discussion
General Discussion

Based on the literature noted above, urban fordnsaistainability have been research foci for
some time. This paper contributes newly to theveasation about growing and changing cities by
intersecting the two concepts and using the reateesarket as a vehicle for analysis. As a remdny
of the findings relate conceptually to previousdgts while also providing new insights about the
nuanced demand for sustainable urban form as ex/ég multi-family renters.

Consistent across the model specifications, thHemhaof the sustainable urban form attributes
were significant predictors of variation in mulérhily rents. Substantively, density, design, dsitgr
distance to transit, and destination accessil®ligh revealed signals about the desirability dfasneble
urban form. Individual indicators generally aligpnceptually with findings from Geyer (2017) in that
they illustrate ways that consumers satisfice whaking the complex and concurrent decision about
which apartment to rent in which neighborhood (€ad)l. The prioritizing of accessibility is evident

Include Table 4 about here

For example, walkability has largelyehesiewed as a highly desirable urban attribubeleéd, in
the models including only building attributes am$tihation access metrics—of which walkability mep
the walkability index presents as positive and ifiggmt. Likewise, when only design variables are
present in the model, the presence of pedestriented design infrastructure (“links") presents as
positive and significant. However, when all sussigie urban form factors are included in the fulldelo
(model 7), walkability fails to present significgntvhile the pedestrian-oriented infrastructureiaile is
marginally negative.

This finding suggests that walkability, when caesed alone, is desirable but when more direct
measures of urban design, such as the reportesl toawork behavior of residents or accessibilityoss
multiple modalities from all other places in theyds considered, walkability as an intangible ceptc
may not be as desirable to multi-family rentersisTinding in no way suggests that walkabilityis
important to urban consumers. However, the rétudtrates the complexity of pedestrian oriented
design in urban places and points out the impoeafieneasuring it across multiple metrics. More
simply, perhaps the models reveal that the optfamaiking to work supersedes inclinations toward a
generic “walkable” neighborhood in the order of semer preferences; with the priority of access to

work via walking trumping the walkability to othaon-work places. In addition, Model 7
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communicates that the provision of additional p&issinfrastructure has no effect on apartment
demand unless it has a measurable effect on redidbavior.

Broadly, these results are congruetit expectations informed by prior theory and evien
though the findings suggest some important nuaacdsiew considerations in addition to the walkgpbili
discussion above. With respect to density meadayesmployment densities across industrial clusters,
multi-family buildings in employment dense neightvmods commanded greater rents than those whose
employment densities were oriented towards retagowernment jobs. Consistent with expectations
based on Glaeser & Kahn (2004) about the innovati@heconomic benefits of proximity in urban
places, multi-family renters prefer greater resi@ggiand commercial densities. Given that thesesilies
represent concentrations of individuals and firthis preference for greater urban density is afkeling
for both institutional investors and urban policgkars. Critically, where crowding and other
negativedensity related externalities are not mhetlin the models given subjectivity in measurement
cannot comment about potential limits to the denfandensity.

Importantly, these models do not contain a speniitric describing proximity to the ‘central
business district’ (CBD). A CBD metric often actsaproxy for the very measures studied in this
analysis. Instead, these results suggest thaeadrained approach to measuring where economic
activity (job density), destination accessibilitydarelated measures may better articulate consumer
preferences for urban form and location. As exas\ph number of variables correlated to a CBD
measured independently such as walkability, peidedinks, and transit variables all reduce in exuit
and/or statistical impact when measured in conomte jointly representing a CBD.  This, alonithw
other findings, suggests that CBD — or more prégisecess to the most desirable land in a cityay be
well controlled by this data set. This differs stamtively from prior urban economic literature we

distance has been a primary indicator.

Model Results & Discussion

For the discussion below, the results described@sed on non-propensity weighted random
effects GMM models (Table 4) with Census Block Gréevel measurements for non-building related
vectors.

The control variables all meet traditional expgotes as well as being consistent in sign and
magnitude. Higher building quality as measuredhgyGoStar rating is positively associated withgent
resulting in an approximately 10-15% increase im pr square foot per additional rating point.
Likewise, high rise apartments attract a premiuniendparden level apartments attract a discountivela
to mid-rise buildings. The configuration percentagep a market with diminishing returns to apartmen

size, with rents per square foot highest in buddiwith a high percentage of small studio apartsiantl
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lowest in buildings with a high percentage of 3+toedn (or greater) configurations (the omitted
benchmark category). Recently renovated apartmmentdor approximately 3% more per square foot, all
else equal. Rental rates decline as buildingsigee buildings in the same complex have a small,
positive, effect on rent. Finally, buildings withéhquarter mile of the coast rent for 3-5% moregograre
foot.

Of all the controls, building height is most atiesd by measures of urban form because classical
bid-rent theory would suggest high rise apartmargsonly built in the most desirable parts of tig, c
thus in the absence of urban form metrics (or a @idasure), building height instruments for location
lllustrating this, when urban form is measureduth (Model 7), the premiums for high rise apartnsent
and discounts for garden level apartments both fall

With respect taensity residential density was positively associatedhwénts as were
commercial densities as measured by employmentange of industrial classifications including o#i
industrial, service, and entertainment. Healtheae public employment densities each presented
negatively across specifications; healthcare cbeldue to negative externalities such as ambulance
noise. Broadly, that each density measure wagnéfisiant predictor of variation in rents is coneigt
with work from Glaeser & Kahn (2004) and otherd #naphasized the importance of proximity between
individuals and firms —the closer the better failitating innovation, opportunity, and activity.
Additionally, greater density is associated witueed congestion and as a result helps reduce
greenhouse gas emissions (Wheaton 1998; Cerverongdh 2006). The results are also consistent with
expectations developed from Kelly & Malizia (201#ho articulate the importance of vibrancy within
cities. The density results illustrate the prafeseof renters for being proximate to areas ofgiev
economic activity or vibrancy.

Design measures offer the first clear instanceuaince through satisficing around sustainable
urban form and location in the housing decisiomro&s all model specifications, access to parks was
positively associated with multi-family rents; thegative coefficient reflects the further away frparks
the lower the rentFor large urban apartment buildings, proximity teenspace is a natural complement
and is consistent with the income and educatiotrobvariable results—echoing potential distribetiv
justice warnings from the prior literature (Zhahg, & Holt 2011.) Beyond parks, the urban design
findings provide an illustration of the satisficingtradeoffs made in the concurrent housing-
neighborhood search. Pedestrian and multi-modehi@md design measures were each significant
predictors of rents in models that included sohelilding attributes and density measures. Howawer,
the full model including all other urban form me#;j these measures either changed signs or became

statistically insignificant. These results sugdhat, while consumers find value in these pedastri
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oriented design factors, they may prioritize otfaetors such as proximity to employment and vibyanc
over physical urban form attributes.

The design trade-offs are further contextualizgdhe findings relative to destination
accessibility. Broadly, the more accessible ading was from other parts of the city, the gred#ter
rents. This held across walking, biking, and autbite modalities. Importantly, accessibility wdsaa
prioritized relative to employment. As the pereg# of residents who traveled fewer than 10 mintates
work increased, so did rents. These findings hetdss model specifications and into the full model
where all factors were included. The exceptioth&ostory within this cluster is walkability. Withthe
model where only building attributes and destimaaocessibility metrics were included, walkabiligs
both a positive and significant predictor of renitfowever, is not a significant predictor at anyelein
the full model. While on the surface it may seém full model (Model 7) finding is inconsistent it
Bond & Devine (2015) in multi-family and Pivo & Fier (2011) in office, who both found improved
competitive advantage in more walkable areas, tiobsalysis suggests — as described above — that
renters value space where pedestrian infrastrudwsed, not always where it is present. Ovenath
the exception of park proximity, design variablesévery little effect on rent in the wider contekt
urban form as coefficient parameters are very low.

Destination variables from the ACS measure exjstasident transport choices; all else equal, as
the share of residents walking or cycling to warkreases, so do apartment rents. Again, it apfikahg
that observedseof cycling and walking infrastructure serves dmetier indicator of urban location
preferences when compared with the design vargdtdy measuring the provision of infrastructure.
While automobile accessibility (Destination_ CBG_Regess_Auto) acts as a positive amenity,
increasing rents, its effect is mitigated by thectatronger negative effect for the relative measiir
automobile accessibility (Destination_CBG_RegCwntXuto). This means that automobile access is
good but the exclusivity of automobile access, yomregbly at the cost of transport choice, is a dis-
amenity. Rather than contradict earlier findings tlveals nuance to multi-family consumers’
preferences. Other destination variables behaegm@excted. In the classic urban economic trade-off,
longer commutes are associated with lower renkewise, as the number of jobs accessible to the
apartment increases, which occurs when one residgs to an economic activity hub, so do rents.

Distance to transit offers further evidence ofst@ing. In the models where building attributes
and distance to transit measures are the only reedieing with ¥z mile of a transit stop was not a
significant predictor of rents though being witlaidz mile was positively and significantly assoaiate
This complex finding is broadly consistent with@atwork byNelson, Eskic, & Hamidi (2015) who
found quadratic function relationships betweenceffients and distance to transit stops. In tHe ful

model, the % mile variable turned negative thoudhissignificant and the ¥ mile presented as
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insignificant. Complementing these findings, geedttansit frequency near an apartment building wa
positively associated with variation in rents. Thaquency was positive and significant in all rabd
specifications suggests that proximity to trankiha may not be as important as proximity with drett
service. This follows the narrative that consuntensionstrate their preference for accessible plaitbas
high use; transit services are only frequent wiemnigh demand, else operators would scale back
service. Again, provision of infrastructure (proxiyrto a stop) is not as important as its obsenvss
(measured by frequency of service). Being abledwarefficiently to locations across the city,
particularly by observing existing modal choice=eras important to urban renters.

Measures of spatial diversity indicated a reldyiw®nsistent story that was congruent with
expectations. The metrics described complex phenarsuch as trip and employment equilibrium and
entropy; these metrics assess the extent to wheclep offer greater jobs-housing balances anditesv
and how those balances relate to trip generatimsagnodalities. The negative signs for bothang
employment equilibrium were expected given pritarAture describing the relationship between jobs-
housing balance and reduced vehicle miles traeled, Cervero & Ewing 2010). The signal from #nes
metrics is supported by the positive employmentagyt (employment mixture) finding and the
employment density findings noted above. Herse@ms there is demand for more diverse activities i
the local areas where consumers would live aneéfegnce for co-location of jobs and housing.

Other diversity measures such as the level ofadrcalso presented consistent with
expectations as higher levels of education werecésted with higher rents. The percentage of lagev
workers in a CBG means less ability to pay for rmgiservices, leading to lower rents. Interestintie
percentage of owner occupied homes when only medsuith diversity measures appears as
significantly negative. Presumably, a high peragatof owner occupied homes is found in larger
suburban CBGs, thus in the absence of other meaturban form, acts as a suburban/urban instrument
However, in the full model, where measures suatpasmuting distance and automobile accessibility
better describe the shared costs and benefitdatisan living choices, the expected effect of owner

occupancy to identify the relative quality of ndigihhoods appears and it becomes significantly ipesit

V. Conclusions, Limitations, and Implications

As cities grow and absorb new residents, they dfb¢h contribution to and attenuation of
anthropogenic pollution. In this context and gitkee growing importance of multi-family housingas
vector through which to explore urban phenomerarge database describing U.S. multi-family
buildings and their spatial contexts was analypeditvelop insight into the demand patterns forghes
sustainability attributes. Before engaging ineploration of the new, this paper replicated and

generally reproduced, to the extent possible, figslifrom prior research using newer and broader

18



datasets. The results from Bond & Devine (201%) bad helped to provide a useful framework for
extension and further exploration. Beyond theltesaf Bond & Devine, in the concurrent spatialrsba
for both an apartment and a neighborhood, our ssge models indicate that consumers are willing to
pay for buildings in denser areas, with higher fiextcies of transit service, with existing use afec
transit modalities, and locations with greatertieéaaccessibility from all other points in theycit
Demand for more sustainable locations is evidedtrabust to multiple specifications.

The results also shed some light onto the nuaacddomplex decision parameters associated
with renting an apartment in an urban area. Thedegs have substantial implications for instibuial
investors—especially moving forward in a potenyiddle and yield constrained economic cycle. The
results suggest buying or developing well-locateittings can create economic advantages. Buying
buildings near or in the midst of where economiivédy is occurring could help capture higher rents
Future analyses could examine investors’ abilitiesreate and capture value based on these agfsibut
strategically identifying locations where urbannfoattributes are not fully capitalized into prices.
Similarly, locating transit stops with high servitequency offers advantages but results suggest
potentially greater investor impact by assessiegiality and frequency of service as well as
accessibility of the building from other pointstire city. Critically, the results reveal how apaent
consumers satisfice when confronted with multipistainable urban form attributes. For example, a
generic measure of “walkability” can provide a wdgiroxy for where renters want to live. Howevier,
seems that accessibility and proximity to econaawiivity better describe demand when existing mode
choices are observed.

For urban policy, this study provides the insightfonclusion that infrastructure projects or
regulations designed to improve urban sustainghbiiihy not alter urban use patterns alone. Fregueic
use and optimally located infrastructure near egmpknt density will have a greater impact, so plasine
must carefully consider the effect of infrastrueton use and access. The set of design varialaes th
solely measures the provision of infrastructureenargely insignificant drivers of rents or hadeaw
minor effect on rents. As mentioned above, privatestors, developers, and tenants will rationally
examine existing accessibility and use patterrizetier determinants of demand, so incentives — asch
reduced development levies or access to financay-b@ needed to entice private partners into
developing identified urban growth nodes that dohawve existing patterns of high use or accessibili

Though the paper worked to address the problerneadnic models identified by Bajari et al
(2012) by including both spatial and building cledeaistics, the results have natural limitatioR#st,
the models are each specified using CBG levelapattrics (both alone and aggregated to the CT
level). In any event, the lesson from Bajari ef28l12) is well taken; that is, the economist canno

observe all factors that consumers can. Changiographic focus levels permits new insight given th
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spatial nature of markets and rental decisionmil&ily, there is a second hypothesis that is cliffi to
disprove. This study’s disaggregated attempt atsmeng urban form may simply distribute a latéegs
complex, urban location decision determinant, agch simple proximity to the CBD variable or theesi
of a city, into urban form variables that best prtixese latent variables. However, the large sasipte
in this study helps overcome the inefficiency dfreating parameters to correlated exogenous vasabl
meaning that the variable in which this latent dateant arises is likely to be a better measure for

investors to use when strategically deciding ontsiio medium-term location decisions for their italp
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Exhibits:



Tablel

Descriptive Statistics. This table shows desargstatistics for the 2016-2017 national apartnsentplex sample. The N represents average uniglcerigu
complexes per year with 93% of the sample includhiodp year observations. Garden level is 3 st@iwsunder while Highrise is 9 stories and greaBtudio, 1
Bed, 2 Bed and 3 Plus Bed are percentage of thiatype in the mean complex. Age is as of 2017

Market N AvgRent Garden High- Costar Studio 1 2 3 # of Studio 1 2 Bed 3 Age
PSF Level rise Apt Bed Bed Plus Buildings  Size Bed Size Plus
Rating Bed Size Bed
National 51,147 1.44 75% 7% 4.0 6% 40% 44% 9% 11 114 609 882 561 38
Atlanta 1,935 0.95 85% 2% 3.9 1% 33% 52% 14% 16 50 666 1,058 899 32
Austin 829 1.32 91% 2% 3.9 1% 48%  40% 8% 14 80 649 968 612 26
Baltimore 752 1.34 72% 8% 3.9 4% 36% 49% 11% 14 103 658 925 666 42
Boston 1,194 2.02 51% 11% 4.1 7% 40% 46% 8% 7 159 637 890 494 46
Charlotte 743 0.95 91% 1% 3.9 2% 33% 50% 15% 15 62 613 974 848 27
Chicago 1,683 1.48 51% 19% 4.1 17% 42% 34% 7% 6 200 610 749 421 52
Cincinnati/Dayton 855 0.86 89% 3% 4.0 3%  34% 52% 12% 12 66 538 859 574 39
Cleveland 876 0.92 72% 8% 4.0 3% 39% 50% 8% 9 81 573 871 430 45
Columbus 790 0.90 94% 1% 3.9 3% 31% 58% 9% 18 54 512 941 453 32
Dallas/Ft Worth 2,922 1.10 92% 1% 3.9 3%  47% 42% 8% 16 72 662 975 636 32
Denver 1,099 1.46 71% 7% 4.0 5% 45% 43% 7% 10 121 643 913 544 31
Detroit 1,214 0.96 87% 5% 4.0 2%  41%  49% 7% 13 66 639 901 401 42
East Bay/Oakland 713 2.32 84% 1% 4.2 5% 42% 45% 8% 9 119 595 857 449 39
Hampton Roads 594 1.03 89% 2% 3.8 2%  25% 59% 14% 16 39 557 943 797 36
Hartford 463 1.28 78% 3% 4.1 7% 41% 45% 7% 10 122 601 832 427 52
Houston 2,407 1.07 91% 1% 3.8 2%  47%  42% 9% 16 57 672 995 702 31
Indianapolis 668 0.86 91% 2% 3.9 1% 36% 49% 12% 17 86 650 946 742 35
Inland Empire (California) 847 1.29 100% 0% 4.2 2%  29% 56% 13% 15 53 525 894 528 30
Kansas City 848 0.90 86% 5% 3.9 5% 39% 45% 11% 14 105 616 898 608 40
Las Vegas 722 0.96 95% 2% 4.0 5% 33% 50% 12% 20 55 607 929 730 27
Long Island (New York) 1,295 2.12 16% 11% 4.0 18% 48% 27% 7% 3 235 530 603 276 60
Los Angeles 2,728 2.09 74% 3% 4.2 15% 43% 36% 6% 5 210 606 800 370 43
Milwaukee/Madison 700 1.14 76% 6% 4.1 7% 38% 47% 8% 7 147 605 922 416 34
Minneapolis/St Paul 1,215 1.20 77% 1% 4.0 6% 43% 43% 8% 4 180 677 925 579 38
Nashville 629 1.03 91% 2% 3.9 2%  34% 51% 13% 14 50 603 959 766 29
New York City 1,372 4.02 0% 59% 4.2 21%  47%  23% 9% 1 243 458 542 414 66
Northern New Jersey 1,294 1.78 68% 10% 4.2 5% 50% 39% 6% 9 117 680 909 377 40
Orange County (California) 929 1.93 93% 0% 4.1 4% 40% 50% 6% 14 93 605 940 385 39
Orlando 837 1.05 93% 1% 4.0 2% 34% 48% 16% 18 54 613 971 846 27



Philadelphia
Phoenix

Pittsburgh

Portland
Raleigh/Durham
Sacramento

Salt Lake City

San Antonio

San Diego

San Francisco
Seattle/Puget Sound
South Bay/San Jose
South Florida

St. Louis

Tampa/St Petersburg
Washington, DC

West Michigan
Westchester/So

1,975
1,386
323
1,251
607
821
419
806
1,064
420
1,631
616
1,430
579
982
2,047
505
1,144

1.27
1.05
1.14
1.33
1.01
1.29
1.08
1.04
1.76
3.52
1.74
2.67
1.37
0.95
1.06
1.86
0.90
1.42

77%
95%
63%
83%
90%
98%
81%
95%
91%
38%
65%
83%
68%
80%
92%
51%
93%
21%

7%
1%
14%
3%
1%
0%
1%
1%
1%
15%
5%
1%
14%
8%
2%
17%
1%
12%

4.0
4.1
4.1
4.1
3.9
4.0
4.0
3.8
4.2
4.1
4.1
4.1
4.1
4.0
4.2
3.8
4.0
4.0

5%
6%
5%
7%
2%
2%
3%
4%
4%
22%
10%
8%
3%
4%
3%
8%
2%
13%

41%
38%
42%
31%
36%
36%
31%
46%
35%
41%
41%
41%
37%
37%
38%
40%
35%
49%

45%
48%
42%
52%
50%
52%
49%
41%
50%
28%
41%
42%
45%
50%
47%
42%
52%
29%

9%
8%
11%
10%
13%
10%
17%
10%
11%
9%
8%
9%
14%
9%
12%
10%
12%
9%

11
16

11
15
14
10
16
11

10
10
13
16
10
12

107
115
119
102
48
69
63
86
82
251
172
137
73
63
58
185
61
162

626
609
600
547
630
588
518
646
547
584
621
629
580
586
629
657
607
500

884
894
856
866
996
882
886
947
872
689
855
898
860
894
944
911
915
570

516
531
577
584
840
506
671
697
480
428
477
569
670
506
708
650
548
338

46
30
43
31
27
35
27
30
34
47
32
35
30
46
30
41
36
61
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Table?2

This table identifies the source and brief defomtbf the five “D,”Density, Design, Destination Accessibility, Distarno
Transit and Diversityyariables used in this analysis.

Variable
Density_CBG_Residential

Density_ Emp_Retail_8
Density_Emp_Office_8
Density Emp_Ind_8
Density_Emp_Service_8

Density_Emp_Ent_8

Density_Emp_Edu_8
Density_ Emp_Health_8

Density_ Emp_Public_8
Design_CBG_AutolLink

Design_CBG_MultiLinks
Design_CBG_PedestrianLink

Design_CBG_IntersectionWeighted
Design_CBG_Autolnstersection_PSM
Design_CBG_Multi3Leg_PSM

Design_CBG_MultidLeg_PSM

Design_CBG_Ped3Leg_PSM

Design_CBG_Ped4Leg PSM

Design_CBG_Park

Design_Apartment_ParkAccess

Destination_Emp_Bike

Destination_Emp_Walk

oDestination_CBG_Auto_Jobs45Min

Destination_CBG_RegAccess_Auto

Destination_CBG_RegCntrlty_Auto

Destination_CBG_Walkability
Destination_Emp_45Minsplus

Source
EPA SLD

EPASLD
EPASLD
EPASLD
EPASLD
EPASLD

EPASLD
EPASLD

EPASLD
EPASLD

EPASLD
EPASLD

EPA SLD
EPA SLD
EPA SLD

EPASLD

EPASLD

EPA SLD

GIS

CDC

ACS Census

ACS Census

EPA SLD

EPA SLD

EPASLD

EPA
ACS Census

Definition

Gross residential density (HU/acre) on unprotected land

Gross retail (8-tier) employment density (jobs/acre) on unprotected land
Gross office (8-tier) employment density (jobs/acre) on unprotected land
Gross industrial (8-tier) employment density (jobs/acre) on unprotected land
Gross service (8-tier) employment density (jobs/acre) on unprotected land
Gross entertainment (8-tier) employment density (jobs/acre) on unprotected
land

Gross education(8-tier) employment density (jobs/acre) on unprotected land
Gross health care (8-tier) employment density (jobs/acre) on unprotected
land

Gross pu8blic (8-tier) employment density (jobs/acre) on unprotected land
Network density in terms of facility miles of auto-oriented links per square
mile

Network density in terms of facility miles of multi-modal links per square mile
Network density in terms of facility miles of pedestrian-oriented links per
square mile

Street intersection density (weighted, auto-oriented intersections eliminated)
Intersection density in terms of auto-oriented intersections per square mile

Intersection density in terms of multi-modal intersections having three legs
per square mile

Intersection density in terms of multi-modal intersections having four or
more legs per square mile

Intersection density in terms of pedestrian-oriented intersections having
three legs per square mile

Intersection density in terms of pedestrian-oriented intersections having four
or more legs per square mile

Euclidean distance to nearest park polygon edge, derived using Near tool in
ArcGIS

*apartment data only. CDC-based park accessibility score. Processed with
Spatial Join function in ArcGIS.

MEANS OF TRANSPORTATION TO WORK: Bicycle: Workers 16 years and over
-- (Estimate)

MEANS OF TRANSPORTATION TO WORK: Walked: Workers 16 years and over
-- (Estimate)

Jobs within 45 minutes auto travel time, timedecay (network travel time)
weighted

Proportional Accessibility to Regional Destinations - Auto: Working age
population accessibility expressed as a ratio of total CBSA accessibility

Regional Centrality Index — Auto: CBG D5ce score relative to max CBSA D5ce
score
Index from National Walkability data

Derived from US Census Bureau's ACS data for all commute trips 45 minutes
or longer in temporal duration




Destination_Emp_30_45Mins
Destination_Emp_10_30Mins
Destination_Emp_10Mins
Distance_Emp_Trnst_QtrMile
Distance_Emp_Trnst_HalfMile

Distance_CBG_TrnstFreq_PSM
Diversity CBG_Edu_College_Some

Diversity CBG_Edu_College_Trade

Diversity CBG_Edu_Bach_Assoc

Diversity CBG_Edu_Graduate

Diversity_CBG_Pop_Mean_Income

Diversity CBG_Owner_Occupied
Diversity_CBG_PercentLowWage
Diversity Emp_JobsPerHousehold
Diversity_Emp_Entropy_8

Diversity_CBG_TripEquilibrium

Diversity _Region_Emp_Diversity

Diversity Region_Emp_WkrsPerJob

Diversity Emp_WorkersPerJob
Diversity_Emp_Equilibrium

ACS Census Derived from US Census Bureau's ACS data for all commute trips of temporal
duration between 30 and 45 minutes

ACS Census Derived from US Census Bureau's ACS data for all commute trips between 10
and 30 minutes in temporal duration

ACS Census Derived from US Census Bureau's ACS data for all commute trips up to 10
minutes in temporal duration

EPASLD  Proportion of CBG employment within % mile of fixed-guideway transit stop
EPASLD  Proportion of CBG employment within % mile of fixed-guideway transit stop
EPASLD  Aggregate frequency of transit service (D4c) per square mile

ACS Census EDUCATIONAL ATTAINMENT FOR THE POPULATION 25 YEARS AND OVER:
Some college, 1 or more years, no degree: Population 25 years and over --
(Estimate)

ACS Census EDUCATIONAL ATTAINMENT FOR THE POPULATION 25 YEARS AND OVER:
Professional school degree: Population 25 years and over -- (Estimate)

ACS Census Derived from US Census Bureau's ACS data for bachelor's and associates
degrees received.

ACS Census Derived from US Census Bureau's ACS data for graduate degrees received.

ACS Census HOUSEHOLD INCOME IN THE PAST 12 MONTHS (IN 2015 INFLATION-
ADJUSTED DOLLARS): Total: Households -- (Estimate)

ACS Census TENURE: Owner occupied: Occupied housing units -- (Estimate)

EPASLD % LowWageWk of total #workers in a CBG (home location), 2010

EPASLD  Jobs per household

EPASLD  8-tier employment entropy (denominator set to observed employment types
in the CBG)

EPASLD  Trip productions and trip attractions equilibrium index; the closer to one, the
more balanced the trip making

EPASLD  Regional Diversity. Standard calculation based on population and total
employment: Deviation of CBG ratio of jobs/pop from regional average ratio
of jobs/pop

EPASLD  Household Workers per Job, as compared to the region: Deviation of CBG
ratio of household workers/job from regional average ratio of household
workers/job

EPASLD  Household Workers per Job, by CBG

EPASLD  Household Workers per Job Equilibrium Index; the closer to one the more

balanced the resident workers and jobs in the CBG.
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Table 3:

Hedonic Regression Estimates of Observed In(AvglR&t This fixed effect multivariate regression hagependent
variable of the natural log of average rent pelasgdioot for the apartment complex sample (see tifjud). See Table 2
for definitions of other variables. The model is@LS fixed effect regression with year and madsefixed effects
intercept. The model replicates Bond and Devind %20 *** ** and * indicate significance at 99985% and 90%
levels, respectively. Standard errors are clustatedarket level.

Variable Model 1
Intercept -0.338%***
LEED 0.089%***
Destination_CBG_Walkability 0.088***
garden_level -0.121***
highrise 0.147%***
percentstudio 0.697%**
percentlbed 0.480***
percent2bed 0.257%**
Renovated 0.038%**
Ln_age -0.141***
Ln_age_Squared 0.018***
Gym 0.115%**
Pool 0.043%**
Private_Outdoor_Space 0.016%**
R-Squared 0.731
Model N 98,362
Time Fixed Effects yes
Market Fixed Effects yes
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Table 4:

Hedonic Regression Estimates of Observed In(AvgiR&)t Each multivariate regression has a dependegiatble of the
natural log of average rent per square foot foraghertment complex sample (see Equation 1). Skke Pdor definitions
of other variables. Each model is a GMM mixed @ffegression with year and market as random aff@tthe
intercept. Model (1) shows baseline results witly tmiilding level controls. Models (2-6) incorpogadne vector of
Density, Design, Destination Accessibility, Distanc Transit and Diversityespectively. Model 7 includes all five “D”
vectors. *** ** gnd * indicate significance at 99%5% and 90% levels, respectively. Standard ea@<lustered at
market level.

Variable Modell Model2 Model3 Model4 Model5 Model6 Model7
Intercept -0.2848 -0.6275**  -0.2668 -1.8646**  -0.3661* -0.0228 -1.1940**
garden_level -0.1255*%**  -0.0730***  -0.0987*** -0.0643***  -0.0908*** -0.0907*** -0.0339***
Highrise 0.1602***  0.1166***  0.1459***  0.1249***  (0.1439***  (0.1274***  0.0950***
Apartment_Building_Rating 0.1343***  0.1260***  0.1328***  (0.1203***  0.1328*** 0.1056***  (0.0988***
Percentstudio 0.5907***  0.5359***  0.5780***  0.5383***  (0.5742***  (0.5425***  (0.5012***
percentlbed 0.4089***  0.3750***  0.4001***  0.3758***  0.4040*** 0.3735%**  (0.3492%**
percent2bed 0.1906***  0.1824***  0.1936***  0.1907***  0.2007***  0.1709***  0.1746***
Renl0 0.0253***  0.0267***  0.0251***  0.0252***  0.0249*** 0.0310***  (0.0318***
Lnage -0.1371%**  -0.1356***  -0.1245***  -0.1152*** -0.1229***  -0.1364*** -0.1154***
Inage2 0.0226***  0.0195***  0.0183***  0.0158***  0.0184*** 0.0232***  (0.0157***
Number_of_Buildings 0.0003***  0.0004***  0.0003***  0.0004***  0.0005***  0.0003***  0.0005***
Coast_QtrMile 0.0481***  0.0370***  0.0463***  0.0915***  0.0530*** 0.0380***  (0.0488***
Density_CBG_Residential 0.0341*** 0.0157***
Density_Emp_Retail_8 -0.0046%** -0.0002
Density_Emp_Office_8 0.0054*** 0.0027***
Density_ Emp_Ind_8 0.0044*** 0.0023***
Density_Emp_Service_8 0.0102*** 0.0017***
Density_Emp_Ent_8 0.0060*** 0.0048***
Density Emp_Edu_8 0.0022*** 0.0010***
Density_Emp_Health_8 -0.0023*** -0.0011%**
Density_Emp_Public_8 -0.0070*** -0.0084***
Design_CBG_AutoLink 0.0008** 0.0003
Design_CBG_MultiLinks 0.0010* 0.0000
Design_CBG_PedestrianLink 0.0329%*** -0.0033*
Design_CBG_IntersectionWeighted 0.0002 0.0010
Design_CBG_Autolnstersection_PSM 0.0005 -0.0007**
Design_CBG_Multi3Leg_PSM -0.0008*** -0.0002
Design_CBG_Multi4Leg_PSM 0.0002 -0.0008***
Design_CBG_Ped3Leg_PSM -0.0026*** -0.0002
Design_CBG_Ped4leg_PSM -0.0011%** -0.0004
Design_CBG_Park -0.0001 -0.0008***
Design_Apartment_ParkAccess -0.0424%** -0.0077%**
Destination_Emp_Bike 0.0168*** 0.0119***
Destination_Emp_Walk 0.0065*** 0.0058***
Destination_CBG_Auto_Jobs45Min 0.1350*** 0.0986***
Destination_CBG_RegAccess_Auto 0.0433*** 0.0325%**
Destination_CBG_RegCntrlty_Auto -0.1596*** -0.1380***
Destination_CBG_Walkability 0.0180*** 0.0016

32



Destination_Emp_45Minsplus
Destination_Emp_30_45Mins
Destination_Emp_10_30Mins
Destination_Emp_10Mins
Distance_Emp_Trnst_QtrMile
Distance_Emp_Trnst_HalfMile
Distance_CBG_TrnstFreq_PSM
Diversity_CBG_Edu_College_Some
Diversity_CBG_Edu_College_Trade
Diversity_CBG_Edu_Bach_Assoc
Diversity_CBG_Edu_Graduate
Diversity_CBG_Owner_Occupied
Diversity_CBG_PercentLowWage
Diversity_Emp_JobsPerHousehold
Diversity_Emp_Entropy_8
Diversity_CBG_TripEquilibrium
Diversity_Region_Emp_Diversity
Diversity_Region_Emp_WkrsPerJob
Diversity_Emp_WorkersPerJob
Diversity_Emp_Equilibrium

AlC

SIC

Model N

Time Random Effects

Market Random Effects

-7,471
-7,477
98,060

-0.0151***
-0.0077***
0.0195%**
0.0080***
0.0003
0.0058%***
0.0067***
-0.0481***
0.0166***
0.0159***
0.0200***
-0.0081***
-0.3883%**
0.0000
0.0081**
0.0013
0.0355%**
-0.0139**
0.0001***
-0.0018
-12,406 -10,110 -17,307 -9,836 -16,545
-12,412 -10,116 -17,313 -9,842 -16,551
98,060 98,060 98,018 98,060 98,040
X X X X X
X X X X X

-0.0112%**
-0.0112%**
-0.0068***
0.0027***
-0.0002
0.0004
0.0012%***
-0.0352%**
0.0121%**
0.0189***
0.0169%***
0.0047***
-0.3302%**
0.0000
-0.0038
-0.0079**
-0.0031
-0.0116*
0.0001***
-0.0026
-24,500
-24,506

98,018

X

X
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Table5

Propensity Weighted Hedonic Regression Estimat&bserved In(AvgRent/SF). Each multivariate regogsbas a
dependent variable of the natural log of averageper square foot for the apartment complex sarfggle Equation 1).
See Table 2for definitions of other variables. feamdel is a GMM mixed effect regression with yaad market as
random effects on the intercept. Each model isgmsity weighted by its likelihood of being a LEEDIilding. Model (1)
shows baseline results with only building levelttols. Models (2-6) incorporate one vectoDansity, Design,
Destination Accessibility, Distance to Transit @didersityrespectively. Model 7 includes all five “D” vectorg*, **
and * indicate significance at 99%. 95% and 90%lewespectively. Standard errors are clusterehaket level.

Variable Modell Model2 Model3 Model4 Model5 Model6 Model7
Intercept -1.0066** -1.4454%* -1.2701%* -3.6201%**  -1.1320** -0.8799***  -2.6161**
garden_level -0.1116***  -0.0549***  -0.0858*** -0.0387*** -0.0774*** -0.1344*** -0.0110***
Highrise 0.1590***  0.0942***  0.1396***  (0.0892***  (0.1324*** 0.2344***  (0,0728***
Apartment_Building_Rating 0.2803***  0.2546***  0.2811***  0.2596***  (0.2787***  0.2778***  0.2168***
Percentstudio 0.6683***  0.6042***  0.6443***  (0.5670***  0.6504*** 0.6862***  (0.5309***
percentlbed 0.5033***  0.4601***  0.4864***  0.4433***  0.4849***  (0.1979***  0.4124***
percent2bed 0.2289***  (0.2576***  0.2503***  (0.2510***  0.2464*** 0.0144 0.2412%**
Ren10 -0.0148***  -0.0148***  -0.0144*** -0.0131*** -0.0093* -0.1125%**  -0.0117***
Lnage -0.1027***  -0.1089***  -0.1036*** -0.1171*** -0.1044***  -0.0715*** -0.1113***
Inage2 0.0121***  0.0107***  0.0116***  0.0157***  0.0119***  0.0127***  0.0117***
Number_of Buildings -0.0085***  -0.0027***  -0.0050***  -0.0023*** -0.0054*** -0.0160*** -0.0001
Coast_QtrMile 0.1141***  0.0619***  0.1160***  0.1226***  0.1071***  0.0580***  0.0587***
Density_CBG_Residential 0.0431%*** 0.0183***
Density_Emp_Retail_8 -0.0055*** -0.0043***
Density_Emp_Office_8 0.0076*** 0.0029***
Density Emp_Ind_8 0.0021*** 0.0007
Density_Emp_Service_8 0.0154*** 0.0096***
Density Emp_Ent_8 0.0171*** 0.0132***
Density Emp_Edu_8 0.0010%*** -0.0001
Density_Emp_Health_8 -0.0048%*** -0.0043***
Density_Emp_Public_8 -0.0193*** -0.0168***
Design_CBG_Autolink -0.0011%** -0.0041***
Design_CBG_MultiLinks -0.0043%** -0.0038%***
Design_CBG_PedestrianLink 0.0608*** 0.0046**
Design_CBG_lIntersectionWeighted 0.0095*** 0.0092***
Design_CBG_Autolnstersection_PSM 0.0006* 0.0013***
Design_CBG_Multi3Leg_PSM 0.0000 0.0004
Design_CBG_MultidLeg_PSM 0.0024*** 0.0009***
Design_CBG_Ped3Leg_PSM -0.0031%** -0.0001
Design_CBG_Ped4lLeg_PSM -0.0084*** -0.0070%**
Design_CBG_Park 0.0003 -0.0008**
Design_Apartment_ParkAccess -0.0455%** -0.0092***
Destination_Emp_Bike 0.0137*** 0.0147***
Destination_Emp_Walk 0.0169*** 0.0117***
Destination_CBG_Auto_Jobs45Min 0.2296*** 0.1660***
Destination_CBG_RegAccess_Auto 0.2393*** 0.1843***
Destination_CBG_RegCntrlty_Auto -0.2732%** -0.2511%**
Destination_CBG_Walkability 0.0199*** -0.0207***
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Destination_Emp_45Minsplus
Destination_Emp_30_45Mins
Destination_Emp_10_30Mins
Destination_Emp_10Mins
Distance_Emp_Trnst_QtrMile
Distance_Emp_Trnst_HalfMile
Distance_CBG_TrnstFreq_PSM
Diversity_CBG_Edu_College_Some
Diversity_CBG_Edu_College_Trade
Diversity_CBG_Edu_Bach_Assoc
Diversity_CBG_Edu_Graduate
Diversity_CBG_Owner_Occupied
Diversity_CBG_PercentLowWage
Diversity_Emp_JobsPerHousehold
Diversity_Emp_Entropy_8
Diversity_CBG_TripEquilibrium
Diversity_Region_Emp_Diversity
Diversity_Region_Emp_WkrsPerJob
Diversity_Emp_WorkersPerJob
Diversity_Emp_Equilibrium

AlC

SIC

Model N

Time Random Effects

Market Random Effects

331,993
331,987
98,060

-0.0279***
-0.0046***
0.0204%**
0.0044%**

323,856
323,850
98,018

-0.0041***
0.0059***
0.0127%**

332,377
332,371
98,060

-0.0682%**
0.0256***
0.0675***
0.0459%***
-0.0322%**
-0.2928***
0.0000***
-0.0222%**
0.0112
-0.0085*
0.2067***
-0.0002*
-0.1785%**
407,242
407,252
98,040

-0.0230%**
-0.0135%**
-0.0185%**
-0.0008
-0.0005
-0.0024***
0.0024***
-0.0250***
0.0201***
0.0072%***
0.0330***
0.0028***
-0.1562%**
0.0000**
0.0098*
-0.0563***
0.0230***
0.0661***
-0.0006***
-0.0554***
312,083
312,077
98,018
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Appendix:

Appendix Table 1 Density Means. This Table shows sample means for variables from the EPA SLD and ACS census along with some custom made
variables for “D” vector defined in the title. Variable definitions may be found in Paper Table 2. * indicates that the regressions in the paper use
the natural log of this variable. T indicates that a scalar adjustment of 1,000 multiplication was made prior to natural log to ensure all variables
were positive sign.

Market_Name Density CBG_ Density Emp  Density_Emp Density Emp Density_Emp Density Emp Density_Emp Density_Emp  Density_Emp
Residential*+ _Edu_8*+ _Ent_8*t _Health_8*t _Ind_8*t _Office_8*t _Public_8*t _Retail_8*t _Service_8*t

National 11.74 1.06 1.75 1.98 1.40 291 1.04 1.10 3.51
Atlanta 3.64 0.30 0.61 0.68 0.67 1.04 0.33 0.41 1.21
Austin 4.13 2.51 1.00 0.68 0.91 0.75 1.01 0.52 1.23
Baltimore 7.74 1.87 1.07 2.07 1.19 1.58 2.29 0.71 2.34
Boston 10.74 1.46 2.05 2.93 2.40 4.35 1.56 1.37 3.49
Charlotte 2.43 0.19 0.52 0.75 0.50 1.27 0.27 0.35 1.35
Chicago 24.88 2.56 3.37 2.87 1.68 4.43 1.20 1.63 7.06
Cincinnati/Dayton 331 0.22 0.62 0.84 0.62 1.50 0.46 0.37 1.31
Cleveland 4.53 0.60 0.68 0.83 0.68 0.88 0.33 0.37 1.24
Columbus 3.74 0.28 0.53 0.66 0.48 0.86 0.73 0.47 0.96
Dallas/Ft Worth 6.24 0.55 0.78 0.73 0.95 1.30 0.32 0.60 1.58
Denver 6.98 2.26 1.24 1.60 1.15 2.40 1.40 0.77 2.80
Detroit 4.28 0.25 0.56 1.21 0.52 0.53 0.32 0.45 0.95
East Bay/Oakland 9.05 0.93 0.98 1.57 1.42 1.32 2.66 0.86 2.46
Hampton Roads 4.05 0.48 0.67 0.53 0.54 0.70 0.25 0.56 0.95
Hartford 4.25 0.51 0.87 0.92 0.84 3.95 0.71 0.35 2.47
Houston 5.38 0.96 0.72 0.88 1.53 0.92 0.34 0.71 1.62
Indianapolis 3.19 0.42 0.52 0.68 0.52 0.83 0.77 0.39 1.19
Inland Empire (California) 4.23 0.38 0.41 0.51 0.43 0.21 0.14 0.51 0.63
Kansas City 3.61 0.50 0.87 0.71 0.50 2.28 0.41 0.46 1.63
Las Vegas 7.78 0.54 1.21 0.56 0.40 0.49 0.16 0.52 0.74
Long Island (New York) 38.29 0.84 1.29 6.51 4.45 2.65 2.69 2.15 3.49
Los Angeles 15.09 2.26 2.01 1.78 1.58 2.66 0.68 1.42 3.96
Milwaukee/Madison 6.00 0.40 1.43 1.59 0.90 2.15 0.60 0.57 1.72
Minneapolis/St Paul 6.97 0.68 1.63 1.78 1.33 3.39 0.92 0.79 2.77
Nashville 2.54 0.40 0.65 0.74 0.53 0.73 1.13 0.34 0.85
New York City 109.29 6.32 21.07 17.02 10.09 45.81 6.49 11.15 43.35
Northern New Jersey 9.54 1.25 0.72 2.20 1.32 2.54 0.74 0.72 1.87
Orange County (California) 7.12 0.51 0.91 0.88 1.16 0.72 0.30 0.77 1.37
Orlando 3.37 0.24 0.54 0.37 0.41 0.48 0.44 0.38 0.85




Philadelphia
Phoenix

Pittsburgh

Portland
Raleigh/Durham
Sacramento

Salt Lake City

San Antonio

San Diego

San Francisco
Seattle/Puget Sound
South Bay/San Jose
South Florida

St. Louis

Tampa/St Petersburg
Washington, DC
West Michigan

Westchester/So Connecticut

7.51
6.26
5.63
6.05
2.65
5.20
3.92
3.90
7.76
30.66
10.62
8.07
10.33
4.74
4.43
13.48
2.59
34.21

1.25
0.69
1.27
0.62
0.20
0.33
0.38
0.66
0.52
1.14
1.23
0.39
1.32
0.28
0.44
0.97
0.32
0.65

1.87
0.70
1.21
1.15
0.46
0.52
0.91
0.61
1.22
9.01
241
1.04
1.20
1.44
0.47
2.14
0.44
1.04

2.87
0.96
1.96
1.37
0.67
0.61
0.63
1.16
0.94
4.24
3.03
0.72
0.90
2.51
0.70
1.31
2.34
3.93

1.07
0.85
1.09
1.07
0.35
0.36
0.87
0.54
0.78
3.10
2.67
1.49
0.98
0.90
0.40
1.05
0.66
1.54

2.69
0.75
3.85
1.80
0.56
0.50
1.39
0.74
0.63
6.92
3.37
0.87
1.22
1.24
0.63
2.08
0.40
1.94

1.56
0.39
0.36
0.57
2.36
1.08
0.59
0.16
1.00
3.32
1.48
0.20
1.45
0.25
0.41
1.80
0.29
0.77

0.84
0.63
0.81
0.93
0.37
0.50
0.93
0.50
0.72
2.64
1.66
0.78
0.79
0.48
0.38
1.19
0.30
1.55

3.37
1.37
2.47
1.86
0.90
0.96
1.40
0.74
1.61
10.84
6.08
1.86
2.00
1.90
0.78
6.75
0.63
2.29
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Appendix Table 2 Design Means. This Table shows sample means for variables from the EPA SLD and ACS census along with some custom made
variables for “D” vector defined in the title. Variable definitions may be found in Paper Table 2. * indicates that the regressions in the paper use
the natural log of this variable. T indicates that a scalar adjustment of 1,000 multiplication was made prior to natural log to ensure all variables

were positive sign.

Market_Name Design_Apart  Design_CBG_
ment_ParkAc  Autolnstersec
cess*t tion_PSM*t
National 1.71 2.91
Atlanta 2.15 2.53
Austin 1.58 4.10
Baltimore 1.27 2.26
Boston 1.38 3.10
Charlotte 3.33 1.86
Chicago 0.89 1.81
Cincinnati/Dayton 2.19 1.85
Cleveland 2.38 1.59
Columbus 1.78 2.06
Dallas/Ft Worth 1.26 4.10
Denver 0.86 2.35
Detroit 1.67 2.88
East Bay/Oakland 0.76 2.81
Hampton Roads 1.95 2.76
Hartford 171 1.78
Houston 2.17 3.10
Indianapolis 2.52 2.02
1.51 1.58

Inland Empire

(California)

Kansas City 2.62 2.79
Las Vegas 1.88 2.54
Long Island (New 1.28 2.69
Los Angeles 0.93 2.75
Milwaukee/Madison 127 2.26
Minneapolis/St Paul 231 4.38
Nashville 3.56 1.94
New York City 0.75 9.47
1.66 2.41

Northern New Jersey

Design_CBG_
AutoLink*t

2.02
1.93
2.90
1.47
1.80
1.61
1.05
1.41
1.20
1.80
2.78
1.51
1.70
1.70
2.60
1.34
2.30
1.80
1.58

2.13
2.12
1.42
1.68
1.44
3.17
1.42
5.08
1.59

Design_CBG_|
ntersectionW
eighted*+

79.06
53.87
55.96
99.44
96.57
48.89
93.74
54.80
55.02
64.75
69.47
90.51
63.61
97.57
72.74
49.12
55.75
64.72
61.52

78.38
72.18
96.92
94.03
68.71
82.12
56.21
88.07
75.25

Design_CBG_
Multi3Leg_PS
M*+

14.49
13.97

8.45
21.11
31.75

9.67
15.01
14.72
15.11
14.53
11.23

9.10
15.48
18.39
10.14
17.97

8.10

9.08
12.01

14.17
11.91
17.25
22.52
10.00

9.95
11.66

4.91
21.88

Design_CBG_
Multi4Leg_PS
M*¥

9.55
4.13
3.78
17.03
12.26
3.77
13.36
5.32
5.44
5.15
8.29
8.01
4.56
11.94
5.59
4.74
7.23
4.98
6.80

8.33
5.89
17.32
18.45
10.43
8.35
4.67
20.59
9.64

Design_CBG_
MultiLinks*+

3.17
2.34
1.89
4.74
4.33
1.81
3.24
2.70
2.50
2.58
3.83
2.97
2.46
3.74
2.00
2.61
3.23
1.97
2.61

2.59
2.68
4.38
4.56
3.37
2.87
2.18
4.05
3.28

Design_CBG_
Park*t

1,085
1,754
1,343
842
1,013
2,305
432
1,094
1,536
949
991
664
1,024
480
1,453
1,173
1,616
1,609
983

950
1,241
855
666
769
657
2,037
326
1,045

Design_CBG_
Ped3Leg_PS
M*+

60.38
50.40
51.34
69.76
72.52
44.56
64.96
43.41
43.04
57.79
59.14
72.04
50.81
76.97
62.85
37.25
43.99
56.65
55.28

62.92
68.62
47.72
55.65
46.02
64.32
48.47
41.14
50.18

Design_CBG_
Ped4lLeg_PS
M*+

19.56

6.81
1231
21.80
14.77

8.95
27.04
10.71
10.79
11.36
14.25
28.38
14.84
22.03
18.47

7.56
13.78
15.90

9.83

18.63
12.58
36.27
23.45
20.92
24.23
11.43
36.76
17.55

Design_CBG_
PedestrianLin
k*+

13.40

9.92
10.31
14.07
13.62

9.52
15.15

9.63

9.96
10.66
12.01
14.21
11.61
14.79
12.63

9.13
10.88
11.85
11.05

12.70
11.64
20.88
14.13
11.32
13.19

9.81
22.52
13.06
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Orange County
(California)

Orlando
Philadelphia
Phoenix

Pittsburgh

Portland
Raleigh/Durham
Sacramento

Salt Lake City

San Antonio

San Diego

San Francisco
Seattle/Puget Sound
South Bay/San Jose
South Florida

St. Louis

Tampa/St Petersburg
Washington, DC

West Michigan
Westchester/So

0.76

3.65
3.81
1.55
2.30
0.91
2.09
2.22
1.80
2.18
1.08
0.62
0.79
0.93
1.33
1.28
2.57
1.34
5.20
0.94

4.12

1.98
1.69
1.87
2.64
2.51
211
2.16
1.63
3.09
3.60
5.30
3.53
5.17
2.48
2.43
2.00
3.45
1.41
2.97

3.70

2.30
1.12
1.87
1.14
1.76
1.87
1.84
1.46
2.19
2.69
2.90
2.12
3.05
2.38
1.47
2.24
2.01
1.22
1.76

83.99

55.14
82.18
91.41
87.08
109.95
52.34
71.53
69.30
51.88
78.25
139.54
131.86
101.59
92.66
75.71
74.99
84.77
46.68
91.33

17.21

731
14.10
13.37
20.66
18.33
10.94
13.62
16.10
10.60
10.79
18.12
17.57
18.66
12.58
12.54

9.48
14.06
11.66
25.65

7.74

3.42
8.36
6.23
8.74
9.84
4.27
6.27
6.54
4.08
8.23
2491
15.52
10.73
9.11
6.20
5.14
13.20
3.58
17.94

3.55

1.70
2.67
2.60
3.16
2.80
2.03
2.84
2.64
2.16
3.01
6.11
3.36
4.38
2.98
2.18
1.71
3.85
2.05
5.36

561

2,916
2,031
921
1,516
687
1,621
775
1,208
1,747
706
349
587
561
1,075
936
1,640
832
1,892
497

79.46

54.03
59.35
90.70
62.10
81.19
47.73
64.70
58.82
44.15
69.20
97.25
91.85
92.88
76.06
59.78
71.09
62.05
36.65
45.66

11.77

10.81
24.82
15.76
23.14
33.73

8.94
13.03
12.79
11.28
16.67
37.68
43.35
16.46
24.43
21.27
16.11
20.81
10.87
25.82

12.75

11.36
14.18
15.03
13.59
15.84

9.36
12.27
11.83
10.43
13.19
18.22
17.35
14.44
15.89
13.51
13.64
13.95

8.87
17.68
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Appendix Table 3 Destination Means. This Table shows sample means for variables from the EPA SLD and ACS census along with some custom
made variables for “D” vector defined in the title. Variable definitions may be found in Paper Table 2. * indicates that the regressions in the paper
use the natural log of this variable. 1 indicates that a scalar adjustment of 1,000 multiplication was made prior to natural log to ensure all variables

were positive sign.

Market_Name Destination_CB

G_Auto_Jobs4

5Min*
National 233,991
Atlanta 173,175
Austin 146,718
Baltimore 156,655
Boston 179,327
Charlotte 94,849
Chicago 274,951
Cincinnati/Dayton 95,328
Cleveland 96,154
Columbus 128,959
Dallas/Ft Worth 245,142
Denver 169,513
Detroit 141,032
East Bay/Oakland 196,744
Hampton Roads 74,142
Hartford 83,265
Houston 241,233
Indianapolis 102,771
Inland Empire 145,230
Kansas City 113,264
Las Vegas 184,536
Long Island (New York) 569,684
Los Angeles 501,703
Milwaukee/Madison 88,536
Minneapolis/St Paul 199,573
Nashville 82,769
New York City 1,086,447
Northern New Jersey 352,861
Orange County 444,810

Destination_CB
G_RegAccess_

0.10
0.10
0.12
0.05
0.07
0.28
0.03
0.11
0.19
0.08
0.04
0.15
0.10
0.03
0.09
0.24
0.03
0.17
0.05
0.28
0.08
0.01
0.02
0.34
0.11
0.28
0.01
0.04
0.01

Destination_CB
G_RegCntrlty_
Auto
0.66
0.64
0.75
0.65
0.58
0.70
0.54
0.68
0.69
0.67
0.68
0.76
0.66
0.62
0.65
0.67
0.62
0.66
0.43
0.77
0.79
0.67
0.53
0.71
0.69
0.65
0.88
0.40
0.44

Destination_CB
G_Walkability*

11.77
10.04
11.48
12.74
12.76

8.11
12.64

9.86

9.73
11.09
11.27
13.06

9.30
13.20
11.84

8.91
11.28
10.68
10.28
11.23
12.36
13.08
13.81
10.88
12.72

7.70
13.91
12.70
13.78

Destination_E
mp_10_30Mins
*

491
546
717
432
375
527
389
462
434
635
484
522
351
371
529
433
621
583
483
506
500
213
463
548
533
632
424
356
572

Destination_E
mp_10Mins*

99
102
153

74

85
122

76
107
108
123
112
114

81

75

99
106
116
146
118
132

78

33

87
142
107
123

68

78

99

Destination_E
mp_30_45Mins
*

219
263
269
214
194
213
209
150
165
220
217
212
141
195
176
130
342
246
179
140
180
234
256
153
179
249
319
196
227

Destination_Em
p_45Minsplus*

161
202
148
187
177
111
201
69
87
79
132
127
90
258
83
70
272
116
195
60
74
303
221
74
91
162
195
238
164

Destination_E
mp_Bike*

8.85
3.48
14.36
3.92
7.33
1.73
10.69
1.85
3.15
4.65
2.37
20.53
3.74
11.97
4.05
2.54
4.61
6.77
5.01
291
4.65
7.93
11.56
17.84
11.15
3.42
15.21
2.83
13.53
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Orlando
Philadelphia
Phoenix

Pittsburgh

Portland
Raleigh/Durham
Sacramento

Salt Lake City

San Antonio

San Diego

San Francisco
Seattle/Puget Sound
South Bay/San Jose
South Florida

St. Louis

Tampa/St Petersburg
Washington, DC

West Michigan
Westchester/So

101,186
144,961
217,385
100,336
113,771
110,905
119,975
111,819
129,089
161,442
318,942
174,195
244,176
164,830
135,589

97,796
270,235

56,788
400,275

0.16
0.18
0.04
0.06
0.23
0.30
0.13
0.27
0.08
0.05
0.04
0.05
0.09
0.03
0.06
0.10
0.08
0.46
0.06

0.69
0.62
0.77
0.57
0.70
0.77
0.69
0.76
0.74
0.64
0.80
0.64
0.80
0.66
0.70
0.71
0.68
0.75
0.67

8.77
12.25

9.11
12.09
13.71
11.23
12.03
13.81

7.87
13.00
13.85
13.61
10.62
12.68
12.23
11.96
13.08

7.42
12.03

1,154
418
436
349
507
779
422
635
617
658
545
463
682
455
491
469
432
473
234

153
97
92
79

130

159

101

154

120

101
84
89
95
70
92
93
72

130
54

556
160
169
152
175
217
159
184
205
249
274
206
233
249
181
181
289

91
130

313
135

87
103
115
111

93

97
104
141
231
143
157
159

86
106
274

59
213

13.35
53
13.52
4.85
23.72
8.59
20.81
12.04
3.03
7.72
41.21
12.86
24.05
6.88
3.18
7.15
13.99
4.84
3.24
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Appendix Table 4 Distance Means. This Table shows sample means for variables from the EPA SLD and ACS census along with some custom made
variables for “D” vector defined in the title. Variable definitions may be found in Paper Table 2. * indicates that the regressions in the paper use
the natural log of this variable. T indicates that a scalar adjustment of 1,000 multiplication was made prior to natural log to ensure all variables
were positive sign.

Market_Name Distance_CBG_TrnstFreq_PSM*t Distance_Emp_Trnst_HalfMile*t Distance_Emp_Trnst_QtrMile*+
National 1,348 0.18 0.10
Atlanta 154 0.07 0.02
Austin 521 0.04 0.01
Baltimore 967 0.19 0.08
Boston 6,002 0.33 0.20
Charlotte 0.06 0.02
Chicago 4,457 0.45 0.25
Cincinnati/Dayton 331 0.00 0.00
Cleveland 284 0.11 0.06
Columbus 290 0.00 0.00
Dallas/Ft Worth 260 0.10 0.04
Denver 539 0.11 0.05
Detroit 340 0.02 0.01
East Bay/Oakland 660 0.20 0.07
Hampton Roads 86 0.04 0.02
Hartford 102 0.00 0.00
Houston 273 0.02 0.01
Indianapolis 281 0.00 0.00
Inland Empire (California) 316 0.02 0.00
Kansas City 493 0.10 0.06
Las Vegas 163 0.12 0.06
Long Island (New York) 3,221 0.76 0.46
Los Angeles 2,486 0.22 0.07
Milwaukee/Madison 735 0.02 0.01
Minneapolis/St Paul 1,902 0.05 0.02
Nashville 0 0.01 0.00
New York City 6,515 0.95 0.73
Northern New Jersey 1,170 0.26 0.10
Orange County (California) 217 0.02 0.01
Orlando 10 0.00 0.00
Philadelphia 1,662 0.23 0.13




Phoenix

Pittsburgh

Portland
Raleigh/Durham
Sacramento

Salt Lake City

San Antonio

San Diego

San Francisco
Seattle/Puget Sound
South Bay/San Jose
South Florida

St. Louis

Tampa/St Petersburg
Washington, DC
West Michigan

Westchester/So Connecticut

1,205
1,484
123
263
591

377
7,406
1,506

26

678

486

247
1,924

66
1,202

0.08
0.18
0.22
0.00
0.07
0.21
0.00
0.17
0.59
0.13
0.30
0.10
0.13
0.02
031
0.00
0.62

0.03
0.08
0.13
0.00
0.03
0.08
0.00
0.07
0.35
0.05
0.11
0.05
0.05
0.01
0.11
0.00
0.39
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Appendix Table 5 Diversity Means. This Table shows sample means for variables from the EPA SLD and ACS census along with some custom made
variables for “D” vector defined in the title. Variable definitions may be found in Paper Table 2. * indicates that the regressions in the paper use
the natural log of this variable. T indicates that a scalar adjustment of 1,000 multiplication was made prior to natural log to ensure all variables

were positive sign.

Market_Name

National
Atlanta

Austin
Baltimore
Boston
Charlotte
Chicago
Cincinnati/Dayt
Cleveland
Columbus
Dallas/Ft Worth
Denver

Detroit
East

Hampton Roads
Hartford
Houston

Indianapolis
Inland Empire

Kansas City

Las Vegas

Long Island

Los Angeles
Milwaukee/Mad
Minneapolis/St
Nashville

New York City
Northern New

Diversity
_CBG_Ed
u_Bach_
Assoc*
412
458
551
354
373
427
416
322
312
438
348
439
270
450
309
284
514
448
300
343
261
363
480
417
430
474
561
385

Diversity
_CBG_Ed
u_Colleg
e_Some*
198
239
240
167
130
205
163
171
179
217
200
192
176
204
228
132
288
224
266
177
227
126
230
160
175
247
100
143

Diversity
_CBG_Ed
u_Colleg
e_Trade*
36.59
35.40
38.89
42.59
42.00
23.06
53.35
21.01
31.27
30.26
22.66
34.04
19.74
27.89
18.22
24.70
40.09
36.36
16.58
28.42
15.05
37.94
41.27
38.83
32.67
28.66
117.05
32.99

Diversity
_CBG_Ed
u_Gradu
ate*

161
169
210
181
206
127
193
116
114
144
119
166
109
183
108
127
193
145

82

127

56

155
147
160
133
152
337
190

Diversity
_CBG_O
whner_Oc
cupied*
294
341
321
302
291
347
315
327
329
355
210
290
265
261
273
263
420
422
285
287
199
177
208
332
329
426
186
261

Diversity
_CBG_Pe
rcentLow
Wage
0.24
0.25
0.23
0.22
0.28
0.25
0.22
0.27
0.27
0.25
0.23
0.23
0.28
0.21
0.29
0.22
0.23
0.26
0.26
0.27
0.23
0.22
0.28
0.27
0.25
0.26
0.17
0.22

Diversity
_CBG_Po
p_Mean

_Income
*

831
957
1,018
773
740
835
806
738
780
898
781
843
687
783
750
687
1,064
945
834
738
723
660
881
803
794
971
885
712

Diversity
_CBG_Tri
pEquilibr
ium
0.44
0.46
0.47
0.40
0.48
0.47
0.39
0.45
0.47
0.45
0.38
0.43
0.42
0.43
0.42
0.46
0.43
0.42
0.46
0.45
0.39
0.32
0.49
0.43
0.49
0.41
0.46
0.45

Diversity
_Emp_En
tropy_8

0.61
0.63
0.64
0.55
0.71
0.65
0.55
0.61
0.63
0.63
0.55
0.60
0.56
0.63
0.63
0.62
0.62
0.60
0.62
0.63
0.55
0.52
0.64
0.58
0.63
0.61
0.65
0.59

Diversity
_Emp_Eq
uilibrium

0.36
0.39
0.43
0.31
0.41
0.44
0.31
0.39
0.39
0.40
0.32
0.36
0.35
0.32
0.35
0.42
0.38
0.40
0.34
0.40
0.32
0.24
0.34
0.36
0.42
0.38
0.37
0.37

Diversity
_Emp_Jo
bsPerHo
usehold*
4.86
2.31
2.74
3.25
6.63
5.97
2.49
2.09
3.24
2.36
4.40
2.67
2.07
1.86
2.96
3.27
2.76
2.73
1.47
3.28
3.65
6.49
5.08
3.23
3.00
3.07
3.85
2.77

Diversity
_Emp_W
orkersPe
rlob*

7.51
6.47
5.05
9.44
0.56
4.37
10.52
7.69
6.08
7.69
11.51
6.49
8.90
5.49
8.45
5.90
7.48
8.69
6.60
6.00
13.61
14.60
4.49
7.04
4.96
9.36
4.52
7.73

Diversity
_Region_
Emp_Div
ersity
0.28
0.31
0.33
0.26
0.11
0.34
0.25
0.28
0.31
0.31
0.27
0.34
0.25
0.27
0.26
0.25
0.29
0.31
0.18
0.32
0.21
0.18
0.26
0.31
0.38
0.30
0.29
0.30

_Region_

Diversity

Emp_Wk
rsPerJob

0.46
0.49
0.51
0.42
0.16
0.52
0.45
0.50
0.51
0.51
0.41
0.43
0.47
0.45
0.47
0.36
0.49
0.49
0.47
0.51
0.43
0.39
0.49
0.48
0.52
0.47
0.48
0.49
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Orange County
Orlando
Philadelphia
Phoenix
Pittsburgh
Portland
Raleigh/Durham
Sacramento
Salt Lake City
San Antonio
San Diego

San Francisco
Seattle/Puget

§outh.Bay/San

South Florida
St. Louis
Tampa/St
Washington, DC

West Michigan
Westchester/So

Caonnecticut

463
939
334
281
332
426
619
332
396
398
510
608
441
552
396
368
363
403
301
229

229
466
147
186
111
234
213
230
262
251
274
216
189
186
191
194
196
155
177
124

33.55
50.53
33.41
16.30
33.34
31.66
46.57
25.55
19.91
30.96
42.73
85.58
31.72
38.85
34.98
35.38
23.98
70.24
17.90
22.70

141
244
141

87
145
150
283

96
104
124
176
283
174
369
111
148
110
270
109
101

233
674
334
210
323
339
426
269
332
304
339
256
239
296
291
368
311
266
309
133

0.22
0.28
0.24
0.24
0.25
0.24
0.23
0.25
0.30
0.27
0.24
0.20
0.20
0.18
0.25
0.28
0.26
0.18
0.28
0.24

783
1,694
727
689
676
866
1,069
735
822
875
916
1,007
833
902
774
778
795
825
721
579

0.43
0.46
0.44
0.39
0.47
0.51
0.46
0.48
0.48
0.46
0.45
0.51
0.45
0.46
0.41
0.47
0.44
0.41
0.46
0.33

0.61
0.68
0.62
0.55
0.63
0.70
0.65
0.64
0.71
0.62
0.61
0.67
0.64
0.67
0.56
0.65
0.60
0.56
0.59
0.47

0.31
0.37
0.38
0.32
0.41
0.43
0.39
0.37
0.46
0.40
0.33
0.39
0.38
0.34
0.33
0.41
0.38
0.33
0.42
0.26

5.88
2.05
4.00
2.37
10.64
2.14
3.39
1.58
6.27
231
1.75
27.13
2.85
61.46
27.16
231
1.92
2.89
2.24
1.62

8.64
4.05
6.92
13.03
4.67
3.18
7.30
5.69
217
5.56
9.14
3.17
4.44
4.41
12.13
4.27
5.39
10.04
6.20
13.93

0.24
0.29
0.29
0.25
0.35
0.32
0.37
0.23
0.41
0.30
0.22
0.35
0.34
0.27
0.24
0.33
0.25
0.30
0.30
0.20

0.43
0.51
0.50
0.42
0.51
0.54
0.48
0.50
0.52
0.50
0.47
0.48
0.48
0.49
0.45
0.51
0.49
0.43
0.53
0.40
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