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ABSTRACT

On-demand Mobility of the Future:

Equity, Behavior and Policy
By
Ruoying Xu
Doctor of Philosophy in City and Regional Planning
University of California, Berkeley

Professsor Daniel G. Chatman, Chair

The rapid emergence and growth of transportation network companies (TNCs) such as Uber, Lyft,
and Didi Chuxing, operating app-based on-demand ride-sourcing services, has led to a debate over
the role of TNCs in the urban transport system. The growth of the ride-sourcing business has
brought significant challenges for planners, engineers, and policy makers, due to the magnitude
and uncertainty of its impacts. This dissertation focuses on several aspects of on-demand mobility,
mostly related to equity and behavior, and answers some of the most debated questions about ride-
sourcing to provide important evidence for engineers, planners and policy makers on future ride-
sourcing related policy decisions.

The equity analysis investigates the effects of ride-sourcing fare changes to passengers with
different socio-economic backgrounds. Using a large GPS-based travel dataset from 2015 in
Shanghai, I conducted panel analysis of how ride-sourcing demand was related to average property
value, as a proxy for socioeconomic status, measured at small spatial scale at trip origins and
destinations. | modeled the ride-sourcing demand (for pick-ups and drop-offs separately) as a
product of several spatial and temporal characteristics, using a negative binomial regression with
fixed effects whose functional form is appropriate for dispersed count data. The results imply that
a decrease in ride-sourcing fares would likely benefit middle to high income travelers more than
low-income travelers, by making ride-sourcing an economically competitive mode for those
groups. Usage is much higher in neighborhoods with higher property values when fares are lower.
At the same time, however, there is still significant though lower use of ride-sourcing in lower-
income neighborhoods, and usage in those locations is less responsive to the fare. I conclude that
ride-sourcing policy which results in fare increases would likely to pose a substantial burden for
lower-income travelers, although the number of such lower income travelers may be small
compared to the number of middle-to-high income travelers.



The behavioral analysis focuses on three questions: (1) Is parking supply associated with lower
ride-sourcing demand? (2) Does better transit access reduce or increase the use of ride-hailing?
and (3) Does higher congestion affect ride-sourcing demand? | modeled the ride-sourcing demand
(for pick-ups and drop-offs separately) using a generalized additive mixed model (GAMM). The
results suggest that first, parking would not necessarily reduce the demand for ride-sourcing unless
the parking supply is large enough. Second, whether ride-sourcing compete or complement bus
transit depends on the coverage of bus services: they tended to compete when the density of bus
stops is high, and complement each other when there are fewer bus stops. Third, ride-sourcing
demand was positively correlated with congestion, except that when congestion is severe, there
were fewer pick-ups.

In addition to the panel study, | used Google Map API to figure out if each actual ride-sourcing
trip has transit alternative. | found that over 90% of the actual ride-sourcing trips have transit
alternatives, but transit compete poorly with ride-sourcing because of much longer travel time,
need multiple transfer and longer walking. Finally, I discussed policy implication based on these
empirical findings.



To those who encourage and enlighten me



Table of contents

A B ST RA CT ettt ekttt e bt b e e bt e et e e bt e b e e b e et e e nheeebeenreeenree s 1
TaDIE OF CONTENTS ...ttt i
ACKNOWIBAGEMENT ...ttt e e e st e te e e e s ta e te e e e sreenreeneennes iv
Chapter 1. INTrOAUCTION ...t b b 1
1.1 Background Of rd€-SOUICING ......cc.erueiiriiriiiiieieiese ettt 1
Chapter 2. LITEIAtUrE FEVIEW ........ccuveviiiieite ettt te et e et e s ra e te e e e s taeste e st e sneesteenee e 5
2.1 Relationship with public transit............ccoceiieiiiii e 5
2.2 EQUITY .ottt bbbttt et 6
2.3 Parking and CONQESTION..........ciiiieieiiiie e 7

Chapter 3. Descriptive analysis: what proportion of ride-sourcing trips has transit alternatives ... 9

B LINETOTUCTION. ...ttt e 9
3.2 Data and MethodolOgy .........coueiiiiiie e 9
3.3 DESCIIPLIVE TESUILS ....c.viiiiieiieieiee et 13
ShOrt trip VS, LONG D ..eeieiciicc ettt 14
PeaK VS. OFf-PEAK........cviiiiiice et 17
Bus alternative vs. Metro alterNatiVe ............coeeiiiiieiiseseseeee e 19
3.4 Summary of desCriptive reSUILS .........cccooi i 21

Chapter 4. Equity implications of on-demand ride-sourcing fare variation: A case study of Didi

Chuxing, Shanghai, 2015 .......cccii i e be e ra e 23
I 1) 0T [ o3 { o] 23
4.2 Data and methodolOgy ..........coiiiiiiiiee e 24
L3 RESUITS. ...ttt e e e e r e e earaes 28
L o] o1 [V 1] [ o [P SR 34



Chapter 5. Exploring app-based, on-demand ride-sourcing’s relationship with parking, transit

access and congestion: empirical evidence from Didi Chuxing in Shanghai.............c.ccccoeeneee. 35
5.1 INEFOUUCTION. ....cvieeteie ettt b bbb 35

5.2 Data and Methodology .........coueiiiiiiiei s 36

5.8 RESUIES. ... 39

PAIKING ..ttt ettt e e et e et e e re e nreenreenee e 40

THANSTE - bbbttt b bbb 42
CONGESTION ...t b et b ettt e bbbt b 43

5.4 CONCIUSION ...ttt bbb nne s 45

Chapter 6. Discussion of ride-sourcing behavioral and implication for policy ..........ccccceveenennen. 46
6.1 Socio-economic accessibility and spatial accessibility of ride-sourcing................. 46
Comparison with taxi in terms of accesSibIty.........ccooeiiiiiiiiiiiice e 46

6.2 Ride-sourcing’s role in transportation SYStEIM .......c.ecerververierereeeereeseesieseeseesseseenns 47

PAIKING ..ttt ettt ettt et e e e et et a e e re e aearaenre e e 47

PUBIIC TrANSTE ... 48

CONGESTION ...ttt b e bbbttt ettt b bt 48

6.3 Limitation of the StUAY..........ccoeiieiiic e 49
RETEIENCES ...t b bbb 50



Acknowledgement

I would like to take this special moment to express my sincere gratitude to those who have
supported me during my PhD endeavor at Berkeley.

First and foremost, | would like to thank Dr. Daniel Chatman for his guidance and
mentorship. His encouragement and advises had made me become not just a better PhD scholar
with critical thinking, but also a better human being who understand inclusiveness and tolerance.
| will always remember his mentorship and friendship in the future. And I sincerely wish him
good health.

| greatly appreciate Dr. Daniel Rodriguez, my committee member, for his advises on my
research and his contributions in creating better peer relationship within graduate students. His
transportation seminar helped me broaden my scope of view. | also deeply acknowledged
support and suggestions from Dr. Paul Waddell and Dr. Joan Walker for their help in enhancing
my quantitative skills and formulating my research.

Study at Berkeley makes my PhD journey enjoyable, due to the academic environment,
respectful professors, and brilliant people around. Over these years, | enjoyed the friendship and
mental support from my peers at Berkeley, to name a few: Andrea Broaddus, Abigail Cochran,
Yiyan Ge, Yang Ju, Sam Maurer, Lisa Rayle, Rocio Sanchez-Moyano, Manuel Santana, Xize
Wang.

| would also like to thank Binliang Guo and Lutuo Gao from MetroData Tech. who provided
me the dataset for my study. | found myself fortunate to know these brilliant people from
MetroData Tech.

| greatly appreciate that | was born in my family, because | received tremendous care and
enlightenment from my parents and grandparents. My family defined my place of happiness and
sweetness, as well as my desire to go boldly.

| owe a thanks to my fiancée, Dr. Shanshan Wang. She is my happy “Miss Sunshine”, and |
love to spend the rest of our lives happily together. Last but not least, | greatly appreciate the
accompany of our lovely cat, Naonao, who is a great stress reliever.

Ruoying Xu
Aug. 12", 2019



Chapter 1. Introduction

The rapid emergence and growth of transportation network companies (TNCs) such as Uber,
Lyft, and Didi Chuxing, operating app-based on-demand ride-sourcing services, has led to a
debate over their role in the urban transport system. Ride-sourcing supporters argue that it is a
convenient and efficient mode of travel, with the potential to reduce private auto use, decrease
the need for parking and solve the first/last mile problem of public transit (Rayle et al. 2016;
Shaheen et al. 2016). Other scholars and government officials are less sanguine, concerned that
the growing popularity of ride-sourcing might undermine congestion mitigation and replace
public transportation, eventually resulting in negative environmental and social consequences
(Rayle et al. 2016, SFCTA 2017, Schaller, 2018). The growth of the ride-sourcing business has
brought significant challenges for planners, engineers, and policy makers, due to the magnitude
and uncertainty of its impacts. For example, the number of full- and part-time TNC drivers in
Shanghai exceeded 287,700 in August 2016, a mere two years after ride-sourcing was introduced
(Didi Chuxing 2016). In 2017 it was estimated that more than 15% of trips and 20% of vehicle
mileage in San Francisco was produced by TNCs (SFCTA 2017).

Despite the exponential growth of ride-sourcing worldwide, information about its
relationship with parking, public transit, and congestion is still very limited. These are measures
of the relative ease of driving and using transit, and might predict lower or higher use of ride-
sourcing as an alternative. Thus one might expect that ride-sourcing demand would be higher in
places with restricted parking, at least for auto owners. One might also expect that demand
would be higher in places with lower levels of transit access because of the significant time
advantages it could offer there, despite ride-sourcing being more expensive than transit.
Additionally, it is hypothesized that ride-sourcing may be positively associated with congestion
because it may relieve travelers from driving on congested roads, or because it may in fact cause
congestion. Also, there are no empirical evidence so far that assess the equity impact on travelers
when ride-sourcing fare changes due to policy changes.

This dissertation explores ride-sourcing services from the several perspectives: equity
impact of ride-sourcing on passengers; ride-sourcing’s relation with public transportation,
parking and congestion; and discussion of municipal policy on ride-sourcing. The third chapter
investigates whether individual ride-sourcing trips can be replaced by public transportation by
descriptive analysis using Google Map Direction API. The fourth chapter explores the impact on
ride-sourcing users after price changes. The fifth chapter analyzes the relationship between ride-
sourcing and parking supply, public transportation, and congestion. The sixth chapter discusses
the implication for policy from the empirical results of data analysis.

1.1 Background of ride-sourcing

There is no widely agreed-upon definition of ride-sourcing partly because of its evolving
nature. Generally speaking, ride-sourcing services utilize information and communication
technology (ICT) applications to spatially match ride demand and supply, and the vehicles are
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usually privately owned (Hall and Krueger, 2015). Drivers and passengers within a region can be
easily paired up by using the same application. These apps are provided by transportation
network companies (TNC), such as Uber, Lyft and Didi Kuaidi. The majority of the fare, which
is automatically billed to the passenger’s credit card after the ride, goes to the driver, and the
remaining amount goes to the TNCs. The TNCs do not directly hire drivers. They are responsible
for maintaining the ride-sourcing application and providing travel information. In some areas in
the US such as California and New York City, TNC drivers are considered employers and thus
require a minimum wage equivalent.

Ride-sourcing services share many similarities with traditional taxis, at least from a
passenger’s standpoint, as they both offer ride services in exchange for a fare. However, there are
distinct differences between ride-sourcing services and taxis. Since specific characteristics of
ride-sourcing service differ from place to place and also evolve fairly quickly, in this dissertation
| focus on characterizing ride-sourcing in China in the present day. Table 1.1 shows the
comparison between the features of ride-sourcing services and taxis. These two services differ in
three major aspects: supply, fare, and ease of driver entry. The supply and cost of ride-sourcing
services are both responsive to demand while the total price and number of taxis are heavily
regulated. From 2003 to 2013, the total number of taxis in Shanghai fluctuated around 50,000,
despite the fact that GDP per capita in Shanghai had grown 2.3 times larger (Ministry of
Transport of China, 2015). This suggests that there was a huge gap between travel demand and
taxi supply.

Table 1.1. Comparing features of ride-sourcing and traditional taxis in China, 2015

Ride-sourcing Traditional Taxi
Supply | Regionally dynamic supply depending on Fixed supply of taxis (~50,000)

demand
Fare Can be demand-responsive Fixed price, subjected to heavy regulation
Driver | Both part-time and full-time drivers: pay Full-time driver: pay fixed fee to taxi
entry fees to TNCs proportionately to ride services | company

provided

There are also debates over whether ride-sourcing falls into the category of sharing
economy. Sharing economy refers to peer-to-peer sharing of access to goods or services through
online application (Hamari et al., 2015). A commonly-used example of sharing economy in
transportation is ride-sharing. Ride-sharing groups travelers who have similar destinations in a
private vehicle with the goal of reducing cost, congestion and emission (Chan and Shaheen,
2012). It allows the sharing of idle resources, in this case vehicle occupancy, and potentially
reduces on-road vehicles. Ride-sourcing differs from ride-sharing because the driver usually does
not share the same destination of the passenger. Instead of the sharing of vehicle occupancy,
ride-sourcing allows the sharing of idle mobility of the vehicle, which potentially reduces the
need of owning additional vehicles. From this perspective, ride-sourcing still falls into the
category of the sharing economy. Also, TNCs have introduced shared rides (carpools) as an
option for ride-sourcing services.

In China, ride-sourcing services first became available in 2014 (TalkingData 2014). By the
end of 2014, two TNCs, Didi and Kuaidi, had claimed the largest market share in China. In order
to compete with Uber locally and worldwide, the two TNCs merged, becoming Didi Chuxing in



February 2015. By May 2015, about 15 percent of the population in China had used TNC apps,
and 80 percent of those had used Didi Chuxing (TalkingData 2015).

The introduction of TNCs in Shanghai altered the transport landscape. As in other parts of
the world, traditional taxis and TNCs in Shanghai differed in three main ways: supply of
vehicles, fare, and ease of driver entry. The supply and cost of ride-sourcing services were at this
time quite responsive to demand, in contrast to the number of taxis and taxi fares, both of which
were heavily regulated. From 2003 to 2013, the number of taxis in Shanghai fluctuated around
50,000, while its population increased from 16 to 24 million, and GDP per capita grew 2.3 times
(Ministry of Transport of People’s Republic of China 2015). The stagnation of taxi supply over
this decade-long period can be explained by high entry costs. Taxi vehicle licenses in Shanghai
may cost up to ¥ 500,000 per vehicle (around $77,000 US), and in addition drivers paid a fixed

commission fee of ¥ 8,200 each month to the taxi company, which was approximately 30 to 40

percent of the driver’s monthly income (China National Radio 2015). In contrast, the number of
TNC drivers (both full-time and part-time) in Shanghai exceeded 287,700 in August 2016, a
mere two years after the ride-sourcing service was introduced in September 2014 (Didi Chuxing
2016). There was no license fee to become a TNC driver in 2015, and the only commission fee
was a slight fraction of the fare. The growth of ride-sourcing services in China during this time
occurred under minimal government intervention, despite boycott attempts mounted by taxi
companies and some policy advocates. The rapid growth was also enabled by ubiquitous
smartphone ownership, as more than 94 percent of the adult population possessed smart phones
in 2013 (Smart Device Business Center 2013), and there were 137 smartphones in Shanghai per
100 people in 2015 (FORWARD Business Information Co. Ltd. 2019). In comparison,
smartphone ownership in the US was about 77% in 2018 (Pew Research Center 2018).

Similar to other cities worldwide, the growth of TNCs and ride-sourcing in Shanghai has
triggered great controversy among scholars and policy makers for its potential impacts on travel
patterns, particularly road congestion and pollution, parking availability and its potential effects
on public transit. The municipal government of Shanghai has long considered promoting public
transit and auction for private vehicle license plate as an important part of its strategy for traffic
mitigation (Chen and Zhao 2013). Shanghai now has the world’s largest public transit system
(673 kilometers of metro and 1461 bus routes with more than 16,000 buses), and it has also low
auto ownership (3.6 million cars with more than 24 million people) compared to other large
Chinese cities (Shanghai Urban-Rural Construction and Traffic Development Academy 2015).
Public transit, private vehicles, and walking/biking respectively accounted for about 22, 17 and
57 percent of all person trips in 2015 (Shanghai Urban-Rural Construction and Traffic
Development Academy 2015). Although public transit took up a larger share of person trips than
private cars, it is likely that private cars occupy more space on the road, making a greater
contribution to congestion, due to lower passenger occupancy per vehicle.

What makes Shanghai a particularly interesting place to study ride-sourcing use is the fact
that due to its license auction policy the metropolitan area has relatively low auto ownership
given its size and relative affluence (Chen and Zhao 2013). In Shanghai, licenses typically cost
about ¥ 80,000 per vehicle in 2015 (about $12,300 in US dollars). As a result of the policy, in
Shanghai automobiles are ordinarily owned and used only by residents with medium to high
income (Chen and Zhao 2013). In 2014, there were less than 15 private cars for every 100
residents in Shanghai, and private cars accounted for about 17% of trips (Shanghai Urban-Rural
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Construction and Traffic Development Academy 2015). Compared to auto ownership, ride-
sourcing is a comparatively accessible travel option, as 94.4% of the adult population in
Shanghai owned at least one smart phone in 2013 (Smart Device Business Center 2013) and at
least during some periods of operation, the average ride-sourcing fare was quite low at ¥ 1 per
kilometer. For comparison, the average hourly wage in Shanghai was around ¥ 35 in 2015
(Shanghai Bureau of Statistics 2015).



Chapter 2. Literature review

To date, empirical research investigating ride-sourcing from a user perspective remains
limited, primarily due to data availability. This literature review covers the existing literature
from the following perspectives: ride-sourcing’s competition with public transit, equity, and ride-
sourcing’s relationship with parking and congestion.

2.1 Relationship with public transit

Ever since the introduction of ride-sourcing, its relationship with transit has a focal point of
discussion; some have worried that ride-sourcing services would compete with transit, drawing
away transit riders; on the other hand, ride-sourcing could help provide an answer to the “last
mile problem” of transit, providing connections from transit stations to final origins and
destinations (Shaheen and Chan 2016).

A few studies have directly surveyed how TNC users travel along with their attitudes
towards travel. One of the first such studies, using survey data from San Francisco in 2014,
concluded that ride-sourcing was more a foe than a friend of transit. Analyzing 380 survey
responses, the authors found that just 5% of ride-sourcing trips in San Francisco provided access
to transit stations, while 33% of survey respondents said that they used ride-sourcing to replace
transit, and an additional 6% of the ride-sourcing trips were conducted because public transit was
not available (Rayle et al. 2016). The authors also found some additional evidence suggesting
that TNCs might replace transit: 81% of ride-sourcing trips ended within 200 meters of a bus
stop, and 28% of trips ended within 400 meters of a rail station. Another survey of more than
4,000 respondents in seven major US cities found that whether ride-sourcing substitutes with or
complements public transport is dependent on the type of transit: ride-sourcing users reported
that they reduced bus trips and light rail trips by 3% to 6%, while increasing heavy rail use by
3%, after they started to ride-hail (Clewlow and Mishra 2017). The same study found that “not
enough transit stations” and “transit service is not available” were the second and third most
important reasons why ride-sourcing users stated they preferred to use TNCs. Nevertheless, some
transit agencies in the US believe that ride-sourcing may benefit public transit given that between
3 and 16% of TNC trips in the US are transit access trips (Feigon and Murphy 2018).

Three studies used panel data and econometric models to explore whether the entrance of
ride-sourcing service into a city leads to a reduction in transit use. The results vary. One study
applied a regression discontinuity design on 30 urbanized areas in the US and found that the
entrance of the first TNC in the metropolitan area was associated with an increase in transit
ridership, suggesting an initially complementary relationship, but that the entrance of the second
TNC subsequently reduced transit ridership (Sadowsky and Nelson 2017). The authors
speculated that this effect could have been due to a drop in TNC fares with the entrance of the
second company, due to competition. The same study concluded that ride-sourcing is more likely
to substitute for rail transit, and that there was no evidence of competition against bus transit.
Another study using agency-level ridership data, and employing a difference-in-differences
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approach with matching pre-treatment trends, showed that ride-sourcing competed with buses
but complemented rail transit: the introduction of ride-sourcing seemed to decrease bus ridership
by around 1%, but increased rail ridership by between 2% and 7% depending on the type of rail
(Babar and Burtch 2017). The third study used a similar difference-in-differences approach to
study how Uber entrance affected metropolitan-level transit ridership from 2004-2015 on 196
metropolitan areas (Hall et al. 2018). The researchers found that Uber increased transit ridership
for smaller transit agencies and in larger cities, and that the complementarity effect tended to be
larger for rail than for bus ridership, possibly due to the fact that rail users are wealthier.

Two studies used aggregated ride-sourcing trip data in New York to explore the association
with transit. One cross-sectional analysis using 2015 Lyft and Uber data in New York City
showed that the number of ride-sourcing pick-ups was positively associated with transit
frequency, and the authors concluded that ride-sourcing was associated with more transit
ridership (Mahmoudi and Zhang 2018). Another study using a fixed-effects regression model to
explore the relationship between Uber pick-ups and the turnstile traffic at rail transit entrances
for 156 taxis zones and for a period of about one year in New York found that each turnstile
entrance was associated with an additional 0.005 Uber pick-ups in every 4-hour time interval in
each zone, again indicating complementarity of transit and TNCs (Hoffmann et al. 2016).

Since ride-sourcing is, to a certain extent, similar to traditional taxi, studies on the
relationship between taxi and transit could shed lights on how ride-sourcing affects public transit.
Austin and Zegras (2012) investigated the effects of transit proximity on taxi trip generation, and
found that taxi both complements and substitutes urban rail and bus, and the substitution effect is
stronger when the service level of nearby transit is lower. King et al. (2012) explored the patterns
of taxi trips in New York and found that the origins and destinations of taxi trips have different,
asymmetrical distributions, and many taxi trips are accompanied by transit trips, suggesting a
complementary relationship between them.

2.2 Equity

Rayle et al. (2016) carried one of the first studies collecting socioeconomic data from ride-
sourcing users. From a pool of 380 users in San Francisco in 2014, they found that the majority
of users were medium-high income and well educated, with very few lower-income travelers
(Rayle et al. 2016). These findings were re-affirmed by a recent study, which found that affluent
US travelers with college degrees made twice as many ride-sourcing trips compared to less
educated and poorer peers from a survey of more than 4,000 respondents in seven major US
cities (Clewlow and Mishra 2017). Another study of 394 online survey respondents across 15 US
metros found that ride-sourcing users tended to be younger and well-educated, but that
household income was not so significantly associated with use (Dawes 2016). A recent study
based on an online survey in Austin, Texas of 1,840 former TNC users after the suspension of
Uber/Lyft services there in 2016, found the majority of users were from households with income
exceeding $100,000 (Hampshire et al. 2017).

Thus most research has showed ride-sourcing services being used primarily by wealthier
residents. However it is possible that in some contexts the demographic composition of ride-



sourcing users may be similar to those of taxis, which tends to be somewhat bifurcated, either
above average income or very poor (Pucher and Renne 2003; Renne and Bennett 2014). Across
metropolitan areas ride-sourcing is often cheaper than taxis, and thus has the potential to improve
the mobility of lower income households, especially those without cars. A recent study did in
fact observe high ride-sourcing usage among lower income neighborhoods as well as
neighborhoods with high minority population in some US cities (Feigon and Murphy 2018).
Another recent study using data from the U.S. National Household Travel Survey 2016-2017
showed that ride-sourcing is used disproportionately by travelers from the poorest income groups
in smaller urban areas, possibly due to lower vehicle ownership and the lack of public transit in
these areas (Schaller 2018).

Two other studies, in Seattle and Atlanta respectively, analyzed the association between the
average wait time for Uber service and Census block level socio-economic and built
environment characteristics (Hughes and MacKenzie 2016; Wang and Mu 2018). They both
concluded that dense areas have better access to Uber services in terms of shorter wait time
probably due to higher supply, and it does not appear that block groups with predominantly
lower-income households would have significant higher wait time for Uber services. These
studies provide valuable information about spatial variation in the potential accessibility to ride-
sourcing services, but do not reveal spatial variation in trip-making that would help understand
usage by different income levels. Another recent dissertation by Brown investigated Lyft data in
Los Angeles found that higher ride-sourcing trips are correlated with lower neighborhood auto-
ownership, suggesting that ride-sourcing helped improve people’s mobility in zero-car
households (Brown 2018). Brown also concluded that Lyft served higher proportion of low
income users as well as high income users (Brown 2018). But the question of how changes in
ride-sourcing fare may influence use by households of different income levels remains. Such
data and analysis could be used to inform policy and regulations on ride-sourcing.

2.3 Parking and congestion

Researchers have speculated that the advent of ride-sourcing, as well as shared autonomous
vehicles, would reduce the need for parking, thus generating redevelopment opportunities in
cities (Shaheen and Cohen 2018). But empirical evidence of how parking affects ride-sourcing is
very limited and the only empirical research available consists of surveys of user’s attitudes.
Rayle et el. (2016) found that 18% of the 380 respondents in San Francisco reported choosing
ride-sourcing to avoid having to park a car. Other studies have also concluded from their surveys
that parking is one of the primary reasons why TNC users chose ride-sourcing over driving
(Clewlow and Mishra 2017, Schaller 2018).

Another focal point of the ride-sourcing discussion is its relationship with congestion
(Shaheen and Cohen 2018). On one hand, ride-sourcing has been criticized by planners and city
governments for causing congestion (SF Chronicle, 2018). On the other hand, some researchers
believed that ride-sourcing may reduce auto use by allowing vehicles to be shared among
multiple passengers and allowing more efficient use of vehicles (Shaheen and Cohen 2018). But
to date, there is very little empirical evidence whether ride-sourcing increases or decreases
congestion. A survey by Clewlow and Mishra (2017) found that the more frequent a user ride
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hailed, the more likely she would report a likelihood of reducing auto ownership and driving less
in a personal vehicle. A natural experiment of user behavior after the suspension of Lyft/Uber
service in Austin, Texas showed that about 40% of ride-sourcing users switched to another TNC
while another 40% of users chose to drive themselves, and only 9% of users chose public transit
(Hampshire et al. 2017). The study also showed that those who chose personal vehicles made
23% more trips than their counterparts who chose another TNC after the suspension, indicating
that ride-sourcing may reduce total vehicle trips. We also identified one study that used a
difference-in-differences approach to investigate whether the entrance of Uber in 87 US cities
affected the city’s overall level of congestion, measured by travel time index, total delay and
delay per commuter. The study concluded that Uber entrance reduced the congestion level in
cities according to each measure (Li et al. 2016).

All the above-mentioned studies provided valuable insights. Studies found that ride-sourcing
users substituted trips mainly with autos but also with transit, and evidence suggests that
increases in ride-sourcing use are associated with lower overall congestion in cities. Conflicting
results from these studies on whether ride-sourcing is associated with a reduction in transit
ridership, and if so by how much, indicates that more research is needed, especially taking into
account the quality of transit access.

However there are significant gaps in the literature. First, travel behavior within cities is not
spatially homogenous, but most previous studies investigate ride-sourcing at the level of cities or
metropolitan areas. Those results do not take account of the fact that ride-sourcing may cause
decreasing transit ridership or congestion in some neighborhoods but increase the level of traffic
in others. It is important to understand transit access and congestion at a local level because they
directly affect local accessibility and environmental impacts. Second, the relationship between
ride-sourcing and other travel modes are not necessarily linear. For example, the increase of an
additional bus stop would improve transit accessibility differently when there is already 5 bus
stops nearby compared to 0 bus stops. But so far the most reliable studies using panel data have
adopted simple econometric models, testing only for linear relationships.



Chapter 3. Descriptive analysis: what proportion of

ride-sourcing trips has transit alternatives

3.1Introduction

This chapter used ride-sourcing GPS travel data in Shanghai to investigate what proportion
of actual ride-sourcing trips can be replaced by public transit, namely metro system and regular
buses. The data of ride-sourcing trips includes a large sample (a total of 140,854 random samples
used in this study, explained in the Data section) of ride-sourcing trips for a period of 10 months
in the year of 2015. It is provided by Didi Kuaidi, the largest TNC by market share in China
(with 90% of market share). Google Map Direction API was used to find the most convenient
transit alternative of each ride-sourcing trip. Since having a transit alternative does not mean the
alternative is reasonable, | set criteria for whether a specific ride-sourcing trip can be reasonably
substituted by public transit by defining access/egress time to transit stations, wait time, number
of transfers, and the total transit travel time compared to ride-sourcing. | then used a descriptive
framework to explore whether ride-sourcing trips can be replaced by transit, and also the
circumstances under which ride-sourcing is more likely to be a competitor to public transit.

3.2 Data and methodology

The ride-sourcing GPS dataset used in this paper was provided by Didi Chuxing. It consists
of 250,000 trips that were randomly sampled by Didi Chuxing from their database from the first
seven days of each month from January to October 2015 from the Didi Chuxing database. The
data include the date, time of day, addresses and geolocations of origins and destinations of each
trip. In order to more accurately represent the changing monthly trip volume, I randomly re-
sampled the data for each month based on data provided by the TNC on the total number of trips
conducted in Shanghai within each month. The growth and decline of ride-sourcing trips from
January to October, 2015 are shown in Figure 3.1. The resampling process resulted in a analysis
subsample of 140,854 trips and did not substantially change the characteristics of the data (Table
3.1, below).

Although the dataset does not include the price paid for each trip, Didi Chuxing did provide
us a detailed timeline of pricing and subsidy changes during 2015. Table 3.2 outlines the major
events of ride-sourcing travel cost changes, including specific dates of programs such as driver
subsidy, discount for passengers, and introduction of surge pricing. They are also noted in Figure
3.1. It should be noted that during this period there is no official regulation on ride-sourcing and
TNCs.

Generally speaking, from February to June, the travel cost for ride-sourcing was decreasing,
and from ate June to October, the cost was increasing. Total usage of the system in these data

9



correspond to the fare changes, with increasing use during the fare reduction period followed by
a decrease in use when fares increased and driver incentives were removed (Figure 3.1).

Table 3.1. Comparison of average travel distance and travel time before and after resampling

N (before resample) Mean N (after resample) Mean
Distance (km) 250,000 5.56 140,854 5.42
Travel time (min) 250,000 17.80 140,854 18.00

Table 3.2. Major ride-sourcing pricing events by TNC in 2015

Date (2015) Ride-sourcing pricing events
Starting from Feb. ¥ 10-15 (~$2.5) case back each trip for passengers, ¥ 50 ($8.5) awards
17th for new drivers
Starting from Mar. The TNC allocated ¥ 1 billion for subsidizing passengers; ¥ 35 ($6) cash
21st back each trip for passengers
Starting from May New cheap ride-sourcing services started: no initial fee for booking, and ~
13th ¥ 1 (17 cents) per km each trips
Starting from Jun. Introduction of surge pricing; end of passenger promotion; per km cost
16th increased by 50%
Starting from Aug. End of driver subsidy and incentives
16th
Compare with Price of Taxi, Bus and Metro in Shanghai
Taxi price ¥ 14 (initial fee) + ¥ 2.5 per km
City Bus (operate within the outer rim of Shanghai): ¥ 2 flat rate
Bus Price Commute Bus (operate between outer rim of Shanghai and Suburbs): ¥ 2
+ ¥ 0.2 per km, ¥8cap
Metro Price ¥ 3 (the first 3 kms) + ¥ 1 (per additional 10 kms)

Less recruitment incentives |

|Surge pricing'

[subsidy
2 ; 3

[Low pricing scheme|

Weights {Jan as the base month)

o H H H H
Jan Feb March Apr May June July Aug Sep Oct

Figure 3.1. Growth and decline of the amounts of ride-sourcing trips each month (in relative
number: # of trips in Janis 1) *

1 Note that October 1st to 7th are national holidays, during when trip patterns might be different.
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Figure 3.2 shows the average travel time (min) by each month. As | can see the monthly
average travel time varies between 14 minutes to 22 minutes.

Average travel time (min) by month

22.00
20.00
18.00
16.00
14.00
12.00

10.00
1 2 3 4 5 6 7 8 9 10

Figure 3.2. Average ride-sourcing travel time (min) each month

| used Google Map Direction API to collect data on transit alternatives for each individual
ride-sourcing trip. | used the origin/destination geolocations, travel start time and date as well as
travel mode (transit) as inputs and API returned the information on the fastest transit option.
Results were stored in a JSON file in our local system. | extracted basic information from the
JSON file, including walking time, waiting time, in vehicle time, number of transfer and all types
of transit used in this travel (metro and bus). 91% of all 140,854 trips have transit alternatives
and 9% of the total trips only requires walking as the travel mode. There are 188 trips that are
extremely long in distance, and no transit option was found for these 188 trips.

Since Google map only contains travel information for the most recent two weeks in
Shanghai, exact travel dates and time cannot be used as inputs to the API. Instead, | found the
most recent day of week that matches with the day of week when the trip took place. For
example, a trip was made 19:58 at January 5", 2015 which is a Monday. Instead of inputting
19:58, January 5™, 2015 as the start time, | inputted 19:58, April 4", 2016 which is the closest
Monday to the date that | run the analysis (April 8" to 11", 2016). | believe this compromise is
acceptable since the data was collected 1 year ago and there is unlikely any significant change in
transit route alternative characteristics. In addition, there might be doubts that Google Map data
for Shanghai might not accurately represent the travel information there. | used a local Map
provider, Gaode Map, and randomly select 20 pairs of trips and find the transit options to
compare with the results from Google. I found that the outputs were generally the same across
the two Map platforms.

Table 3.3 shows the summary of Google Map Direction API results. The average travel time
for transit is 52 minutes, and the average walking time is 15 minutes, which is acceptable given
that the walking time includes access time and egress time. The average waiting time is 13
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minutes, and the average in vehicle time is 23 minutes. Also, almost 90% of the transit
alternatives only require one transfer at most. In addition, the time ratio between transit
alternative travel time and ride-sourcing travel time strongly indicates the advantage of ride-
sourcing: if choosing transit, on average travelers would need to spend as 3.74 times long as ride-
sourcing would take to arrive at their destinations. Among all trips, only 21% would take less
than twice as long by transit compared with their ride-sourcing travel time. The results meet our
expectation and personal experience of transit services in Shanghai, and it is also similar to
studies in San Francisco (Rayle et al., 2016).

Table 3.3. Summary statistics of Google Map Direction API results

Transit alternatives N %
Have transit alternatives 127,636 90.6%
Only require walking 13,030 9.3%
No result 188 0.1%
Total 140,854

Transit travel time (min) Mean Std. Dev.
Total transit travel time 52.03 36.32
Walking time 15.58 8.33
In vehicle time 23.31 26.84
Waiting time 13.13 11.17
Number of transfers N %

No transfer required 86,179 61.2%
# of transfer = 1 34,225 24.3%
# of transfer = 2 5,907 4.2%
Time ratio (transit travel time/ride-sourcing travel time)

Average time ratio 3.74
Std. Dev. of time ratio 451
% of trips that are 50% longer by transit 90.8%
% of trips that are twice as long by transit 79%

Please note that having a transit alternative does not mean transit is a “viable” option for that
specific trip. The google API returns total transit time, walking time, waiting time, and number
of transfers for the fastest transit alternative, but that does not mean that the transit alternative is
reasonable. In other words, there are transit alternatives that are unlikely to be taken by any
traveler. The transit travel time might be much higher than the time spent in a car, or the walking
distance to nearest transit station might be too long. Thus I need to identify which transit
alternative is considered ‘viable’. The criteria for defining the “viable” competitive transit
alternative to ride-sourcing are as follows.
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Walking time <= 30 min
Waiting time <= 20 min
Number of transfer <= 1
Transit travel time / Ride-sourcing travel time <= 2

It is important that | set such criteria for “viable” transit alternative, because the transit
network in Shanghai is so dense that the majority of trips can be matched with a transit
alternative otherwise (as shown in Table 3.3). In 2015, There are a total 289 metro stations and
14,575 bus stops in Shanghai. The reason why walking time threshold is 30 minutes is that this
allows a 15-minute access time at both end of a trip, that is approximately 800-1,000 meters of
walking distance at both ends. Setting wait time at 20-minute makes sure that transit alternatives
with routes that have large headways are included. | set that transit travel time / ride-sourcing
travel time should be less than 2 because the utility of time on board transit is lower than that on
a car, but the differences should not be too large so that transit cannot compete with ride-
sourcing.

Figure 3.3 shows the percentage of ride-sourcing trips that have reasonable transit
alternative each month. As | can see from the figure, the percentage ranges from 15% to about
35%. This percentage is quite comparable with findings from the US (Rayle et al. 2016).

40.0%

35.0%

30.0%

25.0%

20.0%

15.0% f

10.0%

5.0%

0.0% . L
Jan Feb March Apr May June July Aug Sep Oct

Figure 3.3. Percentage of ride-sourcing trips that have reasonable competing transit alternatives
each month

3.3 Descriptive results

The essential question | want to address is under what conditions is ride-sourcing service
more likely to be competing with transit. To answer this question, | made several assumptions.
First, 1 assume that, when ride-sourcing price decreases, more people take ride-sourcing. This is
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evidently shown previously (Figure 3.1). Secondly, | assume that these increasing amounts of
ride-sourcing trips were either trips that were previously made via other modes, including transit,
private cars, taxi, etc., or were trips that would not have been made without access to ride-
sourcing service. Transit took up a significant percentage in motorized travel in Shanghai. In
2014, 48% of the trips in Shanghai urban area are taken by transit, and the household level auto-
ownership are 28% due to strict restriction on vehicle license (Shanghai Municipal
Transportation Commission, 2015). Based on these statistics, | assume that if a ride-sourcing trip
has a reasonable transit alternative, it is very likely that the traveler switches from transit to ride-
sourcing.

There are many ways to define the kind of condition where | examine the key question. In
this paper, | specifically focus on three aspects: the length of travel, time of travel, and the mode
of transit. Here this chapter specifically conduct descriptive analysis from the following
perspectives: distance of travel, pear hour vs. non-peak hour, and type of public transit.

Short trip vs. Long trip

Our first question is whether transit options are more competitive with ride-sourcing in
shorter trips or longer trips. The key parameter explored in this study is the percentage of trips
that can be reasonably replaced by transit and the fluctuation of it may its competitiveness with
transit. However, there are many possibilities that explain the fluctuation. For example, it can be
caused by fluctuation in trips that cannot be replaced by transit, or trips that can be, or both. So |
need to look at the total amount of the trips (total number of ride-sourcing trips in January is 1)
and the amount of the trips that can be reasonably replaced by transit. Figure 3.4 shows the
comparable number of short ride-sourcing trips (ride-sourcing travel time <=20 mins, shown in
red), and long ride-sourcing trips (travel time >20 mins, shown in orange). Shorter trips account
for the majority of trips, and the total number of shorter trips fluctuates over time as changes in
prices. On the contrary, the changes in longer ride-sourcing trips are much less dramatic. | can
conclude that short ride-sourcing trips accounted for the majority of growth and decline in the
changes of total number of ride-sourcing trips.
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Figure 3.4. The relative amount of short ride-sourcing trips (ride-sourcing travel time <=20
mins), and long ride-sourcing trips (travel time >20 mins) each month

Figure 3.5 shows the percentage of short ride-sourcing trips with viable transit alternatives
over the 10-month period. The percentage of short ride-sourcing trips that can be reasonably
replaced by public transit are fairly low and stable, ranging from 5% to slightly less than 10%,
shown by green line. Quite contrarily, from February to July, | see a sharp increase of short ride-
sourcing trips that are without viable transit alternatives, and a dramatic decrease of it after July
(Figure 3.5 red). Such dramatic fluctuation indicates that people who made short ride-sourcing
trips that had no reasonable transit alternative are very sensitive to price changes. Compared to
the large variation of the number of short ride-sourcing trips without viable transit alternatives,
the variation of the number (Figure 3.5 orange) of short ride-sourcing trips with viable transit
alternatives is fairly small. So does the percentage (Figure 3.5 green) of this type of trip. That is
to say, people do not necessarily make more short-distance ride-sourcing trips that can be made
via transit, when ride-sourcing is cheap. Neither do people make less of such trips when the cost
of doing so is high. This might be indicating that ride-sourcing is not a competitor to public
transit when the trip is short in terms of distance. The increase of the number of short ride-
sourcing trips without transit alternative in periods when prices were low are either switching
from travel modes other than transit (private cars, taxis, motorcycles, etc.), or induced travel
demand by the introduction of affordable ride-sourcing.

The pattern in the percentage of long ride-sourcing trips with viable transit alternatives
(Figure 3.6) is very different from that of short ride-sourcing trips. The percentage of long ride-
sourcing trips (Figure 3.6 blue) that have viable transit alternatives are fairly high compared to
short ride-sourcing trips, ranging between 30% to 40% (20% in October, but as I discussed
before October 1% to 7™ is a national holiday). In other words, ride-sourcing is more likely to be
a competitor to transit at longer distance. Growths in both long ride-sourcing trips with and
without viable transit alternatives contribute to the increases of the total long ride-sourcing trips
from January to July (during which period the prices of taking ride-sourcing is low), and only
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after July when prices of ride-sourcing were becoming increasingly high, the number of long
ride-sourcing trips with transit alternatives started to decrease. Noticeably, long ride-sourcing
trips without reasonable transit alternative increased even after travel cost increased. This may
suggest that ride-sourcing is complementary to public transit for providing services to smaller
and scattered activity centers.
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Figure 3.5. The percentage and relative amount of short ride-sourcing trips with viable transit
alternatives
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Figure 3.6. The percentage and relative amount of long ride-sourcing trips with viable transit
alternatives
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To summarize, ride-sourcing seems to be a competitor to public transit over longer distance
of travel. This may be due to the fact that a longer ride-sourcing trip would almost always means
even longer travel time by transit. But another important implication is that the rise of cheap
ride-sourcing option (due to subsidies by TNC, Didi Kuaidi) might induce travel demand for
shorter yet transit-inaccessible trips. The mismatch between the increase in total short ride-
sourcing trips and the stagnant short ride-sourcing trips without viable transit alternatives suggest
that these short trips must have come from other sources. Given the fact that Shanghai has low
auto-ownership and expensive, market failed taxi services, induced travel might be a significant
portion of these increased short ride-sourcing trips.

Peak vs. Off-peak

Our second question is that whether there is a distinct pattern between ride-sourcing trips
that were made in peak hours and off-peak hours. Peak hours are between 6am to 9am, or 4pm to
7pm Monday through Friday. Off-peak hours are other time period Monday through Friday. |
chose to focus on weekday trips to simplify the complexity of trip patterns given that it is very
likely people behave differently over weekends. Figure 3.7 shows that peak hour trips are
roughly half of the volume of off-peak trips, and they have similar growth patterns over time. As
what has been mentioned before off-peak trips only include off-peak trips during the weekdays.
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Figure 3.7. The relative amount of peak-hour ride-sourcing trips and non-peak hour ride-sourcing
trips each month

During off-peak hour, the percentage of off-peak trips with viable transit alternatives (Figure
3.8) ranges from slightly below 10% to around 20%, and is generally increasing until August.
The increase in the number of off-peak trips without viable transit options at low-pricing period
(Feb. to July) is clearly shown in Figure 3.8. The number of off-peak trips with viable transit
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alternatives also increases during this period. However, the percentage of off-peak ride-sourcing
trips with viable transit alternatives continue to increase from July to August, due to the rapid
decrease of the number of trips without transit alternatives. This suggests that without viable
transit alternatives, off-peak ride-sourcing demand is more elastic given price changes. This
might suggest that after the increase of rail-hailing price, many of these trips were switched to
travel modes other than transit, or the travelers simply stop making the trips. The competition
between ride-sourcing and transit is more apparent during peak hour (Figure 3.9), although the
differences is small compared to pattern during off-peak hour. The percentage of peak hour trips
that have viable transit alternatives are around 20% to 30% (set aside October which is holidays),
and the variations of the percentage are more dramatic compared to those of off-peak trips. Some
might argue that it is possible that during peak hour, transit services are at a higher frequency,
therefore a higher percentage of ride-sourcing trips can find a “viable” transit alternative by the
same criteria. But this doesn’t change the other factors in our criteria, such as access time and
number of transfer. Also, our viable transit criteria sets wait time at 20-minute, which includes
transit alternatives with less frequent routes.
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Figure 3.8. The percentage and relative amount of off-peak ride-sourcing trips with viable transit
alternatives
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Figure 3.9. The percentage and relative amount of peak ride-sourcing trips with viable transit
alternatives

Bus alternative vs. Metro alternative

The next question | explored is whether ride-sourcing is a competitor to bus or metro. |
select those trips that have viable transit alternatives that are composed of only bus transit, and
compare them with trips that have viable transit alternatives that are composed of only metro.
Figure 3.10 shows the difference between the total numbers of the two types of trips. There are
generally more ride-sourcing trips that have bus-only alternatives than those with metro only
alternative, and the difference is generally larger when ride-sourcing price is low. Also, ride-
sourcing trips with bus-only alternative increased faster from February to July, indicating that
bus riders are more likely to switch to ride-sourcing than metro riders.
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Figure 3.10. The relative amounts of ride-sourcing trips with bus-only alternative and with
metro-only alternative

If I look at this question from a percentage perspective, | found that only 5% to 10% of all
ride-sourcing trips have a reasonable bus-only alternative (Figure 3.11), indicating that ride-
sourcing might not be a direct competitor to bus. However, trips that have metro only alternative
are much higher in percentage, ranging from 25% to 40%, shown in Figure 3.12. The variation of
the percentage of ride-sourcing trips that have metro-only alternative fluctuates over months,
giving a different look compared with the percentage that have bus-only alternative. This
indicates that ride-sourcing is more likely to be a competitor to metro. This conclusion seems to
be totally different from what I found from Figure 3.10. One possible reason why | observed
more bus riders switch to ride-sourcing while at the same time ride-sourcing has a much higher
percentage of substitution by metro-only alternative, is that the service and reliability of buses
are worse than those of metro, therefore our analysis eliminated most of the bus-only alternatives
by setting up a high “viable transit alternative” criteria. In this case bus transit is an inferior good
and stands minimum chances when competing with affordable ride-sourcing.

However, the high percentage of substitution between ride-sourcing and its viable metro
alternative did reveal that there were competitions between them. One possible reason why ride-
sourcing seems to compete with metro is that metro is less accessible compared to buses. |
compared the average walking distance for two types of alternatives, and found that the walking
time for accessing metro is significantly higher than that for bus (13 minutes compared to 8
minutes). Additionally, Metro stations in Shanghai have security checks at most metro station
entries, which may drive people away from taking metro.
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Figure 3.11. The percentage and relative amounts of ride-sourcing trips that have a viable bus-
only alternative
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Figure 3.12. The percentage and relative amount of ride-sourcing trips that have a viable metro-
only alternative

To summarize the findings above, ride-sourcing is more likely to compete with public transit
for longer trips because time saving benefit are more significant in long trips compared to short
trips. It seems to be a competitor to public transit, though by a small margin, during peak hour
where ride-sourcing could allow travelers to avoid the crowd. Ride-sourcing is more likely to
attract passengers from buses, and possibly due to longer walking distance and security checks, it
also competes with metro.

3.4 Summary of descriptive results

Although the descriptive analysis did not track the individual behavior of switching between
modes after the emergence of ride-sourcing, it did reveal the multi-facet of ride-sourcing travel
behaviors. By looking at what proportion of the ride-sourcing trips can be replaced by transit, |
discovered that ride-sourcing is more likely to compete with transit in longer travel and peak
hour travel. It is likely that ride-sourcing is competing with both bus and metro, but bus riders
are more likely to switch to ride-sourcing than metro riders due to low time performance of buses
in Shanghai. Metro, on the other hand, stands a higher chance against ride-sourcing, but its
longer access time may still push some travelers to use ride-sourcing. However, it is important to
note that based on our criteria, the majority of the ride-sourcing trips are complementing the
current public transit system. Based on these findings, | understand better why ride-sourcing is so
popular: it’s affordable, time-saving, and accessible.

We must keep in mind that these ride-sourcing trips are actual trips that took place via Didi
app in 2015. Thus, finding transit alternatives of these trips imply that travelers chose ride-
sourcing over its public transit competitor. Despite the seemingly subjectivity of the “viable”
transit alternative criteria in this chapter, setting such criteria is important because the transit

21



network in Shanghai is dense that the vast majority of trips, as I shown in the methodology
section, can be matched with a transit alternative. Some of the results would certainly change if |
alter the criteria, but it is always questionable whether transit that takes more than twice as long
as ride-sourcing can still be competitive against ride-sourcing. It is likely that ride-sourcing
travelers have different characteristics from transit travelers in Shanghai, or ride-sourcing might
be used more often on time-sensitive purposes. Previous research did suggest that the travel
purpose of ride-sourcing is different from that of public transit in the US (Shared-use Mobility
Center, 2016), but it is used mostly on discretionary purposes. However, this is beyond the
capability of this dataset except that | can use some machine learning techniques to
presumptuously deduce the trip purpose.

This analysis also suggests that during the “low cost” period of 2015, ride-sourcing enables
travelers for longer trips and perhaps “induced” short trips. It would be very interesting to look at
the spatial pattern of ride-sourcing trips in the future, perhaps comparing to the spatial
distribution of other type of travel. If low-cost, large-supply ride-sourcing did induce significant
demand during the first half of 2015 in Shanghai, on-demand ride services might change the
landscape of our city.

22



Chapter 4. Equity implications of on-demand ride-
sourcing fare variation: A case study of Didi Chuxing,
Shanghai, 2015

4.1 Introduction

The rapid emergence and growth of transportation network companies (TNCs) such as Uber,
Lyft, and Didi Chuxing, operating app-based on-demand ride-sourcing services, has led to a
debate over the role of TNCs in the urban transport system. Ride-sourcing supporters argue that
it is a convenient and efficient mode of travel, particularly compared to the traditional taxi
industry which is typically protected via regulatory limitations on market entry and is thus
monopolistic, inefficient and not sufficiently customer-focused (Rayle et al. 2016; Shaheen et al.
2016). Other scholars and government officials are less sanguine, concerned about disruptions to
the livelihoods of taxi drivers, insufficient insurance protection for drivers and passengers,
increased traffic, and competition with public transportation. City governments and regulatory
agencies worldwide have begun to regulate ride-sourcing in different ways, including setting
licensing criteria for drivers and vehicles, requiring minimum insurance for drivers and
passengers, and using part of the revenue from ride-sourcing to compensate taxi drivers. By
either increasing the cost of operations or decreasing the supply of vehicles and drivers, some of
these regulatory interventions can be expected to lead to fare increases which would undoubtedly
have unequal effects on those with different socio-economic backgrounds. This study focuses on
these potential equity impacts, asking how the travel demand of users from different socio-
economic groups changes when ride-sourcing fares change.

What makes Shanghai a particularly interesting place to study ride-sourcing use is the fact
that due to its license auction policy the metropolitan area has relatively low auto ownership
given its size and relative affluence (Chen and Zhao 2013). In Shanghai, licenses typically cost
about ¥ 80,000 per vehicle in 2015 (about $12,300 in US dollars). As a result of the policy, in
Shanghai automobiles are ordinarily owned and used only by residents with medium to high
income (Chen and Zhao 2013). In 2014, there were less than 15 private cars for every 100
residents in Shanghai, and private cars accounted for about 17% of trips (Shanghai Urban-Rural
Construction and Traffic Development Academy 2015). Compared to auto ownership, ride-
sourcing is a comparatively accessible travel option, as 94.4% of the adult population in
Shanghai owned at least one smart phone in 2013 (Smart Device Business Center 2013) and at
least during some periods of operation, the average ride-sourcing fare was quite low at ¥ 1 per

kilometer. For comparison, the average hourly wage in Shanghai was around ¥ 35 in 2015
(Shanghai Bureau of Statistics 2015).
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Which segments of the Shanghai population are most likely to benefit from ride-sourcing
availability, and particularly lower-priced ride-sourcing services? Wealthy car-owning residents
may use ride-sourcing to avoid driving in congested conditions or finding a place to park. Lower-
income travelers may use it to avoid crowded public transport vehicles or to access locations that
are difficult to reach without a private vehicle. Fare changes thus have the potential to have
differential impacts on different socioeconomic classes that depend on how they use and value
the service. Using trip data from 2015 provided by Didi Chuxing, the largest TNC by market
share in China, this paper explores how ride-sourcing demand is related temporally and spatially
to socioeconomic status as proxied by property value.

4.2 Data and methodology

The ride-sourcing GPS dataset used in this paper was provided by Didi Chuxing, the same
data used in Chapter 3. Besides the travel data from Didi, | use the average residential property
value as a proxy measure for the average household income level of the grid cell. Property value
has been used as a socio-economic indicator for place-based analysis, as it is highly correlated
with socio-economic status (Coffee et al. 2013). | obtained all the listed residential properties for
sales in 2015 and their offer prices (in ¥ per square meter, which is the standard practice in

Chinese real estate market) through Metrodata Tech.2, which includes a total number of 97,811
properties. Table 4.1 shows the descriptive statistics for offer prices of these properties.

Table 4.1. Descriptive statistics for offer prices of listed residential properties for sale in 2015

Offer price per m? Mean  Min. Max. 25PCTL Median 75PCTL  SD N
RMB ¥ (2015) 35,098 95 991,277 23,331 30,288 40,427 22,101 97 811
USD $ (2015) 5571 15 157,346 3,703 4,808 6,417 3,508 ’

In order to conduct the analysis, | aggregated these data into 1-km grid cells as our basic unit
of analysis. | deleted grid cells with no records of listed properties, leaving 1,292 grid cells, with
128,037 ride-sourcing pick-ups and 125,970 ride-sourcing drop-offs. Figure 4.1 shows the
number of ride-sourcing trips in each grid cell. Figure 4.2 shows the spatial pattern of average
property value per grid cell. I can see that both pick-ups and drop-offs have similar spatial
pattern: most of the trips were concentrated in the city center.

2 More information about Metrodata Tech. can be found here: www.metrodata.cn
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TAICANG

Figure 4.1. Map of ride-sourcing pick-ups (left) and drop-offs (right) in each grid cell
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Figure 4.2. Average property value in each grid cell

In a more complete effort to control for other factors I turned to regression analysis. |
modeled the ride-sourcing demand (for pick-ups and drop-offs separately) as a product of several
spatial and temporal characteristics, using a negative binomial regression whose function form is
appropriate for dispersed count data.

demand;, = exp(B, + B,Property Value; + Xii ' B + n + B Property Value; - p; +
git). (1)

In this formula, demand;; is the dependent variable representing ride-sourcing demand in
grid cell i in month t, measured as the number of pick-ups or drop-offs. B, Property_Value;
represents the independent correlation of neighborhood property value with that dependent
variable. Vector X;; isa matrix of independent control variables measured at the grid cell
(neighborhood) level, including population and employment density as well as activity locations
in the neighborhood (see Table 4.2). The model treats X;; as time-invariant given that these built
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environment variables are unlikely to have changed very much over the course of the nine-month
observation period, and if so, not systematically in such a way as to bias results. Vector p;
consists of time-period (monthly) fixed effects. Note that the dataset does not contain a price
variable; the monthly fixed effect p; is a proxy for price change, as the ride-sourcing fares
changed dramatically on a monthly basis due to passenger promotions (as shown previously in
Table 3.2). Finally, I included a set of variables interacting the average property value with each
of the fixed effect month dummies (B, Property_Value; - u,). As constructed, the model
allows a test of whether and how neighborhood property value influences how much variation in
demand is associated with variation in the ride-sourcing fare, when controlling for other factors.
Understanding this association helps understand if ride-sourcing demand is more correlated with
property value when fare of ride-sourcing is changing.

Note that for most fixed effect panel models, an individual fixed effect v; is added for each
observation to represent all time-invariant characteristics. In this case, however, the independent
variables are time constant, and therefore collinear with individual fixed effects. Removing the
individual fixed effect v; could result in omitted variable bias in the model, but fortunately I was
able to include a large set of land use variables that reduce this possibility (data explained later).
| clustered standard errors for each month to correct standard errors to reflect the hierarchical
structure of the data. Finally, | also calculated Moran’s I for both pick-ups and drop-offs to
determine whether spatial auto-correlation could bias analysis results. | found little evidence of
spatial auto-correlation. The Moran’s I result for the number of pick-ups in each grid cell was
0.0915 (with a p-value of 0), while the result for the number of drop-offs in each grid cell was
0.0869 (with a p-value of 0).

| estimated two sets of negative binomial models. The first set used continuous property
value, and the second set treated property value as categorical dummy variables: below 50%
median, 50%-100% median, 100%-150% median, and above 150% median, while property value
below 50% median was used as base category. Both sets of models interacted property value
with the monthly fixed effects. Within each set of models I tested two dependent variables: the
number of pick-ups and the number of drop-offs.

In additions to the fixed effects which rule out the unobserved spatial and temporal
variations, other control variables are included in this study to represent other possible factors
that influence the demand for ride-sourcing. Theory of travel demand and empirical evidence
suggested that activity centers are likely to generate trips (Hanson & Giuliano 2004). Thus | uses
all points of interest (POI) in Shanghai to represent all the activity centers. This POI dataset has
over 200,000 activity locations, including all offices, shops, restaurants, convenience stores,
recreational facilities (including theatres and cinemas), schools, hospitals, and parks. | used the
number of each of these activity location types as control variables in the model. | also used the
average residential property value as a proxy measure for the value of land in the grid cell,
because previous literature showed that higher land value is associated with more travel demand
(Hanson & Giuliano 2004). Population density and employment density at level similar to census
tract level the US is included in the study as well since research showed that density is related to
the demand of activity (Chatman 2008; Ewing & Cervero 2010). Average road length within
each grid cell is also added as a control since previous research showed that road supply is
directly associated with motorized travel (Chatman 2008). The transit dataset, property dataset
and the points of interest dataset are all public available data in Shanghai, and the authors
obtained these datasets through Metrodata Tech. | aggregated the data into 1-km grid cells as
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well for our analysis. Table 4.2 shows the descriptive statistics of the variables involved in the
analysis. Table 4.2 shows the descriptive statistics of the variables involved in the analysis.

| first compared the average number of ride-sourcing trips per grid cell when segmented by
the average property value in the grid cell or “neighborhood.” Ride-sourcing trips were much
more likely to take place in neighborhoods with higher property values (Figure 4.3). Given
changes in the average fare during the nine-month observation window, | are also able to observe
how trips per neighborhood varied with ride-sourcing fares. Neighborhoods with higher average
property values had greater variability with fare changes. Among neighborhoods with property
values exceeding 150 percent of median, as fares fell, usage rose more dramatically, and as fares
rose, usage dropped off more, when compared to neighborhoods with lower property values
(Figure 4.3).
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Figure 3.3. Average number of ride-sourcing trips in each grid cell segmented by average
residential property value

Higher property value is also strongly associated with higher population density, higher
density commercial development, more amenities, and better accessibility. Thus it is helpful to
isolate the association between property value and number of trips over time controlling for other
relevant factors. | begin to do this by controlling for population density within grid cells. On a
per capita basis, ride-sourcing is still predominantly used by higher income travelers; however,
in areas with lower property value, per capita demand increased after July despite the increase in
fare (Figure 4.4).
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Table 4.2. Summary statistics

Variable Mean Min Max SD
# of pick-ups (per month) 9.91 0 457 26.4
# of drop-offs (per month) 9.75 0 463 26.3
# of listed properties 75.63 1 580 82.7
Average property value (¥ 1000) 29.38 10 216.75 17.6
# of offices 25.14 0 477 42.5
# of shops 57.75 0 1185 91.9
# of restaurants 27.02 0 427 40.2
# of recreation facilities 7.34 0 88 9.8
# of convenience stores 3.63 0 50 6.0
# of hotels 4.06 0 47 5.6
# of hospitals 21 0 5 0.6
# of schools .54 0 6 0.9
# of colleges .25 0 14 0.9
# of parks A1 0 2 0.3
# of bus stops 6.55 0 35 4.9
# of metro stations .19 0 3 0.4
Population density (1000 per km?) 4.91 0.01 47.84 7.7
Employment density (1000 per km?)  1.68 .003 32.59 35
Pick-ups
‘ Drc.)p—offs v L ‘

Average 3 of trips/population density (1000}
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Figure 4.4. Average number of ride-sourcing trips per 1000 population in each grid cell
segmented by average residential property value

4.3 Results

The estimation results show that controlling for other factors, wealthier ride-sourcing
travelers were always more sensitive to ride-sourcing fare changes. Table 4.3 and Table 4.4 show
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the outputs of models with property value, its interaction with time fixed effects, and other land
use characteristics. Since the coefficients in the negative binomial models with fixed effects are
hard to interpret, I also calculated and plotted incident rate ratio (IRR) of property value on ride-
sourcing demand which is the change in the value of dependent variable (demand) after the
change of an independent variable (property value) by 1 unit. The results of IRR are shown in
Figure 4.5 and Figure 4.6. | conducted variance inflation test (VIF) and found that all except
three control variables have VIF smaller than 5. | decided that leave all of the control variables in
the model because none of them are collinear with our variable of interest: average property
value.

If | take a look at the estimated parameters of all interaction terms of property value and
time effects for Model 1 in Table 4.3, | can find that the estimated parameters are positive from
February up to May, ranging from 0.001 to 0.009, while they are negative from June to October
except for August. The results suggest that the association between property value and ride-
sourcing pick-ups is higher from January to May, and such association becomes smaller after
July. This time frame coincides with the changes of travel subsidies and promotions by Didi as a
result of the price battle, described above. | can conclude that ride-sourcing trips were more
likely to originate from places with premium residential areas when fare is lower. The same
pattern can also be found between ride-sourcing drop-offs and property value, but to a somewhat
lesser extent (Model 2 in Table 4.3). Number of drop-offs still has stronger correlation with
property value before June, but the magnitude of these associations seems to be weaker
compared to those of pick-ups. This indicates that the destinations of ride-sourcing trips are also
more likely to occur at premium residential areas when fare is lower.

Figure 4.5 plots the marginal effect of property value on pick-ups/drop-offs each month
using the estimated values shown in Table 4.3. The marginal effect here is defined as the change
of ride-sourcing demand when property value changed by ¥ 1000 per square meter (about $13-
14 per square foot). As | can see from the figure, the IRR of property value and trip demand
(both pick-ups and drop-offs) were generally higher before June, ranging from 1.055 to 1.065,
meaning that a neighborhood with a property value greater by the amount of ¥ 1,000 would be

expected to have between 5.5 and 6.5 percent more trips (for the average neighborhood with
mean values on the other control variables). After July the IRR became smaller, ranging from
1.038 to 1.053, except in August. At first glance the trend of decreasing effect of property value
on ride-sourcing trips with increasing fare is less clear in Figure 4.5, but | must keep in mind that
our ride-sourcing dataset is a random sample of the total ride-sourcing trips, thus an increase of
0.02 trips in the sample could represent an increase of thousands of trips. For a more intuitive
comparison, | can see from Table 4.1 and Table 4.2 that the average trip demand for each grid
cell is around 9 trips and the standard deviation of property value is ¥ 22,101. Thus if property

value increased by one standard deviation, trip demand would rise by one third of the average
demand with a marginal effect of 1.05.

The results from the first set of models concludes that the association between property
value and ride-sourcing demand (both pick-ups and drop-offs) is higher when ride-sourcing fare
was low, while the association is lower after June when ride-sourcing fare increased due to the
removal of promotions. This indicates that residents who lived in wealthier communities were
more responsive to lower fares and sales promotions. | estimated another set of negative
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binomial models, replacing continuous property value with dummy variables to capture the non-
linearity in the estimated coefficients. The results are shown in Table 4.4.

Table 4.3. Estimation results for negative binomial models with fixed effect

Model 1: pick-ups Model 2: drop-offs

Coef. Std. Err. Coef. Std. Err.
Intercept -2 479%** 0.034 -2.494*** 0.015
# of listed properties 0.004*** 0.00 0.004*** 0.00
# of office 0.012%** 0.001 0.011*** 0.001
# of recreation facilities 0.015*** 0.001 0.014*** 0.001
# of restaurants -0.004*** 0.00 -0.003*** 0.000
# of schools 0.125%** 0.01 0.126*** 0.009
# of colleges 0.036*** 0.005 0.039*** 0.005
# of shops -0.002*** 0.00 -0.002*** 0.002
# of parks 0.161*** 0.014 0.142*** 0.039
# of convenience stores 0.061*** 0.004 0.063*** 0.005
# of hospitals 0.026** 0.013 0.023** 0.01
# of hotels 0.018*** 0.002 0.019*** 0.002
# of metro stations 0.138*** 0.015 0.125%** 0.011
# of bus stops 0.022*** 0.003 0.023*** 0.002
Population density (1000 per km?) 0.010*** 0.001 0.009*** 0.003
Employment density (1000 per km?) 0.020*** 0.002 0.018*** 0.005
Average property value ( ¥ 1000) 0.054*** 0.001 0.054*** 0.004
Time fixed-effect
Feb -0.293*** 0.003 -0.317*** 0.002
Mar 0.045*** 0.004 0.160*** 0.003
Apr 0.592%** 0.008 0.746%** 0.005
May 0.599*** 0.008 0.735*** 0.005
Jun 1.044*** 0.013 1.064*** 0.008
Jul 1.552%** 0.018 1.582%** 0.011
Aug 0.888*** 0.014 0.855*** 0.008
Sept 1.176*** 0.017 1.156*** 0.011
Oct 1.501%** 0.018 1.567*** 0.012
Interact property value with fixed-effect
Average property value ( ¥ 1000): Feb 0.000*** 0.00 0.002*** 0.00
Average property value ( ¥ 1000): Mar 0.009*** 0.00 0.007*** 0.00
Average property value ( ¥ 1000): Apr 0.006*** 0.00 0.002*** 0.00
Average property value (¥ 1000): May 0.008*** 0.00 0.005*** 0.00
Average property value (¥ 1000): Jun 0.003*** 0.00 0.004*** 0.00
Average property value (¥ 1000): Jul -0.002%*** 0.00 -0.003*** 0.00
Average property value ( ¥ 1000): Aug 0.003*** 0.00 0.004*** 0.00
Average property value (¥ 1000): Sept -0.007*** 0.00 -0.007*** 0.00
Average property value ( ¥ 1000): Oct -0.013*** 0.00 -0.016*** 0.00
Pseudo R? 0.152 0.154
# of grid cells 1291 1291

Note: ***: 99% significant; **: 95% significant
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IRR of property value and # of pick-ups IRR of property value and # of drop-offs
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Figure 4.5. IRR of property value and number of ride-sourcing trips per grid cell (pick-ups and
drop-offs)

Table 4.4. Estimation results for negative binomial models with fixed effect (property value
dummy variables)

Model 3: pick-ups Model 4: drop-offs

Coef. Std. Err. Coef. Std. Err.
Intercept -3.557*** 0.023 -3.245%** 0.016
# of listed properties 0.003*** 0.00 0.002*** 0.00
# of office 0.015*** 0.00 0.014*** 0.001
# of recreation facilities 0.010*** 0.001 0.008*** 0.001
# of restaurants -0.003*** 0.00 -0.002*** 0.00
# of schools 0.063*** 0.006 0.074*** 0.006
# of colleges 0.027*** 0.005 0.036*** 0.004
# of shops -0.002*** 0.00 -0.002*** 0.002
# of parks 0.244%** 0.014 0.214%** 0.014
# of convenience stores 0.034*** 0.002 0.035*** 0.003
# of hospitals 0.008 0.01 0.004 0.008
# of hotels 0.013*** 0.002 0.014*** 0.001
# of metro stations 0.025* 0.014 0.010 0..01
# of bus stops 0.031*** 0.003 0.032*** 0.002
Population density (1000 per km?) 0.010*** 0.001 0.010*** 0.001
Employment density (1000 per km?) 0.009*** 0.002 0.007** 0.003

Note: ***: 99% significant; **: 95% significant; *: 90% significant
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Table 4.4 Cont’d

Model 3: pick-ups Model 4: drop-offs

Coef. Std. Err. Coef. Std. Err.
Time fixed-effect
Feb 0.004*** 0.00 -0.757*** 0.001
Mar 0.201%** 0.002 0.269*** 0.001
Apr 1.063*** 0.003 0.944%** 0.002
May 1.378*** 0.002 1.252%** 0.002
Jun 2.022*%** 0.001 1.714%** 0.001
Jul 2.623%** 0.005 2.330%** 0.005
Aug 1.851%** 0.004 1.546*** 0.001
Sept 2.082%** 0.004 1.848*** 0.004
Oct 2.443%** 0.008 2.189*** 0.006
Property value dummies (<50% as base)
50% -100% median 1.783*** 0.003 1.424%** 0.005
100%-150% median 3.532%** 0.013 3.139%** 0.011
>=150% median 3.904*** 0.029 3.629%** 0.021
Interact property value with fixed-effect
Feb: 50% -100% median -0.396*** 0.001 0.326*** 0.001
Feb: 100%-150% median -0.430*** 0.002 0.503*** 0.002
Feb: >=150% median -0.151*** 0.003 0.587*** 0.003
Mar: 50% -100% median 0.156*** 0.002 0.141*** 0.002
Mar: 100%-150% median 0.100*** 0.003 0.121*** 0.002
Mar: >=150% median 0.267*** 0.001 0.180*** 0.001
Apr: 50% -100% median -0.071*** 0.003 0.222%** 0.002
Apr:100%-150% median -0.301*** 0.003 -0.082*** 0.002
Apr:>=150% median -0.339*** 0.003 -0.255*** 0.002
May: 50% -100% median -0.331*** 0.002 -0.073*** 0.002
May: 100%-150% median -0.543*** 0.003 -0.363*** 0.003
May: >=150% median -0.515*** 0.003 -0.404*** 0.002
Jun: 50% -100% median -0.493*** 0.001 -0.152*** 0.002
Jun: 100%-150% median -0.962*** 0.002 -0.553*** 0.002
Jun: >=150% median -0.933*** 0.002 -0.619*** 0.002
Jul: 50% -100% median -0.684*** 0.004 -0.357*** 0.005
Jul: 100%-150% median -1.262*** 0.004 -0.906*** 0.005
Jul: >=150% median -1.265*** 0.005 -0.992*** 0.005
Aug: 50% -100% median -0.559*** 0.003 -0.256*** 0.001
Aug: 100%-150% median -0.955*** 0.003 -0.593*** 0.002
Aug: >=150% median -0.864*** 0.004 -0.585*** 0.002
Sept: 50% -100% median -0.583*** 0.001 -0.413*** 0.004
Sept: 100%-150% median -1.278*** 0.002 -1.035*** 0.004
Sept: >=150% median -1.225%** 0.003 -1.032*** 0.005
Oct: 50% -100% median -0.722*** 0.005 -0.488*** 0.005
Oct: 100%-150% median -1.563*** 0.005 -1.269*** 0.005
Oct: >=150% median -1.605*** 0.004 -1.442%** 0.005
Pseudo R? 0.185 0.189
# of grid cells 1291 1291

Note: ***: 99% significant; **: 95% significant; *: 90% significant

The results from the second set of models shows that in general the association of the ride-
sourcing fare with travel demand was much larger for richer neighborhoods, but the differences
between neighborhoods with high and low property values decreased over time. In order to better
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interpret the estimation results, | calculated and plotted the incident rate ratio for property value
dummies, shown in Figure 4.6. | can see from the figure that sensitivity to ride-sourcing fares is
most strongly associated with property value in February and March when passenger promotions
were first launched. During this period ride-sourcing trips were about 60 times more likely to
take place in the richest residential neighborhoods (above 150% of the median property value)
than the poorest (below 50% of median). The decision to stop subsidizing individual trips in June
and July does not seem to differentiate richer and poorer neighborhoods. In September and
October, when ride-sourcing fares increased, ride-sourcing trips were still about 10 times more
likely to take place in the richest than in the poorest neighborhoods. Interestingly, lower-income
travelers were less sensitive to price during the entire study period (as can be seen in Figure 4.6;
the lines for the 50% to 100% of median categories are flat).

The estimation results did show that when passenger promotions and benefits came out in
February, travel demand at wealthier communities increased much faster than poorer
communities. But it is worth noticing that the differences in ride-sourcing trip generation
between rich and poor communities reached record high in February and March, but such
differences quickly become smaller after March for both trip pick-ups and drop-offs when ride-
sourcing fare was still cheap. I can reasonably speculate that such spikes of difference in
February and March are due to novelty factor of ride-sourcing as a new and cheap mode,
especially for wealthier travelers. And the spike of actual demand happened in July, not February
or March, therefore the growth of ride-sourcing demand from March to July can be contributed
more on factors such as land use and locations of activities, other than property value.
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Figure 4.6. IRR of property value categories (in terms of % median) and number of ride-sourcing
trips per grid cell (pick-ups and drop-offs)
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4.4 Conclusion

In this chapter | estimated the association between trip demand and average property value,
in order to investigate the relationship between ride-sourcing fare and its users. Although in
terms of sheer number of trips, our descriptive analysis showed that ride-sourcing is still largely
a premium mode serving places with high property value, our estimation results from our
controlled analysis showed that travelers from/to areas with lower property value behave
differently to travelers from/to areas with higher property value. Ride-sourcing trips are more
likely to take place in areas with higher property value when fare is low, but when fare of ride-
sourcing increased, places with higher property value become less likely to be
origins/destinations of ride-sourcing trips. We can therefore reasonable speculate that wealthier
people tend to respond to low fares/promotions more compared to lower income people. That
being said, the decrease in ride-sourcing fares would likely to benefit middle-high income
travelers more by make ride-sourcing a competitive mode for to replace their driving trips. But
the increase of ride-sourcing fare would make lower income travelers baring the consequences of
increased travel cost due to their lower elasticity to ride-sourcing fare.

Although this study is one of the first to have access to spatial data on ride-sourcing travel, it
has its limitations. First, although property value is a reasonable proxy for the affluence of origin
and destination neighborhoods, future study would benefit by analyzing data explicitly
describing the income level of residents, although such dataset was not publicly available.
Secondly, in this study | investigated trip pick-ups and drop-offs, rather than trips. If | were to
investigate the entire trip as a whole, looking at both pickups and drop-offs, I may find similar
travel pattern for trips that are both originated and ended at places with low average property
value as previous research found that taxis are used by low income travelers to fulfill short
distance travel (Renne and Bennett 2014). Thirdly, I only have data on ride-sourcing travel
demand, thus limiting the ability to detect substitution or complementarity with other modes such
as transit. It would be very helpful to investigate whether the lower demand of ride-sourcing by
lower-income travelers is explicitly associated with lack of access to ride-sourcing supply in
terms of wait time, with better availability of public transportation, and/or with lower overall
travel demand.
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Chapter 5. Exploring app-based, on-demand ride-
sourcing’s relationship with parking, transit access
and congestion: empirical evidence from Didi Chuxing

In Shanghai

5.1 Introduction

The rapid emergence and growth of transportation network companies (TNCs) such as Uber,
Lyft, and Didi Chuxing, operating app-based on-demand ride-sourcing services, has led to a
debate over their role in the urban transport system. Ride-sourcing supporters argue that it is a
convenient and efficient mode of travel, with the potential to reduce private auto use, decrease
the need for parking and solve the first/last mile problem of public transit (Rayle et al. 2016;
Shaheen et al. 2016). Other scholars and government officials are less sanguine, concerned that
the growing popularity of ride-sourcing might undermine congestion mitigation and replace
public transportation, eventually resulting in negative environmental and social consequences
(Rayle et al. 2016, SFCTA 2017, Schaller, 2018).

The growth of the ride-sourcing business has brought significant challenges for planners,
engineers, and policy makers, due to the magnitude and uncertainty of its impacts. For example,
the number of full- and part-time TNC drivers in Shanghai exceeded 287,700 in August 2016, a
mere two years after ride-sourcing was introduced (Didi Chuxing 2016). In 2017 it was
estimated that more than 15% of trips and 20% of vehicle mileage in San Francisco was
produced by TNCs (SFCTA 2017).

Despite the exponential growth of ride-sourcing worldwide, information about its
relationship with parking, public transit, and congestion is still very limited. These are measures
of the relative ease of driving and using transit, and might predict lower or higher use of ride-
sourcing as an alternative. Thus one might expect that ride-sourcing demand would be higher in
places with restricted parking, at least for auto owners. One might also expect that demand
would be higher in places with lower levels of transit access because of the significant time
advantages it could offer there, despite ride-sourcing being more expensive than transit. Finally, |
hypothesized that ride-sourcing may be positively associated with congestion because it may
relieve travelers from driving on congested roads, or because it may in fact cause congestion.

Using a panel dataset from Didi Chuxing, the largest TNC by market share in China, this
study investigates the following questions: (1) To what extent is parking supply associated with
lower ride-sourcing demand? (2) Does better transit access reduce or increase the use of ride-
sourcing? and (3) Does higher congestion affect ride-sourcing demand?
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This chapter addresses these problems by using a statistical modeling method to capture
non-linearity using spatially precise data from Shanghai. And unlike some previous studies that
relies on retrospective survey data, this chapter relies on disaggregate trip data which are
consistent over time. Finally, as far as | am aware, this is the first study to empirically investigate
parking availability with objective parking data.

5.2 Data and methodology

The ride-sourcing GPS dataset used in this paper was provided by Didi Chuxing. Didi
Chuxing accounted more than 80% of the ride-sourcing market share in China, 2015
(TalkingData, 2015). The dataset consists of 100,000 trips within the outer ring road of Shanghai
that were randomly sampled by Didi Chuxing from their database from the first seven days of
each month from January to April 2015 from the Didi Chuxing database. The data include the
date, time of day, addresses and geolocations of origins and destinations of each trip. | accurately
represent the changing monthly trip volume by assigning a weight to samples from different
months that represent the total trip volume in that specific month. The trips contained in this
dataset were taken on the “Kuai Che” service provided by Didi Chuxing, which is similar to
standard Lyft and UberX service in which the driver is considered to be a TNC “subscriber” and
is responsible for the vehicle. Table 5.1. compares the ride-sourcing travel cost with the fare of
other travel modes in Shanghai, 2015. It should be noted that during this period there were no
official regulations on ride-sourcing and TNCs, which means that there were little limitations on
the supply or the demand of ride-sourcing.

Our study area is defined as land falling within the Outer Ring Road of Shanghai. This zone
is usually considered to be the urbanized portion of Shanghai. To simplify the analysis, | divided
the dataset temporally into 6-hour time segments: from midnight to 6 am, 6 am to noon, noon to
6 pm, and 6 pm to mid-night. Since our dataset is collected during the first seven days of each
month from January to April, the number of time segments is 4 X 7 X 4 which is 112. | then
aggregated pick-up and drop-off locations into 1-km grid cells as our basic spatial unit. There are
709 grid cells within our study area. Figure 5.1 shows the average ride-sourcing demand in each
grid cell time of day. | can see the demand are much higher at afternoon and evening. Figure
5.2 illustrates the spatial distribution of ride-sourcing demand in each grid cell.

Table 5.1. Fare of ride-sourcing of Didi Chuxing and other travel modes in Shanghai, 2015
Mode Fare

Ride-sourcing before ~¥1($0.17) per km, with various coupons and discounts
July, 2015
Taxi price ¥ 14 (initial fee) + ¥ 2.5 per km
City Bus (operate within the outer rim of Shanghai): ¥ 2 flat rate
Bus Price Commute Bus (operate between outer rim of Shanghai and Suburbs):
¥2+ ¥0.2perkm, ¥8cap
Metro Price ¥ 3 (the first 6 kms) + ¥ 1 (per additional 10 kms)
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Average ride-sourcing demand in each grid cell by

time of day
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Figure 5.4. Average ride-sourcing demand by time of day
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Figure 5.2. Map of ride-sourcing pick-ups (left) and drop-offs (right) in each grid cell

Apart from ride-sourcing data, | also acquired data about road congestion and parking
supply. Both of the two datasets I relied upon are publicly available from the Data service
website of the Shanghai Municipal Government via http://www.datashanghai.gov.cn/. The data
on congestion provide congestion index for 68 travel analysis zones (TAZs) within the outer ring
highway of Shanghai (which is usually treated as the urbanized area). This index ranges from 0
to 60, and is calculated every 10 minutes over a period of 9 months by comparing actual travel
speed with free flow speed (Guan, 2004). The higher the congestion index, the more congested
an area is. For our analysis, | aggregate the congestion index into 112 time-segments and 709
grid cells (consistent with the ride-sourcing data aggregation). The parking data include the
number of parking spaces and the addresses of all off-street parking facilities in Shanghai, as
well as the number of on-street parking for each road segments within the outer ring highway as
of 2013. I then geocoded the address into a map-based shapefile using Google Map API for this
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analysis. | include the location of all bus stops and metro stations to represent the transit
accessibility in different locations.

In a more complete effort to control for other factors | turned to regression analysis. |
modeled the ride-sourcing demand (for pick-ups and drop-offs separately) using a generalized
additive mixed model (GAMM). GAMM is a variation of the generalized linear model (GLM) in
which the linear dependent variable depends on a smooth spline function of independent
variables. The fitted spline function would be a non-linear curve which represents the
relationship between the dependent variable and the independent variable. GAMM also allows
the relaxation of assumptions for linear models, and the model can also include fixed effects and
random effects to control for unobserved factors that are associated with spatial and temporal
variations. GAMM has recently been used in transportation research to explore the non-linear
relationship between the use of electric vehicles and the built environment (Hu et al. 2018).
Since our dependent variable would be the number of ride-sourcing pick-ups and drop-offs in
each grid cell, I assume that they follow a Poisson distribution.

demand;; = exp(B, +Xit* B+ X f(xi) + Zb + p + &;1). (1)

In this formula, demand;; is the dependent variable representing ride-sourcing demand in
grid cell i in month t, measured as the number of pick-ups or drop-offs. Vector X;; isa matrix of
independent control variables measured at the grid cell (neighborhood) level, including
population and employment density as well as activity locations in the neighborhood (see Table
5.2). The model treats X;; as time-invariant given that these built environment variables are
unlikely to have changed very much over the course of the nine-month observation period, and if
so0, not systematically in such a way as to bias results. The term ), f(x;) represents the spline
function of selected variables: parking, transit access and congestion. The spline function in the
model allows us to capture the non-linear relationship of these variables of interest. Vector p,
consists of time-period fixed effects. | included Zb as random effects for each grid cells. As
constructed, the model allows a partial control for unobserved variables associated with time and
location by pand Zb, including price of ride-sourcing and demand for other travel modes. |
included auto-regressive models for the error terms to control for correlation in time, as our
analysis is on panel data. Same as Hu et al. (2016), I include a smooth term for latitude and
longitude in our GAMM to control for spatial-autocorrelation.

In additions to the fixed effects which rule out the unobserved spatial and temporal
variations, other control variables are included in this study to represent other possible factors
that influence the demand for ride-sourcing. Theory of travel demand and empirical evidence
suggested that activity centers are likely to generate trips (Hanson & Giuliano 2004). Thus | uses
all points of interest (POI) in Shanghai to represent all the activity centers. This POI dataset has
over 200,000 activity locations, including all offices, shops, restaurants, convenience stores,
recreational facilities (including theatres and cinemas), schools, hospitals, and parks. I used the
number of each of these activity location types as control variables in the model. | also used the
average residential property value as a proxy measure for the value of land in the grid cell,
because previous literature showed that higher land value is associated with more travel demand
(Hanson & Giuliano 2004). Population density and employment density at level similar to census
tract level the US is included in the study as well since research showed that density is related to
the demand of activity (Chatman 2008; Ewing & Cervero 2010). Average road length within
each grid cell is also added as a control since previous research showed that road supply is
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directly associated with motorized travel (Chatman 2008). The transit dataset, property dataset
and the points of interest dataset are all public available data in Shanghai, and the authors

obtained these datasets through Metrodata Tech®. | aggregated the data into 1-km grid cells as
well for our analysis. Table 5.2 shows the descriptive statistics of the variables involved in the

analysis.

Table 5.2. Summary statistics of variables

Variable Min Max  Mean Std. Dev.
# of pick-ups (every 6 hours) 0 160 1.68 4.69

# of drop-offs (every 6 hours) 0 107 1.66 4.39

# of bus stops 0 33 6.66 4.94

# of metro stations 0 3 0.30 0.53
Total parking 37.00 7607 1002.42 1068.13
Congestion index 7.33 55.86 24.28 8.18

# of offices 0 477 40.29 53.42
# of shops 0 1185 72.47 106.14
# of restaurants 0 427 35.77 48.70
# of recreation facilities 0 88 9.43 11.33
# of convenience stores 0 50 5.58 7.20

# of hotels 0 47 4.84 6.41

# of hospitals 0 5 .28 0.65

# of schools 0 6 74 1.02

# of colleges 0 14 .39 1.15

# of parks 0 2 15 0.39
Average road length (km) 0.03 428 0.99 0.57
Average property value per m? ( ¥ 1000) 0 217 29.06 23.28
Population density (1000 per km?) 0 48 5.71 8.72
Employment density (1000 per km?) 0 33 2.04 4.29

5.3 Results

The estimation results show that controlling for other factors, the amount of total parking
supply is positively associated with ride-sourcing demand when the number of parking spots are
lower than 4,000, but is negatively associated with ride-sourcing demand when there are more
than 4,000 parking spots. Similarly, the number of bus stops is positively associated with ride-
sourcing demand when there are fewer bus stops nearby, and it is negatively correlated with ride-
sourcing when the number of bus stops are greater than 10. Congestion level also has a non-
linear relationship with ride-sourcing pick-ups, but it has a monotonic increasing relationship
with ride-sourcing drop-offs. | estimated multiple models using different model types including

® Metrodata Tech. is a private technology company based in Shanghai. More information about Metrodata Tech. can be

found here: www.metrodata.cn

39



generalized linear models, GAMM with/without spline interactions and GAMM with/without
series correlation. By comparing the modeling results from these series of models, | believed that
our estimation results were robust. | chose to present GAMM with spline interaction and with
series correlation by conducting likelihood ratio tests. Additionally, | conducted variance
inflation tests in the linear model and found that adding the control variables did not bias the
estimation for our variables of interest (parking, transit and congestion). Table 5.3 show the
estimation results of our best models.

As | can see from Table 5.3, many control variables (all control variables are in linear terms)
are insignificant because the model added time fixed effects and individual random effects.
Among all control variables, average road length seems to have the largest impact on ride-
sourcing demand. The number of office and number of hotels are positively correlated with ride-
sourcing demand, suggesting that offices and hotels tend to attract and generate more ride-
sourcing trips. The number of shops, on the other hand, would decrease the likelihood of ride-
sourcing trips. Ride-sourcing demand are also likely to generate from areas with higher
population density and higher property value.

As for our variables of interest, | estimated a spline function for each one of them and
reported an estimated degree of freedom. All estimated spline functions are statistically
significant. The higher estimated degree of freedom indicates higher power function used for the
smooth terms. For example, the estimated degree of freedom for the spline term of the number of
bus stops in Model 1 is 3.85, indicating that the spline function is to the power of 3.85. In order
to make the estimation results of the spline term more interpretable, | plotted the partial effect of
the spline terms, shown in Figure 5.3, 5.4 and 5.5.

Parking

The GAMM model estimated degree of freedom for the best fit for its spline function, which
is estimated by non-parametric methods. The estimated degree of freedom of the spline function
of total parking is 7.25 for the pick-ups model (Model 1 in Table 5.3), and 7.07 for the drop-offs
model (Model 2 in Table 5.3). This indicates that the relationship between ride-sourcing demand
and parking is a non-linear function that has a power of above 7. Figure 5.3 shows the partial
effect of parking on ride-sourcing demand. I can see from Figure 5.3 that ride-sourcing demand
increases dramatically as parking supply increased from 0 to around 500. Then ride-sourcing
demand continue to increase, but the increase is much slower, alongside with parking supply.
After parking supply reaches 4,000 spaces, ride-sourcing demand is negatively associated with
parking and the more parking available, the less demand for ride-sourcing.
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Table 5.3. Estimation results of GAMM

Model 1: pick-ups

Model 2: drop-offs

Linear terms Coef. Std. Err. | Coef. Std. Err.
(Intercept) -3.793 *x 013 -4.245 *** (.13
# of offices 0.005 *** 0.001 0.004 ** 0.001
# of shops -0.002 ** 0.001 -0.002 ** 0.001
# of restaurants -0.002 0.001 0.000 0.001
# of recreation facilities 0.005 0.01 0.004 0.01
# of convenient stores 0.012 0.01 0.012 0.01
# of hotels 0.022 * 0.01 0.019 * 0.01
# of hospitals -0.036 0.07 -0.029 0.07
# of schools 0.029 0.05 0.031 0.05
# of colleges -0.017 0.04 -0.007 0.04
# of parks 0.033 0.11 0.033 0.11
Average road length (km) 6.575 ko 0.87 6.139 *** 0.86
# of metro stations 0.029 0.09 -0.005 0.09
Population density (1000 per km2) 0.018 *** 0.001 0.021 *** 0.001
Employment density (1000 per km2) -0.007 0.01 -0.008 0.01
Average property value ( ¥ 1000) 0.146 *x0.02 0.149 *** 0.02
Fixed effects Yes Yes

Spline terms Estimated degree of freedom Estimated degree of freedom
Individual random effect 617.48 Fhx 624.40 Fhx

S(LAT, LONG) 7.6*108 falaied 6.6%108 =

s(Total parking) 7.25 Fkx 7.07 Fkx

s(# of bus stations) 3.81 faleie 3.69 faleie
s(Congestion index) 8.16 Fhx 8.70 Hhx

Adjusted R square 0.735 0.707

Note: ***: 99% significant; **: 95% significant; *: 90% significant
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Figure 5.3. Partial effect of total parking on ride-sourcing demand (95% intervals are shown in
the grey areas)

Transit

The partial effect of the number of bus stops on ride-sourcing demand (shown in Figure 5.4)
is somewhat similar to the effect of parking on ride-sourcing. The shape the spline terms for both
pick-ups and drop-offs models are similar to a quadratic function. Ride-sourcing demand is
positively correlated with number of bus stops when the number of bus stops is below 10 per
grid cell, indicating a complementary relationship, but the relationship reversed when the number
of bus stops is greater than 10 in each grid cell, suggesting that ride-sourcing demand are smaller
in areas with good bus access.
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Figure 5.4. Partial effect of number of bus stops on ride-sourcing demand (95% intervals are
shown in the grey areas)

| also estimated the relationship between metro access and ride-sourcing, however the
coefficients for the number of metro stations turned out to be insignificant in all our models,
regardless of whether | treated the number of metro stations as a linear variable or a spline
function. The reason why the spline function of metro stations is insignificant could partly
contribute the fact that the number of metro stations in each grid cell is very small (ranging from
0 to 3, shown in Table 5.2).

Congestion

Unlike parking and transit, the partial effect of congestion on ride-sourcing demand differed
between pick-ups and drop-offs. Ride-sourcing pick-ups is at first positively associated with
congestion level until congestion level reached around 35, after that ride-sourcing pick-ups
started to decrease with congestion level increased (Figure 5.5 left). Ride-sourcing drop-offs,
however, is generally positively associated with congestion level, indicating that the higher the
congestion level, the more ride-sourcing drop-offs (Figure 5.5 right). Note that the confidence
intervals are wider for models of pick-ups, indicating that the may still may be similar to drop-
offs.
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Figure 5.5. Partial effect of congestion index on ride-sourcing demand (95% intervals are shown
in the grey areas)

In addition to the spline functions for each individual variable of interest (parking, bus and
congestion), I also explored the interaction between each pair of these three variables, and their
estimated association with ride-sourcing demand. The GAMM model allows us to include a
tensor product between two variables, f(x1)®f(x), in lieu of the regular spline function term
of the individual variable ) f(x;). Including the tensor product enables us to estimate the non-
linear interaction between the two variables in addition to the non-linear spline functions of each
variable by itself. | estimated GAMM models with interactions between parking and congestion,
bus and congestion, as well as parking and bus. According to likelihood ratio tests, only the
interaction between parking and congestion contributes to more statistical power compared to the
models without the interaction (shown in Table 5.3). Because the GAMM model results for this
interaction was difficult to interpret, | used an alternative way to test for the interaction by
dividing the parking and congestion variables into low, medium and high levels based on the
25th and 75th percentile, and then interacting each one of them to create nine dummy interaction
variables. | added eight of them into the models in Table 5.3 (using the other one as the base
category), and estimated the parameters. The results were consistent with the GAMM model
results for interaction term, but were less complicated and more interpretable. | found that for
ride-sourcing pick-ups, if I hold one of the two variables (parking and congestion) constant, the
estimated results for the other variable would first increased and then decreased, similar to the
patterns in Figure 5.3 and 5.5. But for ride-sourcing drop-offs, congestion is positively correlated
with ride-sourcing drop-offs when parking supply is high. This result provides more nuanced
interpretation for Figure 5.5, suggesting that when parking supply is in the upper quartile, ride-
sourcing drop-offs are positively correlated with congestion. This suggests that ride-sourcing
may replace driving when there is limited parking supply and higher congestion. Note that
adding the interaction terms does not change the estimated individual spline functions very
much.
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| also estimated regular mixed-effect models with the standard linear terms to represent
parking, transit, and congestion. Although I decided not to show the estimation results of the
regular mixed-effect models in this paper due to the space limitation and because | would like to
focus on the GAMM model results, | briefly discuss here the estimation results from the regular
model for comparison. All estimated coefficients for the variables of interest were statistically
significant in the regular mixed-effect models with standard linear terms. The estimated
parameters imply that ride-sourcing has a positive relationship with total parking (the estimated
coefficients are 0.0035 for pick-ups and 0.0037 for drop-offs), number of bus stops (the
estimated coefficients are 0.015 for pick-ups and 0.0145 for drop-offs), and congestion (the
estimated coefficients are 0.077 for pick-ups and 0.072 for drop-offs). Thus, without having run
a GAMM model | would have erroneously concluded that there are linear and positive
relationships across the range of values. In this case the GAMM model has a clear advantage
over the regular linear mixed-effect model in providing a more accurate understanding of the
data.

5.4 Conclusion

In this study | investigated the relationship between ride-sourcing demand and parking,
transit access and congestion using a GAMM on panel data over a four-month period in the city
of Shanghai. The main advantage of this paper is that | observed ride-sourcing’s non-linear
relationship with ride-sourcing and parking, bus accessibility, and congestion, with high spatial
resolution, controlling for possible confounding factors using mixed effects and a large number
of control variables.

The results suggest that, first, parking supply does not reduce the demand for ride-sourcing
in the Shanghai context unless it is sufficiently large. Second, whether ride-sourcing substitutes
with or complements public transit depends on service coverage: ride-sourcing tends to increase
as transit grows from below-average service levels while it decreases as transit service becomes
denser. Third, ride-sourcing demand increases with congestion, but when congestion is at its
most severe there are fewer pick-ups. Our methods enable us to find these varying results
because we use a nonlinear fitted GAMM model, and we show that a conventional model yields
erroneous results.
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Chapter 6. Discussion of ride-sourcing behavioral and

implication for policy

6.1 Socio-economic accessibility and spatial accessibility of ride-
sourcing

Comparison with taxi in terms of accessibility

Previous research indicated that taxi drivers usually concentrated in areas with “perceived
higher usage areas”, e.g. CBD, train terminals, and airports, where drivers believed they can
match with higher demand (Austin and Zegras 2012). This concentration of taxi supply in high
demand location was a result of lacking information between drivers and passengers, and may
results in underserving low-income neighborhoods (Austin and Zegras 2012). Ride-sourcing on
the other hand, match demand and supply by using an online platform. So far evidence in the US
did not show uneven distribution against poorer neighborhoods in terms of wait time (Hughes
and MacKenzie 2016).

Taxi driver may refuse to serve certain people based on certain characteristics. In China, taxi
drivers in some cities were unwilling to serve travelers that travel shorter distance because they
believe that serving such customer would decrease earning. In some other cities this situation has
improved since taxi companies now required drivers to serve any customer based on first come
first serve principle. Compare to taxies, ride-sourcing have theoretical improvements because of
better communication and feedbacks from both sides. Ride-sourcing drivers could not
discriminate passengers based on destination, although they may still discriminate by refusing
pick-up requests from passengers starting from low-income communities or neighborhoods of
color. Current ride-sourcing companies would penalize drivers who successively refuse pick-ups
request, which can prohibit the discriminatory driver behavior to a certain degree. Further study
is needed to fully understand this issue.

The results from chapter 4 imply that a decrease in ride-sourcing fares would likely benefit
middle to high income travelers more than low-income travelers, by making ride-sourcing an
economically competitive mode for those groups. Usage is much higher in neighborhoods with
higher property values when fares are lower. At the same time, however, there is still significant
though lower use of ride-sourcing in lower-income neighborhoods, and usage in those locations
is less responsive to the fare. This suggests that ride-sourcing services are being used more often
for non-discretionary trips by those in lower income neighborhoods, perhaps because of the lack
of auto ownership and poor public transportation options for those trips.

Thus ride-sourcing policy which results in fare increases would likely to pose a substantial
burden for lower-income travelers, although the number of such lower income travelers may be
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small compared to the number of middle-to-high income travelers. The consumer surplus for
these lower income users is likely higher than the consumer surplus for higher income users, as
lower income users are willing to pay more (as a fraction of income) to access ride-sourcing. |
could reasonably speculate that if a restrictive policy on ride-sourcing supply, such as the one
imposed in Shanghai after 2016, would give the fraction of ride-sourcing users who live in
lower-income neighborhoods little alternative but to accept the higher fare.

That said, the analysis showed that ride-sourcing is still largely a premium mode serving
places with high property value, and there were relatively small number of users traveling
to/from lower property price areas. When ride-sourcing fares decreased quickly due to market
battles in the first half of 2015, at least for a short period of time, ride-sourcing fare was very
cheap and even competitive in comparison to public transit. But wealthier people tended to take
advantage of the cheap services, while poorer people generally seemed somewhat inelastic to
fare changes. Given the fact that Shanghai has very high smartphone penetration rates (as
discussed previously) and low auto ownership, there are likely additional unobserved factors that
hinder the use of ride-sourcing by low income travelers. In the US, although lower income
travelers can be aware of the availability of ride-sourcing, there are often still several barriers for
using them other than cost, among them limited payment methods and low digital literacy (e.g.,
Dillahunt et al. 2017), even though ride-sourcing companies may market to lower-income
travelers by promoting services such as shared rides.

6.2 Ride-sourcing’s role in transportation system

| found that ride-sourcing demand (both pick-ups and drop-offs) are positively associated
with parking supply when parking supply is low, but negatively associated with parking supply
when parking is high. The relationship between ride-sourcing and bus transit depended on the
coverage of bus services. Ride-sourcing tended to negatively correlate with each transit access
when the density of bus stops was high, and positively correlate with each other when there were
fewer bus stops. Finally, ride-sourcing demand was positively correlated with congestion, except
that when congestion at the pick-up location was severe, demand declined.

Parking

The estimation results suggest that parking does not necessarily reduce the demand for ride-
sourcing unless the parking supply is large enough, and that a lack of parking supply is not
necessarily associated with an increase in ride-sourcing demand. Part of this fact may be due to
local context. In Shanghali, auto-ownership is relatively low due to its license auction policy
(Chen and Zhao 2013). In 2014, there were less than 15 private cars for every 100 residents in
Shanghai, and private cars accounted for about 17% of trips (Shanghai Urban-Rural Construction
and Traffic Development Academy 2015). In the Shanghai context where auto ownership is
relatively low, ride-sourcing may not strongly compete with driving except when congestion is
particularly high and parking is particularly scarce at the destination (see below). It is also
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possible that auto-users and ride hailers are not the same group of travelers, consistent with some
existing research that has showed ride-hailers in some US cities are much less likely to be car
owners (eg. Rayle et al. 2016). The socio-economic status of ride-hailers in Shanghai is still
unclear, given that the nature of our data; this remains an important topic for future research.

Public transit

The descriptive analysis using Google Map API in Chapter 3 showed that the majority of the
ride-sourcing trips has transit alternatives. However, transit alternatives compete poorly with
ride-sourcing in terms of travel time and convenience: on average, it would take approximately
more than twice of the ride-sourcing travel time for a passenger to arrive at the destination if
taking transit. It is likely that ride-sourcing is competing with both bus and metro, but bus riders
are more likely to switch to ride-sourcing than metro riders due to low time performance of buses
in Shanghai. Also, the descriptive analysis discovered that ride-sourcing is more likely to
compete with transit in longer travel and peak hour travel by looking at what proportion of the
ride-sourcing trips can be replaced by transit.

Moreover, analysis in Chapter 5 suggested that ride-sourcing would be expected to compete
The analysis suggests that ride-sourcing increases with density when bus access is relatively low,
and that it drops off as bus stop density increases, suggesting it could be shunting transit riders
away in places where transit accessibility is relatively low, while not being as competitive with
transit when transit services are denser. The findings implied that public transit’s key
competitiveness lies with its system performance, particularly with density and accessibility.

Congestion

Unlike the relationship of ride-sourcing with parking and transit, the analysis in Chapter 5
showed a much more complex relationship with road congestion. On one hand, ride-sourcing
pick-ups were positively associated with congestion when congestion level is low, but somewhat
negatively correlated with congestion when congestion is severe. On the other hand, ride-
sourcing drop-offs are positively correlated with congestion regardless of the congestion level,
and particularly so when parking is scarce and congestion is high. One possible hypothesis is that
ride-sourcing causes congestion in cities, as many cities have claimed (eg. SF Chronicle 2018).
Another hypothesis draws upon research on autonomous vehicles that argues congestion will
encourage people to use AV services, because taking a ride as a passenger eases the burden of
driving in congestion (Howard and Dai 2014; Fagnant and Kockelman 2015; Wadud et al. 2016).
Our analysis cannot perfectly control this potential reverse causal relationship between ride-
sourcing and congestion just as any fixed effect models. Nevertheless, our analysis still has
interesting implications for ride-sourcing and congestion. Recall that ride-sourcing pick-ups were
positively correlated with congestion level at low congestion levels but negatively correlated
once congestion is high enough. On the other hand, ride-sourcing drop-offs were positively
correlated with congestion regardless of the current congestion level. Based on these findings, |
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may speculate that the first hypothesis is more likely to be true and ride-sourcing causes
congestion at the drop-off end. The second hypothesis that congestion would encourage people
to ride hail (due to less burden and lower value of time, etc) is likely to be false, because if it is
true then ride-sourcing pick-ups should also be monotonically positively correlated with
congestion in Figure 5.5. Thus it is possible that ride-sourcing users refrained from traveling due
to the congestion level at the origin end (due to longer wait times caused by congestion, for
example), but ride-sourcing still contribute to the congestion level at destination end.

But the second hypothesis could still be valid if the reason for decreasing ride-sourcing pick-
ups at higher congested areas is something other than congestion. For instance, if ride-sourcing
users decide not to ride hail during congested hours or areas only because the wait time is higher,
then people may still willing to take ride-sourcing regardless of the congestion level if the wait
time is within an acceptable range. Previous research in San Francisco found that the waiting
time for the vast majority of the actual ride-sourcing trips are below 10 minutes (Rayle et al.
2016). Future research could potentially investigate how wait time affects people’s decision to
ride hail.

6.3 Limitation of the study

There are a few limitations of this study. First, | investigated trip pick-ups and drop-offs
separately. Previous research found that taxis are used by low income travelers to fulfill short
distance travel (Renne & Bennett, 2014). If | investigate the entire trip as whole, there may be
similar travel pattern for trips that are both originated and ended at places with low average
property value. Second, | only have data on ride-sourcing travel demand, thus limiting the ability
to detect substitution or complementarity with other modes such as transit. In future study | may
investigate whether the low demand of ride-sourcing by lower income travelers is associated
with lack of access to ride-sourcing supply in terms of wait time, or with the lower overall travel
demand. Third, the impact of surge-pricing on ride-sourcing demand during peak hour is under-
studied, and due to the sparsity of data point in each day, this analysis did not assess the effect of
surge-pricing. Additionally, there may be different ride-sourcing travel pattern by different time
of day. Future research would focus on these aspects.
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