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EXTENDED ABSTRACT

Throughout history, real estate prices and transportation accessibility have had a
strong relationship (Debrezion et al., 2011; Rodriguez & Targa, 2004). One of the most
common sayings in the real estate industry is “location, location, location”, especially
when it comes to choosing and valuing a property (Atack & Margo, 1998). One critical
element in determining whether a property’s location is ideal, is its accessibility to a
variety of desired locations, such as center city regions (Czamanski, 1966). Accessibility
is determined by convenience, specifically the time and cost of the commute to and from
desired destinations whether by foot, self-owned cars, or traditional public transportation
methods such as rapid rail, trains, and buses (Pivo & Fisher, 2011; John, 1996; Raymond
& Love 2000; Bowes & lhlanfeldt, 2001). Furthermore, proximity to public
transportation increases accessibility, and as a result, properties near public transportation
stations enjoy higher real estate prices (Grass, 1992; Agostini & Palmucci, 2008; Sharma

& Newman, 2018; Cervero, 2006; Czamanski, 1966).

While the use of traditional transportation methods is still widespread, over the
last several years, there has been a shift and more people are relying on new
transportation solutions (Sadowsky & Nelson, 2017; Dong, 2020), with one of the most
popular being ride-hailing services (Clewlow & Mishra, 2017), such as companies like
Uber and Lyft. These ride hailing services impact the usage of different public
transportation methods (Clewlow & Mishra, 2017; Badar, 2020; Rayle et al., 2014; Dong,
2020; Sadowsky & Nelson, 2017) by providing a new, convenient, and affordable
method of transport (Nguyen-Phuoc et al., 2020) without the need for proximity to public

transportation stations.



In an effort to expand on the current body of literature and based on previous
studies that have shown the impact of a property’s proximity to a rapid rail station on the
property’s price (Agostini & Palmucci, 2008; Grass, 1992), this study will explore the
impact of ride-hailing services on real estate prices for properties located in different
distance categories from a rapid rail station. Rapid rail also known as subway, metro
railway, elevated railway, and rapid transit (American Public Transit Association, 1994;
New York State Department of Transportation, n.d) includes all underground and
elevated stations (Metropolitan Transportation Authority, n.d). The following hypothesis
(H1) was formulated based on the existing literature and the relationships discussed
above: Ride-hailing services will have a significant effect on real estate prices per square

foot.

To further explore the effect of ride-hailing services on real estate prices based on
property location, this study examines the effect of ride hailing usage on prices of
properties located in an immediate distance to rapid rail stations versus those that are
located further away. Past studies have demonstrated that a desired accessible distance
from public transportation is about 0.3 miles (Al-Mosaind et al., 1993; Olszewski and
Wibowo, 2005; Hess et al., 2007; Daniels and Mulley, 2013). As mentioned above, ride-
hailing services, as a new convenient, and affordable method of transport (Nguyen-Phuoc
et al., 2020) provide an alternative to public transportation. Thus, the impact of ride-
hailing services on public transportation usage (Clewlow & Mishra, 2017; Badar, 2020;
Rayle et al., 2014; Dong, 2020; Sadowsky & Nelson, 2017), may in turn decrease the
attractiveness of properties located in the immediate location of rapid rail stations and

increase the attractiveness of properties located further away. One goal of this study was



to explore this further by examining the relationship between ride-hailing services and
real estate prices for properties located less than 0.3 miles versus those located greater
than or equal to 0.3 miles from rapid rail stations and the following hypotheses were
formulated: H1.a) Ride-hailing services will have a significant negative effect on real
estate prices per square foot for properties located in a distance less than 0.3 miles from a
rapid rail station; H1.b) Ride-hailing services will have a significant positive effect on
real estate prices per square foot for properties located in a distance greater than or equal

to 0.3 miles from a rapid rail station.

Past studies have found a positive relationship between a property’s proximity to
a rapid rail station and a property’s price (Agostini & Palmucci, 2008; Grass, 1992;
Czamanski, 1966). While the first hypotheses in this study explore the relationship
between ride-hailing services and real estate prices, the second hypothesis will examine
the impact of a property’s proximity to a rapid rail station on the relationship between
ride-hailing services and real estate prices. Therefore, the second hypothesis (H2)
suggests that a property’s proximity to a rapid rail station will moderate the relationship

between ride-hailing services and real estate prices per square foot.

To explore the hypotheses above, this study uses an extensive data set of historic
sales price records in New York City for each of the five boroughs (Manhattan, The
Bronx, Brooklyn, Queens, Staten Island). The data set includes various variables per sales
transaction including address, sales price, total square foot (SF), total units, borough,
neighborhood, zip code, building classification, and sales transaction date. In order to
determine the proximity of each of the properties to the nearest rapid rail station, the

distance from a property’s address to all 472 rapid rail stations in New York City was



analyzed and the shortest distance to a rapid rail station was then used as an additional
variable. In order to measure the level of usage of ride-hailing services in New York City
during the sales transaction years, this study uses public data from New York City Open
Data (2020), that shows the number of dispatched trips per month per ride hailing

company between 2015 and 2019.

To analyze the relationship between ride-hailing usage and property’s sale price
per SF, general linear model (GLM) analysis was conducted with total units as the
control variable, and year of sale, building classification, borough, neighborhood, rapid
rail station, and zip code as fixed effects for hypotheses H1, H1.a, H1.b, and H2. The
main data set in this study which pertained to the five boroughs of New York City was
used for the analyses of all hypotheses. To further support the findings in this study, two
additional analyses were conducted. First, additional analyses of all hypotheses (H1,
H1.a, H1.b, and H2) were examined using data from Queens alone, the largest borough in
New York City. Second, in addition to the distance category of 0.3 miles, the distance

category of 0.35 miles, was used to examine hypotheses H1.a, H1.b, and H2.

As expected, a significant positive relationship between ride-hailing usage and
property’s sale price per SF was observed. The results in this study found that the usage
of ride-hailing services positively contributed to an increase in real estate prices.
Furthermore, in general, the study shows that an increase in property’s distance from the
nearest rapid rail station positively moderates the relationship between ride-hailing usage
and real estate prices. These findings imply that ride-hailing services, as a new method of
transportation accessibility, increase the attractiveness and ultimately the price of

properties located further from rapid rail stations. In other words, ride-hailing services


https://data.cityofnewyork.us/Transportation/FHV-Base-Aggregate-Report/2v9c-2k7f

enable accessibility and negate the need to be located in the immediate area of a rapid rail

station.

The current transportation revolution may impact the real estate industry even
more than the change observed in the 1950s, after the mass adoption of automobiles
(CBRE, 2019). When considering all the recent transportation changes, it is likely that
real estate location preference and urban real-estate design will be impacted. In other
words, the relatively new “player” in the transportation industry, ride-hailing, will impact
the traditional relationship between transportation accessibility and real estate prices, as
suggested by the study. The results from this pioneering study provide valuable
information to city and state authorities, financial institutions, real estate investors and

developers, and home buyers.
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CHAPTER 1
INTRODUCTION

Throughout history, real estate prices and transportation accessibility have had a
strong relationship (Debrezion et al., 2011; Rodriguez & Targa, 2004). One of the most
common sayings in the real estate industry is “location, location, location”, especially
when it comes to choosing and valuing a property (Atack & Margo, 1998). One critical
element in determining whether a property’s location is ideal, is its accessibility to a
variety of desired locations, such as center city regions (Czamanski, 1966). Accessibility
is determined by convenience, specifically the time and cost of the commute to and from
desired destinations whether by foot, self-owned cars, or traditional public transportation
methods such as rapid rails, trains, and buses (Pivo & Fisher, 2011; John, 1996; Raymond

& Love 2000; Bowes & Ihlanfeldt, 2001).

In the last few years, new innovative transportation methods have been
introduced, with one of the most popular being ride-hailing services (Clewlow & Mishra,
2017). What if new transportation solutions such as ride-hailing waived the need to live
by transit stations, rely on public transportation, or even own a car? What about the
impact on real-estate prices? The goal of this research is to explore such questions,
namely, how the introduction and growth of ride-hailing services has impacted real estate

prices in urban districts.

The Need for Efficient Transportation in Urban Districts

Every year, the global population grows, and more and more people are moving

to urban, central locations. According to a recent United Nations report (2019),



“Globally, more people live in urban areas than in rural areas, with 55% of the world’s
population residing in urban areas in 2018. In 1950, 30% of the world’s population was
urban, and by 2050, 68% of the world’s population is projected to be urban” (p. 21). A
significant issue in heavily populated urban areas is the limited space, which results in
increased traffic congestion, motor accidents, pollution, and major economic costs
(Arnott & Small, 1994; Fenger, 1999; Gately et al., 2017). In addition to the world
population projections presented by the UN above, the population of New York City, the
most populous city in the United States, is projected to grow by approximately 5.5%
between 2020 and 2040 to reach a population of more than 9 million people (New York
City Department of City Planning, 2013). Figure 1 presents the number of people living
in urban areas vs. rural areas around the world from 1950 on, including projections

through 2050 provided by the United Nations (2019).
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Figure 1: Number of People Living in Urban vs. Rural Areas in the World (United
Nations, 2019)
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The argument for more efficient transportation is made even stronger when
considering the increase in road safety issues as a result of population growth. A recent
study by the US Department of Transportation and National Highway Traffic Safety
Administration (2019) found that in 2018, 36,560 people died as a result of motor vehicle
accidents in the United States and since 2009, urban fatalities have increased by 34%,
whereas rural fatalities decreased by 15%. Figure 2 shows the number of vehicle fatalities
in urban areas vs. rural areas between 2009 and 2018 provided by the US Department of

Transportation (2019).
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Figure 2: Vehicle Fatalities: Urban vs. Rural (US Department of Transportation, 2019)

Regarding economic costs, research by transport data organization, INRIX
(2020), found that the average driver in the US spends 99 hours per year in traffic.
Nationally, the time lost in traffic represented costs of 88 billion dollars on the US
economy in 2019 alone. High traffic congestion costs are also an international issue. For
example, in 2019, traffic congestion costs reached $8.9 billion in the United Kingdom

and $3.1 billion in Germany (INRIX, 2020).



The Future of Mobility

In response to the above-mentioned issues (i.e., population growth, road safety,
and economic costs), there has been a push to develop more efficient transportation
solutions, especially in urban districts where the need is most urgent (Gossling, 2020;
Lazarus et al., 2020). Recent transportation solutions aim to increase transportation
accessibility and convenience in urban districts, improve problems related to traffic
congestion and population growth, increase road safety, and mitigate environmental
problems, such as pollution and climate change (Jin et al., 2020; Ward et al., 2019;

Hamilton & Wichman, 2018).

Future of Mobility is an umbrella term for various subcategories of transportation
solutions (McKinsey, 2019). The most common transportation categories used in urban
areas are Micro-mobility and Last/First Mile Transportation (Agussurja et al., 2019).
These two categories represent transportation solutions for people and goods in a range of
no more than a few miles and are typically used in dense cities to provide efficient, on-
demand, fast, and convenient, short commute or delivery options (Zuo et al., 2020;
Castillo et al., 2018). While Future of Mobility solutions do not necessarily replace
traditional transportation methods, such as trains, rapid rails, and public buses, in the last
few years, we have witnessed a mobility revolution, in which usage of traditional
transportation methods are being impacted by newer and more efficient transportation

solutions (Babar & Burtch, 2020; Campbell & Brakewood, 2017).

Some of the recent solutions include 1. Ride-hailing (e.g., Uber and Lyft), 2.
Shared e-bikes and e-scooters (e.g., BIRD and LIME), 3. On-demand public

transportation (e.g., VIA), and 4. Autonomous vehicles (e.g., TESLA). Some companies

4



have even developed Electric Vertical Takeoff and Landing (eVTOL) vehicles that utilize

the airspace to move people and goods (e.g., flying car by ASKA).

Most trips in busy urban districts in the United States are short, spanning only a
few miles (Deloitte, 2019). For example, a recent micro-mobility study by INRIX (2019)
showed that 48% of all car trips in the top 25 congested cities in the US are less than
three miles. Likewise, in the UK, 67% of urban trips and 59% of urban trips in Germany
are less than three miles. These findings suggest that efficient urban transportation
solutions may be an appropriate response for congested cities all over the world

(Hamilton & Wichman, 2018; Jin et al., 2020).

As noted, the mobility revolution is the result of a global need for immediate
change that will provide solutions for issues such as global population growth and urban
migration, environmental issues, and public safety (Jin et al., 2020; Ward et al., 2019;
Hamilton & Wichman, 2018). However, Future of Mobility solutions will also have an
immense impact across various industries (Deloitte, 2017). One of these industries is the

real estate industry.

Summary of Theory, Main Hypotheses, and Results

This study explores the impact of ride-hailing services, one of the most popular
recent transportation solutions (Clewlow & Mishra, 2017), on real estate prices in urban
districts. Three relationships form the basis for this study. First is the relationship
between transportation accessibility and real estate prices. Studies have shown that one
critical element in determining a property’s value is its accessibility to desired locations

(Debrezion et al., 2011; Rodriguez & Targa, 2004). Second is the relationship between



ride-hailing services and public transportation usage. Companies like Uber and Lyft
became very popular in the last few years, and existing studies have found that more
people are using ride-hailing services over public transportation (Clewlow & Mishra,
2017; Rayle et al., 2014; Sadowsky & Nelson, 2017). The third relationship, which is the
main focus of this study, explores the relationship between ride-hailing services and real

estate prices in urban districts.

To expand on the relationships above and the current literature that has shown the
impact of a property’s proximity to a rapid rail station on the property’s price (Agostini &
Palmucci, 2008; Grass, 1992; Czamanski, 1966), this study will explore the impact of
ride-hailing services on real estate prices for properties located in different distance
categories from a rapid rail station. Rapid rail also known as subway, metro railway,
elevated railway, and rapid transit (American Public Transit Association, 1994; New
York State Department of Transportation, n.d) includes all underground and elevated
stations (Metropolitan Transportation Authority, n.d). The following hypothesis (H1) was
formulated: Ride-hailing services will have a significant effect on real estate prices per

square foot.

In an effort to further explore the effect of ride-hailing services on real estate
prices based on property location, this study analyses the impact of ride hailing usage on
prices of properties located in an immediate distance to rapid rail stations versus those
that are located further away. Existing literature has shown that a desired accessible
distance from public transportation is approximately 0.3 miles (Al-Mosaind et al., 1993;
Olszewski and Wibowo, 2005; Hess et al., 2007; Daniels and Mulley, 2013). Thus, the

relationship between ride-hailing services and real estate prices for properties located less



than 0.3 miles versus those greater than or equal to 0.3 miles from rapid rail stations will
be explored in the following hypotheses: H1.a) Ride-hailing services will have a
significant negative effect on real estate prices per square foot for properties located in a
distance less than 0.3 miles from a rapid rail station; H1.b) Ride-hailing services will
have a significant positive effect on real estate prices per square foot for properties

located in a distance greater than or equal to 0.3 miles from a rapid rail station.

Past studies have demonstrated a positive relationship between a property’s
proximity to a rapid rail station and a property’s price (Agostini & Palmucci, 2008;
Grass, 1992; Czamanski, 1966). In addition to the first hypothesis that explores the
relationship between ride-hailing services and real estate prices, the second hypothesis
will explore the impact of a property’s proximity to a rapid rail station on the relationship
between ride-hailing services and real estate prices. Therefore, the second hypothesis
(H2) suggests that a property’s proximity to a rapid rail station will moderate the

relationship between ride-hailing services and real estate prices per square foot.

To analyze the relationship between ride-hailing usage and property’s sale price
per SF, general linear model (GLM) analysis was conducted with total units as the
control variable, and year of sale, building classification, borough, neighborhood, rapid
rail station, and zip code as fixed effects for hypotheses H1, H1.a, H1.b, and H2. The
main data set in this study which pertained to the five boroughs of New York City was
used for the analyses of all hypotheses. To further support the findings in this study, two
additional analyses were conducted. First, additional analyses of all hypotheses (H1,

H1.a, H1.b, and H2) were examined using data from Queens alone, the largest borough in



New York City. Second, in addition to the distance category of 0.3 miles, the distance

category of 0.35 miles, was used to examine hypotheses H1.a, H1.b, and H2.

As expected, a significant positive relationship between ride-hailing usage and
property’s sale price per SF was observed. The results in this study found that the usage
of ride-hailing services positively contributed to an increase in real estate prices.
Furthermore, in general, the study shows that an increase in property’s distance from the
nearest rapid rail station positively moderates the relationship between ride-hailing usage
and real estate prices. Thus, the results suggest that ride-hailing services, as a new
method of transportation accessibility, increase the attractiveness and price of properties

located further from rapid rail stations.

Overall, the findings in this study imply that ride-hailing services affect the
traditional relationship between transportation accessibility and real estate prices,
indicating an impact on real estate location preference. The results from this pioneering
study contribute to the current literature by providing new information about the
relationship between ride-hailing services and real estate prices. In addition, the
conclusions in this study provide important information to city and state authorities,

financial institutions, real estate investors and developers, and home buyers.

The following chapters provide detailed information to further expand on the
summary above. Chapter 2 discusses the background literature that forms the basis of this
study, as well as literature that provides support for the formation of each hypothesis in
this study. Chapter 3 presents the methodology and data sample in this study, including a

description of the variables used in the analysis. Chapter 4 describes the data analysis and



results of each study hypothesis. Finally, Chapter 5 presents the study conclusions and

contributions.



CHAPTER 2
LITERATURE REVIEW

The Relationship Between Real Estate Prices and Transportation Accessibility

Real estate prices in urban districts are highly affected by a property’s
accessibility to desired locations such as center business districts where social and
economic activities are concentrated (Sivitanidou, 1996; Heikkila et al., 1989).
Throughout history, researchers have attempted to determine the most influential
variables on real estate prices. In 1964, Alonso introduced the Bid Rent Theory, an
economic theory that demonstrated how distance from central business districts impacted
a real estate property’s value. In his research, Alonso (1964) also discussed that in the
early 19 century, the primary purpose of land was agricultural use and he presented
Ricardo’s (1817) theory for agricultural rent. Ricardo (1817) found that land that was
closer to commercial markets had lower product transportation costs, which increased the
lands competitive advantage over other land in terms of demand and ultimately led to

higher rent for the land with the desired location.

Past research has also demonstrated that real estate prices are higher in areas with
transportation solutions that provide convenient access to central business districts
(Debrezion et al., 2011; Rodriguez & Targa, 2004). In fact, Czamanski (1966) found that
the most significant factor when evaluating urban land prices is the level of accessibility
to central business districts, followed by zoning of the land, and the age of the
construction. In another study, Cervero (2006) investigated the impact of light and

commuter rail on real estate prices of residential properties in San Diego. The study
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demonstrated a price increase of approximately 17% for properties located no more than

0.5 miles from the rail station.

Agostini & Palmucci (2008) investigated the capitalization effect of a new metro
line on real estate prices in Santiago, Chile. Results demonstrated an average price
increase between 4.2% and 7.9% for properties located in the metro area. Overall, the
results from the study showed that the price increase depended on the proximity of the
property to the nearest metro station — the average price decreased by 0.04UF to 0.07UF
(UF= Chilean Unit of Account = ~$35) for each additional one meter of distance from the

closest metro station.

In a recent study, Sharma (2018) investigated the effect of introducing an urban
rail on real estate prices in emerging cities. The study found that the prices of properties
located within 2 km from a metro station in Bangalore, India, increased between 8% and
25%. It was also found that the price for properties located within 500 meters from a
metro station increased by 11%. Finally, the study showed that the impact of the metro
rail went beyond the immediate areas around the metro stations — the real estate prices of

the entire city of Bangalore increased by 4.5% with the opening of the new metro.

Another recent study conducted by the National Association of Realtors and
American Public Transportation Association (2019) analyzed real estate prices near
transit locations between 2012 and 2016 in the United States. The findings demonstrated
that properties located near transit locations had a higher appreciation increase between
4-24% in home values and a 2-14% increase in rental prices compared to properties that

were not located near transit locations.
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Zhang (2018) conducted a hypothetical study and developed a residential location
choice model to explore the future impact of Shared Autonomic Vehicles (SAV) on
residential location choice. Results demonstrated that most households would choose to
live in a more peripheral area outside of central business districts in a hypothetical SAV
era. It was concluded that the preferred change of residential location would be due to the

decrease in commute costs in an SAV era.

The Relationship Between Ride-hailing Services and Public Transportation Usage

The introduction of ride-hailing services by Transportation Network Companies
(TNCs) such as Uber and Lyft has disrupted the traditional transportation industry (Rayle
et al., 2014; Metropolitan Transportation Authority, 2018). In a recent global study
examining public transportation trends, Mallet (2018) showed that despite public
investment by federal and state authorities in public transportation, there was a decline in
transit use in the majority of the top 50 markets in the United States. In New York City
alone, The Metropolitan Transportation Authority (2018) found that public transportation

use decreased by 5.8% since 2015 and by 3.7% in 2018 alone.

Findings of several recent studies have suggested that the adoption rate of ride-
hailing services in recent years has impacted the usage of traditional public transportation
methods (Campbell & Brakewood, 2017). For example, Clewlow (2017) investigated the
impact of ride-hailing service usage on public transit use in the US by surveying major
metropolitan regions. The study found that ride-hailing service usage led to a 6%
reduction in bus service use and a 3% reduction in light rail service use. In addition, the
study showed that ride-hailing served as a complementary service for commuter rail and

an overall 3% increase in commuter rail use was observed. Similar findings were
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demonstrated by Badar (2020), who also found a decrease in public bus use with an

increase in ride-hailing usage in the United States.

Rayle (2014) explored ride-hailing usage and its impact on traditional public
transportation in San Francisco. The study found that ride-hailing services both
complement and substitute traditional public transportation, with more individuals
reporting use of ride-hailing methods as a substitute for longer transit trips. These
findings were further supported by Dong (2020), who examined commuters’ willingness
to use ride-hailing services vs. traditional public transportation. The study survey found

that more than 25% of respondents used ride-hailing services over public transportation.

Sadowsky (2017) investigated the impact of the introduction of ride-hailing
services on public transportation use in major cities in the United States. Results
demonstrated that the impact on public transportation use depended on the number of
active ride-hailing companies in a city (i.e., Uber and Lyft). Specifically, it was shown
that public transportation increased after the entrance of the first ride-hailing company,
Uber, but then subsequently decreased after the entrance of the second ride-hailing
company, Lyft. The author concluded that the findings suggested that the introduction of
the first ride-hailing company may have acted as a complementary service to public
transportation by providing first and last-mile solutions. However, with the entrance of
the second ride-hailing company, there was an increase in local competition between the
two companies, which led to more cost-effective prices, making ride-hailing services

more attractive to users compared to traditional public transportation.
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Hypotheses Formation —

Ride-Hailing Services and The Impact on Real Estate Prices

As can be seen, the existing research that has explored the relationship between
real estate prices and transportation accessibility has focused on traditional public
transportation methods such as trains, rapid rails, and buses (Debrezion et al., 2011;
Rodriguez & Targa, 2004; Bowes & Ihlanfeldt, 2001). While the use of traditional
transportation methods is still widespread, over the last several years, there has been a
shift and more people are relying on new transportation solutions (Sadowsky & Nelson,

2017; Dong, 2020), such as ride-hailing services (Clewlow & Mishra, 2017).

Given that accessibility is an essential factor when choosing a property, it is often
preferred to live in a central area where accessibility and an easy everyday commute are
possible (Czamanski, 1966; Grass, 1992; Sharma & Newman, 2018). This desire to live
in central locations leads to an increase in real estate demand in and around those areas
which in turn leads to an increase in real estate prices (Alonso, 1964). In addition,
proximity to public transportation increases accessibility, and as a result, properties near
public transportation stations also enjoy higher real estate prices (Grass, 1992; Agostini

& Palmucci, 2008; Sharma & Newman, 2018; Cervero, 2006; Czamanski, 1966).

Ride hailing services impact the usage of different public transportation methods
(Clewlow & Mishra, 2017; Badar, 2020; Rayle et al., 2014; Dong, 2020; Sadowsky &
Nelson, 2017) by providing a new, convenient, and affordable method of transport
(Nguyen-Phuoc et al., 2020) without the need for proximity to public transportation

stations. Thus, there may actually be a decrease in attractiveness for properties proximal
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to public transportation stations, which would in turn impact real estate prices for such

properties.

In one of the only existing studies to address this relationship, MetLife Investment
Management (2018) found that the rental price gap of on-transit apartments (apartments
located near transit stop locations) and off-transit apartments decreased from
approximately 21% to 15% after the launch of Uber and Lyft carpooling services in San
Francisco in 2014. One proposed reason for this change was that shared ride services act
as a complimentary transportation service allowing access to public transportation stop
locations from further distances. By using carpooling services, renters can choose to live
in off-transit apartments and pay lower rent while still enjoying the same accessibility to
public transportation stop locations as they would living in on-transit apartments. Figure
3 shows the rental price gap between on-transit and off-transit apartments between the

years of 2003 and 2018 according to MetL.ife Investment Management (2018).
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Figure 3: Rental Prices Gap between On-Transit and Off-Transit Apartments (MetLife
Investment Management, 2018)

In order to illustrate this further, let’s assume, for example, that Alex is

considering renting an apartment near her office that is located in center city
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Philadelphia, the 12th most congested city in the world (INRIX, 2019). Using traditional
public transportation such as the rapid rail, Alex may prefer to pay expensive rent to live
within a few minutes walk to a rapid rail station that will take her to her office and her
favorite bars and restaurants in center city. On the other hand, new transportation
solutions, such as on-demand ride-hailing services (i.e., Uber, Lyft) that are convenient
and relatively low in price, would provide Alex accessibility to center city from more
peripheral areas. In this case, Alex would not have to depend on public transportation and
proximity to transit locations. She can find an apartment she likes, for a reasonable price,
that does not require her to live close to the rapid rail station, while still allowing for an
easy commute to her office and favorite locations within the center of the city. This
situation is an example of how new transportation alternatives may impact property

location decisions.

In an effort to expand on the current body of literature and based on previous
studies that have shown the impact of a property’s proximity to a rapid rail station on the
property’s price (Agostini & Palmucci, 2008; Grass, 1992), this study will explore the
impact of ride-hailing services on real estate prices for properties located in the
immediate area of rapid rail stations versus those that are located further away. The
following hypotheses were formulated based on the existing literature and the

relationships above.

Hypothesis 1: Ride-hailing services will have a significant effect on real estate prices

per square foot.
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To further explore the effect of ride-hailing services on real estate prices based on
property location, this study examined the effect on prices of properties located in the
immediate distance of rapid rail stations versus those that are located further away. Past
studies have demonstrated that a desired accessible distance from public transportation is
about 0.3 miles (Al-Mosaind et al., 1993; Olszewski and Wibowo, 2005; Hess et al.,
2007; Daniels and Mulley, 2013). As mentioned above, ride-hailing services, as a new
convenient, and affordable method of transport (Nguyen-Phuoc et al., 2020) provide an
alternative to public transportation. Thus, the impact of ride-hailing services on public
transportation usage (Clewlow & Mishra, 2017; Badar, 2020; Rayle et al., 2014; Dong,
2020; Sadowsky & Nelson, 2017), may in turn decrease the attractiveness of properties
located in the immediate location of rapid rail stations and increase the attractiveness of
properties located further away. Thus, one goal of this study is to explore the relationship
between ride-hailing services and real estate prices for properties located less than 0.3

miles and more than 0.3 miles from rapid rail stations.

Hypothesis 1.a: Ride-hailing services will have a significant negative effect on real
estate prices per square foot for properties located in a distance less than 0.3 miles

from a rapid rail station.

Hypothesis 1.b: Ride-hailing services will have a significant positive effect on real
estate prices per square foot for properties located in a distance greater than or equal

to 0.3 miles from a rapid rail station.

As demonstrated above, past studies have found a positive relationship between a
property’s proximity to a rapid rail station and a property’s price (Agostini & Palmucci,
2008). In a study conducted by Grass (1992), it was found that there was a positive
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significant correlation between a rapid rail opening and real estate prices in Washington,
DC. It was concluded that the opening of the new rapid rail station was one factor leading
to an increase in property value in the area around the rapid rail station (Grass, 1992).
Similarly, Czamanski (1966) found that the development of a new rapid rail line in 1954

in Toronto, Canada, led to a swift increase in real estate prices along this specific line.

In another study, Im (2018) explored the impact of a new rapid rail line on real
estate prices in Daegu, South Korea. It was found that properties located less than 0.5 km
from the nearest rapid rail station had higher prices of approximately 100 thousand
Korean Won (about 96 US dollars) per square meter (Im, 2018). This finding was also
supported in a study conducted in Beijing, China, where Li (2016) found that for
properties located within 3 km from a rapid rail station, each 1 km decrease in a
property’s distance to a rapid rail station correlated to an increase of 15 percent in a

property’s price.

Similarly in Warsaw, Poland, it was found that an increase in a property’s
distance from a rapid rail station decreased the property’s price by approximately 3
percent (Trojanek, 2018). To further support these findings, a report by CBRE Research
(2014) indicated that rent prices in Manhattan, New York, were approximately 19 percent

higher within two blocks of a rapid rail station.

Therefore, while the first hypothesis in this study explores the relationship
between ride-hailing services and real estate prices, the second hypothesis will examine
the impact of a property’s proximity to a rapid rail station on the relationship between

ride-hailing services and real estate prices.
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Hypothesis 2: A property’s proximity to a rapid rail station will moderate the

relationship between ride-hailing services and real estate prices per square foot.

Hypotheses H1, H1.a, and H1.b examine the direct relationship between ride-
hailing services and real estate prices. Hypotheses H2 provides a more focused analysis
on the property’s distance variable that may impact the relationship between ride-hailing
services and real estate prices. The analyses of both hypotheses provide a more
comprehensive understanding of the relationship between ride-hailing services and real

estate prices.
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CHAPTER 3
METHODOLOGY

A common method used to analyze real estate prices is regression analysis
(Saphores & Li, 2012; Sirmans et al., 2005), which allows for the understanding of the
relationship and impact of the independent variables on the dependent variable (Chau &
Chin, 2003). According to Rosen (1974), market price is based on its characteristics and
can be described as a function of its characteristics where the market price is the
dependent variable, and the characteristics are the independent variables. In the current
study, the main method used was a general linear model as a quantitative analytical
method to determine the impact of ride-hailing services, the independent variable, on real

estate prices, the dependent variable, in urban districts.

Sample and Data Collection

This study is focused on New York City, the most densely populated city in the
United States with a population of more than 8 million and over 27,000 people per square
foot (NYC Department of City Planning, n.d). With an average commute time of more
than 40 minutes, which is 50% more than the average national time (NYC Department of
City Planning, n.d), the high density in the city increases the need for efficient

transportation.

This study uses historic sales price records in New York City that are publicly
published by the New York City Department of Finance (2020). The data provides
historical sales records from 2003 through 2019 for each of the five boroughs

(Manhattan, The Bronx, Brooklyn, Queens, Staten Island). The data set includes various
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variables per sales transaction including address, sales price, total square foot, borough,
neighborhood, zip code, total units, building classification, and sales transaction date. In
order to determine the proximity of each of the properties to the nearest rapid rail station,
the distance from each property’s address to all 472 rapid rail stations in New York City
(New York City Open Data, 2020) was analyzed and the shortest distance to a rapid rail
station was then used as an additional variable. In order to measure the level of usage of
ride-hailing services in New York City during the sales transaction years, this study uses
public data from New York City Open Data (2020), that shows the number of dispatched

trips per month per ride hailing company between 2015 and 2019.

As described in the literature review, real estate prices are impacted by many
variables that can lead to an increase or decrease in prices (Din et al., 2001; Jackson,
2001). For example, variables such as construction and structure of the house (i.e., lot
size, number of bedrooms, age), internal features of the house (i.e., fireplace, air-
conditioning, basement), and environmental variables (i.e., location, distance, view) have
all been shown to impact real estate prices (Sirmans et al., 2005). In addition, real estate
prices have changed year after year and experienced a historical natural appreciation
(U.S. Federal Finance Agency, 2021). The yearly average-change in real estate prices is
impacted by various local economic conditions such as employment rates, household
income, population growth, construction costs, and mortgage interest rates (Quigley, J.

M., 2002; McCarthy & Peach, 2004; Haughwout, et al., 2008).

Therefore, in order to minimize the effect of uncontrollable and unknown

extraneous variables, this study uses an extensive data set where total units was used as
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the control variable and year of sale, building classification, borough, neighborhood,

rapid rail station, and zip code were used as fixed effects.

Variables

Dependent Variable

Property’s Sale Price per Square Foot (SF)

The dependent variable in this study is property’s sales price as recorded for every
sales transaction in New York City (New York City Department of Finance, 2020). In
order to standardize the sales price, a sales price ratio to show the sales price per square
foot was created by dividing the sales price by the size of the property. This variable

enables the measurement of real estate prices as discussed previously.

Independent Variables

Ride-Hailing Usage

The main independent variable in this study is the level of ride hailing usage as
measured by the number of total dispatched trips by company per month. This variable
enables the measurement of ride-hailing services as discussed previously. The data is
provided by the NYC Taxi and Limousine Commission (TLC) and published by New
York City Open Data (2020). The data set includes all For-Hire Vehicle (FHV)
companies which include traditional limousine and taxi companies along with ride-
hailing companies. Because this study focuses on ride-hailing services in New York City,
the data set was limited to ride hailing companies only, also known as Transportation

Network Companies (TNC), which include Uber, Lyft, Juno, and Via. The total number
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of dispatched trips across the four companies was aggregated to show the total monthly

ride-hailing dispatched trips in New York City since 2015.

In addition, since the number of total dispatched trips is a continuous variable,
covering the years between 2015 and 2019, a categorical variable to indicate the
existence of ride-hailing services in New York City between 2003 and 2019 was also
included. Uber was the first ride hailing company to enter New York City and launched
its services in May of 2011 (New York Times, 2011). Therefore, this independent
variable was categorized as a 0 or 1 to indicate whether ride hailing services were

existent (1) or nonexistent (0) at the specific time of each of the sales transactions.

Rapid Rail Station and Distance to the Nearest Rapid Rail Station

The rapid rail station variable is the name of the nearest rapid rail station for each
property in the data set. Rapid rail also known as subway, metro railway, elevated
railway, and rapid transit (American Public Transit Association, 1994; New York State
Department of Transportation, n.d) includes all underground and elevated stations
(Metropolitan Transportation Authority, n.d). The distance variable shows the proximity
of each property to the nearest rapid rail station, measured in miles. This variable allows
for the analysis of the impact of ride-hailing services on properties located in the
immediate area (< 0.3 miles) of rapid rail stations compared to properties located further

away (> 0.3 miles).
Year of Sale

The year of sale variable indicates the year in which each of the recorded sales

transactions occurred.
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Geographic Variables: Borough, Neighborhood, and Zip Code

Each of the transactions in the sales price data set includes the geographic
variables of borough, neighborhood, and zip code. Each borough is designated by a
different number: (1) Manhattan, (2) The Bronx, (3) Brooklyn, (4) Queens, and (5) Staten
Island. Each of the boroughs, neighborhood, and zip codes have different urban, social,
and economic characteristics that may impact property prices (US Census Bureau, 2019;

Metropolitan Transportation Authority, n.d).

Building Classification

The building classification variable shows the status of the type of sold property

at the time of sale as shown in Table 1 below.

Table 1: Building Classification

Classification Description

A B,C,D,R Residential

S Mixed Use (primarily residential)
H K, L, O Commercial

E,.F,GT,U Industrial

\V Vacant Lots

,LJ,M,N,P,Q,W Civic Use

Y Government

Z Others

New York City Open Data (2020)

Table 2 presents the list of variables in this study with their relative type.
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Table 2: List of Variables

Category Variable Type
DV Property’s sale price per SF Scale
v Ride-Hailing usage Scale
M Distance to the nearest rapid rail Scale
station
M Distance to the nearest rapid rail Dichotomous
station e 0 =Lessthan 0.3 miles
e 1 =_Creater than or equal to 0.3 miles
CcVv Total units Scale
C Existence of ride-hailing services  Dichotomous
e 0=No
e 1=Yes
FE1 Year of sale Scale
FE2 Building classification Nominal
FE3 Borough Nominal
e 1= Manhattan
e 2 =Bronx
e 3 =Brooklyn
e 4 =0Queens
e 5= Staten Island
FE4 Neighborhood Nominal
FE5 Rapid rail station Nominal
FE6 Zip code Nominal

IV=Independent Variable; DV=Dependent Variable; M=Moderator; C=Comparison; CV=Control Variable; FE=Fixed

Effect

Research Hypotheses and Statistical Tests

The description of the research hypotheses and applied statistical tests are

presented in Table 3.

Table 3: List of Research Hypotheses and Statistical Tests

Research Hypothesis

Statistical Test

real estate prices per square foot (DV)

rapid rail station

real estate prices per square foot (DV).

H1: Ride-hailing services (IV) will have a significant effect on

H1.a: Ride-hailing services (IV) will have a significant negative
effect on real estate prices per square foot (DV) for properties
located in a distance less than 0.3 miles from a rapid rail station

H1.b: Ride-hailing services (1V) will have a significant positive
effect on real estate prices per square foot (DV) for properties
located in a distance greater than or equal to 0.3 miles from a

H2: A property’s proximity to a rapid rail station (M) will
moderate the relationship between ride-hailing services (1V) and

General Linear Model

General Linear Model

General Linear Model

General Linear Model
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Research Model

The research model in Figure 4 provides a visualization of the research
hypotheses in this study. First, the figure demonstrates the hypothesized effect of ride-
hailing usage on property’s sale price per square foot as a dependent variable. Further, the
figure demonstrates the moderation effect of the distance to the nearest rapid rail station

on the relationship between ride-hailing usage and property’s sale price per square foot.
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Figure 4: Research Model
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CHAPTER 4
DATA ANALYSIS AND RESULTS

This chapter provides a detailed description of the analysis and results of the
various statistical tests conducted to examine the hypotheses in this study. All statistical
analyses were conducted using SPSS software. The following five sections are covered
below: 1) Data screening processes of the research variables, 2) General description of
the various groups of research variables, 3) Descriptive results of the research variables,
4) General linear model to examine the direct effect of ride-hailing usage, as the
independent variable, on property’s sale price per square foot (SF), as the dependent
variable (i.e., H1, H1.a, H1.b), and 5) General linear model to examine the moderation
effect of the distance to the nearest rapid rail station as both a continuous and
dichotomous moderating variable on the relationship between ride-hailing usage, as the
independent variable, and property’s sale price per SF, as the dependent variable (i.e.,

H2).

The main data set in this study which pertained to the five boroughs of New York
City was used for the analyses of all hypotheses. To further support the findings in this
study, two additional analyses were conducted. First, additional analyses of all
hypotheses (H1, H1.a, H1.b, and H2) were examined using data from Queens alone, the
largest borough in New York City. Second, in addition to the distance category of 0.3
miles, the distance category of 0.35 miles was used to examine hypotheses H1.a, H1.b,
and H2. Additional analyses are presented in sections four and five in this chapter as

discussed above.
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In addition to the data analyses and results discussed in this chapter, Appendix A
shows the results of the general linear model analysis that was used to explore hypotheses
H1, H1.a, H1.b, and H2 in each of the other four boroughs: Manhattan, The Bronx,
Brooklyn, and Staten Island. Appendix B presents the results of the general linear model
analysis that was used to explore hypotheses H1.a, H1.b, and H2 with two additional
distance categories of 0.25 miles and 0.4 miles using the main data set. Appendix C
describes a comparative test analysis using an Independent Samples T-test and a One-
Way ANOVA to examine the mean difference of property’s sale price per SF, as the
dependent variable, among the various groups of existence of ride-hailing services and

borough.

Data Screening

The following data screening processes were conducted to identify missing

values, detect outliers, and assess normal distribution of the variables.

Missing Values

According to Little & Schluchter (1985), a large data set with less than 5%
missing values is considered acceptable and would not cause issues in the interpretation
of the results. The initial raw data included 880,668 sales transaction records (New York
City Department of Finance, 2020). Of the 880,668, 728,126 were found to have missing
values regarding the hypothesized variables and thus were not included in the analysis.
Notably, the majority of missing values were due to the fact that there is no record for

ride-hailing usage data before 2015. Therefore, any case before 2015 was not included in
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the analysis of the fourth and fifth sections of this chapter. The remaining samples size

was 152,542. Table 4 depicts missing data for the remaining sample for each variable.

Table 4: Missing Values Percentage

Variable Valid Missing Percentage
Ride-Hailing usage 152542 0 0.00%
Distance to the nearest rapid rail station 152542 0 0.00%
Total units 152498 44 0.029%
Year of sale 152542 0 0.00%
Property’s sale price per SF 145286 7256 4.99%
Borough 152542 0 0.00%
Neighborhood 152542 0 0.00%
Rapid rail station 152542 0 0.00%
Zip Code 152541 1 0.00%
Building Classification 152519 23 0.02%
N=152,542

According to the results above, the percentage of missing values of the total
sample for all variables is less than 5% as recommended by Little and Schluchter (1985).
Since the missing data percentage range is between 0% and 4.99% for each variable,

there was no need for replacement for any of the variables in this study.

Outliers for Scale Variables

The detection of outliers is a very important process in data screening. The
existence of outliers can impact the normality of the data and, as a result, the analysis and
findings (Tabachnick and Fidell, 2007). In this study, outliers were detected using
standardized Z-scores. Since this study uses a large sample size, it was recommended to
use Z-score values larger than 5 as an indicator for an outlier (Hair et al., 1998).
Therefore, any Z-score above 5 and below -5 was considered an outlier and was not
included in the analysis. The results found that of the 152,542 cases in the remaining

sample size, 106,610 were detected as outliers. Thus, these cases were not included in the
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standardised Z scores analysis of the scale variables for the remaining 45,932 as shown in

Table 5.

Table 5: Outliers Detection Results

Initial Standardized value (Z-Score)
Variable
Lower Bound Upper Bound
Ride-Hailing usage -1.548 1.632
Distance to the nearest rapid rail station -0.916 4.467
Property’s sale price per SF -2.964 1.873
N=45,932

Table 5 presents the results of the standardized Z-scores in the study. The range of
Z-score for all variables is between -2.964 and 4.467 (within the range of £5), showing

that there are no outliers among the 45,932 records.
Data Normality for Scale Variables

In order to assess normality in this study, two analyses were conducted.
According to the Kolmorove-Smirnov test, p-values greater than 0.05 suggest a normal
distribution of the data. In cases in which the assumption of normality has been violated,
Filed (2009) recommended observing the shape of the distribution of the data by
examining its skewness and kurtosis. According to Byrne (2013), a data set with a
skewness range between -2 and +2 and a kurtosis range between -7 and +7 indicates a

normal distribution. Table 6 shows the results of the data normality tests in the study.

Table 6: Results of Normality Test

Variable Kolmogorov-Smirnov SRS RO
Statistic P-value (=£2) (=£7)
Ride-Hailing usage 0.145™" 0.000 -0.003 -1.46
Distance to the nearest rapid rail station  0.196™" 0.000 1.709 2.319
Property’s sale price per SF 0.061™ 0.000 -0.606 -0.152

N=45,032; *p< 0.05, **p< 0.01, ***p< 0.001
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As presented in Table 6, the results of the Kolmogrov Smirnov tests demonstrated
that the variables were not normally distributed (p-values less than 0.05). However, the
values of skewness and kurtosis were both within the acceptable range. Skewness values
ranged between -0.606 and 1.709, and kurtosis values ranged between -1.460 and 2.319.
Therefore, according to Byrne (2013), it can be assumed that the data set in this study is
normally distributed. Figure 5 depicts the histograms of the normal curve distributions of

the hypothesized variables within this study.
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Figure 5: Histogram and Normal Curve of the Scale Variables
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Frequency Analysis for Categorical Variables

Table 7 describes the profile of the categorical variables in this study using

frequencies and percentages.

Table 7: Categorical Variables Profile

2015 - 2019 2003 — 2019
(n =45,932) (n =501,581)

Variable Frequency Percentage Frequency Percentage
Distance to the nearest rapid rail station

Less than 0.3 miles 14,998 32.7 162,918 325

More than 0.3 miles 30,934 67.3 338,663 67.5
Existence of ride-hailing services

Before May 2011 0 0 281,128 56

After May 2011 45,932 100 220,453 44
Borough

Manhattan 636 1.4 13,610 2.7

Bronx 12,705 27.7 57,893 115

Brooklyn 10,190 22.2 149,666 29.8

Queens 12,996 28.3 204,117 40.7

Staten Island 9,405 20.5 76,295 15.2
Building Classification

Residential (A, B, C, D, R) 41,704 90.8 457,212 91.2

Mixed Use primarily residential (S) 1,840 4 17,817 3.6

Commercial (H, K, L, O) 1,089 24 11,594 2.3

Industrial (E, F, G, T, U) 876 19 8,620 1.7

Vacant Lots (V) 47 0.1 3,783 0.8

Civic Use (I, J, M, N, P, Q, W) 337 0.7 2,050 0.4

Government (Y) 1 0 17 0.0

Others (2) 32 0.1 423 0.1

In addition to the categorical variables presented in Table 7, there is total of 250

different neighborhoods and 179 zip codes in the data set.
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Descriptive Statistics for Scale Variables

The descriptive statistics of the scale variables (i.e., ride-hailing usage, distance to
the nearest rapid rail station, year of sale, and property’s sale price per SF) was
determined using the following measures: mean, median, standard deviation, minimum,
and maximum. Table 8 shows the results of the descriptive statistics of the scale

variables.

Table 8: Results of Descriptive Statistics of Scale Variables

Variable Mean Median Star?da_lrd Minimum Maximum
Deviation
Property’s sale price per SF 195.547 205.49518 65.939 0.078 319.030
Distance to the nearest rapid 0.924 0.492 1.004 0.004 5411
rail station
Ride-Hailing usage 12576251.720 12323091 6913683.343  1871075.000 23861788.000
N=45,932

As shown in Table 8, the mean property’s sale price per SF is $195.547 with a
range of $318.952 per SF. The wide range is a result of the extensive data set which
represents all five boroughs in New York City. Figure 6 provides a visualization of all

sales records by address in all five boroughs in New York City.
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The range of ride-hailing trips in New York City is between 1,871,075 and
23,861,788 trips per month. Ride-hailing usage has increased dramatically in New York

City between 2015 and 2019, as depicted in Figure 7.

Figure 7: Ride Hailing Usage per Month (total number of trips)

General Linear Model

General linear models were conducted to examine hypotheses H1, H1.a, H1.b,
and H2 looking at the relationship between ride-hailing usage and property’s sale price

per SF.

General Linear Model Assumptions

According to Hair et al. (2006), before conducting a general linear model (GLM),

the following assumptions must be met: normality of the independent and dependent
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variables (already evaluated), linearity between the independent and dependent variables,

constant variance of error, and multicollinearity between the independent variables.
Linearity between the Independent and Dependent Variables

ANOVA was used to assess the linearity between the independent and dependent
variables. If the resulting p-value is less than 0.05, it can be concluded that the
relationship between the independent and dependent variables is linear. Table 9 presents
the results of the ANOVA tests demonstrating the linearity between ride-hailing usage as
the independent variable and the property’s sale price per SF as the dependent variable
for three groups: 1) overall, 2) distance less than 0.3 miles from a rapid rail station, and 3)

distance greater than or equal to 0.3 miles from a rapid rail station.

Table 9: Results of ANOVA Test for Testing Linearity

Linearity
GLM Group Sample Size
F p-value
Overall 45,932 5,148.861™" 0.000
Distance < 0.3 miles 14,998 1,308.553"" 0.000
Distance > 0.3 miles 30,934 3,912.962™ 0.000

*p< 0.05, **p< 0.01, ***p< 0.001

As presented in Table 9, the F values for the three models examining ride-hailing
usage and property’s sale price per SF were statistically significant (p < 0.001).
Therefore, the relationships in all three groups are considered linear and suitable to be

analyzed using general linear model.
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Constant Variance

According to Hair et al. (2006), the assumption of homoscedasticity is satisfied
when the variance of the predicted error value is constant. Figure 8 presents the predicted

value with the scatterplot results for each of the three groups.
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Figure 8: Scatterplot Results for Constant Variance

36



As depicted in figure 8, the variance of the predicted error value appeared to be
constant as indicated by the horizontal line in each of the three plots. Therefore, it can be

concluded that the assumption of homoscedasticity was satisfied.
Multicollinearity between Independent Variables

Tolerance statistics and variance inflation factor (VIF) were used to measure
multicollinearity between the independent variables. According to Hair et al. (2006) and
Myers (2002), a variance inflation factor value greater than 10 and a tolerance level less
than 0.10 suggests issues with multicollinearity. Table 10 shows the multicollinearity

analysis results for each group.

Table 10: Results of Multicollinearity Analysis

_ Distance < 0.3 miles Distance > 0.3 miles

Overall (n=45,932) (n=14,998) (n=30,934)
Independent Variable Tolerance > VIF < Tolerance > VIF Tolerance > VIF
P 0.10 10 0.10 <10 0.10 <10
Ride-Hailing usage 1.000 1.000 1.000 1.000 1.000 1.000
Total units 1.000 1.000 1.000 1.000 1.000 1.000

VIF = Variance Inflation Factor

As presented in Table 10, the tolerance levels for both independent variables were
greater than 0.10. Moreover, the variance inflation factor (VIF) values for both variables
were less than 10. These results demonstrated no issues of multicollinearity between the

independent variables of property’s sale price per SF.
Results of General Linear Model

After confirming all assumptions to support the use of a general linear model, a
general linear model analysis was used to explore the direct effect of ride-hailing usage
on property’s sale price per SF (H1, Hl.a, H1.b) and the moderation effect of the distance

on the relationship between ride-hailing usage and property’s sale price per SF (H2). The
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main data set which includes data from all boroughs in New York City was used for the
analysis of all hypotheses. For all hypotheses (H1. H1.a, H1.b, and H2) the variable total
units was used as a control variable and the following five fixed effect scenarios were
used to examine the hypotheses: 1) year of sale together with building classification, 2)
year of sale together with building classification and borough, 3) year of sale together
with building classification and neighborhood, 4) year of sale together with building
classification and rapid rail station, and 5) year of sale together with building

classification and zip code.

To further support the results in this study two additional analyses were
conducted. First, additional analyses of all hypotheses (H1, H1.a, H1.b, and H2) were
examined using data from Queens alone, the largest borough in New York City. Second,
in addition to the distance category of 0.3 miles, the distance category of 0.35 miles, was
used to examine hypotheses H1.a, H1.b, and H2. This was done to support the results for
hypotheses H1.a, H1.b, and H2, where distance category is used. The following sections

present the results of the general linear model for each analysis.

Main Data Set — New York City

Direct Effects

General linear model analysis was used to explore the effects of ride-hailing
usage, as the independent variable, on property’s sale price per SF, as the dependent
variable, in three groups: 1) overall, including all properties in the data set (i.e., H1), 2)

properties located in a distance of less than 0.3 miles (i.e., H1.a), and 3) properties
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located in a distance greater than or equal to 0.3 miles (i.e., H1.b). Table 11 panels A, B,

and C present the results of the general linear model analysis.

Table 11: Results of General Linear Model — Main Data Set — Panel A

Independent
GLM Group ,. -1 1) ) ©) () (5)
Panel A (Constant) 22.685 139.176 -302.207 113.408 358.512"
— (15.359) (143.091)  (210.688)  (154.061) (168.903)
Overall . . 3.09™ 3.07™ 3.00™" 3.05™" 3.09""
(h=45.932) ~  Ride-Hailingusage '), (190) (.188) (.189) (188)

. -.320™ -.242" -.185™" -.219™ -.196™

Total Units (013) (013) (015) (016) (.016)

Year of Sale FE Yes Yes Yes Yes Yes

Building

Classification FE ves ves ves Yes Yes

Borough FE Yes

Neighborhood FE Yes

Rapid Rail Station

FE Yes

Zip Code FE Yes

Adjusted R-squared 127 160 226 233 224

F-value 192,602 59.137"*" 5.889"™" 5.026™" 6.612""

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

Table 11: Results of General Linear Model - Main Data Set — Panel B

Independent

GLM Group Variable (1) (2) (3) 4) (5)
Panel B (Constant) 177.708™ -27.169 45.561 370.094 603.500™
4[)_ t (67.715) (163.092)  (275.273)  (236.906) (185.971)
Istance < . - 2.87" 2.96™" 2.80™" 2.85™" 3.11™
0.3miles  Ride-Hailingusage 550 (352) (.355) (:363) (352)
(n=14,998) . -.245™ -.180™" -.132™ -107™ -.096™"
Total Units (017) (017) (.020) (.025) (.025)
Year of Sale FE Yes Yes Yes Yes Yes
Building
Classification FE es es ves ves Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station
FE Yes
Zip Code FE Yes
Adjusted R-squared .104 147 224 .254 .228
F-value 59.305"" 20.684™" 3.764™" 2.927" 4.014™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001
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Table 11: Results of General Linear Model - Main Data Set — Panel C

GLM Group Independent Variable (1) 2 (3) 4) (5)
Panel C (Constant) 36.767" 159.448 152.823 163.986 115.718
- (15.504) (84.693)  (190.513)  (118.574) (247.039)
Dlstal}cez Ride-Haili 3.13"™ 3.09™ 3.08™ 3.13"™ 3.127
0.3 miles Ide-Railing usage (.225) (.224) (.223) (.223) (222)
(n=30,934) Total Units -.386™" -.344™ -.255™" -.289™ -.265™"
(.021) (.022) (.023) (.022) (.023)

Year of Sale FE Yes Yes Yes Yes Yes

Buildin

Classifi?:ation FE ves ves ves ves ves

Borough FE Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 137 154 217 218 212

F-value 141.389™" 42917 5.244™" 5.065™" 5.958™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

As shown in Panels A, B, and C of Table 11, ride-hailing usage had a significant
positive effect on property’s sale price per SF in all three conditions (i.e., overall,
distance less than 0.3 miles, and distance greater than or equal to 0.3 miles) and all five
fixed effect scenarios with p-values at the 0.001 significance level. Therefore, hypotheses
H1 and H1.b were supported. Although hypothesis H1.a showed a significant relationship
(p<0.001) as shown in Panel B, the direction was unexpectedly positive rather than as
hypothesized, in the negative direction. Therefore, hypothesis H1.a was not supported.
The section below discusses the regression analysis results in relation to the relevant

hypotheses.

As shown in Panel A of Table 11 examining hypothesis H1, the unstandardized
coefficients of Ride-Hailing usage were 3.09, 3.07, 3.00, 3.05, and 3.09, respectively for
the fixed effects variables of year of sale together with building classification, year of
sale together with building classification and borough, year of sale together with building

classification and neighborhood, year of sale together with building classification and
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rapid rail station, and year of sale together with building classification and zip code. The
p-values of the coefficients results were all significant at the 0.001 level. The results
indicated a significant positive relationship between ride-hailing usage and property’s
sale price per SF in each of the five fixed effect scenarios. Therefore, H1 was supported.
The results suggested that an increase in ride-hailing usage positively contributed to an

increase in property’s sale price per SF.

As shown in Panel B of Table 11 examining hypothesis H1.a, the unstandardized
coefficients of Ride-Hailing usage were 2.87, 2.96, 2.80, 2.85, and 3.11, respectively for
the fixed effects variables of year of sale together with building classification, year of
sale together with building classification and borough, year of sale together with building
classification and neighborhood, year of sale together with building classification and
rapid rail station, and year of sale together with building classification and zip code. The
p-values of the coefficients results were all significant at the 0.001 level. The results
indicated a significant positive relationship between ride-hailing usage and property’s
sale price per SF in each of the five fixed effect scenarios. This is in contrast to the
hypothesis, suggesting a negative relationship between ride-hailing usage and property’s
sale price per SF. Therefore, H1.a was not supported. The results suggested that an
increase in ride-hailing usage positively contributed to an increase in property’s sale price

per SF for properties located less than 0.3 miles from the nearest rapid rail station.

As shown in Panel C of Table 11 examining hypothesis H1.b, the unstandardized
coefficients of Ride-Hailing usage were 3.13, 3.09, 3.08, 3.13, and 3.12, respectively for
the fixed effects variables of year of sale together with building classification, year of

sale together with building classification and borough, year of sale together with building
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classification and neighborhood, year of sale together with building classification and
rapid rail station, and year of sale together with building classification and zip code. The
p-values of the coefficient results were all significant at the 0.001 level. The results
indicated a significant positive relationship between ride-hailing usage and property’s
sale price per SF in each of the five fixed effect scenarios. Therefore, H1.b was
supported. The results suggested that an increase in ride-hailing usage positively
contributed to an increase in property’s sale price per SF for properties located greater

than or equal to 0.3 miles from the nearest rapid rail station.

Moderation Effects of Rapid Rail Station Distance

The moderation effect of the distance to the nearest rapid rail station on the
relationship between ride-hailing usage, as the independent variable, on property’s sale
price per SF, as the dependent variable, was examined (i.e., H2) in each of the five fixed
effect scenarios using general linear model analysis. The purpose of the moderation
analysis is to explore the potential effect of the property’s distance from rapid rail stations
on the relationship between ride-hailing usage and property’s sale price per SF. When
using a general linear model, all predictors must be standardized or centered to easily

make interpretations and to avoid problems of multicollinearity (Aiken and West 1991).

Table 12 shows the results of the general linear model to examine the moderation
effect of the distance to the nearest rapid rail station on the relationship between ride-

hailing usage and property’s sale price per SF.
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Table 12: Results of Moderation Effect of Rapid Rail Distance — Main Data Set — Panel A

GLM Group Independent Variable (1) (2) (3) (4) (5)
Panel A (Constant) 56.307" 165484  -283.134  133.725  389.035"
- (14.821)  (142.913) (210.680) (153.950) (168.882)
Distance to Z- Ride-Hailing usage 21125 21.113™  20.750™" 21.001"" 21.330"
the nearest (1.329) (1.312) (1.303) (1.305) (1.298)
rapid rail Z- Distance to the nearest 6.152™" 2.924™ 4825  2.829™"  3.255™"
station rapid rail station (:288) (:324) (1.084) (.424) (.911)
(continuous) (continuous)

Z- Ride-Hailing usage * Z- 935" .856™ .343 1.050" 483"
Distance to the nearest (:286) (:304) (.368) (:351) (:367)
rapid rail station
(continuous)

. -.302"™ -239™  -184™ 2177 1957
Total Units (013) (013) (015  (016)  (.016)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.136 0.161 0.226 0.234 0.224
F-value 196.705™" 59,055  5.895™" = 5044™  6.615™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard

error from GLM; N = 45,932,
*p<0.05, **p<0.01, ***p<0.001

Table 12: Results of Moderation Effect of Rapid Rail Distance — Main Data Set — Panel B

GLM Group Independent Variable (1) (2) 3 (4) (5)
Panel B (Constant) 50.477" 181.568  -267.823  141.660  399.982"
- (14.802)  (142.727) (210.668) (153.961) (168.863)
Distance to the 7 Rjde-Hailing usage 21.029™"  21.027™* 20.730™" 21.000™*  21.328""
nearest rapid (1.326) (1.310)  (1.303)  (1.305)  (1.298)
rail station Z- Distance to the nearest 7.119™ 4.324™ 1.253™ 2.020™ 1.165™
(dichotomous,  rapid rail station (.288) (.307) (.374) (.355) (.374)
0.3 miles) (dichotomous)

Z- Ride-Hailing usage * Z- 1.063™" 927" .367 1.077™ 512

Distance to the nearest (-285) (:304) (:368) (:351) (.:367)

rapid rail station

(dichotomous)

Total Units -.295™ -.235™ -.184™ -.216™" -.195™
(.013) (.013) (.015) (.016) (.016)

Year of Sale FE Yes Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes Yes

Borough FE Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 0.139 0.163 0.226 0.234 0.224

F-value 201.431™" 59.977""  5.891"" 5.039"" 6.613""

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard

error from GLM; N = 45,932,
*p<0.05, **p<0.01, ***p<0.001
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As shown in Panels A and B of Table 12 examining hypothesis H2, the results of
the general linear model indicated that the interaction variable of ride-hailing usage and
distance to the nearest rapid rail station as both a continuous (Panel A) and a
dichotomous (Panel B) variable had a significant positive moderation effect on property’s
sale price per SF for the following fixed effect scenarios: 1) year of sale together with
building classification (Column 1; Panel A: 0.935, p<0.01; Panel B: 1.063, p<0.001), 2)
year of sale together with building classification and borough (Column 2; Panel A: 0.856,
p<0.01; Panel B: 0.927, p<0.01), and 3) year of sale together with building classification
and rapid rail station (Column 4; Panel A: 1.050, p<0.01; Panel B: 1.077, p<0.01). In
addition, the interaction variable of ride-hailing usage and distance to the nearest rapid
rail station as a continuous variable had a significant positive moderation effect on
property’s sale price per SF for the fixed effect scenario of year of sale together with

building classification and zip code (Panel A, Column 5: 0.483, p<0.01).

The results indicated a significant positive moderation effect of rapid rail distance
on the relationship between ride-hailing usage and property’s sale price per SF in the
fixed effect scenarios discussed above and shown in Panel A and B. Therefore,
hypothesis H2 was supported in all of these fixed effect scenarios. However, the
significance of the interaction variable of ride-hailing usage and distance to the nearest
rapid rail station as both a continuous and a dichotomous variable was not supported
(p>0.05) when year of sale together with building classification and neighbourhood was
applied as a fixed effect (Panel A and B, Column 3). Moreover, the significance of the

interaction variable of ride-hailing usage and distance to the nearest rapid rail station as a
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dichotomous variable was not supported (p>0.05) when year of sale together with

building classification and zip code was applied as a fixed effect (Panel B, Column 5).

The results in all the supported fixed effect scenarios suggested that an increase in
a property’s distance from the nearest rapid rail station as a continuous variable (Panel A)
positively contributed to the impact of ride-hailing usage on a property’s sale price per
SF. Furthermore, the results showed that the impact of distance from the nearest rapid rail
station, as a dichotomous variable (Panel B), on the relationship between ride-hailing
usage and property’s sale price per SF was stronger for property’s located greater than or

equal to 0.3 miles from the nearest rapid rail station.

Queens Borough

Direct Effects

General linear model analysis was used to explore the effects of ride-hailing
usage, as the independent variable, on property’s sale price per SF, as the dependent
variable, in three groups using the Queens borough data set: 1) overall, including all
properties in the data set (i.e., H1), 2) properties located in a distance of less than 0.3
miles (i.e., H1.a), and 3) properties located in a distance of greater than or equal to 0.3
miles (i.e., H1.b). Given that Queens is one of the boroughs, the fixed effect scenario of
year of sale together with building classification and borough was not included in the
analysis. Table 13 panels A, B, and C present the results of the general linear model

analysis.

45



Table 13: Results of General Linear Model - Queens — Panel A

GLM Group  Independent Variable (1) (2) (3) (4)
Panel A (Constant) 203.773™ 274.348 91.303 362.869"
- (63.206) (196.319) (185.583) (175.860)
Overall . . 2.76™ 2.82" 2.92" 2.83™
(n=12,996) Ride-Hailing usage (369) (:369) (368) (:369)

Total Units -.169™" -.160™ -.230™ -.195
(.019) (.023) (.028) (.029)

Year of Sale FE Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared .106 164 171 .167

F-value 47.738™" 4,551 4.316™ 4.318™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 13: Results of General Linear Model - Queens — Panel B

GLM Group Independent Variable (1) (2) (3) (4)
Panel B (Constant) -80.015 -318.458 533.712 41.276
- (83.683)  (259.181)  (352.099)  (299.576)
Distance < 0.3 Ri - 2.66™ 2.79™ 2.39™ 3.10™
miles (n=2,642) ide-Hailing usage (.887) (.892) (9.06) (.891)

- -.087 -.089™ -.031 -.051
Total Units (.025) (.029) (.046) (.044)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .062 154 227 .163
F-value 6.995™" 2.696™" 2.482"" 2.632™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 13: Results of General Linear Model - Queens — Panel C

GLM Group Independent Variable (1) 3) 4
Panel C (Constant) 230.809™ 313.097 231326  441.576
, (61.668) (226.230)  (184.777)  (327.684)
Distance 203 . . 2.76™ 2.87 3.03™ 2,93
miles (1=10354) ~ Ride-Hailing usage (.402) (.406) (4.04) (:404)
. -.408™" -.326™" -.368™" -.320™"
Total Units (.039) (.043) (.041) (.045)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 126 173 A71 .180
F-value 48.950™" 4.441™" 4.483™" 4.306™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001
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As shown in Panels A, B, and C of Table 13, ride-hailing usage had a significant
positive effect on property’s sale price per SF in all three groups (i.e., overall, distance
less than 0.3 miles, and distance greater than or equal to 0.3 miles) and all four fixed
effect scenarios. The results show p-values at the 0.001 significance level for the overall
(Panel A) and distance greater than or equal to 0.3 miles (Panel C) groups and p-values at
the 0.01 significance level for the distance less than 0.3 miles group (Panel B). Therefore,
hypotheses H1 and H1.b were supported using the Queens borough data set. Although
hypothesis H1.a showed a significant relationship (p<0.01) as shown in Panel B, the
direction was unexpectedly positive rather than as hypothesized, in the negative direction.
Therefore, hypothesis H1.a was not supported. The section below discusses the

regression analysis results in relation to the relevant hypotheses.

As shown in Panel A of Table 13 examining hypothesis H1, the unstandardized
coefficients of Ride-Hailing usage were 2.76, 2.82, 2.92, and 2.83, respectively for the
fixed effects variables of year of sale together with building classification, year of sale
together with building classification and neighborhood, year of sale together with
building classification and rapid rail station, and year of sale together with building
classification and zip code. The p-values of the coefficient results were all significant at
the 0.001 level. The results indicated a significant positive relationship between ride-
hailing usage and property’s sale price per SF in each of the five fixed effect scenarios.
Therefore, H1 was supported using the Queens borough data set. The results suggested
that an increase in ride-hailing usage positively contributed to an increase in property’s

sale price per SF.
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As shown in Panel B of Table 13 examining hypothesis H1.a, the unstandardized
coefficients of Ride-Hailing usage were 2.66, 2.79, 2.39, and 3.10, respectively for the
fixed effects variables of year of sale together with building classification, year of sale
together with building classification and neighbourhood, year of sale together with
building classification and rapid rail station, and year of sale together with building
classification and zip code. The p-values of the coefficient results were all significant at
the 0.01 level. The results indicated a significant positive relationship between ride-
hailing usage and property’s sale price per SF in each of the four fixed effect scenarios.
This is in contrast to the hypothesis that suggested a negative relationship between ride-
hailing usage and property’s sale price per SF. Therefore, H1.a was not supported. The
results suggested that an increase in ride-hailing usage positively contributed to an
increase in property’s sale price per SF for properties located less than 0.3 miles from the

nearest rapid rail station.

As shown in Panel C of Table 13 examining hypothesis H1.b, the unstandardized
coefficients of Ride-Hailing usage were 2.76, 2.87, 3.03, and 2.93, respectively for the
fixed effects variables of year of sale together with building classification, year of sale
together with building classification and neighborhood, year of sale together with
building classification and rapid rail station, and year of sale together with building
classification and zip code. The p-values of the coefficient results were all significant at
the 0.001 level. The results indicated a significant positive relationship between ride-
hailing usage and property’s sale price per SF in each of the four fixed effect scenarios.

Therefore, H1.b was supported. The results suggested that an increase in ride-hailing
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usage positively contributed to an increase in property’s sale price per SF for properties

located greater than or equal to 0.3 miles from the nearest rapid rail station.
Moderation Effects of Rapid Rail Station Distance

The moderation effect of the distance to the nearest rapid rail station on the
relationship between ride-hailing usage, as the independent variable, on property’s sale
price per SF, as the dependent variable, was examined (i.e., H2) using the Queens
borough data set in each of the four fixed effect scenarios, using general linear model
analysis. As with the previous moderation analysis, all predictors were standardized to
make interpretations simpler and to avoid problems of multicollinearity (Aiken and West

1991).

Table 14 shows the results of the general linear model to examine the moderation
effect of the distance to the nearest rapid rail station on the relationship between ride-

hailing usage and property’s sale price per SF.

Table 14: Results of Moderation Effect of Rapid Rail Distance - Queens — Panel A

GLM Group Independent Variable 1) (2) (3) 4)
Panel A (Constant) 219.539""  299.258  112.831  393.783*
- (62.485)  (196.401) (185.070) (175.825)
Distance to Z- Ride-Hailing usage 17.781™"  19.112""  19.123""  19.014%**
the nearest (2.547) (2563)  (2.550) (2.559)
rapid rail Z- Distance to the nearest rapid rail 5.001™ 1.937 4543 3.949"
station station (continuous) (-499) (1.944) (.689) (1.676)
(continuous) Z- Ride-Hailing usage * Z- Distance to 3.081™" 1.365 2791 1.558

the nearest rapid rail station (continuous) (.635) (.844) (.828) (.818)

Total Units -.163™" -.160™ -.226™" -.194™
(.019) (.023) (.028) (.029)

Year of Sale FE Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 0.114 0.164 0.174 0.167

F-value 48.866™" 4.544™ 4,391 4.319™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N =12,996.; *p<0.05, **p<0.01, ***p<0.001
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Table 14: Results of Moderation Effect of Rapid Rail Distance - Queens — Panel B

GLM Group Independent Variable @ (2) 3) 4
Panel B (Constant) 233.883™ 304.644 119.636  405.840"
) (62.597) (196.231) (185.396)  (175.757)
Distance to the Z- Ride-Hailing usage 17.909™ 19.113" 19.303™  19.056™"
nearest rapid rail (2.552) (2.563) (2.554) (2.559)
station Z- Distance to the 4.298"" .806 1.135 1.525
(dichotomous, 0.3 nearest rapid rail station (.645) (.865) (:843) (.840)
miles) (dichotomous)
Z- Ride-Hailing usage * 3.230™ 1.401" 2.806™ 1.565"
Z- Distance to the (.638) (.845) (:832) (:821)

nearest rapid rail station
(dichotomous)

. -.163™" -.160™" =227 -.193™
Total Units (019) (023) (.028) (.029)
Year of Sale FE Yes Yes Yes Yes
Building Classification Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code Yes
Adjusted R-squared 0.110 0.164 0.172 0.167
F-value 47.072™ 4,544 4.325™" 4.318™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 12,996.; *p<0.05, **p<0.01, ***p<0.001

As shown in Panels A and B of Table 14 examining hypothesis H2, the
interaction variable of ride-hailing usage and distance to the nearest rapid rail station as
both a continuous (Panel A) and a dichotomous (Panel B) variable had a significant
positive moderation effect on property’s sale price per SF for the following fixed effect
scenarios: 1) year of sale together with building classification (Column 1; Panel A: 3.081,
p<0.001; Panel B: 3.230, p<0.001), and 2) year of sale together with building
classification and rapid rail station (Column 3; Panel A: 2.791, p<0.01; Panel B: 2.806,
p<0.01). In addition, the interaction variable of ride-hailing usage and distance to the
nearest rapid rail station as a dichotomous variable had a significant positive moderation
effect on property’s sale price per SF for the following fixed effect scenarios: 1) year of
sale together with building classification and neighborhood (Panel B, Column 2: 1.401,
p<0.05), and 2) year of sale together with building classification and zip code (Panel B,
Column 4: 1.565, p<0.05).
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The results indicated a significant positive moderation effect of rapid rail distance
on the relationship between ride-hailing usage and property’s sale price per SF in the
fixed effect scenarios discussed above and shown in Panels A and B. Therefore,
hypothesis H2 was supported in all of these fixed effect scenarios. However, the
significance of the interaction variable of ride-hailing usage and distance to the nearest
rapid rail station as a continuous variable was not supported (p>0.05) for the following
fixed effect scenarios: 1) year of sale together with building classification and
neighbourhood (Panel A, Column 2) and, 2) year of sale together with building

classification and zip code (Panel A, Column 4).

The results in all the supported fixed effect scenarios suggested that an increase in
a property’s distance from the nearest rapid rail station as a continuous variable (Panel A)
positively contributed to the impact of ride-hailing usage on a property’s sale price per
SF. Furthermore, the results showed that the impact of distance from the nearest rapid rail
station, as a dichotomous variable (Panel B), on the relationship between ride-hailing
usage and property’s sale price per SF was stronger for property’s located greater than or

equal to 0.3 miles from the nearest rapid rail station.

Appendix A shows the results of the general linear model analyses that were used
to explore the effects of ride-hailing usage on property’s sale price per SF using the main
data set for three groups: 1) overall (i.e., H1), 2) a distance of less than 0.3 miles (i.e.,
H1.a), and 3) a distance of greater than or equal to 0.3 miles (i.e., H1.b). The Appendix
also includes the results for the moderation effect of the distance to the nearest rapid rail

station on the relationship between ride-hailing usage and property’s sale price per SF
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(i.e., H2) for the other four boroughs: Manhattan, The Bronx, Brooklyn, and Staten

Island.
Additional Distance Category — 0.35 miles
Direct Effects

General linear model analysis was used to explore the effects of ride-hailing
usage, as the independent variable, on property’s sale price per SF, as the dependent
variable, using the main data set for two groups: 1) properties located in a distance less
than 0.35 miles (i.e., H1.a), and 2) properties located in a distance greater than or equal to
0.35 miles (i.e., H1.b). Panels A, B, and C of Table 15 present the results of the general

linear model analysis.

Table 15: Results of General Linear Model - Main Data Set — Panel A

Independent
GLM Group Variable (1) (2) (3) (4) (5)
Panel A (Constant) 166.445" -46.886 51.336 352.097 84.592
4[)_ t (67.135) (158.230)  (285.320)  (233.379) (215.175)
Istance < . - 3.18™ 3.26™ 3.14™ 3.24™ 3.36™
0.35miles ~ Ride-Hailingusage 55, (:326) (:328) (:334) (:325)
(n=17,339) . -.244™ -.181™ -.130™ -.120™" -.107"
Total Units (.016) (.016) (.018) (.022) (.022)
Year of Sale FE Yes Yes Yes Yes Yes
Building
Classification FE es es ves ves ves
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station
FE Yes
Zip Code FE Yes
Adjusted R-squared .106 147 224 .252 227
F-value 67.534" 23.221" 4,012 3.090™ 4,290

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001
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Table 15: Results of General Linear Model - Main Data Set — Panel B

GLM Group Independent Variable (1) (2) (3) (4) (5)
Panel B (Constant) 51.082™ 142.703 51.618 27.676 142.835
- (15.704) (85.220)  (187.010)  (130.935) (252.692)
D1stan(5e2 Ride-Haili 2.93™ 2.90™" 2.94™ 2.96™" 2,94
0.35 miles Ide-Railing usage (.233) (.231) (.231) (.231) (.230)
(n=28,593) Total Units -431™ -.392™ -.305™ -.332™ -.313™
(.025) (.025) (.027) (.026) (.027)

Year of Sale FE Yes Yes Yes Yes Yes

Buildin Yes

Classifi?:ation FE ves ves ves ves

Borough FE Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 138 154 215 215 210

F-value 132,131 41.212™ 5.162™" 5117 5.862""

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

As shown in Panels A and B of Table 15, ride-hailing usage had a significant
positive effect on property’s sale price per SF in both groups (i.e., distance less than 0.35
miles and distance greater than or equal to 0.35 miles) and all five fixed effect scenarios
with p-values at the 0.001 significance level. Therefore, hypothesis H1.b was supported.
Although hypothesis H1.a showed a significant relationship (p<0.001) as shown in Panel
B, the direction was unexpectedly positive rather than as hypothesized, in the negative
direction. Therefore, hypothesis H1.a was not supported. The section below discusses the

regression analysis results in relation to the relevant hypotheses.

As shown in Panel A of Table 15 examining hypothesis H1.a, the unstandardized
coefficients of Ride-Hailing usage were 3.18, 3.26, 3.14, 3.24, and 3.36, respectively for
the fixed effects variables of year of sale together with building classification, year of
sale together with building classification and borough, year of sale together with building
classification and neighborhood, year of sale together with building classification and

rapid rail station, and year of sale together with building classification and zip code. The
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p-values of the coefficient results were all significant at the 0.001 level. The results
indicated a significant positive relationship between ride-hailing usage and property’s
sale price per SF in each of the five fixed effect scenarios. This is in contrast to the
hypothesis, suggesting a negative relationship between ride-hailing usage and property’s
sale price per SF. Therefore, H1.a was not supported. The results suggested that an
increase in ride-hailing usage positively contributed to an increase in property’s sale price

per SF for properties located less than 0.3 miles from the nearest rapid rail station.

As shown in Panel B of Table 15 examining hypothesis H1.b, the unstandardized
coefficients of Ride-Hailing usage were 2.93, 2.90, 2.94, 2.96, and 2.94, respectively for
the fixed effects variables of year of sale together with building classification, year of
sale together with building classification and borough, year of sale together with building
classification and neighborhood, year of sale together with building classification and
rapid rail station, and year of sale together with building classification and zip code. The
p-values of the coefficient results were all significant at the 0.001 level. The results
indicated a significant positive relationship between ride-hailing usage and property’s
sale price per SF in each of the five fixed effect scenarios. Therefore, H1.b was
supported. The results suggested that an increase in ride-hailing usage positively
contributed to an increase in property’s sale price per SF for properties located greater

than or equal to 0.3 miles from the nearest rapid rail station.

Moderation Effects of Rapid Rail Station Distance

The moderation effect of the distance to the nearest rapid rail station as a
dichotomous variable at 0.35 miles on the relationship between ride-hailing usage, as the

independent variable, on property’s sale price per SF, as the dependent variable, was
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examined (i.e., H2) in each of the five fixed effect scenarios using general linear model
analysis. All predictors were standardized to make interpretations easier and to avoid

problems of multicollinearity (Aiken and West 1991).

Table 16 shows the results of the general linear model of the moderation effect of
distance to the nearest rapid rail station at 0.35 miles on the relationship between ride-

hailing usage and property’s sale price per SF.

Table 16: Results of Moderation Effect of Rapid Rail Distance - Main Data Set

GLM Group Independent Variable 1) (2) (3) (4) (5)
Distance to (Constant) 49.450™  180.387  -266.132  144.144  397.751"
the nearest (14.795)  (142.697) (210.671) (153.957) (168.867)
rapid rail Z- Ride-Hailing usage 20917 20.964™  20.724""  20.994™"  21.334™
station (1.326)  (1.310)  (1.303)  (1.305)  (1.298)

dichotomous, ~ Z- Distance to the nearest 7.406™ 4590  1.296™ = 2.231""  1.055™
8_35 miles) rapid rail station (.288) (:310) (:394) (:364) (-393)

(dichotomous)
Z- Ride-Hailing usage * Z- 897" .820™ 134 746" .146
Distance to the nearest (.286) (.:307) (.387) (:359) (:384)

rapid rail station
(dichotomous)

Total Units -.293 -.234 -.184 -.216 -.195

(.013) (.013) (.015) (.016) (.016)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.140 0.164 0.226 0.234 0.224
F-value 202.886™" 60.125""  5.890™" 5.040™" 6.610™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 45,932,
*p<0.05, **p<0.01, ***p<0.001

As shown in Table 16 examining hypothesis H2, the results of the general linear
model indicated that the interaction variable of ride-hailing usage and distance to the
nearest rapid rail station as a dichotomous variable had a significant positive moderation
effect on property’s sale price per SF for the following fixed effect scenarios: 1) year of

sale together with building classification (Column 1: 0.897, p<0.01), 2) year of sale
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together with building classification and borough (Column 2: 0.820, p<0.01), and 3) year
of sale together with building classification and rapid rail station (Column 4: 0.746,

p<0.05).

The results indicated a significant positive moderation effect of rapid rail distance
on the relationship between ride-hailing usage and property’s sale price per SF in the
fixed effect scenarios discussed above. Therefore, hypothesis H2 was supported in all of
these fixed effect scenarios. However, the significance of the interaction variable of ride-
hailing usage and distance to the nearest rapid rail station as a dichotomous variable was
not supported (p>0.05) in the following fixed effect scenarios: 1) year of sale together
with building classification and neighbourhood (Column 3), and 2) year of sale together

with building classification and zip code (Column 5).

The results in the three supported fixed effect scenarios suggested that the impact
of distance from the nearest rapid rail station, as a dichotomous variable, on the
relationship between ride-hailing usage and property’s sale price per SF was stronger for

properties located greater than or equal to 0.35 miles from the nearest rapid rail station.

Appendix B shows the results of the general linear model analysis that was used
to explore the effects of ride-hailing usage on property’s sale price per SF for the
following additional distance categories using the main data set: 1) distances of less than
0.25 miles and 0.4 miles (i.e., H1.a), and 2) distances greater than or equal to 0.25 miles
and 0.4 miles (i.e., H1.b). The moderation effect of the distance as a dichotomous
variable to the nearest rapid rail station at 0.25 miles and 0.4 miles on the relationship
between ride-hailing usage and property’s sale price per SF (i.e., H2) was also explored

and presented in Appendix B.
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CHAPTER 5
CONCLUSION

Summary of Findings

This study used a general linear model to explore the relationship between ride-
hailing usage and property’s sale price per SF with total units as the control variable, and
year of sale, building classification, borough, neighborhood, rapid rail station, and zip
code as fixed effects for the analyses of hypotheses H1, H1.a, H1.b, and H2. The main
data set in this study which pertained to the five boroughs of New York City was used for
the analyses of all hypotheses. To further support the findings in this study, two
additional analyses were conducted. First, additional analyses of all hypotheses (H1,
H1.a, H1.b, and H2) were examined using data from Queens alone, the largest borough in
New York City. Second, in addition to the distance category of 0.3 miles, the distance
category of 0.35 miles, was used to examine hypotheses H1.a, H1.b, and H2. The

following discussion summarizes the results from all analyses for each hypothesis.

As expected, a significant positive relationship between ride-hailing usage and
property’s sale price per SF was observed (H1) in the main data set from New York City
and in the additional analyses using data from the Queens borough. In other words, an
increase in ride-hailing usage positively contributed to the increase in property’s sale

prices per SF.

Further analysis examined the relationship between ride-hailing usage and
property’s sale price per SF depending on the properties distance from a rapid rail station.

This relationship was analyzed for properties located less than 0.3 miles from a rapid rail
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station and for properties located greater than or equal to 0.3 miles from a rapid rail
station. A significant positive relationship between ride-hailing usage and property’s sale
price per SF was found for properties located less than 0.3 miles from a rapid rail station
(H1.a). This is in contrast to the hypothesis predicting a significant negative relationship.
As expected, a significant positive relationship between ride-hailing usage and property’s
sale price per SF for the properties located greater than or equal to 0.3 miles from a rapid
rail station was observed (H1.b). Similar findings were observed for hypotheses H1,
H1.a, and H1.b when using the main data set from New York City and in the additional
analyses using data from the Queens borough. Furthermore, the results remained the
same for H1.a and H1.b when using an additional distance category of 0.35 miles. The
unexpected positive relationship between property’s sale price and ride hailing usage for
properties located less than 0.3 miles and 0.35 miles shows that ride hailing services
significantly contributed to property’s sale price per SF for all properties regardless of
distance from a rapid rail station, as supported by hypothesis H1. Therefore, hypothesis
H2 examined the effect of a property’s distance from a rapid rail station on the

relationship between ride-hailing usage and property’s sale price per SF.

This study explored the impact of a property’s distance from a rapid rail station as
a moderator variable on the relationship between ride-hailing usage and property’s sale
price per SF (H2). Using a general linear model, the study found that an increase in a
property’s distance from the nearest rapid rail station positively impacted the relationship
between ride-hailing usage and property’s sale prices per SF in all supported fixed effect
scenarios, using the main data set from New York City and in the additional analyses

using data from the Queens borough. In other words, the positive impact of ride-hailing
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usage on property’s sale prices per SF was stronger for properties located further away
from a rapid rail station (H2). To further support this finding, properties were divided into
two categories: 1) properties located in a distance less than 0.3 miles from a rapid rail
station and 2) properties located in a distance greater than or equal to 0.3 miles from a
rapid rail station. It was found that the impact of ride-hailing usage on property’s sale
price per SF for properties located greater than or equal to 0.3 miles from rapid rail
stations was stronger than for properties located less than 0.3 miles from a rapid rail
station (H2) in all supported fixed effect scenarios. Similar results were found using the
main data set from New York City and in the additional analyses using data from the
Queens borough. Furthermore, the results for hypothesis H2 remained the same when

using the additional distance category of 0.35 miles.

Limitations and Future Research

The relationship between traditional transportation methods and real estate prices
has been studied for decades, providing a solid background for the current study. This
pioneering study examines the impact of a relatively new transportation method, ride-
hailing, on real estate prices. Given the brief history of ride-hailing companies, there was
a limited number of studies that explored the relationship between ride-hailing services
and real estate prices. Additional studies examining this relationship on a larger national
scale or in a different state, city, or country will provide further evidence to support the

findings of the current study.

Here, transportation changes were shown to have an impact on real estate prices.
Thus, another perspective for future research is to explore the relationship between other

innovative transportation methods such as shared bikes/scooters and real estate prices in

59



urban districts. Additional studies in this field will provide deeper insight into the impact

of recent transportation changes on the real estate industry.

Conclusion

The results in this study found that the usage of ride-hailing services positively
contributes to an increase in real estate prices. Furthermore, the positive relationship
between ride hailing services and real estate prices was found to be even stronger for
properties that are located further away from rapid rail stations. These findings imply that
ride-hailing services, as a new method of transportation accessibility contribute to an
increase in the attractiveness and ultimately the price of properties located further from
rapid rail stations. In other words, ride-hailing, as a new transportation method, enables
accessibility and negates the need to be located in the immediate area of a rapid rail

station.

Research Contribution

The current transportation revolution may impact the real estate industry even
more than the change observed in the 1950s, after the mass adoption of automobiles
(CBRE, 2019). When considering all of the recent transportation changes, it is likely that
real estate location preference and urban real-estate design will be impacted, as suggested
by the results of this study where specifically, the impact of ride-hailing services on real
estate prices was explored. For example, people may think twice when choosing between
a property located within a short distance to traditional public transportation and center
city districts and a cheaper property with access to new mobility solutions that allows for

efficient short commutes. In other words, the relatively new “player” in the transportation
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industry, ride-hailing, may impact the traditional relationship between transportation
accessibility and real estate prices. The results from this pioneering study provide
valuable information to city and state authorities, financial institutions, real estate

investors and developers, and home buyers.

City and State Authorities

Understanding the impact of ride-hailing services on real estate prices will
support the design of smart city development and urban environmental planning by
increasing city and state revenue. The real estate tax in cities is a percentage of property
value, and higher property values will increase authorities' property tax collection
(Agostini & Palmucci, 2008). This study already found that ride-hailing services
positively contribute to real estate prices overall. In addition, recognizing the impact of
ride-hailing services on real estate prices may affect the location of future real estate
development in cities and promote improvement in infrastructure that will enhance the
adoption of ride-hailing services and future transportation changes. This may in turn

mitigate traffic congestion issues, reduce economic costs, and increase road safety.

Financial Institutions, Real Estate Investors, and Developers

Acknowledging the impact of ride-hailing services on real estate prices will
support future investment decisions to minimize risks and increase revenue. Ride-hailing
services may impact location demand and, as a result, affect real estate prices.
Anticipating these changes will help financial institutions, investors, and developers in

making strategic decisions to maximize wealth.
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APPENDIX A: ADDITIONAL ANALYSIS FOR EACH BOROUGH

General linear model analysis was used to explore the direct effect of ride-hailing
usage on property’s sale price per SF (H1, Hl.a, H1.b) and the moderation effect of the
distance to the nearest rapid rail station on the relationship between ride-hailing usage
and property’s sale price per SF (H2). The analysis of all hypotheses was examined for
each of the following borrows: 1) Manhattan (Table 17 and 18), 2) The Bronx (Table 19
and 20), 3) Brooklyn (Table 21 and 22), and 4) Staten Island (Table 23 and 24). In the
analyses of all hypotheses (H1. H1.a, H1.b, and H2) total units was used as the control
variable and the following were used as fixed effect scenarios: 1) year of sale together
with building classification, 2) year of sale together with building classification and
neighborhood, 3) year of sale together with building classification and rapid rail station,
and 4) year of sale together with building classification and zip code. The following

sections present the results of the general linear model analysis for each borough.
Manhattan
Direct Effect

Table 17 shows the results of the direct effect of ride-hailing usage, the

independent variable, on property’s sale price per SF, the dependent variable, for the

borough of Manhattan (H1, H1.a, H1.b).
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Table 17: Results of General Linear Model

- Manhattan — Panel A

GLM Group Independent Variable @ 2 3) 4
Panel A (Constant) -113.630  139.397 91.155 -216.873
(101.692)  (120.839)  (170.971) (263.926)
Overall . . 5.28" 5.09 509 5.00
(n=636) Ride-Hailing usage (2.49) (2.68) (3.00) (2.76)
Total Units -.341 224" -.153" -.106
(.044) (.050) (.051) (.063)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .182 .397 449 403
F-value 6.239™" 3.016™" 2,707 2.834™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 17: Results of General Linear Model - Manhattan — Panel B

GLM Group Independent Variable (D) (2) 3) 4)
Panel B (Constant) -37.538 222.581 -394.656  384.142
] (81.462)  (175.477) (258.975) (244.414)
Distance < 0.3 Ri o 4.92 4.57 5.68 472
miles (n=572) ide-Hailing usage (2.66) (2.82) (312) (289
. -.325™" -.220™" -.142" -.073
Total Units (.047) (.053) (.053) (.064)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .182 410 467 431
F-value 6.070™" 3.079"™" 2.815™" 3.012"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 17: Results of General Linear Model - Manhattan — Panel C

GLM Group Independent Variable (1) (2) (3) (4)
Panel C (Constant) -83.810 -11.355 -241.604  -398.494
] (186.117)  (390.912)  (370.415)  (346.430)
Distance > 0.3 ) - .390 9.50 1.12 9.32
miles (n=64) Ride-Hailing usage (7.73) (13.9) (16.8) (14.9)
Total Units -.522™ -.205 -.115 -.393
(.150) (.219) (.436) (.412)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 195 .406 .396 .350
F-value 2.019 2.051 1.897 1.787™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001
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As shown in Table 17, ride-hailing usage had a significant positive effect on
property’s sale price per SF in the overall group for the fixed effect of year of sale
together with building classification (Panel A, Column 1) with a p-value at the 0.05
significance level. Therefore, hypothesis H1 was supported for this fixed effect scenario.
Hypotheses H1.a (Panel B) and H1.b (Panel C) were not supported in all four fixed effect

scenarios.
Moderation Effects of Rapid Rail Station Distance

Table 18 shows the results of the general linear model to examine the moderation
effect of the distance to the nearest rapid rail station on the relationship between ride-
hailing usage, the independent variable, and property’s sale price per SF, the dependent

variable, for the borough of Manhattan.

Table 18: Results of Moderation Effect of Rapid Rail Distance - Manhattan — Panel A

GLM Group Independent Variable (1) (2) 3) 4
Panel A (Constant) -38.546 265.575" 123.952 -114.941
- (92.096)  (115.473) (168.116 (257.887)
Distance to the 7 Ride-Hailing usage 33.192 20.286 9.205 27.048
nearest rapid (18.643) (21.641) (24.806) (21.622)
rail station Z- Distance to the nearest 3.873 50.259 71.152 48.579
(continuous) rapid rail station (35.780) (46.648) (51.792) (48.168)

(continuous)
Z- Ride-Hailing usage * -2.515 -11.045 2.491 -6.302
Z- Distance to the nearest (5.148) (7.392) (8.542) (7.305)

rapid rail station
(continuous)

. -.344™ -232™ -.156™ -.113
Total Units (.045) (.051) (.052) (.063)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.180 0.399 0.449 0.403
F-value 5.800™ 3.016™" 2.696™" 2.819"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 636.; *p<0.05, **p<0.01, ***p<0.001
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Table 18: Results of Moderation Effect of Rapid Rail Distance - Manhattan — Panel B

GLM Group Independent Variable Q) 2 ?3) 4
Panel B (Constant) -43737  227.341* 44739 -144.915
E— (90.569)  (112.918) (166.022) (257.606)
Distance to the 7. Rjde-Hailing usage 33.869 20.213 10.118 27.701
nearest rapid (18.670)  (21.711) (24.719) (21.863)
rail station Z- Distance to the nearest 3.018 6.530 17.767* 5.964
(dichotomous, rapid rail station (5.561) (7.564) (8.453) (7.842)
0.3 miles) (dichotomous)

Z- Ride-Hailing usage * Z- -2.314 -9.999 2.889 -5.546
Distance to the nearest (5.148) (7.641) (8.501) (7.585)

rapid rail station
(dichotomous)

. -.343™ =231 -.152™ -.110
Total Units (.044) (.051) (.051) (.063)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.180 0.398 0.453 0.403
F-value 5.812"™" 3.011™ 2.725™" 2.814™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 636.; *p<0.05, **p<0.01, ***p<0.001

As shown in Panels A and B of Table 18, the significance of the interaction
variable of ride-hailing usage and distance to the nearest rapid rail station as both a
continuous and a dichotomous variable was not supported (p>0.05) in all four fixed effect

scenarios. Therefore, hypothesis H2 was not supported.

The Bronx

Direct Effect

Table 19 shows the results of the direct effect of ride-hailing usage, the

independent variable, on property’s sale price per SF, the dependent variable, for the

borough of The Bronx (H1, H1.a, H1.b).
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Table 19: Results of General Linear Model

— The Bronx — Panel A

GLM Group Independent Variable (1) (2) (3) (4)
Panel A (Constant) -3.311 49.315 47.484 104.008
overall (16.979)  (127.311) (81.578) (73.166)

vera , - 3.32™ 3.12™ 3.26™ 3.27™
(n=12,705) Ride-Hailing usage (332) (327) (327) (327)
. =257 -.161"" -175" 167
Total Units (.025) (.025) (.025) (.025)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 184 247 .253 .240
F-value 93.153™ 8.655™" 6.241"" 9.492"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 19: Results of General Linear Model — The Bronx — Panel B

GLM Group Independent Variable (1) (2) 3) (4)
Panel B (Constant) 103.731" 32.562 -41.653 466.656™
- (22.674) (78.112) (117.237)  (161.600)
Distance < 0.3 : o 3.19™ 2.97 311 3.16™
miles (n=5,681) Ride-Hailing usage (.500) (.500) (.506) (.500)
. -.200™ -.083 -.047 -.074
Total Units (.043) (.044) (.046) (.044)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 172 226 239 218
F-value 44,725 5.547"" 3.836™" 5.709™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 19: Results of General Linear Model — The Bronx — Panel C

GLM Group Independent Variable (1) (2) 3) 4)
Panel C (Constant) -3.718 234.923 46.546 113.793
- (18.478) (146.787) (85.947) (76.067)
Distance > 0.3 Ride-Haili 3.40™ 3.33"™ 3.45™ 3.31™
miles (n=7,024) ide-Hailing usage (:440) (433) (.435) (.435)

Total Units -.262™" -.193™ -.215™ -.207™
(.031) (.031) (.031) (.031)

Year of Sale FE Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 189 .262 .268 247

F-value 53.877"" 7.178™" 5.801"" 7.872"""

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001
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As shown in Panels A, B, and C of Table 19, ride-hailing usage had a significant
positive effect on property’s sale price per SF in all three conditions (i.e., overall,
distance less than 0.3 miles, and distance greater than or equal to 0.3 miles) and all four
fixed effect scenarios. The results show p-values at the 0.001 significance level.
Therefore, hypotheses H1 and H1.b were supported. Although hypothesis H1.a showed a
significant relationship (p<0.001) as shown in Panel B, the direction was unexpectedly
positive rather than as hypothesized, in the negative direction. Therefore, hypothesis H1.a

was not supported.
Moderation Effects of Rapid Rail Station Distance

Table 20 shows the results of the general linear model analysis to examine the
moderation effect of the distance to the nearest rapid rail station on the relationship
between ride-hailing usage, the independent variable, and property’s sale price per SF,

the dependent variable, for the borough of The Bronx.

Table 20: Results of Moderation Effect of Rapid Rail Distance - The Bronx — Panel A

GLM Group Independent Variable @ 2 3) 4
Panel A (Constant) 33.232" 81.867 79.765 142.521"
- (15.568)  (126.945)  (81.259)  (72.859)
Distance to the 7. Ride-Hailing usage 23.055" 21673 227177 22.676™
nearest rapid (2.276)  (2.259)  (2.266) (2.261)
rail station Z- Distance to the nearest rapid rail 17.047"  11.833™  7.909™  10.075™"
(continuous) station (continuous) (1.093) (1.836) (1.387) (2.050)

Z- Ride-Hailing usage * Z- Distance .017 176 311 .073
to the nearest rapid rail station (:469) (:539) (:508) (:558)
(continuous)

. -.234™ -.156™" -.170™ -.162""
Total Units (025)  (025)  (.025) (.025)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.199 0.249 0.255 0.242
F-value 96.556™"  8.729™"  6.283™  9.520™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 12,705.; *p<0.05, **p<0.01, ***p<0.001
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Table 20: Results of Moderation Effect of Rapid Rail Distance — The Bronx — Panel B

GLM Group Independent Variable @ 2 3) 4)
Panel B (Constant) 31.236" 82.270 86.632 144.894"
- (15.647)  (127.086) (81.266)  (72.902)
Distance to Z- Ride-Hailing usage 22683 21.567"" 22513™ 22517
the nearest (2.287) (2.261) (2.267) (2.262)
rapid rail Z- Distance to the nearest rapid rail 5.356™"  2.114™  2646™ = 1.693"
station station (dichotomous) (:472) (.5401) (:510) (:563)
(dichotomous,  7- Ride-Hailing usage * Z- Distance -.074 -.170 -222 .047
0.3 miles) to the nearest rapid rail station (:472) (:541) (:509) (:559)

(dichotomous)

. =241 -170™ -170™ -.164""
Total Units (025)  (541)  (025)  (025)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.192 0.247 0.254 0.241
F-value 92.295™"  8.662"" 6.273™" 9.477™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 12,705.; *p<0.05, **p<0.01, ***p<0.001

As shown in Panels A and B of Table 20, the significance of the interaction
variable of ride-hailing usage and distance to the nearest rapid rail station as both a
continuous and a dichotomous variable was not supported (p>0.05) in all four fixed effect

scenarios. Therefore, hypothesis H2 was not supported.

Brooklyn

Direct Effect

Table 21 shows the results of the direct effect of ride-hailing usage, the
independent variable, on property’s sale price per SF, the dependent variable, for the

borough of Brooklyn (H1, H1.a, H1.b).
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Table 21: Results of General Linear Model - Brooklyn — Panel A

GLM Group Independent Variable (1) 2) 3) 4)
Panel A (Constant) 228.844™ -72.216 825.723 -125.953
(69.453) (314.752) (439.103) (337.805)
Overall . . 2.99™ 2.88™ 2.99™ 3.12"™
(n=10,190) Ride-Hailing usage (444) (448) (461) (444)
. -.335™ -.254" -.270™ -.278™"
Total Units (.048) (.050) (.055) (.049)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .094 .146 158 .150
F-value 33.859"" 3.353"™" 2.474™ 3.839™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 21: Results of General Linear Model - Brooklyn — Panel B

GLM Group Independent Variable (1) (2) ) (4)
Panel B (Constant) 193.586™  -232.839 490.925 677.580"
) (73.022) (448.937) (279.748) (261.643)
Distance < 0.3 Ri . 2.79™ 250" 2.84™ 2,97
miles (n=5,269) ide-Hailing usage (.632) (2650) (2686) (.641)
. -.335™ -.253™ -.284™ -.270™"
Total Units (.070) (.074) (.098) (.072)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .088 138 .154 147
F-value 17.908™" 2531 1.886™ 2787

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard

error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing

usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 21: Results of General Linear Model - Brooklyn — Panel C

GLM Group Independent Variable @ 2 3 4
Panel C (Constant) 197.115™ 74.008 82.860 710.040"
(72.261) (444.472) (278.108)  (351.645)
Distance > 0.3 Ride-Haili 3.25™" 2.98"™" 2,97 3.28"™"
miles (n=4,921) ide-Hailing usage (.621) (.631) (.646) (.625)
. -.305™ -.256™" -.256™" -.268™"
Total Units (.067) (.069) (.086) (.068)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .099 .156 A7 .159
F-value 18.932"" 2.952™" 2.473™" 3.313™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.; *p< 0.05, **p< 0.01, ***p< 0.001
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As shown in Panels A, B, and C of Table 21, ride-hailing usage had a significant
positive effect on property’s sale price per SF in all three conditions (i.e., overall,
distance less than 0.3 miles, and distance greater than or equal to 0.3 miles) and all four
fixed effect scenarios. The results show p-values at the 0.001 significance level.
Therefore, hypotheses H1 and H1.b were supported. Although hypothesis H1.a showed a
significant relationship (p<0.001) as shown in Panel B, the direction was unexpectedly
positive rather than as hypothesized, in the negative direction. Therefore, hypothesis H1.a

was not supported.
Moderation Effects of Rapid Rail Station Distance

Table 22 shows the results of the general linear model analysis to examine the
moderation effect of the distance to the nearest rapid rail station on the relationship
between ride-hailing usage, the independent variable, and property’s sale price per SF the

dependent variable, for the borough of Brooklyn.

Table 22: Results of Moderation Effect of Rapid Rail Distance - Brooklyn — Panel A

GLM Group Independent Variable @ 2 3) 4
Panel A (Constant) 271472 -35169  865.671"  -88.556
- (68.539)  (314.720) (438.629) (337.776)
Distance tothe 7. Rjde-Hailing usage 20821 19.972™" 20985  21.720"
nearest rapid (3.060)  (3.110)  (3.192) (3.082)
rail station Z- Distance to the nearest rapid rail 17.198™ 1.379 9.786™" 2.589
(continuous) station (continuous) (1.574) (3.325) (2.222) (2.852)

Z- Ride-Hailing usage * Z- Distance to -.165 .078 1.016 .367
the nearest rapid rail station (continuous) ~ (.609) (.757) (.756) (.765)
Total Units -.302" -.253"™" -.253™" -275™
(.048) (.050) (.056) (.049)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.104 0.146 0.160 0.150
F-value 35.754™" 3.344™ 2.491™ 3.828"™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 10,190.; *p<0.05, **p<0.01, ***p<0.001
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Table 22: Results of Moderation Effect of Rapid Rail Distance - Brooklyn — Panel B

GLM Group Independent Variable (1) 2 3) 4)
Panel B (Constant) 264.286™" -35.815 874.634" -89.574
- (68.730) (314.715) (438.980) (337.812)
Distance tothe  7_ Rjde-Hailing usage 20.723"" 19.956™" 20.897" 21.685""
nearest rapid (3.068) (3.110) (3.195) (3.082)
rail station Z- Distance to the nearest 4.853"" 376 1.789" 188
(dichotomous,  rapid rail station (.617) (-774) (772) (.785)
0.3 miles) (dichotomous)

Z- Ride-Hailing usage * Z- 368 103 1.084 349
Distance to the nearest (.612) (.761 (.759) (.769)

rapid rail station
(dichotomous)

. -.320™" -.253™ -.265™ =277
Total Units (.048) (.050) (.055) (.049)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.099 0.146 0.158 0.150
F-value 33.877 3.344™ 2.476™" 3.826™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 10,190.; *p<0.05, **p<0.01, ***p<0.001

As shown in Panels A and B of Table 22, the significance of the interaction
variable of ride-hailing usage and distance to the nearest rapid rail station as both a
continuous and a dichotomous variable was not supported (p>0.05) in all four fixed effect

scenarios. Therefore, hypothesis H2 was not supported.

Staten Island
Direct Effect

Table 23 shows the results of the direct effect of ride-hailing usage, the
independent variable, on property’s sale price per SF, the dependent variable, for the

borough of Staten Island (H1, H1.a, H1.b).
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Table 23: Results of General Linear Model — Staten Island — Panel A

GLM Group Independent Variable (1) (2) (3) (4)
Panel A (Constant) 140.108" 93.059 229.016 15.850
(63.891) (212.181) (123.149)  (203.472)
Overall . - 3.06™ 3.10™ 3.03"" 317
(n=9,405) Ride-Hailing usage (377) (371) (.369) (.372)
- -.559™ -.583"" -.460™" -.460™"
Total Units (079) (110) (077) (078)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 158 .236 220 211
F-value 58.043™ 6.322"" 10135 11.324™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 23: Results of General Linear Model - Staten Island — Panel B

GLM Group Independent Variable (1) (2) ) (4)
Panel B (Constant) 117.734 25.382 -74.143 240.507
. (90.094) (181.375)  (179.610)  (179.660)
Distance < 0.3 Ri . 2.36 2.57 2.80 3.03"
miles (n=834) ide-Hailing usage (1.28) (1.36) (1.35) (1.32)
- -.760" -.760" -.828™ -.624"
Total Units (:298) (:335) (312) (:300)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .156 227 .258 .205
F-value 7.426™" 2.385"" 2.649™" 3.086™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.; *p< 0.05, **p< 0.01, ***p< 0.001

Table 23: Results of General Linear Model - Staten Island — Panel C

GLM Group Independent Variable ()] (2) 3) 4
Panel C (Constant) 139.202" 156.331 91.417 397.520
- (63.938) (125.429) (124.299)  (241.610)
Distance > 0.3 Ride-Haili 3.10™" 3.15™" 3.03™ 3.07
miles (n=8,571) ide-Hailing usage (3.96) (.389) (.386) (.388)

Total Units -.541™ -.549™* -.438™" -.4417
(.082) (.118) (.080) (.081)

Year of Sale FE Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared .158 237 222 212

F-value 52.923™" 6.514™" 10.346™" 11.603™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.; *p< 0.05, **p< 0.01, ***p< 0.001
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As shown in Panels A, B, and C of Table 23, ride-hailing usage had a significant
positive effect on property’s sale price per SF in all four fixed effect scenarios for two
groups, overall (Panel A) and distance greater than or equal to 0.3 miles (Panel C). The
results show p-values at the 0.001 significance level. For distance less than 0.3 miles
(Panel C), ride-hailing usage had a significant positive effect on property’s sale price per
SF in the following fixed effect scenarios: 1) year of sale together with building
classification and rapid rail station (Column 3), and 2) year of sale together with building
classification and zip code (Column 4). The results for both scenarios show p-values at
the 0.05 significance level. Therefore, hypotheses H1 and H1.b were supported. Although
hypothesis H1.a showed a significant relationship (p<0.05) in two fixed effect scenarios
as shown in Panel B, the direction was unexpectedly positive rather than as hypothesized,

in the negative direction. Therefore, hypothesis H1.a was not supported.
Moderation Effects of Rapid Rail Station Distance

Table 24 shows the results of the general linear model analysis to examine the
moderation effect of the distance to the nearest rapid rail station on the relationship
between ride-hailing usage, the independent variable, and property’s sale price per SF,

the dependent variable for the borough of Staten Island.
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Table 24: Results of Moderation Effect of Rapid Rail Distance — Staten Island — Panel A

GLM Group Independent Variable (1) (2) (3) (4)
Panel A (Constant) 178.080™  133.382  267.441" 54.299
- (63.316)  (116.672) (122.993) (203.386)
Distanceto 7. Ride-Hailing usage 20.941"*  21.768™  20.655™  21.321""
the nearest (2.646) (2.638) (2.599) (2.617)
rapid rail Z- Distance to the nearest rapid rail -3.330" 482 -.306 197
station station (continuous) (0.444) (2.049) (:564) (1.328)
(continuous)  Z- Ride-Hailing usage * Z- Distance to .600 -557 625 296
the nearest rapid rail station (.925) (1.127) (.938) (:982)
(continuous)
. -.563™" -.582"" -.461™" -.460™"
Total Units (079) (110)  (077)  (.078)
Year of Sale FE Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.163 0.236 0.220 0.211
F-value 56.560”"  6.298™"  10.067""  11.231™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 9,405.
*p<0.05, **p<0.01, ***p<0.001

Table 24: Results of Moderation Effect of Rapid Rail Distance — Staten Island — Panel B

GLM Group Independent Variable (1) (2) 3) 4)
Panel B (Constant) 178.955 132.243 270.966" 54.952
- (63.507) (116.691) (122.978) (203.364)
Distance to Z- Ride-Hailing usage 20.860™ 21.770%** 20.611 21.299™
the nearest (2.654) (2.638) (2.599) (2.617)
rapid rail Z- Distance to the nearest =717 .326 1.291 1.269
station rapid rail station (:927) (1.137) (.935) (.981)
(dichotomous,  (dichotomous)

0.3 miles) Z- Ride-Hailing usage * Z- 569 -.552 .680 .350
Distance to the nearest rapid ~ (:928) (1.127) (.939) (.983)
rail station (dichotomous)

Total Units -.559™* -.583™" -.460™" -.460™"
(.079) (.110) (.077) (.078)

Year of Sale FE Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared 0.158 0.236 0.220 0.211

F-value 54.550""" 6.298"" 10.074™ 11.239™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 9,405.
*p<0.05, **p<0.01, ***p<0.001

As shown in Panels A and B of Table 24, the significance of the interaction

variable of ride-hailing usage and distance to the nearest rapid rail station as both a
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continuous and a dichotomous variable was not supported (p>0.05) in all four fixed effect

scenarios. Therefore, hypothesis H2 was not supported.
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APPENDIX B: ADDITIONAL DISTANCE CATEGORIES ANALYSIS

General linear model analysis was used to explore the direct effects of ride-hailing
usage on property’s sale price per SF in two additional distance categories using the main
data set: 1) distances of less than 0.25 miles and 0.4 miles (i.e., H1.a), and 2) distances
greater than or equal to 0.25 miles and greater than or equal to 0.4 miles (i.e., H1.b).
Additionally, the moderation effect of the distance as a dichotomous variable to the
nearest rapid rail station at 0.25 miles and at 0.4 miles on the relationship between ride-
hailing usage and property’s sale price per SF (i.e., H2) was analysed. In the analyses of
all hypotheses (H1.a, H1.b, and H2) total units was used as the control variable and the
following five fixed effect scenarios were used: 1) year of sale together with building
classification, 2) year of sale together with building classification and borough, 3) year of
sale together with building classification and neighborhood, 4) year of sale together with
building classification and rapid rail station, and 5) year of sale together with building
classification and zip code. The following sections present the results of the general linear

model analysis for the additional distance categories.

Distance Category - 0.25 miles

Direct Effect

General linear model analysis was used to explore the effects of ride-hailing
usage, as the independent variable, on property’s sale price per SF, as the dependent
variable, in two groups using the main data set: 1) properties located in a distance of less

than 0.25 miles (i.e., H1.a), and 2) properties located in a distance of greater than or equal
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to 0.25 miles (i.e., H1.b). Panels A and B of Table 25 present the results of the general

linear model analysis.

Table 25: Results of General Linear Model - Main Data Set — Panel A

GLM Group Independent Variable (1) 2) (3) (4) (5)
Panel A (Constant) 164.856" 17.410 42.391 323.054  573.248™
7D_ t (68.433)  (176.353)  (290.470)  (201.393)  (194.737)
Istance < . - 2.85"" 2.95™" 2.80™" 297 3.12"
0.25miles  Ride-Hailing usage (.402) (394) (:399) (412) (:396)
(n=12,007) . -.280™" -.209™" -.166™" =147 -.163""
Total Units (.020) (021) (.025) (.038) (.035)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared .108 151 231 264 237
F-value 49.392"" 17.243™ 3.532"" 2.759™ 3.741™

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

Table 25: Results of General Linear Model - Main Data Set — Panel B

GLM Group Independent Variable @ (2) 3) (4) (5)
Panel C (Constant) 19.776 144.407 189.687 147.730 536.051
7}), (15.306)  (84.422) (207.378)  (129.943)  (201.365)
istance > . o 3.16™ 3.10™ 3.10™ 3.10™ 3.13"™
0.25miles  Ride-Hailing usage (217) (:215) (:215) (214) (214)
(n=33,925) . -.313"™ -.261"" -.192™ -.213™ -.210"™"
Total Units (.017) (017)  (.019) (.018) (.020)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 133 154 219 223 214
F-value 149.470"™"  45.725™" 5323 5.071"" 6.038™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

As shown in Panels A and B of Table 25, ride-hailing usage had a significant
positive effect on property’s sale price per SF in both groups (i.e., distance less than 0.25
miles and distance greater than or equal to 0.25 miles) and all five fixed effect scenarios

with p-values at the 0.001 significance level. Therefore, hypothesis H1.b was supported.
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Although hypothesis H1.a showed a significant relationship (p<0.001) as shown in Panel

B, the direction was unexpectedly positive rather than as hypothesized, in the negative

direction. Therefore, hypothesis H1.a was not supported.

Moderation Effects of Rapid Rail Station Distance

Table 26 shows the results of the general linear model analysis examining the

moderation effect of the distance to the nearest rapid rail station as a dichotomous

variable at 0.25 miles on the relationship between ride-hailing usage, as the independent

variable, and property’s sale price per SF, as the dependent variable, in each of the five

fixed effect scenarios (i.e., H2), using the main data set.

Table 26: Results of Moderation Effect of Rapid Rail Distance - Main Data Set

GLM Group Independent Variable (1) (2) 3 (@) 5)
Distance to (Constant) 52.582""  183.099  -266.343  141.886  396.472"
the nearest (14.814)  (142.776) (210.651) (153.963) (168.853)
rapid rail Z- Ride-Hailing usage 21.238™*  21.146™  20.760™  21.054™* 21.357"
station (1.328)  (1.310)  (1.303)  (1.305)  (1.298)

; Z- Distance to the nearest 6.555™" 3.918™ 1.393™" 1.985™"  1.297™
0.3 mijosy ™" Tapid rail station (288) (302 (3D (34  (350)
(dichotomous)
Z- Ride-Hailing usage * 1.104™ .828™ .360 .956™" AT74
Z- Distance to the nearest (.285) (:299) (:346) (:340) (:345)
rapid rail station
(dichotomous)
. -.300™" =237 -.185™" =217 -.195™"
Total Units (013)  (013) (015  (016)  (.016)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.137 0.163 0.226 0.234 0.224
F-value 198.514™"  59.728"" 5.893™" 5.039™" 6.615™"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 45,932.
*p<0.05, **p<0.01, ***p<0.001
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As shown in Table 26, the results of the general linear model indicated that the
interaction variable of ride-hailing usage and distance to the nearest rapid rail station as a
dichotomous variable had a significant positive moderation effect on property’s sale price
per SF for the following fixed effect scenarios: 1) year of sale together with building
classification (Column 1, p<0.001), 2) year of sale together with building classification
and borough (Column 2, p<0.01), and 3) year of sale together with building classification
and rapid rail station (Column 4, p<0.01). Therefore, hypothesis H2 was supported in all

of the three fixed effect scenarios.
Distance Category - 0.4 miles
Direct Effect

General linear model analysis was used to explore the effects of ride-hailing
usage, as the independent variable, on property’s sale price per SF, as the dependent
variable, in two groups using the main data set: 1) properties located in a distance of less
than 0.4 miles (i.e., H1.a), and 2) properties located in a distance of greater than or equal
to 0.4 miles (i.e., H1.b). Panels A and B of Table 27 present the results of the general

linear model analysis.
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Table 27: Results of General Linear Model - Main Data Set — Panel A

GLM Group Independent Variable (1) (2) (3) (4) (5)
Panel A (Constant) 174.652™  -76.593 -36.637 354.224 48.406
- (66.425)  (156.594)  (276.283)  (233.115)  (210.685)
Distance < . il 3.13"™ 3.18™ 3.01™ 3.14™ 3.27
0.4 miles Ride-Hailing usage (.311) (.306) (.3061) (.312) (.305)
(n=19,521) Total Units -.250™ -.185™" -.132™ =127 -.123™
(.015) (.016) (.018) (.021) (.022)

Year of Sale FE Yes Yes Yes Yes Yes

Building Classification FE Yes Yes Yes Yes Yes

Borough FE Yes

Neighborhood FE Yes

Rapid Rail Station FE Yes

Zip Code FE Yes

Adjusted R-squared .105 143 217 244 218

F-value 75.255™"  25.076™" 4,117 3.185™" 4,383

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

Table 27: Results of General Linear Model - Main Data Set — Panel B

GLM Group Independent Variable (¢D)] (2) 3) (4) (5)
Panel B (Constant) 46.949™ 136.038 36.382 20.291 -117.326
71)0 N (15.749)  (86.334)  (187.022)  (130.478)  (260.009)
1stance > . - 2.96™" 2.94™ 3.02"" 2.98"" 3.033™"
0.4 miles Ride-Hailing usage (.241) (.239) (.240) (.239) (.238)
(n=26,411) . -.415™" -.383™" 307 -.328™" -311™
Total Units (.025) (.026) (.028) (.027) (.028)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 142 156 215 216 213
F-value 125.944™  40.021™  5.073™" 5.158™" 5.892""

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM.; The results in the Ride-Hailing usage row are multiplied by 1 million to represent Ride-Hailing
usage units.

*p< 0.05, **p< 0.01, ***p< 0.001

As shown in Panels A and B of Table 27, ride-hailing usage had a significant
positive effect on property’s sale price per SF in both groups (i.e., distance less than 0.4
miles and distance greater than or equal to 0.4 miles) and all five fixed effect scenarios
with p-values at the 0.001 significance level. Therefore, hypothesis H1.b was supported.

Although hypothesis H1.a showed a significant relationship (p<0.001) as shown in Panel
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B, the direction was unexpectedly positive rather than as hypothesized, in the negative

direction. Therefore, hypothesis H1.a was not supported.

Moderation Effects of Rapid Rail Station Distance

Table 28 shows the results of the general linear model examining the moderation

effect of the distance to the nearest rapid rail station as a dichotomous variable at 0.4

miles on the relationship between ride-hailing usage, as the independent variable, and

property’s sale price per SF, as the dependent variable, in each of the five fixed effect

scenarios (i.e., H2), using the main data set.

Table 28: Results of Moderation Effect of Rapid Rail Distance - Main Data Set

GLM Group Independent Variable (1) (2) 3 (@) (5)
Distance to (Constant) 47907  179.029  -269.750  141.610  400.540"
the nearest (14.783)  (142.622) (210.640) (153.916) (168.846)
rapid rail Z- Ride-Hailing usage 20.970™*  20.989™  20.717**  20.973™* 21.315™
station (1.324)  (1.309)  (1.303)  (1.305)  (1.298)

; Z- Distance to the nearest 7.841™" 5.057"" 1.916™ 2.780™" 1.677
Sammiog " Tapid ral station (288) (313 (416) (374 (412)
(dichotomous)
Z- Ride-Hailing usage * 1.064™" 1.112™ .664 1.116™ .643
Z- Distance to the nearest (.286) (:311) (:408) (.368) (:402)
rapid rail station
(dichotomous)
. 292" -.233" -.184"" -215™" -.194™
Total Units (013)  (013) (015  (016)  (016)
Year of Sale FE Yes Yes Yes Yes Yes
Building Classification FE Yes Yes Yes Yes Yes
Borough FE Yes
Neighborhood FE Yes
Rapid Rail Station FE Yes
Zip Code FE Yes
Adjusted R-squared 0.141 0.165 0.227 0.234 0.224
F-value 205.576™ 60.509™"  5.897""  5.049™  6.617"

The regression coefficients are the unstandardized coefficients from GLM; Values in parentheses display the standard
error from GLM; N = 45,932.
*p<0.05, **p<0.01, ***p<0.001

As shown in Table 28, the results of the general linear model indicated that the
interaction variable of ride-hailing usage and distance to the nearest rapid rail station as a

dichotomous variable had a significant positive moderation effect on property’s sale price
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per SF for the following fixed effect scenarios: 1) year of sale together with building
classification (Column 1, p<0.001), 2) year of sale together with building classification
and borough (Column 2, p<0.001), and 3) year of sale together with building
classification and rapid rail station (Column 4, p<0.01). Therefore, hypothesis H2 was

supported in all of the three fixed effect scenarios.
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APPENDIX C: COMPARATIVE TEST

Independent Sample T-test and One-Way ANOVA were used to examine the
mean difference of property’s sale price per SF, as the dependent variable, among the
various groups of existence of ride-hailing services and borough as the independent

variables.

The sample size totaled 501,581 sale transactions covering the years 2003-2019.
Tests of normality for property’s sale price per SF as the dependent variable showed
acceptable skewness 1.159 < +2 and kurtosis 1.822 < +7 (Byrne, 2013). Therefore, the
normal distribution assumption for the dependent variable before performing the

Independent Sample T-test and One-Way ANOVA was satisfied.

Independent Sample T-test

An Independent Sample T-test was used to examine the mean difference of
property’s sale price per SF between sale transaction records before May 2011 (non-
existence of ride hailing) and after May 2011 (existence of riding hailing). In order to
conduct the T-test analysis it was first necessary to determine the homogeneity of the

population’s variances using Levene’s test.

Homogeneity of Variance

Table 29 shows the results of the Levene’s test to examine the equality of

variance for the two groups of existence of ride-hailing services.
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Table 29: Results of Levene’s Test for the groups of Existence of Ride-Hailing Services

Category F-Statistic P-value Equal Variances

Existence of ride-hailing services 26,568.200 0.000 No

N=501,581; * p< 0.05; ** p<0.01; *** p<0.001

As shown in Table 29, the results of the Levene’s test suggested that the equality
of variance was not accepted for the two groups of existence of ride-hailing services (p-

value < 0.05 level).

Results of Independent Sample T-test

The null hypothesis (p-value > 0.05) for the Independent Sample T-test
demonstrates that the mean value of the dependent variable would not differ significantly
between the comparison groups. Table 30 shows the results of Independent Sample T-test

for the groups of existence of ride-hailing services.

Table 30: Results of Independent Sample T-test for groups of Existence of Ride-Hailing
Services

Existence of ride-hailing services
Group T-value Liselizz o P-value
<May 2011 >May 2011 Mean Freedom (df)
(n=281,128) (n=220,453) Difference
Existence of 243.337 334.349 -91.011™ -205.419 381,401 0.000
ride-hailing
services

N=501,581; * P< 0.05; ** p<0.01; *** p<0.001

The results of the Independent Sample T-test showed that the mean value of
property’s sales price per SF before May 2011 (243.337) was significantly lower than

after May 2011 (334.349); Mean difference = -91.011, T(381,401)=-205.419, p<0.001.

Figure 9 provides a visual comparison of the mean values of property’s sale price

per SF between the groups of existence of ride-hailing services.
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Figure 9: Property’s Sale Price per SF Mean Value between groups of Existence of Ride-
Hailing Services

One Way Welch/ANOVA Test

As a comparative test, a One-Way Welch/ANOVA test was conducted to compare
the mean value of property’s sale price per SF between different boroughs. Levene’s test
was used to assess homogeneity of variance, which is a main assumption of One-Way
Welch/ANOVA. If the resulting p-value is greater than 0.05, the population variances
are assumed to be equal and an ANOVA can be conducted. If the resulting p-value is less
than 0.05, a One Way Welch test should be conducted instead of ANOVA. Table 31

shows the results of Levene's test.

Table 31: Results of Levene's Test for Equality of Variance

Equal
i e Variance
Property’s sale price per SF 7,849.715™ 0.000 No

* p< 0.05; ** p<0.01; *** p<0.001
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As shown in Table 31, the results indicated that the equality of variance was not
assumed for property’s sale price per SF as the Levene’s p-value was 0.000, below the
standard significance level of 0.05. Thus, the One-Way Welch test was conducted to
examine the mean difference of property’s sale price per SF between the different

boroughs.

Table 32 represents the results of the One-Way Welch test examining the mean

value difference of property’s sale price per SF between the different boroughs.

Table 32: Results of Welch Tests for Property’s Sale Price per SF between Groups of
Borough

Variable Mean Value Statistic df p-value

Property’s sale

price per SF 283.338 11,299.984™" 4/82,113.252 0.000

* p< 0.05; ** p<0.01; *** p<0.001

As shown in Table 32, the results of One-Way Welch test indicated that the mean
value of property’s sale price per SF (overall = 283.338) was significant for the five
different boroughs, as its p-value was 0.000, below the standard significance level of

0.05.

Post-Hoc Tests

In addition to determining the mean differences of property’s sale price per SF
between the different boroughs, One-Way procedure determines which means differ and
where the difference lie. Therefore, the One-Way procedure, using Post-Hoc Tamhane
test, was used to compare the mean of property’s sale price per SF against every other

mean for each of the five boroughs.
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Table 33 shows the results of the post-hoc Tamhane test for the mean of

property’s sale price per SF against every other mean for each of the five boroughs.

Table 33: Results of the Post-Hoc Tamhane Test for Property’s Sale Price per SF
between different Boroughs

Mean Value

95% Confidence

Mean Standard p- Interval (Cl)
Manhattan Bronx  Brooklyn  Queens Isstla; EQ Dh?;slréglce Error value Cower Upper
Bound Bound
382.224 196.781 185.443™ 2.247 0.000 179.152 191.734
382.224 284.774 97.45™ 2.249 0.000 91.153 103.747
382.224 307.857 74367 2.227 0.000 68.131 80.602
382.224 262.965  119.259™" 2.241 0.000 112.984 125.534
196.781  284.774 -87.993" 0.632 0.000  -89.763  -86.223
196.781 307.857 -111.076™ 0.549 0.000 -112.612 -109.540
196.781 262.965 -66.184"" 0.604 0.000 -67.876  -64.492
284.774 307.857 -23.083"" 0.557 0.000 -24.642 -21.524
284.774 262.965  21.809™" 0.612 0.000 20.096 23.522
307.857 262.965  44.892"" 0.525 0.000 43.423 46.362

* p< 0.05; ** p<0.01; *** p<0.001

As shown in Table 33, the results of Tamhane’s T2 test demonstrated significant

findings amongst the five borrows for the mean value of property’s sale price per SF. The

mean value of property’s sale price per SF in Manhattan (382.224) was significantly

higher than the mean value of property’s sale price per SF in The Bronx (196.781); mean

difference = 185.443, p < 0.001, Cl of 179.152 and 191.734. The results also indicated

that the mean value of property’s sale price per SF in Manhattan (382.224) was

significantly higher than Brooklyn (284.774, MD=97.450, p<0.001), Queens (307.857,

MD=74.367, p<0.001) and Staten Island (262.965, MD=119.259, p<0.001).
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The mean value of property’s sale price per SF in The Bronx (196.781) was
significantly lower than Brooklyn (284.774, MD=-87.993, p<0.001), Queens (307.857,

MD=-111.076, p<0.001) and Staten Island (262.965, MD=-66.184, p<0.001).

The mean value of property’s sale price per SF in Brooklyn (284.774) was
significantly lower than Queens (307.857, MD=-23.083, p<0.001) but significantly

higher than Staten Island (262.965, MD=21.809, p<0.001).

The mean value of property’s sale price per SF in Queens (307.857) was

significantly higher than Staten Island (262.965, MD=44.892, p<0.001).

Figure 10 provides a visualization of the mean values of property’s sale price per

SF between the five boroughs.
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Figure 10: Mean Values of Property’s Sale Price per SF between the five Boroughs
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