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ChaptQCuwvrerlvii ew

During the course of my PhD life, | stay in a number of Airbnb properties for
leisure trips and conferenceside with Uber/Lyft once or twicea month. Ineveruse
bike-sharing or escooter sharingecause, ironically, | do not know how to bik&ese
Asharedo economic activiti eShargud maebiityllken i nt e g
Uber/Lyft and shorterm rental like Airbnb are umbrellaed under thlebalconcept of
fthes hari ng economyo. Having per ssonthas exper.i
dissertatiorhelpsme form the intuitiveexpectation®n the researcloutcomesYet, |
am genuinely amazed at times when reseandovers the hiddeperspectives that |
cannoteasily observe frorthe personakxperiencetherwise This is my oveiarching
goal in academic research: To empirically confirm my instinctpjdo upwhere my
intuitionsfall short of and to generate new knowledgmutthee mer gi ng ¢ echnol o
broad impact on urban economy and urban politys dissertation serves the purpose
to generate new knowledge about the sharing economy, particularly fispoeh
equity perspectiveBefore | dive into the dense research materials, | will introduce the
sharing economy concept and outline the equity debates on its two most popular

applications (Shosterm rental (STR) and shared mobility) in this chapter.

1.1 Therising sharing economy

The daringeconomy isnotawell ef i ned concept. The ter
somewhat deceptive as a commumgberiencer a sense ofeciprocity is implied. In

reality, participants in the shatashg econc



directly.While I am not trying talefine the concept, | characterize the sharing economy

into three themes based on the existing literature:

Reliance of online platformnformation and telecommunication technologies
(ICTs), such ascloudbased computing, enable transformative services from the
traditional businesg-consumer market (e.g., shopping in a physical store or an online
store) to a platforabbased ecosystem consisting of content creators and subscribers

(Kenney & Zsyman, 206; Belk, 2014.

Access without ownershipeople can fulfill their temporary needs of access
goods and services via subscription while other people can provide idling resources
simultaneously in the sharing economy. The crowdsourcing nature of the sharing
economy means that the physical ownerssigli as bike, a camr a vacation home)

becomes unnecessa§undararajan,.p0; Kenney & Zsyman, 2016; Schor, 2017

A decentralized matching marketpladdéanks to the significant advancements
in searchalgaithms, digital infrastructure, as well as a high share of ownership for
smart devices (personal computer, smartphone, tablet, giegrt@-peermarketplace
is able tomatch heterogeneous demands and supplies in reahtidraake seamless

transactiongn the sharing economy possibkrav, Farronato, & Levin, 20)6

Owing toits economic efficiencythe sharing economyusiness moddhas
been successfully diffused into many private and pu#ators In housing/lodging,
STRs, supported by tech platies like Airbnb and HomeAway, hawagnificantly
disruptedthe real estate market. In transportatimansportation network companies

(TNCs) like Uber and Lyfhavegaineda substantial share of the mobility market.



Public bikesharing systems and privagescooter sharing companies have jointly
contributed to the rising popularity of micromobility in large and medsimad cities
in the U.S. and across the gloliteis projected thathte global sharing econonwill

reach $335 billion by 2025 (Martin, 20116

Besides thebviouseconomicbenefit the sharing economy caontibute to
the sustainable urban developmewith its broader social benefitsThe sharing
economy spurs localized economic activities associated with tourism (Sheppard &
Udell, 2016). The sharing economy could potentially befgeadly. For instance,
cities invest into shared micromobilitybike-sharing and escooter sharing}to
encourage emissieless active travel to replace higmission auto travgHe et al,
2020).An increase in active travel from bife-scootersharing could generate health
benefit, as well (Xu, 2019). a s t but not the | easles the
reciprocity and trust, which leads to scholarly reflection on digital trust and human
connection within the sharing economy (Sundararajan, 20t@).sharing economy
gradually becomean integralpart of the smart city vision thabuld reshag urban
economy, transforgwrban governanceeliversurban mobility andimproves urban

quality of life.

1.2The neoliberal sharing economy on equity

Technology advancement is always accompaimgdontroversies. Frona
socialequity perspective, the techheoonomic concept of sharing econorsplamed
for reinforcinga neoliberal economic agenda (Martin, 2016). A neoliberal economy is
characterized by strong property rights, a free and decentralized market, and a

minimalist sate (Harvey, 2007, p.2; Brand, 2015). ™vénar i n g emploasiso my 6 s
3



on the reliance of private platforms and a decentralized marketplace certainly flirts with
the neoliberaldeal In a capitalist society like the United Stateise can argue that an
emplasisof a free markets not intrinsically problematic. Yet, as planning scholars
point out, market imperfectior{such agnonopolistic power, information asymmetry,

and externalities) and the inherent limitations of democracy (e.g., the existence of
powerand hierarchy) determine thah allocation of resourcelsased on the market
mechanisntan never reach the Pareto optimumh er e t he soci etyo6s
| evel i s achieved without sacrificing
Fainstein, 2010 p.36). Therefore, it is worthy examining the distributional
consequences of the sharing economy, in its multiple applications, among different
subpopulations and communities. Only when the notion of distributional equity is
reached such that each persotreated appropriately that we can achieve social justice

in the sharing economy.

In a more substantive way to describe the equity issues about the sharing
economy,my dissertation researdbcuses orthe following aspects: (1) the spatial
distribution d shared micromobility tripeamongdifferent socioeconomic groups. The
vertical equity with respect to socially disadvantaged groups would rettpair¢he
disadvantagedgroups (e.g., racial minority, senior population, and lowome
households)he not uderserved by the new mobility (Litman, 2018@)nd (2) the
housing market consequences of STR (price effect and spatial distribution) on housing
affordability. These issueare manifested frondatadriven, quantitative research.
Nevertheless, acknowledgehe qualitative aspect of understanding the heterogenous

needs from different subpopulations and communities, which is beyond the scope of

4



the dissertation research but requires my attention and future research entieavor
understand what drives the deéoiss regarding new mobility preference/usage,
surveying users/nensers is more straightforward than correlating passive trip data

with the underlying population characteristics to infer user profiles and preferences.

1.3 Structure of thelissertation

The dissertation adopts a thegper format with each of the following chapters
leads an independent study: Chapter 2 focuses on the impact of STR o+iagimityle
housing prices and the equity implications in Washington DC. Chapter 3 @salada
intensive analyses on the spatial distribution-se€eoter sharing trips in the District of
Columbia anddiscusseghe equity challengesnd opportunities associated with e
scooter sharing. Chapter 4 explores the spatial patterns of three typharioiy
economy activities (STR, statidrased bikesharing, and docklessseooter sharing)
in eight U.S. cities. The heterogenous social, built environment, and policy contexts
from different cities offer unique insights the commonalities and diffemees in the
equity issues on STR and shared micromobility markets. Lastly, Chapter 5 summarizes
highlights and limitations from the three empirical studies and provides forward

looking thoughts on future research.

Without further ado, let us dive into tleenpirical work of the dissertation!



ChaptExran2i:ni ng t heTdrmpaRdntod!| sShaon
Housing Price in Washington, D. C

Policy and Equity

2.1 From niche to mainstream: the global and local rise of STRs

Charles Dickens wouldrobably reckon, had he lived in the 21st century, that
Al ot i's the best of tifrmes; ;shlatriing ot h&Newdbdras i
strangers in an Uber; we sit in a cubicle next to an entrepreneur at WeWork; we,
certainly, dare an adventure stay with other travelers in an Airbnb rental. The
i deol ogy behind #fAshar i nicagondes budtapor assétofr at i v e
principles, such aa critical mass of idling capacities, belief in the commons, and trust
in strangers (Sundararajé@16). The sharing economy is a utopia painted by some as
a solution to the underutilized resources in our society and a dystopia suspected by

many as a road to digital elitism (Kenny and Zysman, 2016).

The global success of atemand shotermrental (STR) platforms like Airbnb
highlights the phenomenal sharing economy. Thanks to the advancements of
information and communication technologies (ICTs) and the advent of an integrated
(matching, booking, payment, etc.) p¢eipeer marketplace, seaing cost for STRs
has notably decreased for both the demand and the supply side (Einav et al., 2016).

Contrary to a centralized economy, where transactional cost is lowered through

'This paper is publi

shed Housing Policy Debate
(https://doi.org/10. 5080
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economies of scale, the sharing economy creates a decentralized maffeilitzdes
heterogeneous product choices (Einav et al., 2016). In addition,-trasedl networks

and access without ownership remove the hurdle for ordinary people to participate in
the sharing economy, blurring the boundary between a personal pr@mertya

professional establishment (Sundararajan, 2016).
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Figure 2-1. Number of Airbnb listings in DC, January 20157 July 2017.

In the global context, the soaring sharing economy translates into a rapid STR
market expansion: Since its first booking in 2008, Airbnb has accumulated more than
five million listingsin 191 countries around the world and accommodated more than
300 million guests in the past decade (Airbnb, 2018). In the local cantext study
area of this paper, Airbnb entered Washington D.C. in 2009 and other platforms like
HomeAway and VRBO followed suit. A typical STR host accommodates guests 32

days out of a calerad year and makes an average income of $3,400, according to a
7



survey conducted by Airbnb in 2016 (Airbnb, 2016). As of August 2017, the number

of Airbnb listings in Washington D.C. exceeded 8,000 based orsaraiped Airbnb

data?. The number of listings gaked around the inauguration of the Trump
Admini stration and the following Womenbds Mzs
hundredt housands of visitors gathered in the n
moments (New York Times, 2017). Whehdred by whether a listing has a review, an

indicator of STR business activities (Barron et al., 2017), active Airbnb listings grew

steadily in numberFigure 2-1 shows time trends for the total number of listings

accessible through Airbnb.com and the emof listings with at least one review from

August 2015 to July 2017. According to an
Washington D.C. share space in their permanent home. In 2016, 7,100 entire home

listings hosted at least one stay. In anothport (Airbnb, 2016), the platform claimed

that 76% of its hosts rent out their primary dwelling for STR activities. €ross
referencing different data sources, | come up with the following first impressions of

STRs in D.C.: (1) Washington D.C. is an egieg STR market, owing to its unique

status as the nationds capital and its nun
Airbnbdéds thousands of | istings were fAregi s
though Airbnb (or other STR platforms) newevealed the number of additional

listings registered by a single host or whether all hosts complied with local zoning

codes, which may strictly prohibit STRs at certain locations; @hthere is a sizeable

2The main data source for this paper is from the Inside Airbnb website supported by Tom Slee
(http://insideairbnb.com/about.ht)nl appreciate his data collection efforts, both in terms of frequency
and aiality. However, the data collection process stopped by the mid of 2017. According to another
source, Airdna, current number of Airbnb listings in Washington D.C. fluctuates around 7,000. This
could be a result of market saturation, policy uncertaintg, @ambination of both.
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commercial STR market, in which the primann€tion of a property is STR business

instead of longerm rental or residency.

Spatially, STR listings tend HWusecluste
residenti al areas. I pl otted two kernel de
ti me (FelROUWad and Februasygr apdd,) daceadd ed

l i sti0g€dgu-aan@Bi gulh. 21l n addition to clust

popul ated historical and commercial nei ghb
nei ghbor hoods in the Northwest, t he North
(Sout heast )yewirt Isiprana HSwa@msiaomac&kretbe i ntri
east side of D.C. is traditdnmnalcleyabd el egsrsow
in recent years (the Washington Post, 2018

|l nnovations in business and technol ogy
confi mhosuundaei es of their practice. Once a
exception. While triumphed by many who pr
pl atfor ms i ncreasingly clash with cities
unmanner | y gsuteasrtt bteoh anwaikoer ,headl i nes. The c«

this paper asks whether the thriving STR b
factor that -faamivegs puppeirngl|l erices in the
addi tion, ietr sitsa ndi twahli ctho nendghbor hoods ar e

especially the neighborhoods with high sha

3 According to the declaimers on Inside Airbtifie locational informatiorof anAirbnb listing that is
publicly available on airbnb.coims typically within a450-feetdistancefrom its actual address to
protect anonymity f a irfooratio® Ehis is nofproblemfor the purpose of this study because
Airbnb listingisc har act er i z eatfribiesvithin a Gedanrbsffer digtance.
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# of listings / sqmi

; [Jo-45

# of listings / sqmi [46-174
|0-34 [0 175 - 364

[]35-124 I 365 - 591
I 125 - 269 I 592 - 864
I 270 - 481 I 865 - 1,213
I 452 - 857 12141933

Figure 2-2a (left). Airbnb listing density, February 2015
Figure 2-2b (right). Airbnb listing density, February 2017

Many | glsudeisscairs si ons about STRs are des
foll owing section, | thoroughly review br o:
topic with a focus on the welfare i mpacts S

2.2STR literature re\aw

2.2.1Virtues and vices of STRs

STRs only became a popular research sub

Early research focused on descriptive anal

business model : By adsoypsttiennyy aS TtR upslta tafnodr nse
mini mize the potential risks of sharing wit
et al., 2017). On the other hand, a rating
and soci al bi ases dué&otoinsfanmati der aayg ml

10



f ou

nd that ratings on Airbnb were over whel

service quality. I n additsiiadre,d SR dplaatkf srym:
guests and hosts, whhdaread roautti mgs fwerre ouds uaelt
2016) . Fradkins et al . (2017) conducted
effectiveness of the rating system for Air
and simultaneous r evireawse gciocu lrde criepardoicliyt ye liinr
process.

Whil e addressing the i mportance of desi
pl atfor ms, researchers also found worrisonm
agai nst STR participahts (201T7)ol ompl €Emderd tmea
experi ment on Airbnb and found a signific:
rejections against African American guest.
addition, bl ack hosts wer ef rfooom n®IT Rso tehaarnn ts
white <counterparts after controlling for
(Edel man and Luca, 2014) . STR platforms cl
soci al bi ases as a result ofhotthoesi ra nadmbliigsuto
descriptions (Edel man & Luca, 2014) . As a
accumul ate, public appeals for regulatory |
for nondiscriminatory business conducts al

Having obeseghebalt success of STRs, res
hospitality tried to assess how this emer
|l odging industry. Zervas et al. (2017) sugg
-10% revenue halsshoéwoel tcha@ins oin Austin, T

11
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m STR platfor ms, however, can substanti
ught down (Guttentag, 2015). It is no s
abli shment sbuwiilnlesdefienmcertlseisr by pursuir
i nst the disruptive STRs. A major argu
entially created a deregul ated market wi
istrationtiomg hdoeis EGutiemtpag, 2015) .
viders could impose safety and public
t her mor e, unlicensed STR | istings could
ant age agaiinnsgt etsrtaadbiltiisohnnaeln tlso dighat obey
tentag, 2015). This tax issue is typica
ity government and STR pl-latKkertmsx e sal drm wd
king (Bi®)erYet, ailt ,i 20Adot commonly pre
ernments in the U.S., especially in sma

2.2.2 STRs6 externalities

Il n addition to affecting subscribers a

act rtehel emed!|f aof t he broader community ¢t

i st naturally as the market is imperfect.

tforms are tied tosabs$egiabéysbcadnog ko
obulnet af or t heir bethwlys omri. bdNres tihrvolcanmarmk
h as withholding their patronage, to

adin, 2016) .

Il n the context of STR, t he most obvi ou:

| lti y eof Nei ghborhood quality, unbounded
12



Atragedy of the commonso, such as constant
guestsonesvewption of rivalrous public goods
guestvimeha e. g. , hosting | oud parties) ( Ed

Horton (2017) theoreti celhlay i aargt iexuleatnealtiha

be entirely internalized in a Atenant deci
STRs camel i cated in that t h.eey. ,arsepi b dtolveiis
Apecuniaryo (Scitovexktyer nadl5idt)i.esTecthn®TRY i rCce

cost incurred by STR guesth asdl bobreei byg, tI
demafnodr par ki ng &Precumulalriyc exga@®asnal ities of
hand, refer to the overall housing price a
STRs in a city (Filippasqg&amobirtyinng 2€X7¢rn

di uffitc t ask ednae ktea intag unen Hedonic pricing

approachmafrokretnognoods valuation, -mavhketh i mp
| ocational <characteristics into determinan

Whi | e paolgi ctyona&rn d s el iminating technol
straightforward, such as restrictions agai
compliance (e.-DermORdntcael ofS&SrmokFnanci sco,
towards remedyi nigt ipeescuinmwacslyvesxt@&roamplicat
Specifically, STR platforms are condemned f
stock that coul d htawrem breemt erresnt @&mdd bfyorl oinmg

property value (Guibban, 2D078; EGet mam & BBlki
Pecuniary =externalities are a product of

economy. They <cannot be resolved by si mpl

13



economic equilibrium from tmeampriScate®eveRyvy]
1954). A change in policy to address pecur
number of | istings per host, is I|likely to
A summary of STR exFeguo&éemdadd ifefrsioendsS tpe ppa rdee d&
Udel |, 2016) .

STR’s Impacts

New income/revenue
stream for STR hosts

Space demanded to
accommodate tourists
and residents

local establishments,
which increases local

amenities and policy

o

public goods)
Figu8e 8hort term rentals (STRs') wel fare

from Sheppard and Udel | (2016, p.

Unli ke green space or air pollution, wh
as an amedqaimenoogual dig of | ife, having STR
be considered botamean tayme Whtay amsdra&vaiad ed
in property prices/values is the net effect
suggest thaho®&dtRsprsegenr tyo val ues or rent (\
Horn & Merant e, 2017; Wachsmuth et al ., 20
that the positive externalities associated

i Visitors patronizing )

Transmission Mechanism

Impact on Property Prices Policy Implications

living as income

increases; more space
demanded

Decreasing cost of |

More space
demanded for

investmentin STR

Increasing quality of

life

NI

Property prices rise

Implicationson
housing affordability
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Previous |itematale metdami zens pPpdt STRs O

property prices. STRs offers an extra inco
t he ownership for |l onger as the cost of owr
This extra incomensorpampestygapitaészeBarrtr
is a plausible mechanism in particular for
their property due to financial struggl es.
in real estat e aicrev dstcrmamets: mdrrkeannad uabl e as

take advantage of STRs (Sheppard & Udel I,

new devel opment, investors will seek to co
bidding up pr okpierg yl ipfra cneosr-tea miéi frifa nceud uy & rog
|l ohg@grm renters. This is exactly what Wach
Agentrification without redevel opment o: A
strong tourist oemardohomi §TReaceAtstve ff ol |

i nvestors to -teevrimgtt eerxamstts nagr ltoongcash out e x

then converted properties into STRs withou
223STRs® housing mar ket iimplications
Empirically, existing research reached
STR platfor ms, such as Airbnb, resul ted in
rent (Barron et al ., 201&;Uddelrin, &2 MEeG ;a nWeec, h
et al ., 2017). As new evidence emerged, t
exacerbated the housing affordability cri:
Neverthel ess, a |l ack of robdiesti treait ofl i dhwlut
housing policy researchers to produce frui:t

15



anal yses on rent al data are aggregated ei't
Mer ant e, 2017) or t he met reotpodali t an2@iteéh.

property/ parcel l evel rent al housing analy

Many STR proponents found the argument
STRs anrdrimmgntal s unconvincing. A report
Portland housing mar ket suggested that Asol
of the total housing stock-timePaArtbabd) ewt

(ECONorthwest, 2016).0 It is wuntcilmarSWwRet h

i stings in a city could significantly shri
unregul ated STRs focused on the issue in r
mul tiple Iistings for an extended number o
year round). According to a | ocal nonprofi
in D.C. could be categorized as Acommerci a
Il n Canada, researchers found that dgis3, 700 i
were rented more than 60 days a year i n Mon

et al),. ,whRRiOdl¥ are unlifelrynén rehhergdeht adtt onl
entirethdmeko ,i since it does nownepecéessasil
el sewher e. I n the ECONorthwestodds report (2
definition of Aentire homedo from Airbnb al :
to a property, (b) parts of & eprrompanst,y owi t(
a basement uni t wi t hout a separate entrani
multiple bedrooms as multiple |istings on

argument t hat a commerci al hosdopenutsyt. hhasv e
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Wachsmut h et al . (2017) poi nt out , current

t hiprad ty i nformati on asncdr adpaetda dsaotuar)c.e sA n(ye .sgt.:
a high 1| evel o f confidence would hequire
accurate details.

The rest o f the paper i's organized as
controversies around STRs in Washington D. (
the STR market. Il n Section 2.4, |l hes ummar i
anal ysi s. Empirical frameworks and resul ts
checks are provided in Section 2.6. Last|
conclude the paper in Section 2. 7.

2.3STR Controversies amegulations in the District cd€olumbia

2.3.1 Growing STR business amid controversies

There are no doubts that STR pl atfor ms
to D.C. residents. However, the relationsh
al ways cheerful .t ASThRs oirs ctohnacte rcno nanmbeoruc i al h
housing resources t hRetr mcawlnd ehmavea nhdatihsedeil
from Airbnb (2017), the platform argued th
were booked for imoréd ltéhan nhaldfdid iyeagr t he a:
for an STR host ($680) is pbpehyah fnaomeonn

($2,29Bherefore, from a#d iexconssmiised pfears peE td

4According to Insider Airbnb, the estimated ftithe STR monthly income is about $986
(http://insideairbnb.com/washingtatt/), still much lower than the average rental price (even for a
studio).
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or fewer inwdicdl emhasrn syearf 60%cafn alalr dd nyt

Substitetren remg al s.

Anot her concern regarding STRsO® housing
spati al concentration around tourist hot s
areesealt e heavens and attract heavy touri s
that STRs may significantly change the hou

property price premium is transmithed to t

omhgerm renters wild.l have to endure infl at

housing prices.

Ot her stories wunfolded that STR platfo
business registrations or complianace cwith
condominium rul etsertrhad ulplrethd b(itthe hWasshi ngt
one case, sever al apartment b-uimdi 8Rs wase
opposed to beiagmleasedr so( Gonagt er SArReat er
pl atforms -wecei noed bveldll . Therefore, the c

up and intervene in the unregulated STR ma

2.3.2 D.C.06s STR regulatory framewor k

In January 2017, Kenyan McDuffie, city councilmember representing Ward 5,
first introduced theHome/Shorterm Rental Regulation and Affordable Housing
Protection Act of 2017 (B222), heraldingthe first official attempt to legalize and
regulateSTRs Bothproponents and opponents fiercely excharthed stand during

the firstpublic hearing in April 201 6ver thecurrent state and practio€STRsin D.C.

18



andto what extent the STR business should be reguléBalincil of the District of

Columbia, 2018).

The initial proposalvas not welreceivedas STR platforms and subscribe
describedhe billasi goes t oo f ar &ycdppingshe humiberafdayst r i ct i
in a year for STR operation to 15 dg¥lse Washington Post, 2017b). Afteaction
for more than a year, the city council moved forwgnel legislationn October2018
with significant amendmesto the original bill An STR listing iscapedto have90
businesslaysper calendar yeaiThe monetary penalty on violations is reduced; Any
STR listing locatedoutside of a  h opsirhadysresidenceequires a license for
operation(Council of the District of Columbia, 2018). Thiy council passed theill
unanimouslyin November2018, marking the end ofan era of unregulated STRn

Washington D.C.

Table 2-1 highlights the legislative contexts of B22. It also describes
approvedSTRbills and ordinances froime neighboring counties, includidglington
County, VA, Pr i nck an@&anganery Gounf/pMDbhtoygh M
parallel comparisonsye canobserve many similarities amastgheselegislations A
STR is defined as theansient occupancy of a residential dwelling (owned or rented);
A business license mcquiredconditionalupan inspectiongrom the regulatory body
Only the primary residence is allowed for S$Rwherephysical presence of the
residentss requiredor at leastLl80 daysn a calendar yeafhe maximum number of
STR days in a calendar year ahd maximum numbeof guests argpecified On the
other handthese billsand ordinancesalso differ from each otheWhile both two

counties in Maryland and the D.C. government passed jurisdictional bills, Arlington
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County (VA) only revised its zoning ordinances. Having #toning commission
enforcing the ordinances with the power to suspend or revoke a pernyiaitblyetter
enforcement outcomebut it could also cause an administrative burden C STiRs
bill remains the most restrictive in terms of thed2 cap for $R (as opposed to 120
days or 180 days) with special exemptioimsaddition,B22-92 is the only billthat

specifiesthe penaltyon each violationin response to the legislative approval, STR

platforms quickIly den owamed¢odringtheecase directyc i | 6 s

to a 2020 ballot initiativgthe Washington Post, 2018b).

If passing a legislatioon STRsrequires yeatong efforts, therenforcingSTR
regulations entails administrative readiness and coordinatiobnderprepared
implementation of STR regulatiomresults in unintended consequenc@se such
consequence gcumbersome registration process. As one of the first ¢dipassan
STRIegislation in 2016San Francisco onlyegistered,168 Airbnb hostas of early
2018, leaving the majority afs 8,000STRIistingswith no legal statugSan Francisco
Chronicle, 2018). Similarly, eight months after the legislatmok effect Arlington
County government only issued 101 transient rental permits on an estimate8 TF600
owners base (INSIDENOVA, 2017).ttielow registration ratés a mixedoutcomeof
uncooperative STRowners and ineffcient administrative procedureghen the

existence of unregistered/commercial listindggightens a lack of regulatory

enforcement Ai rdnadés (2018) dat a is8agpHBransidco t hat

remain active, despite the fact tithé municipal STR bill has been in effect for two
years Should the platforms be fined fdisting unregistered6TR< Should the city go

after eachunregistered STR owrnefmhese are commonly asked policy questions.

20
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Table 2-1 Comparison among different STR legislative frameworks in the D.C.
Metropolitan Area

. . Arl ingt Mont gom( Prince G
TSR] ) e i 1) o) County, County, County,
Legisl/B 22 (Prl - ning Zoning | cpi@o1s
Frame v bill &q5 9 11 [AMmendmeind “-pi"Ho18

amendme A & Senatleb
A STR me
A STR mei¢ An acce resi den
l odging homesta]l] A STR me dwel | in
transien special residenocupied [
with th| home occ| occupangguest, o]
Definipresenciet that alldwelling per mane
is a va occupan|jfee for | occupan
rental . residenconsecut fewer t
not a hog dwelling A STR ig consecut
motel, b host-tehgBed and and no m
house, ¢ overnigh 90 days
cal enda
A licens .
bAyItlhceenDs Accessdqg by the dA;nluiacler:s

homestay|/the Depa
Busin| of onNsuUl ¢ om thelHealth a Depart mg
Il i cen Regul at Ad mi : . Per mi tt

. mi ni st Servi c€g .

Affairs Renew an required Il ngpe ons
per i oye al annual | Enforce
Commise | Arlingtol Montgom (CsBeleéfé)24178
Zon_in revise Zoning County ZﬁTour.is.t
ordin codes ta 112299111 Texlt;OéAme an 6 arcyc
STRs ' ' used. o
120 days 90 days
SDTaF\YSS 90 days for rent occupied
cal en host has 180 da with phjowner or
ear an exemg presencdgif occup
y owner . owner
Primary . Primary
only, wh g’rr”| rnar%/h(Primary to get t
Primal the proy un);.t mu onl y t(efnag However
dwel | el i gibl g oCeCu iecdweIIiJf$gi; stated r
requir homeSteIeastp18 accessoryon rent al
deducti ear prohi bi once | i¢
pur sual y ' obt ai ng¢
Mu | t,i pblbet

. 1 (singl 1 (own € combi n¢g
nMﬁ)r;Ibren: Mu |-ftami | |[property all owabl
dwel | 1 subject aut hori| frames s

er h rul e a resident exceed
P condo/ ap resi den per mi ss

cal endar
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Maxi m{ Noap, as| No cap. No cap. No cap.
numbetr al l roonbedrooms| habitabl| habitabl
rooms within in the can be | can be U
dwel | proper buil di guest s guest s
Accessag
dwel |l ing
with a
Ma x i ml 8 (or 2 6 (or 2 6 (only 8 (and n
numb e bedroo bedroonfnguests 1| than 3 g
guest whi chev whi chev ol der @ bedr oon
dwel | great e greate| maxi mum
bedr oon
Requir| Smoke de Fire ext Smoke del Smoke de
on sa and car| smoke de and car and car
codeg monoxi ¢ and car monoxi ¢ monoxi ¢
det ect monoxi ¢ detectq detecs.
det ect ¢ Sanitat extingui
facilidt posting
emergenc
and a f|
Ot hern Il nsur an Forbidd({HOA, Con l nsur an
requir|liabilit commerclc@p asso|lliabilit
No visit|meetings wi || be Compl i an
permit f gat her when a| the requ
guests| direct o applica of HOA,
COmp e mna filed. assbicoa,
applicat|{One park
prohi bi for ever
HOA, guests
condomi
document
rent al
Tax 14. 50% 7.25% 7 % 7 %
Penal Any host{The perm The I|ic A STR |
violat| revoked suspendel may be s
regul at|new permiapplicant or revok
subject yeareiav at |l eas| time due
penalty of threecomplaint complian
$2,000,|violatio verifigthe requ
$6, 000 fto compljviolatio|lcitation
first, slzoning of| 12month p of the b
third vi or reful No new i el ectri
respect cooperatl within pl umbi n
Suspensi compl aijl after a zoning ¢
revocat. investi revoke(adtdiion, S
|l i cens a civil
$1,000
Legislf Adopted Adopted Senatel6B Adopted
outco 13, 201{2017 and and ZU0A 232,018,
effectiv)i since Ja became el effectiyv
2019. on July 2019.
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I n the housing policy debate over STRs§®b
missing piece of the puzzle is how STRs could impact property owners and
homebuyers. In the following sections, | will empiricailhwestigate this issue using

unique opersource data.

2.4 Empirical Data

2.4.1 Data sources

Airbnb Whaitlae data from STR platforms ar ¢
t hiprad t yscwalped data have become popul ar f
Wegmann & Ji asoc,r aZpOeld7 )STRWNedbat a are subject t

as the wuse of IYet at isounc hp rdoaxtiae spr ovi de a

information about an available |listing, 1 nc
r etail me data scraping, researchers can desc
di scretion. ®esegnchkesreowhescraper (e.g.,

on tphairrtdy scraper s, es.u@unr raasn |& sHhdieb bAsi ,r b1 7
Mer ant e, 2017) and Airdna (e.g., Wachsmuth

data col |l ectreodn bSye ptoenmbSelre e 0f14 to July 2017

Si x -swerbaped Airbnbyedat asnettesr vatl s havlefr e ¢

repmesAirbnb | istings 1@80D7C. Yremomamérelrw a2
del i berately take i nto acnto(uMédiAcsigeuassto narl e f |
typically the popular months for D.C.). Wh

5> The scraperoperator, Tom Slee, stopped Airbnb datdlection after the summer 2017 due to an
overwhelming number of requests. He directed requestothiéo open data sources like Inside Airbnb
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Airbnb into the D.C. market, they cover th

D.C. Fregubhel 2

Housi ng Hoautsa ng ciameof matmi e me Open D. C. c
periodically wupdated pmiaopee rhtoyu ss anlge sa prpe caad rsd
The appraisal data provide underlying hous
bat hrooms, -Bbotrage, iamdaeddburbtding year.
records from the I ntegrated Tax System Publ
t he Computer Assi sted Mass Apprai sal ( CAI
combined using a unique IiAddretri ftire mmiSiqu & rhe
by matching criteria, compl eteness of attr

derived the final dataset of pirJader t2y0 1s7ral e

Nei ghbor h.-oodAsidda a fr om housionrghooad t ri b

characteristics are also deterministic in
attributes in the final dataset, such as a
historical l andmar ks . I n addtheonensundettlin
l evel were extracted from the American Cc
incorporated into the final dataset.

2.4.2 Data processing

Due to the size ahehousing datsets neithersales recordsor appraisatiata
weregeocodedl appliedthe Master Address Repository (MAR) geocoder to geolocate
eachSSL within the ITSPE databadsy a 92 percent matchgncriterion. Only 7,334

out of the 110,883 recordgeredropped due to low matching ratdhe ITSPE data
24



werethen meged with the CAMA residential data basada unique identifier, Square
Suffix Lot (SSL). 52,577singlefamily property salesecordswere successfully
matched. 12,680 records between September 2014 and Julw@&Erkept in the final

singlefamily housng dataset.

| measurd AAirbnb density by counting the number of listings within a certain
buffer distanceof a property sales poimtt a given period of timg~our buffer sizes
wereincluded in the analyses: 100 feet, 200 feet, 500 feet, and 1,000Heathoice
of buffer size is a state of art: While a snealbuffer capturesa S TnRbét slirect
impact on apropertyd Price, a larger buffer allows for more variatonn f Ai r bnb
densi tyo ahedroadeaeponamic eémpact of Airbnb activitiesn the
neighborhoodAs a comparison, Sheppa&dUdell (2016)testeddifferent buffersizes
from 200 meterg656 feet)to 2,000 meter§s,560 feet) Some studies also calculdte
AT rbnb densityodo at t he agoné& NeanteaD1l7).ev el ,
| did notincludea buffer size smaller than 100 feet or a buffer size larger than 1,000
feet becauséa) thevariation in Airbnb densityvasinsignificant for a smaller buffer
and (b) the neighborhood impadf a single listingwvastoo weak for a much larger
buffer. With anincreasing buffer size, more listings will be includedtthe listings
farther away fronthe centroidwill havea smaller impact on property prisg-igure

2-4illustrates t he A AiIi r bnb d eenssnithe jroGlSaetvirahmehtf er e n t

5 Another 39,886 recordserematched for condominium and multifamaplesrecords. Condominium
data were excluded from this studye to unobserved attributes (such as condominium management
quality) that could be crucial in determining their prices.
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A Property Sales Point
@ Airbnb Listing

100 ft buffer

200 ft buffer

500 ft buffer

1000 ft buffer

Figure 2-4. Example of Airbnb density buffers around a property sales point

2.4.3 Summary statistics

Summary statistics of f{{Thel2ki dhk daeasgt

number of Airbnb |listdfags!lwi phopel® BSaétesc
The variation is small for this search rad
estimate in the hedonic tgoréesnsireasmedelo. O

and 18.63 for the 200 feet, 500 feet, and

sales point, respectively. I n theory, t he
propertyods price wildl decahwemasf drhee, blufdet
declining magnitude in hedonic point estin

26



| arger buffer.

The sample -Aaei bgepsopglo®Y @amidcd hies m&d6

price is $630, 000, hvaglhee itrhab. @.hedfme®l5 ah,

The sample average property |l and area i s

structure area is about 1,700 -Bgfhroewmsh 7
and 1.2 kitchens. | nusadwddal Ity oemqu ibmpe &, asnemh
an -caonrdi ti oner, and a heating system.

As for neighborhood attributes, a typic

area with heavy traffic (as indicmtked by 1t

b udrf) and some c¢crime incidents. A property
schools within walking distance (0.5 miles
Metrorail station and commerci al areas. I n
to hawvwer hcal | andmarks in the neighborhood

i mpacts on property prices.

I n terms of neighborhood demographics,
nei ghborhood of an ermplacyedpo padwtt A mend, Hmi
popul ation demographics differ significantl
Azip codeso fixed effects and STR clusteri

section.

" The median value for condominium is $440k, but the condominium sample was excluded due to lack
of detailed condominium attributeofn the appraisal database.
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Table 2-2. Summary statistics

Variable ( Mear S.d Varlieab Mear S. d
Airbnb attribu Nei ghborhood at!
Airbnb Annual N o

| i st . .

. 0. 2 0.5 i ncidents 152. 114.
(Airbnb10 (numCr ast
Annual N o

0. 8 1.5 incidents 326. 265.
(numCr i me

Airbnb 1 st Number of pi
(Airbnbso °-% 73 in 5 mite 2-3 1.8
Airbnb 1isti .Number of ct !
(Airbnb1o¢ *8 €26 20" "5 mine 2-6 2.9
Housing attri bt Numper Of ‘0.4 0.6
stations 1 n
Property P762, 754 . Npmber of h 9 5 15
$ (last_sa in .5 mile

Land area i

(landare‘3'052'8: Demographic attribu

Estimated ye 197( 17, 10tal populi o o4 4,
(totalpo

Popul ati on

Number of ra 7. 4 2.5
acre (pop

Number of b Percent ag:e
bathrmy 2-2 1.0 (pct _adu| 01 0.0
Percent ai
Nu mb er -boaft hhra . . |
(hf _bathr 0.6 0.6 Hi spanic/1 0.0 0.0

(pct _his

Percentage

Number of 1 4 5 4 g educiapoebdache 0.2 0.1
(kitchen:
(pct educa
Number of f Percent age
(fireplac 9% 0-8 4y 450 000 (¢ 0% 01
Square foot 1,6¢ 818. Unemploym 4 4 o

(pct _unen

Al-gonditidamm o 4 4 poyerty rat¢ 0.1 0.1

variabl e, 1

Number of st 2.1 0.8 Number of o 12,680
Groaidle i s lov , 5, 4 3 Other housing attri
exceptiona (extwall), roofvatyp.
Condiitlti os C (intwall), heating t
exceIIentp( 3.8 0.8 (structure), Il and
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I conducted a Pe@ros oenxdbasmicnoer rtehl eatp roenl itneis
relationship between AAirbnb densityo and

signs of different housing and neighborhoo

Al |l AATi rbnb densityo owareil altleeds wwedrhe ppogiet
suggesting a net positive externality from
made sense. No perfect collinearity was fo
Census tract | evel

2.5Hedonicanalyses of Airbnb opropertyprices

Empirically, the hedonic pricing model
approaches to study consnamé&rgs 6 gwioldlsi.nd me s sh

Airbnb density, defi ned byi nt hae diusrnbeaemrceoffr,

property sales point, runs i nto the regr ¢
constructed three models to fully investi
pool edsecrtd sosnal model , a fixedk elfdwelt,s anmod

fi-defference model

2.51 Model specifications

The -sfaumhpl|l es eccrtoisosnal model considers the |
explanatory vari abl es, including housing
sociodemographiensaudg rtirbaidtesl emavtelt,hearmd ser.i

fixed effects. The model I's specified as f

8Due to the size of t hlaeciBed aatténouddisintledimalpapérat i on mat r i
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co

de

an

A b

ANl QOO Qiasg O 0 -

Housing price takes a | ogarkietwrerdnfeesmi tnc
str idburteipornegs ent housing andi mepgéddbemthoo

mographic attributes tihmtceameusotmmoant t o

The census bl ock | evel fixed effects n
variant char adtler iasftfieccst thhoauts i magy pjraicres
ch as commerci al activities, infrastruct

end i s added in the model to control for

i fferent perieocdisf.i eTdh ea smofdoelll oiwss :s p

GOl QOQO Qid &1 6 e 1 — -
The unit of observation is abdepiegent at

rtt. oot h bl ock ]l amdl ¢c D mrmed —&afrfere dtnscd udise d .

The nationbés capital experienced a hi st
th supporters and protesters congested t

auguration and the i Whmenhn@d tdar @ah ta adagda

affic. Havi ng sensed t he unprecedented
mmunity expanded dramatically between No
975 listings to 9, 09¥crlapdbdhndsst eaxcocgoerndiurs

mand shock created a unigqgue opportunity

alysis on how new Airbnb |l istings/ activi

I sel eclteede bl datka bet ween Mar ch 2016 an

efere@@dpand data between February 2017 a
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The final dataset consists of 2,047 observ
di fference model to understand how change:

prices:
yeon igQa Y6 Qicwe Y1 Y6 . V-

2.52 Empirical results

The main estimati onTarbd-8ulRan ear eA prreepsoerntt
regression coefficients and standard error
pool edsecrtd som al model . It i's evident t hat
nei ghbor hood mi-fl adrhiyl yw aprsemserat ysGsngdrei ce and
of a |listing decays as the search buffer b
explaperpy prices, such as good property a
public schools and historical | andmar ks wi 1

a wealthy community. The mdédxded680goodness

Panel Beghewsi on coefficients and stand
density variables for the fixed effects mo
at tHeoo2d®600 dowdtl®Wdfers hold their st atf
they hbtekeyslagger in magnitude than those |
mo d e | control s -ifrovaruinaorts edlvaerdadtiarei sti cs a
the model 6s goodness of fit drops due to &
both mawdhgaglest a price premium on propertie

l'istings in the neighborhood.

Panel C shows hedonic regression result
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the coefficients on-fAotHho®dOd@e wisoibtuitdd® 0t t h
remain statistically significant The magnhn
increase in Airbnb density between Novembe
explanation is that the transitioem it a ne
housing demand to accommodate new resident :
the transitional housing need.
Table 2-3. Empirical results of three models
Panel A: FScecaclt @ do nGrl o sMso d e |
(Dependent variabl e: |l ogarit hm
100 ft 200 ft 500 ft 1000 ft
Vari abl Coef s.e Coef s.e Coef s.e Coef s. e
Airbnb ( 0.00€ (0.0 O0.®D* (0230 0.D®* (010 0.DDL*> (00O
Landar 0.010 (0.0 0.010 (0.0 O. ®10* (0.0 0. ®10* (0.0
Eyb 0.00C (0.0 0.00C (0.0 0.00C (0.0 0.00C (0.0
Ac 0.072:(0.0 0.@®72* (0.0 0.0¥%2* (0.0 0.072: (0.0
Firepl 0.0227(0.0 0. ®2%* (0.0 0. ®2%2* (0.0 0. @2%2* (0.0
Ro o ms 0.005 (0.0 0.005 (0.0 0.005 (0.0 O0O.005 (0.0
bathro 0.064¢( (0.0 0.064¢( (0.0 0. ®64* (0.0 0.89B** (0.0
hf bthr 0.027({(0.0 0.027¢((0.0 0.027¢(0.00.027¢{ (0.0
Sqft 0.000: (0.0 0.000:(0O0O.0 O.000: (0.0 0.000: (0.0
Storie0.000; (0.0 0.000{(0.0 0.000:(0.0 0.000: (0.0
Grade 0.039 (0.0 0.039 (0.0 0.039 (0.0 0.039 (0.0
Condit ©0.123:(0.0 0.123: (0.0 0. 1%2%3* (0.0 0. D23* (0.0
Kitche -0.02¢(0.0 -0.%2 (0.0 -0.82 (0.0 -0.®2 (0.0
Pubsch 0.007 (0.0 O.Qa0% (0.0 O.®®* (0.0 O.®@®* (0.0
Metr o 0.022 (0.0 0.@22 (0.0 0.m22 (0.0 0.@2z (0.0
Landma 0.002¢(0.0 0. ®0%”* (0.0 O. ®0%2* (0.0 0. ®02* (0.0
pct _ad 0.324 (0.1 0.B®* (0.1 0.13*4* (001 0.03*8 (029
pct _edu 0.513! (0.1 0.056** (041 04819 (041 046560+ (061
pct _un¢-0.426 (0.1 -03#46* (0.1 -03#5"* (051 -0387"° (011
Consta 11.414 (0.8 1154% (07.%8 11058 * (068 11.74F° ( 04}8
Ot her ¢« heaype, | and use type, structure type,
. & crime incidences, # of charter schoc
vari ab ;
income household, poverty
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Zi-pode v v v v

dummi e
Period ¢ \Y \Y, \% \%
Clustel \% \% \% \%
N 1580 1580 1580 1580
R? 0.8095 0.8095 0.8097 0.8099
Robust s.e. in parentheses, **=*

Panel B: Fixed Effects Model at
(Dependent vari ablpeg:iopaevdaryage ilcega

100 ft 200 ft 500 ft 1000 ft
Vari abl Coef s.e Coef s.e Coef s.e Coef s. e
Airbnb ( 0. ®OE (080 O0.DH* (030 0.3D*° (010 0.DD** (00O
Ot her o« | amdea magetdr bcudricti,tiadrrin.g, fireplace
variab _ha—lbat_hrooms, sqf_t., stories, grade, c
interior & exterior wal/|l type, spbaaft t
Period « \% \% \% \%

N 7624 762 4 7624 762 4

N bl oc 2378 2378 2378 2378
R? 0.3905 0. »91 0.3923 0.3925
Robust s. e. in parentheses, ***

Panel C: First Difference Model
(Depewvdenabl e: average | ogarithm

100 ft 200 ft 500 ft 1000 ft
Vari abl Coef s.e Coef s.e Coef s.e Coef s. e
Airbnb ( 02a2 (0L 0.1B6* (080 0.1®3* (020 0.3ID** (010
Ot her ¢« Il and eirmaz;/,edestbcuddcti,tiadrrin_g, fireplace
hab&t hrooms, sqgft., stories, grade, ¢

variab interior & exteriofr twadflf ity p&,cciomdtiam

After 0.02¢ (0.0 0.P®2 (0.0 0.2 (0.0 0.4@ (0.0

N 2,047 2,047 2,047 2,047
N bl oc 1,027 1,027 1,027 1,027
R? 0.37014 0.3712 0.38014 0.3792

Robusitn spar.ent heses, *** p<.01, °

253STRs®6 inequitable impact on property
To quantify the i mpact of Airbnb 1 istin

aggregate i mpact by multiplying taedpoint
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the average density of Airbnb 1listings f ol
summari zed by zip code to account for the
' i stings. The redabt-¢& &@rne pparetsiecnutleadr , i nt he
demogphic composition varies significantly
redlining (LI oyd, 2016) . Certain zip code
Hi spanic/ Latino and/ or African American po|j
blck popul ation was prominent in D.C. (Jac

whet her STRs have significantly i mpacted p

For the entire city, Airbnb afamel goul d
property pri2Zce4Boy OaTheé Y% mpadatri wasal mi IAd ay ent |
Airbnb was accountable for a significant |
spot s, such as downtown (zip code: 20005) ,
Dupont Circle @B20Qeno,r gendvVaBbggyt on Uni ver

These neighborhoods were already overheat

advant ageous -rled madteidonhsous$hiRg i nvest ment Wi
housing affordability issue.

Wh at i's more wunsettling is ifThenfdad th
(20002) , Capitol Hi | | (20003) , and Col umb
noticeable price inflation (>3%) because o
with Hi spiacnarc Amaer A¢éans as shown in the col
i Mablde 2
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Table 2-4. Aggregateimpact of Airbnb on property price by zip code

Zi pl20f0t 200t 5001 500t 1L00(106&al % H-i % %
cod| de.nli mpa den|i mpagft .di mpal pani| Bl ag Owne
200(2.6/2.0415.|5.6155.{6.66 9.2250.7 37.1
200( 1.5/ 1.1¢48.7 3.2932.4{3.89 4.3961.3/37.17
200( 1.4 1.198.6/3.2(031.{3.765.1236.4| 45. 4
200(2.6/2.0924.|8.97102./]12.2/16.7/15.1] 23. 6§
200( 0.7/ 0.64 4.9 1.8417.]12.137.123.1255.4
200(0.40.322.50.949.7/1.177.675.10 38.75
200(3.42.6420.|7.6479.19.5115.1/20.6| 36. 3
200] 1.8/ 1.4711.|4.2343.(5.2430.1/31.0/35.9
200/ 0.40.34 2.71.0010.]1.22721.1/65.3/ 52. 2
200] 0.2/0.1¢ 1.40.54 4.7/ 0.5711.2/64.2 59.17
200 0.1 0.131.00.4¢q 3.5/0.426.529.0071.14
200] 0.1 0.1420.90.3¢ 3.5/ 0.437.304.2570.3
200] 0.3 0.272.10.8¢ 7.5/ 0.906.4971.4 58. 75
200] 0.1/ 0.141.00.39 4.2/ 0.515.8785.0/59. 2
200] 0.1 0.14 0.70.2¢ 2.1/ 0.26 2.4194.9| 35.38
2004 0.2/0.1¢1.30.49 4.4/ 0.531.4195.0]/ 32. 2
2004 0.70.595.6/2.0418.|2.17 5.1654.5 36. 17
200 0.00.050.30.124 1.1/ 0.132.3390.0[19. 2
200 4.3/ 3.4(029.|1070 86. |10.4/ 7.62 7.78 34.6
200y 3.242.5(19.|7.3965.]17.895.776.32 38. 6§
D.C| 0.80.6€¢5.01.8718.(2.249.1050.0[(41.6
Whil e the increasing price is good new

potential hurdle to new homebuyers to move

offabldag e eal s the housing tenur eearognptolsatt i o
the neighborhoods highltye nalfdteecta dr élya tAii v éln
percentage of owned housing units (below t|
housing price effect coul d eetusimagnisftioecdk .
Mor eover, It i s reasonabl e d@awenmmoualyl t hbadr e

| oh@rm renter s ,-i njceoonpea rndii nzoirnigt yl orment er s who
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from the city. This is the missing piece p

housing mar ket consequences inpWashiongtson
occupy valuabl e housing stock, but their b
cost in neighborhoods with a concentrated

2.6 Robustness check

2.6.1 Robustness check on active Airbnb listings

As mentioned i msiSnegct adwnoc2ac3dy, ghrooups an

opponents were most concerned about the de

consumed the existing housing stock. To in
Airbnb |l isting data Ayl isoi mgdwas oocategoi i
homeo; and (b) A listing had at | east one

of the observations were preserved after t

After rerunning all threesmbtiabkp P2 pre
5. Surprisingly, while the statistical Sigr
goodness of fit resembllad |- h& hree snualgtnsi t furdaere
coefficients afeol aafgodort2 Obburf &teltes r lath@r s mhe !
foot ahdottObOffers as coamph¥® e®ucb Tt héeerest

results can be explained by a perfectly re

a stronger |l ocalized i mpacti mdi patogpseribysipn
success and attractiveness to new investor
benefit uswually requires a cluster of | i st

in a | arge buffer, the npaagonti tduedcel ionfest.he AA
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Table 2-5. Robustnessheck with entire -unit Airbnb listings with reviews

Panel A PFSceaclt @ do nGrl o sivso d e |

(Dependent variable: average | oga
100 ft 200 ft 500 ft 1000 ft
Variabl Coef s.e Coef s.e Coef s.e Coef s. e
QLLEH0.0l(o.oo.oo (0.0°2:00 9 g0-99 9. 0
N 12,680 12,680 12,680 12,680
R? 0.8091 0.80091 0.8092 0.8092
Robusitn spar.ent heses, *** p<.01, ~
Panel B: Fixed Effects Model at
(Dependent variabl e: average | oga
100 ft 200 ft 500 ft 1000 ft
Variabl Coef s.e Coef s.e Coef s.e Coef s. e
’;”bf”o.OO(o.co.oo(o.oo,;,?o(o.oo*'*o*o(o.o
ensi

N 7,624 7,624 7,624 7,624

N bl oc 2,378 2,378 2,378 2,378
R? 0.3906 0.3909 0.3913 0.3910
Robusitn spar.ent heses, *** p<.01, °

Panel C: First Difference Model
(Dependent variable: average | o0oga

100 ft 200 ft 500 ft 1000 ft

Variabl Coef s.e Coef s.e Coef s.e Coef s. e
'g”b.”'0.02(0.00.00(0.00.00(o.oo.oo(o.o

ensii

N 2,047 2,047 2,047 2,047

N bl oc 1,027 1,027 1,027 1,027
R? 0.3705 0.3698 0.3718 0.3715

Robusitn spaer.ent heses, *** p<., 01, °~
2.6.2 A robustness check on the rental housing market

While the focus ofamhig o@per hsus$hegsm

enrich the discussion by | ooking into STRs
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could not access disaggregated rent al trar
donet haet aggrceglet e ewviepg . I used Zill ow Rent
measure of the median esti mated mar ket rat
over time florWher sapxleired steo the same empir

yi el dset ati stically Tabslegg.nad fi cant results (S

Table 2-6. Empirical results formedianrent price at the zip codelevel

Fixed Effects Model at the Zig

(Dependent variabl e: l ogarithm a
100 ft 200 ft 500 ft 1000 ft
Variabl Coef s.e Coef s.e Coef s.e Coef s. e
g\'rb.”'-o.OC(o.oo.OO(o.o0.00(0.00.00(0.0
ensi i
|l and area, est-comatdedi geangpufitep
Ot her C bat hr oohbmest, hrhadms, sgft., stories,
incidences, constant
N 119 119 119 119
N Zip 20 20 20 20
R? 0.4202 0.4310 0.4283 0.4373
Robust s. e. in parentheses, ***
The most plausible estimate is the coef
foot buffer. The estimate i s positive ye

Washington D.C. adopted a st rile fRalnlts Comd ¢
remtnta ol except for a few exemptions (suc
Feder al ksyw/bBiisdti rzieodt® r e ftr @Im @ miet sh)ousi ng dat a
sinfgdmi |l y units and 60% of the multifamily!/

1975gesuigng that the majority of the ol der

9 See the methodology to calculate the Zillow Rent Index here:
https://www.zillow.com/research/zillowentindexmethodology2393/

10 See the Rent Control Fact Sheet here:

https://dhcd.dc.gov/sites/default/files/dc/sites/dhcd/service _content/attachments/Rent%20Control%20F
act%20Sheet%202018.pdf
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https://www.zillow.com/research/zillow-rent-index-methodology-2393/
https://dhcd.dc.gov/sites/default/files/dc/sites/dhcd/service_content/attachments/Rent%20Control%20Fact%20Sheet%202018.pdf
https://dhcd.dc.gov/sites/default/files/dc/sites/dhcd/service_content/attachments/Rent%20Control%20Fact%20Sheet%202018.pdf

control umbrella. This is somewhat reassur.i
Neverthel ess, I acknowledge thaqquahbtypugh
diggr egated rental housing data must be con

of STRs®6 housing market consequences.

2.7 Discussion

2.7.1 Policy implications

This paper provides empirical evidence
The topicwkbasapevomal i cations that shoul d
attempts to understand STRsO®6 housing marke
|l acked in rigor. I n this papxerapeld tAd akd nabd W
and demonst rtatiemndp atchte (ienxdtierrencal i t Hfeasmi loyf Air
property prices through hedonic analyses.
in STR business created an inequitable proj
ti me homehbouyten® seek f o amiffpr dhaobise ngi nmal
especially i n S 0ome genpoipuyianegd mhiesgbbioc

Further moregpg8TRveb#ledmf eemd £wlstgs fi n hi ghet

This study comebaouby meaaipgful time in
regul ations in the District of Columbia. Tt
years to finish, with yet another 11 month
come into effabbobut WhoWwe STRobuesness hel pec
afford their homes in one of the nationos
2018a) should not be neglected, cities oug
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ma k

eff

r el

proi

Z0n

STR

e |ife muchwhorarea dtoirl Ipesoegpdki ng a home.

STR regul ation should by no means depr.i
ome t hsbaghngomd@he unani mous <criticisms
the original bill propbbsast, i sha fimahgv
a primary dwelling to be rented 90 day
ectively the regulation wil!/l be- enfor cce
ated housing invest metnitngosy oputoshiidoe to fn g:
mary dwelling. I't remains challenging a
make considerable efforts to remove il
flict -DTeR waen&liT Rpnctcommu ni t olelsalwot Aabiuvt e aapp!

no chance to succeed.

From a plannerés perspective, functi ona
ing board play c¢ri tfTiabé&ls hoowse st hiant rael gl u l ps

|l egi sl ations revambi gwau ilgy ocg an fniame e a

propertyds STR usage. I n the case of Arlin

al s

STR

al s

hou

par

han

o the issuer of STR |licenses, empowerir

operation and | aw compliance.

Il n addithnhgnzboi ngvicedes, pl anning and h
o keep a keen eye on the affordabl e houc:c
sing resources for voucher hol der s an
ticipants ane¢lrmgtalj eopanrdiazednlay STR i n

d, there is a silver lining to foster ¢

STR platform in home sharing programs (e. g
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u

u

n

r

b

a threat thg , afcfidancablceo ulh @duspiot enti ally
rcing technology supported by STR pl atf f
sing owners. Cities should embark on t he
ovatively tg cacdndurnedsrsu msh.e Ae xniesw ithype of h
ough STRs can be a great experiment to

|l ic partnership between a city and STR

2.7.2 Limitations and beyond the study

I acknowl edgeanmat dihisctslitywdgnswer t he

STRs gentrify a city? Gentrification is a

of

mo

ho

mo

mo

N e

r e

pr

B a

parti al equil i brium anal ysed | grces emt &dc €

nepasing real estate devel opmeéemtcotneat i s

u

r

\'

\Y

seholds and raci al mi norities.

|l nstead, this study confirms a hypothes
own a property iams hda ntgdwmi sbt. Cp a rMod iesoer elr |,
e alarmingly, they hacvoen cneandter attheed hn esitgohrhb
e expensive. Due to the short observati
el repeated sales anmodede mwhbhweht womp idr iha:

erthel ess, al | three hedonic mo-del s cor

mily property prices. To put this paper

S

o

r

c

ults to the findingapkeromlpfewidowas 0st78¢&
perty prices with respect tdoomebaddiet i
ron et al. (2017) find a 0.64% increase

rease in Airbnb |llilst§ 2@ab §6dI¥I di nSchreepapsaer di r
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property prices when the numbemebér Abubhéer |
which transl|l at e86%ntowmcraedsa&80i%n property pr
additional | istingtias Nmeevt Woda&l|l €gt gs, Ddaf ar

ar e, we come to a similar concl usi on.

Al t hough | included a robustness check
medi an rent at the zip code |l evel, the res
thell e#e geographic aggregation and the | en
interpretability of the results. Referring
(2017) , I believe that the story for Washi
SRs also increase reswstcraBedefCr asgsdises dai

& Waddell, 2017) inspire new rmpaatrch on S

Last but not | east, hedonic model s were
i mpactr bonfb Addeinsi tyo on property prices. |t
in determining the positive net externali't
Wei sl er, 2018) , i nvestors bidding up price

mor e Iplleaumachani sm méeamanihemot her t wo

As a new wave of jurisdictions start to
interesting to compare the STR mar ket befo
the greatest debatnem vaft i @lnl atnidmd eich nwh etglye
of 1ife. I n the case of STR, it is a housi

technology that redefines how we I|ive and
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Chaptwrt h3:A Little Help from the
BoosEsomg@goter Sharing in the Soci

Nei ghborhoods in Washington D. C.

3.1Introduction

2018 amdyeRd®drl8 cofoter sharing in the Unit
shared micromobility trips were made in 201
Another 52 million trips were-badeéddbi khe20
sharing (SBBS)esandi dgckhdsmibdki nctreases i
scooter sharing that stimulates the signif]
an exemplar of shared micromobility, runs
(Capital Bi kesharme,emerr gi6gBido)ckapvds progr
Department of Transportation (DDOT, 2021)
(Bird, Li me, Lyft, Razor, Skip, Spin, Hel b
dockl ess vehicles-sd0%WweOodhawhiaclhwagise se en
mi cromobility as a viable solution to addr e
out an ambiti-scasopeéan(andgbokwel operations
vehicles by October 1,ses028f, tdlees poper a&ther sf

COVIID® pandemic (Lazo, 2020).

On the other hand, the ci tsyc ohoatse rb eschoanrei n
operation. The ambitious expansion-plan co
scooter vendwclk bdasperguionngsoheapgaci ¢tgs bl

October 1, 2021 (Lazo, 2020). A major comp
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vehicles is the unregulated parkingo fl eets
capacity requddeenenttlaeé msaft®t ya conscerns. I
install edi deama| kofgar ki ng corrals at some t
cur bsi des -stcooorteegu lpaatrekieng behavi-scodDOOT, r
sharing i s wi kel yasda mmeepatdebdy bmyo bciiltiity opti on
a modal shift away from private vehicles.
have nve-s edotter sharing into the city coupl

measur es.

The equity perspective -‘ibosgolmet wimesa he
mobility options are ffioersdcdooathdmr odhuareidng.ntlo

scooter sharingeawaisvadihbhy athg wedhsportati

durtheg pilot phase (WBUR, 2018) . Safety i
priorities. The city | ater recognized the
concentration of trips in downtown against
DC, wlo @irrec olme resi dent sl iof eDDOAI almpmiememit ts

dockl ess equity pirmgomen ddaulgtes i amgd ah o Lavh o
b) . Il n addition, DDOT designates dockl ess
to place anbeadeoduatednimd es within these are.
Data DC, n.d. ). Equity is a difficult metr]
scooter sharing, It can mean an equal di ¢
nei ghbor haodmse.anl tl owa-opogkdathe coutt f or t he
di sadvantaged individual s. It can al so me:

bi kingrastructure in the dicsoandpveannstaatgee dt hceo
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mobi | st yrgoavp di rugatteh @ti naamn cadaelg assiTeeapciesi ¢
al so an underlying policy debate over the
sense trhahl e dlabsamooaottieans ofaye not generate a

an additiomalp,s nwklkeerr boyf tthose who have mob

I n this study, I aims to exeemuernlan he b
desfigot ors that can expl ai nsddcet airn esvleanr isrmpa t
in DC. While previcousostiadi asdt buyiitodé eownwne
escooter trips one whwoomajpoothemovahienstt
to current | i treexadluutei:on,1)r elehle thiimger tri p t |
only descri bmmeémte bdfuswherevatre®i p starts an
t he patalver sTehset str eet configuration (desig
scooter trips are concentrated al ong certa
|l earning basddsapprsoac h atrigetd enaeitmbre-®) iodn t (r @
pairs anasd i fdemendfcogtpes obfi ps in hope that

opportunities for residents irnadasocobéty di

The resttef tbheochpapized as foll ows: I
escooter sharing, with a focus on tthhes equit
stuewmps rical framework in SectbontBe3ddatap
uséor twateepmal yses in Section 3.4. The e
in Section 3.5, I di scuss the empirical C
Section 3. 6. Lastl vy, I of fer my thoughts o

beyondudyhiisn sSecti on 3. 7.
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3.2Literature review

While e-scooter sharing is an emerging mode of transportation that came out
four yearsago in the U.Sresearchers in transportation, urban planning, and geography
have taken advantage of public data asedf-collected data to understand the

transportation, social, health, and environmental impacts of this newcomer.

3.2.1 Escooter sharing

| collaborated on two research papers that descrdmoeter sharing in DC
previously (Younes et al., 2020; Zou et, &020), which build the foundational work
for this study. In Younes et al. (2020), we study the temporal dynamicsafoter
sharing trips and identify the significant temporal trip determinants, such as weather,
time of day, special events (e.g., tGlerry Blossom Festival), arftlictuations in
gasoline prices. In addition, we compare the tempiBerminants betweenseooter
sharing and CaBi and find thaseooter rides are less sensitive (measured in elasticity)
to adverse weather conditions. \@kso empirically identify a possible competition
between casual CaBi trips angeooter trips, which coincidevith the insights from
DDOT on adecline ofcasual CaBi trips due to thmopularity ofe-scooter sharing
(Smith, 2020). In Zou et al. (2020), we&plore the spatial dynamics okeooter trips
on DCb6s streets. We find that the average
than the GD (Euclidean)distance. A significant number of trips are taken on busy
arterial roads with high auto ffec volume. A significantly number of trips also fall
inside the National Park Service (NPS) areas. In addition, we suggest a potentially
positive impact of bikeway design orseooter trips. Last but not least, we identify

street segments of safety prigrand suggest policy tools to managsoeoter growth
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in DC. It is worth mentioning that severahformative conversations between the
research team and DDOT throughout the two projeate mutually benefited the

refinement of r eckless praglam managemehnte ci t yés do

Other studies have also focused esceoter sharing in DC: McKenzie (2019)
compares the spatial and temporal patterns between SBBS trips and idét6ter
trips, where he fingllargely similarities between the two modes. H® @igmpares the
temporal and spatial differences between different vendors, providing more nuanced
spatiotemporal distributions ofsooter trips (McKenzie, 2020). Hawa et al. (2021)
investigate escooter appearances by considering sdeimographic chargeristics,
land use, transportation infrastructure (bus stops, Metrorail stations, CaBi stations, etc.),
and temporal factors (time of day, weather, etc.). They find significantly higher average
number of trips during midiay hours, on weekdays, in arefhigh population density
andlow-medium income levelhearmany points of interest and bus/Metrorail/CaBi
infrastructure. Surprisingly, they find no significant correlation between the existence
of bike lanes and-scooter trips volume, although bike larggnificantly increase the
odds of the presence of aeooter trip. Merlin et al. (2021) conduct a streegment
level analysis on -scooter trip origins and destination¥hey associate built
environment and social environment factors widteoter tip O-Ds. They find thate
scooter trips tend to start and end where coleygcated, younger residents live. In
addition, tourist attractions, transit stops, and commercial areas are likely to generate
higher escooter trip demand. Yan et al. (2021) gs#-collected escooter trip GD
data to build a traveime-based analysigassifyingthe e-scooter trips that potentially

compete or complement public transit and Ekaring trips. They find a tradsf

a7



between oubf-pocket cost and time cost betweesceoter fare higher, time cost
lower) and public transifdrelower, time cost higher)n addition, they find potential
complementary effect of-scooter trips on public transit/ bHgharing trips in
underserved neighborhootts DC, hinting atan equityimprovement associated with

e-scooter sharing.

Out of the study area, DC, a growing wmale of escooter literature covers
numerous topics. The most common topic is the spatial and temporal dynamics and
determinants of-ecooter trip distributions. On the temporal determinants side, Mathew
et al. (2019) describe-gooter trip patterns in limhapolis, IN, where miday
weekday trips persist into evening hours. Noland (2019) describes the temporal trip
patterns using a smaliseooter trip dataset from Louisville, KY, and shows negative
correlations between adverse weather conditions (wints gusl precipitation) and
daily e-scooter trip volume/ average trip distance. Noland (2021) refines the empirical
model by controlling for temporal serial correlations in dadgceoter/SBBS trip
volume using data from Austin, TX and finds similar resatsyYounes et al. (2020).
Sanders, Braniofalles, & Nelson (2020) survey university staff in Tempe, AZ and
find that escooter users are not particularly fond of scooting in hot Arizona weather.
On the spatial patterns and determinants side, Bai & JeDJZompare the spatial
patterns of escooter dailyidership between Austin, TX and Minneapolis, MN. They
compare the sociodemograph{based on census datand built environment
covariates on ridership and find significamterogeneity: For instanca, younger
demograplt in Minneapolis can positively explainseooter ridership, but not in

Austin; On the other hand, Austin sees a positive correlation between open space/ parks
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and escooter ridership, but the correlation is statistically insignifit@nitlinneapolis.

Caspi, Smart, & Noland (2020) focus on the Austin case and identify significant spatial
heterogeneyjt in the relationship between-seooter trips andthe underlying
neighborhood income leveils a geographically weighted regression (GWRalgsis

The relatively high usage ofseooter in relatively lowncome areas can be explained

by alarge proportion of college students. Lazarus et al. (2020) investigate into the
potential complementary and competitive relationship between SBBS-sambter
sharing in San Francisco. They conclude that the two modes are more likely to
complement each other in a sense that SBBS trips are shorter, taken more heavily in
high population density areaand connecting to/from transistations wherease-
scooter trips are longer and taken in relatively-temsity residentiaheighborhoods.
Gehrke et al. (2021) study trip generation and trip duration of dockibge®'e
scooters in the Greater Boston Suburbs by accounting for the socioeconomic, context
built environment, and trip characteristics (temporal factors and trip route
characteristics). In addition to the commonly found correlations, a significant impact
of low-stress street links on longer trip durations is identified, providing a refreshing
take on the importance of bi#fgendly infrastructure to docklesskeéke/escooter
usage. In two separate studies, Hosseinzadeh et al. (2021a, 2021b) aisalyaeie

trips in Louisville, KY. They find strong, locally correlation between a younger
demogaphc (based on census datapd escooter trips. They also find locally
heterogeneous, positive association between commercial/open/public space and e
scooter trips, reinforcing what is found in other studies (2021a). They also find

neighborhood waklKbike-ability positively influences-scooter usage (2021b). Huo et
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al. (2021) compare the influence of built environment -@ca@oter usage in five U.S.
cities (Austin, Minneapolis, Kansas City, Louisville, and Portland). The results are

somewhat similar torngvious empirical results.

In the policy and planning context, a few papers try to address some outstanding
issues with escooter sharing in America. Géssling (2020) conducts a content analysis
on local media reports abouseooters in ten U.S. and intational cities. The author
identifies irresponsible riding behavior, cluttering of vehicles, safety, and vandalisms
are issues surroundingseooter sharing operations in Dallas and Los Angeles. The
author concludes that many cities were not adequatgbapré when -scooters were
first introduced to their city. Button, Frye, & Reaves (2020) review academic and gray
literature on the viability of the economic model fes@oter sharing business within
the regulatory environment in the U.S. They find ttiet transportation authorities
struggled to develop regulatory structures esceoter operations even before the
COVID-19 intervention. On the other hands@oter sharing vendors struggled to
prove financial viability to sustain their business in thglbaul.Not to mention some
cities create regulatory barriers for vendasch as tharbitrarycapacity limit on the
number of fleetgach vendor is permittett is unclear how such regulatory decisions
should be made teffectively match supply with dmand. Fedorowicz et al. (2020)
interview representatives from ten local and regional planning organizations, as well
three new mobility companies on protocols of data sharing, distribution of
responsibility, and strategies for including the equity pecsve into planning. They
conclude that cities should outline equity goals and identify potential equity gaps

(thereby making targeted policy) prior to the entry of new mobility companies, which
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can be tough to realize as the future is always difficufiredict. For mediursized
cities, the authors suggest that learning lessons from other larger jurisdictions can help
them develop equity strategies. Nonetheless, cities should be aware of the differences

between locales.

Last but not least,-scooter shang has become a global phenomenon that
inspires researchn an international context: Degele et al. (2018) segmestibeter
customers using a clustering analysis. They identify a significant cluster of millennial
casual users in a German city. Moranal. & Emberger (2020) study the spatial
patterns of escooter gedencing zones from six operators in Vienna, Austria. They
find that escooter neparking zones are commonbrawn near parks, pedestrian
corridors, and cultural institutions. Their result$r ghed some lights onseooter
management for the public sector. Tuncer et al. (2020) use video footageaniter
riders in Paris t@apturethe ruleabidancebreaking behavior of-ecooter riders and
unexpected interactions between pedestrians sswbaer riders. By and large; e
scooter riders coordinate with what occorsthe streetRidersalso rely heavily on
signals, marks, and bike infrastructure to -setfulate their riding behavior.
Christoforou et al. (2021) surveyseooter users in Pari® understand the user
demographics and their motivations to ridsceoters. They find thatscooter users
rarely own a bike, are mostly men, aged between 18 and 29, areduelited. Time
savings is the most significant motivation to usgceoters fo Parisians. Aguilera
Garcia, Gomez, & Sobrino (2020) also find age and education level are two significant
socioeconomic driverfor the adoption of wcooter sharing in Spain. In the Asian

context, Cao et al. (2021) analyzs@oter trip GD data and pllic transit trip data
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Theyfind e-scooters can potentially replace shdigtance transit trips in Singapore, as

the latterarenegatively affected by transfers and acesg®ess walking distances. Lee

et al. (2021) identify the factosusingheterogeneity in willingness to useseooter
sharing in Seoul, Korea in a stated preference survey study. They find that younger,
higherincome escooter users who are unsatisfied with the current public transit system
are more likely to ride-ecootergor commutes than for firgtastmile trips connecting

publictransit.

While the existing literature touch upon different angles to understand trip
characteristic, user characteristics, and regulatory frameworks aboob®r sharing.
| believe my reseaah fills at least two gaps in academic research: (1) there is no
rigorous analysis on -gcooter trip trajectories and the impact of built/social
environment on the paths thatseooters traverse; (2) There lack studies that both
identify equity gaps andcanowledging equitypotentialsof e-scooter sharing in terms

of its usage irsocially disadvantagecbmmunities characterized by census data

3.3 Empirical framework

There are two outstanding research questions to be addressed in the empirical
work: (1) What &ctors influence the-gcooter trip distribution on DC streets? (2) What
is the ideal built environment that can attract the usesobeter sharing, especially in
neighborhoods populated with socially disadvantaged households? To be able to
answer thesguestions, | apply a datatensive empirical framework that combines
conventional regression approaches with a-datagen machine learning approach. In
the data section, | will detail the data sources and descriptive statistics. In this section,

| will provide the higHevel analytical framework of the empirical work.
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3.3.1 Street segment level analysis

The first part of the empirical analysis aims to identify multitudes of factors that
can explain where-ec oot er trips are taknmenoneamin DCOs
previous studies either only explain where trips start (origin) and end (destination) or
only describe trip trajectories. Few studies are able to rigorously explain trip trajectories
using statistical models. Taking advantage of thetrewd LIME trip trajectory data
and various types of higtesolution geospatial data, | establish regresbased
models to explore the relationship between the following factors and the daily average

e-scooter trip density at the street segment level:

(1) Street configuration (SC)Street functional class indicates both traffic
volume and proximity to various points of interest. Arterial roads are
expected to attract moreseooter trips, even though such streets may not
be the safest to traverse. Bikewagsmn, including bike lanes and bike
trails, should attract-scooter trips. Cameras (speed camera, stop camera,
etc.) and signals (traffic, pedestrian crossing, etc.) are safety features for e
scooter rides. Lastly, urban tree canopy provatesnities tayclists such
asshades and views during a trip.

(2) Population sociodemographic characteristics (SB)scooter sharing is
used disproportionately by different sociodemographic groups. Therefore, |
control for the sociodemographic factors that underscore the inherent
individual preferences over this emerging mobility option at the census
block group levk including senior population (%), African American
population (%), notwhite Hispanic population (%), disabled population
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(%), and population with limited ability to speak English (%). These factors
also represent the socially disadvantaged populatibristerest to this
study. The lowincome population variable and the household vehicle
variable are omitted from the regression due to high collinearity with other
sociodemographic factors.

(3) Built environment (BE)Besides street design, | also control ttoe more
macro level density and walkability factors at the block group level,
including population density, employment density, and a walkability index.
These factors determine in which neighborhoodsamter trips are most
likely to be taken. Employmendiversity and intersection connectivity
variables are considered, but they are dropped in the regression due to
collinearity.

(4) Points of interest (POIls)Besides the mactouilt environment on
density/walkability and the micrbuilt environment on streeedign, | also
include the mesbuilt environmentactorson various points of interest that
attract escooter sharing trips, including shopping (grocery stores,
pharmacies, clothing stores, home goods, electronic supplies, office
supplies, shopping mallgnd convenience stores), education (schools,
universities, and libraries), public services (hospitals, the city hall, court
houses, police stations, and post offices), parks (parks, museums, indoor
sports facilities, and arenas), and transportation (coemratl, subway,

and train stations). Food & drink and local business are also considered in

54



the regression, but they are dropped due to collinearity with other POIs and
relatively low explanatory power in the regression.
| first run an ordinary least sguel (OLS) model that build the multivariate
correlation between the daily average LIME trip density (miles/street mile) at the street

segmentif level and the four types of factors, specified&Equation (1):

I Yl QR 0Q¢ i QéYdrT O] 60 00O - p

In addition to the OLS regression, | also considersihatial nonstationarity
exhibited in the estimated parameters across the specified geography. The OLS
estimation assumes that the relationship being measurestatiomary over space,
meaning that the global parameter estimates can be applied equally over the region
(Fotheringham, 1998). However, the residuals of the OLS estimation may reveal
unevenly distributed spatial patterns. In this case, | apply the geocabyplveighted

regression (GWR) technique to allow coefficients to vary across space. The coefficients

are estimated locally as specifieddquation (2):
I DO Ow q
In this equationsr «is a matrix of spatial weights for streegeeenti such that
observations closer toare given greater weight than observations from distance. A
spatial distribution of coefficients can be mapped in the-gagession analysis. Both
the OLS and GWR models are run in R. The GWR regression issmig thespgwr

package, where the kernel bandwidth for a GWR is estima$ed,(Parber, & Wheeler,

2011) and the range of coefficients are presented in quartiles.
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3.3.2Machine learning-scooter trip origins and destinations-)

The second part of the empirical framework is a macldaming based
clustering analysis thatsegmentse oot er tri ps by: (1) a tripf¢
such as time of day, weekday/weekend, whether the trip is taken during the Cherry
BlossomFset i val ; (2) POls at a tripbs starting
drink, shopping, education, business, public services, parks, and transportation; (3)
sociodemographic c har act e rcensushlocks groapt a tri
including agegroup (Generation Z, Millennial, Generation X, and Baby Boomer), race
(Hispanic and African American), disability, lenwcome jobs, poverty, limited
English-speaking, and nroar population; (4) the density of schools and transit/bike
sharing stations attar i p6s starting/ending block group
starting/ending block group, including population density, employment density, and
wal kability index; and (6) whether a tripo
dockless mobilig equity emphasis zone. A total of 68 features (34 for trip origins and

34 for trip destinations) are run into the clustering analysis on 690,221 tips O

combinations after data cleaning.

A K-means clustering technique is used for this analysmelnlustering is
an unsupervised machine learning technique.uBgupervisedit means that the
algorithm does not rely on tteepriori to recognize which data point belongs to which
cluster. This datalriven machine learning approach has been adopted mitteard
bike-sharing research to study questions such as the relationship between transit
ridership and user experience/satisfacti@rig® & EI-Geneidy, 2017) and the
spatiotemporal patterns of bHseharing trips (Zhou, 2015). The only criterion to
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detemi ne clusters is the Aproximityo between
point is compared to other data points. Th
and complex as more features are introduced in the clustering process to determine the
similarity between points. The end goal of the clustering algorithm is to minimize an

objective function, the squared error function, which can be mathematically expressed

in Equation (3):

® "YW " QOE o

A Wh e”risel K-cluster partion of the entity set represented by vector&®
‘Oin the Mdimensional feature space, consisting of -eampty, noroverlapping

clusters’Y each with a centroid Q plkfB0 . 6 ( Kodinariya & Makwal

To determine the optimal number of lers for this analysis, | apply an Elbow
methodi a method looking at the percentage of variance explained as a function of
clusters 0 ). The percentage of variance explained by the clusters is plotted against the
number of clusters. Ag increases,the um of squared errors drops:s

reached where the marginal return of increasing the number of clusters fldteTte,

At he el bow criteriond (Bholowlia & Kumar,
in Figure 3-3.
3.4Data

In thissection, | list the data sources for this study. Then, | summarize variables

used in the street segment analysis and in the tipabalysis, respectively.

57



3.4.1 Data sources

The multitudes of data come from different sources:

The data of-scooter trip origins, destinations, and trajector@® collected
by webscraping the general bikeshare feed specification (GBFS) information in real
time for LIME bikeshare over the course of the year 2019 with only few disruptions.
GBFS is an open datstandard forabike har i ng systemds fl eet
n.d.). Prior to September 2019, -sdodteME 0 s
fleet, reserved or not, at the-88cond frequency. Thereby, it allows me to draw-high
resolution trip trajedries that depict notonly arsec 0 o t e D, lutralisgxhie path®
of the trip. Ever since September 2019, however, LIME has randomized fleet ID to
prevent thirdparty tracking by mining GBFS data, part of their efforts to protect user
privacy. The detiled data collection and sample selection criteria are documented in
my previous research (Zou et al., 2020). In this study, | process more than 16 million
unique GPS records on LIMEseooter trips taken between January 1 and August 31,
2019. After filteing excessively short/long/fast trips and connecting the GPS points
from the origin to the destination within a trip, | assemble-aco®ter trajectory dataset

that consists of more than 690,000 unique trips.

The POI datacome from the 2019 Here Map ddkéere, n.d.). Here is a world
leading company in navigation, mapping, and location experiences. | group the most
relevant POI classes to this study into seven categories: food & drink, shopping,
education, business, public services, parks, and transportdihe detailed class

information is listed in previous section.
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The sociodemographic dateome from the American Community Survey
(ACS) 5year Estimates for 20142018. The blocigroup level data are used as it is

the finestgrained resolution with alatively robust estimation.

Thebuilt environmentdata o me fr om EPAG6s Smart Locat.
n.d.). Population and employment density variables are constructed based on Census
LEHD 2010 data. The Walkability Index characterizes every Census &ixdOdvoup
in the U.S. based on its relative walkability. Although the Smart Location Database is
slightly dated considering the age of other datasets, it is the most available and widely
adopted public database that describes built environment. Beswatagrahge

population and employment densities are arguably stable over the years.

The street configuration datsome from Open DC data portal. The centerline
shapefile contains information about the street functional class. In addition, | spatially
join shapefiles of bike lanes, bike trails, camera points, signal points, and tree canopy
points together onto the centerline file. They are joined within-fe@5buffer of the

centerline to capture features on streesayd the sidewalks.

Other DC dataused n the clustering analysis also come from Open DC data
portal, such as Metrorail station poin®gBistation points, schools (public and charter),

university campus, and dockless mobility Equity Emphasis Areas.

3.4.2 Summary statistics

| provide summary stistics for the street segment analysis and the clustering

analysis inTable 3-1 andTable 3-2, respectively. These statistics offers some initial
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insights about the high level sociodemographic, street design, and built environment

characteristics of thstudy area.

Table 3-1. Summary statistics for the street segment analysis

Variabl Variable DescrlMin Max| Mean s. d
Ln L1 wmeq “ogarithm of averi 5 | g 71 5 511 g
- § density
FunctiOStreet'funétllommaﬂ 1 6 > ol 1.1
I nterstates
Bi kel g A" fndicator of bi g 1 0.0(0.2
fyeso.
. An indicator of b
Bi ketr iyeso. 0 1 0.0 0.1
CamereAn |nd|tcr§an‘dm§co’a € 0 1 0.0]0.1
1 figrso.
Signall The number of tra , 48 | 2.0/5.2
along the seg
Tree canopy densi .
Tree_d mile/,000) 0 2.2 0.110.1
WaIkabiThe walkab—20)1t|lyreoaass7 d 19 14 12 2
wal kabl e
Popul ation dens
Pop_de mile/1,000) 0.0114., 15.(0q12
Empl oyment densi d
Emp_de mile/1,000) 0 346. 12.9540
Pct bl| Percentage Africaing O 1 0 { 0.3
Pct se Percentage senio 0 0.4, 0.1
Pct hid Percent—vxahgletenol_-hlsp( 0 o 4/ 0. 0lo. 0o
- popul ati on
Pct _dig FPercentage popull o | o o o )0, 1
- disability
. Percentage popult
Pclti mer Engtsipelaking s 0 0.1y 0.0 0.0
. DensitysoabppPOhg (
Poi _sh mile/1,000) 0 0.7/, 0.04{40.0
Poi _ed PensityedticBOibon | 4 1y,,1 g 2{11.
- mi | e)
Poi sdq DensitysetvPOks ( o |115| 1 7]/5. 8
mi | e)
Poi _pa Densitypaf kBO[(per 0 141, 4.8]12.
Poi tr Den5|ty'|'tohn§@_brt 0 39 1 214 3
- square mile)
Sample size = 33,652

11 Some variables are divided by 1,000 because the magnitude of the variable is large, so is the
variance.
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On average, the daily LIME-gcooter trip density is about 2.3 trips per street
mile. This density is constructed by overlaying trip trajectories within tHe@3ouffer
of street centerlines to include as many trip segment on the street as possielés The
a measurement error for the GPS locations provided by GBFS, so a tolerance buffer is
needed to capture trip trajectories. | plot the spatial patterns of thessgeeent level
daily average trip density igure 3-1. The highdensity street segmtsnare spatially
clustered in downtown, the National Mall, Georgetown, and downtown adjacent
neighborhoods. The residential neighborhoods in the northwest, east, and southeast
have low escooter trip density. In particular, East and Southeast DC are ecatsithe
dockless equity emphasis areasMyOT. It is critical to understand the factors that

cause the low usage ofseooter sharing in such neighborhoods.

- Equity Emphasis Area

Daily LIME trip density (n/milef*" 9"

Bl s- 00
I 101 - 500

501 - 1000

>1000

Figure 3-1. Daily LIME trip density at the street segment level
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Noticeably, most DGtreet segments do not include a bike lane (protected, lane

separated, or shared use) or a bike trail. The city has an ambitious plan to build 20 miles

of new protected bike lanes in the course of three years, but the existing facilities only

consist of 186 miles of protected bike lanes as of the end of 2020 (DDOT, n.d., c).

Mo st of

DC

6s traffi

C

camer as ar e

pl aced

at

signal/signage coverage and tree canopy coverage are very dense on the street. These

are bikefriendly factors. DC is one of the most walkable major U.S. cities, as suggested

by the relatively high average walkability index. Population density and employment

density

demograpic environment, the city has a diverse racial composition of 48%6ak
Americans and 5% newhite Hispanic/Latino population. In addition, there are about
14% senior population, 22% of the population with some disability, and 1% of the
population withimited Englishspeaking ability. The large variance of the POI density

variables suggests that POIs are unevenly distributed in the city, mostatkedgr

downtown.

ar

e al so

high,

suggesting

Table 3-2. Summary statistics for the clustering analysis at the €D level

t he

Vari abl | Variable Descn Min| Max| Mearn s. d
LIME trip temporal character
AMP An indicator of 0 1 o ol 0.2
peak hours
MD An indicator of a 0 1 o 4| 0. 5
hour s
PMP An indicator of 0 1 o 3|l 0. a4
peak hours
An indicator of
NT ni ghttime ho 0 1 0.1 0.3
An indicator of
MN midnight hou| 9 1 0.0 0.1
Wk 1 d An indicator of 0 1 o 3|l 0. a4
weekends
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An indi taiprtake

Wk dy weekdays 0 1 0.6| 0.4
An indicator of &g
Cherry Cherry Blossom iFg O 1 0.1 0. 3
April 14, 20
Trip originés block group cha
Popul ation dens
O_Pop_| mile/1,000) 0.0/114.013.(15.
Empl oyment densi
O_Emp _ ¢ mile/1,000) 0.0[346 73.191
O Pct _n Percentagg popul 4 0 0.5/ 0.2 0.1
vehicles
O Pct _KPercentage Africa 0 1 0.1 0.1
o pct || FPercentage popuoka , 1 | 0.1/ 0.0
- - j obs
O _Pct _s Percentage senio 0 0.4, 0.0, 0.0
O Pct h Percent—V\ahgletenol_—hlsp 0 o 4| o.0l 0.0
- - popul ati on
o Pct _d| Percentage popull 4 | 45 o o 1| . 1
- - di sability
Percentage popul
O_PEtt me Engtsipsshaking s 0 0.1 0.0 0.0
O _ P cpvoe r Perce”talgienep"p“'a 0 1 0.2/ 0.2
O Pgenj Percemdmuwleati on o 0 0.9 0.2 0. 2
O _Pmt I | Percentage Milleg O 0.7 0.4 0.1
O Pgeny Percentage popul a 0 0.3/ 0.1 0.1
O Pbbom Percentage Baby 0 0.5 0.1 0.0
O Poi f PensityfobdP@&ldrl 1.1 0. 2] 0.2
- - square milel/l1l
. i DensitysabppPOhg (
O_Poi _¢ milel/1,000) 0 0.7, 0.1 0.1
O _Poi DensityeducBOi on 0 |144)11.115.
- - mil e)
. Densitybaki ROk s
O Poi _ milell,000) 0 0.2| 0.0 0.0
O Poi DensitysefvPOks 0 |[118. 1.7 5.8
— - mil e)
O Poi || Densitypaf kBO[( per 0 141.,20.1}1 23
O _Poi | PensitytoemdnBObrt| , |4, (4 5| 6. 4
- - sqguare mil e
O Wal ka| '€ walkab20itiymeods| ; g 19 {16, 1.4
— wal kabl e
O Nps An indicator of a 0 1 o 1|l 0. 3
ar ea
O Theml An |nd|c_a$toart0|fng 0 1 o 2| 0. a
— National Ma |
O Metr An |.nd|cator of a 0 1 0 11 o. 3
- mile of a Metr
o CabiAn |n.d|cator of al g 1 o ol o 1
- mile of a CaBi
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Anndicator of a t
O Pubsc mile of a publ 0 1 0.0 0.1
An indicator of a
O_Char mile of a char 0 1 0.0| 0.1
.| An indicator of a
O_Uni mile of a univer 0 1 0.0 0.2
.| An indicator of a
O_Equli dockl ess equity 0 1 0.1 0.3
Trdpstidrsathilomck group character
Popul ation dens
D Pop _|{ milel/1l,000) . 01114, 13. 15.
Empl oyment densi
D Emp _c milell,000) .0/346. 70. 1] 91
D Pct _n PE&€Tcentage popula g, 0.5/ 0.2 0.1
— — vehicles
D Pct_ _KPercentage Africa 0 1 0.1 0.1
D Pect IPercemdp_atgleatlelmcvvz) 0 1 o 11 o 1
- - j obs
D_Pct _s Percentage senio 0 0.4, 0.0, 0.0
D Pct h Percent—V\ahgletenol_—hlsp 0 o 4| o.0l 0.0
- - popul ati on
Percentage popul
D_Pct _d disability 0 0.9/, 0.1 0.1
Percentage popul
D Pttt me Engtsipsshaking s 0 0.1, 0.0|] 0.0
D _ P cpvoe r Perce”talgienep"p“'a 0 1 0.2/ 0.2
D Pgeni Percentage popul & 0 0.9 0.2 0. 2
D_Pmt I | Percentage Millg O 0.7 0. 4] 0. 2
D Pgen) Percentage popul a 0 0.3/ 0.1 0.1
D Pbbom Percentage Baby 0 0.5 0.1 0.0
D Poi f PensityiobdP@l dri 4 | ; 4| g 5| g, 2
- - square milell
. / DensitysabppBOhg (
D_Poi _z¢ milel/1,000) 0 0.7, 0.0] 0.1
D Poi DensityeducBOi on 0 |144)/11.]15.
- - mil e)
. Densitybaki ROk s
D Poi _ milell,000) 0 0.2| 0.0 0.0
D _ Poi DensitysefvPOks 0o |118.] 4.8|10.
— - mil e)
D_Poi _|Densityipaf kBO(per 0 141, 19. 22.
D _Poi { DensitytoBnBOEbrt ) 4 |5, | 3 gl g 1
- - square mile
D Wal ka| ' "€ walkab20i timos 6| 19.116.1 1.4
— wal kabl e
D Nps An indicator of a 0 1 o 1| 0. 3
- area
An indicator of
D_Them,] National Ma | 0 1 0.2| 0. 4
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D Metr Anlnqllcator of a t 0 1 0o 1/ o. 3
- mil e of a Metr
D_CabiAn |n.d|cator of a 0 1 0o 0l o.1
mil e of a CaBi
An indicator of a
D Pubsg mile of a publ 0 1 0.0l 0.1
D Char|AM indicator of a 1 0.0l 0.1
— mi |l e of a char
D uni |AN indicator of a 1 0.0l 0.2
— mile of a univer
D Equi An indicator o_ftta 0 1 0o 11 o 3
dockl ess equity
Sample size: 690,221

For the trip GD data, a majority of trips were taken during the midday hours

(10 AMT 3 PM), followed by PM peak hours (3 PiM7 PM), nighttime hours (7 PM

T 11PM), AM peak hours (&M i 10 AM), and midnight hours (11 PM6 AM).

About 70% of the trips were taken during weekdays. About 15% of the raigih

trips

April.

There are minimal distinctions between soeial and built environment for the

wer e

taken duri

ng DCO& s-Ma&h and mig

Bl osso

aggregate trip origins and destinations. LIME trips mostly start and end in high

population and employment density block groups. The average employment density

for

Such neighborhoods usually have lowleainaverage percentage of African American

such

bl ock groups

i sge density ({Sedablegg3l)e r

t han

and Hispanic/Latino populations, as well as senior or disabled populations. When

breaking down by generations, trips were taken with a $igine of millennials (aged

between 25 39 in our data). They are the young, taselvvy, working professionals

in DC. On average, 21% of the individuals own no vehicles at home in the trip origin

and destination block groups. However, only about 12% ahtheiduals have a low

income (<$1,300/month) job. About 20% of the individuals live below the poverty line.

65



The average block group for trip-Ds have various POls. It is also quite
walkable. About 26% of the trips fall inside the NationalMallarBec 6 s si ngl e | ar g
tourist attraction. In addition, another 15% trips fall inside a National Park Services
(NPS) area. About 12% of the trips fall inside the Metrorail catchment area (within 0.5
mile of a station). A small percentage of trips fall insidCa pi t al Bi keshar
catchment area (within 0.1 mile of a bigkaring station). A small percentage of trips
fall i nside a school/university campus6 ca
of the LIME trips were t akequityemphasisarea DCo6s d
(Open Data DC, 2020), which cover much of the geographics ane&ast and

Southeast DC.

The summary statistics provide straightforward, overarching, and preliminary
insights about DCO6s dockl e skskemlorévealsthaty t r i p
(1) e-scooter trips are primarily taken during raddy hours (likely for nostommuting
purposes); (2)-scooter trips are taken in higlensity, walkable neighborhoods with
various POlIs; (3) many trips are taken on the National (falleisure purposes, most
|l i kely) and Metrorail 6s cat Oliblook groupiar e a ; an
populated with white and young individuals who are less likely to be socially

disadvantaged.

3.5Results

Following the twepart empirical framework,will present the empirical results
in two subsections, including the results for the regredsémed, streetegment
analysis on the factors associated with ttse@oter sharing trip distribution, and the

machinelearning based, trip @ clustering aalysis.
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3.5.1 Street segment analysis

The regression results are presentedidhle 3-3. The regression coefficients
and tstatistics for the OLS regression and the GWR coefficients at thpe2Bentile,
the 50" percentile, the 75 percentile, and the global levéhe same as the OLS

coefficients) are included.

Table 3-3. Streetsegmentlevelregressions

dependentL vlalrMEaed e :
Variabl e OLS regre GWR regressio
Coeffltstg25 p|50 p| 75 p|l Glob
Functional 0. 203%| 33. 0.09 0.1 0.22 0. 2(
Bi kel ane 0. 343 13. -0.0] 0.179 0.35 0. 34
Bi ketrail 0.@%*7 14. -0.6¢-0.0¢( 0.3 0.184
Camer a 0O.n1%*4 5.2| -0.17 0.0€¢ 0.27% 0. 1€
Signal s 0.647%| 35. 0.04 0.03 0.09 0. 014
Tree_den 0.3%%6*4 17. 0.6(0 0.9 1.35 0. 6¢
Wal kabi li 0.117| 39. -0.04 0.04 0.15 0.11
Pop_den 0.033|60. -0.0( 0.0¢q 0.049 0. 04
Emp_den 0.006| 30. -0.0] 0.0 0.0q 0. 0¢(
Pct _black -1.317|-72.| -1.6{§-0.2]1 1.62 -1.3
Pct _senio -3.434(-44.| -2.8¢-0.5¢(1.7¢ -3.14
Pct _hispal| -0.799| 8.8 4.3¢-0.64 3.03 0.7
Pct _disab| -1.976|-43.| -1.81-0.2¢ 1.30 -1.9]
Pclti meng -2.282| 6.1 -8.2¢ 2.18415.5 -2.2
Poi _shop 1.898| 16. -4.971 0.505.4¢4 1.8¢4
Poi _edu 0.011| 19. -0.0] 0.0 0.0 0.01
Poi _ser 0.018| 18. -0.0 0.0 0.04 0.01
Poi _park 0.017| 32. -0.0] 0.0 0.04 0.01
Poi _tran 0.016] 11. 0.0 0.01 0.0§ 0.01
I ntercept 0.607| 11. -1.3¢ 0.94 3.17 0.6¢(
Y(qgu@alsobal f 0. 6634 0.8802
Adj u¥ted 0. 6632 -
GWR kernel - 0.00231 mile
n 33,652
Si gncialmedes: 6***6 0..001 6**6 0.01 6*6 0.0
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The OLS model has a high goodnesgitof Y 1@ ¢ It is evident that the
factors of street configuration are significantly associated wgboeter trip density.
As expected, streets of higher functional class (e.g., arterial roads) tend to attract more
e-scooter trips. The bik&iendly features, including bike lanes, bike trails, cameras,
signals, and tree canopy, are significantly positively correlated wstoeter trip
density on the street. A higlensity, walkable built environment also explains high e
scooter sharing usage. Diféat types of points of interest attracs@oter rides. A
nei ghborhoodds sociodemographi c -sciotarr act er i
sharing usage. A block group with more minority, senior, disabled, or limited English

speaking populations tda to attract fewer-scooter trips, all else equal.

| then plot the OLS regression residuals spatially (Sgare 3-2). It is clear
that theregduals are spatially autocorrelated, with street segments of a higheoter
trip densityclustered at the downtown neighborhoods. Therefore, it is appropriate to

consider spatial models.

* 14,-0.7109]

43
10.7109.-0.1021]
10.1021.0.6344]
0.

*
* (0.63444.511]

Figure 3-2. The spatial plot of regression residuals for the street segment model
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| then calculate the bandwidth using a kernel density function to weatgnbd
a function of distance from each point. The kernel optimization is calibrated using the
gwr.selfunction in thespgwrpackage. For a large dataset containing more than 30,000
points, the calibration takes more than half a day due to the large nofrdpatial

relationships to be established. The bandwidth converges at 0.00231 miles.

| then run the GWR model that allows spatially varying coefficients for all
33,652 street segments. Considering the size of the spatial weight matrix, this
estimation pocess takes about two weeks (on a workstation with 64GB -iouild
memory) due to the high computational cost. A summary of tHepgEcentile, 5t
percentile, 78 percentile, and global coefficients are providedafle 3-3. For street
configuration fators, the majorities of spatially varying coefficients on street
functional class, signal, tree canopy are positive. A small number of local coefficients
are negative ohike lane andraffic cameraThe coefficients on bike trail are negative
more than 5Qpercent of times, albeit the significantly positive global coefficient,
indicating some locally relationship betweesamoter trip density and the existence of
bike trail is negative. As Zou et al. (2020) point out, bike trails have weaker correlation
with escooter trip density than bike lanes, especially during nighttime. It is possible
that, for some areas, the daily average trip density of a bike trail is lower than its
neighboring arterial/local roads with no bike trails as those trails do not attegoter
traffic during peak hours (for commutes) and nighttintie( to the lack of
streetlights/distance from POIs). On the other hand, popular bike trails at the National
Mall, Georgetown, and the Rock Creek Park still attract heasgoeter traffic,

explaining the globally positive coefficient. The similar logic can be applied to the
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interpretations for the spatially varying coefficients on built environment and POI
variables: The majority of local coefficients are positive, indicating their cotitiibu

to more escooter sharing usage. A quarter of street segments find the reverse
relationships (for each variable, the street segments vary), which require a closer
examination of the unspecified confounding factors that may affect the relationships
betveen POIs/ built environment aneseooter trip density. For the sociodemographic
characteristics, the majority of spatially varying coefficients are negativéhe
disadvantaged population indicators. Yet, in about a quarter of the neighborhoods with
more racial minority, senior, and disabled populations, there is a tendency to observe
more escooter sharing trips on the street. These are possibly downtown adjacent,
mixed-used neighborhoods with local activity centers. While there are many racially
and saially disadvantaged residents in such neighborhoods, | cannot confirm that they
actually ride escooters for daily activities. The quagobal goodness of fit for the
GWR model is 0.88 a significanimprovement from the OLS modealuggesting that
spatial autocorrelations significantly vary regression coefficients locally. There may be

interesting spatial patterns for further reviews.

By and large, the OLS and GWR estimates confirm my early speculations: E
scooter sharing trips are most likely to taken on the streets with biteendly
features in higkdensity neighborhoods of various points of interest and a high share of
white, young, highncome individuals. The street segment level analysis reveals three
major takeaways: (1)-Ecooter sharingrips are concentrated in activities centers and
major arterial roads with various POls. (2s€&ooter sharing may not significantly

benefit communities with many socially disadvantaged individuals, such as racial
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minorities and the elderly/ physically frandividuals. (3) Escooter sharing benefits
from a bikefriendly built environment, including biki&iendly street features and an
overall compact, walkable urban form. These takeaways further infer the important
policy implications in boosting the edoendly shared micromobility in an equitable

fashion.

3.5.2Trip O-D clustering analysis

While the street segment analysis provides insightful information on the social
and built environment factors that could influenesceoter trip on the street, itdoses
on the aggregate impacts across the city. The #ip custering analysis relaxes the
assumptions about a -$ceotetslaring gipsanstead, & Igles i mp a c |
solely on the similarities between different data points (with its &gsdcfeatures) to

group trips and summarize the common traits among data points within the same cluster.

1.0e+10
|

6.0e+09
l
/

Total within-clusters sum of squares

.
.
—_
*— o
*— e
*— o —9-__

2.0e+09
|

I 1 1 1 1 1 1
2 4 6 8 10 12 14

Number of clusters K

Figure 3-3. EIbow method plot

| first use the elbow method to determine the optimal number of clusters for all

690,221 trip points with 68 featurdsgure 3-3 shows the graphical representation of
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the variances as a function of the number of clusters. Thecintster variation (total
within-cluster sum of square) reached the plateau at seven clusters. | therefore specify

seven clusters in the-Keans clustering analysis.

The K-means clustering analysis in run in R using the default algorithm in
Hartigan and Wong (1979). The clustering results are preserifatti@ 3-4, including
the group mean for each variable in all seven clusters and the saegutefor each
variable. The smallest cluster is Cluster 4 (n = 19,079) and the largest cluster is Cluster
6 (n = 275,389). In addition, | plot trip origins and destinations for seven clusters. | will
describe the characteristics of each cluster and thdwe mé&rences about what it

means to managementseooter sharing in DC.

Table 3-4. K-means clustering summary results

Varial/Clus|Clus|Clus|[Clus|Clus|Clus|Clus Me a
Name 1 2 3 4 5 6 7

AMP 0.05 0.08 0.08 0.15 0.06 0.06 0.09 0.0]7
MD 0.50 0.49 0.46 0.46 0.31 0.51 0.48 0.4c¢
PMP 0.32 0.28 0.30 0.25 0.34 0.29 0.28 0. 3¢
NT 0.09 0.09 0.10 0.08 0.21 0.09 0.09 0.1
MN 0.03 0.03 0.04 0.03 0.06 0.02 0.03 0.0:
Wknd | 0.28 0.24 0.28 0.21 0.30 0.34 0.29 0. 3¢
Wkdy | 0.71 0.75 0.71 0.78 0.69 0.65 0.70 0.6¢
Cherr| 0.13 0.13 0.14 0.14 0.13 0.16 0.14 0. 15
O Pop | 8.96 9.42 17.0| 21.4| 25.6| 6.99 15.2| 13.6
O Emp_| 255. | 241.|144.| 63.4| 15.2| 30.4| 34.2|73. 6
O_Pctl g 35 0.35 0.23 0.22 0.17 0.17 0.20 0.21
noveh
O Pct | 0.06 0.08 0.19 0.11 0.27 0.11 0.13 0.1:¢
O_PSll 0. 09 0.09 0.06 0.112 0.20 0.08 0.09 0. 11
O-PC¢tl 0.09 0.120 0.11 0.06 0.09 0.04 0.05 0.0]%
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O_Pct

"iepal 004 0.03 0.01 0.02 0.05 0.01 0.02 0.0:
O-P¢ll 0. 08 0.09 0.36 0.21 0.17 0.09 0.11 0. 14
O-PLll 9. 02 0.01 0.01 0.01 0.01 0.00 0.00 0.0]
;?Eep_f: 0.15 0.17 0.47 0.27 0.27 0.13 0.16 0. 2¢
O Pgen 0.15 o0.16 0.38 0.28 0.11 0.23 0.22 0.2
O-FCll 0.36 0.37 0.29 0.44 0.41 0.56 0.54 0.44
O Pgen| 0.24 0.22 0.11 0.10 0.15 0.07 0.08 0. 11
O-PCll 0.17 0.15 0.10 0.09 0.14 0.07 0.08 0.1]
O Poi | 0.75 0.71 0.35 0.21 0.14 0.09 0.11 0. 24
O Poi | 0.24 0.23 0.09 0.08 0.08 0.05 0.05 0.0¢
O Poi | 13.6| 17.5/ 30.2| 15.7 13.1| 5.58 8.98 11. 3
O Poi | 0.18 0.17 0.09 0.04 0.01 0.01 0.02 0. 08
O Poi | 4.55 6.91 9.25 8.83 2.83 5.44 6.18 5. 27
O Poi | 49.9| 41.2| 22.1| 18.5| 6.88 18.4| 17.3/20.5
O Poi | 9.19 8.16 4.74 3.19 2.63 3.33 3.43 4.2¢
walkap 17-7/ 17.5/ 15.8[ 16.0/ 15.9 16.2/ 16. 1| 16. 3
O Nps| 0.01 0.01 0.02 o0.11 0.02 0.26 0.14 0.1
O Then 0.00 0.00 0.00 0.21 0.03 0.49 0.38 0. 2¢
O Met| 0.27 0.26 0.20 0.13 0.12 0.12 o0.11 0. 1:
O cabl 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.0
o o] 000 0.01 0.01 0.01 0.02 0.00 0.00 0.0]1
O Charf 0.04 0.03 0.01 0.00 0.01 0.00 0.00 0. 071
O Uni| 0.01 0.03 0.19 0.12 0.04 0.03 0.04 0.08
O Equi 0.04 0.11] 0.31 0.18 0.16 0.02 0.10 0. 0¢
D Pop | 15.7| 9.92 17.4| 5.258 25.8 6.72 12.3/ 13.5
D Emp | 33.3/233.{ 41.8/340.| 13.0| 32.2/199.{70.3
D_Pctl g 19 0.35 0.19 0.41 0.16 0.17 0.31 0.21
noveh

D Pct | 0.12 0.08 0.12 0.06 0.28 0.10 0.12 0. 14
P-P¢ll 0. 10 0.09 0.120 0.09 0.21 0.08 0.09 0.1
"¢ 0.05 0.10 0.06 0.08 0.10 0.04 0.11 0.07%
D Pct| 0.03 0.03 0.03 0.08 0.05 0.01 0.01 0. 04
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hi spa
D-Pell 0,12 0.10 0.128 0.11 0.17 0.10 0.11 0. 13
P=PCtl 9. 00 0.01 0.00 0.00 0.01 0.00 0.02 0.0]
Eazf: 0.17 0.18 0.24 0.20 0.27 0.158 o0.21 0. 2¢
D Pgen 0.22 0.16 0.27 0.42 0.11 0.24 0.10 0. 1¢
P-FC!l 0.53 0.38 0.47 0.30 0.40 0.55 0.38 0.47
D Pgen 0.08 0.23 0.08 0.07 0.16 0.06 0.24 0. 11
P-FL'l 0.08 0.15 0.09 0.15 0.15 0.07 0.16 0. 1]
D Poi | 0.12[ 0.70 0.14 0.73 0.13 0.09 0.65 0. 23
D Poi | 0.05 0.22 0.06 0.29 0.07 0.05 0.19 0.0¢
D Poi | 9.84 18.1| 12.2| 25.1| 13.0| 6.16 16.9|11.1
D Poi | 0.02 0.17 0.03 0.27 0.01 0.02 0.13 0.o0¢
D Poi | 5.35 7.57 5.41 6.21 2.44 5.11 6.29 4. 8¢
D Poi | 17.3| 39.3| 18.1| 15.5| 6.34 18.6| 45.8|19.8
D Poi | 2.88 7.95 2.74 6.21 2.10 3.07 8.83 3.8¢
Wal¥ap 16-1| 17.5/ 15.8[ 17.6| 15.8 16.1| 17.3/ 16. 3
D Nps| 0.17 0.01 0.17 0.01 0.02 0.29 0.02 0. 15
D Then 0.38 0.00 0.31 0.00 0.03 0.49 0.00 0. 25
D Met| 0.08 0.23 0.08 0.24 0.07 0.09 0.22 0.11
D cab| 0.01 0.01 0.01 0.02 0.01 0.01 0.01 0. 01
o ccq 0.01 0.01 0.01 0.02 0.03 0.00 0.00 0.01
D Charf 0.01 0.02 0.01 0.00 0.02 0.00 0.03 0.01
D Uni| 0.03 0.03 0.08 0.05 0.05 0.03 0.05 0. 04
D Equi 0.11 0.10 0.14 0.15 0.18 0.04 0.06 0.0d
n 58,1 62,9 44,2 19,0/ 167,{275,| 62,5690,
The group mebol dédthetyi as easegni ficantly
undersdotdedy are significantly smaller th

Cluster 1: Midday downtown adjacent neighborhood tripghe first cluster
has a higher share of mady trips than theampé averageTrip origins are clustered

in downtown DC Figure 3-4a). Populatiordensity is low, but the employment density
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is much higher than the sample average. The residents tend to own fewer auto vehicles,
predominantly white, middle agédsenior (Genetion Xers and Boomers), and live

close to an array of POls (food and drink, shopping, business, parks, and transit
stations). A much highahanaver age share of trips start
catchment areas. On average, trips are less likely tiorstar a public school or the

university campus, but slightly more likely to be near a charter school. Few trips start

within the dockless equity emphasis areas. These trips end in downtown adjacent
neighborhoods(Figure 3-4b), where the population dengits average and the

empl oyment density is much | ower than the
groups also have fewer POls of various types than average (food & drink, shopping,

and business). A good number of trips end on the National Mals Cler -D1 6s O
characteristics suggest that these trips are eitherdayidutility trips from activity

centers to residential neighborhoods or leisure trips between downtown and the
National Mall areaTrips in Cluster lare unlikely to benefit DC residents of lower

sociaeconomicstatuses.

Cluster 2: Weekday downtown trigSluster 2 trips start and end in downtown
DC (Figure 3-4c andFigure 3-4d). Specifically, Chinatown, City Center, McPherson
Square, Golden Trianglend Dupont Circleareas This cluster of LIME trips are
concentrated within the commercial district with many POls of all types. People who
can afford to live in these neighborhoods are likely to be midgésl (Generation
Xers), white residents. They aresk likely to be socially disadvantaged. Their

neighborhoods are highly walkable and walered by the Metrorail network.
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Cluster 3: University neighborhood tspWhile not all trips in Cluster 3 start
in the two largest university campuses in DC (Getogn University and George
Washington UniversityjFigure 3-4e)., a big share of them do (19% versus 5% for the
entire city). This becomes a distinct trait to characterize this cluster. In addition to the
underlying student population for trip origin blogroups, a significant share of senior
population, disabled population, and people who live below the poverty line (likely to
be students) reside in the trip origin block groups (east of the National Mall and in south
DC near Buzzard Point). A significashare of trip origins are located within the
dockl ess equity emphasi s area. These fAout
adjacent neighborhoods, much like the trip destination block groups in Clugker
good number of trips end on the National M@IL.2%) and some on university
campuses (8.9%Jigure 3-4f). It is reasonable to assume that university students are
the riders for these trips. The trip destinations are mostly residential, with fewer POls

(food & drink, shopping, and business) thandkierage.

Cluster 4: Weekday AM peak commuting tripisis is the smallest cluster of all
seven clusters in size (n = 19,079). A much highanaverage number of trips are
taken during the AM peak hours on weekdays. The trips start in downtown adjacent
residential neighborhood$-igure 3-4g), where the population density is higher than
average and employment density is about the average. The-demeagraphic
characteristics are at the citybés average
population and people who live below the poverty line (likely to be students). A good
number of trips start on university campus and within the downtown equity emphasis

areas. Cluster 406s trip destinations ar e
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employment centser(Figure 3-4h). These block groups have low population density
but high employment density. People who live in these block groups lean towards
younger, white residents who do not own a car. Interestingly, a Higheaverage

share of norwhite Hispanigopulation is found in these areas. There are various POls

in these destination block groups, especially education POls (e.g., schools and libraries).

Indeed, a highethan average percentage (2.7% versus 1.5% for the sample average)
of trips are taken witin half a mile of a public school. It indicates that some of the e
scooter commuting trips may be taken by high school students between 16 and 18.
Many trips are taken within the downtown equity emphasis areas. The trip destination
block groups are als@sidential, instead of commercial. This is expectedsaeter
sharing is primarily used for short trips under one or two miles. The neighborhoods on

the peripheries of the city are largely residential with scattered POls.

Cluster 5: PM peak hours anmdighttime trips Cluster 5 is one of the larger
cluster (n = 167,481). Geographically, trip3 spread across the citiyigure 3-4i
andFigure 3-4j). Comparing to other clusters, Cluster 5 have a significant higher share
of trips taken during PM peak hauand nighttime. The trip origins are likely to be
residential areas with a higher population density and a lower employment density than
the sample means. The trip origin block groups accommodate significantly more racial
minorities, lowincome individuas, people living below the poverty line, and-car
dependent individuals. The trip origin block groups also have less accessibility to
various POls and are slightly less walkable. These block groups are nottegiated

into the Metrorail system, eithédonetheless, a fair share of trips start within a public

school 6s catchment areas. A good number
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equity emphasis areas (in East and Southeast DC), which indicates an oppfotunit

the disadvantaged populations tdize e-scooter sharing during PM peak/nighttime
hours. In particular, public transit services are significantly reduced fepeoK,
evening hours in those neighborhoods. The destination block groups, again, have a
much higher share of the socially disadtaged populations (racial minorities, low
income individuals, and disabled individuals). A small number of trips end within half

a mile of a public school. A fair share of trips end in the dockless equity emphasis areas.
Cluster 5 indicates an opporttynfor DDOT to collaborate with-scooter vendors to
deploy more fleets into the equity priority areas during PM peak and nighttime hours

to entice their usage among the socidisadvantaged populations.

Cluster 6: Midday leisure tripsCluster 6 is the largest cluster (n = 275,389).
More than half of the trips are taken during rdtly hours (10 AM 3 PM). A slightly
higher share of trips are taken during weekends, especially during the Cherry Blossom
Festival, than the average. Abdlf of the trips start/end on the National Mall. The
spatial patterns suggest the same rdsidjure 3-4k andFigure 3-41). The National
Mall areas have mostly federal buildings, museums, green space, and historical sites
with fewer businesses, restauigncoffee shops, stores, or schools. It enhances the
results shown in Zou et al. (2020) that the NPS areas and the National Mall are the
largest attractions for-gcooter sharing trips. The results also coincide with the
tempord dynamics suggested in Yoes et al. (2020). -Bcooter sharing in DC

primarily caters leisure users for mildy sightseeing/leisure trips.

Cluster 7: Downtown adjacerit downtown trips Cluster 7 almost mirrors

Cluster 1 as trips start in the residential areas adjacent to downtown and end in the
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downtown aredFigure 3-4m andFigure 3-4n). The trip origin block groups are more
residential than commercial, with a high share of millenmaidents. A highethan
average share of trips start on the National Mall, as well. The trips end in downtown
block groups of high employment density and various POIls. These block groups also

house many Generation Xers and Baby Boomers, as well-4essardividuals. The

Metrorail coverage is excellent in these neighborhoods, too.

Figure 3-4a, 34b: Trip origins (left) and destinations (right) in Cluster (1)
/L = - v > S .
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Figure 3-4c, 3-4d: Trip origins (left) and destinations (right) in Cluster (2)
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Figure 3-4e 3-4f: Trip origins (left) and destinations (right) in Cluster (3)

Figure 3-4qg, 3-4h: Trip origins (left) and destinations (right) in Cluster (4)

Figure 3-4i, 3-4j: Trip origins (left) and destinations (right) in Cluster (5)
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Figure 3-4m, n: Trip origins (left) and destinations ight) in Cluster @)
3.6 Discussions

Dockless ebike/escooter sharing becomes a popular shared micromobility
option inless than three years before taking a hit by the CGMIpandemic (See
Bureau of Transportation Statistics, 2021). Chances are that shared micromobility
(stationbased bikesharing, dockless bikgharing,and escooter sharing) ridership
will quickly recover and continue to grow in the pgsandemic era (NABSA, 2020).
The empirical data used in this study dated back to 2019. The insights generated from
this study are very much relevant for transportation agencies and transportation
planners/policymakers imanaging the dockless shared micromobility program and

evaluating the effectiveness of the privatédlic partnership between the city and e
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scooter vendordn particular, overlaying-scooter sharing trip @s and paths over
the underlying spatial pattes of social and built environments, | reveal where trips
were less likely to be takénincluding a significant part of the equity emphasis areas

in east and southeast DC.

Using realtime escooter trip trajectory data, | am able to examine the spatial
patterns of escooter trips at aefinedresolution. The trajectory data allow me to not
only consider the built/social environments at thegeoter trip origins and destiiats,
but also the desirable and undesirable street design factors that may -affeotes
sharing usage on the street. The street segment levelianalysad the multivariate
relationship between trip density and street design, built environmentl soc
environment, and points of interest. The main takeaways are: (1) A pedestrian/ bike
favorable built environment and bifeendly street design are significantly positively
associated with more-gcooter sharing trips on the street. Not surprisingscaoter
riders prefer to ride on streets with bikeways (lanes and trails), trees, and
cameras/signals that could slow down traffic. In addition, the more walkable and high
density neighborhoods with various points of interest attract the rsostoter taffic;

(2) When the locally spatial autocorrelations are specified using the GWR approach, |
find significant spatial variance in the effect of built environment, street design, and
sociodemographic factors orseooter sharing usage, which means a loedheview

is needed when analyzingseooter sharing trips in specific neighborhaod

Using a datantensive, machinéearning based clustering analysis, | specify
seven escooter trip origirdestination clusters for a total of 690,221 trips from January

to August in 2019. Five clusters are either concentrated in downtown or downtown
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adjacent areas (either residential neighborhoods or tourist hot spots). Trips in these
clusters are most likely to be mihy activity/ leisure trips, except for one cluster
(Cluster 4) that has a relatively high share of AM phalr trips that may serve the
commute needs for residents and students who live in the downtown adjacent areas.
The largest cluster (Cluster 6) have a high share of trips starting and ending on the
National Mall during midday hours, indicating that docklesss@&oter sharing
primarily satisfies the travel demand for a large volume of visitors and local residents
for leisure and sightseeing. There is an opportunity to prorasteaer sharing in the

more socially disadvantaged areas outside of the central city during PM peak hours and
nighttime, as revealed by Cluster 5. The public transit service is typically reduced
during the nighttime hours, so docklessaeoter sharing can serve as an alternative
mode to meet | ocal residentsd travel needs.
segment analysis, | argue that it should be a policy priority to improvefrikely

street design and plan for a more compact, migst built environment in such
disadvantaged neighborhoods so that more residents are convinced that their
neighborhoods are safe and favorable for biking and scooting. | further argue that more
financial assistance should be provided by dockless vendors to thmcome
individuals to nake sure that not only-scooter sharing is a safe option, but also an

affordable option to meet their daily travel needs.

3.7 Conclusions

When escooter sharing disrupted the U.S. shared micromobility market in 2017
T 2018, cities Bld different opinionsone c oot er sharingds potent.

urban transportation system. DC takes a rather optimistic outlook on the economic
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(moremoney spent on business and leisacgvities see Buehler & Hamre, 2014

soci al (i mprovi ng p e oepltdodr,nomotolizedlactivitigs),, heal t
and environmental (modal shift from auto tsa@oter) benefits it can harness. Along
escooter sharingdés rapid expansion in the I
address safety and parking issues assocaittidthis emerging mobility. The equity

component of the policy package is underwhelming in a sense that only two sets of

equity strategies are considered to encourage the socially disadvantaged groups to use
escooter sharing: (1) hiclkee Acdeddiblék iton gl Do c k |
Washingtonianso program requires all dock
minute rides for lowincome residents/households in the DC. | look into similar

programs at the neighboring counties, including Montgomery County (Mi)ce
Georgebs County ( MD), a n doesnmot ekisargexptict Count vy
countywide progranin each countyhat emphasize e-scooter equity like the one in

DC, although there exists information abou
that cities and counties within the Capital Metropolitan Regions to work together on a

uniform equity program for any losmcome resident within the metropolitan area to

participate. (2) A map of equity emphasis areas is drawn by DDOT, within which a
minimum number of fleets are required for morning hours. This approach is a reactive,

rather than proactive, equity strategy as the areas are updated infrequently (very little

change between the version in 2019 and 2020), unlikely to reflect changesoote

demand from those socially disadvantaged communities. For vendors, they only need

to meet the minimum requirement and ignore the additional mobility needs from the

low-income, racially diverse populations. Realisticallysceoter sharing is not a
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profitable business as for no®dhellonget al., 2019), so vendors have no incentive to
serve the disadvantaged communities as they could have allocated vehicles to high

demand areas that offer a high profit margin.

This study reveals a third possibility thebuld explain the low -scooter
ridership in DC6s most di sadvantaged neig
Anacostia River: the unfavorable built environment for cycling and walking. By

underpinning escooter trips at the trajectory level, | am ablédscribe the impact of

(@)}

not only the built environmentatarsec oot er tri p6s origin and d
street configuration and the built environmentroute A street that has a bike lane,

lots of trees, a traffic camera and signals/signages highly walkable, compact, and
mixed-use neighborhood tends to attract higheceoter traffic. Density and points of
interest are closely related teseooter trip generation, while bipedestriarfriendly

street design matters for the perceivefdtyaand level of comfort to ride anseooter.

Both matter to the success of an uptake-sé@oter sharing; both are the weakness in
the equity priority areas. However, the story does not end here:-$beoter trip
clustering analysis reveals a potahtiemand for scooter sharing in east/southeast
DC. It is the PM hours and evening hours, when transit services start to slow down,
that a number of-acooter trips are made in those neighborhoods. This cluster of trips
indicate that people do useseoders in the disadvantaged neighborhoods. For DDOT
and policymakers, this means that DDOT needs to work with vendors to address the

growing or unmet demand forseooter during those hours in such neighborhoods.

More importantly, DDOT needs to address bikiand pedestrian facilities in those
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neighborhoods, making sure that people feel safe, comfortable, and happy to embrace

walking/biking/escootering around their neighborhoods.

| also acknowledge the shortcomings of this study, both in empirical work and
in its equity implications. To begin with, the GWR model reveals significant local
heterogeneity in the estimated coefficients. The lgpakific nuances between e
scooter trip density and the built/ social environment covariates need a more careful
examination as they may produce localized insights that differ from the global insights
generated from the full model. In addition, | could run the spatial analysis in a more
computational efficient way by sampling the large stesgfment level datasethd
significant computational cost of creating a spatial matrix for all 33,652 street segments
hinders the flexibility to improve the empirical work by trial and error. In retrospect, |
would use different sampling techniques to derive a smaller set adsesyative
segmemievel observations (e.g., n = 1,000). | would also try rHeitel regression
models that differentiate the impacts of steegment level factors from those of

neighborhood level factors.

For the equity implications, a few questionsieen unanswered from this study:
(1) Is there an unmet demand foss@oter sharing in the socially disadvantaged
neighborhoods? | would argue there is one because the American Com8wriy
(ACS) data (5year estimates, 20142019) show that more thanquarter of noitnome
workers in the Anacostia areas take a commuting trip that lasts longer than 45 minutes
(Figure 3-53@). In addition, car dependency is a more prominent issue in the north, east,
and southeast DC, where many racial minority commuratie$ocatedKigure 3-5b).

E-scooter sharing trips can substitute short car trips and complement long transit trips.
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Boosting escooter sharing usage in the socially disadvantaged neighborhoods can be
a costeffective strategy for a modal shift away fromrs (2) What are unobserved
factors that may adversely affect the preference-Bmoter sharing? Due to the lack

of user information, | cannot tell whether lomcome residents systematically ride
fewer trips than other more economically robust resgjezven in popular locations
outside of the disadvantaged communities. If so, it is likely that affordability may be
an issue for the uptake ofseooter sharing among the lemcome, unbanked
populations. In order to derive such insights on affordabilibore qualitative
approaches (surveys, interviews, case studies) must be combined with ttievdsta
guantitative analysis. (3) Do local residents actually welcorseoeter sharing? Not

all residents are going to immediately love ridingceoters. Sear and disabled
populations may find an increasing number efceoters on the street and at the
curbside a nuisance rather than convenience. The conflicting viewssoooter
sharing heightens the importance of the proactive regulatory approachesatgenaan
scooter vendorsxd@odendudtderarmd behavi or .
there needs to be public policy that listen the feedback from all communities and reflect

their feedback in infrastructure building and rulemaking processes.

This study is not the end of the equity conversatioremis e-scooter sharing.
Rather, it opens up more conversations on both equity concerns and equity
opportunities surrounding the new mobility. | aim to build a comprehensive and-mixed
approach research exgda on the equity perspectives of shared micromobility in an

intra-city, even crosgountry, context. Ultimately, cities can benefit from less driving
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and more cycling, walking, or scooting, but it needs to be addressed in an equitable

way.
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Figure 3-5a (left): The percentage norhome working adult population whose
average commute trip time >45min(ACS 20141 2019, zip code level, map
generated by Social Explorer)

Figure 3-5b (right): The percentage of working population whose primary
commute mode is ato (ACS 20141 2019, zip code levelnap generated by
Social Explorer)
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ChaptTehre 4Spati al Patterns i n Sha

| mplications on Urban Policy: E X

4.1 Background: Proliferation of the sharing economyUirs. cities

The sharing economy, broadly defined as the platform economy that relies on
online platforms and a pe@r-peer marketplace to allow subscribers to temporary
access services without actual ownership (Sundararajan, 2016, p.30; Frenken & Schor,
2017), has beecdlosely related tbourism and the hospitality industry at heart since the
concept emerged in the mi&D10s. The motivation for starting Airbnb is to provide a
platform for people to afford a stay in a baadbreakfast style rentalinahlo® s gue st
bedroom. Similarly, ridesourcing platforms like Uber or Lyft are seen as Airbnb in
transportation in a sense that subscribers can afford a ride (alone or with another party)
in a Uber/ Lyft dri ver 0s8)Bikelsharoghas alédigenn dar ar a |
thought tobenefit tourism (Shaheen, Cohen, & Martin, 2013). Nevertheless, it raises
the question about whether the sharing economy serves the interest of people who live
in acity, rather tharthose whaovisit acity. This paper aims to real the spatial patterns
of different sharing economy activities, namely shertn rental like Airbnb and
shared micromobility like bike andseooter sharingand tooverlay the socioeconomic
factors on top of such spatial patterns to make policy infesermbout the equity

perspectives on the sharing economy.

4.1.1 The touristoriented sharing economy

The sharing economliyas been studied extensively in transportation and

housing research due to the popularity of shared mobility -dikeing, escooter
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sharing, ridesourcing, caharing, etc.) and shewrm rental (STR). The sharing
economy plays an important role in boosting tourism, but the rapid, unregulated growth
of the sharing economy oftentimes clashes against the interest of traditional tourism
and hospitality business, like taxis (Cramer & Krueger, 2016) and hotels (Zervas,
Prosperio, & Byers, 2017The industry incumbent@rgue that the disruptive sharing
economy platforms takes advantage of regulatory loopholes (e.g., the informal
employmentof Uber/Lyft drivers and the loosely taxed STR business) and gain an
unfair advantage in market competitio@#ties also express two major concerns over

the sharing economy: () at f or ms avoid making their busi
regulatory franework (2) It is debatable whether the sharggpnomy truly provides

an equitable and sustainable pathway to the urban ecorfésnynstance, it could
casualize the labor force and reinforce exclusivity of those who own an asset to share
(Cheng, 2016). In particular, criticé the sharing econonshow signs of worry that

would reinforce the neoliberal econofmyheavily reling onthedecentralized market
mechanism Meanwhile, platformsmay neglect the inherent disparities of the

neoliberal economy in market participation and welfare distributions (Martin, 2016).

These are legitimate concerns as an increasing volume of acaderature,
especially empirical work using statistical analysis, reveals that the sharing economy,
while undoubtably benefits shetdrm visitors with more affordable mobility/lodging
options, tends to be associated with inequitable welfare outcomesgidaistudies on
STR reveal that racial minority hosts earn significantly less than white hosts (Kakar et
al., 2018; Marchenko, 2019; Laouenan & Rathelot, 2020). African American guests are

also more likely to be rejected for booking a rental accordng@rt audit study
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(Edelman, Luca, & Svirsky, 2017). In addition, the STR activity level in affluent, white
neighborhoods are significantly higher than +wdmte, socially disadvantaged
neighborhoods in DC (Zou, 2020), Boston, and Chicago (Wegmann & Jiad). 20
Studies demonstrats implicit racial bias against Uber riders (Ge et al., 2020; Brown,
2019). In addition, a number of studies suggest thatdilaeing stations and trips are
spatially concentrated in affluent, whipepulated neighborhoods in miple U.S.

cities (Qian & Niemeier, 2019; Caspi & Noland, 2019). For the emerging mode of e
scooter sharing, preliminary studies suggest mixed results: some researchers find
relatively high ridership in lovincome areas in Austin, TX (Bai & Jiao, 2020), {ghi
some observe a slightly higher ridership in higbome areas in Seattle, WA (Mooney

et al., 2019). More evidendmmsed research is needed before we can generalize the

broader equity impacts ofscooter sharing.

The bottom line is the sharing econorakedits to all the economic benefits it
injects into a cityjs nota business modeélesignedo focus on the potential welfare
conseqguences it sheds on different s@@mographic groups and communities in a
city. In fact, the markebased, platforabased sharing economy often causes
unintended adverse welfare consequences, such as the transactional gentrification
resulted from STR activities (Sigler &
intention for STRs to crowd out loftgrm renters in the citybut they defense
themselves fiercely when cities try to regulate their growth and confine their level of
activeness. Similarly, cities have to step in and require privato@ter vendors to
offer discounted membership/fare to kimcome residents andafribute a fair share

of their vehicles in the equity priority areas because an inequitable access to their
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services (either due to the high monetary cost or the low spatial coverage) would only

enlarge theexisting mobility gaps

This study serves the pose of examining the spatial patterns of STR and
shared micremobility in eight different cities and understanding whether these patterns
may reveal the inequity/ equity perspectives regarding their potential welfare impacts
on the more socially vulnerabpopulations. In addition, the rich nuances in the policy
contexts can hopefully shed light on the direction of policymaking towards addressing

the equity concerns on the toursiented sharing economy.

The rest of the chapter is organized as followmsSkction 4.2, | concisely
describe the eight <cities in this study, w
framework and the policy efforts on bHskaring/ escooter sharing equity. | then
outline the methodological framework of the empirical work Section 4.3. |
summarize data source, provide summary statistics, and discuss the spatial patterns of
the three sharing economy activities in Section 4.4. | then provide more refined and
targeted analytical results in Section 4.5. In Section 4.6, | sisicaportant findings
from the empirical work. Lastly, | offer my final remarks and recognize both limitations

and future work on the topic in Section 4.7.

4.2 Eight U.S. cities

In this study, | intentionally choose eight U.S. cities for the comparative
analyses on spatial patterns of three types of sharing economy activities, including
shortterm rental (STR), statiebased bikesharing (SBBS), and dockless bike (e

scooter) shang (DBS). The eight cities are: Washington DC, Boston (MA), Chicago
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(IL), Louisville (KY), Minneapolis (MN, Austin (TX), Los Angeles (CA), and
Portland (OR). Not only are the cities located in different geographic regions (two
coasts, Midwest, and the gby and differ in population sizes, but these cities also
approach differently towards regulating and managing the emerging sharing economy.
One common characteristic of the eight cities, arguably, is the endeavor to make data
available for researchersstudy STR and shared micromobility. The policy targets for
STR and shared micnmobility in each of the eight cities, albeit agreeing with each
other in the general directions, distinct from each other and could determine where and
how widespread the shag economy markets are able to expand in these cities. | aim
to connect the policy heterogeneities, together with the locational factors (in social and
built environments), to the spatial heterogeneities for the three sharing economy
activities that are aderved in statistical and mapping analyses. | will concisely

summarize the policy contexts for each city in the following paragraphs.

WashingtonDC The nationds capital poa)s s e d
on STR on November 13, 2018, marking the efich twoyear regulatory battle
between the prS TR camp (platforms and STR interest groups) and thegoraation
camp (city council and housingterestgroups). The bill became effective a year later,
with restrictions on business capacity per hosly(on a primary dwelling with a cap
of 90 days of STR in a calendar year) and the licensing requiremenirioetdivize
commercial listings that could overtake the precious rental housing stock or bid up
housing prices. The STR listing data | used indhalysis dated back to September
2019, so it should reflect the signaling effect of the regulation. On the shared

micromobility side, DC is the pioneer in public bikkaring in the U.S. with the Capital
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Bikeshare (CaBi) program launched in 2010. The wiags also an early adopter of
dockless ebike/escooter sharing in September 2017. The city fully embarks on shared
micromobility as a strategy to promote sustainable transportation. In addition, DDOT
pays attention to equity issues in both SBBS and DB§rpms. It emphasizes equity

by (1) offering financial assistance to the tfoweome individuals and households
(Capital Bikeshare, n.d.; DDOT, n,d), and (2) designating dockless equity emphasis

areas that requires the morning staging-s€@oters/eikes.

Boston Boston implemented STR regulations in 2019. Boston allows a host to
rent (a) part of a unit, (b) a full unit as the primary residence, or (c) a full unit on a
multi-unit property as the primary residence. The listing must be registered astl a h
must obtain a business certificate to operate the STR business. The city prepares a
property database that clarifies whether a property is eligible to conduct the STR
business (Keycafe Team, 2019). The end goal of the regulation is also to limit
unreguiated growth of STR that may adversely affect housing affordability of the city.
For shared micr omo b i-dharibhgysystem, Bleebikes, hag besn pu b | i
successfully covered the majority of the city. However, the city never legalized
docklesse-scooter sharing, even though its neighboring jurisdictions partnered with
popular dockless vendors like Bird and Lime to provide DBS services (Vaccaro, 2020).
The regulatory ban makes Boston a unique case as dockless trips were made into the
ci t y 6tary, lute mastly in neighborhoods bordering Brookline, Cambridge,
Somerville, Chelsea, and Winthrop. While the city offers financial assistance to the
low-income individuals to subscribe their own bitearing program, it does not offer

incentives to use-gcooters.
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Chicaga Chicago enacted the original Shared Housing Ordinance in June 2016.
An amended version was passed in September 2020 that enhance the licensing process
and regulatory enforcement. The data | use in this study dated back in 2019, which
means the tightened regulations are not considered. For shared micromobility,
Chi c ag o 06 s -sHaiing systemhvaskaeinched in 2013 and has been expanding
in stations and fleets. However, the DBS program was still in the pilot phase in 2019,
withonlyal mi t ed number of neighborhoods west
This makes Chicago another interesting case to study the spatial patterns of DBS trips
within a policy boundary. In addition, while financial assistance on Divvy rides is
offered to lav-income residents, no equity priority was specified during the DBS pilot

program.

Louisville The Derby City has a set of standard stemin rental rules just like
other major U.S. cities. It only allows for one registration per host. Any unregistered
listings that are advertised on STR platforms will result in a finaigville-Jefferson
County Metro Governmenhb.d.). There is not a clearly stated goal of the STR rules, in
terms of the potential housing market consequences STR could cause. For shared
micromobility, Louisville operates a small, citywide SBBS program, LouVelo, of
which stations are mostly concentrated in downtown, the University of Louisville, and
across the Ohio River in Jeffersonville, IN. The DBS program was piloted in 2018 and
the city invited four vendors (Bird, Lime, Bolt, and Spin) with a total number of 1,200
fleets per day on the street. Like other cities, Louisville also offers discounted fare for

its own SBBS program and direct the lawcome residents to sign up for the
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discouned ride plans offered by each DBS vendor. There is no equity evaluation per

se from the city.

Minneapolis Prior to November 2020, there are minimal regulations towards
the STR market in the city. A host only needed to comply with the licensing procedure.
In November 2020, the city council passed STR ordinance that limits the number of
listings and the hosting capacity within each listing for all types of dwellings in the
city. This means the data | use in this study does not reflect any regulationFRhe
busi ness. For shared micromobility, t he «ci
among the earliest bikeharing programs in the country. In 2018, the city permitted
three dockless vendors in their Phase | pilot. The city significantly increased the
number of scooters available to the public in 2019 (the Phase Il pilot). Minneapolis
emphasizes bike equity for their SBBS system in terms of station deployment and
discounted rides for eligible residents (Nice Ride, 2020) and the city provides
informatond out t he do c k-dost mabilitywpeograne.rNengthelessyihe

city does not require equitable deployment of DBS fleets.

Austin Austin passed the city ordinance on STRs in 2016, which included a
clause banning type 2 STRs (Aobomestead). The bavas overruled by a state appeals
court as fiunconstitutional 06 in November 20
Texas) can rent out properties other than their primary residence (Largey & Weber,
2019). The data | use does not reflect the ruling tlmential relaxes multiple
restrictions on STR business in Austin. For shared micromobility, the city operates a
small SBBS program (Metro Bike) with almost all stations built near downtown, the

waterfront, and the University of Texas at Austin. The gedgcagpncentration of the

96



SBBS stations means that a majority of the socially disadvantaged communities outside
of the downtown areas are not served by SBBS. The city introduced many DBS vendors

for operations in the city. Almost 10,008seooters are depfed by Bird and Lime

alone on Austindés streets. However, the ci
operations.

LosAngeles Los Angeles is the countryds | ar
tot al number of | shartng ordinanceariehirdo effectiveyod s h o me

November 1, 2019. There is a clear policy agenda behind the ordinance to control the
unregul ated growth of STR that may have af
The regulatory restrictions on hosts and listings are strittt,multiple capacity limits.

The STR data | use in the study should reflect the signaling effect of the regulations.

For shared micromobility, Los Angeles operates a citywide SBBS program (Metro

Bike Share). The stations are largely concentrated in downtmd Venice Beach,

|l eaving much of the citydés residenti al ar e
dockless pilot program in 2019 and it became an immediate triumph in terms of the

large volume of trips taken (more than 10 million in its first ydaperation). LADOT

also has a comprehensive equity evaluation of the pilot program (LADOT, 2020).

Portland Portlandds accessory STR permit al
than 2 bedrooms up to 5 overnight guests (TyperAetween 3 and 5 bedroortts
overnight guests (Type)Bn a property. The intention of the regulation was to limit
commercial STR activities that could cause a shortage in rental housing stock, although
a report from ECONorthwest claimed that the impact of STR on housing affandabil

in Portland was mini mal (ECONort hwest, 201
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own SBBS prograni Biketown’ is a successful privaggublic partnership between
Portland Bureau of Transportation (PBOT), Nike, and Lyft. Discounted memberships
are ofered to students and eligible lamcome residents. However, there is no specific
policy on an equity priority in neighborhoods of low social mobility. As for DBS,
PBOT launched its pilot DBS program as early as 2018 and six vendors (Bolt, Lime,
Razor, Sheed, Spin, and Bird) were permitted for operation by August 2019 (PBOT,
2020). Equity is a major policy priority for the dockless program, including an equitable
deployment of fleets in East Portland and an evaluation of thenlmme pricing plans

offered by each vendor (PBOT, 2020).

| summarize the STR regulation time frame and the basic information on the
shared micromobility programs (SBBS and DBSJ able 4-1. The heterogeneities in
STR regulations, SBBS deployment, and DBS equity priority can hopefully explain
variations in the @atial patterns of the three types of sharing economy activities

revealed in the analytical sections.

Table 4-1. City level regulation on STR and adoption of shared micromobility

STR
SBBY SBBS DBS
City Reguquaun Publ SBB. Launc DBS DBS.
Ef fec Equi VenddqEqui
Yearn Part Year
Year
Pil ot
Was hi n Octob 2017;
DC 2019 201 Publ Yes | aunc 9 Ye s
20109
Bost o Janua No ri
201] Publ| Som{zone 2 N o
MA 20109 2020
June Pil ot
Chical|( Amend 201.P‘.””tr80m 2019; 3 N o
I L Septer wi t h l aunc
2020) 2020
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De c e mt
Loui s 2015 Pil ot
K Y ( Amend 201 Publ| Som 2018 4 Som
May 2
Pil ot
Mi nnea Novemlk 2018,
MN 2020 201 Publ Yes L S i 3 Som
2019
2F0e1b6r u( Partn Pil ot
Austi ( Bi k 2018,
overru 2011 Som 10 N o
T X Shar regul a
Noveml Aus t 20109
2019)
Los An| Novemtk Pil ot
CA 2019 201¢ Publ| Som 2019 8 Yes
(JA“g'ryee: Pil ot
Porthl with A 201¢P8"tN gom 2018, 4 Yes
OR . wi t h updat ¢
ln Sep 20292
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4.3 Methodology

In this section, | discuss research strategies to unveil the spatial patterns of STR

listings, SBBStrips, and DBS trips in eight cities. In addition, | outline the analytical

framework that establish the relationship between the spatial patterns of the sharing

economy

acti

vit

i es

and

a

nei ghborhood©os

to a polcy discussion manifested from the analytical results.

4.3.1Examining spatial patterns

To describe and compare different spatial patterns for the three types of sharing

economy activities, | adopt three strategies: (1) normalizing the activity §Stirigjs,

SBBS trips, and DBS trips) distributions by households/population at the census tract

level, (2) mapping the spatial distributions for eyeballing spatial patterns (clusters,

dispersion, and absence), and (3) statistically evaluating spatiarsiesl/differences.
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STR listing density is normalized by the number of households while
SBBS/DBS trip densities are normalized by population in a census tract. In map
visualizations, the same set of five levels of density (including a null level) aiedappl
to all eight cities for crossity comparisons. The summary statistics of the density
variables overview the level of activeness or diffusion of STR, SBBS, and DBS in a
city. Map observations further display where STR, SBBS, and DBS are most popular
in eight cities. Combining the knowledge about neighborhood points of interest and
land use, | can make initial inferences on the likely users and their purposes of use for

all three types of sharing economy activities.

To evaluate the spatial similaritidgferences in a quantitative, rigorous
fashion, | L sdafisfick yLee L 20@L) t® quantify the bivariate spatial
association between STR, LstiitiRSanekgadtwdyBS de n
t hat i nt e g rrestatste, wRiah dscosvenidnally used to evaluate the
bi variate associati on olfstatistiey avhic is esedas ® ut i ons
univariate indicator of spatial clusters and dispersions (Lee, 2001; Kim et al., 2018).

Lee (2001) drmevariate sphaéassodiationsaoktwofvariables and their
pointto-point association ina certainformé |1t i s a c¢cl ass of | ocal

association (LISA) globally defined by Anselin (1995).

L e elLétatistic is formally defined iEquation (1) (Lee, 2001):




wherew B71 w andw B7]1 w are the weighted averages of
neighbors defined by the restandardized spatial weightmatrix W with weight
elements of  between the two observationand]. cdlandware the spatially lagged
(SL) vectors oK andY, the underlying variables of interest. A spatial smoothing scalar
(SSS) is defined as the ratio of two sumssqtiares. It measures the degree of
smoothing of a geographic pattern with its observations represented by the

corresponding elements in a SL vector.

't i s revehils ng mdrag rLekewst quantitative
r when evaluating the calation between two geographically associated variables
(distributions) in that the spati al rel at. i

L to allow for spatially varying variances or local instability in variance (Lee, 2001).

When establishinghe spatial relationship (weights) using the census tract
shapefiles for eight cities, | adopt the row standardized neighbors consistent with the
spatial weight matrixW) s p e c i f L statistics. Rowstadai@ization takes the
given weight ard divides them by the row sum such that each row sum of all
weights equals 1 and the sum of all weights for all rows eqquale total number of

observations (census tracts). Formally, row standardization is expredsqdation

(2):

Last but not least, the queen contiguity is assumed when defining neighbors,
which means any census tract that shares a common edge or a common vertex is

considered the Aneighboro for a given cens
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4.3.2The sharing economgctivitiesand neighborhood social vulnerability

While examining the spatial patterns of different sharing economy activities is
meaningful in itself, | take another step by interacting the spatial patterns with the social
vulnerability of an underlying neighborhood (census tract). By doing so, | aim to
understand whether the sudden rise of the sharing economy may benefit the socially
vulnerable population in these major cities, or it has minor/potentially negative effects

on their neighborhoods.

| introduce the social vulnerability index (SVI) created by the Centers for
Disease Control and Prevention (CDC) as an objective metric that evaluates a
communi tyods soci al vulnerability against
Without pettifogging the details about the methodology behind SVI (documented in
CDC (2020)), | briefly describe SVI as a percentile index (between 0 and 1, higher
value means higher social vulnerability) that ranks census tracts on 15 sociat¥actors
tha can be grouped into four themes: socioeconomic status, household composition
and disability, minority status and language, and housing type and transportation. SVI
ranks census tract within each state and the District of Columbia, which means it
measuresrelative social vulnerability within each state. The composite index is
primarily used in my analysis when interacting with the distribution of the sharing

economy activities at the census tract level.

12 The list of factors include below poverty, unemployed, income, no high school diploma, aged 65 or
older, aged 17 or younger, civilian with disability, singlerent households, minority, speaking
Engl i sh #l es sunitshuetore, mabilelhansecrowdirig,tno vehicle, and group quarters.
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I first c hstatistids between SERESBEBS density variables
and SVI at the census tract level to derive a-latxel spatial correlation between the
activeness of the sharing economy activities and the level of social vulnerability. If
Leebs L statistics ar e makethecase that thevghdriyg negat
economy activities are not popular in the more disadvantaged communities in a city,
which can say a great deal about whether the emerging economy can potentially

generate localized benefit to the socially vulnerable populati

| then highlight census tracts with (1) relatively low social vulnerability
(SVI<0.25) and relatively high level of activeness in STR, SBBS, and DBS; (2)
relatively high social vulnerability (SVI>0.75) and relatively high level of activeness
in STR, SBS, and DBS; and (3) relatively high social vulnerability (SVI>0.75) and
relatively low level of activeness in STR, SBBS, and DBS. | will explain how the levels
of activeness are drawn in the result section. Through the simple bivariate tabulation
and visalization, | can confirm (1) whether some socially advantageous
neighborhoods coincide with high intensity of the sharing economy activities; (2)
whether some socially vulnerable neighborhoods get exposed to highly active sharing
economy activities and whé means to such neighborhoods; and (3) that the three
types of sharing economy products are not frequently utilized in the majority of the

socially vulnerable neighborhoods.

Finally, I single out neighborhoods with relatively high STR density and
relatively high social vulnerability in each of the eight cities and use previous empirical
findings on neighborhood gentrification to assess whether STR could potentially

accelerate or aggravate the ongoing gentrification trend in those neighborhoods and
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jeopadize the socially vulnerable population by increasing their housing burdens. A
growing volume of literature (Barron, Kung, & Proserpio, 2021; Horn & Merante, 2017;
Zou, 2020) suggests that the rapid growth of STR market is making housing less
affordable inmajor U.S. cities. Therefore, identifying gentrifying neighborhoods that
house socially vulnerable population with a burgeoning STR market is of policy

interest towards housing justice.

4.4Data

In this section, | explain the data source for three typestofites in eight
cities. They largely from publicly available sources through thady webscrapping
or a citydéds open data portal. |1 then summart
patterns in map representations. | will discuss potentiplications on three types of

activities based on summary statistics and map patterns.

4.4 1Data sources

Data availability is the golden standard for quantitative research on emerging
urban technologies as higfuality data are rarely available publiclyelocratization
of data has long been recognized in the planning community as a key component of
communitybased planning process (Sawicki & Craig, 1996), especially in the age of
smart cities where data from information and telecommunication technolt@ies (
are ubiquitously generated, processed, andlyzed to facilitate decisiemaking
(Goodspeed, 2021). While data does not alwaysal the ground truth of mobility and

activity patterns,i t can potentiabubyseappeopl ¢ handadi W
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movement, ongoing business transactions, etc.) in real time, at -grdined
geography.

The data used in this chapter come from multiple sources: (1) Individual Airbnb
listing data come from Inside Airbnb (n.d.an indepenent, noacommercial website
that provides monthly updated, webraped Airbnb data. Inside Airbnb data provide
detailed information about an Airbnbds I|is
(anonymized), and its booking activities. One exceptsobouisville, where the STR
registration data is publicly available on their open data portal. (2) SBBS trip data are
fetched fr om-sharmg data portal. While thebinfokneation contained in
the data may differ slightly, the most useful infation for this study is the station
|l ocation for a SBBS tripbdbs origin. (3) The
in this study is the availability of DBS data. Except for Washington DC, where | am
able to collect DBS trip data through wstraing, the other cities provide aggregated
DBS trip data either at the street segment level (Boston and Minneapolis), the census
block group level (Los Angeles and Portland) or the census tract level (Chicago,
Louisville, and Austin). For analytical congsty, | further aggregate the more
disaggregated data at the census tract level for all three types of sharing economy

activities. The data sources are summarizechinle 4-2.

Notice that September is used as a representative month for all three types of
activities for most cities due to (1) data availability and (2) the seasonal activeness of
the sharing economy activities. If | choose another month in the winter, the level of

activeness and geographical spread of STR listings and shared micromolpiity tri
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could be significantly underestimated. It is not accurate to average monthly statistics,

either, especially for the spatial data.

Table 4-2. Data sources for eight cities

. Ai rbn| STR SBBY SBBY DBS
City Data|List SBBS DStat Trinp DBS Da Trip

Il nsid Capit LI ME t
Washin Airbn Bi keshgd dat a ( 13
DC Septern 9’Z(da’[a, 563360, Iocati127’0

2019 2019 August

LI ME t

Il nsid Bl uehlirk data (&

Bosto Air bn dat a, segmen
MA Sept en 5. 71 Sept enm 3251363, aver a 34,08

20109 20109 mont h

2019

Chicag

I nsid Di vvy scoot e
Chica Airbn d trip dat a | d
I L Sept en 8., 8¢% Sept en 608493, censua/( 160, 8

2019 2019 Sept en

20109

Jeffe MAAAARA

Loui s\ Count LouVel ¢ data7
K Y Data, 1,1 dat a, 28 4‘7Ecensus 62,0

Febru 2018

2020 Sept en

20109

Mi nnea

I nsid Ni ce Ri scoot e

Mi nneal/ Airbn 4 dat a, (by st
MN Septern 6.61 Sept en 2001 52,8 segmen 218, 1

2019 2019 Sept en

20109

Share

I nsid Met r o B mi cr o mg

Austi Airbn trip (¢ trip d
TX Septerll’3 Sept en 96 8’6]censu)s, 584, @

2019 2019 Sept en

2019

Il nsid Me t Biok Dockl e}

Los An Airbn Share open di
44,9 data, 243| 30,7 1,103

CA Septern census

2019 Septen group

20109

B LIME is one of the six vendors active at the time when data were colléatedrding to Younes et

al. (2020), approximate Y4 of the trips in the District of Columbia were made by LIME bikes/e

scooters. Therefe, for a popular month like September, the overall number of trips should be around
half a million for all dockless vendors.

1t is expressed in total DBS mileage on all street segments rather than DBS trip count from the raw
data in BostonThe averag®BS trip distance is between 0.6 miles (Younes et al., 2020) and 0.7 miles
(Zou et al., 2020). Therefore, | can assume that the trip volume for Boston is probably between 50,000
T 60,000 in one month.
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Sept en

20109
E-scoot ¢
Il nsid Bi ket o\ open d:
Portl Airbn dat a, census d
OR Sept en 4. 49 Septenmn 133)35,3 group 119,39
2019 2019 Sept en
2019

Based onTable 4-2, Los Angeles, Austin, and Washington DC all have a

sizable Airbnb market, especially Washington €&a@isidering the size of the city itself.

These three cities also accommodate a large volume of DBS trips, suggesting the quick

diffusion of the sharing economy technologies from the private sector in these cities.

On the other hand, Louisville has a relaty small market for Aironb and DBS.

Because SBBS programs are owned by the city, the deployment of SBBS fleets

depends on

Boston, and Chicago operate a sizable SBBS program cethfmmother cities in the

a

cityods

i nvest ment

nt o

shared

study (and perhaps other U.S. cities). Los Angeles has a surprisingly small SBBS trip

volume given the geographical extent and the population size of the city. Similarly,

Austin has a rather small SBBS program for the size ofitieLouisville, again, has

the smallest SBBS program among the eight cities in the study.

4.4.2Summary statistics of STR, SBBS, and DBS densities

| first normalize STR listings by households and SBBS/DBS trips by population

at the census tract level for all eight cities. This allows me to-carspare density

between different neighborhoods in a city and between different cities. The aggregate

city-level densities (and the standard deviations) for STR, SBBS, and DBS are listed in

Table 4-3.
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At the aggregate, Washington DC has the highest density in Airbnb listings

(32.6 listings per 1,000 households) among eight cities while Louisville has the lowes

(3.6 listings per 1,000 households). It is no surprise that the major tourist destinations

like DC, Boston, Austin, and Los Angeles are popular for STR businesses. The standard

deviation of STR density is also high for these cities, suggesting thatiSihgd are

not even distributed amongst neighborhoods (census tracts).

Table 4-3. STR, SBBS, and DBS densities by census tract in eight cities

STR SBBS DBS

densi densi densi N
City (l1ist s.dl (tri s.d (ips| s.d

tra

1, 00 ( perso perso

househ a mon a mon
Wa s hi rDgCt 32.6138.84 0.45/45.4 0.18/35.4 179
B o s tMdAN 17.2917.2 0.24/ 0.6 0.06%]0.74{ 212
Chicago 7.56(010.4 0.16| 0. 4 0. 04| 0. 3] 86 4
Loui svil 3.56710.0¢ 0.00/ 0.0 0.08/ 0.5( 191
Mi nneapo 13.13 9.7 0.10{ 0.1 0.38/ 0.8] 144
Austin, 22.3639.4 0.00[0.0 0.47|2.61 222
Los Ange 18.2429.0¢ 0.00/ 0.0 0.23/0.9(115
Portl an 12.8514.2 0.04/ 0.1 0.22/ 0.8{ 173

Citywide public bikesharing is more popular in Washington DC, Boston, and

Chi

cago,

especially i

n

t

he

nat.i

onos

capital

as a citywide mobility strategy for mode shifts from auto to the sustainable non

motorized tavel. On the other hand, not as many SBBS trips are taken in Louisville,

Austin, Los Angeles, and Portland. It is evident that Louisville, Austin, and Portland

have not had massive a deployment of SBBS fleets or built as many stations as other

cities, everthough population wise they are comparable to Minneapolis, Boston, and

5 The unit of analysis is trip miles/person in a mdisihBoston as the raw data are DBS mileage
rather than trip count
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Washington DC (between 0141 mi | I i on within the <city ©bo
Metro Bike Share struggled to attract riders due to stiff competitions from other

dockless operators dtd time (Nelson, 2018).

The DBS trip density is relatively high in Austin, Los Angeles, and Portland,
but quite low in Louisville. For Boston and Chicago, the regulatory restrictions/pilot
curbedes coot er sharingos dprobdbly il the single Migesth i ngt or
DBS market among the eight cities as the data | collected only reflects DBS trips taken
by one of the six vendors at the time. The standard deviations for SBBS and DBS trip
densities in DC are visibly high for their meahge to the extremely high trip densities
at the National Mall where an overwhelming number of trips were taken in a

business/sightseeing neighborhood with few residents.

Overall, SBBS and DBS usages are low in all eight cities, with less than one
trip perperson in a month. On average an American takes four trips per day (120 trips
per monthd®, which means that shared micromobility takes less than one percent of the
mode share even in a city like Washington DC. Louisville is not popular for any of the
three types of sharing economy activities, possibly due to the fact that the city is not a
popular tourist destination. The summary statistics imply that the tauigstted

sharing economy thrive in cities with a high volume of visitors.

16 Bureau of Transportation Statistics (n.dased on data from the 2017 National Household Travel
Survey.
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4.4.3 Mapping the Sgtial Patterns of STR, SBBS, and DBS

| then map the spatial distributions of STR, SBBS, and DBS densities at the
census tract level to (a) visually examine where the sharing economy activities are
clustered in eight cities, (b) compare the activity denfiy STR, SBBS, DBS,
respectively) across eight cities by applying the same density cutoff values for different
cities, and (c) visually identify the similarities and differences between different

activity densities (STR, SBBS, and DBS) within the same cit

The maps of STR listing density arsualizedin Figure 4-1ai Figure 4-1h.
| use three cutoff values for mapping purposes (10, 20, 40 listings per 1,000 households)
across all eight cities to allow observations of the spatial patterns within asomglla
as direct comparison across eight cities. These three cutoff values reasonably divide
census tracts into four density categories (besides the category with null value for STR
density). From the direct map observation, | identify three types of 8i5Recs: (1)
city center where business and tourist attractions are located; (2) touristy areas, such as
neighborhoods along Charles River in Boston, seaside neighborhoods in Venice and
Long Beach in Los Angeles, and west side of Washington DC; and @#)boehoods
adjacent to the airport in Boston (BOS), Los Angeles (LAX), and Portland (PDX). The
further away from the central city, the residential areas are less popular for STR
activities. | am interested in examining the relationship between a neiglobdridos
social vulnerability and its activeness in STR business. | hypothesize that STR listings
are concentrated in socially advantageous areas in a city. In addition, STR may also
cluster in gentrifying neighborhoods home to minorityAmeome populationdn the

next section, | will establish the aggregate correlation between social vulnerability and
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STR density by census tract in eight cities. In addition, | will single out census tracts
of a relatively high STR density and high social vulnerability arassreference
empirical work on gentrification to identify potential acceleration or aggravation of

neighborhood gentrification from the growing STR business.
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The maps of SBBS density goeesentedn Figure 4-2ai Figure 4-2h. | use

three cutoff values: 0.5/1/2 trips per person in a month. These cutoff values are chosen

for an underlying consideration of SBBS trip frequency. In addition, a trip is located

whereits starting station is (inside of a census tract), which means there is a good

chance that some intermediate trips taken outside of the station areas are omitted from

the dataset. However, | argue that the use of SBBS is closely related to the ldcation o

a docking stati

on

whi ch

means

a

stati

SBBS trip density. When examining the spatial patterns of SBBS trip density, | find

that Boston, Chicago, Minneapolis, Portland, and Washington DC have more
widespead spatial coverage across the city. Boston, Chicago, and Washington DC

have relatively abundant SBBS trips taken in central city and its adjacent
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neighborhoods, suggesting substantial public investment into their publishakieg
programs in three éés. Indeed, these three cities are among the top six cities of SBBS
ridership in the U.S. (NACTO, 2020), as evident in their number of stations and
monthly ridership provided iffable 4-2. While the overall ridership is not as high in
Minneapolis and Pdend as it is in the other three aforementioned cities, the even
coverage suggests the adequacy of infrastructure (stations) across their city boundary.
On the other hand, for a geographically extended, heavily populated metropolis like
Los Angeles, the SBS trips are limited to a few activity centers/ tourist attractions
(downtown, Venice, Burbank, and Long Beach). Previous -$lileing study
(Crowther et al., 2019) and news coverage (Clark, 2016) on the Metro Bike Share
system attribute the low ridershifp its less ambitious plan to cover the large
metropolitan area, the lack of integration with the mass transit network, and its
relatively high fare (later reduced to a reasonable level). As for Austin and Louisville,
two mid-sized (around 1 million popuian) metropolises, have limited public bike

sharing services that are constrained in the city center.
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The maps of DBS density apeesentedn Figure 4-3ai Figure 4-3h. | apply
the same threshold values as those for SBBS density maps. It is noticeable that DBS
trips are more widespread than SBBS trips across the city boundary for Austin, Los
Angeles, and Louisville. Fromable 4-2, the total number of DBS trips are 66h&s,
36 times, and 13 times of the number of SBBS trips for these cities, respectively.
Because docklessh#kes and escooters are not confined by the location of a docking
station, they provide more flexible mobility than SBBS bikes. Hence, we alsorebser
a more widespread coverage of DBS trips in Minneapolis, Washington DC, and eastern
Portland. Unlike SBBS, DBS trips are infrequently taken in western Portland (evident
i n PBOT, 2020) . As explained previously,
restrictins make their DBS market unique cases to study. Spatially, DBS trips well
cover the entire pilot area in Chicago, with a cluster of trips to the west of the Chicago
Loop. For Boston, since-gcooters are prohibited for parking inside the city, the trips
are not frequently taken on the street except in neighborhoods adjacent to Cambridge,
Somerville, Chelsea, and Winthrop, where DBS vendors were permitted for operation.
Especially on Deer Island south of Winthrop (the dark blue tip on the seashore), many

DBS trips were taken perhaps for recreational purposes.
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One may argue that DBS seems to provide more accessible services than SBBS
based on the initial map comparison between thetyywes of shared micromobility.
While the perception may be true for most cities, DBS trips seem to be more
concentrated in neighborhoods of the central city than SBBS trips in Washington DC.
Younes et al. (2020) find that DBS are more likely to be useaiiidday and weekend
leisure trips than SBBS, which could explain the deeper geographic concentration of
DBS trips taken on the National Mall and its surrounding commercial/historical

neighborhoods.

Overall, STR listings, SBBS trips, and DBS trips alldea cluster in central
city, where commercial, social, and leisure activities are most vigorous aiud- out
towners would spend time visiting. For STR, there is also a tendency of clustering at
residenti al nei ghbor hoods makesrsense anBRr opol i
can function as a transient lodging for overnight travelers to/from an Airport. These
findings support the tourisiriented sharing economy in terms of where the
lodging/transportation demand and resources are for catering visitams. fFron e ci t y 6 s
perspective, this means a more critical evaluation should be made to each type of the
sharing economy activity (STR, SBBS, and DBS). More importantly, attentions must
be focused on neighborhoods overwhelmed with/ lacking the activities. Imettie
section, | will present correlational analytical results on spatial similarities/differences
between the three types of activities, between their densities and the underlying social
vulnerability of a neighborhood, and whether STR business may eate¢dggravate

gentrification in some socially vulnerable neighborhoods in the eight cities of this study.
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4 5Results

Il n this secti on, L bktatidtigsthattidenpfy teesbiwaridte t h e
spatial similarities/differences between the STR, SBBS, DBS, and SVI variables for
eight cities. Then, | summarize the interactions between SVI and the density variables
to reveal census tracts of high social vulbdity and low/high STR/SBBS/DBS
densities. Lastly, | list the neighborhoods of high STR density and high social
vulnerabilities (in different themes) and combine previous empirical evidence on
gentrification to reveal the potential impact of STR actigibe the gentrification trend

in some highly vulnerable neighborhoods.

4.5.1 The spatial similarities and differences between STR, SBBS, and DBS

T h e LlLestafisics of spatial correlationTdble 4-4) exhibit bivariate
similarities in spatial distributions lveten STR listing density, SBBS trip density, and
DBS trip density. The three types of sharing economy activities are distributed similarly
( L ele>&G&25) in Washington DC, Austin, and Los Angeles. These cities, regardless
of their size, have strong adtiy centers with various tourist attractions and points of
interest. For Minneapolis, public bisharing and private-gcooter sharing trips are
densely distributed in the downtown area
statistics. However, Airbnkdgtings are more even distributed in downtown adjacent
neighborhoods than SBBS and DBS. Public {skaring and Airbnb activities are
distributed in Similarly for Portland, SBBS and DBS trips are concentrated in
downtown areas while STR listings also céush residential neighborhoods across the
Willamette River. Boston and Chicago are two cities with different levels of restriction

on escooter sharing: The former strictly prohibitss@oter sharing on the street
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(however, it does not specify how to erde such restriction, thereby a number of trips

were taken in the city); The latter permits DBS operationa demonstrative zone
outside of the city center, which introduces a policy intervention that would disagree
with the businesasusual target m&et for escooter sharing (for downtown
commuting and | ei sur el statisticsp SBBS tripRand ISERc t e d
listings are distributed somewhat similarly (>0.25) in both cities while DBS trips are
distributed differently. Unless cities signiiatly interfere with the entry or expansion

of the sharing economy, the spatial patterns of STR, SBBS, and DBS generally agree

with where activities are concentrated.

Table 4-4. L & statistics between STR, SBBS, DBS densities, and SVI

STR STR | SBBIS| STR | SBBIS| DB$%

City SBBY DBS DBS SVI SVI SVI
(1) (2)} (3)] (4)] (5)] (6)

Washi Dt o| 0. 44 0.45 0.6¢ -0.3 0.21-0.2
B o s tMAn 0.2 -0.04 -0.0 0.0 0.1 0.1
Chicago, 0.39 0.272 0.19 -0.3 0.3¢ -0.1
Louisvill|] 0.2 0.24 0.1% 0.0 0.0§ 0.0¢
Mi nneapoli 0.1 0.15 0.3§ 0.1(0qQ 0.04 0.04#¢
Austin, 0.41 0.453 0.4242 0.04 0.0 0.0
Los Angelg 0.25 0.35 0.41-0.2] 0.03-0.0
Portland, 0.18§ 0.104 0.37%7 -0.2 0.0] -0.0

| then test the bivariate spatial correlation between STR listing density/ SBBS
trip density/ DBS trip density and the level of social vulnerability of a neighborhood.
In Washington DC, Airbnb listings are clustered in neighborhoods otratellow
social vulnerability, as suggested in the negative correlattdb876). There is also a

tendency of fewer SBBS/DBS trips taken in neighborhoods of high social vulnerability
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in DC, but the spatial correlations are not as obvious as the oneRolisiigs. The

negative correlation between Airbnb listing density/ SBBS trip density and a

nei ghborhooddés | evel o0 #0.25)mChicago. Theumbjorigyr abi | i t
of Chicagods West Side and SoutyetthBsede ar e
areas are not desirable for STR or the usage of publiesbidweng. West Side and

South Side are less prosperous areas with high crime rates, which is deemed
undesirable for short stays for a tourist or cycling for leisure. In Los Angeles, STR

listings are usually found in touristy neighborhoods near Santa Monica and Long Beach,

the wealthy, mountainous neighborhoods in Laurel Canyon and Hollywood Hills, and

the gentrifying neighborhoods in Korean Town, Chinatown, and downtown Los
Angeles. Hence| observe a negative correlatior0.232) between Airbnb listing

density and the social vulnerability index. A similar pattern is found in Portland, where

Airbnb listings are clustered in less socially vulnerable neighborhoods in

central/northeastern Ptanhd.

4.5.2 Are sharing economy activities reaching socially vulnerable

neighborhoods?

If the STR density is <10 listings per 1,000 households in a census tract, | denote
it as low density; if the STR density is >40 listings per 1,000 households in a census
tract, | denote it as high density. For shared micromobility (SBBS and DBS), if the
density is <0.5 trips per person (in one month) in a census tract, | denote it as low
density; if the density is >2 trips per person (in one month) in a census tract, | denote it
as high density. There is no uniform standards in determining what is lowydens

versus high density. My rationale is primarily based on the underlying density
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distribution for the three types of sharing economy activities {[&dxe 4-3). For
SBBS and DBS, the Iowdensity cutoff is larger than the average -btyel density to
reflect the fact that shared micromobility is a niche product in the transportation system,

not as widely adopted as one hopes to achieve a significant influence on mode share.

| then interact these densities with the underlying SVI level of a census tract.
The number of census tracts of high SVI (>0.75) as a percentage of all census tracts
within a city, and the crogsbulation of highSVI tracts by high/low density of

STR/SBBS/DBS are listed ifiable 4-5.

Table 4-5. Summary of census tracts of5TR/SBBS/DBS densities & SVI

Hi gShv I STR SBBS DBS
. tracts
City
tract| Hjgf Low| Higlh Low| Higl Low
(Percengens/idens/dens/dens/dens|dens
Washinl g5/179 3 25 0 57 0 60
DC
BostMAn| 61/ 212 2 30 1 57 0 61
Chicag| 357/ 864 1 311 0 357 0 352
Loui sv
K'Y 54/ 191 1 47 0 53 1 51
Mi nnea
MN 51/ 144 1 10 0 25 0 2 4
Austin 35/ 222 6 18 0 35 2 33
LOEAA” 530/115| 23 | 345| 1 529 16 | 503
Portla| 34/ 173 1 31 1 33 1 33

The city that has the highest percentage of highly socially vulnerable
neighborhoods is Los Angeles (46%) while the lowest is Austin (16%). All eight cities
have at least one census tract of high SVI and high STR density. Austin and Los
Angeles arguably lv& more such tracts. It is worth examining the gentrification trend

on these census tracts. If they are gentrified or gentrifying, then active STR businesses
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could further aggravate/accelerate gentrification and displace the disadvantaged
households by fliping longterm rental space for shedrn rental purposes (to
accommodate transient visitors, in lieu of housing local residents) or bidding up

rents/housing prices.

Furthermore, almost all of the highly socially vulnerable neighborhoods in eight
citieshave low usage of shared micromobility. By mapping highly socially vulnerable
census tracts with high/low SBBS/DBS densities, | argue that the current level of
shared micromobility usage in minorApopulated, low sociabpportunity
neighborhoodsismarggnl t o | mpact | oc al The mteractioasnt s 6

maps are attached Appendix A.

In summary, in neighborhoods where socially vulnerable populations are
concentrated, there are not as many sharing economy activities as some less socially
vulnerable activities centers. On the one hand, it signifies the inherent disadvantages of
such neighborhoods (lack of points of interest, lack of tourists, lack ofofietech
savvy residents), which could explain their low demand for shared micromaiilit
tourist accommodation. On the other hand, it imposes the equity concerns over the
uneven distribution of STR/SBBS/DBS activitesorF SBBS and DBS,
transportation authority, policymakers, and community leaders need to look into the
low ridership in the socially vulnerable neighborhoods: what are the potential causes?
Could it be low availability of fleets or stations? Coulbetthat the price is out of the
reach for lowincome households? Could it be the unfavorable built environment that
makes residents feel less safe to bike? Such information can only be obtained through

survey or qualitative research. For STR, the imphecet are twefolded: (1) Just like

125

t

r



SBBS and DBS, there are inherent reasons to explain the unpopularity of STR in much
of the high vulnerability neighborhoods. Improving neighborhood quality of life can
not only attract tourist visits/lodging, but also yide economic opportunities for local
residents. (2) the housing authority and policymakers should pay close attention to the
gentrifying neighborhoods that are also active in STR activities, making sure that
commercial STR activities are prohibited andRS/Egulations are enforced to prevent

an overheated STR market that may worsen the gentrification trends.

4.5.3 Socially vulnerable neighborhoods of active STR: On the verge of

gentrification?

In the previous subsection, | identify the number of censatstod high social
vulnerability and high STR activity level in each city. In this subsection, | will further
examine each of such census tract in terms of the dimensions of their social
vulnerability (as reflected in the themes of SVI) and their gerdtiba status based on

existing empirical evidence. The results are present@dbie 4-6.

Table 4-6. The list of census tracts of high STR density and high SVI

. . SVI| SVI|SVI|SVI Gentrify
City Di strl{Census (1) (2) (3) (4) Gentrifi
Washingt/iCapitqgl110010 H M M L Gentftif
Washingt/Capitqgl10010 M M M H Gentftif
Washingt|] Anaco| 110010 H H M H Gent ftif
B,\;AS“’” South|2502507] H L H | H Not gelnt
Boston| Missi o
MA Hi Il 250250 M M H H Gent #i?f |
Chicag| Near | 13,
L Si de 170318 H M M H Not gelnt
LOKUYISVIDownttzllllo( H L M H Not gelnt
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Mi nneap| Ventu 5
MN ViIIa270530 H Nodent t i°f
A#;t'” East 4484530( M Gent ri fyj
Austin 1
T X East /4484530 M Gent ri $f
Austin 1
T X East 4484530 M Gent rii fy
Austin 1
T X East 4484530 H Gent ri $f
Austin 1
T X East 4484530 H Gent ri $f
Austin 1
T X East /4484530 H Gent rii fy

LOéAAng UCLA|060377( H Not geln?

LOéAA“Q Hol Il y{060371{ H Nogent ¥ itf

LOéAAng Hol | y\060371{ H Not geln?

Los ANgl o111y 0603714 H Not geln?
CA

LOéAA“g Hol |l y{060371¢ H Not geln?

Los Ang East 1
CA HoIIy\O60371 M Not gelnt

Los Ang H 1n ¢
CA ol lyy060371 H Not ge'n

LoéAA”g Hol | y\060371¢ H Not gelnt

Los ANGl bol 1 y|{060371¢ H Not geln?
CA

LOSAA“Q Hol I y({060371¢ H Not geln?

Los Ang| Wil sh 1
CA Par k 060372 H Not gelnt

F02 A"% Koreaf060372] H Gent Aidf i

LoéAA”g Korea{0603721 H Not gelnt

Loﬁgge" Pitoi (0603721 H Not gelnt

LOéAAng Pitoi (0603727 H Not geln?

Los ANGl Echo |060371¢ M Gent Ai3f i
CA

Los Ang El ysi 3
CA Par k 060379 H Nodent ti°f

LOéAAng China{060372( H Gent Ai3f i

L0229 bownto|060372( M Gent #if |

Los Ang| Downt (060372 H Gent fFi3f i
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CA
LOéAAng Downt (060372] H M H H Gent #i3f |
Lo% A"9 pownt(060372] H [ M | H | H Gent fidf |
"OéAAng Downt (060372] H L H H Gent #i3f |
Pookt'a Downt (4105101 H | M | M H | Not gelnt.
fiHO : Hi gh; fi Mo : Moder at e; fiLo:
SVI (slgcifmeconomic statues; SVI (2) for house
for housing and transportation
INCRECn.d.). Gentrification and Oppor
Preis, et algent2r0i2foi)c atMapmiamgd di spl
of four distinct methodol ogies
SUr ban Displacement Project. (2020).
“lnstitute for Housing Studies at DeH
Pressure in Chicago, 2020.
Refererf”Goetz, et al. (2019). The diversity
Mi nneapolis and St. Paul.
Sway , H. , Muglimaem, H., (20We) . Uproot g
Austinds gentrifying neighborhoods a
‘Bat es, L. (2013). Gentrification ang¢

inclusive

devel opmengte nsttrriaftiecgayt iionn .t h

The target census tractd high SVI and high STR densitin Louisville,

Chicago, Minneapolis, and Portland are not experiencing gentrification yet, it is thereby

important to monitor the activeness of STR in those neighborhoods anduralang

term rental housing stock is not replaced for STR purposes. In Washington DC, the

target census tracts in Capitol Hill and Anacostia have already experienced significant

gentrification (NCRC, n.d.). Active STR business could further inflate hgusilces

(Zou, 2020) in those neighborhoods and jeopardize housing affordability. In Boston,

the South End neighborhoods has not experienced significant gentrification, but the

active

STR busi

ness could become &e gent.

proximity to downtown and commercial areas, which makes it attractive for real estate

investment into STR. The Mission Hill area is gentrifying, housing a large Asian

population and a lovincome population (Boston Planning & Development Agency,

2017), ad dense in transit network. The high STR density could accelerate
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gentrification and adversely affect lewnc ome r esi dent s, incl udi
Cambridgeds coll ege students (Sullivan, 20
densi tyo t readicEast Awstin@djacehtdoshte downtown area. In a study
conducted by researchers at the University of Texas, Austin (Way, Mueller, &

We gmann, 2019) , the revitalized neighborho
core are socially vulnerable, changiin demography, high in housing burden, and

dynamic in the gentrification process. The SVI themes confirm the high degree of
vulnerability in terms of minority population and housing affordability in East Austin

as well. There is a strong incentive imalrestate development to entice young, working
professionals to move in these gentrifying neighborhoods, but the incentive also runs

the risk of displacing the losmcome, community of color who historically call these
neighborhoods home (Formby, 2018)r Eos Angeles, the City of Angels is one of

the hottest tourist destination in the country, which explains the popularity of &R

affordable lodging option and a way of experiencing the local lifestyle. A number of

Ahi gh SVI, hi ghre®datdid(EastsHollywodd, a toudst hotspota

The housing market is yet to be gentrified, but a cautious evaluation is needed to
understand the potential impact of active STR business on housing stock/housing cost

there. On the other hand, severagjhborhoods in Koreatown, Echo Park, Chinatown,

and downtown Los Angeles are already gentrified. Yetritieg popularity of STR

could further deteriorate the gentrification trends in theseihmame, Asian, and

Latino enclaves (Lee, 2016).

By investigaing into the individual census tract, | identify numerous cases

where STR business take off in gentrifying, highly socially vulnerable neighborhoods.
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Local housing authority and policymakers need to pay close attention to the affordable
rental housing sttk and rent/ housing price fluctuations in such neighborhoods.
Prioritizing housing affordability for longerm, socially disadvantaged renters and
enforcing STR regulations to prevent the STR market from overheating are closely
related policy tools for #se neighborhoods. In addition, monitoring housing stock and
housing cost in gentrifiable neighborhoods (indicated by a high level of STR activities)

should also become a housing policy priority-aigis STR regulations.

4 .6 Discussions

The datadriven statiical and spatial explorations of the three types of sharing
economy activities (STR, SBBS, and DBS) in eight U.S. cities reveal insights about
their unevenly distributed, touristiented business conducts. This study aims to
identify common trends andsises associated with these activities across cities, as well
as cityspecific issues and policy contexts when it comes to the welfare implications of
the three types of activities at the socially vulnerable neighborhoods. | come up with

the following empiical observations:

The major tourist destinations have high activity density for, SBBSand
DBS.STR density is high in Washington DC, Boston, Austin, and Los Angeles. DBS
density is relatively high in Washington DC, Austin, Minneapolis, Los Angetes, a
Portland. Policy restrictions on dockless shared mobility explain the low level of DBS
usage in Chicago and Boston. On the other hand, a less popular tourist destination like
Louisville attracts less STR business and SBBS/DBS usage. For publishaiiey,
due to infrastructure constraints (stations) and competitions from other micromobility

choices, trip density is low in many cities.
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The sharing economy activities are clustered in central Thy spatial patterns
of STR listings, SBBS trips, and DBfps suggest that downtown activity centers with
various points of interest attract the most sharing economy activities. In addition, STR
listings cluster at residential areas adjacent to the airport to accommodate overnight air
travelers. The spatial fiarns further reinforce the impression that STR, SBBS, and
DBS are primarily used for leisure purposes to cater for travelers. The spatial similarity
statistics further suggest that the overall spatial distribution of STR, SBBS, and DBS
tend to agree witkeach other, except when regulatory interventions (e.g., DBS in

Boston) are factored in.

Most neighborhoods of high social vulnerability have lbke-sharingactivity
density The majority of highly vulnerable census tracts (SVI>0.75) have low SBBS
and DBS trip density. There are different interpretations of the lackluster activities:
One interpretation is no infrastructure (e.g., SBBS stations) is built in those
neighborhoodsIn that case, the socially vulnerable communities are inequitably
treated in the sharing economy. While all eight cities implement asbiieng equity
program, not all of them address the equitable spatial distribution of SBBS stations
(and bikes) andBS fleets (ebikes and escooters). Cities like Washington DC, Los
Angeles, and Portland require DBS vendors to distribute a minimum number of
bikes/scooters in the disadvantaged communities and evaluate trip distribution
periodically. Other cities shoulébllow suit and guarantee SBBS and DBS fleet
availability in the socially vulnerable neighborhoods. Another interpretation is that
SBBS and DBS trips are too expensive/inconvenient for the socially vulnerable
popul ati on. For i ns togramavas,initidllycsticized fgrbéding s 6
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too expensive for the services they provided, which partly explain the low ridership
before a reduced fare was implemented (Clark, 2016). In that case, cities need to find
a balance between financial viability tgogrt a bikesharing program and providing
affordable services to the leiwcome individuals. A third possibility is the underlying
undesirability for cycling in many of the socially vulnerable neighborhoods. Such
undesirability could be associated witlcamplete/deteriorated bike facility, auto
centric street design, homogenous land use, and poor connectivity to public
transportation. A pedestrian/bieendly built environment is crucial to boost ron
mot ori zed travel, S0 i ansportation i anthoaty &and n t
policymakers dedicate more resources and approve capital investment plans to improve
the built environment in the socially vulnerable neighborhoods. Therbomge land

use plan should also consider land use diversity and stneectivity to transit, which

can also boost biksharing usage. This study is unable to tell the exact cause of low
bike-sharing ridership. | would argue that while the low ridership issue is common, we
need to look into individual city/program and sdsiar user/individuabased evidence

to reveal the causes.

Gentrifying, socially vulnerable neighborhoods with active STR business
require our attentionLike bikesharing, STR listings also cluster in neighborhoods of
relatively moderate/low socialvulnerability. It underlines the geographical
disadvantages (e.g., distance from activity centers, tourist hot spots, or transit centers)
and social disadvantages (e.g., neighborhood safety) of such areas. However, unlike
bike-sharing, there are a good nioen of socially vulnerable census tracts of high STR

density in all eight cities. For those neighborhoods, active STR business is a double
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edge sword: On the one hand, some-ioeome households may enjoy the financial
profit from operating an Airbnb. Ohe other hand, | identify tracts that are gentrifying

or gentrified, which means there exists a risk of rental housing stock shortage or
inflation of housing cost caused by active STR business in such neighborhoods that is
likely to displace their lowncome, socially disadvantaged, letgym renters. They

live in Capitol Hill/Anacostia in Washington DC, Mission Hill in Boston, East Austin,
and Koreatown/Chinatown in Los Angeles. City governments and housing interest
groups should examine the potential irtigaof shorterm rental business on the
housing market in those neighborhoods. Furthermore, enforcing STR regulations and
cooling the fervor in commercial real estate investment in STR business are necessary
to protect the interest of lortlgrm residentsvho are feeling the burden of the

increasing housing cost.

4.7 Final Remarks

The sharing economy has experienced a phenomenal growth in recent years.
While its various applications bring convenience to users and economic opportunities
to service providers (Amb hosts, for instance), it is criticized for disrupting the quality
of life for local communities (from dockless bikes and scooters cluttering sidewalks to
noisy parties on Airbnb properties). In this study, | explore the similarities and
differences irthe activity level and spatial patterns of three types of sharing economy
activitiesi STR, SBBS, and DBBin eight U.S. cities. Combining map observations,
statistical analysis, and existing empirical evidence, |ti@dSTR and shared micro
mobility are spatially distributed in a way to serve touridts particular, shared

micromobility is not frequently used in socially vulnerable neighborhoods, where a
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lack of affordable mobility choice could be a major transportation issue.-®nwrt

rentals couldbecome a new gentrifier that exacerbate gentrification in areas largely
consisting of socially disadvantaged populations, who are faced with an increasing cost

of living in the core urban area. While the adoption of STR, SBBS, and DBS greatly
dependsoneech <cityds regul atory approach, the a
across cities of different population sizes, sociodemographic compositions, and built
environment, suggesting that the rise of sharing economy follows a somewhat similar

logic despitet he speci fic city profile. I n addi ti c

growth of STR/SBBS/DBS cdpelearned by another city.

The limitation of this study lies in its lack of -olepth investigation and
explanation of the causes for the uneven spaditiérns in STR listings and SBBS/DBS
trips in each city. The anecdotal news coverage and previous empirical research hint at
the possible reasons that can explain why STR listings, publieshiéeng stations,
and dockless-scooters are concentratectattain part of a city. Nevertheless fully
uncover the equity issues surrounding these sharing economy activities, the passive
data on STR listings and shared micromobility trips must be analyzed with other types
of descriptive data, such as statedgnence survey data and user profile data, to arrive

at the nuanced insights.

The other limitation of the study is the level of geographic resolution in the
analysis. While census tract is an appropriate analytical level for this study, the degree
of aggrgation means losses of more nuanced information. | can describe the general
built environment and points of interest in a census tract and make inferences on their

relationship with the underlying activity level for STR and shared micromobility.
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However, he usage of bikée-scootersharing is sensitive to the block level locations

and street designs. STR business is also sensitive to the distance from neighborhood
activity centers and amenities. Disaggregated analyses using big data on shared
micromobility trips and STR listings/host profiles enable researchers to overcome

measurement errors in analyses at the more aggregated level.

Hospitality to tourists should not come at the cost of hostility to local residents.
Introducing shorterm rental business tthe city should not make housing less
affordable for lowincome households. Building public bikbaring stations should
consider areas of insufficient transit cov
Dockless escooter vendors should offer affiable options for lowincome, unbanked
individuals to access their services. It is only when the sharing economy improves the
quality of life for local residents that we can truly find a sustainable pathway for it to

be integrated into the urban economy.
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Chapt@andl:usi ons and Future Rese

The three empirical studi es, each with

broader social impact, explore and explain the equity issues and opportunities that need

to be addressed in policymaking addmming practices. In addition, | apply multiple

innovative techniques in GIS, economics, spatial analysis, and data sciences to take
advantage of the disaggregated big data in STR and shared micromobility. Together,

the research topics and the empiricablgses contribute to academic literature of
interdisciplinary research on emerging urban technologies. Furthermore, the results
from the empirical work are relevant to th

their policy agenda.

5.1Conclusions and cdnbutions

The $lkRomt rent al mar ket , supported by pl
Home Awaiymposes significant regulatory chall
on the housing market i mpact ohsETGRten albow:

the equity and policy implications of this

AQ)The quick STR mar ket expansion signifi
family housing pr:i cTehse iunn rVeagsuhliantgetdo nmaD ¢
prior to the mgtiydso S@Rfdctdt |i coM019 pr
incentive for real estate investment t
expensive city |ike Washington DC.

2 The price ef fect of STR unevenly af f

Washingt Becla@seneVvenbhspatial distribut
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the price inflation is more prominent
Adams Morgan, Shaw, Dupont Circle, and
for more than 1d&%mingr chaoues i otfpo vgnrn glee
DC between 2015 and 2017.

BThe spatially uneven pricmi edbfiecy cewl
homebuyers i n cer tSaoirmme nheisg hobroirchao odys r a
areas are significantly experiencing r
Shaw, CapitdlrihHhiiildlad, N@MAl Col umbi a Hei g
has already significantly i mpacted hou
highly concentrated STR | istings furth
making it movmaeodi ftfyi ciwlme bfugyrer s t o af f c

Met hodol ogical |l vy, my research combine i

i stings, housing data from DC, and other

analyses. The study is pebandhreeacdiyvéeomsl ni

coverages that draw a broad discussion on

The emesg@gamntgere sharing operations disru

District of Columbia and maewr st h&vhi UeSr i d

enjoy the cfornivemdleynt mo keicloi t vy, i ssscuoeost esrt ar t
regul ations and management. The second st uc
i mplicascoonseof sbari ng:

(1))Eesscooter shagninfgi ¢antplsy aa®sseci ated wi't
environment , soci al environment , and

Usingt irnexleoter trip trajectory dat a,
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expl ai nswhetrer etri ps are tnakeedn sdoverett
segment l evel. N-a trdl @ ntl iyn a thieont rk yi lotr i egr
mattessobbere usagdgeoediefsitird radl yoiikmrefrast:r
can signi f isccaonottleyr broiodsets eon the stree
nei ghbor hiophdesr oshar eh of the socially ¢
tends to atsdcoatcer ftewieps.,e al |l el se equ
concern abeuwtoowlket verhiel es are adequa
nei ghborhoods and whethenmémhie may aabf e
their usage in such neighborhoods.

(2)Ecscoot er sharing provides equity oppo
areas in WasWhinlgeé onh®Caverage treat men
segment anal ysi s ssucgogoetsietmsg stihhmarts itghna fu sce
l agged in the disadvantaged communiti ¢
t hat & hkhaimgehrearge numbert iothe PtM iamsd anri eg htt:
such areas as an alternative mobil ity
provtildeestransportation aut hesrciotoyt ear r ef
equity issues in the equity emphasi s a
| apply the traditional regression tech

and the-l emachimg based clustbedompgut-2tcihomalu e

intensive analytical framewbirke] ntithpstsajpye
big dat a, the empirical work significantly
emer gs agotter sharing from current | iteratur
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WashomgbC i s an exemplar of the sharing
urban policy world both gives it a compar af

and |imits the broader policy implications

The third paper osnepravrees Ch et op uortphoesre steov ecn
various popul ation sizes, soci al and built
sharing economy activities. The heterogene

common patterns ofrehelrestbodesed, athe vcommen

may explain such patterns, tdhpepediffifermpmlciesy
social / buil't environment context -cihagt can
exploration generhatses the following insig

(1)Sharing economy activities (ST®TRSBBS,
|l istings and shared micromobility tri
areas with many tourist attractions an
STR lIlistingseanl an alupbet to accommoda

2)The socially wvulnerable neighborhoods
economy :aciheithieegghbor hoods of hi gh
characterized by a high sHatiwacofmer aci a
househol ds, a high share of the el der
housing and transportation cost s, ar e
to open a STR-/asmrcdstthaanrriindge tar ibp .k e

BMagw gentrifying glreighdbioalhovodksnerahbhil it
STR busiAmessy e STR business offers real

t hat can be translated into a pricelr
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mar ket . For a gentrifying neighborhoo
vul nerable residents, such a pricel/ren
t hat di splttaecrens rtehse dlemnt ¢ . For this con
tracts that needs further examinations
4The policy contexts can dehdniatel yi € ¥

l evel s of STR and ByWaecddacegminchi o lihlei tey

regul ations and equity policies on ST
city, I understand why the sharing ec:
t hey haveatl mdasociattyest mi cromobi |l ity, |
publ i-ch & ikemg are more widely used. |In
the sharing economy |ike Austin, STR a

al so unevenly clustere@dasinldowntcowry ¢
explicit restrictions on DBS | i ke Bost
DBS trips significantly differ from ot
to quantify, but myyuamal y sdtuwavlgirtoastie dvees
approach to address them.

The third study also triesitg @addpeas s sm

isomething that has never been tried in em
before. I acknowledge bothhither poeamdch adgp!
and wil |l try to improve it in future resea
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5.2 Limitations and future research

There are areas of limitations for the dissertation research, where | hope to
revisit and refine in future research. To begin with, the equity perspectre implied
in each empirical work, rather than directly measured. The difficulty of equity research
is the dichotomy between what a researcher
di sadvantaged popul ations andegoimmabli ¢0 esF
instance, while | argue the unregulated STR market could overheat the housing market
in an expensive city like Washington DC, to many STR hosts of high social
vulnerability (e.g., lowincome, renters) a prosperous STR market could mean the
necessary extra income to make their |ivel
you build it, they will c omsm®dersfamdbikeain mor e f
neighborhoods of high social vulnerability may not coincide with what thal lo
communities prioritize. They may as well find that the truly useful solution to fill the
mobility gap is to expand public transitéos
of quantitative researchos | iwduatoagroupons : i n:
preferences. Equity, on the other hand, emphasize nothing but the appropriate

allocation of resources based on individual preferences.

In addition,l intersectSTR listings and micromobility trips with the census data
on sociallyvulnerable population within a neighborhood (either at the census block,
the block group, or the tract levah) approximate the adoption/usage of STR and
shared micromobility among such subpopulations. While it is a common research
approach to use censdemographic characteristics as a proxy for user demography,

the caveat of this approach is obvious: Fewer trips/listings dpgéamneighborhoods
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of many socially disadvantaged individuals do not equdkweer such individuals
renting out STRs or takingnicromobility trips. They may simply do so in the popular
neighborhoods like other§Vhile this caveat can hardly be fixed empirically with
limited information on user profiles (by all mean, protecting data privacy is the bottom
line for datadriven analyics), what | can do is to combine qualitative evidesteh

as news coverage, nonacademic reports, or qualitative sttitiéshay support my

equity arguments deduced from the empirical results

Theseshortcoming of analyses on passive data (data gathevithout the
involvement of the data provider, meaning that no user information can be ttaned)
be addressed with more qualitative research appesabit targets at users/nosers
such as survey, interview, field study, audit stuhdcontent aalysis(analyzing text,
documents, and other communication artifactsam fully willing to adopt these
research approaches fature research on thequity topics related to thsharing

economy.

In addition to the general limitations in defining equdggues and measuring
equity with passive data, | acknowledgher drawbacks specific to subtopics within
each empirical chaptefhe empirical work in Chapter 2 examined the period of rapid
STR market expansion in D.C. (2002 01 7 ) . Now tTRAilthasttdken ci t y & s
effect for almost two years and we just witnessed an unprecedented global pandemic
that smashed global tourism. It is highly relevant to revisit the study and examine new
housing market outcomes as a result of these policy/external shiodke second
study (and the third study), | focus on shared micromobility due to data availability (at

a finegrained resolution or available for multiple citie&hother important player in
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shared mobility, ridesourcing (operated by transportatiomar&tcompanies like Uber

and Lyft), is largelyneglected from the conversatiogks someone who has published
work on ridesourcing, | would love to include ridesourcing in future research on the
broader equity implications of shared mobilityfirmly believe that these shared
mobility options ought to serve all people, especially thmse who live in transit
underserved areas without a private vehiclghe third study, while | am able to pin
down census tracts of high social vulnerability and high STR density that undergo the
gentrification process, | cannot differentiate gentaficn caused by STR and
gentrification caused by other reasons, such as urban revitalizat@momic
developmentlin reality, disentangling the sources of gentrification and understanding
the relationship between gentrification and displacement arey tiagks for housing
researchersAs | stated, the empirical work in Chapter 4 is more exploratory than
explanatory at this point. | will need to establish multivariate analyses to truly control
for cofounding factors besides STR activities that may exgaintrification and

displacement in the study areas.

In addition, | could further polish the empirical analyses in each of the three
empirical studies!| could extend the study period of the first study to capture the
regulatory signaling and regulatorffeé ct i veness of the cityods
STR activeness. Perhaps, a dramatically different picture may occur as the price
bidding behavior could have stopped due to stricter restrictions on STR. | could adopt
a multtlevel analysis and try mordegant ways to sample the large dataset in the
second study to diminish the naegligible computational costs. | could build

multivariate analyses (regression based or madbar@ing based) for the third study
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to formally quantify the impact of policyaviations and social/built environment
variations by different cities on the spatial densities of STR, SBBS, and DBS activities.
| could also find a less arbitrary way to set the density cutoffs for the three types of

sharing economy activities.

Last but mt least, | did not spend a significant number of words addressing the
existing policy tools planning practicegtaxation, pricing scheme, mapping of the
equity priority area, etc.and their effectiveness controlling theunregulated STR
market growth,correcting the nonrandom distribution of shared micromobility
vehicles/trips, andupportingthe overarching equity goals in overseeing the sharing
economy.While | acknowledge the importance of bridging research with planning
practices, | admit that aomprehensive review is needed to make sure that | do not
overlook any useful resources of planning and policymakingavis the equity

perspectives of the sharing economy (or even the broader smatrt cities vision).

The theory of everything does not exigét. | shall continue improving my
research skills, widening my eyes to the rapidly evolving academic world, and keeping
my head up for the outlook of an academic career beyond PhD studies. As for now, |

conclude this chapter of my PhD life with this didation.

144



Appendi ces

Appendix ASTR/SBBS/DBS densities in highly socially vulnerable census tracts for

Eight Cities

The maps are presented in the sequence ofiSSR, SBBSI SVI, and DBS
T SVI interactions for each city. The red traidentify areas with high SVI and low
activity level; the light green tracts identify areas with low SVI and high activity level,

and the dark green tracts identify areas with high SVI and high activity level.

75 STR listings & SVI T = DBS density & SVI
Tl | __loters v . - ol ™ others cate
| fow SVI, high STR density ¥ SBES denaity & SVI i low SVI, high DBS trip density
4 B high SV1, high STR density o Sthers I high SVI. high DB trip density
I tih SVI. low STR density T high V1. low SBBS trip densily T high SVI. low DB trip density

Figure A-lai A-1c: STR, SBBS, DBS & SVl irteraction in Austin

N
STRlistings & SVI # 4 SBBS trips & SVI
others 8 > others. 3 DBS trips & SVI
low SVI, high STR density low SVI, high SBBS trip density others
[T righ sv1, high STR dansity [ high SVI, high SBBS trip density | low SVI. high DBS trip density
[ hign V1, low STR density I high SV, low SBBS trip tensity [ high SV, low DBS trip density

Figure A-2ai A-2c: STR, SBBS, DBS & SVI interaction in Boston
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Figure A-5ai A-5c: STR, SBBS, DBS & SVI interaction in Louisville
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STR&SVI
others

Figure A-6ai A-6¢: STR, SBBS, DBS & SVI interaction in Minneapolis

Figure A-7ai A-7c: STR, SBBS, DBS & SVI interaction in Portland

Figure A-8ai A-8c: STR, SBBS, DBS & SVI interaction inWashington DC
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