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Abstract 

Mobility services and autonomous vehicles (AVs) are predicted to be key 

revolutionary forces in the future of transportation. In particular, certain forms of the 

amalgamations of the two technologies not only are expected to offer cost reduction 

to service providers, but are thought to be available in the fairly near future. However, 

the introduction of such services, if not properly handled or responded to, could place 

stress on present-day public transportation and lead to adverse impact on the urban 

landscape. At a minimum, an AV-based service could be deployed as a standalone 

mode, such as AV ride-hailing, or integrated with other modes. We postulate that it 

could be both socially beneficial and appealing to consumers to combine the 

advantages of AV ride-hailing and public transportation in an integrated transit-

oriented mobility service with AV feeders (referred to as AV+PT mode in this thesis).  

Given the potential significance of AV ride-hailing services, the understanding of 

consumer preference for such services, or ride-hailing in general, is far from sufficient. 

Therefore, in this thesis, using data collected from about 3,000 respondents in Cook 

County, Illinois during November and December of 2018 through an online 

questionnaire developed in this thesis, we analyse revealed and stated travel 

behaviours as they relate to standalone and integrated AV services. In particular, the 

contributions of the thesis are organised around three objectives. Firstly, we deepen 

the understanding of the present-day ride-hailing service usage behaviour, and find 

significant behavioural overlap between ride-hailing users and transit users. Secondly, 

we develop insights into characteristics of individuals more likely to adopt 

hypothetical AV ride-hailing and AV+PT services. Finally, we find that by combining 

transit with AV, AV+PT services potentially benefit transit operations in three ways: 

it could increase the combined transit and AV+PT market share, it could appeal to a 

broader user base, including individuals living farther away from transit stations and 

individuals currently using transit, driving and ride-hailing, and it could increase the 

resilience of transit-based services’ mode shares even when travellers become more 

attuned to ride-hailing. 

Thesis Supervisor: Jinhua Zhao 
Title: Edward H. and Joyce Linde Associate Professor of Transportation and City Planning 

Thesis Supervisor: John P. Attanucci 
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Chapter 1: Introduction 

August 2019   19 

1 INTRODUCTION 

1.1 Motivation 

1.1.1 Demand for Autonomous Vehicle Mobility Services 

Looking ahead into the year 2019 at the end of 2018, The Economist predicts that big 

advances in three transportation related areas are on the roadmap: electrification, 

mobility services and autonomous vehicles (Wright, 2018). In this thesis, we dive into 

possible combinations of the latter two technologies, and in particular, the demand 

response to the introduction of such services. 

The development of the autonomous vehicle (AV) has been ramping up in recent 

years. Traditional car-manufacturing powerhouses such as General Motors, Nissan, 

Toyota, as well as emerging car maker Tesla, expect to be shipping fully automated 

“self-driving” vehicles by 2020 (Yadron, 2016). At the same time, technology 

companies, such as Waymo, affiliated with Google, Inc., have developed AV 

prototypes that have logged over 10 million miles as they undergo testing in a number 

of US cities (Waymo, 2019). 

One of the most profoundly impactful factors of AV deployment is the prevalent 

operational model. Autonomous vehicles can be personal, shared, or different degrees 

of combinations of both. Each model has advantages and disadvantages. Three of these 

autonomous vehicle operational models are summarised in Table 1.1 (Litman, 2017). 
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 Advantages Disadvantages Appropriate users 

Personal 

autonomous 

vehicles - Motorists 

own or lease their 

own self-driving 

vehicles. 

High convenience. 

Available without 

delay. Items, such as 

equipment, tools 

and snacks, can be 

left in vehicles. 

High costs. Does 

not allow users to 

choose different 

vehicles for 

different trips, such 

as cars for 

commuting or 

trucks for errands. 

People who travel a 

lot, reside in 

sprawled areas, 

want a particular 

vehicle, or leave 

items in their 

vehicles. 

Shared autonomous 

vehicles - Self-

driving taxis 

transport individuals 

and groups to 

destinations 

Users can choose 

vehicles that best 

meet their needs. 

Door to door 

service. 

Users must wait for 

vehicles. Limited 

service (no driver to 

help passengers 

carry luggage safely 

reach their door). 

Vehicles may be 

dirty. 

Lower-annual-

mileage users. 

Shared autonomous 

rides - Self-driving 

vans (microtransit) 

take passengers to 

or near destinations. 

Lowest costs. Least convenience, 

comfort and speed, 

particularly in 

sprawled areas. 

Lower-income 

urban residents. 

Table 1.1 Operational models of autonomous vehicles. 

Studies have tried to approximate the costs of each of the proposed operational models 

for AV. In general, privately owned AV are projected to cost much more than 

manually driven vehicles, due to a high cost of a system of robust, redundant and 

abuse-resistant components (Litman, 2017). In particular, the estimates of the added 

cost of an AV compared with an otherwise identical manually driven vehicle fall 

between 10,000 and 50,000 US dollars (Fagnant & Kockelman, 2015; Silberg et al., 

2012), while consumers’ willingness-to-pay is estimated to be 3,500 USD2 for partial 

automation and 4,900 USD for full automation (Daziano, Sarrias, & Leard, 2017). On 

the contrary, fleet-based AV ride-hailing services can significantly reduce the costs of 

current transportation network companies (TNC). It is estimated that the present-day 

TNC service to cost 2.04 USD per passenger-mile travelled while an AV TNC would 

only cost 0.86 USD (Johnson & Walker, 2016), as cost incurred by employing drivers 

will be eliminated.  

However, it should be noticed that the prior summary of cost and benefit focuses solely 

on the individual level without considering the external costs each operational model 

                                                 

2 In this thesis, “USD” and the dollar sign “$” are used interchangeably, both referring to the US dollar. 



Chapter 1: Introduction 

August 2019   21 

imposes on the society. Literature has consistently pointed out that station-based car-

sharing systems show positive environmental effects (Greenblatt & Shaheen, 2015; S. 

A. Shaheen & Cohen, 2007), including a reduction in total CO2 emissions (Haefeli, 

Matti, Maibach, & Schreyer, 2006), individual reduction of vehicle-miles-travelled (S. 

A. Shaheen, Cohen, & Chung, 2009) and a decrease in the average number of vehicles 

owned per household (Martin, Shaheen, & Lidicker, 2010). The on-demand shared 

ride-hailing services, provided by TNCs such as Lyft and Uber, has been found to 

reduce congestion time, congestion costs and excessive fuel consumption in US urban 

areas (Li, Hong, & Zhang, 2016), and TNCs are continually increasing match rates for 

their shared-ride services, at the same time decreasing fares for such services 

(Schwieterman & Livingston, 2018). 

Indeed, as The Economist notes, significant effort has been made to exploit the values 

of a marriage of AV and ride-hailing services. Such AV services, sometimes called 

“robotaxis”, has become a key strategy in major ride-hailing companies, such as Uber 

and Lyft. Waymo has initiated its revenue-generating robotaxis for pay customers 

(Sage, 2018). At the same time, General Motors, a conventional car manufacturer, 

hopes to overtake them by launching large-scale electric robotaxis in several cities in 

2019 (Welch, Bergen, & Buhayar, 2018).  

There exists a rapidly growing body of literature regarding the potential changes in a 

future with AV operations, and they overwhelmingly focus on the performance of such 

systems, particularly in terms of highway capacity, vehicle ownership, vehicle miles 

travelled, taxi fleet size, and parking infrastructure needed. For example, it is proposed 

that AVs will bring about substantial increase in highway capacity due to platooning 

and vehicle-to-vehicle and vehicle-to-infrastructure communications (Tientrakool, 

Ho, & Maxemchuk, 2011). Researchers also use simulations to find out that assuming 

a shared autonomous vehicle (SAV) fleet serving all travel demand, cities would 

require a much smaller number of vehicles than currently in operation, in the contexts 

of Singapore (S. Shaheen, Cohen, & Jaffee, 2018), New York City (Vazifeh, Santi, 

Resta, Strogatz, & Ratti, 2018), etc. In addition, more flexible and transit-oriented AV 

mobility services are explored, to evaluate their system performance and impact on 

mode split at the urban scale (Wen, Chen, Nassir, & Zhao, 2018). 

However, one critical limitation of the current literature on AV mobility services is 

that they all rely on exogenous important assumptions on market adoption and user 
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preference of these emerging services. While some studies carefully caveat their 

findings with uncertainty in the demand parameters (Wen et al., 2018), an inadequate 

understanding in user preference can still render the results significantly less relevant 

for policy makers. While stated preference studies are used to look at the potential 

demand for AV mobility, the majority of them focus on private vehicle ownership 

(Bansal, Kockelman, & Singh, 2016; Howard & Dai, 2014; Kyriakidis, Happee, & de 

Winter, 2015). This contrasts with our previous discussion that ride-hailing AV 

deployment is both more cost effective and closer to fruition. 

Therefore, in this thesis, we aim to fill in this significant gap in the literature and 

provide insights into the market demand, with the help of a stated choice experiment 

survey in Cook County, IL, US. 

1.1.2 Relationship between Autonomous Vehicles and Public 

Transportation 

The potential relationship between autonomous vehicles and public transportation is 

a comprehensive one. The literature suggests that on the one hand, autonomous 

vehicles could be employed in competition with public transportation. On the other 

hand, autonomous vehicles can also be deployed to public transportation’s advantage. 

The introduction of AV fleets potentially offering lower-than-ride-hailing operating 

cost and virtually unlimited availability in urban environments is estimated to increase 

overall vehicle-kilometres travelled (VKT) and energy use due to latent demand that 

adjusts to cheaper and higher-capacity mobility options (Duranton & Turner, 2011; 

Martinez & Crist, 2015; Næss, Nicolaisen, & Strand, 2012). At the same time, though 

it could play a role in offering new mobility options for lower-income people with 

limited car access, AV mobility service, when not properly regulated could also result 

in inequitable access. 

The availability of point-to-point car services at lower costs may encourage declines 

in public transportation ridership due to relative trip-time disadvantages (Levinson, 

2015). A decrease in transit ridership will reduce transit revenues, leading to reduced 

capacity and service reliability and eventually reduced public support for investment, 

a “death spiral” of declining ridership and service cuts. However, it is worth noting 

that by adopting AVs, some types of transit—such as faster, longer-distance commuter 

and heavy rail lines—may see increases in ridership (Grush & Niles, 2016). 
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However, the deployment of AV technology is not necessarily antithetical to the 

purpose of public transportation, and can be guided to promote the delivery of transit 

services. The idea of integrated AV and public transportation systems is first 

illustrated as ‘broadening service options of public transport’ by providing multimodal 

service in less dense areas (Lenz & Fraedrich, 2016). A study based in Chicago, 

Illinois  concluded that small-capacity on-demand ride-hailing and high-capacity 

fixed-route public transportation tend to serve different mobility roles and that they 

could collaborate to build greater synergy (Schwieterman & Livingston, 2018). With 

regard to the possibility of an integrated service, optimization formulations are used 

to study AV as a last-mile connection to train trips (Liang, de Almeida Correia, & Van 

Arem, 2016). Subsequently an AV+PT hybrid system is developed and emphasis is 

put on its potential for reducing total vehicle miles travelled and the corresponding 

negative externalities such as congestion and emissions (Vakayil, Gruel, & 

Samaranayake, 2017). Simulation is also used to explore the idea to support AV+PT 

planning, while some studies also integrate a mode choice model into the AV+PT 

simulation (Shen, Zhang, & Zhao, 2017; Wen et al., 2018). However, a significant gap 

remains in the literature with regards to the potential demand response to such 

hypothetical services, and how they might perform in the presence of autonomous 

vehicle ride-hailing business. 

Acknowledging the potential competition brought up by AVs employed by profit-

driven ride-hailing companies, we build up and develop on the previous exploration 

of an integrated autonomous vehicle and public transportation mobility service 

system, and in particular address the lack of understanding of demand response to the 

introduction of these hypothetical autonomous vehicle mobility services. In particular, 

using a survey instrument involving actual travel behaviour and stated choice with 

respect to both AV ride-hailing and AV+PT services, we probe the preference towards 

the hypothetical AV mobility services, and how it connects with socio-economic 

characteristics of the respondents and their current behaviour, within the general 

population in Cook County, IL.   

1.2 Objectives and Approach 

Following our discussion in section 1.1.1, we set out to ultimately provide insights 

into and quantify the demand response to hypothetical autonomous vehicle mobility 
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services. In particular, we are interested in examining two kinds of AV services. The 

first kind of service is a ride-hailing service with an exclusively AV fleet, and the 

second kind is an integrated AV and public transportation service where AV is used 

to serve the access or egress trips to and from a mass capacity transit station. In 

examining these hypothetical alternatives, we hope to find users’ preference towards 

the AV mobility services, and whether AV could be used to complement transit to 

capture more demand. 

In order to study the demand response to the AV services, and especially the AV ride-

hailing service, it is useful for us to establish a “baseline” understanding of the 

preference for present-day ride-hailing services provided with manually driven 

vehicles. Given that existing literature with empirical evidence on ride-hailing 

behaviour is relatively scarce, it is one of our objectives to empirically understand how 

individuals are currently using ride-hailing services. 

In summary, our main objectives in this thesis are as follows. 

S1 Empirically understand the actual behaviour of present-day ride-hailing 

service frequent users in Cook County, IL. 

S2 Understand the characteristics of individuals more likely to adopt hypothetical 

AV ride-hailing and AV+PT services in Cook County. 

S3 Understand if an integrated AV and public transportation mode would appeal 

to a broader user base than conventional transit in measurable ways. 

In order to achieve these objectives, we employ several analytical methods, most of 

which are well established in their respective fields. In particular, we collect primary 

data using a survey including a revealed preference part and stated choice experiments, 

then the data are analysed using statistical methods including discrete choice analysis. 

These methods will be explained in more details in section 3.2. 

1.3 Thesis Organization 

This thesis is organized as follows. Chapter 2 summarises the conceptual premises 

used throughout the thesis, and introduces the analytical framework. Chapter 4 

documents the development and implementation of the survey instrument. Chapter 5 

presents the analyses conducted with the data collected from the revealed preference 

portion of the survey, focusing on the ride-hailing usage behaviour. Chapter 6 presents 
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the analyses conducted with the data collected from the stated choice experiments of 

the survey, focusing on the demand response to the hypothetical integrated AV and 

public transportation mobility service system. Finally, Chapter 8 presents the 

concluding remarks of the thesis.   
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2 LITERATURE REVIEW 

In order to understand the consumer preference for AV, both as a ride-hailing service 

and as integrated with mass transit, several areas of discussion stand out as being 

relevant to this study. Being relatively new as a travel mode, the demand for present-

day ride-hailing services is not well understood, and is important for the purpose of 

this thesis. In addition, the room for effect of integration is partially determined by if 

the introduction of ride-hailing has been hampering or enhancing transit services. In a 

future where we expect AV technology will be adopted by ride-hailing operators, how 

these demand might transfer over or be different is also useful. Finally, while this 

thesis focus on demand, there has been discussion on the organizational structure, 

infrastructure and service design of an integrated ride-hailing and transit service, 

whether provided with AV or not. It is valuable to review this literature as well. 

2.1 Demand for Present-Day Ride-hailing Services  

Despite the fact that ride-hailing services has been increasing in popularity in a number 

of US cities, due to the private and profit-seeking nature of the predominant operators 

such as Uber and Lyft, accurate data on the trip-level information is not easy to come 

by. In recent years, studies targeted at understanding consumer preference towards 

ride-hailing services have started to accumulate, mostly using primary data collection. 

In this literature review, we focus on those with a quantitative approach and an 

emphasis on mode choice behaviour. 
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Rayle, Dai, Chan, Cervero, and Shaheen (2016) use convenient sampling to collect 

both person-level and trip-level data on ride-hailing and taxi trips. They find that when 

compared with the general population of San Francisco, CA or even sampled taxi 

users, sampled ride-hailing users tend to be younger and better-educated. On a trip-

level, origins of ride-hailing trips are less likely to be concentrated in the downtown 

area than taxi trips. In addition, ride-hailing trips are predominantly made for social 

and leisure purposes, followed by commuting purposes. The authors acknowledge that 

the representativeness of the data suffers from the intercept survey method. 

Furthermore, restricting their lens to only ride-hailing and taxi modes cannot reveal 

the whole picture of the impact of ride-hailing services on travel behaviour. 

Dias et al. (2017) analyse the 2015 Puget Sound Regional Travel Study survey data, 

which collected information on respondents’ general usage frequency of ride-hailing 

services. It is found that only a small proportion of the sample have experience with 

ride-hailing, with 86% reporting never using it. Using a modified ordinal probit model, 

they find that users of ride-hailing services tend to be young, well-educated, higher-

income, working individuals residing in higher-density areas. However, this study 

does not involve any trip-level information. While the insights on effects of socio-

economic characteristics are significant, it cannot tell us how ride-hailing differs from 

and interacts with other travel modes in terms of market demand. 

Alemi, Circella, Handy, and Mokhtarian (2018) use the California Millennials 

Dataset, which asked respondents whether they have ever used ride-hailing services 

and, if yes, at what frequency. Using a weighted binary logit model, they find that 

highly-educated, older Millennials are mostly likely to adopt ride-hailing services, as 

are frequent users of smartphone transportation related apps. Additionally, and quite 

importantly, the respondents indicate predominantly that they would have taken a taxi 

had ride-hailing been not available for their trips, followed by driving, taking a ride 

and then public transportation. The dataset only includes respondents who are 

Millennials and the preceding Generation X (jointly born between 1965 and 1997). 

Again, this model does not take into consideration any trip-level information. 

Lam and Liu (2017) build a discrete choice demand model including taxi, ride-hailing 

and transit modes in the New York City context. The data mostly relied on were 

derived from API calls and the TLC taxi trips data. They conclude that the addition of 

ride-hailing brings about significant gains in societal welfare, but they are 
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disproportionately higher in temporal-spatial segments that have been underserved by 

taxis and public transit. However, the data quality is compromised because 

approximations are made to stitch together different data sources and infer important 

trip attributes such as destinations. Apart from that, no information on rider socio-

demographics are included in the analysis. While zone-specific dummy variables are 

used, no effort is spent to explain the economic effects that underlie the idiosyncrasies 

of the zones, making it difficult to extrapolate the results to contexts other than New 

York. 

We find a gap in literature that effectively analyses mode choice behaviour on a trip 

level, taking into account both trip attributes and socioeconomic characteristics of the 

decision makers, in the context of a common sense choice set. This study sets out to 

fill in this gap with primary data collection.  

2.2 Relationship Between Present-Day Ride-Hailing Services 

and Public Transportation 

Another discussion highly relevant to this study is the relationship between present-

day ride-hailing services and transit services. Several studies have approached this 

problem from both macroscopic and microscopic perspectives, arriving at diverging 

conclusions. 

At a macroscopic level, researchers have investigated the impact on transit usage of 

introducing ride-hailing services at a city level. By performing coarsened exact 

matching between cities with and without ride-hailing entry, Babar and Burtch (2017) 

find ride-hailing entry results in significant reduction in city bus usage, and increase 

in rail-based and long-haul transit services. Hall, Palsson, and Price (2018) finds that 

entry of Uber in general increases the transit ridership in a two-year horizon, with 

some nuances. Specifically, entry of Uber increases ridership in large cities while 

decreases ridership in smaller cities; it increases ridership for agencies with smaller 

ridership and decreases for those with larger ridership. However, using the same data 

and similar methods, Diao, Kong, and Zhao (2019) found the opposite effect, where 

TNC entry is associated with 5.2% reduction in MSA transit ridership, which is most 

pronounced during the first two years and recovers slightly after the third year. By 

observing the monthly total unlinked passenger trips of major US transit agencies with 

respect to entries of Uber and Lyft services, Nelson and Sadowsky (2019) find that, 
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consistently, the entry of the first company in the cities generally increases transit 

ridership while the second decreases, resulting in a net decrease. This suggests the 

possible effect of externality of competition between ride-hailing companies. 

Surprisingly, their method also leads to the conclusion that ride-hailing results in a net 

increase in bus ridership but net decrease in rail ridership. These observations are very 

significant, but they do not reveal behavioural mechanism on a consumer level. 

At a microscopic level, some researchers ask survey respondents who report making 

ride-hailing trips, what mode they would have used were it not available. Rayle et al. 

(2016) find 33% of the ride-hailing users would have taken public transportation. 

Henao (2017) finds this number to be 22.2%. Alemi, Circella, and Sperling (2018) 

find a large divergence between frequent ride-hailing users and otherwise, with 33% 

users reporting that would have made the trip using public transportation and 12% 

otherwise. Clewlow and Mishra (2017) assess 15% of the ride-hailing trips would have 

been made using transit were the mode not available. The difference among these 

results could be a product of the sampling population, or the framing of the question. 

Clewlow and Mishra (2017) conduct survey in seven US metropolitan areas including 

socioeconomic variables and travel behaviour including use of ride-hailing services. 

Through descriptive analysis, they find that after adopting ride-hailing, the majority 

of respondents report no change in their transit use. They assess a 6% and 3% net 

reduction respectively in bus and light rail usage, yet a 3% net increase in heavy rail 

usage. This suggests that the substitutive or complementary nature of ride-hailing 

depends on the type of transit service. However, from the paper it is not clear how the 

conclusions are drawn from the corresponding survey questions, and there is no 

consideration of what attributes of trips affect the substitution or complementarity. 

In principle, at an individual level, the complementary or substitutive nature of 

relationship between ride-hailing and transit is very related to the socioeconomic 

characteristics as well as travel pattern of the user, and can be very sensitive to the 

purpose and spatial distribution of the origin and destination of the specific trips. 

Therefore, in this thesis, we set out to answer this question with explicit consideration 

of these factors. 
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2.3 Demand for Autonomous Vehicle Mobility Services 

The combination of ride-hailing and autonomous vehicle technologies promise 

significant changes in cost structure and consequently, or maybe independently, 

changes in consumer preference. The discussion on demand for AV ride-hailing 

services is relatively new. In this review, we do not include studies that deal only with 

the consumer preference for private AV ownership. 

Nair, Astroza, Bhat, Khoeini, and Pendyala (2018) apply rank ordered probit model 

on the 2015 Puget Sound Regional Travel Study data, which asked respondents to rate 

alternatives of taking an AV taxi with no driver, taking one with driver, owning an 

AV and using AV car sharing. They find that transit users are more interested in AV 

car sharing than AV taxis. However, the provided alternatives are clearly not related 

to decisions that can be made in the same time horizon, and they also do not involve 

any conventional modes, which is of more interest for understanding the impact of 

these AV operational modes. 

Wen, Chen, Nassir, and Zhao (2018) apply simulation on first-mile trips to transit 

stations in the context of a rich choice set, and observe a mode share of between 11% 

to 40% to the AV ride-hailing services. However, they lack empirical data to infer 

consumer preference for such a service and assume certain constant values for utility 

calculations. 

Tussyadiah, Zach, and Wang (2017) collect data on respondents’ attitude towards AV 

taxi services and likelihood of adoption. They find a high level of trust in AV, and that 

having used Uber predicts likelihood of adopting AV. 

 Gurumurthy (2018) jointly models the likelihood and willingness to pay for a shared 

AV ride. All else equal, they find older individuals and those with drivers’ licences 

are less likely to share a ride, and the income bracket most likely to share is between 

$75,000 and $125,000. This study does not consider private AV ride as a choice 

alongside a shared ride. 

In summary, there is a significant gap in the literature regarding consumers’ preference 

of AV ride-hailing services on a trip-based level, and how it connects with and differs 

from that of the present-day ride-hailing services. Given this gap, it is necessary to 

make assumptions about such consumer preference in order to predict future market 
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response to such services. In this study, we try to give some understanding about the 

preference of AV ride-hailing. 

2.4 Integrating Autonomous Vehicle and Public Transportation 

Services 

Conceptually, there is value of integrating ride-hailing service with public 

transportation system, whether the service is autonomous or not. Depending on the 

level of service and cost of such integrated system, the ride-hailing component could 

expand the catchment area for transit, and provide service flexibility in less dense areas 

to avoid significant capital expenditures. Being autonomous, such systems can be 

designed to be even more efficient. 

Recent trends in US cities and transit agencies reflect this thinking. For example, in 

August 2016, the Pinnellas Suncoast Transit Authority (PSTA) in Pinnellas County, 

Florida, began providing subsidies for Uber rides that end at nearly 20 designated 

transit stops in the county (Brustein, 2016). In July 2016, Miami-Dade County in 

Florida applied for grants to subsidize Uber and Lyft rides connecting to two train 

stations (Brustein, 2016). The Massachusetts Bay Transit Authority (MBTA), in 

September 2016, launched the On-Demand Paratransit Pilot Program (Authority, 

2017), where The Ride users can sign up with Uber, Lyft and Curb and receive 

subsidised on-demand trips provided by the ride-hailing service operators. The pilot 

program has been hugely popular (Metzger, 2018). 

Yan, Levine, and Zhao (2018) collect both revealed preference (RP) and stated 

preference (SP) data within the University of Michigan community, where an 

integrated ride-hailing and transit service is proposed. Modelling the RP and SP 

choices, the authors find number of transfers and additional pickups to be major 

deterrents to adopting the integrated mode. Under various levels of service, they 

predict at least 40% market share of the integrated mode, alongside walking, bicycling 

and driving. There are specific idiosyncrasies to this data, such as free transit rides for 

all and low marginal cost for driving, which limit the modelling and potential to 

extrapolate the findings. In addition, ride-hailing is not considered part of the choice 

set. 

Basu et al. (2018) use the activity-based modelling framework SimMobility, and 

simulate a Base Case scenario, where common modes are available, a Without Mass 
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Transit scenario, where AV ride-hailing is introduce but transit is eliminated, and a 

With AMoD scenario, where AV ride-hailing is introduced and it can also fulfil first-

and-last-mile trips for rail services. They find out that in dense urban areas such as 

Singapore, transit service is still necessary even with highly efficient AV ride-hailing 

services, but integration can greatly improve urban mobility. 

Shen, Zhang, and Zhao (2018) study the transit agency organizational structure and 

demand characteristics of Singapore, and propose to substitute low-demand bus routes 

with integrated AV ride-hailing services to provide first-mile trips. Simulation results 

of the proposed system suggest that performance of the system depends on the fleet 

size and ride sharing preference, but in general there is a potential for improving 

service and being financial viable. The study does not focus on demand-side 

parameters. 

Wen et al. (2018) apply a similar system design, but in a European setting. They 

further incorporate a simulation framework explicitly addressing consumer mode 

choice. Service parameters such as fleet size, vehicle capacity and sharing, fare policy 

and hailing policy are tested. The authors observe 11% market share for the integrated 

mode in downtown and 40% intrazonal. Significant assumptions are made to 

approximate operational costs and consumer preference for AV ride-hailing.  

As some of these studies illustrate, the consumer preference for an integrated AV ride-

hailing and transit service might range immensely, and that has a large impact on the 

predicted market share. In addition, the preference can be specific to the city, setup of 

the service, and perceived level of service of transit and ride-hailing at present. We 

hope to provide insight into consumer preference of using one such hypothetical 

integrated mode. 
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3 BACKGROUND AND 

ANALYSIS FRAMEWORK 

3.1 Concepts 

3.1.1 Integrated Autonomous Vehicle and Public Transportation 

Mobility Services 

The integrated autonomous vehicle and public transportation mobility service system 

(AV+PT) is a critical concept in this thesis. We build up on the literature detailed in 

subsection 1.1.2, while specifying certain aspects for the purpose of the study, and 

especially the survey implementation. 

In this thesis, AV+PT refers to a system where a fleet of AVs is added to, as well as 

coordinated with, an already existing mass capacity transit vehicles and stations. The 

existing mass capacity transit vehicles, e.g. heavy rail and bus rapid transit, act as the 

central arterial carriers of the system, and we assume no change to the capacity or 

scheduling of these vehicles. The added AVs act as feeders, to carry passengers to and 

from the stations of the mass capacity transit vehicles. Passengers would still be able 

to access or egress these mass capacity transit vehicles by other modes including 

walking if they prefer. In particular, the AVs in AV+PT have the following 

characteristics. 

 The AVs are demand responsive. Not unlike with present-day ride-hailing 

services, passengers can request rides indicating the origin and destination of 
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the whole trip. AV+PT then assigns an itinerary, and dispatches AVs to pick 

up, drop off and possibly transfer the passenger onto and off of mass capacity 

transit vehicles, when the access or egress trip is served with AV. 

 The AV rides assume sharing. When the trip involves AV rides, the passengers 

should expect that when the circumstance allows, they would be matched with 

other passengers who opt for AV+PT to share the AV ride. 

 The AVs are actively coordinated with the arterial mass capacity transit 

vehicles, in terms of ticketing, information and potentially scheduling. 

 The AV rides, since they are integrated with public transportation, are 

potentially eligible for a subsidy. The magnitude of this subsidy can be a 

constant, or a variable determined by, for example, number of AV rides over 

a specified period, distance travelled on transit vehicles, and total cost saved 

using AV+PT compared to driving. 

 In addition to merely acting as feeders to arterial transit, AVs can provide 

service directly from the requested origin to the final destination, if certain 

criteria are met. Such criteria could include the total estimated trip length 

falling below a certain threshold, estimated additional trip time resulting from 

the passenger using arterial transit exceeding a certain threshold, and total 

marginal societal cost resulting from the passenger using arterial transit being 

greater than zero.  

Finally, the practical implementation of these aspects necessarily depend on the 

organizational structure of AV+PT, e.g. who owns the AV fleet and how is the subsidy 

funded. In this thesis, we refrain from making excessive assumptions on these aspects, 

apart from assuming that AV ride-hailing and the AV trips in AV+PT are operated by 

TNCs. This assumption could reasonably be relaxed in analysis by altering trip 

attribute levels such as pricing. In doing so, we allow room for the agencies and policy 

makers to modify and apply the conclusions of this thesis to their local contexts. 

3.2 Analysis Framework 

The analysis framework of this thesis derives from and corresponds to the objectives 

presented in section 1.2. Firstly, in order to understand the actual behaviour of present-

day ride-hailing service frequent users, we need the actual usage data as well as the 

users’ sociodemographic characteristics. These data should then be analysed using 
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descriptive statistics and discrete choice analysis. Secondly, in order to understand the 

characteristics of individuals more likely to adopt hypothetical AV ride-hailing and 

AV+PT services, we need stated choice experiments and the respondents’ 

sociodemographic characteristics. These data should then be analysed using 

descriptive statistics and discrete choice analysis. In addition, discrete choice analysis 

could be conducted combining the actual and stated behaviour to increase robustness. 

Finally, to understand if an integrated AV and public transportation mode would 

appeal to a broader user base than conventional transit in measurable ways, we need 

the stated choice experiments and the respondents’ sociodemographic characteristics. 

These data should then be analysed using descriptive statistics and discrete choice 

analysis combining actual and stated behaviour. This framework is presented 

schematically in Table 3.1. 

From this analysis framework, we identify key methods in its implementation. Apart 

from basic statistical methods, the two major analytical tools used in this thesis are 

stated choice experiments (SCEs) and discrete choice analysis. We expand on the 

basics of each in the following subsections. 

 

  S1 S2 S3 

     

Data 

Socio-demographic ● ● ● 

RP lifestyle, trip ● ● ● 

SP trip  ● ● 

     

Method 

User group descriptive stats ●   

RP trip mode choice ●   

SP trip descriptive stats  ●  

SP trip mode choice  ● ● 

RP+SP trip mode choice  ● ● 

     

Table 3.1 Schematic illustration of analysis framework of the thesis. 
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3.2.1 Stated Choice Experiments 

In general, economic studies rely on two types of data to elicit consumer preference, 

revealed preference and stated preference. In revealed preference approaches, data are 

collected and analysed from actual behaviour. In SCE, respondents are usually asked 

to choose one from, rate or rank a set of hypothetical choice alternatives (Louviere, 

Hensher, & Swait, 2000). Compared to revealed preference data, SCE data help us to 

deal with choice situations not present in the real world, such as autonomous vehicles 

mobility services, which are not widely available at the time of this study. In addition, 

SCEs are often used to address shortcomings of the revealed preference approach, 

such as insufficient variation in the attribute levels and strong correlation in 

explanatory variables. Suppose that, in a flat fare transit system, every user pays $2 

for a train ride. In this case, it will be impossible to understand the effect of cost on 

route choice among the train riders. However, through a SCE with carefully designed 

variation in fare levels, we could capture consumers’ stated sensitivity to fare change. 

Finally, SCEs also enable us to collect multiple observations from the same respondent 

at a relatively low cost. 

However, there are also well known disadvantages of SCE. Most importantly, it is 

observed that respondents might behave differently from how they would in the real 

world, either for unconscious reasons or purposefully (Mitani & Flores, 2014; 

Murphy, Allen, Stevens, & Weatherhead, 2005). Researchers have developed methods 

intended to remedy these deviations. 

SCEs are commonly used in multiple research fields. In particular, it has been used to 

study preference for autonomous vehicle ownership and services. Recent examples 

(Krueger, Rashidi, & Rose, 2016; Winter, Cats, Martens, & van Arem, 2017) focus on 

the demand for a shared autonomous vehicle system, but do not consider integrating 

AV with public transportation. 

3.2.2 Discrete Choice Analysis 

The empirical research of this study, especially with respect to mode choice presented 

in chapters 6 and 7, are based on a discrete choice framework (Ben-Akiva, Lerman, & 

Lerman, 1985). We assume that each individual makes choices in order to maximize 

his/her utility.  
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The most well-known model in the discrete choice framework is perhaps the 

multinomial logit (MNL) model. Here we assume that a utility is associated with each 

choice 𝑖  in the choice set. The utility is given by 𝑈𝑖 = 𝑉𝑖 + 휀𝑖 , where 𝑉𝑖  is the 

systematic part of the utility and can be expressed as a linear combination of trip 

attributes, 𝛽𝑋 , and the error term 휀𝑖  is logistically distributed. As a result, the 

probability of choosing 𝑖, has the following convenient form. 

𝑃(𝑖) =
exp(𝑉𝑖)

∑ exp(𝑉𝑗)𝑗

 

The MNL model is mathematically tractable and performs well in practice. However, 

it necessarily assumes that there is no correlation between error terms 휀𝑗  and 휀𝑖  of 

different alternatives. In addition, we only determine a point estimate for all the 

coefficients, 𝛽, which might not be always realistic. Therefore, in this research, we 

also adopt logit mixture models.  

The first kind of logit mixture model adopted assume the following functional form 

for the utility of alternative 𝑖. 

𝑈𝑖 = 𝑉𝑖 + 휀𝑖 + 𝜔𝑖𝑗 

In this case, 𝜔𝑖𝑗 is a random variable shared by alternatives 𝑖 and 𝑗, and can follow 

any distribution with defined mean and variance, for instance, the normal distribution. 

By doing this, we allow 𝑈𝑖  and 𝑈𝑗  to be correlated with each other. This could be 

useful in our case, because for a new alternative such as autonomous vehicle, we do 

not know how consumers perceive it and with what alternatives it is correlated. This 

logit mixture model allows us to estimate the correlation between alternatives, as well 

as the magnitude of such correlations. 

The second kind of logit mixture model adopted assumes the following functional 

form for the utility of alternative 𝑖. 

𝑈𝑖 = (𝛽1 + 𝜂𝑖1)𝑋1 + 𝛽𝑋 + 휀𝑖 

In this case, 𝜂𝑖1 can be of any distribution with defined mean and variance. By doing 

this, we capture heterogeneity among the sample in terms of the effect of 𝑋1 on the 

choice probabilities. This could be useful in our case, because consumers might have 

wide taste heterogeneity, especially for a new alternative. This logit mixture model 

allows us to estimate heterogeneity corresponding to certain variables. 
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3.3 Contextual Information  

Apart from the properties detailed in section 3.1, we should also clearly list some 

critical contextual assumptions related to the proposed hypothetical alternatives 

considered, presented as follows. 

 We assume that, in agreement with the cost and consumer preference analyses 

summarised in the previous section, AV technology will be first deployed 

following the ride-hailing model, and all of the ride-hailing fleet will be AVs, 

operated by profit-seeking private TNCs. This constraint translates into two 

treatments in the stated choice experiments (SCEs). In the first treatment we 

present only one hypothetical alternative, which is AV ride-hailing, whereas 

in the second treatment, we present both AV ride-hailing and AV+PT. 

 We assume that multiple trip attributes of AV ride-hailing differ from 

actuality. AV ride-hailing costs could potentially deviate significantly from the 

current levels. The length of passenger waiting time, measured by the interval 

from requesting the ride to boarding the vehicle, can also change, but is more 

often dependent on the distribution of demand and fleet rather than the driving 

technology (Fagnant & Kockelman, 2014). There is also the possibility of 

significantly improved travel speed due to platooning (Rajamani & Shladover, 

2001), but this effect is not considered in our study framework because we 

assume significant coexistence of human-driven vehicles. 

 We assume certain trip attributes of the AV+PT alternative. Firstly, the cost 

for an entire AV+PT trip is calculated by adding the costs of the AV 

segment(s), the arterial transit segment(s) and subtracting the subsidy. 

Secondly, passengers are able to dismiss either of the assigned access or egress 

AV trip segments and avoid the cost for the segment(s), in which case they 

would just walk, or potentially use other modes to make that portion of the trip. 

Thirdly, transfers between AV and arterial transit vehicles do not involve 

walking, but some transfer time, which due to the coordination of AV+PT, is 

distributed with a mean potentially smaller than that between conventional 

transit modes. Lastly, the in-vehicle travel time and cost for the AV segments 

are assumed to be the same as those in AV ride-hailing, and the in vehicle 

travel time and cost for the arterial transit segments are assumed to be the same 

as those in present-day transit services.  
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 We assume AV+PT is operated as a collaboration between transit agency and 

TNCs. In particular, we assume that both AV ride-hailing and AV+PT services 

are operated by private TNCs. In addition, we assume trip planning is 

organised by the transit agency, with objective function such as total vehicle 

distance travelled minimization. In operation, this assumption translates as 

pricing policy for AV ride-hailing and the AV segments in AV+PT are 

consistent with each other. There are multiple strategies of organisational 

structures of operating an AV+PT service (Shen, Zhang, & Zhao, 2018). While 

such question is important, it is beyond the scope of this thesis. The findings 

regarding the consumer preference from this study are easily generalised to 

different organisational structures by reflecting corresponding changes to the 

service attributes. 

 We assume that several policy instruments can be enacted specific to the 

operations of AV. Firstly, an empty vehicle fee can be levied where AV service 

providers have to pay for each unit distance that an AV travels with no 

passengers. Secondly, a base distance fee can be levied where AV service 

providers have to pay for each unit distance that an AV travels to deliver 

service. Thirdly, spatial and temporal restrictions can be set up for AVs, where 

they cannot enter certain areas at certain hours of the day. We also assume that 

the municipal government of Chicago has authority to enact these policies. 
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4 SURVEY DESIGN 

4.1 Introduction 

As we discuss in section 3.2, this research consists of an empirical study based on a 

survey approach. Therefore, in order to achieve the expected results, the survey design 

is of critical importance. In this chapter, we present the outline of the survey, and 

expand on some essential features. 

We recall from section 1.2, that we want to understand both the consumers’ current 

behaviour with respect to present-day ride-hailing services, and their likely response 

to hypothetical modes such as AV ride-hailing and AV+PT. This dictates that the 

design of the survey and highlights two dimensions: a revealed preference part as well 

as a stated choice experiments part. We take measures in the survey design to make 

sure that the data collected from the survey are of analytical value. In terms of survey 

sampling, we control the sample to be representative of the population in the study 

area, while retrieving sufficiently large number of samples from each user group of 

interest. In terms of the survey flow, we adopt best practice to facilitate the respondents 

to give higher-quality responses. 

Due to the fact that AV services are not widely available yet at the time of research, 

this study applies a SCE approach. To the best of our knowledge, this is the first SCE 

survey design in transportation where pivot design is used to generate trip attributes 

for an integrated mode of ride-hailing and transit, based on web API services and 

respondent-specific O/D locations information. By doing this, we believe we can 

increase respondents’ familiarity with the context and make the choices more realistic. 
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In addition, this is also the first study to include standalone ride-hailing and the 

integrated ride-hailing and transit service in the same choice set, which allows us to 

capture certain demand interaction between these two mode that share the deployment 

of demand-responsive service. Finally, the choice menus are presented with dynamic 

graphical interfaces. By doing this, we believe we can make the menu information 

consumption much more efficient for the respondents and help them make better-

informed choices. 

4.2 Sampling Frame and Survey Flow Design 

4.2.1 Sampling Frame 

The survey questionnaire is designed using the Qualtrics survey platform, and 

distributed through the Qualtrics panel management. The major collection of the 

survey responses started on November 1, 2018 and ended on December 21, 2018. Prior 

to the major collection, testing using data collected through a soft launch was 

conducted during the 4th and 5th of September 2018, with a sample size of 200. Given 

the nature of the revisions applied following the soft launch, the test sample is not 

incorporated in the analysis presented in this thesis. The respondents are recruited 

through online survey links sent out by Qualtrics, and respondents are compensated in 

the forms of cash, store credit, airline miles, etc., after they complete their response to 

the questionnaire. Qualtrics does not disclose its compensation schemes or amounts 

with the researchers due to company policy. While Qualtrics possesses basic 

demographic information on some respondents for the purpose of recruitment, all 

demographic characteristics used in this thesis are self-reported at the time of survey 

responses. 

The target sample size is 3,000, and the total realized sample size for the study is 

3,065. The sample frame is chosen such that we collect a significant number of 

responses for each group with certain travel behaviour that we are interested in. 

Specific criteria are as follows. 

1) The target sample includes only individuals who live inside Cook County, 

Illinois, which roughly corresponds to the service area of the CTA. This 

criterion is set such that most respondents will be familiar with public 

transportation services and can make informed choices not only to the revealed 
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preference questions, but especially to SCEs involving the hypothetical 

AV+PT alternative. 

2) No fewer than 50% of the individuals of the sample use Bus or Rail service 

provided by CTA, Metra or Pace on average for at least three days per week. 

This quota is set such that we have enough samples to estimate the preference 

for public transportation modes. 

3) No fewer than 50% of the individuals travelled to work or school 3 or more 

days a week, in the six months leading up to the survey response. 

4) No fewer than 40% of the individuals use ride-hailing services, such as Uber 

and Lyft, for at least twice a week on average. 

5) The sample is representative of Cook County population in terms of age 

groups. The specific target composition is summarised in Table 4.1. 

6) The sample is representative of Cook County population in terms of income 

groups. The specific target composition is summarised in Table 4.2. 

7) The sample is representative of Cook County population in terms of gender 

composition. 

For implementation purposes, these criteria are not nested. It is worth noting that in 

the survey implementation, we incorporated flexibility in satisfying criteria (5) and 

(6). This choice is made based on the fact that criteria of higher priority, such as (2) 

and (4), might skew the sample demographic composition away from that of the entire 

population. 

4.2.2 Survey Flow Design 

The survey comprises of subject consent form, screening characteristics questions, 

basic travel habits questions, actual trip reporting3, stated mode choice experiments 

(SCEs), attitudinal questions and other socio-demographic questions. The core 

components of the survey are the actual trip reporting and stated mode choice 

experiments. As autonomous vehicles are neither widely available nor anticipated to 

be operated in the near future, this study relies on SCE data to predict future mode 

choice behaviour. Despite concerns over how well stated preference data represent 

                                                 

3 In this thesis, the terms “actual” and “revealed” are used interchangeably in the context of survey 

design. 
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Age group Percentage Quota 

18 to 19 years 3.6% 107 

20 to 24 years 9.4% 282 

25 to 29 years 11.0% 330 

30 to 34 years 10.0% 300 

35 to 39 years 9.1% 274 

40 to 44 years 8.8% 263 

45 to 49 years 9.0% 271 

50 to 54 years 9.1% 272 

55 to 59 years 7.9% 236 

60 to 64 years 6.5% 195 

65 to 69 years 4.6% 139 

70 to 74 years 3.5% 106 

75 to 79 years 2.8% 85 

80 to 84 years 2.3% 70 

85 years and over 2.3% 69 

Total 100% 3000 

Table 4.1 Target sample age group composition, derived from Census 2010. 

Income Group Percentage Quota 

Less than $10,000 8.2% 247 

$10,000 - $14,999 5.2% 156 

$15,000 - $24,999 10.2% 306 

$25,000 - $34,999 9.7% 290 

$35,000 - $44,999 9.1% 274 

$45,000 - $59,999 12.3% 369 

$60,000 - $74,999 10.2% 305 

$75,000 - $99,999 12.4% 371 

$100,000 - $149,999 12.8% 385 

$150,000 - $199,999 4.8% 143 

$200,000 or more 5.2% 156 

Total 100% 3000 

Table 4.2 Target sample income group composition, derived from American 

Community Survey 2005-2009. 
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future reality, it remains the most effective tools for our purpose of gauging demand 

for hypothetical alternatives, and measures are taken in the survey to improve their 

reliability. The components of the questionnaire are arranged in such order so as to 

increase the respondents’ attention to the core components. There are, however, 

several practical constraints on the sequence of the components.  For example, firstly, 

for legal and panelling purposes, the consent form and the screening characteristics 

questions must be at the forefront of the survey; Secondly, the SCE should always trail 

the actual trip reporting, such that the actual trip reporting would familiarise the 

respondent with the context of that specific trip, and we could gather necessary 

information from the actual trip reporting to generate the SCE characteristics and 

menus. We stylize the flow of the survey in Figure 4.1. In the following paragraphs, 

we sequentially introduce these components. 

The screening characteristics questions directly correspond to the sampling frame 

presented in subsection 4.2.1.  

The basic travel habits questions include questions regarding the following aspects. 

 The number of vehicles accessible to the household. 

 Self-reported walking distance to the most frequently used bus stop and train 

station. 

 Whether the respondent owns a CTA Ventra card. 

 Whether the respondent uses a CTA monthly or weekly pass regularly in the 

three months leading up to the response, and if yes, the amount he/she pays 

every month. 

 Trip frequency in general and the percentages of common modes usage of all 

these trips. These common modes include walking, bicycling, public 

transportation, ride-hailing, driving, a combination of the previous modes and 

other. 

 Frequency with respect to making commuting, shopping and social or 

recreational trips. 

For the actual trip reporting questions, each respondent is asked to report one specific 

trip in accordance to one assigned trip purpose. For simplicity and to guarantee a 

sufficiently large number of samples for each trip purpose, this study only surveys 

three trip purposes, namely home-based commuting to work or school trips, home-
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based shopping trips and home-based social or recreational trips. Each respondent is 

randomly assigned one out of certain trip purpose(s), the trips of which he/she makes 

at least once every week. That is, the respondent will not be asked to report on trips 

he/she does not make more than once every week. If the respondent does not make 

trips corresponding to any of the three trip purposes more than once every week, the 

survey is terminated and response data are not included in the analysis. Overall, the 

survey is designed such that responses corresponding to three trip purposes make up 

40%, 30% and 30% of the whole sample. These percentage are informed by the 

weighted trip purpose data collected for respondents whose home addresses fall into 

the Chicago-Naperville-Elgin, IL-IN-WI Core Based Statistical Area in the 2017 

National Household Travel Survey, then adjusted by overweighting transit trips such 

that they make up 30% of all trips (U.S. Department of Transportation, 2017). 

In accordance with the assigned trip purpose, each respondent is asked to report on the 

most recent trip made leading up to responding to the survey4. We also reminded each 

respondent that the reported trip should not be a long-distance trip, such as one 

involving a flight, as that would render our choice sets in actual trip reporting and 

SCEs not applicable. Then the following details are collected for this trip. 

 Origin and destination locations. Due to privacy concerns, we give each 

respondent a circle with a 650-foot diameter, and ask them to move the circle 

such that the location in question is in the circle. For analysis, the centre of the 

circle is used. 

 The number of stops made on this trip and, if any, the locations of up to the 

first two stops. 

 Departure time from origin, in terms of hour and minute of the day. 

 The travel mode used for the trip. A rich choice set is given to the respondents, 

including ‘Drove alone the entire way’, ‘Drove alone, then took public 

                                                 

4 This contrasts with our original approach at the time of the soft launch, where the respondent is asked 

to report on a trip that took place in the week previous to the day they answer the questionnaire. If it is 

a commute trip, we further asked the respondent to give priority to trips made on a Tuesday, Wednesday 

or Thursday to avoid extreme traffic conditions. However, after the soft launch, we discover that 

respondents tended to systematically under-report the instances of less regularly used alternatives, such 

as ride-hailing, while over-reporting instances of regularly ones. Therefore, in the collection cycles that 

followed, we change the question format to the one documented here. 
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transportation’, ‘Walked, then took public transportation’, ‘Shared ride with 

friend/family, then took public transportation’, ‘Took ride-hailing service 

(Lyft, Uber), then took public transportation’, ‘Bicycled and took public 

transportation’, ‘Rode in a private car with another person’, ‘Rode in a private 

car with 2-4 other people’, ‘Rode in a van pool (5 or more travellers) or private 

shuttle’, ‘Took a taxi’, ‘Took a ride-hailing service (Lyft, Uber)’, ‘Bicycled 

the entire way’, ‘Walked the entire way’ and ‘Other’. 

 Detailed travel time and travel cost attributes for the selected mode. For 

example, for respondents who answered ‘Walked, then took public 

transportation’, they were asked to report the cost for the transit ride, cost for 

getting from origin to departure station and from arrival station to destination, 

time for accessing the departure station, time from arrival station to 

destination, total waiting time, in-vehicle time, total transfer time and number 

of transfers. 

 If the selected mode involves using transit, the respondent is further asked to 

specify the sequence of transit vehicles used. 

 Estimates of travel costs for using other modes. 

 How often the selected mode is used for this trip purpose, in terms of 

percentage of all one-way trips of this purpose. 

 Percentages of common modes usage of all trips corresponding to the same 

trip purpose. These common modes include walking, bicycling, public 

transportation, ride-hailing, driving, a combination of the previous modes and 

other. 

For the hypothetical trip mode choice questions, each respondent is randomly assigned 

into one of two treatment groups with equal probability, and is subsequently asked to 

select the mode he/she would use under seven hypothetical sets of conditions 

presented sequentially in menu form (“menus”). The difference between the two 

groups is in the choice sets they are presented with in the hypothetical situations. In 

every hypothetical menu, the first group have a choice set that comprises walking, 

bicycling, public transit, AV ride-hailing and driving, while the second group have a 

choice set that comprises walking, bicycling, public transit, AV+PT, AV ride-hailing 

and driving. Each menu is represented by a visualization of travel cost and travel time 

of the available modes. The SCE design is detailed in section 4.3. 
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Figure 4.1 Survey design flow chart. 
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The attitudinal questions are split into two blocks, respectively annexed to the actual 

trip reporting questions and the SCE. The first block comprises questions regarding 

the respondent’s mode choice and lifestyle regularity, and attitude towards 

environment protection. The second block comprises specifying reasons for not using 

AV alternatives if they were not chosen in any of the SCEs, attitude towards AV 

impact and adoption prospect and individual risk propensity, in particular, the 

indicators for “Impulsive Sensation Seeking” in the Zuckerman-Kuhlman Personality 

Questionnaire (Zuckerman, Kuhlman, Joireman, Teta, & Kraft, 1993) and the Risk 

Taking Index (Nicholson, Soane, Fenton‐O'Creevy, & Willman, 2005). 

For the full survey questionnaire, please refer to Appendix I. 

4.3 Stated Choice Experiments Design 

4.3.1 Objectives 

It is obvious that the SCEs play a critical role in our survey, as we are interested in 

travellers’ preference in mode choice regarding some currently unavailable 

alternatives, in particular AV ride-hailing and AV+PT. The overall goal of the SCEs, 

therefore, is to measure the respondents’ preference for these alternatives under 

different circumstances, with as high validity as possible. 

Despite the reasoned advantages of SCEs for our application, SCEs are still permeable 

to the common pitfalls of stated preference studies, such as hypothetical bias, which 

in the literature is used to refer to the difference between stated and revealed values 

(Murphy, Allen, Stevens, & Weatherhead, 2005). In practice, we want to reduce the 

magnitude of the hypothetical bias. 

In addition, our choice sets include a relatively large number of alternatives, each of 

which in turn involves multiple trip attributes. This results in a large amount of 

information, which the respondent will need to absorb to make choices that are 

meaningful for the purpose of the study. In practice, we want to facilitate the 

consumption of this information. 

In summary, in the SCEs of this survey, we aim to accurately capture respondents’ 

preference for mode alternatives, in particular including the hypothetical AV 

alternatives, while reducing the magnitude of hypothetical bias and easing the 

consumption of the choice set information. 



Jintai Li 

56  August 2019 

In the following subsections, we first introduce the set-up of the two treatment groups, 

then present the pivot design method which we postulate would reduce the magnitude 

of hypothetical bias, as well as the derivation of SCE trip attributes, and finally 

describe the dynamic graphical interface which is used to facilitate comprehending the 

information presented in each menu. 

4.3.2 Hypothetical Alternatives and Treatment Groups 

The set-up of the two treatment groups is in accordance with the assumptions stated 

in section 3.3, and is designed such that we can quantify and understand the demand 

parameters for AV ride-hailing services, as well as AV+PT services in the presence of 

AV ride-hailing. 

Therefore, in the SCEs, each respondent is randomly and unconditionally assigned 

into one of two treatment groups. The core difference between the two treatment 

groups is the choice sets: Treatment 1 offers a choice set of walking, bicycling, public 

transportation, AV ride-hailing and driving, while Treatment 2 offers a choice set of 

walking, bicycling, public transportation, AV ride-hailing, AV+PT and driving. 

In responding to the SCE questions, each respondent is only introduced to the 

hypothetical mode relevant to his/her treatment. In particular, we employ a graphical 

subject training interface for more effective communication. For example, for 

Treatment 2, a list of currently available alternatives is displayed, as shown in Figure 

4.2, before we introduce the choice set available in the SCE that would follow, as 

shown in Figure 4.3. The respondent then learns about the following high-level 

premises in the SCE regarding the AV services by presenting the following 

descriptions. 

 “An autonomous vehicle drives itself, and no driver attention is needed for 

safety.” 

 “Due to changes in operation costs, the cost for a ride can be very different 

from a present-day ride-hailing trip.” 

 “If you combine the AV ride-hailing mode with a high capacity Public Transit 

mode (usually a train), you will be using the ‘AV+PT’ mode. In the picture 

above (Figure 4.3), a transit bus is shown for convenience. In the questions 

from here onward, the AV+PT mode will consist of using AV ride-hailing and 
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train services. The AV ride-hailing part helps you to access the departure train 

station or to go from the arrival train station to final destination.” 

 

 

Figure 4.2 List of currently available mode alternatives, as shown in survey 

questionnaire in Treament 1. 

 

 

Figure 4.3 List of mode alternatives available in SCE, as shown in survey 

questionnaire in Treatment 2. 

 



Jintai Li 

58  August 2019 

Detailed survey questions can be found in Appendix I. 

No matter the treatment group, each respondent must provide one choice to each of 

seven hypothetical menus. The derivation of trip attributes is detailed in the following 

subsection. 

4.3.3 RP-Based Pivot Design 

The mechanism by which hypothetical bias is prevalent can be multifaceted, and is 

not perfectly understood (Mitani & Flores, 2014; Murphy et al., 2005). This is 

discussed in more depth in section 9.2.3. In our application, though, the unfamiliarity 

with the choice context stands out as one possible prominent factor (Krawczyk, 2012). 

This is related to the complex nature of transportation alternative as a good, and 

especially the large number of attributes that necessarily define an alternative. This 

characteristic is especially pronounced in the case of AV+PT, where the alternative 

might involve multiple segments carried out using different modes, multiple transfers 

and multiple waiting periods. In this case, if the choice menu is presented without 

proper context, it is not difficult to imagine the subject getting overwhelmed by the 

information and unable to relate to the choice situation in a realistic manner. 

In our survey, we address this potentially significant issue with a pivot design based 

on the revealed preference (RP) trip. In short, the trip attributes presented to the 

respondent in the SCE are generated by making modifications to those derived from 

the revealed trip. In particular, information from Google Directions API, based on the 

self-reported trip origin, destination and departure time is processed and modified to 

generate the SCE attributes. 

In particular, the respondent, in either Treatment 1 or Treatment 2, is required to do 

the following. “Assume that you are about to make the same trip that you just reported 

making, meaning a trip of: 

 Same trip origin (home) and final destination, 

 Same trip purpose, 

 Same departure time, but 

 You are not making any intermediate stops.” 

By adopting this pivot design, we expect the following benefits, compared with using 

predetermined menu designs for all respondents. 
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 Individual specific understanding of the presented trip attributes is 

immediately established. The respondent can relatively easily put the 

information presented in SCE into the perspective of everyday reality, 

especially by comparing the important trip attributes, such as total travel time 

and total costs, with real-life experience. We expect this to contrast with the 

situation where a respondent is presented with a predetermined generic choice 

menu, in which case he/she might not relate to the trip attributes, and deem the 

menu less relevant to him/herself. 

 The menu designs gain “trust” of the respondents. By effectively referencing 

their real-life experience with the trip, the respondents would realise that the 

menu designs are reasonably accurate, and therefore would readily “trust” the 

survey premise and commit the cognitive effort to make a rational choice. This 

benefit is contingent on the Google Directions API information being reliable, 

and we employed methods such as specifying departure day of the week and 

time of day to facilitate this reliability. 

 Non-trivial contextual variables are immediately familiar to the respondent. 

The mode choice might be partially determined by exogenous contextual 

variables not usually displayed on the SCE menu. For example, the 

neighbourhood where the origin is, congestion on the route, public 

transportation vehicle condition, etc. could all significantly affect mode 

choice. By setting up very specific contexts for the choice situation, we account 

for specific values for these non-trivial variables. If necessary, many such 

variables can then be recovered based on the context, although this was not 

done in this thesis. This context, however, would be lost if using a 

predetermined generic menu design. 

The specified ranges of the value of certain trip attributes are relatively wide, in order 

to represent the uncertainty of the adoption of AV in bringing significant changes to 

the levels of service of new travel alternatives. In addition, certain distributions are 

assumed for each variable. 

In principle, the choice of attribute levels in a pivot design can be optimised for 

estimation efficiency (Rose & Bliemer, 2009). However, in our design, due to the fact 

that we cannot a priori know the actual reported trip attributes, which are the basis on 

top of which the experiments are generated, it is much more difficult to explicitly 
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design for optimal efficiency. Instead, we propose modifications to the actual reported 

trip attributes variables that are realistic. The distribution of these variables are based 

on empirical or anecdotal observations.  

For Treatment 1, where respondents are presented with five alternatives, the trip 

attributes are derived using a multitude of methods, which are summarised in Table 

4.3.  

Among these attributes, the Google Directions API information is a result of queries 

based on the respondent’s reported origin to reported destination and the reported 

departure time. The queries are applied to four travel modes: walking, bicycling, 

driving and transit. It is assumed that AV ride-hailing will take as much time as driving 

in-vehicle. The primary factor in determining the choice of a recommended route on 

these queries is to minimize travel time, but the API may also take into account other 

factors such as distance, number of turns and many more when determining which 

route is the most efficient for the trip. The estimated travel times are based on the 

API’s best guess, given information available to the API about both historical traffic 

conditions. 

Mode Walking Bicycling Public 

transportati

on 

AV ride-

hailing 

Driving 

Time in 

movement 

API API API API API 

Distance 

travelled 

API API API API API 

Waiting 

time 

N/A N/A Menu design Menu design N/A 

Transfer 

time 

N/A N/A Menu design N/A N/A 

Parking 

time 

N/A N/A N/A N/A Other 

Parking 

cost 

N/A N/A N/A Other Other 

Fare N/A N/A Menu design N/A Other 

Table 4.3 Derivation of trip attributes for alternatives in Treatment 1. (API: 

values directly taken from Google Directions API response; Menu design: 

modified according to design; Other: determined otherwise; N/A: attribute not 

included in alternative.) 
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The parking-related time and cost exclusively apply to the driving mode. There are no 

systematic studies or data available on distribution of parking time and cost in 

Chicago. However, INRIX (2017) estimates, on average, that 2-hour parking would 

cost a Chicago driver $13 on-street and $21.54 off-street, and that on- and off-street 

parking would cost the driver 9 and 8 minutes to find per trip, respectively. In addition, 

Chicago Parking Meter, LLC, who manages on-street parking meters in Chicago, 

categorises their parking meters under three zones, the Loop, Central Business District 

(CBD) outside the Loop and Chicago neighbourhoods, which charge respectively 

$6.5, $4 and $2 per hour of parking. Therefore, the determination of parking time and 

cost in the survey depends on where the destination zip code lies with respect to the 

parking zones, and is shown in Table 4.4. Here 𝑍 and 𝑌 are random variables used to 

generate the parking cost and time searching for parking. 

The additional operating cost considered for driving comprises fuel cost. The 

calculation of fuel cost assumes a vehicle that is gasoline-powered with a fuel 

efficiency of 24.7 miles per gallon, the 2016 adjusted fuel economy of all vehicle 

manufacturers in the US market (EPA, 2018), and a gasoline price of $3.0 per gallon. 

The estimated fuel cost, as a result, is deterministic. This calculation, however, does 

not take into account personal driving styles or the fact that urban driving might cost 

significantly more fuel per unit distance covered. 

The fare for public transportation assumes a small range of variation. The underlying 

distribution is assumed to be 𝑇𝑟𝑖𝑎𝑛𝑔𝑢𝑙𝑎𝑟(1, 3, 2.5) , i.e. the lower bound, upper 

bound and mode are respectively 1, 3 and 2.5. The actual full fare for CTA service is 

 

Parking zone Parking cost (USD) 
Time search for parking 

(min) 

Loop max(0,19.5+Z) max(0.5,13+Y) 

CBD outside the Loop max(0,12+Z) max(0.5,8+Y) 

Chicago neighbourhoods max(0,6+Z) max(0.5,3+Y) 

Table 4.4 Derivation of parking time and cost based on different parking zones. 

(𝒁~𝓝(𝟎, 𝟑. 𝟔𝟒);  𝒀~𝓝(𝟎, 𝟏. 𝟓𝟐).) 
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$2.50 for trains and $2.25 for buses. But due to wide usage of reduced and free fare 

products, the actual fare could be appreciably lower for some. 

The initial waiting time for public transportation at the first bus stop or train station 

for transit vehicles assumes an exponential distribution. In particular, the waiting time 

for public transportation is calculated as follows. 

𝑃𝑇 𝑤𝑎𝑖𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (min) = 𝑀𝑖𝑛(15, 1 + 𝑍), 𝑍~𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙(0.225) 

Each transfer time for public transportation is modified from the Google Directions 

API information. In doing so, we aim to preserve some idiosyncrasy of transfers on 

the specific route, while at the same time introduce some uncertainty. We allow each 

transfer time to be uniformly distributed around the API information. In particular, 

each transfer time for public transportation is calculated as follows. 

𝑃𝑇 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 𝑡𝑖𝑚𝑒 (min) = 𝐴𝑃𝐼 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 𝑡𝑖𝑚𝑒 + 𝑍, 𝑍~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝛿, 4) 

where 𝛿 = 𝑀𝑎𝑥(−4, 1 − 𝐴𝑃𝐼 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 𝑡𝑖𝑚𝑒). 

Fare for AV ride-hailing is derived by multiplying a “base fare” with a cost factor. 

The base fare is calculated using parameters estimated for UberX service in Chicago 

(Staff, 2018). The estimation postulates a minimum fare, a booking fee, a base fare, a 

distance based fare and a travel time based fare. In particular, the base fare is calculated 

as follows. 

𝐴𝑉 𝑇𝑁𝐶 𝐵𝑎𝑠𝑒 𝑓𝑎𝑟𝑒 = 𝑀𝑎𝑥(4.6, 1.6 + 1.7 + 0.95 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 0.20 𝑡𝑖𝑚𝑒) 

where 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒  is the trip distance measured in miles, and 𝑡𝑖𝑚𝑒  is the trip time 

measured in minutes. 

AV cost factor ranges from 0.4 to 2.5, the lower bound of which is selected to represent 

the possible trip cost reduction caused by AV adoption, and the upper bound of which 

is selected to represent potential for surge pricing. A lognormal distribution is selected 

to reflect a higher concentration in the lower range and a lower concentration in higher 

ranges. In particular, the cost factor is calculated as follows. 

𝐴𝑉 𝑇𝑁𝐶 𝑐𝑜𝑠𝑡 𝑓𝑎𝑐𝑡𝑜𝑟 = 𝑚𝑎𝑥(0.4, 𝑚𝑖𝑛(2.5, 𝑍)), 𝑍 ∼ 𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(0.1,0.3) 

AV waiting time for AV ride-hailing refers to the length of time interval between the 

moment the passenger requests a ride and the moment the assigned vehicle picks up 

the passenger. The choice of values for this trip attribute references an Uber report 
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(Voytek, 2011). Both normal and student t distributions were used to approximate the 

reported waiting time distribution, and the student t distribution was selected for its 

superior fit. The waiting time ranges from 1 to 20 minutes. The waiting time for AV 

ride-hailing is calculated as follows. 

𝐴𝑉 𝑇𝑁𝐶 𝑤𝑎𝑖𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 = 𝑚𝑎𝑥(1, 𝑚𝑖𝑛(20,7.5 + 3.1𝑍)), 𝑍 ∼ 𝑠𝑡𝑢𝑑𝑒𝑛𝑡𝑇(4) 

For Treatment 2, where respondents are presented with six alternatives, the trip 

attributes are derived using a multitude of methods, which are summarised in Table 

4.5. 

All modes except for AV+PT are also available in Treatment 1, and the derivation of 

their trip attributes are mostly the same as in the case of those in Treatment 1. There 

are correlation constraints and validation measures that might alter the ultimate 

distributions. 

Mode Walking Bicycling Public 

transport

ation 

AV+PT AV ride-

hailing 

Driving 

Time in 

movemen

t 

API API API Other API API 

Distance 

travelled 

API API API Other API API 

Waiting 

time 

N/A N/A Menu 

design 

Menu 

design 

Menu 

design 

N/A 

Transfer 

time 

N/A N/A Menu 

design 

Menu 

design 

N/A N/A 

Parking 

time 

N/A N/A N/A N/A N/A Other 

Parking 

cost 

N/A N/A N/A N/A Other Other 

Fare N/A N/A Menu 

design 

Menu 

design 

N/A Other 

Table 4.5 Derivation of trip attributes for alternatives in Treatment 2. (API: 

values directly taken from Google Directions API response; Menu design: 

modified according to design; Other: determined otherwise; N/A: attribute not 

included in alternative.) 
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The calculation of AV+PT in-vehicle travel time relies on the information provided 

by Google Directions API, in addition to several assumptions. One assumption made 

is that rail services, including subway and heavy rail services, are always preferred to 

AV rides and bus rides. The reasoning behind this assumption is that rail services are 

usually high in capacity and their service frequencies are easier to increase without 

leading to adverse impacts on roadway traffic, and that travellers’ preference for high-

capacity public transportation can be most effectively captured in the presence of 

current rail services. Practically, this is achieved by indicating a preference for rail 

services in the Google Directions API query, then including every trip leg from the 

first leg on rail to the last leg on rail, and finally displaying rail and bus trips using 

segments of different colours and icons. The access and egress segments of such trips 

are then estimated using two additional Google Directions API queries, respectively 

originating from the reported origin and the arrival station of the last rail leg, and 

ending at the departure station of the first rail leg and the reported destination. 

In addition, for access and egress segments of the AV+PT alternative, we allow 

walking for short segments. In particular, if the walking time for that segment is below 

10.8 minutes, there is a probability that the segment is carried out walking. The value 

10.8 was calculated as the 80th percentile of walking access time to public 

transportation in the revealed preference question from the soft launch, as am upper 

bound for what we consider to be a reasonable walking access or egress time. 

Specifically, the probability is specified to take the value of 
10.8−𝑠𝑒𝑔𝑚𝑒𝑛𝑡 𝑤𝑎𝑙𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒

10.8
. 

That is, the shorter the segment is, the more likely it is presented as walking in AV+PT 

mode. However, at least one of the access and egress segments must be AV. We 

achieve that by discarding any AV+PT alternative that results in both segments being 

traversed using walking, and resample using the same probabilities until at least one 

of either the access or the egress segments is not generated to be traversed using 

walking. 

All menu design specific variable values are calculated using the same methods 

detailed with respect to Treatment 1 for driving, public transportation and AV ride-

hailing. We now present the derivation of trip attributes for the AV+PT mode and the 

trade-off between AV+PT and AV ride-hailing modes. 
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The AV+PT trip could be door-to-door, i.e. it may not involve any transfer to arterial 

transit vehicles. In this case, the fare for AV+PT is exactly the same as that for AV 

ride-hailing, derived using the same base fare and a shared cost factor. The initial 

waiting time for AV+PT is also sampled using the same procedure, although the 

values would differ from AV ride-hailing as a result of the generation process. 

When the AV+PT trip involves rides on both AV and arterial transit vehicles, the cost 

for AV+PT is calculated as follows. 

𝐴𝑉𝑃𝑇 𝑓𝑎𝑟𝑒 = 𝐴𝑉 𝑟𝑖𝑑𝑒 𝑓𝑎𝑟𝑒𝑠 + 𝑡𝑟𝑎𝑛𝑠𝑖𝑡 𝑓𝑎𝑟𝑒 − 𝐴𝑉𝑃𝑇 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡5 

𝐴𝑉 𝑟𝑖𝑑𝑒 𝑓𝑎𝑟𝑒𝑠 are calculated separately for each of the AV ride(s), using the same 

method as described in the AV ride-hailing alternative in Treatment 1. The cost factor 

variables in each generated choice situation menu is shared between the AV ride-

hailing and AV+PT modes. Similarly, in each generated choice situation menu, 

𝑡𝑟𝑎𝑛𝑠𝑖𝑡 𝑓𝑎𝑟𝑒 is shared between public transportation and the AV+PT modes. 

The discount for AV+PT is only applicable when the trip involves riding arterial 

transit vehicles. We constrain the discount to be no larger than $6.75, as well as the 

total fare for AV+PT to be larger than that of public transportation by at least $1. In 

particular, 𝐴𝑉𝑃𝑇 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡 is calculated as follows. 

𝐴𝑉𝑃𝑇 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡~𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 𝑍), 𝑍 = 𝑀𝑖𝑛(6.75, 𝐴𝑉 𝑟𝑖𝑑𝑒 𝑓𝑎𝑟𝑒𝑠 − 1) 

In AV+PT, the transfer time between any two arterial transit vehicles is calculated 

using the same method as described for public transportation in Treatment 1. However, 

when the transfer is between AV and the arterial transit vehicle, we expect the transfer 

to be in general faster, in order to reflect our assumption that AV and the arterial transit 

vehicles are coordinated. In particular, the transfer time involving the AV ride in 

AV+PT is calculated as follows. 

𝐴𝑉𝑃𝑇 𝐴𝑉 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 𝑡𝑖𝑚𝑒 (min) = 𝑀𝑖𝑛(15, 0.5 + 𝑍), 𝑍~𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙(0.5) 

The procedure described above would generate all the variables needed for a menu in 

Treatment 2. However, the difference between the two AV-based alternatives must be 

reasonable. This is achieved through a final value of travel time savings (VTTS) check 

                                                 

5 In mathematical expressions, we used “AVPT” to refer to the alternative AV+PT, in order to avoid 

any confusion brought by using the sign “+”. 
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between the two alternatives for a stated choice menu. It is required that the difference 

in total travel time as well as total cost between the two travel modes results in a VTTS 

that is within a plausible range. If travel time is measured in minutes and cost in US 

dollars, each scenario should satisfy the following inequalities. 

0 < 𝑉𝑇𝑇𝑆 < 120% 𝑚𝑒𝑑𝑖𝑎𝑛 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑖𝑛𝑐𝑜𝑚𝑒 𝑝𝑒𝑟 𝑚𝑖𝑛𝑢𝑡𝑒 

where 𝑉𝑇𝑇𝑆 =
𝐶𝑜𝑠𝑡𝐴𝑉−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇

𝑇𝑇𝐴𝑉𝑃𝑇−𝑇𝑇𝐴𝑉
, with 𝑇𝑇𝑖  representing the total travel time of 

alternative 𝑖, and 𝑚𝑒𝑑𝑖𝑎𝑛 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑖𝑛𝑐𝑜𝑚𝑒 𝑝𝑒𝑟 𝑚𝑖𝑛𝑢𝑡𝑒 is calculated by dividing 

the median annual household income in Cook County, $56,902, by the estimated 

number of working hours annually, 2080, then by the number of minutes per hour, 60. 

A simplistic economic argument can be made to motivate the usage of income to 

derive VTTS for business trips, and then a similar measure can be generalised to 

personal trips (Belenky, 2011). The upper bound of 𝑉𝑇𝑇𝑆 as a factor median income, 

120%, is selected as the largest factor that is considered plausible for any kind of trips 

in Belenky (2011), while the lower bound, 0%, was chosen to ensure that no 

alternative between AV ride-hailing and AV+PT is dominated. Any generated stated 

choice menu that does not satisfy this test is eliminated and a new menu generated 

until the test is satisfied. 

Finally, it is of interest to guarantee certain level of variation in the seven menus that 

are ultimately presented to each individual respondent. There are two benefits of doing 

so. Firstly, we prevent survey fatigue from answering consecutive and very similar 

menus. Secondly, we can in theory more accurately measures the respondent’s 

sensitivity to explanatory variables. Such variation is achieved by first generating 50 

candidate menus using the procedure described above for either Treatment 1 or 

Treatment 2. Then we perform an incomplete draw of 1000 subsets of non-repetitive 

indices of 7 menus. Following that for each subset, the sum of all distances between 

any pairs of these 7 menus are calculated, and the subset with the highest sum of 

distances are selected as the final menus presented to the respondent. The distances 

are calculated by treating each menu as a point in a multidimensional space, where 

each dimension is one trip attribute described in the previous generation process, 

normalised using the student’s t-statistic. In particular, if the trip attribute vector is 

𝑋 ∈ ℝ50 and 𝑋𝑖 is the element of the 𝑖th menu among all 50 candidate menus, then the 

corresponding dimension in the point representing the menu is populated by �̂�𝑖 =
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𝑋𝑖−�̅�

𝑠𝑑(𝑋)
, where �̅�  and 𝑠𝑑(𝑋)  stand for the sample mean and standard deviation, 

respectively. For cases in AV+PT mode where the access or egress trips can both be 

traversed using one walking segment, or using a waiting segment and an AV ride 

segment, a placeholder segment of zero is added before the walking segment in the 

candidate menu where walking is generated. 

Such procedures are repeated for each of the seven menus independently to generate 

the SCE presented to respondents. 

4.3.4 Dynamic Graphical Interface Design 

As can be inferred from Table 4.3 and Table 4.5, the amount of information needed to 

be communicated to the respondents so that they could make a meaningful informed 

choice is huge. In addition, there are critical variables not presented in Table 4.3 and 

Table 4.5, such as the number of transfers, the type of transit vehicle involved in each 

segment, the walking time, which are very important contributors to the mode choice. 

Using a conventional format, such as a table to communicate such nuanced 

information will take up considerable screen real estate, require huge cognitive effort 

and very likely overwhelm the respondents. This could lead to unreasonable choices, 

not only lowering the response quality in general and resulting in choices that are 

difficult to interpret ex post. Therefore, we need a better format of communicating this 

information. 

The method applied in this study is a dynamically generated graphical interface. 

Describing this approach at a high level, we aim to display trip attributes of all 

available alternatives side-by-side so as to facilitate comparing and choosing. 

Moreover, the durations of each trip segment, usually an important attribute, are 

represented in the form of the lengths of corresponding bars. An example can be found 

in Figure 4.4. 

In particular, in the online format that all recruited respondents see, when the cursor 

is hovered on one of the bar segments, a text box will pop up indicating the mode of 

the corresponding segment, as well as the temporal length in minutes. This interactive 

design is aimed to help respondents to further navigate the menu, and is introduced in 

the subject training. 
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Figure 4.4 Example SCE graphical interface for Treatment 2. (Origin: point in 

Gold Coast; Destination: point near Soldier Field; Departure time: 9:40 AM.) 

As shown in Figure 4.4, the interface stresses temporal lengths and modes of trip 

segments, while highlighting total travel time and total cost. Using this format, we 

greatly reduce the space as well as cognitive effort required of the respondents to 

absorb the information, while preserving considerable level of detail. 

We now use the row in Figure 4.4 representing AV+PT as an example. The meanings 

of each component is summarised following Figure 4.5. 

1. The total amount you would pay for this trip using AV+PT mode. 

2. The total time spent from requesting a ride at home to arriving at final 

destination. 

3.  segment represents waiting time at home from requesting a ride to entering 

the AV. 

4.  segment represents travel time from entering the AV at the home location 

to arriving at the nearest public transit station for a trip. If the home is close to 

the station, this part of the trip can also be walking, denoted by . The last 

segment of the trip from the arrival station to the final destination is 

represented similarly. 

5.  segment represents walking time and waiting time when transferring from 

one vehicle to another. 

6.  segment represents travel time on a train. 



Chapter 4: Survey Design 

August 2019   69 

 

Figure 4.5 Example bar for generated AV+PT alternative. 

The complete subject training regarding the SCE graphical interface can be found in 

Appendix I. 

4.4 Conclusion 

This chapter serves mainly as a documentation of the questionnaire design and points 

of innovation in the survey study. We adopt best practices and make points of 

innovation in order to achieve a generally high quality data set. In order to check that 

we reach the expectations of data collection, more metrics corresponding to the quality 

of the responses are presented in chapters 5 and 6. 
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5 SOCIO-DEMOGRAPHIC 

CHARACTERISTICS 

ANALYSIS 

5.1 Introduction 

In this chapter, we document the socio-demographic characteristics of the sample. In 

particular, we acknowledge that we oversample for certain criteria, and correct that by 

reweighting the data using Census information on age, gender and income in the study 

area. Then we examine the distribution of the socio-demographic characteristics. The 

purpose of this chapter is to show the validity of the sample and set up for following 

analysis. 

All sample statistics in this chapter shall be in relation to the reweighted sample, unless 

otherwise specified. 

5.2 Sample Reweighting 

At the conclusion of survey collection, we received, in total, 3,065 complete 

responses. Then, testing responses are taken out and 2,870 are left. As described in 

section 4.2, we set up various screening questions, which most likely will result in the 

oversampling of transit users and ride-hailing users. The sample might also be skewed 

due to the fact that the data is collected using an internet panel, which might favour 

young and educated audience. 
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In order that the survey analysis is representative of the sampling population in Cook 

County, we generate weights for each observation based on six variables. Through this 

process, we expect that we correct, to some extent, the possible bias induced in the 

sampling with respect to sociodemographic variables, important transportation related 

characteristics and spatial attributes. 

We decide on six variables to fit the survey observations: gender identification, age, 

household annual income, number of vehicles available to the household, race or 

origin, and area of the county of home location. In particular, this is done through 

iterative proportional fitting (Fienberg, 1970), using the gender ratio, age groups 

distribution, household annual income groups distribution, number of vehicles 

available distribution, race or origin distribution and home location distribution as the 

six margins. We constrain that the mean weight for all observations should be equal 

to one. In order to avoid having certain categories be dominated by some individuals, 

we further constrain the weights of complete observations obtained from the iterative 

proportional fitting process to be no smaller than 0.125 and no greater than 8. In the 

following paragraphs we present how we process the sample information with respect 

to the six margins. 

The available gender ratio information from Census data used in reweighting the 

observations only comes with respect to binary choices for gender identification, i.e. 

being male and female (Bureau, 2017b). But in our sample, four types of identification 

categories are recorded: “Male”, “Female”, “Other” and “I am not comfortable 

answering this question”. Therefore, we only calibrate such that the proportion of 

respondents who identify as female in the reweighted sample corresponds to that in 

the census data. 

The available race and origin information from Census also differ from our collected 

survey data slightly (Bureau, 2010). In particular, during data collected, we treated 

“Hispanic, Latino, or Spanish origin” as an option whereas it is not in the Census data. 

Therefore, in the fitting process, we reduce the race or origin identification to seven 

labels: “White or Caucasian alone”, “Black or African American alone”, “Asian 

alone”, “Native American or Alaska Native alone”, “Native Hawaiian or other Pacific 

Islander alone”, “Other alone” and “two or more races”. 



Chapter 5: Socio-Demographic Characteristics Analysis 

August 2019   73 

In terms of home location distribution, to guarantee the reliability of population data 

and preserve that the fitting procedure be tractable, we divide Cook County into four 

subdivisions. This includes “Chicago”, which consists of the area of the city of 

Chicago that is included in Cook County, “North towns”, which consists of the city of 

Evanston and ten townships (Barrington, Elk Grove, Hanover, Maine, New Trier, 

Niles, Northfield, Palatine, Schaumburg and Wheeling), “West towns”, which consists 

of fourteen townships (Berwyn, Calumet, Cicero, Lemont, Leyden, Lyons, Norwood 

Park, Oak Park, Palos, Proviso, River Forest, Riverside, Stickney and Worth) and 

“South towns”, which consists of five townships (Bloom, Bremen, Orland, Rich and 

Thornton). 

By contrast, the available information on the distributions of age groups(Bureau, 

2010), income groups (Bureau, 2009) and number of vehicles available to the 

household (Bureau, 2017a) from Census data corresponds better to what is collected 

from our survey. There are cases where respondents reported empty or nonsensical 

age, which we choose to discard in analyses involving the use of reweighted sample. 

 

Figure 5.1 Determination of areas for purpose of reweighting survey 

observations. 
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Figure 5.2 Distribution of reweighting weights assigned after iterative 

proportional fitting and range constraints. 

Finally, we present the distribution of the calculated weights of the entire sample. A 

total of 15 observations are assigned a weight of 0.125, all belonging to the same 

category with respect to the six margins (White male in “Chicago” between 30 and 

35, with income between $100,000 and $149,999 and one car). A total of 8 

observations are assigned a weight of 8, all of whom are White male aged 85 or above. 

Presumably, this is a result of underrepresentation of older individuals, possibly due 

to the usage of internet panelling. The first, second and third quantiles of the weight 

distribution are 0.45, 0.82 and 1.35. In general, we think these are appropriate weights 

to be used in subsequent analyses. 

5.3 Sample Socio-Demographic and Census Comparison 

The first step of our analysis is to establish the extent to which our sample is 

representative of the general population in the study area, Cook County, IL, USA. 

Here we choose to achieve this through the comparison of some important socio-

demographic characteristics. We recall that we set up quotas for the number of regular 

transit users and ride-hailing users, which might be at odds with the general 

population. Therefore, we should expect some flexibility in how closely our sample 

characteristics resemble those of the population. 

The sample is representative of the population in terms of gender identification. The 

comparison of the percentages of identification with genders between the sample and 
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the general population are presented in Table 5.1. Because the reweighting was only 

with respect to whether the respondent identifies as a female, the proportion of male 

respondents are slightly lower than in the Census. 

The sample is in general representative of the population in terms of age groups 

distribution. The comparison of the percentages of age groups among the unweighted 

sample, weighted sample and the general population are presented in Figure 5.3. We 

notice visible lower representation of the of the age groups, roughly between 40 and 

60 years of age as well as above 75, in our unweighted sample. In turn, there is over-

representation of age groups below 40 years of age, as well as between 60 and 75. We 

think that this is a result of two primary causes. The first reason is the bias introduced 

with an online panel. With an online-only channel, the respondents tend to be younger, 

and older population, especially those above 75 might not be as accessible. The second 

reason is the skew caused by oversampling transit users, which is particularly 

supported by the overrepresentation of individuals between 60 and 75, who in general 

are more likely to use transit. The reweighted sample reasonably tracks the distribution 

of the census data.  

The sample is representative of the population in terms of household annual income 

groups distribution. The comparison of the percentages of income groups among the 

unweighted sample, weighted sample and the general population are presented in 

Figure 5.4.  

 

Gender 
Unweighted 

sample 

Weighted 

sample 
Census 

Female 48.3% 51.7% 51.4% 

Male 50.3% 47.2% 48.6% 

Other 0.7% 0.5%  

Not comfortable answering 0.7% 0.6%  

Table 5.1 Gender identification comparison between sample and Cook, IL 

population (Bureau, 2017a). 
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Figure 5.3 Age groups comparison between sample and Cook, IL population 

(Left: sample; right: Census). 

 

 

Figure 5.4 Household annual income groups comparison between sample and 

Cook, IL population (Left: sample; right: Census). 
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The sample is in general representative of the population in terms of race or origin 

distribution. The comparison of the percentages of income groups between the sample 

and the general population are presented in Table 5.2. There is a difference between 

how we and the US Census Bureau collect data with respect to race. In a more careful 

manner, the US Census Bureau conceptually differentiates between race and being of 

Hispanic origin, whereas we treat “Hispanic, Latino or Spanish origin” equivalent to 

other race categories. As a result, the sample statistics deviates relatively significantly 

from the Census in the “Hispanic, Latino or Spanish origin” as well as “Other” 

categories. Otherwise, the sample very well reflects the distribution of other race 

groups in the sampling population, with reasonable overrepresentations of Native 

American or Alaska Native and Native Hawaiian or other Pacific Islander. 

The sample is also generally representative of the population in terms of number of 

vehicles available to the household. There is a slight overrepresentation of individuals 

with one vehicle available. But it is adjusted with the reweighting of the sample, as 

Table 5.3 indicates. 

 

Race or origin Unwgt. sample Wgt. sample Census 

One race 96.8% 97.4% 97.5% 

White or Caucasian 54.6% 55.1% 55.4% 

Black or African American 23.0% 24.9% 24.8% 

Hispanic, Latino, or Spanish 

origin 
10.5% 8.0% N/A 

Asian 4.8% 6.2% 6.2% 

Other 2.9% 2.8% 10.6% 

Native American or Alaska 

Native 
0.8% 0.4% 0.4% 

Native Hawaiian or other 

Pacific Islander 
0.2% 0.0% 0.0% 

Two or more races 3.2% 2.6% 2.5% 

Table 5.2 Race or origin comparison between sample and Cook, IL population 

(Bureau, 2010). 
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Number of vehicles Unwgt. sample Wgt. sample Census 

0 17.2% 17.8% 17.7% 

1 46.0% 40.3% 40.6% 

2 27.0% 30.2% 30.1% 

3 or more 9.8% 11.6% 11.5% 

Table 5.3 Number of vehicles available to the household comparison between the 

sample and Cook, IL population (Bureau, 2017a). 

Home area Unwgt. sample Wgt. sample Census 

Chicago 59.5 52.1 51.9 

North towns 15.4 20.5 20.5 

West towns 16.0 16.8 17.2 

South towns 7.7 10.6 10.5 

Table 5.4 Home location area comparison between the sample and Cook, IL 

population (Bureau, 2010). 

There is also a slight overrepresentation of individuals living inside of Chicago in the 

sample. But it is also addressed with reweighting, as Table 5.4 indicates. 

The sample skews slightly towards a higher level of education, but still is in general 

representative of the population in terms of education attainment distribution. The 

comparison of the percentages of income groups between the sample and the general 

population are presented in Table 5.5. The categories we use to collect information on 

education attainment again differ from those used in Census. In our survey, we use 

eight categories: "Less than high school degree", "High school diploma or equivalent 

(GED)", "Trade/technical/vocational training", "Some college, no degree", "2-year 

college/Associates degree", "4-year college/Bachelors degree", "Master's degree" and 

"Doctoral or professional degree (PhD, M.D., J.D., etc.)". These categories are 

arguably more granular than those used in Census surveys, which allows us to conduct 

fine-grained study of effects of education attainment, such as using the number of 

years spent in full-time school institutions as an exploratory variable. However, for 

the sake of comparison, we combine some categories to conform to the format of the 

Census. Our sample noticeably skews towards higher levels of education, especially  
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Education Attainment 
Unwgt. 

sample 
Wgt. Sample Census 

Population 18 to 24 years    

Less than high school graduate 6.2% 6.4% 13.5% 

High school graduate (includes 

equivalency) 
35.8% 34.1% 26.6% 

Some college or associate's degree 38.7% 38.9% 43.8% 

Bachelor's degree or higher 19.4% 21.7% 16.1% 

Population 25 years and over    

Less than 9th grade 

2.1% 2.5% 

7.0% 

9th to 12th grade, no diploma 6.8% 

High school graduate (includes 

equivalency) 
17.7% 18.9% 23.5% 

Some college, no degree 18.4% 20.7% 19.0% 

Associate's degree 9.4% 9.8% 6.5% 

Bachelor's degree 31.4% 28.7% 22.3% 

Graduate or professional degree 21.0% 19.4% 14.9% 

Table 5.5 Education attainment comparison between sample and Cook, IL 

population (Bureau, 2017a). 

in the above 25 years of age subset. This is not surprising, for two reasons. Firstly, 

individuals with higher education are more likely to be in the target audience of online 

panelling. Secondly, our sample has an overrepresentation of younger individuals 

under 40 years of age, who relatively have attained higher levels of education. 

The sample is likely representative of the population in terms of employment status. 

The employment status of our survey respondents are presented in Figure 5.5. 

Although the same metrics are not available from the Census, we do know, from the 

ACS, that 65.8% of the total population above 16 years of age are estimated to be in 

civilian labour force. This statistic roughly corresponds to the sum of the "Full-time 

employed", "Full-time self-employed", "Part-time employed" and "Part-time self-
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employed" categories in our survey, which add up to 67.2%. The slight difference is 

understandable as all our respondents are 18 years or older, and might be participating 

more in the labour force. 

Apart from household annual income, we also collect other household-level 

information from the survey, including household size, number of working adults, and 

whether the household owns or rents the current residence. Summarising these 

household attributes, the median household size in our sample is two people; the 

median number of working adults is also two people; the median number of vehicles 

accessible is one. Home owners appear to be slightly underrepresented, but the 

difference is not alarming. These statistics are presented in Figure 5.6 and Table 5.6. 

 

Figure 5.5  Employment status distribution of sample. 

 

Residence arrangement Unwgt. sample Wgt. sample Census 

Own 48.0% 51.2% 56.0% 

Rent 42.4% 40.2% 44.0% 

Some other arrangement 7.7% 7.1% N/A 

I don’t know 1.8% 1.5% N/A 

Table 5.6 Homeowner occupancy rates comparison between sample and Cook, 

IL population (Bureau, 2017a). 
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Figure 5.6 Household statistics distribution of sample. 

5.4 Conclusion 

In this chapter, we examine the socio-demographic characteristics of the respondents. 

In particular, we reweight the sample using Census data with respect to age, gender 

and income as reference. In conclusion, the sample we collect is representative of the 

general population of Cook County, IL for the purpose of our research. 
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6 SELF-REPORTED ACTUAL 

TRAVEL PATTERN ANALYSIS 

6.1 Introduction 

The perspective on mode choice behaviour has evolved from static and trip-based 

towards comprehensive and lifestyle-oriented. But there are merits to both even in the 

present day. The trip-based perspective, signified by the early trip-based mode choice 

models (Domencich & McFadden, 1975), only focuses on one specific trip and does 

not take into account the correlation between the decision making of this trip with 

other trips. But trip-based data is convenient to get. On the other hand, the state of the 

practice in travel demand forecasting has moved to activity-based modelling (Ben-

Akiva, Bowman, & Gopinath, 1996), where correlation between trips made by the 

same individual and even between different household members are conceptually 

captured, but data are usually hard or quite costly to collect; at the same time, there is 

resurgent discussion of repeated decision making or habit in travel behaviour 

(Klöckner & Blöbaum, 2010; Thøgersen, 2006; Verplanken, Aarts, Van Knippenberg, 

& Moonen, 1998). Now with the wide availability of various mobility services in 

urban areas, we think it is more important than ever to have a general picture of one’s 

mode choice behaviour, and to consider the correlation among trips that one makes. 

In our survey, we capture this information, with a relatively low cost, with questions 

pertaining to the mode usage pattern considering a wide variety of modes in an 

ordinary week. 
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One focus of the mode choice analysis of this study is with respect to ride-hailing. 

While ride-hailing services have been around for several years, especially inside 

metropolitan areas, our understanding of consumers’ preferences concerning ride-

hailing is relatively shallow. We do have anecdotal evidence regarding characteristics 

about ride-hailing users, for example, that they are young and of higher education. 

However, we lack empirical evidence, particularly in a rich choice setting, of attributes 

correlated with ride-hailing mode usage. 

In particular, public transportation agencies all around the US have started to grow 

ever more concerned that ride-hailing services are competing for customers. To arrive 

at a clear-cut answer to this question, such answer requires a world in which 

everything else stays the same, except that ride-hailing is unavailable, which is 

obviously difficult such answer requires a world in which everything else stays the 

same, except that ride-hailing is unavailable, which is obviously difficult. Studies have 

been done to approach this question from the supply side, such as investigating the 

frequent pick up rates of ride-hailing services at transit stations (Kong & Zhao, 2018). 

However, we argue that it is of greater value to investigate this question directly from 

the demand perspective, because it is ultimately the consumer’s preferences that 

determine their choice behaviours and the impact of ride-hailing services on transit 

use. Furthermore, with a deep understanding of the behavioural parameters that 

determine consumer decision making, it is possible to model situations where certain 

alternatives are modified or eliminated, which might illuminate the nature of the 

competitiveness between certain services and allow for designing and evaluating 

service changes. 

In this chapter, we focus on how socio-demographic characteristics relate to ride-

hailing usage behaviour, and we analyse the behaviour of the ride-hailing users in 

contrast to the transit users. We confirm certain assumptions about ride-hailing users, 

such as being younger than the general population, and discover that ride-hailing users 

have significant overlap with transit users. We also find that ride-hailing users usually 

rely on a multitude of travel modes, and use transit with considerable frequency. These 

findings could have important policy implications. 

All sample statistics in this chapter shall be in relation to the reweighted sample 

developed in chapter 5, unless otherwise specified. However, the model development 

is based on the original response dataset. 



Chapter 6: Self-Reported Actual Travel Pattern Analysis 

August 2019   85 

6.2 Self-Reported Travel Pattern Analysis 

In this section we review the respondents’ self-reported personal travel patterns and 

habits. These patterns refer to the respondents’ usual behaviours related to travelling. 

We first review the general modes usage patterns, then focus on public transportation 

and ride-hailing usage behaviours.  

We collect information about the respondents’ general trip making frequency. In 

particular, each respondent reports an integer number of tone-way trips that they make 

every week across all modes, including walking. The frequency of different numbers 

of weekly trips is summarised in Figure 6.1. The bulk of the distribution is 

concentrated below 30 trips. The sample median is 10 trips and the mean is 16.3. 

We then try to understand how often different modes are used, by asking respondents 

the percentages of the number of trips that are carried out using an array of modes. For 

simplicity, the list reported on includes only seven modes, i.e. "Walking", "Bicycling", 

 

Figure 6.1 Distribution of self-reported approximate numbers of one-way trips 

made every week. 

"Public Transportation", "Ride-hailing", "Driving", "Combination" and "Other". In 

this case, “Combination” refers to the simultaneous usage of two or more modes, 

unless one of the two modes is walking and is used only to access the other mode. 

Studying the shape of the distribution of the percentage corresponding to each mode 
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in our sample helps us to understand which mode is relatively more “popular”, 

although not considering the total number of trips conducted on this mode. The 

distributions are rather non-standard, and therefore are not easy to represent using, for 

example, a histogram. We directly present the distributions in the form of empirical 

cumulative distribution functions (ecdfs) in Figure 6.2. From the shape and magnitude 

of density values including the value at zero indicating the percentage who reported 

0% usage, we observe that bicycling, ride-hailing, combination and other modes are 

relatively less frequently used. Walking and public transportation are both used with 

decent frequency, with non-trivial proportion of individuals treating them as primary 

travel modes. Usage of driving polarised, showing both considerable amounts of 

people who barely drive at all, and those who rely heavily on driving as indicated by 

the percentage distribution of driving having local maxima at 0% and 100%. This 

indicates very different usage pattern of driving, compared with other popular 

transportation modes, which alludes to the phenomenon of individual car dependence 

(Stradling, 2003; Zhang, 2006). 

Furthermore, by combining the weekly number of trips made with the percentages of 

trips made using different modes, we have a rough estimate of the number of weekly 

trips conducted using these modes. The means and medians of these numbers are 

summarised in Table 6.1. This further confirms that walking, public transportation and 

driving are the more popular modes within the sample. 

Apart from modes, the respondents have very different travel frequencies with respect 

to different trip purposes. These general trip making frequencies are summarised in 

Figure 6.3. We should note here that only respondents who confirm that they regularly 

commute to work or school are asked to report the commuting trip frequency. In our 

sample, almost half the commuting individuals make commuting trips 5 days a week, 

while a non-trivial 20% commute 6 or 7 days a week. By contrast, shopping and social 

or recreational trips are made more sparsely, with 1-3 days a week being the most 

reported frequency. 
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Figure 6.2 Distribution of self-reported percentages of weekly trips made using 

various modes. 

Mode Median Mean 

Walking 1 3.9 

Bicycling 0 1.0 

Public Transportation 1 3.5 

Ride-hailing 0 1.2 

Driving 2 5.6 

Combination 0 0.8 

Other 0 0.2 

Total 10 16.3 

Table 6.1 Summary statistics of self-reported numbers of weekly trips made 

using various modes. 
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Figure 6.3 Self-reported trip frequency distribution with respect to different trip 

purposes. 

Next, we focus on the public transportation related general travel behaviour. We 

oversampled the transit users in the Cook County, IL population. Among all the 

respondents, a reweighted 1265.0 (the actual number in the sample is 1465), or 44.5%, 

report that they use bus or rail service provided by CTA, Metra or Pace on average for 

more than three days a week. These respondents will be consistently referred as 

“transit users” in this thesis. But 1742.4 (the actual number in the sample is 1914), or 

61.4%, use the Ventra card to ride public transportation, as opposed to other payment 

methods such as pay-as-you-go. Furthermore, the overlap of the groups that identify 

as transit users and those who use Ventra cards is significant. Evidently, much of the 

sample have significant experience with public transportation and are in the Ventra 

system. We find that the group that identify as transit users do, indeed, report much 

higher percentage of trips made using public transportation in general. As shown in  

the ecdf plots of Figure 6.4, the transit non-users mostly report very low percentages 

of trips made using transit and transit users generally report much higher percentages. 

In fact, the median and mean numbers of self-reported weekly trips made using public 

transportation are 5 and 6.9 respectively, for the transit users, far exceeding those of 

the whole sample. Surprisingly, a non-zero percentage of the transit users reported not 

using transit. This phenomenon is open for further investigation as follow-on study. 
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Figure 6.4 Distribution of self-reported percentage of weekly trips using public 

transportation by groups that identify as transit users and otherwise. 

In the whole sample, reweighted 916.6 respondents (the actual number in the sample 

is 1099), or 32.3%, report having been using a CTA monthly or weekly pass in the 

three months leading up to the response. The group of pass users share significant 

overlap with self-identified transit users, as is shown in Table 6.2. 

For the pass holders, we collect the monthly amount they pay out-of-pocket for their 

passes. If the pass is paid for directly by somebody other than the respondent, for 

example, an employer, the respondent is asked to answer zero. The results are 

presented in Figure 6.5. The median value of monthly spending is $50. We observe 

three humps in the distribution. The first concentrated value of out-of-pocket amount 

paid is zero, which we assume corresponds to participants of employer programs 

where the passes are paid for by the employers. The second concentrated value is $50,  

 

 Pass holders Otherwise 

Transit users 786.4 (27.7%) 478.5 (16.9%) 

Otherwise 130.1 (4.6%) 1444.4 (50.9%) 

Table 6.2 Contingency table corresponding to transit users and pass holders. 
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which we assume corresponds to the reduced fare of the 30-day CTA/Pace Pass. The 

third concentrated value is between $100 and $105, which we assume corresponds to 

the full price of the 30-day CTA/Pace Pass of $105 at the time of survey collection. In 

addition, there is a significant number of individuals who pay $112, which would 

correspond to the price of four 7-day CTA/Pace Passes. There are also individuals 

who report paying up to $300. But these amounts do not correspond to any fare 

product, especially as no single pass exceeds $239.25 from either CTA/Pace or Metra, 

at the time of survey collection. We conjecture these to be products of rounding and 

overestimation of spending. 

To better understand the respondents’ behaviour related to accessing public 

transportation, we collect self-reported access time to the most frequently used train 

stations and bus stops. Respondents are given the option to answer “I don’t know”. 

The results are presented in Figure 6.6. The medians and means for the most frequently 

used train stations are 15 minutes and 21.2 minutes respectively, and for the most 

frequently used bus stops are 5 minutes and 10.2 minutes respectively. 

 

 

Figure 6.5 Distribution of monthly amount paid for public transportation passes 

(USD) (bin width: $5). 
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Figure 6.6 Distribution of self-reported access time to the most frequently used 

bus stop and train station. 

However, respondents do not always have an accurate estimate for their distance to 

transit stations. In our survey, because we also collect the home location for each 

respondent (with less than 100 metre error), we are able to find the Euclidean distance 

to the nearest train station or bus stop, and use that as a reference for comparison. As 

a result, we find the correlation between the distance to the nearest train station and 

the self-reported access time to the most frequently used one is 0.013, and comparable 

correlation for bus stop is 0.047. Both are very weak correlations. Admittedly, the 

distance measure is Euclidean rather than walking distance, and to the nearest instead 

of most frequently used station. Also, people might have highly varied walking speed. 

Nevertheless, the correlation results may be indicative of some degree of error in the 

reported access times. However, when combining the self-reported access times with 

self-reported percentage of weekly trips conducted using public transportation, we 

find a correlation of -0.20, suggesting that the easier it is for respondents to access 

transit, the more likely they are to use transit in general. Therefore, the reported access 

time may be fairly reliable but caution should be exercised when interpreting 

modelling results related to access time. 
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6.3 Ride-Hailing User Profile 

6.3.1 Summary Statistics, Distributions, and Cross-Tabulations Based 

Investigations of Ride-Hailing Users 

In this section, we focus on the ride-hailing related travel behaviour. A total of 

reweighted 939.0 respondents (the actual number in the sample is 1089), or 33.8% of 

the sample, self-identify as having been using ride-hailing services, such as Uber and 

Lyft, for at least twice a week on average.  

Not surprisingly, we find that ride-hailing users report higher percentage of trips made 

using ride-hailing services. The distribution of these percentages for ride-hailing user 

and non-users are presented in Figure 6.7. The median and mean number of weekly 

trips made using ride-hailing services for the ride-hailing users are respectively 2 and 

6.1 trips, significantly exceeding those of the whole sample (see Table 6.1). 

We find the ride-hailing users to be in general younger and from households with 

higher income. The comparisons of distributions of age and income categories 

between ride-hailing users and non-users are presented in Figure 6.8 and Figure 6.9. 

In particular, the differences between the two groups in individuals aged between 20 

and 44, as well as those more than 50 years old, in terms of their percentage in the  

 

Figure 6.7 Distribution of self-reported percentage of weekly trips using ride-

hailing by groups that identify as ride-hailing users and otherwise. 
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Figure 6.8 Comparison of distributions of age categories between self-reported 

ride-hailing users and otherwise. 

 

 

Figure 6.9 Comparison of distributions of household annual income categories 

between self-reported ride-hailing users and otherwise. 
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groups are large. In comparison, the difference in income is less pronounced, but it is 

rather obvious that individuals from households with an annual income of $200,000 

or more make up a much larger proportion of ride-hailing users than they do non-

users. This finding is consistent with our common anecdotal knowledge as well as 

some previous studies. 

Given the difference in the income categories distributions, especially in the high 

income range, it is interesting to find that ride-hailing users are less likely to be 

homeowners. As shown in the contingency table of residence arrangement and being 

a ride-hailing user shown in Table 6.3, home-owners make up a smaller portion of 

ride-hailing users than they do non-users. We conjecture two possible causes for this 

phenomenon. Firstly, being younger, the ride-hailing users are less likely to own a 

residence. Secondly, it might be the case that ride-hailing users are more likely to live 

closer to downtown areas, where it is much costlier to be a home-owner. 

In order to measure if ride-hailing users live closer to downtown, we calculate the 

Euclidean distance from respondents’ home location to the city centre. Here we define 

the “city centre” as the intersection of West or East Randolph Street and North State 

Street in Chicago, IL. We find the distributions of this distance to be significantly 

different for ride-hailing users and non-users, as can be seen in Figure 6.10. In 

particular, a higher proportion of ride-hailing users live within 15,000 metres, or 9.3 

miles, from the city centre than non-users.  

Finally, rather than trying to understand an individual’s mode choice behaviour in only 

one isolated instance, we recognise one’s mode choice behaviour in the context of 

his/her general behaviour over time with respect to multiple modes. Based on this 

approach, a plausible hypothesis is that ride-hailing users will have a more diversified  

 

 Own Rent 
Some other 

arrangement 

Ride-hailing users 378.0 (13.3%) 462.3 (16.3%) 46.5 (1.6%) 

Otherwise 1075.5 (37.9%) 677.8 (23.9%) 155.1 (5.5%) 

Table 6.3 Contingency table corresponding to residence arrangement and being 

ride-hailing user. 
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mode choice behaviour. In this research, we measure one’s diversity in mode choice 

by applying the Shannon entropy metric (Shannon, 1948) to each individual’s self-

reported percentages of weekly trips made using seven different modes, whose 

distribution in the sample are presented in Figure 6.2. A higher Shannon entropy 

would correspond to a more diversified repertoire of mode choice behaviour, while a 

zero entropy indicates that the mode choice behaviour is dominated by one mode only. 

As is shown in Figure 6.11, the group of ride-hailing users do exhibit a much higher 

entropy than that of the whole sample. Interestingly, the group of transit users have a 

similarly high entropy. This result suggests that compared with the average 

population, ride-hailing users and transit users both utilise a diverse set of 

transportation modes. 

 

 

Figure 6.10 Comparison of distributions of Euclidean distance from city centre 

to home location for ride-hailing users and otherwise. 
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Figure 6.11 Comparison of distributions of Shannon entropy of self-reported 

weekly usage percentages on multiple modes for ride-hailing users and otherwise. 

 

6.3.2 Multivariate Analysis of Ride-Hailing Users 

Following up on the previous discussion, it is useful to put the factors found to 

contribute to an individual identifying as a frequent ride-hailing user into perspective 

in a multivariate analysis, as many factors could have confounding associations with 

the identification as a ride-hailing user. In this study, we carry out this analysis using 

a binary discrete choice logistic regression model. 

We treat the respondents’ identifications as ride-hailing users as the dependent 

variable, and the socio-demographic characteristics identified in the previous 

discussion as independent variables. Notably, we include whether an individual 

identifies as a frequent transit user as one of those socio-demographic characteristics. 

We use a logistic regression model to measure the association each independent 

variable has with the individual identifying as a ride-hailing user or not. The results 

are summarized in Table 6.4. 
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Variable Coef. 

estimate 

t-stat Agg. 

Elasticity 

(weighted) 

Constant (User) -1.29 -2.16 N/A 

Male 0.25 2.79 N/A 

Millennial (<=37) 0.881 9.09 N/A 

Elderly (>=65) -1.89 -6.94 N/A 

Income per HH member 0.0399 2.61 0.0614 

Estimated num years education 0.0413 2.03 0.274 

Number of cars -0.0205 -0.37 -0.0113 

Log(distance to centre) -0.0967 -2.9 -0.0628 

Transit user 1.56 15.74 N/A 

Table 6.4 Binary logistic regression result on individual identifying as a ride-

hailing user. 

This model has a 𝜌2 of 0.230, indicating that there is a high degree of variance that is 

not explained by the socio-economic variables included in the model. However, we 

do notice the prominence of the statistically significant associations of age and of 

being a transit user with an individual identifying as a ride-hailing user, while 

controlling for other socio-demographic variables. In addition, we also observe that 

being male, having a higher income per household member and living closer to the 

city centre predicts identifying as a ride-hailing user in a statistically significant 

manner, as expected. Quite surprisingly, when controlling for other variables, the 

association between the number of cars available to the individual and identifying as 

a ride-hailing user is not statistically significant. 

6.3.3 Comparison Between Transit Users and Ride-hailing Users 

In conjunction with the strong association between transit users and ride-hailing users 

discussed above, we find ride-hailing users live closer to readily available public 

transportation services. Therefore, we hypothesise that this group overlaps with the 

transit user group. Indeed, we find significant overlap as can be seen in Table 6.5. 
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Compared with an individual from the whole sample, a ride-hailing user is almost 

twice as likely to be a transit user. A further look at the self-reported percentages of 

weekly trips made on the two modes confirms this hypothesis. The median and mean 

number of weekly trips made using public transportation for self-identified ride-

hailing users is respectively 4 and 5.8 trips, far exceeding those of the whole sample, 

and approaching those of the transit users. The converse, however, is not necessarily 

true. There is an appreciable difference in the number of weekly trips made using ride-

hailing services by transit users and weekly trips made using transit by ride-hailing 

users. 

Next, it is of interest to understand the sociodemographic characteristics of the 

respondents who identify both as a ride-hailing user and as a transit user. We find that 

this group of users is almost indistinguishable from the broader ride-hailing user group 

in terms of sociodemographic characteristics, such as income, gender make-up, age. 

However, when compared with the transit user group, the intersection of ride-hailing 

users and transit users stand out as being younger and of higher income. In particular, 

the weighted means of age of the intersection and transit users are respectively 35.3 

years and 38.8 years, and the weighted means of estimated household annual income 

are respectively $73.0 thousand and $67.7 thousand. 

Taking a more direct look at the mode choice behaviour of the self-identified user 

groups, we now compare the self-reported percentages of weekly trips conducted 

using different modes among all respondents, the frequent transit users and frequent 

ride-hailing users. Notice again that there is significant overlap between any pair of 

the three groups. Specifically, we focus on driving, transit and ride-hailing modes, as 

presented in Figure 6.12. Apart from much more frequent ride-hailing usage, ride-

hailing users fall in between all respondents and transit users in terms of driving and 

transit usage frequencies.  

Most prominently, we notice the similarity shared between transit users and ride-

hailing users in their low usage of driving. Nearly none among these two groups rely 

very heavily on driving, as indicated by the large gap between the plots representing 

the respective groups and all respondents. In addition, a noticeable proportion, roughly 

a reweighted 50%, of these two groups report almost never driving.  
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 Transit user Otherwise 

Ride-hailing user 675.0 (74.6%) 229.9 (25.4%) 

Otherwise 590.0 (30.5%) 1343.4 (69.5%) 

Overall 1265.0 (44.6%) 1573.3 (55.4%) 

Table 6.5 Percentage of transit users among ride-hailing users, otherwise and the 

overall sample. 

 

Figure 6.12 Comparison of distribution of self-reported percentages of weekly 

trips using driving, transit and ride-hailing, among all respondents, frequent 

ride-hailing users and frequent transit users. 
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Ride-hailing users use transit reasonably often, but they do not rely on transit services. 

On the graph corresponding to self-reported percentage of trips using transit, the plot 

representing ride-hailing users is close to that representing transit users in lower ranges 

of the percentage numbers, but quickly converges to that representing all respondents 

above roughly 50% of trips. This indicates that ride-hailing users use transit services 

to a fair extent, but compared with transit users they tend to allocate a significant 

percentage of trips to other modes. 

It is interesting that, as shown in the graph corresponding to self-reported percentage 

of trips using ride-hailing, although ride-hailing users do report using ride-hailing 

services much more often than transit users and all respondents, the three plots 

approach 1 above 50% of weekly ride-hailing trips. This information, combined with 

the discussions of the previous paragraph, echoes the higher mode use entropy of ride-

hailing users shown in Figure 6.11. 

Due to the fact that the response data is cross-sectional and do not track the 

behavioural change before and after the introduction of ride-hailing services, we 

cannot definitively answer the question whether ride-hailing services compete or 

complement transit services from the demand perspective. However, we do discover 

that despite being much younger in general, ride-hailing users do share important 

characteristics with transit users. In particular, a ride-hailing service user is likely to 

be very familiar with and be a user of transit services. 

6.4 Revealed Mode Choice Analysis 

In this section, we discuss the actual trip reporting data in our survey. Each of all 2870 

respondents is asked to report one actual trip that they have made most recently. After 

taking out observations where location information is not properly collected, we are 

left with 2806 responses. 

Furthermore, each respondent is randomly assigned one of three trip purposes. The 

realised distribution of these purposes is as follows. 1167 respondents report a 

commuting trip, 795 report a shopping trip, and 844 report a social or recreational trip. 

After reweighting, these three trip purposes respectively account for 39.4%, 30.2% 

and 30.5% of all trips reported. The numbers of reported trips corresponding to each 

trip purpose are controlled such that we have sufficient number of trips for analytical 

purposes, and are therefore not intended to be representative of the general trip making 
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behaviour. In this thesis, for simplicity, most analyses will be made on all the trips, 

unless otherwise specified.  

We recall that in the actual trip reporting, each respondent is asked to report their 

origin and destination locations, departure time and day of week, mode used, stated 

trip attributes of the chosen mode, and cost related attributes of some other common 

modes. We now review important summary statistics with respect to these attributes. 

The distribution of departure time is presented in Figure 6.13. We should note that 

since we require all trips to originate from the respondent’s home location, this sample 

is not representative of all the trips that respondents make. In particular, most  

 

Figure 6.13 Distribution of departure time of day of reported trip, corresponding 

to different days of week and purposes (Top: weekday commuting trips; middle: 

weekday non-commuting trips; bottom: weekend trips) (Bin width: 0.5 hour). 
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commuting trips are journeys to work. Therefore, we observe that most of the weekday 

commuting trips start between 6:30 AM and 8:30 AM. Furthermore, non-commuting 

trips and weekend trips peak around 1 PM to 2 PM, and more trips start after 7 PM on 

weekends than on weekdays. 

The mode choice frequencies in the sample are summarised in Figure 6.14. The 

alternatives are ordered by their sequence as appeared in the survey questionnaire. 

Evidently the most common means of travelling in general in our sample is driving 

alone and walking to take public transportation. These two modes are then followed 

by riding in a private car with another person and walking. The number of reported 

trips made using ride-hailing services is relatively low. Only 60 individuals, or 1.9% 

of the sample after reweighting, report making a trip using ride-hailing services.  

There are two potential explanations for the unexpectedly low number of reported 

ride-hailing trips. The first explanation is that the “true” number of ride-hailing is 

relatively low and people overestimate their usage in reporting the percentages earlier.  

 

 

Figure 6.14 Distribution of trip modes corresponding to reported trip. 
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This hypothesis is roughly in keeping with similar measures derived from data sources 

from other geographical confines. The NHTS 2017 data indicate numbers close to 1% 

for “Taxi / Limo (including Uber / Lyft)” mode share for all trips made (reweighted) 

as well as for work trips made (reweighted). However, the metric is calculated for the 

Chicago-Naperville-Elgin, IL-IN-WI CBSA, larger than the Cook County. Ride-

hailing services were found to account for 3% of person-trips in the New York City in 

2018 (DOT, 2018). The annual mode share of ride-hailing services were estimated to 

be 3.6%, for trips starting in Boston, and 3.9%, for trips ending in Boston in 2018 

(Gehrke & Reardon, 2018). The average weekday person trip mode share of ride-

hailing in the City of San Francisco was estimated to be 9% (Castiglione et al., 2016). 

Note that these geographies generally have vastly different areas and population 

densities from Cook County. The second explanation is that although the mean for 

self-reported percentage of weekly trips made using ride-hailing is higher, the median 

is 0% and most of the density is concentrated at or near 0. Therefore, due to chance 

we are not getting as many respondents reporting a ride-hailing trip. The third 

explanation is that people might treat ride-hailing trips as an irregular travel behaviour 

that does not fit perfectly with their travel pattern, and thus veer away from reporting 

to report such trips when indeed appropriate. 

Another very interesting observation is that a considerable number of respondents 

chose “Took ride-hailing service (Lyft, Uber), then took public transportation”. A total 

of 106 respondents, or 3% of the reweighted sample reported using ride-hailing to 

access transit services, even higher than the share of standalone ride-hailing trips. This 

contradicts our anecdotal knowledge. But we do not have a straightforward 

explanation of whether there is overrepresentation of such combined trips in the 

sample. 

Further examining these combined trips, where respondents took ride-hailing to access 

transit services offers four insights. First, the proportion of commuting trips among 

the combined trips, 33.5%, is a lot lower than that proportion among all transit trips, 

52.9%. Second, the origins of these combined trips lie farther away from the transit 

stations than transit trips with walking access, although not drastically. In fact, the 

median access distance among transit trips with driving access almost double that of 

the combined trips (see Figure 6.15). Third, the sociodemographic characteristics of 

the respondents who report making the combined trips are younger and of higher 
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income relative to respondents making transit trips in general. Lastly, the proportion 

of ride-hailing users among respondents making the combined trips is also drastically 

higher than that among respondents making transit trips in general. In sum, it is 

plausible to state that making the combined trips is associated to significant familiarity 

with ride-hailing services, and to some extent associated with a larger distance to 

transit stations. 

For simplicity of understanding and convenience of analysis, we condense the mode 

choice above into five broader categories. Because the modes “Took a taxi” and 

“Other” are both rarely chosen and not of interest in this study, we removed the 

corresponding observations from the sample. The correspondence relationships 

between the modes in the survey and condensed modes are presented in Table 6.6. 

We collected an array of useful self-reported information about the trip attributes 

corresponding to different alternatives in the survey. However, during the data 

cleaning process, we noticed a lack of consistency and robustness in these measures. 

For example, a nontrivial portion of respondents reported nonsensical travel cost 

measures, usually much higher than what could be reasonable. Therefore, in this 

thesis, the revealed mode choice analysis primarily uses estimated trip attributes from 

official websites, Google Directions API and other heuristics. Additionally, the 

analysis focuses on studying the contribution of total travel time instead of more 

specific time segments, such as waiting time, to avoid the effect of inaccurate 

estimations. In the following paragraphs, we will introduce how trip attributes of 

different condensed modes are derived. 

In terms of condensed mode availability, some simplifications are made. “Walking” 

and “Bicycling” modes are considered available to every respondent. Admittedly a 

person needs to be somewhat physically fit to walk or bike for a meaningful distance, 

but the information needed to be collected is overly complicated for the purpose of the 

survey. “Transit” is considered to be available to every respondent, except for when 

no apparent transit route plan is better than just walking, as indicated by Google 

Directions API. “Driving” is only available when the respondent reports having access 

to at least one car on a regular basis. “Ride-hailing” and “Riding” are considered 

available to every respondent. Finally, observations where modes chosen is not 

available are taken out of analysis. 
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Figure 6.15 Median distance to closest bus stop and train station, conditional on 

access mode to transit services. 

Mode in survey Condensed mode Number value 

Drove alone the entire way Driving 3 

Drove alone, then took public transportation 

Transit 1 

Walked, then took public transportation 

Bicycled and took public transportation 

Shared ride with friend/family, then took 

public transportation 

Took ride-hailing, then took public 

transportation 

Rode in a private car with 2-4 other people 

Riding 6 Rode in a private car with another person 

Rode in a van pool (5 or more travellers) 

Took a ride-hailing service (Lyft, Uber) Ride-hailing 2 

Took a taxi N/A N/A 

Bicycled the entire way Bicycling 4 

Walked the entire way Walking 0 

Other  N/A N/A 

Table 6.6 Mode choice condensing table. 
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In terms of total travel time, we rely mostly on Google Directions API. Specifically, 

the total travel times for “Walking”, “Bicycling”, “Transit” and “Driving” are direct 

outputs from queries of the reported trip origin and destination at the reported 

departure time. For “Transit”, we indiscriminately use the Google Directions API 

information corresponding to walking access and egress segments, which is the 

reported means of most respondents choosing the condensed mode. For “Ride-

hailing”, we assume that the in-vehicle travel time is the same as driving time, while 

the waiting time is calculated as the mean of seven generated stated choice menus as 

described in section 4.3.3. For “Riding”, we use a heuristic, where we take the total 

in-vehicle travel time, and divide it by a factor, in this case, 0.7, to reflect the possible 

detour and waiting expected in a ride sharing experience. 

In terms of total travel cost, several approximations are used. The total travel costs for 

“Walking” and “Bicycling” are considered to be zero. This might not be true in 

practice, especially in the case bicycling. But the “correct” information is difficult to 

derive reliably from the data collected. For “Transit”, we assume a cost of $2.25 for 

any trip that involves only one bus ride; we assume a cost of $2.5 for any trip that 

involves a train ride or multiple bus rides. Subsequently, any respondent who is older 

than 65 is considered to have a reduced (half price, rounded to $0.05) fare based on 

their original cost, and any respondent reporting having a CTA pass is considered to 

have zero travel cost. For “Driving”, we calculate the travel cost as the mean for the 

seven generated stated choice menus as described in section 4.3.3. For “Ride-hailing”, 

we assume the travel cost to be the “base fare” as described in section 4.3.3, without 

consideration of any surge pricing. For “Riding”, we use an approximation where we 

take the estimated driving cost, and multiply it by a factor, in this case, 0.5. 

Furthermore, for the condensed mode choice analysis, observations where the trip is 

shorter than 10 minutes by walking or longer than 10 hours by walking are removed 

from the sample. This leaves us with a final number of 2112 observations. 

The variable definitions are presented in Table 6.7. A summary of the variables 

described above is presented in Table 6.8 and Table 6.9.  

We make the following a priori assumptions for the analysis. Firstly, we assume that 

being younger, having a higher income and having attained higher education predicts 

choosing Ride-hailing. Secondly, we assume owning a pass and trip purpose being 
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commuting predicts choosing Transit. Thirdly, we assume having a higher per 

household member income, having access to more cars and the trip purpose being 

shopping predict choosing Driving. Finally, we also assume that a larger household 

predicts choosing Riding 

We first estimate a simple multinomial logit model using the condensed mode choice 

data. Here we specify the model to be a money-metric model. That is, we constrain 

the linear coefficient of the cost term to be one, and therefore, other coefficients can 

be interpreted as the marginal rate of substitution of the corresponding variables with 

cost. In order to allow the estimation of a proper magnitude of the extreme value error 

terms, a constant parameter, exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) . is multiplied to every systematic 

component of the utility function. We also a priori assume that the travel time and 

travel cost terms would contribute negatively to the utility of respective alternatives. 

In particular, the systematic components of the utility functions are as follows. 

 

Variable Description 

𝑻𝑻𝒊  Total travel time for mode 𝑖, in minutes. 

𝑪𝒐𝒔𝒕𝒊  Total monetary cost for mode 𝑖, in dollars. 

𝑷𝒂𝒔𝒔  =1 when the individual currently owns a transit pass. 

𝑯𝑯𝑺𝒊𝒛𝒆  Self-reported number of household members. 

𝑰𝒏𝒄𝑷𝒆𝒓  Estimated household average annual income per 

household member, divided by $10,000. 

𝑬𝒅𝒖  Self-reported estimated years of education in full-time 

school. 

𝑴𝒊𝒍𝒍𝒆𝒏  =1 when the individual’s year of birth is later than 1981, 

i.e. the individual can be considered a “Millennial” or 

younger. 

𝑵𝑪𝒂𝒓𝒔  Self-reported number of vehicles that the household has 

regular access to. 

𝑪𝒐𝒎𝒎𝒖𝒕𝒆  =1 if the trip purpose is commuting. 

𝑺𝒉𝒐𝒑𝒑𝒊𝒏𝒈  =1 if the trip purpose is shopping. 

Table 6.7 Description of variables used in mode choice model. 
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 Variable Mean Min 
25% 
pctile 

Median 
75% 
pctile 

Max 
So

ci
o

ec
o

 𝐼𝑛𝑐𝑃𝑒𝑟 3.53 0.0357 1.13 2.63 4.38 25.00 

𝐸𝑑𝑢 15.0 10 14 14 16 21 

𝐻𝐻𝑆𝑖𝑧𝑒 2.65 1 2 2 4 14 

A
ct

iv
e 𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔 128.0 10.0 34.5 83.1 180 597 

𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 39.5 2.43 10.9 25.7 55.1 198 

T
ra

n
s

it
 𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 1.20 0.00 0.00 1.25 2.50 2.50 

𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 55.3 10.0 26.6 43.9 69.5 765 

T
N

C
 𝐶𝑜𝑠𝑡𝑇𝑁𝐶 13.7 4.60 6.56 10.7 18.2 53.2 

𝑇𝑇𝑇𝑁𝐶  24.6 7.84 15.2 21.9 31.6 65.4 

R
id

in
g 

𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 4.46 1.26 3.08 3.67 4.80 12.6 

𝑇𝑇𝐴𝑉𝑃𝑇 24.2 2.21 10.3 20.4 34.5 81.4 

D
ri

v
in

g 

𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 8.93 2.52 6.15 7.35 9.60 25.2 

𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 16.9 1.55 7.18 14.3 24.1 57.0 

Table 6.8 Summary statistics of continuous variables used in modelling. 

Variable/level Counts % 

𝑷𝒂𝒔𝒔    

 1 773 36.6% 

 0 1338 63.4% 

𝑴𝒊𝒍𝒍𝒆𝒏    

 1 1080 51.2% 

 0 1031 48.8% 

𝑵𝑪𝒂𝒓𝒔    

 0 339 16.1% 

 1 978 46.3% 

 2 592 28.0% 

 3 or more 202 9.6% 

𝑪𝒐𝒎𝒎𝒖𝒕𝒆    

 1 937 44.4% 

 0 1174 55.6% 

𝑺𝒉𝒐𝒑𝒑𝒊𝒏𝒈    

 1 551 26.1% 

 0 1560 73.9% 

Table 6.9 Summary statistics of categorical variables used in modelling 
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𝑉𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔)  

𝑉𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒)  

𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 + 𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑁𝐶 +

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛)  

𝑉𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  

𝑉𝑅𝑖𝑑𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑅𝑖𝑑𝑖𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑅𝑖𝑑𝑖𝑛𝑔 +

𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻𝐻𝐻𝑆𝑖𝑧𝑒)  

This model, as well as following discrete choice models in this thesis, is estimated 

using PythonBiogeme 2.6a (Bierlaire, 2016).This model has an initial log-likelihood 

of -11383.566. The estimation results are summarised in Table 6.10. 

 

Coefficient Estimate t-stat Coefficient Estimate t-stat 

𝑆𝐶𝐴𝐿𝐸𝑅𝑃 -2.14 -17.02 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 11.6 5.82 

𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 -7.88 -5.33 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢 0.0121 0.03 

𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -29.3 -7.4 𝛽𝑇𝑁𝐶,𝐼𝑛𝑐 0.656 2.26 

𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 -21 -2.68 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙 10.4 3.29 

𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 7.75 4.51 𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.387 2.53 

𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 -8.97 -4.7 𝛽𝐶𝑎𝑟,𝑁 1.97 2.8 

𝛽𝑇𝐼𝑀𝐸 0.155 5.77 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 1.52 1.35 

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 5.51 4.51 𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻 1.23 3.53 

Number of 

parameters 

16 
    

Final 

loglikelihood 

-1948.600 
    

�̅�2 0.827     

Table 6.10 Estimation results of condensed revealed mode choice analysis. 
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As is shown in the results, the model estimates a value of total travel time, i.e. the 

marginal rate of substitution between travel time and cost terms, of $9.3 per hour, 

which is within normal ranges. For the “Transit” alternative, respondents with a CTA 

pass is more likely to make this choice by a large margin. A trip purpose of commuting 

is also associated with choosing “Transit”. For the “Ride-hailing” alternative, a higher 

income and being a Millennial or younger are correlated with increased likelihood of 

making this choice. For the “Driving” alternative, a higher income, more cars available 

to the household and trip purpose being shopping is associated with making this 

choice. For the “Riding” alternative, being in a larger household is associated with 

making this choice. These findings are consistent with our a priori assumptions. 

Furthermore, we are interested in how the self-reported user groups, as elaborated in 

6.3.3, are associated with revealed preference mode choice. Given the similarity of 

self-reported weekly mode shares between the self-identified transit users and ride-

hailing users, we are especially interested in the interaction between the identification 

and mode choice. Therefore, the following model specification is estimated: 

𝑉𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔)  

𝑉𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 + 𝑃𝑇𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑃𝑇 + 𝑇𝑁𝐶𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑁𝐶 + 𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑁𝐶 +

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝑃𝑇𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑃𝑇 +

𝑇𝑁𝐶𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  

𝑉𝑅𝑖𝑑𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑅𝑖𝑑𝑖𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑅𝑖𝑑𝑖𝑛𝑔 +

𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻𝐻𝐻𝑆𝑖𝑧𝑒)  

The estimation results are summarised in Table 6.11. 
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Coefficient Estimate t-stat Coefficient Estimate t-stat 

𝑆𝐶𝐴𝐿𝐸𝑅𝑃 -2.22 -15.83 𝛽𝑇𝑁𝐶,𝐼𝑛𝑐 0.436 1.39 

𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 2.43 1.45 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙 2.6 0.74 

𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -20.1 -5.86 𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.391 2.27 

𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 -24.8 -2.71 𝛽𝐶𝑎𝑟,𝑁 1.26 1.7 

𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 20.2 6.56 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 1.38 1.11 

𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 1.89 1.06 𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻 1.19 3.07 

𝛽𝑇𝐼𝑀𝐸 0.151 5.34 𝑃𝑇𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡 21.3 6.11 

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 4.85 3.38 𝑃𝑇𝑅𝑃,𝑇𝑁𝐶 7.76 2.25 

𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 2.26 1.5 𝑇𝑁𝐶𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡 4.78 3.28 

𝛽𝑇𝑁𝐶,𝐸𝑑𝑢 -0.154 -0.3 𝑇𝑁𝐶𝑅𝑃,𝑇𝑁𝐶 28.1 4.16 

Number of 

parameters 
20 

Final 

loglikelihood 
-1775.824 

�̅�2 0.841 

Table 6.11 Estimation results of condensed revealed mode choice analysis with 

user group identification terms. 

As is shown by the estimation results, the user group identifications do have a strong 

correlation with mode choice. In particular, being a transit user and ride-hailing user 

leads to an appreciably increased likelihood of choosing respective condensed modes. 

In addition, being a transit user also increases the likelihood of choosing ride-hailing 

services. While the converse is also true, the coefficient estimate suggests that the 

magnitude of the association is relatively smaller. This finding is consistent with our 

discussion in section 6.3.3, despite the fact that the mode usages are measured with 

different metrics – in the previous case using self-reported mode share and here using 

self-reported mode choice for a specific trip. 

The addition of the user group identification terms does not alter the estimates of other 

coefficients in the previous model apart from certain notable exceptions. The 

alternative specific constants estimates change significantly. The coefficient for 

holding a CTA pass in the “Transit” alternative decreases by a large amount, due to 

the fact that being a transit user and having a CTA pass share a substantial overlap. 

The coefficient for being a Millennial or younger in the “Ride-hailing” alternative 
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decreases by a large amount, due to the fact the being a ride-hailing user and being a 

Millennial are highly correlated. 

6.5 Conclusion 

In this chapter, we focus on the self-reported actual travel patterns and self-reported 

actual trips analysis. In particular, we pay attention to the behaviour related to ride-

hailing services, and how it interacts with public transportation usage. Using different 

analytical methods, we find that transit users and ride-hailing users, while having 

distinct travel patterns, share certain behavioural similarities, and that ride-hailing 

users tend to use both transit and ride-hailing to a fair degree. 

From these findings, it seems reasonable to postulate that ride-hailing users are 

younger individuals, with higher income, who may have been regular transit users and 

converted to using ride-hailing occasionally. However, it is also plausible that the 

combination of transit and ride-hailing services have drawn more people to these two 

modes in total, and pulled people off driving alone. To definitively understand the 

dynamics among the mode usage involving ride-hailing, we would need longitudinal 

data of mode usage behaviour. 

Nevertheless, the overlap of ride-hailing and transit users suggests to us that ride-

hailing users are still quite often still within “reach” for transit agencies. That is, it is 

not difficult to attract these users back into the system, either by collaborating with 

ride-hailing or by improving service conditions such that transit modes become more 

competitive. 
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7 DEMAND ANALYSIS FROM 

STATED CHOICE 

EXPERIMENTS 

7.1 Introduction 

Following our discussion in section 6.5, part of what motivates the idea of testing the 

AV ride-hailing and AV+PT hypothetical modes is to establish behavioural 

parameters for a transit-oriented service that also has desirable characteristics found 

in ride-hailing. The idea of an AV+PT system has been proposed and approached 

primarily from a supply perspective (Shen, Zhang, & Zhao, 2017, 2018; Wen, Chen, 

Nassir, & Zhao, 2018). Although demand is factored in in some studies, significant 

exogenous assumptions have to be made, such as the intercept in the utility functions 

(Wen et al., 2018). By doing so, researchers risk missing the opportunity of 

understanding that the demand parameters, especially with respect to AV+PT, could 

differ drastically from the alternatives we currently have available. 

The ways by which AV+PT differs from either transit or other presently available 

modes could be hugely diverse. In this chapter, we find two major effects. Firstly, 

AV+PT appeals to respondents living farther away from transit stations, relative to 

conventional transit services. Second, AV+PT appeals to a broader sociodemographic 

base as well as respondents of various current travel behaviour relative to conventional 



Jintai Li 

116  August 2019 

transit services. AV+PT could have a market share that is resilient to environmental 

changes such as an increasing percentage of ride-hailing users in the population.  

Apart from these effects, AV+PT also differs from conventional transit in that the 

number of transfers from vehicle to vehicle is potentially much larger, with different 

kinds of vehicles involved. “Transfer penalty” is introduced to describe the disutility 

directly related to the act of transfer itself, and would seem to hinder demand for 

AV+PT. On the one hand, it could be the case that riders have increased sensitivity to 

increased number of transfers, and thus keep away from AV+PT. On the other hand, 

it could also be the case that consumers perceive transfers involving AV differently, 

making it less painful. Such insight would have significant policy implication. 

All sample statistics in this chapter shall be in relation to the unweighted sample, 

unless otherwise specified. 

7.2 Generated Trip Attributes and Responses Overview 

In this section we review the dynamically generated trip attributes of, and responses 

to stated choice experiments. 

Recall that the trip attributes of the stated choice experiments are pivoted off the query 

results from Google Directions API, based on self-reported trip origin and destination 

as well as departure time. These results are then modified such that certain attributes 

vary considerably across the seven menus each respondent is presented with, while 

hopefully remaining relatable to the respondent. Therefore, it is useful to evaluate the 

results of these dynamically generated trip attributes in terms of two metrics: their 

validity and variability. 

In addition, limitations of stated choice experiments are well documented in the 

literature, with common pitfalls including hypothetical bias and lack of attention 

during experiments. Therefore, it is useful to, at least at a high level, examine the 

quality of the responses before proceeding with analyses. 

Firstly, we examine the validity of dynamically generated trip attributes. Completely 

objective ways of doing exactly that are difficult to come by. In an ideal situation, we 

would have revealed preference data to corroborate. But the closest thing we have 

access to in this case is the self-reported travel times in the revealed mode choice 

portion of the survey. 
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Secondly, we examine the variability of dynamically generated trip attributes. The 

modification based on Google Directions API responses are focused on the AV ride-

hailing mode and the AV+PT mode. The variability is embedded in many attributes, 

such as the costs of both alternatives, the waiting time for AV services, the transfer 

time, the access and egress modes for short trip segments in AV+PT. For a complete 

description please refer to section 3.4.3. Here, instead of evaluating these attributes 

one by one, we examine the variability of the total travel time and cost, which will be 

important basic components in our analyses. 

We evaluate the variability in total travel time and cost using coefficient of variation 

(CV), for each respondent across 7 menus. CV for a certain attribute 𝑥 for individual 

𝑛 is derived as follows: 𝐶𝑉𝑛𝑥 =
𝑠𝑑(𝑥𝑛1,…,𝑥𝑛7)

𝑚𝑒𝑎𝑛(𝑥𝑛1,…,𝑥𝑛7)
. The distributions of CV for total travel 

time and cost generated for AV ride-hailing and AV+PT are summarized in Figure 

7.1. We find 1) that there is a reasonable ‘spread’ for these generated attributes across 

menus for each individual, 2) that there is a pronounced ‘hump’ in the distribution, 

possibly due to the fact that the spread is a result of variability in multiple consisting 

attribute components, and 3) there is a non-trivial concentration of density around 0 

for CV of AV+PT travel time, which is the result of the fact that no modification is 

done to very short AV+PT trips that are realised by walking. 

 

Figure 7.1 Probability density distribution for CV of generated trip attributes. 
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Furthermore, we find that the longer the trip, the smaller the variation in total travel 

time. This trend is depicted in Figure 7.2 with logarithmic scales. This is also intuitive, 

because the longer the trip is, the larger the proportion of in-vehicle travel time in total 

travel time, which we do not pivot from menu to menu. 

In the following paragraphs, we conduct a rudimentary review of the response quality. 

At the conclusion of survey collection, we received, in total, 3,065 complete 

responses. Then, testing responses are taken out and 2,870 are left. Of these responses, 

2806 responses have the stated choice experiments properly generated. Each 

respondent has exactly seven experiment menus, which yields a total of 19,642 stated 

choice experiments. 

Among these responses, the choices made were reasonably spread across the different 

alternatives, which gives us a sounds basis for analysis. 1,434 respondents are assigned 

Treatment 1 and 1,372 are assigned Treatment 2. The percentages of choices made per 

alternative in each treatment group is summarized in Figure 7.3. 

In our survey, we are interested in short, in particular intra-city trips. However, 40 

respondents reported origins and destinations that would result in an estimated  

 

Figure 7.2 Relationship between travel time and CV for travel time in logarithmic 

scales. Left: AV-TNC; right: AV+PT. 
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walking time of more than 10 hours, according to Google Directions API, which 

would not be reasonable and are taken out of analysis. Here we use walking time 

because it is a good proxy for distance while accounting for road network structure, 

and it is almost always available from Google Directions API. The distribution of 

estimated walking time of the remaining 2766 responses are plotted in Figure 7.4. 

Evidently short trips are very well represented in our sample. In fact, about 53% of the 

O-D pairs can be reached within 60 min by walking, according to Google Directions 

API information. 

Next, we evaluate the quality of the responses. We will try to approximate the quality 

by examining the response time and relation between the revealed preference 

questions responses and SCE responses. 

We record the time elapsed from the page finishing loading to an answer being 

submitted, for each menu presented to each respondent. We calculate several statistics, 

including the minima, maxima, means and medians, across seven menus for each 

respondent, and present them in Figure 7.5. The medians across seven menus are most 

densely distributed around 9-10 seconds, which is a reasonable response time. The 

 

 

Figure 7.3 Stated choice experiments choice distribution for both treatment 

groups (reweighted). 
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Figure 7.4 Estimated walking time distribution of the self-reported O-D pairs. 

minima, however, concentrate around 3-4 seconds, which could be an excessively 

short time to take in the information in the menu. In particular, we find that the median 

page submit times for each menu across all respondents, presented in Table 7.1, 

diminishes quickly with later menus, possibly due to familiarity with the information 

format as well as survey fatigue. But the median submission times stay above 7 

seconds, which we find a reasonable amount of time for the experiments. 

In addition, it is not uncommon for respondents to select only one alternative across 

menus in stated preference studies in general, sometimes their current behaviour in 

particular. While this behaviour could be justified as a meditated and informed choice, 

it can also be a sign of lack of attention. In our responses, a total of 977 respondents 

opt for the same choice for all seven menus, which is probably more than ideal. We 

compare their choices and the whole sample (including these respondents) in Figure 

7.6. Immediately we notice a high proportion of driving choices, which would support 

the hypothesis that these individuals rely heavily on driving and would not choose 

other modes anyway. Not surprisingly, the proportion of these individuals choosing 

AV alternatives is almost non-existent. Of all menus, 13.2% chose the same alternative 

as they did the self-reported revealed preference condensed mode, presented in Table 

6.6. 
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Menu 1 2 3 4 5 6 7 

Median submit time (s) 23.4 13.0 10.5 9.0 9.2 7.5 7.0 

Table 7.1 Median page submit time for each menu across respondents. 

 

Figure 7.5 Distribution of page submit time statistics calculated for each 

respondent. 

 

Figure 7.6 Stated choice experiments choice distribution for all respondents and 

respondents who have the same choice across menus (reweighted). 
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In summary, we conclude that our stated choice experiment sample is a reasonable 

and varied sample, with slight over-representation of short trips, and a non-trivial 

number of respondents who choose the same alternative across menus, albeit possibly 

for economic or habitual reasons. 

7.3 AV+PT Mode Choice Analysis 

Half of our respondents were assigned in a treatment where they have access to the 

AV+PT services, and a decent number of respondents did choose AV+PT in the 

hypothetical choice menus. In this section, we deal with three problems: the profile of 

a likely AV+PT adopter, the appeal of AV+PT to individuals living farther away from 

transit stations, and how AV+PT differs from conventional transit in terms of transfer 

penalty. 

7.3.1 Socio-Demographic and AV+PT Choice Analysis 

In this subsection, we discuss some hypotheses regarding the usage of AV alternatives, 

empirically test them and finally build a base mode choice model for upcoming 

analyses. 

Our hypotheses for this subsection are as follows: 

H1 Commute trip purpose is associated with transit mode choice. 

H2 Choice of driving is associated with sociodemographic variables, such as 

higher income and larger number of cars accessible to the household. 

H3 Choice of transit alternatives is associated with sociodemographic variables 

such as owning a transit pass. 

H4 Choice of AV alternatives is associated with sociodemographic variables such 

as higher income, higher education attainment and being a Millennial. 

H5 Costs in AV alternatives are perceived higher than in presently available 

modes. 

H6 Being offered a direct AV+PT trip increases the likelihood of this alternative 

being chosen. 

As related to Hypothesis 1, the percentages of different alternatives being chosen for 

different trip purposes is summarized in Figure 7.7. We notice that the trip purpose 

being commuting increases the likelihood of choosing transit, and trip purpose being 

shopping increases the likelihood of choosing driving. Interestingly, similar to transit,  
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Figure 7.7 Stated choice experiments choice distribution for different trip 

purposes (reweighted). 

AV+PT is also more popular with trips of commuting purpose. This hypothesis will 

be reflected and further tested in a choice model later on in this chapter. 

As related to Hypothesis 2, choosing to drive is potentially correlated with socio-

demographic variables, and in this study we focus on the effects of income and number 

of cars accessible to the household. We will discuss the effect of income in the mode 

choice model later presented. Number of cars accessible to the household has a strong 

correlation with choosing driving in stated choice experiments, as shown in Figure 

7.8. In particular, the difference between choice probability for driving of individuals 

with access to zero car and that of individuals with access to any positive number of 

cars is very pronounced. 

As related to Hypothesis 3, choosing to use transit is also usually correlated with 

various socio-demographic characteristics. In Figure 7.9, we demonstrate that owning 

a pass is correlated with both choosing to use transit. This is interesting because in the 

SCEs no discount was explicitly offered even if the subject does own a transit pass. 

Moreover, a similar effect transfers to the AV+PT alternative as well. This suggests 

the common users of transit services are also receptive of the hypothetical AV+PT 

service. 
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Figure 7.8 Stated choice experiments choice distribution for different numbers 

of cars accessible to the household (reweighted). 

 

 

Figure 7.9 Stated choice experiments choice distribution for whether or not the 

individual owns a transit pass (reweighted). 
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As related to Hypothesis 4, previous stated preference studies show that propensity to 

adopt AV is correlated with socio-demographic characteristics. In particular, 

education, age and income are among the most prominent predictors of adoption of 

the AV technology. In our study, we isolate these characteristics and examine their 

effects. 

The income metric used here is the estimated household annual income per person. 

This metric is derived by dividing the mid-point between the upper and lower bounds 

of the income bracket chosen by the respondent, by the reported number of persons in 

the household. We then divide the sample into three groups using two arbitrarily 

chosen cut-off points: those with an estimated household annual income per person 

below $20,000 (accounting for about 45% of the sample), those between $20,000 and 

$75,000 (about 45% of the sample) and those above $75,000 (about 10% of the 

sample). Their choices for stated choice experiments are plotted in Figure 7.10. We 

notice a trend of increased choice shared by AV ride-hailing and AV+PT with 

increased income level. 

As related to age, we examine whether being a Millennial or younger is associated 

with choosing AV alternatives. Here we adopt the definition of Millennial as 

somebody born from 1981 to 1996 (Dimock, 2018). Thus we divide the sample into 

 

Figure 7.10 Stated choice experiments choice distribution for different estimated 

household average annual income groups (reweighted). 
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two groups: Millennials or younger (accounting for about 49% of the sample), and 

those older than Millennials. The stated choice experiments of the two groups, shown 

in Figure 7.11, suggest that younger generations are more likely to choose AV ride-

hailing and AV+PT alternatives. 

As related to Hypothesis 5, we hypothesise that respondents perceive costs of AV 

services to be more salient because of the novelty of the service. In particular, with 

currently available alternatives, individuals could grow accustomed to the service 

charges, and fail to reason the cost objectively, while this is not the case with a newly 

introduced alternative. The disutility of monetary costs of AV alternatives is discussed 

later in the mode choice model. 

As related to Hypothesis 6, we divide the stated choice experiment trial menus into 

three groups: menus where the AV+PT alternative is represented with a direct AV 

ride, menus where the AV+PT alternative involves at least one transfer from AV to 

transit vehicles and menus where AV+PT is unavailable, i.e. menus of Treatment 1.  

 

 

 

Figure 7.11 Stated choice experiments choice distribution for individuals born 

before and after 1981 (reweighted). 
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The stated choice experiment results are then plotted in Figure 7.12. The effect of a 

direct trip I not straightforward as it is most likely confounded with the effect of the 

length of the trip. Therefore, this issue will be further developed in the mode choice 

model, as well as later when we investigate the role of transfers in AV+PT services. 

With a preliminary understanding of the proposed hypotheses, we now test these 

hypotheses in a mode choice model. In the following discussion, we treat each menu 

as one observation. We also exclude observations where any of the following criteria 

is met: 

 The trip is too long, where estimated walking time is longer than 10 hours; 

 The trip is too short, where estimated walking time is less than 10 minutes; 

 Individuals whose age is unidentified or larger than 120; 

 Individuals whose gender is non-binary or unidentified; 

 Individuals whose reported household size is equal to or greater than 20. 

Such exclusions help to make sure that all alternatives are reasonable choices for the 

individuals. The final number of observations is summarized in Table 7.2. 

 

 

Figure 7.12 Stated choice experiments choice distribution for menus with a direct 

AV+PT ride, one with transfers or unavailable (reweighted). 
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Treatment group 1 2 Total 

Mode 

availabilities 

(Number of 

menus 

chosen) 

Walking ✓ (1261) ✓ (1365) (2626) 

Bicycling ✓ (1233) ✓ (1067) (2300) 

Public Transit ✓ (2803) ✓ (2403) (5206) 

AV Ride-hailing ✓ (814) ✓ (587) (1401) 

AV+PT ✕  ✓ (700) (700) 

Driving ✓ (3794) ✓ (3335) (7129) 

Number of observations in sample 

(total number of menus) 
1434 (10038) 1372 (9604) 2806 (19642) 

Number of observations used in 

analysis (total number of menus) 
1151 (8057) 1092 (7644) 2243 (15701) 

Table 7.2 Mode availabilities of two treatment groups and sample sizes used in 

analysis. 

A multinomial logit model is constructed based on the random utility maximization 

framework. This model will also serve as a base model for upcoming analyses. 

Variables included in this model are summarized in Table 7.3. It is worth noting that 

consistent with the hypotheses, we constrain the effects of owning a pass and trip 

purpose being commuting to be the same between transit and AV+PT alternatives, and 

those of income, education and being born after 1981 to be same between AV ride-

hailing and AV+PT alternatives. 

A statistical summary of the variables described above is presented in Table 7.4 and 

Table 7.5. 

We then construct the mode choice model as follows: 

𝑉𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸) (𝐴𝑆𝐶𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔)  

𝑉𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸) (𝐴𝑆𝐶𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑊𝐴𝐼𝑇𝑊𝑎𝑖𝑡𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒)  
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Variable Description 

𝑻𝑻𝒊  Total travel time for mode 𝑖, in minutes. 

𝑾𝒂𝒍𝒌𝑻𝒊  Total walking time for mode 𝑖, in minutes. 

𝑾𝒂𝒊𝒕𝑻𝒊  Total waiting time for mode 𝑖, in minutes. 

𝑪𝒐𝒔𝒕𝒊  Total monetary cost for mode 𝑖, in dollars. 

𝑷𝒂𝒔𝒔  =1 when the individual currently owns a transit pass. 

𝑫𝒊𝒓𝒆𝒄𝒕𝑨𝑽𝑷𝑻  =1 when the AV+PT alternative presented consists of only one 

direct AV ride. 

𝑰𝒏𝒄𝑷𝒆𝒓  Estimated household average annual income per household 

member, divided by $10,000. 

𝑬𝒅𝒖  Self-reported estimated years of education in full-time school. 

𝑴𝒊𝒍𝒍𝒆𝒏  =1 when the individual’s year of birth is later than 1981, i.e. the 

individual can be considered a ‘Millennial’ or younger. 

𝑵𝑪𝒂𝒓𝒔  Self-reported number of vehicles that the household has regular 

access to. 

𝑪𝒐𝒎𝒎𝒖𝒕𝒆  =1 if the trip purpose is commuting. 

𝑺𝒉𝒐𝒑𝒑𝒊𝒏𝒈  =1 if the trip purpose is shopping. 

Table 7.3 Description of variables used in mode choice model. 

 Variable Mean Min 
25% 
pctile 

Median 
75% 
pctile 

Max 

So
ci

o
ec

o
 𝐼𝑛𝑐𝑃𝑒𝑟 3.48 0.0357 1.00 2.63 4.38 25 

𝐸𝑑𝑢 14.91 10.00 14.00 14.00 16.00 21.00 

A
ct

iv
e 𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔 125.0 10.0 32.4 79.3 177.4 596.7 

𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 38.56 1.53 10.27 24.17 54.15 197.62 

T
ra

n
si

t 

𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 1.82 0.00 1.45 2.05 2.50 3.00 

𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 54.13 5.38 25.44 42.72 68.34 783.62 

𝑊𝑎𝑖𝑡𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 5.26 0.00 1.52 3.47 8.34 15.00 

𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 14.32 0.00 7.48 11.80 17.88 59.95 

A
V

 R
id

e-
h

ai
li

n
g 𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶  15.30 1.84 7.23 11.69 19.19 108.66 

𝑇𝑇𝐴𝑉𝑇𝑁𝐶 24.3 2.7 14.7 22.2 32.1 74.0 

𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶  7.71 1.00 3.93 7.13 10.57 20.00 

A
V

+
P

T
 

𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇  8.69 1.84 4.80 6.93 10.67 77.37 

𝑇𝑇𝐴𝑉𝑃𝑇 38.61 2.15 13.91 29.35 56.19 170.79 

𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑃𝑇  7.069 0.516 3.040 6.065 9.897 20.000 

𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇  1.05 0.00 0.00 0.00 0.00 10.68 

D
ri

v
in

g 

𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 8.8760 0.0385 4.9731 7.9107 11.4534 38.9632 

𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 21.08 2.33 10.29 17.97 30.14 67.28 

Table 7.4 Summary statistics of continuous variables used in modelling. 
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Variable/level Counts % 

𝑷𝒂𝒔𝒔    

 1 841 37.5% 

 0 1402 62.5% 

𝑴𝒊𝒍𝒍𝒆𝒏    

 1 1162 51.8% 

 0 1081 48.2% 

𝑵𝑪𝒂𝒓𝒔    

 0 373 16.6% 

 1 1036 46.2% 

 2 616 27.5% 

 3 or more 218 9.7% 

𝑪𝒐𝒎𝒎𝒖𝒕𝒆    

 1 992 44.2% 

 0 1251 55.8% 

𝑺𝒉𝒐𝒑𝒑𝒊𝒏𝒈    

 1 589 26.3% 

 0 1654 73.7% 

𝐷𝑖𝑟𝑒𝑐𝑡𝐴𝑉𝑃𝑇    

 1 3367 44.0% 

 0 4277 56.0% 

Table 7.5 Summary statistics of categorical variables used in modelling. 

𝑉𝐴𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸) (−(1 + 𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡)𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 + 𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 −

𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑇𝑁𝐶 − 𝛽𝑊𝐴𝐼𝑇𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 +

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛)  

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−(1 + 𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡)𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 − 𝛽𝑊𝐴𝐼𝑇𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑃𝑇 + 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡𝐷𝑖𝑟𝑒𝑐𝑡𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛)  

𝑉𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  

Note that for ease of interpretation, this model is money-metric. In addition, we have 

assigned terms the anticipated signs, except for alternative specific constants and scale 

parameters, etc. The estimation results are reported in Table 7.6. 



Chapter 7: Demand Analysis from Stated Choice Experiments 

August 2019   131 

Coefficient Estimate t-stat Coefficient Estimate t-stat 

𝑆𝐶𝐴𝐿𝐸 -2.2 64.19 𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡 -0.0872 0.56 

𝐴𝑆𝐶𝑊𝑎𝑙𝑘𝑖𝑛𝑔 -6.48 11.62 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡 2.07 2.51 

𝐴𝑆𝐶𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -10.8 20.30 𝛽𝐴𝑉,𝐸𝑑𝑢 0.332 3.19 

𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 -16.9 9.71 𝛽𝐴𝑉,𝐼𝑛𝑐 0.526 6.87 

𝐴𝑆𝐶𝐴𝑉𝑃𝑇 -19.2 9.56 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙 4.49 8.65 

𝐴𝑆𝐶𝐷𝑟𝑖𝑣𝑖𝑛𝑔 -1.77 3.00 𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.416 8.29 

𝛽𝑇𝐼𝑀𝐸 0.101 15.23 𝛽𝐶𝑎𝑟,𝑁 4.54 19.35 

𝛽𝑊𝑎𝑙𝑘 0.241 11.20 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 2.64 6.95 

𝛽𝑊𝑎𝑖𝑡 0.118 4.00 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 2.59 7.25 

𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡 -0.413 8.35 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 6.24 15.68 

Number of 

parameters 

20 
    

Final 

loglikelihood 

-21494.524 
    

�̅�2 0.746     

Table 7.6 Estimation results of the base model. 

Variable Alternative Elasticity Variable Alternative Elasticity 

𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔 Walking -0.663 𝐼𝑛𝑐𝑃𝑒𝑟 AV-TNC 0.128 

𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 Bicycling -0.379 𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 AV+PT -0.596 

𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.128 𝑇𝑇𝐴𝑉𝑃𝑇 AV+PT -0.360 

𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.359 𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0265 

𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.223 𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0761 

𝑊𝑎𝑖𝑡𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.0422 𝐼𝑛𝑐𝑃𝑒𝑟 AV+PT 0.113 

𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.681 𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.462 

𝑇𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.215 𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.118 

𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.0834 𝐼𝑛𝑐𝑃𝑒𝑟 Driving 0.0629 

Table 7.7 Point reweighted aggregate elasticities of continuous variables 

corresponding to alternative. 
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The estimation results suggest a value of travel time of $6.18 per hour. While this is a 

low value, possibly due to hypothetical bias commonly found in stated preference 

studies, it is not unreasonable compared with general guidelines (Belenky, 2011). In 

addition, we found additional estimated value of walking time of $13.62 per hour and 

estimated value of waiting time of $7.08 per, on top of total travel time. 

Most of the model results are consistent with our hypotheses. However, the estimates 

suggest that respondents do not perceive monetary costs of AV ride-hailing and 

AV+PT to be significantly higher than other modes. In fact, they might perceive cost 

of AV ride-hailing to be lower. This could be due to diminished sensitivity to 

increasing cost and the fact the AV ride-hailing trips usually cost more. 

We focus on the results concerning AV services. With the coefficients shared between 

AV ride-hailing and AV+PT services, we find that having a higher education, having 

a higher per-person income and being a Millennial or younger have a positive 

correlation with choosing AV services. In particular, the effect of one year of 

additional education at a full-time institution is roughly equivalent to decreasing the 

cost of the services by $0.34, the effect of one additional $10,000 annual income is 

equivalent to $0.52, and the effect of being a Millennial or younger is equivalent to 

$4.5, which is non-trivial. In addition, the effect of owning a pass is equivalent to that 

of decreasing the costs by $6.21, which is shared by transit and AV+PT alternatives. 

It is worth noting that the fact that the respondent owns a transit pass has no impact 

over the generation of trip attributes. The results seem to suggest that by simply 

owning a transit pass, the likelihood an individual chooses AV+PT significantly 

increases. 

Our findings regarding the relationship between likelihood of adopting AV services 

and socio-demographic characteristics is consistent with previous literature, and have 

potentially significant policy implications, which are discussed later in the thesis. 

7.3.2 Spatial Analysis of Origin Locations of Interested Consumers 

One common deterrent of transit services is the access portion of the trip. 

Conceptually, this disutility of access could come from two sources: the disutility of 

walking and the sheer distance from the transit station itself. In the last subsection, we 

find that, assuming a linear relationship between time and disutility, walking time is 

valued at $13.62 per hour, which is more than twice the value of total travel time. But 
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is the access distance to stations also playing a role in preventing more people from 

using transit? 

Distance from station could negatively affect choosing transit in multiple ways. For 

example, some effect might be the physical difficulty of accessing, other effects could 

include that due to the distance, transit is not a part of life of the consumer’s immediate 

social circle, or that due to the distance, a station is not in the consumer’s mental map, 

making it difficult to imagine using it. However, these mechanisms are not easily 

measured, and in this study, we will stick to the physical measure of distance itself. 

Potentially, using AV to serve access and egress portions of the transit trips could 

address both dimensions of the access problem: by taking an AV, the rider could skip 

the walking and avoid the expensive loss due to high value of time. An AV ride could 

also shrink the distance in mental maps, and reduce any knowledge barrier of using 

the transit services by streamlining the access. In this subsection, we go about testing 

if AV+PT alters the deterrence of distance to access station, compared with 

conventional transit. 

To approach this problem, we first find, for each respondent, the distance from his/her 

origin (home) location to the nearest CTA train station, as well as the distance to the 

nearest bus stop. Note that we are not using access walking time or walking distance 

of any specific trip, which might be a more accurate proxy for the physical difficulty 

of accessing the stations. But as, we believe, that effect is largely accounted for using 

the walking time term, we are investigating the effects of the second source of 

disutility for which distance might be a better proxy. 

We plot the weighted median distances to nearest bus stop and CTA train station by 

each revealed preference mode in Figure 7.13, as well as the median distances among 

individuals who choose at least one out of the seven stated choice experiment menus 

(about 13.8% of the sample). We observe that the median distance to nearest transit 

station for individuals who chose AV+PT is obviously larger than those of actual 

transit trips with other access modes, which suggests AV+PT appeals to individuals 

living farther away from stations. Admittedly, choosing AV+PT in only one out of 

seven menus could be a lower standard than choosing other modes in a most recent 

trip. But this measure is still a good proxy for interest in AV+PT. In summary, we find 
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Figure 7.13 Median distances (in metres) to the nearest bus stop and CTA train 

station by transit modes selected in revealed preference and stated choice 

experiments. 

Mode used 
Nearest bus stop 

(m) 

Nearest train 

station (m) 

Walked, then took public 

transportation 
123.6 1017.6 

Bicycled and took public 

transportation 
150.8 1261.7 

Drove alone, then took public 

transportation 
209.3 2105.7 

Took ride-hailing service (Lyft, 

Uber), then took public 

transportation 

193.7 1658.3 

Shared ride with friend/family, then 

took public 
255.8 2962.5 

Chose AV+PT (SP) 277.0 3073.3 

Table 7.8 Weighted median distances (in metres) to the nearest bus stop and CTA 

train station by transit related modes. 
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that introducing AV+PT could counteract the deterrence of distance accessing transit 

stations to some extent. In particular, the median distances for transit related modes 

are reported in Table 7.8. 

We further test the hypothesis that AV+PT appeal to individuals living farther away 

from stations using a mode choice model. Here our hypotheses are that distance to the 

nearest train station is negatively correlated with selecting transit alternatives, but the 

effect is less pronounced for AV+PT. Note that because the distance to the nearest bus 

stop and that to the nearest train station are highly collinear, with a pairwise correlation 

of 0.9998, for identification purposes we only include the logarithm of distance to the 

nearest train station, 𝐷𝑖𝑠𝑡𝑅𝐴𝐼𝐿, into the utility functions. 

Building up on the base model developed in the last subsection, only the transit and 

AV+PT utility functions are altered. 

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 +

𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 − 𝛽𝑃𝑇,𝐷𝑖𝑠𝑡 log(𝐷𝑖𝑠𝑡𝑅𝐴𝐼𝐿))  

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−(1 + 𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡)𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 + 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡𝐷𝑖𝑟𝑒𝑐𝑡𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 +

𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 − 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑠𝑡 log(𝐷𝑖𝑠𝑡𝑅𝐴𝐼𝐿))  

The estimation results are summarized in Table 7.9. We immediately observe that in 

logarithmic scale, distance to the nearest train station is strongly negatively correlated 

with choosing transit in the stated choice experiments. Roughly the coefficient 

estimate suggests that an average individual moving from a place 1 kilometre away 

from the nearest train station to another 100 meters away, would be equivalent to 

reducing the transit fare by $1.21. However, for AV+PT, the logarithm of distance 

coefficient is estimated with an unexpected sign and a t-statistic of 1.14, indicating 

that it is not significant at the 90% confidence level. 

Furthermore, we notice that the addition of the distance terms reduces the magnitudes 

of coefficients corresponding to walking time and owning a transit pass. The first 

suggests that certain effect of the distance on choosing transit related alternatives is 

collinear with that of the cost of walking. The second suggests that certain effect of 

the distance is collinear with that of owning of pass, which would potentially also be 

true if our conjecture about mental mapping or social influence are indeed valid. 
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Coefficient Estimate t-stat Coefficient Estimate t-stat 

𝑆𝐶𝐴𝐿𝐸 -2.19 -64.07 𝛽𝐴𝑉,𝐸𝑑𝑢 0.359 3.45 

𝐴𝑆𝐶𝑊𝑎𝑙𝑘𝑖𝑛𝑔 -15.4 -12.75 𝛽𝐴𝑉,𝐼𝑛𝑐 0.56 7.34 

𝐴𝑆𝐶𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -19.7 -16.42 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙 4.72 9.1 

𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 -26.1 -12.46 𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.446 8.81 

𝐴𝑆𝐶𝐴𝑉𝑃𝑇 -30.4 -10.5 𝛽𝐶𝑎𝑟,𝑁 4.35 18.79 

𝐴𝑆𝐶𝐷𝑟𝑖𝑣𝑖𝑛𝑔 -10.4 -8.86 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 2.54 6.72 

𝛽𝑇𝐼𝑀𝐸 0.0969 15.19 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 2.64 7.34 

𝛽𝑊𝑎𝑙𝑘 0.185 8.69 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 5.84 14.8 

𝛽𝑊𝑎𝑖𝑡 0.137 4.57 𝛽𝑃𝑇,𝐷𝑖𝑠𝑡 0.87 9.15 

𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡 -0.412 -8.43 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑠𝑡 -0.307 1.14 

𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡 -0.0593 -0.38    

𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡 1.6 1.88    

Number of 

parameters 

22 
    

Final 

loglikelihood 

-21440.805 
    

�̅�2 0.746     

Table 7.9 Estimation results of the mode choice model with access distance. 

Variable Alternative Elasticity Variable Alternative Elasticity 

𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔 Walking -0.642 𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 AV+PT -0.602 

𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 Bicycling -0.359 𝑇𝑇𝐴𝑉𝑃𝑇 AV+PT -0.333 

𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.127 𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0193 

𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.339 𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0844 

𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.169 𝐼𝑛𝑐𝑃𝑒𝑟 AV+PT 0.116 

𝑊𝑎𝑖𝑡𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.0484 𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.455 

𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.669 𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.112 

𝑇𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.201 𝐼𝑛𝑐𝑃𝑒𝑟 Driving 0.0668 

𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.0950 𝐷𝑖𝑠𝑡𝑅𝐴𝐼𝐿 Transit -0.0885 

𝐼𝑛𝑐𝑃𝑒𝑟 AV-TNC 0.134 𝐷𝑖𝑠𝑡𝑅𝐴𝐼𝐿 AV+PT 0.0658  

Table 7.10 Point reweighted aggregate elasticities of continuous variables 

corresponding to alternatives. 
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However, given our incomplete data on that respect, we will leave the examination of 

that conjecture for future research. 

7.3.3 Transfers in Conventional Transit and AV+PT 

7.3.3.1 Motivation 

Transfers have been ubiquitous in public transportation systems, especially those of 

large scale multimodal networks. Despite being pervasive and usually necessary for 

more efficient services, transfers have often been seen as a nuisance of travel, which 

should be avoided whenever possible. Inconvenient transfer are found to deter 

potential customers (Planning & Transportation, 1997; Wardman, 1998) and reduce 

satisfaction of existing customers (Hine & Scott, 2000). 

However, it should be noted that the notion of a transfer is not exclusive to public 

transportation. The emergence of new and diverse types of mobility services has made 

studying the effect of transfers on travel behaviour ever more relevant. Many bike-

sharing stations are located close to transit stations to facilitate switching modes. 

Transit agencies have started working with ride-hailing companies on initiatives to 

serve customers with disabilities or areas of lower transit services. While driving has 

rarely been actively integrated with transit services, ‘park-n-ride’ has long been 

practiced by commuters. The transfers involved in these trips can differ hugely in 

terms of the experience, but they can all have an effect on travel time, perceived 

convenience and ultimately alter travel behaviour. 

According to the time allocation theory (Jiang & Morikawa, 2004), the cost of transfer 

comes from two sources: the opportunity cost of extra time and money spent on a 

transfer, and the disutility of the transfer itself, or the transfer penalty. Cost of transfer 

can be further expressed as 𝐶 = 𝑓(𝑡𝑖𝑚𝑒, 𝑓𝑎𝑟𝑒, 𝑝𝑒𝑛𝑎𝑙𝑡𝑦), where 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 refers to the 

inconvenience of the transfer itself, or ‘the pure transfer penalty’ (Guo & Wilson, 

2011). 

There exists a strand of research that quantitatively examines the pure transfer penalty. 

It is recommended to use an additional 5 to 15 min penalty for transfers in value of 

travel time savings analysis (Litman, 2009). Even in an ideal case where walking and 

waiting times were equal to zero and no additional fare is incurred, users would still 

perceive a penalty related to factors such as the availability of adequate information, 
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safety, security, comfort and convenience, familiarity with the transit system and 

frequency of transit use (Currie, 2005; Douglas & Jones, 2013; Iseki & Taylor, 2009). 

However, these studies examine transfer penalty by focusing only on one transfer. In 

reality, we can assume increasing or diminishing sensitivity to the total number of 

transfers involved in a trip, or assume that the transfer penalty is correlated with the 

location of or the modes on either end of the transfer. 

The majority of existing research on this topic focus on the effect of transfer on route 

choice within the public transit system (Chowdhury, Ceder, & Sachdeva, 2014; 

Garcia-Martinez, Cascajo, Jara-Diaz, Chowdhury, & Monzon, 2018; Guo & Wilson, 

2011), while a reasonably more important question would be how transfer penalty 

affects users’ choices among multiple alternatives, which involve different kinds of 

transfers. In addition, no research studies the inter-individual heterogeneity in the 

transfer penalty. In this study, we aim to address these two gaps in the current 

literature. 

7.3.3.2 A Priori Hypotheses 

Based on the previous discussions, we form the following a priori hypotheses: 

 Transfer penalty exists and deters consumers from choosing corresponding 

modes. However, this effect is smaller for transfers involving AV at either end, 

i.e. transfer from AV to conventional transit vehicle or vice versa. 

 Most individuals demonstrate increased sensitivity to the total number of 

transfers involved in a trip. 

 There is significant inter-individual heterogeneity in the magnitudes of transfer 

penalty. 

 Individual magnitude of transfer penalty is correlated with socioeconomic 

characteristics. 

7.3.3.3 Model Specifications 

In this part, in each stated choice experiment trial, we denote the decision making 

agent as individual 𝑛, the evaluated alternative as 𝑖, the menu as 𝑚 ∈ {1,2,3,4,5,6,7}. 

Individual 𝑛 has sociodemographic characteristics 𝑋𝑛. The alternative 𝑖 has attributes 

𝑍𝑖𝑛𝑚. 

Of the 𝑍𝑖𝑛𝑚, we are in particular interested in the transfer attributes. The previously 

proposed framework of studying disutility of transfer is 𝐶 = 𝑓(𝑡𝑖𝑚, 𝑓𝑎𝑟𝑒, 𝑝𝑒𝑛𝑎𝑙𝑡𝑦). 



Chapter 7: Demand Analysis from Stated Choice Experiments 

August 2019   139 

However, in our experiments, transfers do not explicitly incur extra fare and hence the 

exclusion of the fare component. We expand this expression to deal with multiple 

transfers in one trip. Denote the number of transfers as 𝑘𝑖𝑛𝑚, the temporal lengths of 

transfers as (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
 and the magnitude of transfer penalty as 𝑃𝑁𝑛. We explore 

different functional forms of 𝐶 = 𝑓 (𝑘𝑖𝑛𝑚, (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
, 𝑃𝑁𝑛). 

In order to test H1, we formulate 𝐶 = 𝑓 (𝑘𝑖𝑛𝑚, (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
, 𝑃𝑁𝑛) =

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑗𝑗 + 𝑃𝑁 𝑘𝑖𝑛𝑚 . In particular, based on the base model developed in 

subsection 7.3.1, only the utility functions of transit and AV+PT are modified. The 

utility functions of Model 1 take the form of the following. 

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝐴𝑆𝐶𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 +

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡,𝑗𝑗 − 𝑃𝑁 𝑘𝑇𝑟𝑎𝑛𝑠𝑖𝑡),   

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 +

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝐴𝑉𝑃𝑇,𝑗𝑗 − 𝑃𝑁 (𝑘𝐴𝑉𝑃𝑇 − 𝑘𝐴𝑉) − 𝑃𝑁𝐴𝑉𝑘𝐴𝑉),  

where 𝑘𝐴𝑉 refers to the number of transfers involving AV on either end of the transfer. 

In order to test H2, we formulate 𝐶 = 𝑓 (𝑘𝑖𝑛𝑚, (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
, 𝑃𝑁𝑛) =

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑗𝑗 + 𝑃𝑁 𝑘𝑖𝑛𝑚
𝜆+1 . By adding the exponent term 𝜆 , we expect that 𝜆 > 1 , 

showing an increased sensitivity to increasing total number of transfers. In particular, 

the utility functions of Model 2 take the form of the following. 

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝐴𝑆𝐶𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 +

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡,𝑗𝑗 − 𝑃𝑁 𝑘𝑇𝑟𝑎𝑛𝑠𝑖𝑡
𝜆+1 ),   

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 +

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝐴𝑉𝑃𝑇,𝑗𝑗 − 𝑃𝑁𝜆+1 (𝑘𝐴𝑉𝑃𝑇 − 𝑘𝐴𝑉) − 𝑃𝑁𝐴𝑉𝑘𝐴𝑉). 
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In order to test H3, we formulate 𝐶 = 𝑓 (𝑘𝑖𝑛𝑚, (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
, 𝑃𝑁𝑛) =

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑗𝑗 + 𝑃𝑁𝑛𝑘𝑖𝑛𝑚
𝜆+1 , where 𝑃𝑁𝑛~𝑙𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(𝜇𝑇𝑅𝑆𝐹, 𝜎𝑇𝑅𝑆𝐹

2 ). In particular, the 

utility functions of Model 3 take the form of the following. 

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝐴𝑆𝐶𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 +

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡,𝑗𝑗 − 𝑃𝑁 𝑘𝑇𝑟𝑎𝑛𝑠𝑖𝑡
𝜆 ),   

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 +

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝐴𝑉𝑃𝑇,𝑗𝑗 − 𝑃𝑁𝑛
𝜆 (𝑘𝐴𝑉𝑃𝑇 − 𝑘𝐴𝑉) − 𝑃𝑁𝐴𝑉𝑘𝐴𝑉), 

where 𝑃𝑁𝑛~𝑙𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(𝜇𝑇𝑅𝑆𝐹, 𝜎𝑇𝑅𝑆𝐹
2 ), and 𝜇𝑇𝑅𝑆𝐹  and 𝜎𝑇𝑅𝑆𝐹  are parameters to be 

estimated. 

Finally, in In order to test H4, we formulate 𝐶 = 𝑓 (𝑘𝑖𝑛𝑚, (𝑇1, … , 𝑇𝑘𝑖𝑛𝑚
)

𝑇
, 𝑃𝑁𝑛) =

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑗𝑗 + 𝑃𝑁𝑛(𝑋𝑛)𝑘𝑖𝑛𝑚
𝜆 . Here we allow the magnitude of the transfer penalty, 

symbolised by 𝑃𝑁𝑛 , to be regulated by socio-demographic characteristics of the 

individual. In particular, the utility functions take the form of the following. 

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝐴𝑆𝐶𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 +

𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡,𝑗𝑗 − 𝑃𝑁 𝑘𝑇𝑟𝑎𝑛𝑠𝑖𝑡
𝜆 ),   

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝐴𝑉𝑃𝑇 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑃𝑇 −

𝛽𝑊𝑎𝑙𝑘𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 +

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝛽𝑇𝑅𝑆𝐹 ∑ 𝑇𝑟𝑠𝑓𝑇𝐴𝑉𝑃𝑇,𝑗𝑗 − 𝑃𝑁𝑛
𝜆 (𝑘𝐴𝑉𝑃𝑇 − 𝑘𝐴𝑉) − 𝑃𝑁𝐴𝑉𝑘𝐴𝑉), 

where 𝑃𝑁𝑛~𝒩(𝜇𝑇𝑅𝑆𝐹,𝑛, 𝜎𝑇𝑅𝑆𝐹
2 ) , and 𝜇𝑇𝑅𝑆𝐹,𝑛(𝑋𝑛) = 𝛼𝑇𝑅𝑆𝐹 + 𝜂𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 +

𝜂𝐸𝑙𝑑𝑒𝑟𝐸𝑙𝑑𝑒𝑟. Note here that we assume a normal distribution, instead of the lognormal 

distribution as in Model 3, for 𝑃𝑁𝑛’s. In doing so, we can no longer force 𝑃𝑁𝑛 >

0, ∀𝑛. However, at the same time, we do make the interpretation of the 𝜂’s much more 

intuitive. 
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7.3.3.4 Results 

The base model, Model 1, Model 2 are multinomial logit models are Model 2 and 

Model 4 are lognormal mixture logit models. Because we have devised the models to 

be money-metric, the magnitudes of the parameter estimates can be interpreted and 

compared. The estimation results are reported in Table 7.11. 

The results basically confirm H1, that transfer penalty exists and deters consumers 

from choosing corresponding modes, but this effect is apparently non-existent for 

transfers involving AV at either end. Comparing Model 1 with the Base model, they 

suggest that the effect of adding an additional transfer between conventional transit 

vehicles is equivalent to incurring extra $0.71. However, adding an additional transfer 

involving AV at either end is estimated not to impose any disutility. In fact, the t-

statistic for this coefficient is 0.18, meaning it is not significantly different from zero. 

On the contrary, on top of total travel time, extra time spent in a transfer does not 

impose much disutility on the riders. In effect, the estimates for the transfer time 

coefficient are consistently positive across models, suggesting that the unit time 

disutility is actually smaller for time spent in transfer than total travel time. 

The results do not support H2, that most individuals demonstrate increased sensitivity 

to the total number of transfers involved in a trip. In Model 2, 3 and 4, the exponent 

term (1 + 𝜆) is estimated to be less than one. In Model 2, the t-statistic for 𝜆 is 0.33, 

indicating that the term (1 + 𝜆)  is not significantly different from 1. While 

considering inter-individual heterogeneity does result in a relatively larger 𝜆, we still 

cannot conclude unambiguously any non-linearity for the sensitivity to the total 

number of transfers. 

The results basically confirm H3, that there is significant inter-individual 

heterogeneity in the magnitudes of transfer penalty. In both Model 3 and 4, assuming 

lognormal distribution, there is significant 𝜎𝑇𝑅𝑆𝐹. By considering the heterogeneity in 

𝑃𝑁𝑛 we also get a reasonable improvement in the model fit. In Model 3, the estimation 

suggests that the median magnitude for the penalty of the first conventional mode 

transfer is equivalent to $0.724, very close to the estimation in Model 2, not 

considering heterogeneity. However, there is a significant “spread”. In fact, the 90% 

interval for the magnitude of transfer penalty would be [0.415, 1.26] (in dollars), 

representing a wide range of transfer penalty among the respondents. 
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 Base model Model 1 Model 2 Model 3 Model 4 

𝑆𝐶𝐴𝐿𝐸 -2.19 -2.19 -2.19 -2.19 -2.19 

𝐴𝑆𝐶𝑊𝑎𝑙𝑘𝑖𝑛𝑔 -5.66 -5.5 -5.52 -5.51 -5.42 

𝐴𝑆𝐶𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -10.1 -10.1 -10.1 -10.1 -10 

𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 -17.1 -17.1 -17.2 -17.2 -16.8 

𝐴𝑆𝐶𝐴𝑉𝑃𝑇 -19.5 -20.1 -20.1 -20.1 -19.9 

𝐴𝑆𝐶𝐷𝑟𝑖𝑣𝑖𝑛𝑔 -1.03 -1.22 -1.24 -1.24 -0.875 

𝛽𝑇𝐼𝑀𝐸 0.103 0.109 0.109 0.109 0.109 

𝛽𝑊𝑎𝑙𝑘 0.227 0.228 0.228 0.228 0.228 

𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡 -0.417 -0.412 -0.412 -0.412 -0.412 

𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡 -0.0965 -0.085 -0.0848 -0.0848 -0.0904 

𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡 2.26 2.88 2.87 2.87 2.9 

𝛽𝐴𝑉,𝐸𝑑𝑢 0.335 0.337 0.337 0.337 0.333 

𝛽𝐴𝑉,𝐼𝑛𝑐 0.523 0.52 0.52 0.52 0.47 

𝛽𝐴𝑉,𝑀𝑖𝑙𝑙 4.47 4.44 4.44 4.44 4.43 

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.416 0.414 0.414 0.414 0.33 

𝛽𝐶𝑎𝑟,𝑁 4.51 4.51 4.51 4.51 4.51 

𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 2.63 2.69 2.7 2.69 2.7 

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 2.54 2.47 2.48 2.48 2.53 

𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 6.21 6.23 6.23 6.23 6.24 

𝛽𝑇𝑅𝑆𝐹 / 0.0692 0.0692 0.0692 0.0543 

𝑃𝑁 / 0.707 0.769 / / 

𝑃𝑁𝐴𝑉 / -0.201 -0.202 -0.202 -0.248 

𝜆 / / -0.113 -0.101 1.54 

𝜇𝑇𝑅𝑆𝐹 / / / -0.323 / 

𝜎𝑇𝑅𝑆𝐹 / / / 0.339 0.867 

𝛼𝑇𝑅𝑆𝐹 / / / / -0.0343 

𝜂𝐼𝑛𝑐 / / / / 0.12 

𝜂𝐸𝑙𝑑𝑒𝑟 / / / / 0.276 

Number of 

parameters 
19 22 23 24 26 

Final 

loglikelihood 
-21503.354 -21488.880 -21488.844 -21488.836 -21472.540 

�̅�2 0.745 0.746 0.746 0.754 0.746 

Table 7.11 Estimation results of the Base model, Model 1, Model 2, Model 3 and 

Model 4. 
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The results somewhat support H4, that the individual specific magnitude of transfer 

penalty is regulated by socio-demographic variables. The estimates suggest that with 

the increase in estimated household average annual income of $10,000, one would 

perceive an additional transfer to be $0.12 more costly. For an elderly person, an 

additional transfer is $0.28 more costly than an otherwise identical not elderly person. 

However, the t-statistics of the corresponding coefficients are relatively small. In 

addition, the magnitude of 𝜎𝑇𝑅𝑆𝐹  is relatively large, and the estimate of 𝜆  varies 

hugely from previous model, suggesting that there might be numeric issues. 

7.3.3.5 Discussion 

In this study, we focus on the notion of transfer penalty, which refers to the disutility 

perceived purely due to the inconvenience of transfer, besides the additional time and 

cost. From a series of models explored in this study, we have the following findings. 

 Transfer penalty exists and deters consumers from choosing transit and 

AV+PT services. However, this penalty is potentially non-existent with 

transfers involving AV on either end. 

 Most individuals do not demonstrate increased or diminishing sensitivity to 

the total number of transfers involved in a trip. 

 There is significant inter-individual heterogeneity in the magnitudes of transfer 

penalty. 

 Individual magnitude of transfer penalty is correlated with household income 

and being elderly to a certain extent. 

However, this study has its limitations. The quality of responses could be tempered by 

common pitfalls of stated preference data, such as hypothetical bias, perverse intention 

to influence policy-making or automatic choices not based on random utility 

maximization. This could also mean that our modelling framework could be 

complemented with other decision making protocols. The wide variance in magnitude 

of transfer penalty seems to suggest the existence of latent classes in terms of how 

transfer disutility is perceived, which unfortunately has not been supported by the data 

in further modelling efforts. 
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7.4 AV Ride-Hailing Mode Choice Analysis 

As we discussed previously in section 6.1, there are a multitude of factors affecting 

adoption of ride-hailing. By replacing the ride-hailing fleet with AV, we expect that a 

similar set of factors should still apply. But presumably, many more factors would 

start to play a role in the likelihood of AV ride-hailing adoption. 

In the following section, we focus on the sociodemographic characteristics, as well as 

some basic trip attributes on their effect on the likelihood to choose AV ride-hailing 

in the SCE. 

7.4.1 Socio-Demographic and AV Ride-Hailing Choice Analysis 

In the last section, during the discussion of relationship between AV alternatives and 

socio-demographic characteristics, we have explored the characteristics whose effects 

are shared by both AV ride-hailing and AV+PT services. In this section, we focus on 

the factors that we assume exclusively affect choice for AV the ride-hailing service. 

Firstly, we assume that several sociodemographic characteristics could be associated 

with likelihood to choose AV ride-hailing. For example, as discussed in section 6.1 

and explored in subsection 7.3.1, being young, in particular being a millennial or 

younger have a positive correlation with the likelihood of using AV services. 

Furthermore, we assume that having higher financial security would also be associated 

with higher likelihood to adopt AV ride-hailing, as higher financial security not only 

has been found in section 6.1 to have a positive correlation with ride-hailing adoption 

in general, but can also encourage individuals to explore new options. 

Secondly, we assume that the time spent waiting for the AV ride-hailing vehicle would 

significantly deter choosing AV ride-hailing. Although we do not specify what the 

respondent will be able to do during the waiting period, it could appear less productive 

as the respondent is not making progress towards reaching his/her desired destination. 

This could result in a larger value of time when waiting for the AV ride-hailing 

vehicle. 

Thirdly, we assume that having current experience with ride-hailing services is 

positively associated with likelihood of choosing AV ride-hailing. It is well 

established that mode choice behaviour is usually moderated by previous behaviour 

and experience. In our case, having experience with ride-hailing services might make 
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the respondent less hesitant or concerned when faced with a ride-hailing service but 

provided with AV. 

In particular, we make the following a priori hypotheses: 

H1 Being employed and having working adults in the household are associated 

with choosing AV ride-hailing. 

H2 Waiting time, which elapses from requesting for a vehicle to getting in the 

vehicle, is negatively associated with the likelihood of choosing AV ride-

hailing. 

H3 Previous experience with ride-hailing services is positively associated with the 

likelihood of choosing AV ride-hailing. 

Regarding H1, we specifically look at employment status and the number of working 

adults in the household. The stated choice distribution of respondents from households 

with different number of working adults is summarised in Figure 7.14. We observe 

that respondents from households with working adults are more likely to choose AV 

ride-hailing than those without, while the difference is not pronounced among 

different positive numbers of working adults. The mode choice distribution of 

respondents with different employment status is summarised in Figure 7.15. We 

observe that full-time employed individuals are much more likely to choose AV ride-

hailing than others. These effects are further discussed in a mode choice model. 

 

Figure 7.14 Stated choice experiments choice distribution for households with 

different numbers of working adults. 
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Figure 7.15 Stated choice experiments choice distribution for individuals with 

employment status of full-time employed, part-time employed and else. 

 

Regarding H3, we approximate previous experience with AV ride-hailing with the 

self-reported average percentage of weekly trips carried out using ride-hailing services 

(Uber, Lyft, etc.). This statistic is explored in greater detail in chapter 5. As we 

discussed, more than half, or 59%, of the sample report making 0% of their trips using 

ride-hailing services. Here we choose to use the self-reported percentage of trips, 

rather than self-identifying as a ride-hailing user or other metrics for two reasons. 

Firstly, we think this metric is a relatively objective measure of the respondent’s 

familiarity with ride-hailing services. In addition, the difference between making 0% 

of the trips and otherwise is very salient, thus less ambiguous in the metric itself.  

We summarise the mode choice distribution of respondents with different self-

reported percentage of weekly trips made using ride-hailing services in Figure 7.16. 

Here we arbitrarily select 10% and 30% as cut-off points. We observe an obvious 

upward trend in AV ride-hailing choice with increasing percentage of self-reported 

ride-hailing weekly trips. Interestingly, the trend is also significant for transit choice 

and even AV+PT choice, which echoes our finding in section 6.1. 
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Figure 7.16 Stated choice experiments choice distribution for individuals with 

different self-reported average proportions of trips carried out using ride-hailing 

services. 

We further examine these effects in a mode choice model. This mode choice model is 

modified based on the Base Model developed and estimated in section 7.3. The utility 

function of the AV ride-hailing alternative is as follows, while utility functions of all 

other alternatives stay the same. 

𝑉𝐴𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸) (−(1 + 𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡)𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 + 𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 −

𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑇𝑁𝐶 + 𝛽𝐴𝑉,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 +

𝛽𝐴𝑉𝑇𝑁𝐶,𝐹𝑇𝐹𝑢𝑙𝑙𝑇𝑖𝑚𝑒 − 𝛽𝐴𝑉𝑇𝑁𝐶,𝑁𝑜𝑊𝑘𝑁𝑜𝑊𝑘𝐴𝑑𝑡 + 𝛽𝐴𝑉𝑇𝑁𝐶,𝑃𝑟𝑒𝑣𝑃𝑟𝑒𝑣𝑇𝑁𝐶 −

𝛽𝐴𝑉𝑇𝑁𝐶,𝑊𝑎𝑖𝑡𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶)  

Notice here that the generic waiting time coefficient in the original waiting time term 

of the Base Model has been substituted with an AV ride-hailing specific waiting time 

coefficient. 

The estimation results are reported in Table 7.12 and the weighted aggregated 

elasticities are reported in Table 7.13. 
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Coefficient Estimate t-stat Coefficient Estimate t-stat 

𝑆𝐶𝐴𝐿𝐸 -2.2 -63.91 𝛽𝐴𝑉,𝐸𝑑𝑢 0.227 2.12 

𝐴𝑆𝐶𝑊𝑎𝑙𝑘𝑖𝑛𝑔 -5.97 -10.56 𝛽𝐴𝑉,𝐼𝑛𝑐 0.443 5.6 

𝐴𝑆𝐶𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -10.3 -19.16 𝛽𝐴𝑉,𝑀𝑖𝑙𝑙 2.69 5.05 

𝐴𝑆𝐶𝐴𝑉𝑇𝑁𝐶 -14.1 -7.75 𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.408 8.12 

𝐴𝑆𝐶𝐴𝑉𝑃𝑇 -16.2 -8.01 𝛽𝐶𝑎𝑟,𝑁 4.54 19.19 

𝐴𝑆𝐶𝐷𝑟𝑖𝑣𝑖𝑛𝑔 -1.16 -1.94 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 2.51 6.59 

𝛽𝑇𝐼𝑀𝐸 0.101 15.18 𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 2.67 7.41 

𝛽𝑊𝑎𝑙𝑘 0.0396 1.2 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 6.48 15.98 

𝛽𝑊𝑎𝑖𝑡 0.237 10.97 𝛽𝐴𝑉𝑇𝑁𝐶,𝐹𝑇 0.95 1.55 

𝛽𝐴𝑉𝑇𝑁𝐶,𝐶𝑜𝑠𝑡 -0.39 -7.64 𝛽𝐴𝑉𝑇𝑁𝐶,𝑁𝑜𝑊𝑘 6.17 4.98 

𝛽𝐴𝑉𝑃𝑇,𝐶𝑜𝑠𝑡 -0.082 -0.53 𝛽𝐴𝑉𝑇𝑁𝐶,𝑃𝑟𝑒𝑣 5.84 9.27 

𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡 1.8 2.19 𝛽𝐴𝑉𝑇𝑁𝐶,𝑊𝑎𝑖𝑡 0.342 4.81 

Number of 

parameters 

24 
    

Final 

loglikelihood 

-21402.725 
    

�̅�2 0.747     

Table 7.12 Estimation results of mode choice model with parameters for AV ride-

hailing. 

Variable Alternative Elasticity Variable Alternative Elasticity 

𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔 Walking -0.644 𝐼𝑛𝑐𝑃𝑒𝑟 AV-TNC 0.0932 

𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 Bicycling -0.368 𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 AV+PT -0.595 

𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.124 𝑇𝑇𝐴𝑉𝑃𝑇 AV+PT -0.361 

𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.350 𝑊𝑎𝑙𝑘𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0258 

𝑊𝑎𝑙𝑘𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.213 𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑃𝑇 AV+PT -0.0259 

𝑊𝑎𝑖𝑡𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 Transit -0.0139 𝐼𝑛𝑐𝑃𝑒𝑟 AV+PT 0.0840 

𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.654 𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.447 

𝑇𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.196 𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 Driving -0.115 

𝑊𝑎𝑖𝑡𝑇𝐴𝑉𝑇𝑁𝐶 AV-TNC -0.230 𝐼𝑛𝑐𝑃𝑒𝑟 Driving 0.0635 

Table 7.13 Point reweighted aggregate elasticities of continuous variables 

corresponding to alternatives. 
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H1, that having a full-time job and having any working adults in the household is 

positively associated with AV ride-hailing choice, is supported by the estimation 

results. This finding is true even when controlling for household income and age 

variables. This suggests that AV ride-hailing services could expedite their adoption by 

marketing to working professionals, who, given the same information, are more likely 

to choose the service. 

H2, that waiting time is negatively associated with choosing AV ride-hailing, is 

supported by the estimation result. In fact, on top of the $6.12 per hour value of total 

travel time, waiting time for AV ride-hailing vehicle add an additional $22.86 per 

hour. The magnitude of the impact of waiting time is non-negligible. This suggests 

that AV ride-hailing providers should put effort to reduce waiting time by providing a 

sufficiently high level of service or through highly efficient fleet dispatching. 

H3, that previous experience with ride-hailing is positively correlated with higher 

likelihood to choose AV ride-hailing, is supported by the estimation result. In fact, the 

model estimate suggests that on average, the effect by merely having currently ridden 

on ride-hailing services is roughly equivalent to decreasing the cost of the service by 

$5.84. Given this rather impressive magnitude, AV ride-hailing service provider 

should lower the threshold to experience ride-hailing services in general to maximize 

their adoption. 

7.5 Combined RP and SP Mode Choice Analysis 

7.5.1 Model Specification and Estimation Results 

After separately discussing the mode choice behaviour corresponding to actual 

reported trips and stated choice experiments, a logical question is whether there exists 

consistency between the choices, as well as the effect of different contributing 

variables. In this section, we investigate this question using a combined revealed 

preference (RP) and stated preference (SP) mode choice analysis. 

We expect that given a respondent has chosen a certain mode in the RP study, they 

would be more likely to choose a very similar mode in the SP study following 

immediately after, for two possible reasons. Firstly, despite the pivots, some basic 

economic trade-off involved in the mode choice might not have changed among the 

modes. For example, driving might still be the most convenient mode for respondents 
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living far away from transit services. Secondly, at least to some extent, respondents 

might be responding to the stated choice experiments with the path of least cognitive 

effort, which results in usually the mode that they are most familiar with. This 

reasoning leads us to attempt to understand the behaviour using a combined RP and 

SP mode choice analysis. For the first hypothesis, we can jointly model the effect of 

trip attributes and sociodemographic variables. For the second hypothesis, we can 

again approximate some of this effect using the user group self-identifications. 

In particular, similarly to the model developed in section 6.4, we develop a simple 

multinomial logit model for the SP data only. The model specification stays the same 

for alternatives walking, bicycling, transit, driving and ride-hailing, but with different 

alternative specific constants. The systematic components of the utility functions are 

as follows. 

𝑉𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (𝐴𝑆𝐶𝑆𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛)  

𝑉𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (𝐴𝑆𝐶𝑆𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 + 𝑃𝑇𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑃𝑇 + 𝑇𝑁𝐶𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝐴𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 + 𝐴𝑆𝐶𝑆𝑃,𝐴𝑉𝑇𝑁𝐶 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑇𝑁𝐶 +

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝑃𝑇𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑃𝑇 +

𝑇𝑁𝐶𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝑆𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  

𝑉𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝑆𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑅𝑖𝑑𝑖𝑛𝑔 +

𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡𝐷𝑖𝑟𝑒𝑐𝑡𝐴𝑉𝑃𝑇 + 𝛽𝐴𝑉𝑃𝑇,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝐴𝑉𝑃𝑇,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐴𝑉𝑃𝑇,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 +

𝑃𝑇𝐴𝑉𝑃𝑇𝑈𝑠𝑒𝑃𝑇 + 𝑇𝑁𝐶𝐴𝑉𝑃𝑇𝑈𝑠𝑒𝑇𝑁𝐶)  

Next, a model combining the RP and SP data is estimated. In order to account for the 

difference in response random errors between RP and SP data generating processes, 

we include both scale parameters in corresponding utility functions. Due to the fact 

that respondents have fundamentally less practical experience with the SP choice 

scenarios, we expect the corresponding error terms to have a larger variance. Denoting 
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the i.i.d. Gumbel error terms in RP and SP utility functions respectively as 휀𝑅𝑃 and 

휀𝑆𝑃, we expect that 

𝑉𝑎𝑟(휀𝑅𝑃) = 𝜇2𝑉𝑎𝑟(휀𝑆𝑃) 

and 𝜇 ∈ (0,1). 

The model is estimated using all 2112 responses, through the same screening process 

as described in section 6.4. Each of these 2112 respondents have a complete set of 1 

RP choice, and 7 SP choices made. 

The systematic components of the utility functions are as follows: 

𝑉𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔)  

𝑉𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒)  

𝑉𝑅𝑃,𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑁𝐶 + 𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑁𝐶 +

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛)  

𝑉𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  

𝑉𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃) (−𝐶𝑜𝑠𝑡𝑅𝑖𝑑𝑖𝑛𝑔 + 𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑅𝑖𝑑𝑖𝑛𝑔 +

𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻𝐻𝐻𝑆𝑖𝑧𝑒)  

𝑉𝑆𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (𝐴𝑆𝐶𝑆𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸  𝑇𝑇𝑊𝑎𝑙𝑘𝑖𝑛𝑔)  

𝑉𝑆𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (𝐴𝑆𝐶𝑆𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔)  

𝑉𝑆𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝑇𝑟𝑎𝑛𝑠𝑖𝑡 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑇𝑟𝑎𝑛𝑠𝑖𝑡 + 𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 +

𝐵𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒𝐶𝑜𝑚𝑚𝑢𝑡𝑒 + 𝑃𝑇𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑃𝑇 + 𝑇𝑁𝐶𝑅𝑃,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝑆𝑃,𝐴𝑉𝑇𝑁𝐶 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑇𝑁𝐶 + 𝐴𝑆𝐶𝑆𝑃,𝐴𝑉𝑇𝑁𝐶 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐴𝑉𝑇𝑁𝐶 +

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝑇𝑁𝐶,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝑃𝑇𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑃𝑇 +

𝑇𝑁𝐶𝑅𝑃,𝑇𝑁𝐶𝑈𝑠𝑒𝑇𝑁𝐶)  

𝑉𝑆𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐷𝑟𝑖𝑣𝑛𝑔 + 𝐴𝑆𝐶𝑆𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝐷𝑟𝑖𝑣𝑖𝑛𝑔 +

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 + 𝛽𝐶𝑎𝑟,𝑁𝑁𝐶𝑎𝑟𝑠 + 𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝𝑆ℎ𝑜𝑝𝑝𝑖𝑛𝑔)  
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𝑉𝑆𝑃,𝐴𝑉𝑃𝑇 = exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃) (−𝐶𝑜𝑠𝑡𝐴𝑉𝑃𝑇 + 𝐴𝑆𝐶𝑆𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 − 𝛽𝑇𝐼𝑀𝐸𝑇𝑇𝑅𝑖𝑑𝑖𝑛𝑔 +

𝛽𝑃𝑇,𝑃𝑎𝑠𝑠𝑃𝑎𝑠𝑠 + 𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡𝐷𝑖𝑟𝑒𝑐𝑡𝐴𝑉𝑃𝑇 + 𝛽𝐴𝑉𝑃𝑇,𝐸𝑑𝑢𝐸𝑑𝑢 + 𝛽𝐴𝑉𝑃𝑇,𝐼𝑛𝑐𝐼𝑛𝑐𝑃𝑒𝑟 +

𝛽𝐴𝑉𝑃𝑇,𝑀𝑖𝑙𝑙𝑀𝑖𝑙𝑙𝑒𝑛 + 𝑃𝑇𝐴𝑉𝑃𝑇𝑈𝑠𝑒𝑃𝑇 + 𝑇𝑁𝐶𝐴𝑉𝑃𝑇𝑈𝑠𝑒𝑇𝑁𝐶)  

Notice that we are treating “Ride-hailing” and “AV Ride-hailing” as one alternative 

across RP and SP analysis, and constrain the corresponding coefficients to be the same 

except for alternative specific constants. This decision is informed by the similarity in 

how different variables predict choosing both alternatives under RP and SP settings. 

The estimation results of the three models are presented in Figure 7.17. The following 

discussions focus on interpreting the estimation results of the combined RP+SP model. 

From the scale parameter estimates, we confirm that, assuming i.i.d. Gumbel error 

terms in the alternatives, the RP observations are generated through a process with a 

smaller error than the SP observations. In particular, the estimated 𝜇 =
exp(𝑆𝐶𝐴𝐿𝐸𝑆𝑃)

exp(𝑆𝐶𝐴𝐿𝐸𝑅𝑃)
=

0.71. By applying the scale parameters in our specification, we can also in principle 

directly compare the magnitude of coefficient estimates across different models 

without scaling, as they are the marginal rates of substitution with the cost terms. 

Quite consistently, the alternative specific constants vary significantly across RP and 

SP observations and cannot be reduced to one set of shared parameters. In both the RP 

specification and SP specification, we use transit as a reference alternative, and assume 

that there is no policy bias in this alternative in the SP trials. Given this assumption, 

we can directly compare the alternative specific constant across RP and SP estimates. 

We notice some pronounced policy biases. For example, respondents have a large bias 

towards choosing walking and bicycling in the SP trials. There can also be a bias 

towards choosing AV ride-hailing in SP, meaning by replacing the fleet with AVs, 

respondents actually prefer the alternative more than the current conditions. However, 

the difference in the constant estimates might simultaneously capture the preference 

for the value provided by AVs in the SP as well as a policy bias, and could be a result 

of overall underreporting “Ride-hailing” choice in the RP data. All else equal, 

respondents have relatively stable preference for driving across RP and SP. Finally, 

the alternative specific constant with respect to AV+PT is significantly negative, 

which might simultaneously capture a lack of interest in the mode, and a high 

psychological cost of switching to a hypothetical mode. 
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Coefficient RP SP RP+SP 

𝑆𝐶𝐴𝐿𝐸𝑅𝑃 -2.22 (15.83) /  -2.04 (36.79) 

𝑆𝐶𝐴𝐿𝐸𝑆𝑃 /  -2.37 (77.06) -2.38 (60.59) 

𝐴𝑆𝐶𝑅𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 2.43 (1.45) /  -1.17 (0.98) 

𝐴𝑆𝐶𝑅𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 -20.1 (5.86) /  -20.3 (8.51) 

𝐴𝑆𝐶𝑅𝑃,𝑇𝑁𝐶 -24.8 (2.71) /  -19.7 (6.95) 

𝐴𝑆𝐶𝑅𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 20.2 (6.56) /  9.1 (11.03) 

𝐴𝑆𝐶𝑅𝑃,𝑅𝑖𝑑𝑖𝑛𝑔 1.89 (1.06) /  -1.43 (1.12) 

𝐴𝑆𝐶𝑆𝑃,𝑊𝑎𝑙𝑘𝑖𝑛𝑔 /  3.77 (5.01) 4.41 (7.76) 

𝐴𝑆𝐶𝑆𝑃,𝐵𝑖𝑐𝑦𝑐𝑙𝑖𝑛𝑔 /  -1.66 (3.33) -1.04 (2.06) 

𝐴𝑆𝐶𝑆𝑃,𝐴𝑉𝑇𝑁𝐶 /  -10.9 (4.31) -10.4 (4.51) 

𝐴𝑆𝐶𝑆𝑃,𝐷𝑟𝑖𝑣𝑖𝑛𝑔 /  8.85 (12.22) 10.3 (14.7) 

𝐴𝑆𝐶𝑆𝑃,𝐴𝑉𝑃𝑇 /  -19 (5.14) -18.7 (5.06) 

𝛽𝑇𝐼𝑀𝐸 0.151 (5.34) 0.128 (8.35) 0.129 (15.8) 

𝛽𝐴𝑉𝑃𝑇,𝐷𝑖𝑟𝑒𝑐𝑡 /  2.6 (2.46) 2.53 (2.35) 

𝛽𝐴𝑉𝑃𝑇,𝐸𝑑𝑢 /  0.754 (3.28) 0.756 (3.25) 

𝛽𝐴𝑉𝑃𝑇,𝐼𝑛𝑐 /  0.205 (1.32) 0.208 (1.34) 

𝛽𝐴𝑉𝑃𝑇,𝑀𝑖𝑙𝑙 /  2.25 (2.06) 2.27 (2.06) 

𝛽𝑇𝑁𝐶,𝐸𝑑𝑢 -0.154 (0.3) 0.417 (2.79) 0.382 (2.62) 

𝛽𝑇𝑁𝐶,𝐼𝑛𝑐 0.436 (1.39) 0.572 (5.45) 0.561 (5.65) 

𝛽𝑇𝑁𝐶,𝑀𝑖𝑙𝑙 2.6 (0.74) 2.86 (3.53) 2.85 (3.59) 

𝛽𝐶𝑎𝑟,𝐼𝑛𝑐 0.391 (2.27) 0.399 (6.6) 0.4 (7.07) 

𝛽𝐶𝑎𝑟,𝑁 1.26 (1.7) 4.72 (18.73) 4.26 (15.84) 

𝛽𝐶𝑎𝑟,𝑆ℎ𝑜𝑝 1.38 (1.11) 3.21 (6.16) 2.88 (6.69) 

𝛽𝑃𝑇,𝐶𝑜𝑚𝑚𝑢𝑡𝑒 4.85 (3.38) 2.02 (4.5) 2.34 (5.57) 

𝛽𝑃𝑇,𝑃𝑎𝑠𝑠 2.26 (1.5) 0.154 (0.3) 0.408 (0.87) 

𝛽𝑅𝑖𝑑𝑖𝑛𝑔,𝐻𝐻 1.19 (3.07) /  1.1 (3.77) 

𝑃𝑇𝑃𝑇 21.3 (6.11) 17.1 (22.65) 17.3 (19.78) 

𝑃𝑇𝑇𝑁𝐶 7.76 (2.25) 3.75 (4.58) 4.02 (5.08) 

𝑇𝑁𝐶𝑃𝑇 4.78 (3.28) -0.374 (0.74) 0.421 (0.92) 

𝑇𝑁𝐶𝑇𝑁𝐶 28.1 (4.16) 8.27 (9.08) 9.4 (10.32) 

𝑃𝑇𝐴𝑉𝑃𝑇 /  6.36 (5.17) 6.47 (5.26) 

𝑇𝑁𝐶𝐴𝑉𝑃𝑇 /  7.46 (6.3) 7.91 (6.64) 

Number of 

observations 
2112 14784 16896 

Number of 

parameters 
20 24 32 

Initial loglikelihood -11383.566 -79423.275 -90806.841 

Final loglikelihood -1775.824 -19203.574 -21019.343 

�̅�2 0.841 0.758 0.768 

Figure 7.17 Estimation results of RP, SP and combined RP+SP models. 
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Most coefficient estimates are coherent across the RP, SP and RP+SP models, with a 

few exceptions. The implications of the estimates are mostly discussed already in 

section 7.3. Surprisingly, trip purpose is estimated with significant difference in how 

predictive it is in the RP and SP models. A commuting purpose is less predictive of 

choosing transit and AV+PT, while a shopping purpose is more predictive of choosing 

driving in SP than in RP model. In addition, education is significantly correlated with 

choosing ride-hailing in SP while it is not in RP. Admittedly, the number of 

respondents choosing ride-hailing in RP is relatively small. 

We are especially interested in how the user group identifications predicts mode 

choice and how the effect carries over to the SP choices. The direction of correlation 

between transit user and ride-hailing user group identifications and likelihood of 

choosing each mode is stable across RP and SP models, except for the fact that 

identifying as a ride-hailing user predicts choosing transit in RP, but not in SP. There 

are two explanations to this change in effect between RP and SP. First, a parsimonious 

explanation would be that by introducing the AV mobility services, the ride-hailing 

users are no longer interested in transit. Second, this change can also be an artefact of 

hypothetical bias, which either deviates the respondents from practical reasoning, or 

results in a desire to please the researcher who had spent a lot of effort explaining AV. 

In addition, the magnitude of each coefficient is very consistently smaller in SP than 

in RP model. This suggests that the effect of user group identification carries over to 

SP choices in a similar fashion as it does in RP, but with non-trivial “loss”. Possible 

explanations include that respondents feel more “adventurous” outside their familiar 

modes in SP trials as the perceived real world impact of their choices is smaller. In 

particular, the effect of identifying as a ride-hailing user on choosing ride-hailing 

diminishes greatly in SP trials, suggesting, similarly to our discussion in section 6.2, 

that ride-hailing users might be open to using a multitude of modes. 

7.5.2 Model Prediction and User Group Identification Sensitivity 

Analysis 

Given that we have estimated models measuring respondents’ preference regarding 

the modes, it is of interest to predict, under reasonable service conditions, the market 

share of different modes. 



Chapter 7: Demand Analysis from Stated Choice Experiments 

August 2019   155 

For the prediction process, we take the models that are estimated with the SP data, and 

simulate choice probabilities using the RP data combined with reasonable estimates 

of the AV+PT trip attributes. We then report the aggregate weighted choice probability 

for mode 𝑖. In particular, for each alternative 𝑖, we report 

∑ 𝑤𝑛𝑛 �̂�𝑆𝑃,𝑖(�̃�𝑅𝑃,𝑛)

∑ 𝑤𝑛𝑛
 

where �̃�𝑅𝑃,𝑛 = (𝑋𝑅𝑃, 𝑋𝐴𝑉𝑃𝑇)𝑛
𝑇. 

In the prediction exercise provided in this thesis, we perform microsimulation on 1025 

individuals, for whom AV+PT trip attributes have been calculated in the SP trials. 

Each model is applied twice, first with AV+PT not being available, and then with 

AV+PT available to every individual. The trip attributes are calculated as follows. For 

walking, bicycling, transit, AV ride-hailing and driving, we simply take the trip 

attributes and alternative availability used in the RP model estimation as described in 

section 6.4. The total travel time for AV+PT is calculated as the mean of those of the 

seven generated stated choice menus. The total travel cost is calculated as the sum of 

a transit ride estimated for the individual and the base costs for the AV segments, 

without considering any discounts. 

We then simulate and report the aggregate weighted choice probabilities, or market 

shares, of each SP mode, applying the SP and RP+SP models on these generated 

reasonable trip attributes data. As the alternative specific constants of the models 

estimated using SP data could be biased, we also report the results of using the same 

model, but with the alternatives specific constants replaced with those estimated using 

the RP data. In particular, the SP* model uses the alternative specific constants from 

the RP model, and the RP+SP* model uses those in the same model but for RP 

observations. The results of all four models are summarised in Table 7.14. 

Using the adjusted alternative specific constants, we correct the unrealistically inflated 

market shares of walking and bicycling modes. However, there could be a potential 

bias against choosing AV Ride-hailing in the adjusted models, resulted in by possible 

underreporting of ride-hailing modes in the RP data. In addition, the adjusted models 

in general result in a higher market share for driving, reflecting a bias against choosing 

driving in SP trials. 
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Model Walking Bicycling Transit 
AV Ride-

hailing 
Driving AV+PT 

SP 10.40% 12.31% 27.37% 7.70% 42.22% N/A 

 9.59% 11.41% 25.03% 6.98% 40.10% 6.89% 

SP* 7.48% 1.71% 24.17% 1.87% 64.78% N/A 

 6.63% 1.54% 21.77% 1.61% 62.61% 5.84% 

RP+SP 10.46% 12.38% 27.44% 7.71% 42.03% N/A 

 9.65% 11.48% 25.07% 6.97% 39.90% 6.92% 

RP+SP* 8.99% 2.90% 34.46% 4.61% 49.04% N/A 

 7.90% 2.59% 30.78% 3.95% 45.77% 9.01% 

Table 7.14 Comparison of predicted aggregate weighted choice probabilities 

from different models. (Asterisk indicates alternative specific constants are 

adjusted.) 

Adding the hypothetical mode AV+PT makes a non-trivial change to the market 

shares. Because we assume AV+PT is available to the whole simulated sample, 

instead of to only half as was the case in the survey questionnaire, the market share of 

AV+PT is a lot higher than was observed from the survey responses. At the generated 

reasonable service conditions, all models suggest that AV+PT will be at least as 

popular as AV Ride-hailing. 

The following analyses will be based on the RP+SP* model. There are two reasons to 

this choice. First, the RP+SP* model is able to incorporate more data, which in 

principle would produce a more robust model. Second, the predicted market shares of 

the RP+SP* model for modes other than AV+PT closely follow those of the RP 

responses. In the predicted choice probabilities in Table 7.14, RP+SP* model predicts 

that AV+PT alternative would take 9.01% of the market.  

Finally, we are interested in how sensitive the market shares are to two set of variables, 

AV+PT system design variables and environment variables. The first set could include 

variables such as AV fleet size in AV+PT, AV capacity and sharing policy in AV+PT, 

fare policy of AV+PT. The second set could include variables such as 

sociodemographic variables and service performance of other travel modes. 

Obviously, there are limits as to what variable changes discrete choice models alone 
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could reliably predict. Variables such as fleet size indirectly impacts market share 

through changing waiting time distribution, which can be properly modelled by using 

more operations oriented simulation models. In the following paragraphs, we will 

present two examples of how discrete choice models can be used to estimate the 

impacts of changes in these two sets of variables. 

First we construct three scenarios of city-wide AV+PT deployment. In all scenarios, 

the non-AV alternatives’ attributes take values from the previously tested reasonable 

example. In Scenario 1, we further assume that the waiting time for an AV ride-hailing 

trip is 5 minutes, while the waiting time for an AV ride in AV+PT is 10 minutes. This 

would correspond to a low level of service for AV+PT. In Scenario 2, we assume that 

the waiting times for an AV trip in both AV ride-hailing and AV+PT are 5 minutes. 

This would correspond to a moderate level of service for AV+PT, which could be the 

result of TNCs providing AV rides to both services indiscriminately. In Scenario 3, 

we assume the waiting time for an AV ride-hailing trip is 5 minutes, while the waiting 

time for an AV ride in AV+PT is 3 minutes. In addition, we assume a $2 discount 

when the AV+PT trip combines transit and AV rides. This would correspond to an 

aggressive rollout of AV+PT mode. These three scenarios are compared with a 

reference scenario, where AV+PT is not available, and all AV ride-hailing trips entails 

a 5-minute waiting period. 

The predicted market shares in our sample based on the RP+SP* model in the four 

scenarios are presented in Table 7.15. As the service performance levels of the AV+PT 

alternatives get more favourable from Scenario 1 to Scenario 2 and then Scenario 3, 

there is an appreciable albeit modest increase in the market share of AV+PT and 

combined transit services. 

Scenario Walking Bicycling Transit 
AV Ride-

hailing 
Driving AV+PT 

% Change in 

combined PT 

Ref 9.21% 3.00% 34.92% 4.85% 48.02% N/A - 

1 8.11% 2.67% 31.38% 4.17% 44.94% 8.73% 5.19% 

2 8.04% 2.65% 31.12% 4.13% 44.73% 9.32% 5.53% 

3 8.02% 2.65% 31.01% 4.12% 44.64% 9.57% 5.67% 

Table 7.15 Predicted aggregate weighted choice probabilities from four scenarios 

of system design variables. 
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Beyond the aggregate predicted market shares, we are further interested in which 

respondents are predicted to be more interested in switching modes based on the 

RP+SP* model. We plot the weighted total number of respondents of every observed 

choice patterns with respect to both the actual reported mode choice as well as the 

predicted choice in the hypothetical choice situation under Scenario 2 in Figure 7.18. 

Firstly, we immediately notice the large number of respondents predicted to keep their 

choice of transit and driving. Similarly, respondents choosing Riding in actual trip are 

predominantly predicted to choose driving, as Riding is no longer available in the 

hypothetical choice set. Secondly, we notice that respondents predicted to adopt 

AV+PT largely reported using transit and driving in the actual trip. This suggests 

AV+PT could appeal to a wide base of individuals. Lastly, we observe a nontrivial 

number of respondents switch between transit and driving from actual trip to predicted 

hypothetical choice. This pattern partially reflects the inherent stochasticity in mode 

choice, but at the same time captures some hypothetical bias introduced in the SCEs. 

Furthermore, we are interested in the choice switch patterns with respect to the low 

income community and senior citizens. This is important because we want to examine 

if AV+PT could offer equitable service. The total weighted numbers of low-income 

respondents of every choice pattern with respect to the actual trip reported mode 

choice and predicted choice under Scenario 2 are presented in Figure 7.19. Here 

whether or not a respondent qualifies for being a low-income individual is determined 

by whether his/her estimated household annual income falls below the standards 

suggested by Office of Policy Development and Research (2019) for the “Extremely 

Low Income” category, with regards to the Chicago-Joliet-Naperville, IL HUD Metro 

FMR Area (see Table 7.16), conditional on his/her reported household size. The 

observed choice patterns suggest no obvious adverse impacts on the low-income 

community. However, a comment is warranted here that, because we assumed a city-

wide deployment of the AV+PT service, we necessarily simultaneously assumed no 

geographically based disadvantage for any community. But if we were to deploy 

AV+PT in a cordon area, which is more likely the case in the real world, it is important 

to prevent underserving the low income community. This is especially important as 

we have shown previously that AV+PT appeals to younger individuals of higher 

income, and thus it might make the most economic sense to place such cordon where 

these segments of population are concentrated. 
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Figure 7.18 Total weighted number of respondents of every choice pattern with 

respect to the actual trip reported mode choice (left) and predicted choice under 

Scenario 2 (right). 

 

Figure 7.19 Total weighted number of respondents of every choice pattern with 

respect to the actual trip reported mode choice (left) and predicted choice under 

Scenario 2 (right) for Extremely Low Income individuals. 
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Number of Persons in Family Extremely Low Income Limits 

1 $18,750  

2 $21,400  

3 $24,100  

4 $26,750  

5 $30,170  

6 $34,590  

7 $39,010  

8 $43,430  

Table 7.16 Extremely Low Income Limits for Chicago-Joliet-Naperville, IL HUD 

Metro FMR Area (Office of Policy Development and Research, 2019). 

On the other hand, AV+PT has less appeal to senior citizens, i.e. those who are 65 

years of age or older. The total weighted numbers of senior respondents of every 

choice pattern with respect to the actual trip reported mode choice and predicted 

choice under Scenario 2 are presented in Figure 7.20. First, we notice high mode usage 

of driving in both actual trip and predicted choices, which could offer senior citizens 

a reliable way of travelling. Second, we observe a very low predicted conditional 

market share for AV+PT. This reflects the fact that senior citizens are not interested 

in AV services in general. The model does suggest that AV+PT offers a reasonable 

alternative to walking, and this might provide senior citizens with better mobility. 

Lastly, there is a nontrivial proportion of senior respondents who reported driving in 

the actual trip but are predicted to use transit. We cannot offer a straightforward 

explanation for this phenomenon. 

Next, we are interested in, if the population’s familiarity with ride-hailing modes 

continues to grow, what the implications are for mode shares and what kind of role 

AV+PT can play. We test cases with the current level of ride-hailing user groups 

identifications, as well as with none and all respondents identifying as ride-hailing 

users. That is, we hold ride-hailing user group identification as is in the survey, and 

simulate the RP+SP* on the 1025 respondents, setting 𝑈𝑠𝑒𝑃𝑇, separately in three 

cases, as 0 for all respondents, 1 for all respondents and the current level. In the 1025 

respondents, a weighted 31.87% identify as ride-hailing users. The simulated 

aggregate weighted mode choice probabilities are reported in Figure 7.21. For these 

simulations, system design variables assume values in Scenario 2. 
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Figure 7.20 Total weighted number of respondents of every choice pattern with 

respect to the actual trip reported mode choice (left) and predicted choice under 

Scenario 2 (right) for senior citizens. 

 

Figure 7.21 Sensitivity of aggregate weighted mode choice probabilities in ride-

hailing user group identification. 
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Some interesting trends emerge from the simulations above. With the increase of ride-

hailing user group identification, both AV Ride-hailing and AV+PT modes see 

considerable growth in their market shares, while all other modes’ market shares drop. 

If we assume that in the future, the population’s familiarity with ride-hailing services 

will continue to grow, this analysis reveals that, with the introduction of AV+PT, the 

combined market share of transit-based services will still grow moderately from the 

current 41.06% to 42.01%. 

There are, of course, caveats alongside these observations. Firstly, this model implies 

that the AV+PT mode is available city-wide, which might not be the most reasonable 

operations decision. Secondly, the practical implication of a 100% user group 

identification in the real world is not straightforward. We believe that the term of user 

group identification captures both omitted socio-economic characteristics that might 

lead to choosing the corresponding modes, as well as a habitual propensity of choosing 

it. It is possible that, with the growth of overall familiarity with a certain mode, the 

effect that such user group identification variables have on behaviour diminishes. 

7.6 Implications of Sampling Methods in Model Estimation 

A comment on the implications of our relatively complicated sampling method in the 

modelling estimation is required. We begin with a review of existing literature 

regarding classifications of sampling methods and their corresponding estimation 

methods, then we compare these approaches to what was applied in our sampling 

stage, we proceed to discuss our unique idiosyncrasies, challenges and potential bias, 

and finally we discuss possible ways of addressing potential bias. 

Discussion about dealing with different sampling methods in the model estimation 

process happened most intensively during the relatively early stages of random utility 

maximization model development. Most prominently, it was presented in Manski and 

McFadden (1981), Cosslett (1981) and Ben-Akiva, Lerman, and Lerman (1985). In 

general, these studies demonstrated that, in a situation of non-random sampling and 

especially stratified sampling, a conditional maximum likelihood estimator would 

produce consistent estimates. More recently, Bierlaire, Bolduc, and McFadden (2008) 

tried to unify different sampling strategies with a common estimator. They gave fairly 

distinct sets of sampling strategies. For example, Ben-Akiva et al. (1985) presented a 

set of sampling strategies from the practical perspective, including simple random 
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sampling, enriched sampling, double sampling. However, as far as the estimation 

process is concerned, we can classify sampling strategies into the following categories. 

1. Simple random sampling. Such samples are obtained when every individual in the 

sampling population has the same probability of being selected. 

2. Exogenous stratified sampling. Such samples are obtained by dividing the 

sampling population into groups characterized by only exogenous variables. The 

individuals in each group have the same probability of being selected. Specifically, 

these variables should not include the choices being studied. An example would 

be dividing the population by age brackets while studying commute mode choice 

– the choice and exogenous variables are likely to be correlated, but must be 

different. 

3. Endogenous stratified sampling. Such samples are obtained by dividing the 

sampling population into groups characterized by only endogenous variables. The 

individuals in each group have the same probability of being selected. Specifically, 

these variables must be the choice being studied. An example would be sampling 

individuals on the subway and buses while studying commuting mode choice. 

4. Exogenous and endogenous stratified sampling. Such samples are obtained by 

dividing the sampling population into groups characterized by both exogenous and 

endogenous variables. 

These four categories are obviously mutually exclusive. They should also be 

exhaustive, because the definition of groups can be arbitrarily granular until each 

individual is in his/her own group, which then becomes a generalization of any kind 

of sampling strategy. However, the estimation of these samples should require at least 

two known properties: 1) the complete set of variables that define these groups, and 

the value of these variables for each individual; and 2) the probabilities, or at least the 

ratio of probabilities, of being selected in each group. Equivalently, the second point 

can be interpreted as the relative magnitudes of these groups in the sampling 

population. In addition, note how the sampling strategy classification also depends on 

the analysis being conducted. 

Strictly speaking, the sampling strategy applied in this study, with respect to the mode 

choice analysis, should be an exogenous stratified sampling. Referring back to section 

4.2.1, the variables used were being a frequent commuter, using public transportation 

with certain frequency, using ride-hailing with certain frequency, age brackets, income 
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brackets and gender identification. When the dependent variable of interest is the mode 

choice, it is different from any of these variables. However, the wording of questions 

regarding transit and ride-hailing usage frequencies makes them look endogenous, 

especially as we have systematically used “Transit users” to refer to those who 

confirmed using transit with certain accuracy, and likewise with ride-hailing. To 

illustrate this point more clearly, the correlation between answering yes to the filtering 

question regarding transit usage frequency, and choosing transit in the actual trip 

reporting, is 0.54, while the same correlation with respect to ride-hailing is even lower 

at 0.14. These variables both enter the mode choice models, not unlike other socio-

economic variables such as income, as recommended by Bierlaire et al. (2008), but 

more importantly because of the straightforward policy implications. 

In general, the difference in sampling probabilities across groups have been addressed 

by applying weighting as described by Bierlaire (2017). Because we have established 

the exogeneity of sampling strategy, no modifications were made to the maximum 

likelihood estimators in the estimation process. 

However, there is a systematic issue involved in the sampling method, not fully 

discussed in current literature: The bias introduced by the exogenous sampling 

variables of using transit or ride-hailing with certain frequencies is potentially not 

adequately addressed, and the reason is exactly because we do not have a good 

estimate of the relative magnitudes of these groups in the sampling population, or 

equivalently the probability of an individual in these groups being sampled. The 

selection of the particular questions (“Have you been using Bus or Rail service 

provided by CTA, Metra or Pace on average for more than three days a week?” and 

“Have you been using ride-hailing services, such as Uber and Lyft, for at least twice 

a week on average?”) was made such that they are easy to implement and quick to 

understood at the beginning of the survey. But these questions are not often used 

elsewhere. 

Here in our application of mode choice modelling, the missing of the sampling 

probabilities in groups of using transit or ride-hailing with certain frequencies could 

result in uncertainty with respect to two areas of the modelling result: the alternative 

specific constants estimates and the predicted mode share. Firstly, such missing 

information should not result in biased model parameter estimates, except for the 

alternative specific constants (Ben-Akiva et al., 1985). Secondly, while the policy 
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implications of the constant estimates might not be as significant as, for example, the 

value of time coefficient, it could skew the market share prediction outcome. 

Therefore, with the current estimation, the results in section 7.5.2 should be taken with 

a grain of salt. 

Despite the lack of theoretic discussion of dealing with such an issue, we recognize 

two intuitive potential ways of addressing it. 

Firstly, the most parsimonious method would be get some reasonable estimate for the 

probabilities of being sampled as an individual who uses transit or ride-hailing with 

specified frequencies. This is in principle possible by acquiring the individual usage 

records from each operator. However, practically, it might prove challenging 

especially with the ride-hailing operators who are historically less willing to publish 

their data. 

The second method is more complex. Although our sampling strategy was exogenous, 

we can treat the sample as an endogenous sample based on the actual trip mode choice. 

Each group, i.e. individuals who chose a certain mode, could be treated then as an 

exogenous sample. By doing so, we “bypass” dealing with the sampling questions 

regarding transit and ride-hailing usage frequencies and directly address any bias in 

terms of mode choice itself. Estimating such a model would require the sampling 

probabilities of both stages: 1) The probability of individuals using each mode for their 

most recent trip to be sample, i.e. the mode share. 2) The probabilities of individuals 

in each group to be sampled characterized by sociodemographic variables.  

However, in practice, probabilities of both stages could prove difficult to get. Firstly, 

there is no good and updated source of public information on the mode share including 

ride-hailing corresponding to Cook County. The most recent available Chicago 

Metropolitan Agency for Planning (CMAP) mode choice dates back to 2008, and did 

not include ride-hailing as a separate mode. It was included in taxi services, whose 

mode share was lower than 1%. The National Household Travel Survey (NHTS) mode 

choice data was more updated, but it did not offer a geographical confine that closely 

resembles our sampling area. Secondly, there could be difficulty in getting the 

sociodemographic makeup of individuals using each mode. For example, there could 

be uncertainty in the sociodemographic makeup of new mode users such as ride-
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hailing riders, as well as users of modes that are more difficult to track, such as 

walking. 

Given this caveat, the discussion of sensitivity to the answers to the screening 

questions regarding whether the respondent used transit or ride-hailing with certain 

frequencies not only was importantly in terms of policies, but also bear modelling 

interpretation significance. From our analysis, if we assume that the proportion of 

respondents in our sample using transit with specified frequency is higher than in the 

sampling population, then the predicted transit mode share could be inflated, but the 

predicted AV+PT mode share is less likely to be compromised by this issue. 

7.7 Conclusion 

In this chapter, we examine the responses and models for the SCE. We find that the 

survey design approaches detailed in section 4.3 are in general robust, and yield 

satisfactory results. We also find that people of higher income, higher education, 

Millennials or younger are more likely to choose AV services. 

Furthermore, we conclude that AV+PT potentially can expand the service radius of 

current CTA train stations. The underlying mechanism could be that the introduction 

of AV for access and egress trips make consumers less sensitive to distance to the 

station. This is significant for policy making, as it suggests that AV+PT system could 

be first deployed in areas without easy transit access, but where the population 

resemble transit users. By doing this, we would expect AV+PT to draw ridership to 

transit vehicles. 

In addition, we find that AV+PT differ from conventional transit in terms of how 

transfers are perceived. Respondents appear not penalised by transfers presented with 

AV on either end, while staying sensitive to transfers otherwise. At the same time, 

respondents display diminishing sensitivity to increasing number of transfers. These 

findings suggest that additional transfers involving AV should not pull back potential 

adopters of the AV+PT services. 

Finally, through combining the actual reported trip data and the stated choice 

experiments, we establish some consistency in behavioural parameters across the 

actual and stated behaviour. Using simulations, we find that 1) AV+PT potentially 

appeals to a considerable number of individuals and increase combined transit mode 
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share, 2) respondents of different mode choice behaviour in the actual reported trip, 

including transit, driving and ride-hailing, are predicted to shift to AV+PT, 3) AV+PT 

is moderately sensitive to system design variables changes, and potentially enjoys 

more popularity should population’s familiarity with ride-hailing services continue to 

grow, and 4) city-wide AV+PT service does not disadvantage low-income community 

disproportionately, but offer less appeal to senior citizens. 
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8 POLICY IMPLICATIONS 

8.1 For the Chicago Transit Authority 

The implications of this study for the CTA is two-fold. The relationship between 

present-day ride-hailing services and transit services suggest potential to gain 

ridership by appealing to ride-hailing users and restricting driving behaviour, and we 

can summarise the stated choice experiment analysis into some practical guidelines 

for designing an AV+PT system. 

8.1.1 Relationship with Present-Day Ride-Hailing services 

Our discussions reveal a complicated relationship between ride-hailing and transit 

services, likely simultaneously complementary and substitutive, at an individual level.  

Firstly, ride-hailing adopters appear to be a very reachable group, who are already 

somewhat familiar with transit services. Transit agencies can direct tailored marketing 

initiatives based on the profile of this group. From analysis, we know that ride-hailing 

users tend to be younger individuals living closer to downtown, somewhat higher-

income and better-educated. From literature review, we also know that these users 

should have good access to smartphones and in general positive about technology. 

Therefore, strategies could include online campaigns, mobile apps, partnering with 

fashion or cultural brands and personalities, etc. It can also be very valuable to make 

information about transit services available when the tech-savvy users plan their trips. 

Secondly, at an individual level, ride-hailing users and transit users share similarities 

in travel patterns, including their low driving usage. With further study, transit 
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agencies can tap into this, and try to “convert” usual drivers by partnering with TNCs. 

The partnership could come in the form of a bundled monthly pass, a bundled one-

way fare discount, or an integrated service pilot. 

From a basic economic point of view, the cost for ride-hailing services could go one 

of two ways. Ride-hailing services are currently predominantly operating at a loss 

(Somerville, 2019). As we expect revenue pressure start to mount, they might be 

forced to raise price and experience a reduction in total trips. In that case, we cannot 

be sure about the effect on transit ridership. Transit could experience more users due 

to decrease in a competitive good. It could also lose ridership, as users who get 

accustomed to combining ride-hailing and transit services refuse to “scale-down” and 

direct those trips to other modes. However, it is also possible that AV deployment 

allow TNCs to significantly cut cost. In that case, we would expect the relationship 

between the two turn more competitive, resulting in lower ridership on the transit side. 

8.1.2 Designing AV+PT for Future 

Our stated choice experiment analysis reveals the following insights when designing 

an integrated AV+PT service. 

1) The most likely users of such system tend to be younger, higher-income and better-

educated. They also tend to have some experience with transit services. 

2) That being said, AV+PT has the potential to extend user base to people not 

currently relying on transit, and expands catchment area for transit stations. 

3) Like present-day transit services, AV+PT is probably more popular with 

commuting trips than with others. 

4) Users are penalised the most by waiting time when travelling. Therefore, it is 

important to maintain a high level of service in the area of AV+PT. 

5) It might make sense to approach the design with a pilot within certain geographical 

bounds. If that is the case, the pilot area should ideally be further away from 

downtown, but still within reasonable range of a transit station. The 

neighbourhood could be younger. 

6) Cost of AV+PT is usually perceived as saliently as the current transit services. But 

it is still useful to maintain the cost lower, for example, than the ride-hailing 

alternative, as consumers seem to have a higher tolerance for ride-hailing costs. 
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7) This study does not offer an in-depth analysis on the effect of transfers. But from 

some simple analysis and literature review, we know transfers can be one deterrent 

to such services. It is therefore, important to streamline transfer process and 

improve the environment. 

8) The addition of AV+PT could add to the resilience of transit system in the face of 

changes in consumer perception, as indicated by a stable or even increasing market 

share when ride-hailing user share increases or transit user share decreases. 

9) The need of groups facing additional mobility barriers should be considered. Our 

study reveals no adverse impact on low-income community, and low appeal to 

senior citizens, but the conclusions could be different were AV+PT to be deployed 

in a cordon area. 

8.2 For the City Regulators 

Our study finds significant overlap in the make-up as well as behavioural overlap 

between transit users and ride-hailing users. In particular, being a frequent ride-hailing 

user predicts higher likelihood of using transit services, and vice versa in the current 

environment. However, our SCEs offer evidence that with the introduction of AV 

mobility services, it is possible that transit services no longer appeal to ride-hailing 

users. Given the nontrivial size of ride-hailing user group in the population, this could 

lead to increased number of ride-hailing trips and low transit ridership. 

On a broader level, city regulators should always beware of the potential negative 

impact of ride-hailing services. While TNCs provide travellers with a viable travel 

alternative, many studies conclude that they could result in increasing level of 

congestion. A strong transit system is a necessity, especially to a city with the scale of 

Chicago, no matter how efficient mobility on demand systems can be (Basu et al., 

2018). In the potential case of disruptive technology causing fundamental mode shift 

behaviour, city regulators should be able to react with sensible measures to secure a 

healthy urban mobility system. 

On another aspect, this study also finds a large number of trips that combine ride-

hailing and transit services. Such trips are especially popular with the ride-hailing 

users. City regulators can further encourage such behaviour by offering discounts, or 

exemption from prices on ride-hailing trips. 
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8.3 For Ride-Hailing Companies 

By comparing demand response to ride-hailing with the hypothetical AV ride-hailing 

services, we also can derive insights on how ride-hailing companies could deploy AV 

if the technology becomes mature. 

First of all, consumers might be more welcoming to the AV ride-hailing service in 

general, as indicated by the larger alternative specific constant in the combined RP+SP 

analysis. However, due to the probable underreporting of ride-hailing in RP and 

possible policy and switch bias in the SP trials, we cannot isolate and accurately 

quantify each effect.  

Secondly, the users are penalised with waiting time, much more so in ride-hailing than 

in any other mode, as indicated by the large elasticity. Therefore, it is important to 

keep a reasonable level of service. 

Lastly, the user profile of AV ride-hailing is not unlike that of present-day ride-hailing. 

In addition, those with some experience with present-day ride-hailing are much more 

likely to want to try AV ride-hailing, indicating a large state dependence. Therefore, 

it is useful to try to expand user base if stagnation happens, and one possibility is to 

collaborate with transit agencies, as transit users are marginally more likely to be ride-

hailing users, and the two modes could complement each other to replace driving 

behaviour. 

 

References 

Basu, R., Araldo, A., Akkinepally, A. P., Nahmias Biran, B. H., Basak, K., Seshadri, 

R., . . . Ben-Akiva, M. (2018). Automated mobility-on-demand vs. mass 

transit: a multi-modal activity-driven agent-based simulation approach. 

Transportation Research Record, 0361198118758630.  

Somerville, H. (2019). Lyft's IPO filing shows surging revenue, widening losses. 

Reuters.  

 



Chapter 9: Conclusion 

August 2019   175 

9 CONCLUSION 

9.1 Summary 

Mobility service and the autonomous vehicles are predicted to be two of the most 

powerful revolutionary forces in transportation of the future. Each technology has its 

unprecedented and unique features to offer to the transportation market, and has or is 

expected to contribute significantly to the overall improvement of urban mobility and 

sustainability. In particular, the amalgamation of the two technologies, i.e. AV ride-

hailing, not only is expected to offer huge cost reduction to service providers, but is 

thought to be technologically available in the near future. However, the introduction 

of such services, if not properly handled or responded to, could place significant stress 

on present-day public transportation and lead to adverse impact on the urban 

environment. We postulated that it could be both socially beneficial and attractive to 

consumers to combine the advantages of AV ride-hailing and public transportation in 

an AV+PT service. 

Given the potential significance of AV ride-hailing services, most related literature 

focuses on the evaluation of system performance. But the understanding of consumer 

preference for such services, or ride-hailing in general, is far from sufficient. 

Therefore, in this thesis, using the data collected from about 3,000 respondents in the 

Cook County, Illinois between November 1 and December 21, 2018, we analysed the 

revealed and stated travel behaviour. In particular, this is the first SCE survey design 

in transportation where pivot design is used to generate trip attributes for an integrated 

mode of ride-hailing and transit, based on web API services and respondent-specific 
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O/D locations information. In addition, this is also the first study to include standalone 

ride-hailing and the integrated ride-hailing and transit service in the same choice set, 

which allows us to capture certain demand interaction between these two mode that 

share the deployment of demand-responsive service. 

The contributions of the thesis were organised around three objectives. Firstly, we 

deepened understanding of the current ride-hailing service usage behaviour, and found 

significant behavioural overlap between ride-hailing users with transit users. 

Secondly, we developed insight into consumer preference for hypothetical AV ride-

hailing and AV+PT services. Finally, we found out that by combining transit with AV, 

AV+PT does differ from conventional transit service in various ways, especially in 

terms of access and transfer. 

9.1.1 Understanding Present-Day Ride-Hailing 

By analysing the self-reported travel patterns corresponding to ride-hailing, we first 

discovered that in general it is not used very often. More than half of our sample do 

not consider it to be a part of their usual travel mode repertoire. Very few individuals 

report making high percentage of trips using ride-hailing. In addition, only 2% of the 

self-reported actual trips were made using ride-haling services. 

For individuals who do use ride-hailing consistently, we found that relative to the 

whole sample, they tend to be much younger, live closer to the city centre, and skew 

higher income and higher education attainment.  

Besides these characteristics, we found significant overlap both in the make-up and in 

behaviour between ride-hailing users and public transportation users. Firstly, the 

percentage of transit users among ride-hailing users is almost double that among the 

whole sample. Secondly, relative to the whole sample, both groups use very little 

driving, but use a decent amount of transit service. Thirdly, relative to the whole 

sample, both groups use a more diverse set of modes. However, the intersection 

between the two groups resembles the ride-hailing group closely but is distinct from 

transit users in terms of sociodemographic characteristics. 

Lastly, we find being a frequent ride-hailing user predicts higher likelihood of 

choosing transit, and vice versa in the actual reported trip. However, this should not 
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be interpreted as being a ride-hailing user leads to using transit services, as only 

correlation is established due to cross-sectional nature of our data. 

9.1.2 Understanding Demand for AV Mobility Services 

Using stated choice experiments data collected from our survey, and a discrete choice 

analysis framework, we looked at characteristics that is associated with higher 

likelihood to choose hypothetical AV mobility services in general, and AV ride-

hailing and AV+PT respectively. 

We found that being a Millennial or younger, having attained higher level of education 

and having higher annual household income per person are associated with higher 

likelihood of choosing AV services, i.e. both AV ride-hailing and AV+PT. 

For the AV ride-hailing service specifically, we found that financial security, having 

to wait less time for the ride and having experience with present-day ride-hailing 

services are correlated with choosing AV ride-hailing.  

In addition, we find that in the stated choice experiments, while being a transit user 

still predicts higher likelihood of choosing AV ride-hailing, being a ride-hailing user 

no longer predicts choosing transit services. This deviates from the finding in the 

actual reported trip, suggesting introducing AV services could pull ride-hailing users 

off of transit services. At the same time, though, being a ride-hailing user is associated 

with higher likelihood of choosing AV+PT. 

9.1.3 Understanding Difference Between AV+PT and Transit 

Through conceptualising the difference between AV+PT and a conventional transit 

system, and operationalising the hypotheses in combined RP and SP model and 

simulation framework, we find that AV+PT potentially appeals to a broader user base 

from two perspectives: AV+PT could appeal to individuals living farther away from 

transit stations, and AV+PT is resilient to its own system design changes and ride-

hailing popularity shifts. 

We approach the first aspect using the distance metric to the closest train station. We 

find that the group that were interested in AV+PT in SCEs live further away from their 

closest train stations than those who currently walked, biked or drove to take transit 

services. In addition, in a mode choice model, we find that respondents are sensitive 

to the distance to the closest train station when choosing walk to transit, while the 
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effect of the same attribute is not significant when choosing AV+PT. Combined, these 

findings suggest that AV+PT could appeal to individuals living farther away from 

transit stations. 

Next, through simulations using models estimated with combined RP and SP data, we 

compare the respondents’ mode choices in the actual reported trip and predicted 

hypothetical mode choices under plausible conditions. Firstly, we find that introducing 

AV+PT increases the combined mode share of transit services in our sample for about 

5%. Secondly, we find that respondents of different actual mode choice, including 

transit, driving and ride-hailing, are predicted to shift to AV+PT. Thirdly, we find that 

mode share of AV+PT changes moderately with changes to system design variables, 

and increases moderately when the sample become more familiar with ride-hailing 

services. In addition, we find city-wide AV+PT does not adversely impact the low-

income community, but offer limited appeal to senior citizens. 

In conclusion, introducing AV+PT can benefit transit agencies in four ways. It 

potentially increases the total market share of transit-based services, it increases the 

catchment area of transit stations, it appeals to a broader user base including current 

drivers and ride-hailing users, and it increases the resilience of transit-based services 

in the event of users becoming more attuned with ride-hailing. 

9.2 Limitations and Future Work 

The methods and analysis used in this thesis to investigate demand for hypothetical 

AV mobility services can be improved and expanded in several ways. Each step of the 

research framework reveals different opportunities for further research. These are 

described in the following sections. 

9.2.1 Proper Sample Reweighting 

While this study expends much effort in achieving a decently high representativeness 

of the population in Cook County, IL, it remains a question whether the findings, 

especially the predicted mode shares, could readily extrapolate to the population of 

Cook County. This warrants caution in particular because of the issues elaborated in 

section 7.6, regarding the sampling stratification strategy used in the survey that 

oversamples transit users and ride-hailing users. 
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There is a potential to remedy for the stratification strategy, which is also discussed in 

section 7.6. For example, assuming we have individual usage frequency record of 

transit services, and gain access to the Chicago Metropolitan Agency for Planning’s 

newly issued travel diary which includes usage of ride-hailing services, it is in 

principle possible to get “true” proportions of the strata of frequent transit users and 

frequent ride-hailing users. This information will make it possible to properly reweight 

the sample. We expect this effort to add to the robustness and generalizability of the 

analyses. 

However, there could still be practical issues. People might be good at answering 

screening questions regarding their age, but are notoriously bad at estimating 

frequencies. This renders it possible that the proportion of people with certain revealed 

frequency and that of people with stated frequency to vary. The efficacy of the 

reweighting remedy should also be empirically tested. 

9.2.2 Longitudinal Revealed Preference Data 

As discussed in detail in chapter 5, we value the approach to decipher the competitive 

or complementary relationship between public transportation and ride-hailing from a 

demand perspective. Furthermore, longitudinal travel behaviour data would be the 

most effective in understanding cross-interactions among usage of different modes, 

for example, transit and ride-hailing. For instance, should we observe that, controlling 

for socio-demographic changes, with the introduction of ride-hailing into their usual 

travel mode repertoire, individuals previously using transit start switching to driving, 

this could indicate adverse impact on the urban environment. However, should we 

observe individuals previously driving start switching to using ride-hailing and transit 

more than the prior case, this could indicate a positive impact on the urban 

environment. In addition, a longitudinal revealed preference study can potentially help 

us to understand the seasonality of travel behaviour, which can be rather pronounced 

in our study area and in relation to using ride-hailing. 

9.2.3 Demand-Supply Feedback Simulations 

In section 7.5.2, we demonstrated the possibility of testing system design variables 

with several AV+PT system design scenarios. However, in order to properly 

understand the impacts of important system design variables on both consumer choice 
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and the transit system, comprehensive simulations with feedback loop between 

demand and supply is needed. Commonly in such simulation platforms, service 

performance measures are used as inputs to consumer choice models to simulate 

demand behaviour, which in turn would become input to the supply side simulation. 

Both sides interact and converge to produce an equilibrium solution. One example of 

application of such simulation platform in the design of AV+PT systems can be found 

in Wen, Chen, Nassir, and Zhao (2018). 

This simulation framework can be useful for this project in assessing critical system 

design and policy decisions. Firstly, we can use this approach to evaluate the 

magnitude of hypothetical bias in the stated preference model, by setting supply 

conditions to as close to the real world as possible, as compare the resulted simulated 

mode share with the revealed behaviour. Secondly, we can investigate the impacts of 

a wide range of system design variables, such as fleet size, vehicle capacity and 

sharing, fare policy and hailing policy. For example, different fleet sizes result in 

different AV densities, which, depending on the request density, result in different 

distributions of waiting time for consumers. Thirdly, we can test out design changes 

to the broader transit system, such as a repurposing of low-productivity bus routes. 

Lastly, we can use this approach to evaluate policy instruments. For example, if we 

are concerned that ride-hailing might increase congestion in the city centre, we might 

levy a surcharge whenever the route of a ride-hailing trip intersects with a certain 

cordon. This surcharge eventually gets borne by the consumer, and thus affecting the 

choice. 

Different levels of details of demand-supply feedback simulation platforms 

correspond to different analytical objectives. A high resolution simulation model 

could help to identify problems with the system design. For example, one potential 

issue with the AV+PT is high concentration of AVs around transit stations, resulting 

in congestions. Such issues can be captured with a platform that features microscopic 

behavioural simulators. 

9.2.4 Efficacy of SCE Modifications 

Although we made significant modifications to the SCE best practice, and have 

obtained consistent and reasonable estimates of behavioural parameters from the 

resulted data, it is still not clear how much more effective the modifications are, if any. 
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Our hypotheses are that by using these techniques, we can facilitate the consumption 

of information contained in each choice menu, and make more informed decision. We 

can set out to test these hypotheses by collecting a batch of otherwise identical survey 

responses, but with static generic choice menus or representation with text-based 

tables. We then can compare important statistics such as the distribution of page 

submission time for the menus.  

In addition, we can hypothesise that there are different decision-making protocols 

when answering a SCE. Some might carefully evaluate trip attributes and try to make 

a rational decision, some might choose the one with the shortest total trip time, and 

some might always choose the alternative they are the most familiar with. We can 

develop a latent class choice model incorporating such decision making protocols, and 

compare the survey designs based on the proportion of different classes of decision 

makers. If the hypotheses were true, we should expect to see a larger proportion of 

respondents belonging to the rational decision maker class. 

9.2.5 Alternative Decision Making Paradigm for Evolving Information 

Dissemination Interfaces in Transportation 

While this thesis relies heavily on economic models such as the discrete choice 

analysis framework to understand consumer preference, there is good evidence that 

these utility based models fail reliably to explain human behaviour with different 

formats of information presentation (Birnbaum, 1992). As emerging transportation 

options penetrate the market, they impose upon consumers new ways of information 

sampling, retrieval and integration in decision making. When using mobile app-based 

services such as Uber and Transit (see Figure 9.1), which resembles the interface of 

the survey questionnaire used in this study, it is not uncommon that a consumer 

simultaneously evaluate visual cues of dynamic product attributes presented to 

him/her on the screen in a relatively short period of time and reach a decision. Discrete 

choice analysis is not necessarily the best tool for the task. 

Recently, information processing models from the cognitive psychology field have 

emerged. By not assuming that people accurately gauge their own utility for various 

alternatives, but instead model basic cognitive processes, these models offer accurate, 

intuitive and interpretable explanations for a wide range of observed human decision 

making phenomena (Oppenheimer & Kelso, 2015). Their application in transportation 
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can be beneficial for three reasons. First, the accumulation of individual decision 

making data allows these more complex models to provide superior prediction 

accuracy for travel decision making. Second, interfaces of emerging transportation 

options are becoming increasingly like the lab settings where these models originated 

from, rendering the mechanism assumed by these models ever more relevant. Last, 

these models could lead to deeper insight into how more sustainable behaviour can be 

encouraged, beyond traditional measures such as pricing. For example, by changing 

the way information is displayed on the screen, or regulate which alternatives are 

displayed and how they are displayed, very often we can expect significant 

behavioural change, and information processing theories offer a systematic model for 

such behaviour. 

Despite the large number of proposed models in the information processing paradigm, 

a limited number offer tractable solution for decision making under multi-alternative 

situations. These theories include the Decision Field Theory (Roe, Busemeyer, & 

Townsend, 2001), the Linear Ballistic Accumulator model (Trueblood, Brown, & 

Heathcote, 2014) and the Decision by Sampling model (Stewart, Chater, & Brown, 

2006). Admittedly, these models have to be modified for their applications in 

transportation. For example, most of these models do not single out the treatment of 

sociodemographic characteristics, while the association between sociodemographic 

characteristics and behaviour is of paramount significance in transportation studies. 

Our survey data in this study offer a good starting point for the assessment of the 

viability of application of information processing decision making theories in 

transportation.  
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Figure 9.1 Examples of emerging mobile app-based transportation services (left: 

Uber, right: Transit). 
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APPENDICES  

Appendix I Survey Questionnaire 

Questionnaire starts on the next page. 
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