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1

Introduction

The nexus between transportation and health is becoming an important transportation research topic.
This area examines people’s quality of life and the changes in social, economic, and political environments
arising from transportation innovations which could enhance personal health. One of such innovations is
autonomous vehicles (AVs). AVs are expected to yield both negative and positive impacts on public health.
Notable benefits include reduction in traffic crashes (injuries and fatalities) and a decrease in contaminant
emissions. AVs, however, could constrain opportunities for daily physical activity and the associated
health benefits. If the adoption of AV technology is not adequately designed, it could likely lead to
increases in vehicle-miles traveled (VMT) by providing mobility for the disabled, those too young to drive,
and the elderly (Fagnant & Kockelman, 2014, 2018; Wadud, MacKenzie, & Leiby, 2016; Zmud, Sener, &
Wagner, 2016). Additionally, shared autonomous vehicles (SAVs) can deliver flexible and affordable
mobility-on-demand services (MaaS) in the form of driverless taxis (Burns, Jordan, & Scarborough, 2013).
The benefits of ridesharing and potentially SAVs include reducing the number of vehicles on roadways,
mitigating roadway congestion, reducing transportation cost, and transportation impacts on the
environment (Cohen & Kietzmann, 2014; Feigon & Murphy, 2018). SAV trips are expected to be more
affordable and provide mobility to disadvantaged transportation groups (Stephens et al., 2016). The
emergence of shared mobility and autonomy options may affect equitable access. Since equity and health
are interdependent (Shaheen, Totte, & Stocker, 2018), specific health-related outcomes could change
after implementing SAVs. In general, the most significant potential health benefits derived from
transportation services are related to physical activity, air pollution, and road safety (Woodcock, Givoni,
& Morgan, 2013). Those benefits are also associated with other factors that affect travel behavior, such
as personal characteristics, residential choice, and well-being, as well as non-travel-related physical
activities. SAVs could also offer the means to reach essential services, facilities, and activities that affect
the quality of life and become a social determinant of health1. However, people who rely on shared
mobility services spend less time walking (Le Vine, Adamou, & Polak, 2014), adversely affecting health and
subjective well-being (van Wee & Ettema, 2016). Given the rapid emergence of the new shared mobility
services and the reduced information on their scale and outcomes, research is needed to improve the
understanding of shared mobility, active travel behavior, and personal health outcomes (i.e.,
consequences on physical activity and well-being). As a result, this potential reduction in physical activity
could lead to an increase in non-communicable diseases (NCD) (obesity, cardiovascular disease), which
are responsible for two-thirds of all deaths worldwide. Current research on AVs focuses on the safety
impacts, but the potential consequences of AVs' on active travel behavior and personal health outcomes
are not well understood.
Active travel behavior is frequently measured as the number of trips made by walking or biking; public
transportation can also be considered as active travel as one or both ends of the journey might involve
walking and biking (van Schalkwyk & Mindell, 2018). Assessing the potential consequences of SAVs on
active travel behavior and personal health is critical for policymaking and planning. As TRB research
suggests (Norman & Kortum, 2017), state and local governments need to know what policy actions they
can take to stimulate the development of markets for SAVs so that societal externalities can be
internalized and SAVs can be structured to benefit public health. Finally, one crucial determinant of health,
the built environment, is believed to impact physical activity levels and access to opportunities that could
shape one’s health. The built environment is one spatial aspect that influences physical activity (Azim,
1 A health determinant is a factor that decisively affects health outcomes such as economic stability, education, community

context, health care, and built environment) (S. Olson & Anderson, 2018)
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2019; Bornioli et al., 2019; Dannenberg et al., 2012). Health inequities in the context of transportation can
be reduced by providing more equitable access to infrastructure for active travel (Fitzpatrick et al., 2018;
Rachele et al., 2017). The built environment is likely to change once AVs are deployed. It is essential to
comprehend the role that the built environment could play in adopting technologies such as AVs.

Figure 1. Project Framework
This study (the framework which is presented in Figure 1) has an objective that is twofold: i) examine the
relationships between AVs (or ridesharing as a proxy of AVs travel behavior), active travel, and personal
health, and ii) assess the implications of AVs on personal health outcomes. To achieve these objectives,
we used a combination of literature review results and econometric techniques to examine the
relationship between active travel behavior and transportation innovations. Subsequently, we used
multivariate cluster analysis and spatial tools to identify which individual and location-based
characteristics related to health and the built environment would facilitate the adoption of AVs. We
finalized the study by providing policy implications, acknowledging the limitations, and describing possible
future research related to this work.
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Relationship between Ridesharing, Active Travel Behavior, and Personal
Health Determinants: Implications for AVs

Current research on AVs has mainly focused on this technology's safety impacts and environmental
benefits, leaving behind the effects on other health determinants such as active travel, access to
opportunities such as medical facilities or healthy-food providers, and well-being. For that reason, the
purpose of this task is to provide a literature review identifying the connections between health and
transportation that have changed with the use of ridesharing services and may be altered when AVs are
deployed. Additionally, this ask identifies the factors that influence those connections and describes how
they can affect health concerning transportation and their implications for future transportation services.
The reviewed studies are classified into different categories based on factors that have been identified in
the transportation-health nexus. Some of those factors are the level of physical activity, air pollution,
safety, and well-being (i.e., a combination of a person's evaluation of their quality and satisfaction with
life). The main takeaways are summarized in this section.

2.1 Methodology
The authors reviewed the current literature on the aspects that influence travel behavior and related
health effects when transportation innovations like AVs are considered. As guidance for this review, an
initial conceptual model (i.e., representation of the important health factors associated with
transportation innovations and how they relate to each other) proposed by Van Wee et al. (2016) is
considered (van Wee & Ettema, 2016). The conceptual model is presented in Figure 2. Van Wee et al.
(2016) mentioned several differences between transportation modes when health outcomes are
considered. For instance, the risk is mode-specific (van Wee & Ettema, 2016), and environmental effects
are not the same within modes. For example, using AVs might not pose the same risk as riding a bicycle.
In this research, AVs are considered as either private or shared services. For that reason, this research
contemplates factors that influence health in similar modes to those such as driving alone, ridesharing,
and ride-pooling, which will emulate the possible benefits and harms of AVs. Databases, such as Google
Scholar, Scopus, and Web of Science, were used to carry out a comprehensive review. The review search
criteria considered journal papers, reports, and theses published in English. Different combinations of the
components exposed in Figure 2 such as “travel behavior and autonomous vehicles,” “health and
autonomous vehicles,” “environment and autonomous vehicles” (as well as substrings of the terms
exposed in the conceptual framework) were selected to search. Duplicate files were deleted, leaving the
authors with 74 files to consider in this analysis. The search was completed between September 2019 and
August 2020. A summary of the papers considered in this task can be found in Table 1. The literature
review results are presented based on each factor and their influence on the travel behavior-health
relationship.
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Figure 2. A Conceptual Model for the Relationship between Travel Behavior and Health (adapted from van
Wee. et al. (2016))
Table 1. Literature Review Summary
Factor/Characteristic
A1. Rural population

(Kay et al., 2013; J. R. Nielsen et al., 2015; S.
Olson & Anderson, 2018)

A2. Aging population

(Hassan et al., 2019; Meurer et al., 2014;
Pettigrew et al., 2018; Shirgaokar, n.d.; Silvis,
2008)

A3. Carless households

(Berryman, 2013; Brian H.Y. Lee et al., 2016;
Caulfield, 2009; Feigon & Murphy, 2018; McCoy
et al., 2018; Regidor & Napalang, 2018; Silvis,
2008; Sperling et al., 2016; Vanderschuren &
Baufeldt, 2017)

A4. Low-income households

(Berryman, 2013; Brian H.Y. Lee et al., 2016;
Caulfield, 2009; Feigon & Murphy, 2018; McCoy
et al., 2018; Regidor & Napalang, 2018; Silvis,
2008; Sperling et al., 2016; Vanderschuren &
Baufeldt, 2017)

A5. Users with special needs

(Adnan et al., 2019; Bennett et al., 2019a;
Shaheen et al., 2017; Sperling et al., 2016)

A6. Economic stability

(S. Olson & Anderson, 2018)

A7. Education

(S. Olson & Anderson, 2018)

B1. Built environment

(Badland et al., 2008; Bohte et al., 2009; Curl et
al., 2018; Heinen & Ogilvie, 2016; Widener &
Hatzopoulou, 2016)

A. Personal
Characteristic

B. Residential
Choice

Source
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C. Physical Activity

B2. Social and community context

(Acheampong et al., 2018; Committee for
Review of Innovative Urban Mobility Services et
al., 2016; S. Olson & Anderson, 2018; Pettigrew
& Cronin, 2019)

B3. High-density areas

(Feigon & Murphy, 2016; Hawkins & Nurul
Habib, 2019)

B4. Greenspace

(Khreis et al., 2016; T. S. Nielsen & Hansen,
2007)

B5. Parking

(Jacobson & King, 2009; Shaheen, 2018)

C1. Non-travel related

(Dean et al., 2019; Rojas-Rueda et al., 2017)

C2. Non-motorized travel

(Aarts et al., 1997; Guell et al., 2012; Kay et al.,
2013; Pettigrew et al., 2020; Rachele et al.,
2017; van Wee & Ettema, 2016; Widener &
Hatzopoulou, 2016)

D1. Quality of life

(Delbosc & Currie, 2012; Meurer et al., 2014; J.
R. Nielsen et al., 2015; Sandeen, 1997;
Shirgaokar, n.d.; Silvis, 2008; Spinney et al.,
2009; van Wee & Ettema, 2016)

D2. Stress/Social Connection

(Duffey et al., 2019; Goodall, 2018)

D3. Equity

(Chatterjee & Carey, 2018; Milakis, 2019)

E1. Noise

(Rachele et al., 2017)

E2. Reduce vehicle miles traveled
(VMT)

(Agatz et al., 2012; Cohen & Kietzmann, 2014;
Feigon & Murphy, 2016, 2018; Jacobson & King,
2009; Kay et al., 2013; Sperling et al., 2016)

E3. Environmental changes

(Caulfield, 2009; Nilsson & Küller, 2000a)

F1. Human error causalities

(Faisal et al., 2019; Fleetwood, 2017; Kelley,
2017; Pyrialakou et al., 2020; Shaw et al., 2019)

F2. Alcohol-related fatalities

(Dills & Mulholland, 2018; Feeney, 2015;
Greenwood et al., 2017; NHTSA, 2015)

G1. Access to Health Facilities

(Acheampong & Cugurullo, 2019; Hancock et
al., 2019)

G2. Access to Grocery Stores

(Heard et al., 2018; Merfeld et al., 2019; Nunes
& Hernandez, 2019)

G3.Access and Acceptance

(Gurumurthy & Kockelman, 2020; Harrow et al.,
2018; Hudson et al., 2019; Nazari et al., 2018;
Tennant et al., 2019; S. Wang & Zhao, 2019)

D. Well-being

E. Environmental
Impacts

F. Safety

G. Access
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2.2 Literature Review Summary
2.2.1

Personal Characteristics, Travel Behavior, Health, and AVs

Personal characteristics influence travel behavior and health outcomes (van Wee & Ettema, 2016). The
literature review found that people with specific traits could benefit from the adoption of AVs. Those
characteristics are presented in Table 1 under the label A. One characteristic that influences travel
behavior is whether a person lives in an urban or rural setting. Transportation is considered a social
determinant of health in rural areas, mainly because public transit poorly serves those areas (S. Olson &
Anderson, 2018). A report presented by Kat et al. (2013) stated that ridesharing (or AVs in a shared form,
which might operate similarly) might provide a lower cost of transportation in rural and low-density
communities and provide an affordable alternative to driving alone. In certain rural communities, shared
AVs (SAVs) could also represent a convenient and more accessible alternative to transit services which are
almost inexistent (J. R. Nielsen et al., 2015). Furthermore, since families in rural areas, especially in the
U.S., are heavily dependent on automobiles to reach the workplace, AVs could provide residents an
alternative to those who do not have access to a car. Additionally, it is well-known that rural area residents
are aging faster than those in urban areas; thus, the health implications of AVs might vary across both
settings.
Age is another personal characteristic that influences travel behavior (van Wee & Ettema, 2016). Various
authors have argued that transportation innovations such as AVs and ridesharing could provide autonomy
and mobility to seniors when they no longer can drive or do not have access to a car (Meurer et al., 2014;
Pettigrew et al., 2018; Silvis, 2008). For the elderly, autonomous door-to-door service, picking them at
their desire location and dropping them at their desire destination, might provide a way to sustain a high
quality of life (Shirgaokar, n.d.; Silvis, 2008). However, those benefits are not thoroughly studied in the
literature (Hassan et al., 2019).
Another demographic of travelers that would benefit from AVs is those who belong to carless households.
AVs, especially as a shared mode, would provide the opportunity to access a car; in many areas where car
access is linked to the possibility of accessing other options (Berryman, 2013; Brian H.Y. Lee et al., 2016;
Caulfield, 2009; Feigon & Murphy, 2018; McCoy et al., 2018; Regidor & Napalang, 2018; Silvis, 2008;
Sperling et al., 2016; Vanderschuren & Baufeldt, 2017). This is also expected for low-income households
since SAVs are anticipated to eliminate the cost burden of owning a vehicle significantly (Berryman, 2013;
Brian H.Y. Lee et al., 2016; Caulfield, 2009; Feigon & Murphy, 2018; McCoy et al., 2018; Regidor &
Napalang, 2018; Silvis, 2008; Sperling et al., 2016; Vanderschuren & Baufeldt, 2017). Individuals with
special needs are also expected to experience a substantial increment in their mobility when SAVs are
deployed. (Bennett et al., 2019a; Shaheen et al., 2017; Sperling et al., 2016). However, suppose AVs
become a prominent part of the transportation system. In that case, people with special needs may not
enjoy the benefits mentioned above if the specific needs are not considered before the technology is
deployed (Shaheen et al., 2017).
Economic stability, poverty, employment, and food access greatly depend on the available mode of
transportation and are determinants of health (S. Olson & Anderson, 2018). For example, AVs can offer a
viable solution for the “food desert” problem (i.e., areas with limited access to nutritious and affordable
food) by providing another way to access healthy food if deployed as a public service. Additionally,
education, literacy, and professional development might affect people’s use of AVs because those are
important factors shaping travel decisions (S. Olson & Anderson, 2018). Lastly, several groups described
above struggle to believe that shared mobility services are designed for them, which can also be an
enormous barrier for a wider deployment of AVs (McCoy et al., 2018). If that barrier could be overcome,
those changes may affect travel behavior towards AVs, positively influencing travelers’ health.
8

2.2.2

Residential Choice

Factors such as the built environment, social and community context, density, green space (i.e., parks,
trails, etc.), and parking availability are considered critical determinants in residence selection (See label
B. in Table 1). Such factors are also believed to influence travel behavior (van Wee & Ettema, 2016). For
instance, Bohte et al. (2009) carried out a literature review to discuss how the built environment can
impact travel behavior and promote residential self-selection (Bohte et al., 2009). Residential selfselection suggests that households locate in places that provide favorable surroundings for their preferred
way of living. It was found that the influence of the built environment on travel behavior has also been
related to concerns with health issues, specifically obesity. Built environments have been linked to
engagement with active transportation (Widener & Hatzopoulou, 2016). For example, Badland et al.
(2008) identified approximately three times as much overall physical activity in urban neighborhood
settings compared to other types of neighborhoods due to transportation network connectivity (Badland
et al., 2008). They also suggested that the restriction of automobile accessibility likely increases active
travel. Since the built environment could promote healthy, safe, and walkable neighborhoods, this would
also support additional affordable transportation options such as AVs, significantly as ridesharing services,
and reduce vehicle emissions (Spinney et al., 2009). Similarly, crime and violence, housing quality,
environmental conditions, and access to healthy food influence how a person will choose a transportation
mode (S. Olson & Anderson, 2018). According to research, not all built environments are equally
conducive to all modes of transport as well as different travel behaviors depend on the characteristics of
the built environment (Heinen & Ogilvie, 2016). Additionally, new mobility services will affect residential
and commercial location preferences (Spinney et al., 2009). This set of benefits could lead to more
equitable transportation in urban areas (Acheampong et al., 2018).
On the other hand, in low-density areas, small transit agencies could utilize AVs to provide service on
unproductive routes, during off-peak hours, or in geographical areas difficult to access. This is because a
driver will not need to be present in the vehicle, accounting for 54% of the total cost of transit service
(Brian H.Y. Lee et al., 2016; Feigon & Murphy, 2018; McCoy et al., 2018). However, this can also be a
challenge since AVs used as private vehicles could encourage suburbanization and urban sprawl
(Acheampong et al., 2018). The increase in the number of vehicles would also decrease the green space,
which would instead be used to build more infrastructure for automobiles (Khreis et al., 2016). Access to
green space is associated with low levels of obesity (Nielsen & Hansen, 2007). If more trips were shared
in AVs, the need for private cars would decrease, and so would the need to expand the current
infrastructure, thereby enhancing green space areas. Parking is considered as an additional factor that
impacts residential choice. Since more cars would be shared, a reduction of parking space and cost would
influence the travel behavior of the population (Jacobson & King, 2009). Furthermore, parking policies,
including reductions on the available spaces, could be implemented in new developments to encourage
the use of shared modes and deter users from riding alone in AVs (Shaheen, 2018). However, Curl et al.
(2018) argued that the complex interactions between demographics, built environment, transportation
modes, and health increase AVs’ adoption uncertainty.

2.2.3

Physical Activity

Physical activity can be categorized into two groups: not related to travel and related to travel. Some
examples of actions unrelated to travel are sports involvement, jogging, or walking as a leisure activity.
Physical activities related to travel are mainly associated with non-motorized modes such as walking or
biking (van Wee & Ettema, 2016) and public transit since walking or biking is needed to complete the first
and last mile of travel (Dean et al., 2019). Transportation infrastructure is a crucial factor in determining
whether people engage in travel-related physical activity. Transportation infrastructure needs to
9

accommodate such activities to encourage healthy and active behavior (Kay et al., 2013). According to
Rachele et al. (2017), choosing to travel by walking or biking can significantly impact one’s health since
both travel modes are a form of exercise. However, walking and biking can also expose one to air pollution,
resulting in respiratory complications and even vehicle crashes, resulting in serious injuries or death
(Khreis et al., 2016; Milakis et al., 2017).
The use of AVs in a ridesharing service is also thought to encourage non-motorized modes if their
interaction is planned to act as complementary services (Pettigrew, 2017). However, there is a growing
concern about the decrease in physical activity due to pick-ups and drop-offs at the exact origin or
destination location, significantly reducing the walking time (Le Vine et al., 2014; Milakis et al, 2017). This
example of ridesharing could elevate the risk of obesity and related illnesses that result from lifestyles
with little to no physical activity (Guell et al., 2012). Although physical activity is not directly related to
AVs’ operation, it is associated with non-travel-related physical activity. Physical activity is considered a
habit formation and is influenced by the social and physical environment (Aarts et al., 1997). Nonmotorized travel is argued to be affected by AV deployment depending on the service that is offered. For
instance, Cavoli et al. (2017) said that AVs can encourage people to spend more time inside the vehicle,
resulting in less use of active travel modes. In contrast, Widener & Hatzopoulou (2016) stated that AVs,
as a shared mode, can modify the built environment because they need less parking space that can be
used as green space. This could also encourage healthy and active behavior among the population.
Therefore, there is a need to investigate these possibilities under scenarios that could arise and assess
how much this would cost society.

2.2.4

Well-Being

A person’s well-being is affected by their personal and travel behavior characteristics (van Wee & Ettema,
2016). Increased quality of life is one of the most frequently mentioned benefits of AVs to society,
specifically by providing mobility for disadvantaged populations, the children, and the elderly and also by
providing access to areas that drivers may have previously considered to be out of reach (Cavoli et al.,
2017; Pettigrew et al., 2018). In the case of seniors, AVs could offer the opportunity to be engaged in
social activities such as volunteering, attending social gatherings, and running errands (Silvis, 2008). Using
AVs, a person could have a higher feeling of independence and decisional autonomy, which sometimes
might be lost in older age (Meurer et al., 2014). Seniors who lack access to transportation or belong to a
minority racial group or have low income often suffer from a lower quality of life (Shirgaokar, n.d.).
Likewise, those who cannot drive but once could have a poorer quality of life compared to those who can
still drive (Sandeen, 1997). Studies such as Spinney et al. (2009) have concluded that mobility is often
associated with well-being and quality of life. These authors discovered that daily engagement in activities
helps to maintain social networks and improves well-being.
AVs also provide an alternative mobility option that builds people’s social network and supports social
inclusion (Curl et al., 2018; Rachele et al., 2017). This is particularly important for involuntary carless
households that do not have many transport options and rely mainly on car-based travel. Those
households are restricted from partaking in many activities and experience a negative forced reduction in
their participation with the rest of society and, consequently, their well-being (Delbosc & Currie, 2012).
AVs could also provide a means to interact and meet others; however, this is also seen as a barrier since
the interaction within a shared AV may entail a possibly unpleasant conversation between the passengers
(J. R. Nielsen et al., 2015).
Stress and equity factors are found in the literature to affect people’s well-being (Duffey et al., 2019;
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Goodall, 2018; Silvis, 2008). In terms of stress and social connection, AVs would allow different population
groups to participate in more activities, thereby enhancing their overall health and well-being (Bennett et
al., 2019a). Additionally, less frustration and anxiety could result from not having to be seated in the car
for as long as usual, which would positively affect health due to expected shortened headways that would
decrease road congestion. Since AVs would enable productivity while riding, passengers would feel less
stressed reaching their destinations (Vanderschuren & Baufeldt, 2017). Furthermore, AVs could provide
equitable access that will widen social equity, diversity, and accessibility if deployed as a public service for
all to use (Chatterjee & Carey, 2018; Curl et al., 2018; Milakis et al., 2017; Pettigrew et al., 2018).

2.2.5

Environmental Impacts

Human health is affected by the frequent use of automobiles, which also significantly impacts the
environment (Nilsson & Küller, 2000a). However, one of the most remarkable benefits of AVs mentioned
in the literature is the positive impact on the environment, primarily if alternative sources of energy are
used. Noise reduction, congestion reduction, fuel-saving, and reduction of vehicles miles traveled (VMT)
are some of the most frequently cited benefits, mainly if this technology is used as SAVs (Cohen &
Kietzmann, 2014; Fagnant & Kockelman, 2014; Feigon & Murphy, 2018; Kay et al., 2013; Rachele et al.,
2017; Sperling et al., 2016; Widener & Hatzopoulou, 2016). Additionally, those factors are also related to
health. For instance, there is increasing evidence linking transportation noise to health, especially in
disadvantaged areas such as low-income areas (Rachele et al., 2017).
AVs are thought to mitigate road congestion and reduce transportation impacts on the environment.
These benefits will come from vehicle-vehicle communication, shorter headways, and smoother lanechanging. AVs could encourage higher vehicle occupancy if used as a shared mode, thus reducing possible
congestion and vehicle miles traveled. Pettigrew (2017) mentioned that once vehicles reach higher levels
of automation, reduction in fuel use can be substantial (around 25% to 80%). However, the environmental
changes greatly depend on this technology’s acceptance and adoption (Caulfield, 2009; Fagnant &
Kockelman, 2015; Nilsson & Küller, 2000b). This area is widely studied in the AV literature related to
transportation and health along with safety impacts.

2.2.6

Safety

Safety is one of the main factors in transportation and health relationship. In the U.S., in 2014, the cost of
crashes was approximately $871 billion, of which $594 billion was associated with related bodily injuries
due to those accidents, thereby causing a reduced quality of life for the affected individual(s) (NHTSA,
2015). That amount is a cost that is also reflected in the U.S. health system. Of the crashes reported in
2014, 90% were related to human error (e.g., being distracted, under the influence of drugs, or alcohol).
Studies such as Greenwood et al. (2017) have investigated how the entry of ridesharing would influence
the rate of alcohol-related motor vehicle fatalities, which is also expected from the use of AVs or SAVs
(Greenwood et al., 2017). The authors found that low-price options could significantly affect the number
of fatalities; however, the willingness to pay for those services is still unclear. On a similar note, Dill et al.
(2018) found that Uber’s entry into an area decreased the rate of driving under the influence cases (DUIs)
and fatal accidents (Dills & Mulholland, 2018; Feeney, 2015). Additionally, other road users such as
pedestrians and bicyclists might be safer if they opted to travel in AVs instead, but this will highly depend
on the trust developed towards AVs (Pyrialakou et al., 2020).
Furthermore, it has been estimated that fully AVs have the potential to avoid 90% of crashes (Pettigrew,
2017). This reduction in crashes would result in drivers feeling safer about operating their vehicles, and
vulnerable road users such as cyclists could have a heightened sense of safety (Faisal et al., 2019).
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However, a part of health that is not usually linked with transportation will be affected. Thousands of lives
can be saved by autonomous vehicles, which have been acknowledged as a giant leap forward for road
safety (Curl & Fitt, 2019; Fleetwood, 2017; Kelley, 2017; Shaw et al., 2019).

2.2.7

Access to and provided by AVs

Different studies have assessed the intention to ride in AVs and shared AVs in other countries and areas
within the U.S. (Harrow et al., 2018; Hudson et al., 2019; Nazari et al., 2018; Tennant et al., 2019; S. Wang
& Zhao, 2019). Different factors have been identified to influence the intention to ride in AVs, such as
presented by Gkartzonikas & Gkritza (2019) (e.g., environmental, safety, and security concerns), which
would likely influence whether the benefits mentioned above will come to the place. Access to AVs by
different groups within the population will be crucial to ensure a better economic and social life for all
(Sperling et al., 2016). However, there is a need to provide access to the technology by changing the
planning strategies of local and state governments towards the inclusion of AVs in everyday life. In this
era of change, lawmakers have several opportunities to ensure positive outcomes from transportation
innovations, especially to guarantee that the services are equitable and close the gap in transportation
disadvantaged areas.
Regarding types of access that influence health outcomes, two were mainly identified from the literature:
access to medical facilities and access to healthy food. For instance, the elderly will have the opportunity
to get to essential appointments using AVs (Curl et al., 2018; Fitt, 2018). Additionally, connected and AVs
are anticipated to positively transform delivery systems, affecting the efficiency of many industries and,
consequently, customers' satisfaction in those industries (e.g., the ease at which grocery store shoppers
can buy their produce).

2.3 Final Remarks
As presented in the previous sections, the most significant potential health benefits derived from
transportation are physical activity, environmental savings, and road safety (Woodcock et al., 2013).
Those benefits are also related to other characteristics that affect travel behavior, such as personal
characteristics, residential choice, well-being, and non-travel-related physical activities. Since those
benefits are mode-related, this task explored the conceptual model proposed by Van Wee et al. (2016),
in which AVs are considered.
Considering the literature review presented, how AVs will be deployed would drastically shape whether
the health benefits mentioned are provided by adopting this technology. A summary of three possible
scenarios of deployment is presented in Table 2. For instance, AVs are not expected to come at a low price
to the market (Gurumurthy et al., 2020). If they are deployed only as privately-owned AVs, this will prevent
households typically carless or low-income to fully benefit from this technology. However, if AVs are
deployed as SAVs, like current ridesharing services (e.g., Uber X or Lyft), allowing passengers to request a
ride for only themselves or their companions, carless and low-income persons could also benefit from this
technology. The impact will be more significant if the AVs are deployed as pooled services, where
passengers share their rides with people with a common destination. Since mobility is arguably a human
right, using AVs to facilitate access to medical facilities and healthy food will likely lead to a significant
increase in people's quality of life and health (Heard et al., 2018). Table 2 presents how these scenarios
will be impacted by each of the factors presented in the previous section.
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Table 2. Positive/Negative Impacts of AVs Deployment
Factor/Characteristic

AV privately-owned

Individual SAV

SAV pooled

A1. Rural population
A2. Aging population
A3. Carless households
A. Personal
A4. Low-income households
Characteristic
A5. Users with special needs
A6. Economic stability
A7. Education
B1. Built environment
B2. Social and community context
B. Residential
Choice

B3. High-density areas
B4. Greenspace
B5. Parking

C. Physical
Activity
D. Well-being

C1. Non-travel related
C2. Non-motorized travel
D1. Quality of life
D2. Stress/Social Connection
D3. Equity

E1. Noise
E.
Environmental E2. Reduce VMT
Impacts
E3. Environmental changes
F. Safety

F1. Human error causalities
F2. Alcohol-related fatalities

G. Access

G1.Access to Health Facilities
G2.Access to Grocery Stores
G3.Access and Acceptance
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3

Examining the Relationship Between Ride-hailing, Active Travel, and Health
Status

The introduction of shared mobility may not only lead to the substitution of traditional transportation
modes, but also affect people’s health. However, the adoption of shared mobility has impacted
metropolitan statistical areas (MSAs) differently, especially when considering the availability of other
modes in those areas. This task examined the relationship between four travel modes (ride-hailing, biking,
walking, and taking public transit) and their connections with self-reported health status in two MSAs
served by different transit systems. For this task, it is hypothesized that in dense areas, ride-hailing, biking,
walking, and transit will be complementary modes rather than competing modes and have a positive
relationship with perceived health status. Previous research demonstrates a correlation between both
ridesharing and non-motorized modes and density. A multivariate probit model (MVP) is applied to jointly
estimate the usage of those four different transportation modes. These modes have been found to
influence the health of their users. The 2017 National Household Travel Survey (NHTS) data is used to
evaluate the relationships between those modes in two midwestern MSAs: Indianapolis, IN, and Chicago,
IL. As discussed in the next section, the MSAs are chosen due to their differences in density, travel
behavior, and multimodality. Due to the data available in these two settings, the variable representing
ride-hailing considers respondents' frequency of use for both taxi and ridesharing services. The results of
this task are a first step towards informing policymakers of the health-related factors associated with ridehailing services and, potentially, the expected outcomes related to the adoption of future transportation
services, such as AVs.

3.1 Relationship of Shared and Active Travel Modes with Conventional Modes
Shared mobility has become a widespread form of transportation associated with changes in urbanism,
energy consumption, and the economy. Shared mobility innovations, including carsharing, bike-sharing,
and ridesharing, have the potential to transform the operation of today’s transportation systems. The
increase in ridesharing use, specifically, has been studied compared to the changes in existing modes such
as public transit. However, results suggest that these disruptions also depend on the public transit modes
that serve the area. For instance, Feigon and Murphy (Feigon & Murphy, 2018) analyzed the interplay
between shared mobility, transit, and personal vehicle use in five cities around the United States (U.S.).
They concluded that rideshare users are more likely compared to non-rideshare users to commute using
active travel (AT) including public transit, bicycling, and walking. Another study conducted by Clewlow and
Mishra (Clewlow & Mishra, 2017) sampled seven major U.S. metropolitan areas and found that the
propensity to use ridesharing or transportation network companies (TNC) dropped with increased vehicle
ownership. That study also explored whether ride-hailing complements or substitutes transit services;
however, it was concluded that this depends on the type of transit service they are competing against.
Ridesharing might attract riders from bus services but might complement commuter rail services (Clewlow
& Mishra, 2017). Similarly, Hall et al. (Hall et al., 2018) studied Uber’s effect on transit systems in 200 U.S.
MSAs. They concluded that Uber complemented current transit options in large MSAs while substituting
transit use in small MSAs. Similar findings were reached in (Babar & Burtch, 2019). They found that ridehailing services significantly reduced bus ridership in areas with bus service only, compared to those with
commuter rail services. Other factors, such as population size, gas price, and average trip distance, were
also relevant in determining the extent of ride-hailing adoption (Babar & Burtch, 2019).
Apart from the transportation mode choices, socioeconomic and built-environment characteristics
associated with the use of TNCs have also been the subject of various research. For instance, Grahn et al.
(Grahn et al., 2019) explored the frequency of TNC use and the characteristics of users in the entire U.S.
using the 2017 NHTS. From their results, it was concluded that TNC users ride transit at higher rates
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compared to average U.S. trends. Similarly, Conway et al. (Conway et al., 2018) used NHTS data to
investigate the expansion of ridesharing services in the U.S. The study concluded that those who use
modes other than private vehicles, especially when other options (e.g., transit) are readily accessible, are
expected to use ridesharing. They also noted that residents of denser areas have higher rates of
ridesharing use. Both studies used multivariate analysis to explore the relation between ridesharing and
other transportation modes by employing transit, walking, or biking as independent variables rather than
exploring the correlation among them as a system. Moreover, neither study included variables that
explore the relationship between these different modes (i.e., ride-hailing, biking, walking, and public
transit) and the respondent’s health status. However, the 2017 NHTS included metrics on self-reported
health status. While health may have been beyond the scope of these past studies, the relationship
between various transportation modes and health needs to be heavily considered to effectively plan for
sustainable modes in the future, regardless of the type of MSA being considered.

3.1.1 Relationship between Active Travel and Health
Besides the calorie-burning that bike-sharing services and other AT modes may promote, transportation
and health are related in several other ways. If walking and biking are used for transportation purposes,
as opposed to leisure or exercise purposes, they can provide more than the World Health Organization’s
recommended 150 minutes of daily physical activity (PA) (Buehler et al., 2019). Different studies have
mentioned that walking and biking bring health benefits, but public transit also provides an opportunity
to achieve more PA because the first and last mile of the trip is usually done using non-motorized AT.
Thus, transit use can be considered a form of AT (Pucher et al., 2010; Sahlqvist et al., 2012). Likewise,
Pucher et al. (Pucher et al., 2010) argued that public transit could be an essential link to attaining the
recommended level of PA by the Center for Disease Control and Prevention (CDC) (R. D. Olson et al., 2018).
The factors associated with using AT, larger population size and population density, a mix of land uses,
and proper infrastructure are usually correlated with higher health levels (Buehler et al., 2019, 2020; Le
et al., 2019). Buehler et al. (8) suggested that improving the built environment to support AT can increase
opportunities for PA, mainly if the environment provides access to transit. A car-free lifestyle has the
potential to boost PA and, thus, improve people’s health. Moreover, the health benefits associated with
PA increase as AT can differ among the various groups of a population (Keall et al., 2018). For that reason,
socio-demographic characteristics are also essential to consider when determining which groups would
be more likely to use different transportation modes. Solutions involving new technologies can help
narrow health disparity gaps that differ in populations and affect AT (Feigon & Murphy, 2018). In the U.S.,
levels of non-motorized AT are rising; however, understanding how different modes relate to users’ health
status and what other factors are significant in that relationship is still a gap in the literature. Additionally,
there is a need to understand not only the relationship between AT and car usage but also consider
different modes such as ride-hailing services (13). When planning for the future, little is known about the
impacts of new mobility services, such as ridesharing, on AT (Botello et al., 2019).

3.2 Empirical Settings and Data
3.2.1

Empirical Setting

The Indianapolis MSA is an automobile-oriented region where 81.8% of commuters drive alone to work,
and only 1.9% of workers use transit. In comparison, the corresponding mode shares in the Chicago MSA
are 49.5% and 28.3%, respectively. Moreover, the Chicago MSA is almost seven times denser than the
Indianapolis MSA. Its transit system is the second largest in the U.S. The Indianapolis MSA transit systems
do not place in the largest 50 U.S. transit systems, making transit access in these two MSAs different (U.
S. Census Bureau, 2017). Furthermore, the usage of shared modes also differs between those two areas.
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For instance, based on the 2017 NHTS data, approximately 43% of Chicago’s MSA population reported
using ride-hailing services in the previous year, while the corresponding percentage for Indianapolis’ MSA
was only 24%. Additionally, there are differences in ride-hailing usage between MSAs with access to heavy
rail transit and MSAs that do not. In this study, Chicago and Indianapolis represent those areas,
respectively. Turning to health outcomes, according to the CDC, 33.3% and 35.4% of Chicago and
Indianapolis MSA residents, respectively, are considered obese, both cities reporting a slightly higher
prevalence of this disease to the 2017 national average of 30.1%. Additionally, 11.9% of the Chicago MSA
residents stated that they did not have good physical health within the last 14 days before taking the
survey compared to 13.7% of respondents in Indianapolis MSA (CDC, 2016).

3.2.2

Data

The 2017 NHTS is the eighth in a series of national surveys that capture the U.S. population’s travel
behavior by asking respondents about their mode of travel, trip purpose, and attitudes towards travel. In
the 2017 version of the NHTS, new questions were added that reflect the growing use of technology within
the U.S. population (e.g., internet use, smartphone use, ridesharing use) and the use of AT modes and the
self-assessment of one’s health. Although the survey was intended to represent the U.S. household travel,
the sampling of smaller areas, such as MSAs, did not ensure that an accurate representation of the
population was captured unless the area was part of the “add-on” areas in which additional samples were
taken. The 2017 NHTS collected 129,696 completed household questionnaires with a response rate of
15.6%. Unfortunately, the areas of analysis for the present study are not part of the add-ons collected by
NHTS, which provide information to make planning inferences about the area. However, the 2017 NHTS
data are the latest dataset that allows a comparison between different regions regarding transportation
behavior; therefore, it is used in this study.
The differences in socio-demographic makeup between the NHTS sample areas and the general
population were assessed using tests of proportions. There were no statistical differences observed in
terms of gender between both the population and the sample. However, the NHTS data over-sampled
people older than 55 years old than the general population in both areas of study. The Chicago MSA NHTS
sample differs from the general U.S. population regarding education, income, and household size. For the
Indianapolis MSA NHTS sample, most education, income, and household size proportions were not found
to be statistically different from the general population.

3.2.2.1 Descriptive Statistics
The variables that are significant in the models are presented in Table 3. Chicago respondents reported
higher use of ride-hailing services compared to Indianapolis respondents. It is worth mentioning that this
ride-hailing variable considers both taxi use and ridesharing use for travel. Higher levels of transit use
were also reported in Chicago. The variable for measuring the frequency of public transit use in Chicago
considered both bus and metro rail services. However, Indianapolis’ transit system only consists of bus
service, so that is the only transit mode accounted for in its public transit variable. This is a significant
difference to note because one of the aims of this task is to assess the impact of ride-hailing services on
transit services of varying robustness. While these two cities are located in the Midwest and are classified
as large MSAs, this study explored whether the extend and efficiency of transit systems shape whether
ride-hailing substitutes or complements AT modes and demonstrate how this is related to the population’s
self-reported health. Walking for transportation purposes, hereby referred to as walk use, is higher among
Chicago respondents compared to Indianapolis respondents. The same trend is seen with bike use for
transportation use in Chicago, hereby referred to as bike use. In the sample, the percentage of people
who travel daily by private vehicles is similar in both cities, suggesting that respondents in both areas are
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heavily dependent on car use. The variables that describe technology use are relatively similar among
respondents in both study areas. Chicago respondents also reported having a higher percentage of cars
readily available to them and living in houses with more than two people. Both locations have a similar
percentage of respondents under 35 years old and over 65 years old in terms of age. Only one variable
was significant to represent the built environment from the database: the percentage of renter-occupied
housing in the respondent’s home location census block group. The Chicago MSA had a higher rate of
renter-occupied buildings compared to that of Indianapolis. Lastly, more respondents reported having
either “excellent” or “very good” health in Chicago compared to Indianapolis. The independent variables
included in the model were not found to be correlated, meaning no multicollinearity issues were present.
Table 3. Descriptive Statistics
a) Chicago

b) Indianapolis

0/3/10/35/53

0/01/5/24/70

2/6/13/29/51
25/17/19/19/
20
3/4/5/22/65

0/7/5/24/65
15/8/17/26/34

82/12/2/1/3

84/13/0/2/1/0

78/11/3/2/6

75/7/6/6/6

76/6/2/1/15

75/6/2/1/16

80/20

79/21

Gender (male/female)
Age (18-24 years old/ 25-34 years old/ 35-44 years old/ 45-54 years old/ 55-64 years old
/>65 years old)
Education (High school graduate/ Some college/ College graduate/ Graduate school)

47/53
7/12/13/19/2
3/26
17/23/24/20

48/52
6/15/11/15/23
/29
18/23/21/19

Income <24.9K/ $25K-$49.9K/ $50K-$74.9K/ $75K-$99.9K/ $100K-$149.9K/ >$150K)

10/14/17/12/
23/19

13/25/22/14/1
6/6

17/36/47

17/43/40

5/24/40/31

3/28/45/24

86/8/4/2

89/5/3/2

Respondents older than 50 years old

50/50

52/48

Respondents who are white and employed*

28/72

33/67

High educated respondents who earned more than $100K*

31/69

23/77

Respondents whose household income is < $100k, and there are more than 2 people*

20/80

26/74

42/41/17

50/44/6

22/78

16/84

33/37/22/6/2

29/34/26/9/2

Mode Choice
Ride-hailing use (daily/a few times per week/a few times per month/a few times per
year/never)
Bike use (daily/a few times per week/a few times per month/a few times per year/never)
Walk use (daily/a few times per week/a few times per month/a few times per year/never)
Transit use (daily/a few times per week/a few times per month/a few times per year/never)
Private vehicle use (daily/a few times per week/a few times per month/a few times per
year/never)

0/1/2/9/88

Technology Use
Computer (daily/a few times per week/a few times per month/a few times per year/never)
Smartphone (daily/a few times per week/a few times per month/a few times per
year/never)
Respondents who use a smartphone or digital tablet daily*
Socio-demographics

Household size (one person/two people/more than two people)
Car availability (no car/one car/two cars/three or more cars)
Household race (White/African American/Asian/Other)

Built Environment
Renter occupancy (<25%/25.1-55%/>55.1%)
Health Status
Respondents reported household income > $75K and stated excellent health status*
Health status (excellent/very good/good/fair/poor)
*Interaction variables (1 if the condition is met, 0 otherwise)
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3.3 Methodology
The multivariate probit (MVP) model, an extension of the bivariate probit model, was adopted for this
study because it can model more than two outcomes (Greene, 2003). In MVP models, the dependent
variables of the analysis are discrete, multivariate, and correlated (Greene, 2003). The model assumes a
multivariate normal distribution and is used in cases of independence among unrelated possibilities.
Additionally, the model accounts for correlation in the error terms between the individual choice
outcomes rather than modeling them as separate entities (Greene, 2003). The general form of the MVP
is as follows:
∗
′
𝑦𝑖𝑚
= 𝛽𝑚
𝑋𝑖𝑚 + 𝜀𝑖𝑚 , 𝑚 = 1,2,3,4.
(1)
𝜀𝑖𝑚 , 𝑚 = 1, . . . 𝑀 ~ 𝑀𝑉𝑁[0, 𝑅],
∗
Where, 𝑦𝑖𝑚
represents the probability that the respondent i used mode 𝑚 in the last year. In this study,
𝑚 can represent four possible modes (ride-hailing use, biking use, walking use, and transit use); R is the
correlation matrix. Each equation represents a probit model. If a respondent indicated using the mode at
least once in the past year, this response was coded as “1” in the data. Alternatively, a code of “0” meant
that a respondent indicated that they have never used the mode. The marginal effects for these models
are estimated as follows:
𝐸[𝑦1 |𝑦2 = 1, … 𝑦𝑀 = 1] = 𝑃𝑟𝑜𝑏(𝑦1 = 1, … , 𝑦𝑀 = 1)/𝑃𝑟𝑜𝑏(𝑦2 = 1 … , y3 = 1) = 𝑃1...𝑀 /
𝑃2...𝑀 = 𝐸1
(2)
This is the expected value of 𝑦1 given that all 𝑦s equal one.
Various studies have used MVP models in transportation research. For example, Rentziou et al. (Rentziou
et al., 2011) developed an MVP model to explore the perceived factors that influence the effectiveness of
six traffic-management measures in Athens, Greece. Traveler perceptions have also been studied using
MVP models in air transportation choices (Milioti et al., 2015). Also, Ma et al. (Ma et al., 2018) used MVP
to understand household vehicle ownership behavior in China, considering four alternatives: automobile,
motorcycle, electric bicycle, and human-powered bicycle ownership. In contrast, Becker et al. (Becker et
al., 2017) used MVP to study the choice of four mobility tools: carsharing subscriptions, driver’s licenses,
and local and national season tickets for transit. They found that larger households are the most likely to
use cars and the least likely to have a carsharing subscription (Becker et al., 2017).

3.4 Results
Table 4 presents the MVP model estimation results for ride-hailing, AT, and health status in the Chicago
MSA, while Table 5 presents results for the model in Indianapolis. Chicago's robust transportation system
is likely the reason for the modes being complementary to each other in that city. For instance, Chicago
respondents use walking or biking to access transit (NHTS, 2017). Additionally, transit service systems in
Chicago, such as Metra, have offered riders ridesharing discounts to access their stations. Similarly, the
coefficients for Indianapolis’ mode choice variables reflect that those services are complementary;
however, some correlations, such as the one between ride-hailing use and bike use, are small compared
to those in the Chicago model. A reason for this could be that AT modes are less prevalent in Indianapolis
compared to Chicago. The travel mode and health status patterns vary within both MSAs; however,
health-related variables in all equations were significant in both models.
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Table 4. MVP Model Estimation Results - Chicago
Ride-hailing use
Variable

Coefficient

tstatistic

Constant

-0.04

-0.39

Bike use

Walk use

Coefficient

tstatistic

-0.2

-2.64

Transit use

Coefficient

tstatistic

Coefficient

t-statistic

0.96

10.32

0.83

7.24

-0.2

-2.03

-0.46

-4.54

0

2

-0.29

-4.12

-0.22

-3.32

-0.14

-2.14

0.16

1.97

0.42

4.27

0.34

4.99

Mode choice
Respondents who use a
private vehicle daily

-0.25

-2.58
Technology

Respondents who use a
computer daily

0.24

3.39

Socio-demographics
Respondents who are
white and employed
Respondents younger
than 35 years old
Respondents older than
49 years old
Residents of a household
with three or more cars
available
Highly educated
respondents whose
household income is
$100K or more
Respondents whose
household income is less
than $100K, and there are
more than two people

-0.33

-4.53

0.3

4.09

0.4

5.83

-0.47

-5.71

0.24

3.63

-0.43

-7.28

-0.38

-5.68

-0.2

-2.75

Built Environment
Residents of an area with
more than 55% renteroccupied buildings

0.23

2.34

0.27

2.7

0.23

2.69

Health Status
Respondents whose
household income is $75K
or more and stated
excellent health status
Respondents who stated
excellent health status
Rho [Ride-hailing-Bike]

0.29

3.83

0.31

4.52

0.23

5.91

Number of observations

Rho [Ride-haling-Walk]

0.3

6.95

Log-Likelihood (constants only)

-3,953.93

Rho [Ride-haling-Transit]

0.68

21.51

Log-Likelihood model at convergence

-3,739.55

Rho [Bike- Walk]

0.65

22.15

AIC/N

Rho [Bike- Transit]

0.41

11.01

Rho [Walk- Transit]

0.51

14.31

1,728

4.336
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Table 5. MVP Model Estimation Results - Indianapolis
Ride-hailing use
Variable

Coefficient

tstatistic

Constant

-1.8

-6.06

Bike use

Walk use

Transit use

Coefficien
t

tstatistic

Coefficie
nt

tstatistic

Coefficient

tstatistic

-0.63

-5.89

0.35582

3.34

-2.14

-6.94

-0.3298

-1.77
0.43

1.92

0.78

2.6

0.45

1.87

Technology
Respondents who use a
computer daily
Respondents who use a
phone or tablet daily

0.97

3.2

0.7

2.81
Socio-demographics

Respondents younger
than 35 years old
Respondents older than
49 years old
Respondents live with
three or more people in
the household
Respondents whose
household income is
between $75K to $100K
Respondents whose
household income is
$100K or more

0.52

-0.27

-1.78

0.27

1.78

2.6

Built Environment
Residents of an area
with more than 25%
renter-occupied
buildings
Health Status
Respondents reported
household income is
$75K or more and stated
excellent health status
Respondents who stated
excellent health status
Respondents who stated
very good health status
Respondents who stated
good health status

0.59

2.55

0.45592
-0.41

2.35

-2.04

Rho [Ride-hailing- Bike]

0.24

1.8

Number of observations

256

Rho [Ride-hailing- Walk]

0.53

4.7

Log-Likelihood (constants only)

-463.39

Rho [Ride-haling-Transit]

0.8

7.92

Log-Likelihood model at convergence

-472.95

Rho [Bike- Walk]

0.55

5.53

AIC/N

3.867

Rho [Bike- Transit]

0.64

0.17637

Rho [Walk- Transit]

0.84

2.19
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The likelihood of ride-hailing use in the Chicago MSA decreased for respondents who used a private
vehicle daily. Indianapolis MSA respondents who used a computer daily to access the internet were more
likely to use ride-hailing. Smartphone and tablet use were both found to be significant in the ride-hailing
equation for the Indianapolis MSA. Since most of these services must be requested through a phone app,
service users must be reasonably technologically savvy using computers and other digital technologies
(Alemi et al., 2019).
Respondents whose race was white and who were also employed were less frequent users of ride-hailing
in Chicago. For the Indianapolis model, a similar variable resulted as insignificant. Only for Chicago,
respondents younger than 35 were found to be more likely to use ride-hailing services. This finding aligns
with past research that suggests that the younger population is more willing to partake in ridesharing than
the older population (Clewlow & Mishra, 2017; Conway et al., 2018). Additionally, respondents who live
in households with more than two people and earn less than $100,000 annually were less likely to use
ride-hailing. The affordability of the service might be a contributing factor as to why this group of users
may not utilize the service. Likewise, in Indianapolis, respondents with annual incomes of $100,000 or
more were more likely to use the service than those earning between $75,000 and $100,000. Similarly,
households with high levels of educational attainment and high income were more likely to use ridehailing services in Chicago. These findings are in line with previous studies that have found that people
making $100,000 or more per year are significant users of ridesharing services (Alemi et al., 2019; Conway
et al., 2018; Grahn et al., 2019).
Furthermore, in the Chicago MSA, residents of areas where 55% or more of the buildings are renteroccupied were more likely to use ride-hailing. Ridesharing is highly used in compact areas (Deka & Fei,
2019; Grahn et al., 2019) and areas with access to heavy rail, as is the case of the Chicago MSA. Finally,
Chicago MSA-based respondents claiming an “excellent” health status were more likely to use ride-hailing
services. This finding is similar across all the modes studied in this task for this MSA. Ridesharing is
complementary to AT; this could indicate an existing multimodal behavior from the respondents. On the
other hand, in Indianapolis, people with very good health were found not to use ride-hailing as much. This
could be because people who have very good health prefer to use AT, a form of PA, to maintain their
health status.
Bike use was the following mode of travel analyzed in the models. Respondents in the Chicago MSA who
used their computers daily to access the internet were more likely to use a bike for travel; this was not
observed in Indianapolis. This result might be associated with the respondents’ environmental
consciousness. People who use technology frequently are associated with having higher environmental
awareness (Buehler et al., 2020). Also, respondents under age 35 were more likely to use bicycles than
respondents older than 50. This is likely because biking can become more strenuous as people get older
(Creger et al., 2019). These age variables were not found significant in the bike equation for the
Indianapolis model. Residents in the Chicago MSA with access to three or more cars in their households
were less likely to use bikes as a means of transportation. High car ownership is associated with low levels
of non-motorized AT (Buehler et al., 2020). Indianapolis MSA-based respondents who live in households
of three or more persons were also found to have a higher propensity to bike. A reason for this could be
that people living in large households may find it impractical to purchase vehicles for every household
member and, instead, encourage some household members to make their shorter trips by biking.
Consistent with different studies that link bicycle use to excellent health status (Buehler et al., 2020;
Pucher et al., 2010), Chicago MSA-based respondents who claimed to have an “excellent” health status
were also more likely to bike. The results were similar in the Indianapolis MSA. The bike use results showed
that having “excellent” health and medium- to high-income are positively correlated with bike use.
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Walk use was a less-likely means of transportation for Chicago MSA-based respondents who used private
vehicles daily. Respondents based in the Chicago MSA were more likely to walk for transportation if they
used computers daily or resided in renter-occupied areas at 55% or more. Denser areas often mean
shorter commuting distances. This explains the propensity for residents of dense, urban areas like Chicago
to use walking for travel (Buehler et al., 2020; Freeland et al., 2013). The availability of three or more cars
in a household negatively influences the likelihood of walking for transportation since car ownership is
associated with low levels of walking (Arroyo et al., 2020; Ogilvie et al., 2008). Young adults in the
Indianapolis MSA were found not to favor walking as a means of travel. Younger adults may be more likely
to get around in a personal vehicle or use emerging modes of transportation (e.g., e-scooter, bikeshare,
rideshare). In line with past research, walking contributes significantly to overall health, and this study
has also found that respondents that stated to have an “excellent” health status are more likely to walk
for travel (Buehler et al., 2020; Pucher et al., 2010; Sahlqvist et al., 2012). In Indianapolis, similarly, having
“excellent” health was significant and positively correlated with walking.
The last mode that was modeled was public transit. Respondents who used their cars daily were less likely
to use transit in the Chicago MSA. Chicago MSA-based respondents who used the internet daily were
more likely to use transit, but they were less likely to use transit if they were 50 years of age or older.
Previous studies have highlighted that the preferred mode of transportation for the 65-and-older
population is the private vehicle (Alsnih & Hensher, 2003). This finding is contrary to the results of
Indianapolis. A significant portion of transit riders in the Indianapolis MSA was age 50 and older.
Indianapolis is not as dense as Chicago; this may explain why older adults in Indianapolis seem to rely
more on transit to reach their destination. It was also found that respondents based in the Chicago MSA
who had three or more vehicles available were less likely to use transit. The availability of options besides
public transit, such as a private vehicle, may decrease transit use (Deka & Fei, 2019). Unlike the trend for
ride-hailing use in the Chicago MSA, households with more than two people and earned less than
$100,000 annually were more likely to use transit. Additionally, Chicago MSA respondents who resided in
renter-occupied areas at 55% or more were more likely to use transit. A similar finding was observed in
the Indianapolis results. Finally, respondents in the Chicago MSA who stated having a “good” health status
were also likely to use transit. Indianapolis MSA respondents who indicated having an “excellent” health
status were also likely to use transit. Because of the need for walking to and from transit stops or stations,
transit can be considered a form of AT (Ermagun & Levinson, 2017). Those who are in good enough shape
to walk to and from these pick-up and drop-off locations are likely to have “good” health or better.
The marginal effects (MEs) on both models’ results are presented in Table 6 for both Chicago and
Indianapolis MSAs. ME measures the magnitude of the impact of an independent variable on the expected
value of the dependent variable (Greene, 2003). For the Chicago MSA, ME estimations indicated that
stated “excellent” health statuses, high educational attainment, and income influence the use of ridehailing to a greater extent compared to other significant variables in this model (MEs are 0.17 and 0.14,
respectively). In contrast, in the Indianapolis MSA, the daily use of computers was the most important
factor influencing ride-hailing use (ME is 2.06E-04). This ME for Indianapolis is smaller compared to the
most influential variables in Chicago. For bike use, the health status variables significantly affect the choice
of this mode in both MSAs (ME is 0.10 in Chicago and 0.18 in Indianapolis). In this mode choice, the
Indianapolis respondent's health status has a higher effect on bike use than the Chicago one. In terms of
walk use, living in an area where buildings are renter-occupied at a 55% level or more was the most
important factor in Chicago, but that was not the case for Indianapolis. Instead, “excellent” health status
was the most influential variable in Indianapolis. However, the built-environment variable significantly
influences Chicago walking use compared to the "excellent” health status variable in Indianapolis (ME 0.04
and 2.05E-04, respectively). Finally, the built-environment variable was found to be the most crucial factor
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to consider transit use in the Chicago MSA model. In contrast, in the Indianapolis MSA model, the three
significant variables were found to have similar effects on the propensity to patronize transit.
Table 6. Marginal Effects MVP Model- a) Chicago and b) Indianapolis
Ride-hailing
Variable

Chicago

Indianapolis

Bike
Chicago

Walk

Indianapolis

Transit

Chicago

Indianapolis

Chicago

Indianapolis

-0.07

ns

-0.05

ns

Mode choice
Respondents who use
a private vehicle daily

-0.1

ns

ns

ns
Technology

Respondents who use
computers daily
Respondents who use
a phone or tablet daily

ns

2.06E-04

0.10

ns

0.03

ns

ns

ns

ns

1.49E-04

ns

ns

ns

ns

ns

ns

Socio-demographics
Respondents who are
white and employed
Respondents younger
than 35 years old
Respondents older
than 49 years old
Respondents who live
with three or more
people in the
household
Residents of a
household with three
or more cars available
Respondents whose
household income is
more between $75K
to $100K
Respondents whose
household income is
more than $100K
Highly educated
respondents whose
household income is
$100K or more
Respondents whose
household income is
less than $100K, and
there are more than
two people

-0.15

ns

ns

ns

ns

ns

-0.07

ns

0.13

ns

-0.01

ns

ns

-1.48E-04

ns

ns

ns

ns

-0.18

ns

ns

ns

-0.05

1.00E-07

ns

ns

ns

1.64E-01

ns

ns

ns

ns

ns

ns

-0.17

ns

0.04

ns

-0.04

ns

ns

-5.70E-05

ns

ns

ns

ns

ns

ns

ns

5.70E-05

ns

ns

ns

ns

ns

ns

0.17

ns

ns

ns

ns

ns

ns

ns

-0.2

ns

ns

ns

ns

ns

-0.07

ns

Built-Environment
Residents of an area
with more than 25%
building rent-occupied
Residents of an area
with more than 55%
building rent-occupied

ns

ns

ns

ns

ns

ns

ns

1.00E-07

0.08

ns

ns

ns

0.07

ns

0.05

ns
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Health Status
Respondents reported
household income of
more than $75K and
ns
ns
stated excellent
health status
Respondents who
stated good health
ns
ns
status
Respondents who
stated very good
ns
-8.60E-05
health status
Respondents who
stated excellent
0.14
ns
health status
ns=variable was not significant in the model.

0.10

1.84E-01

0.04

ns

ns

ns

ns

ns

ns

ns

ns

1.00E-07

ns

ns

ns

ns

ns

ns

ns

ns

ns

2.05E-04

0.07

ns
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4

Adoption Levels in Vulnerable Areas

Autonomous Vehicles (AVs) could have a variety of effects on mobility, safety, and the built environment.
As AVs become more prevalent, the built environment will change. On the one hand, Fraedrich et al.
(2019) anticipated a surge in areas dedicated to AT and transit since parking requirements would be
eliminated. That freed space could be converted into zones that promote physical activity and improve
access across the city. On the other hand, Ostermeijer et al. (2019) anticipated an increase in VMT from
non-occupied vehicles, leading to a rise in congestion. Consequently, a change such as this might have a
detrimental effect on the current built environments dedicated to AT modes, including transit, which
would probably exacerbate the inequalities among groups that are less likely to have access to
transportation (Singleton et al., 2020). AVs are anticipated to transform our routines and neighborhoods
(Milakis et al., 2017; Saghir & Sands, 2020). Early examinations of the relationship among built
environment characteristics and AVs preferences have been carried out; however, the results of this task
complement that initial research by considering the consequences on equity and public health (Zhang et
al., 2020).
The changes on the aforementioned topics will also depend on the AV’s adoption patterns (Asmussen et
al., 2020; Saghir & Sands, 2020). There is a recurring theme in the literature about how the built
environment may need to adapt to accommodate AVs as time passes (Fraedrich et al., 2019). However,
AV’s are not yet deployed and understanding what features of the built environment and social
environment are more prone to surround early adopters and innovators of this technology is a remaining
gap. Previous research has shown that cluster analysis can be used to classify individuals with similar
adoption patterns (Spurlock et al., 2019). It may be necessary to identify the factors that manage to
influence diverse levels of adoption to deter increases in physical inactivity and correctly shape the urban
form, in order to help decrease non-communicable diseases (NCDs), including obesity, type II diabetes,
and several types of cancer (Barreto, 2015; Lanza et al., 2019; WHO, 2019). Also crucial are studies that
examine how this technology would impact disadvantaged populations and strategies that can be used to
prepare location-based interventions to guarantee equitable access to AVs and advantageous health
outcomes. This task intends to identify market segments by each adopter level and location-based
characteristics associated with each segment/cluster. This text contains sections published in LosadaRojas & Gkritza (2021), reprinted here with permission from Elsevier (copyright Elsevier).

4.1 Methodology and Data
4.1.1 Variables
Both individual-level and location-based variables are considered in this task. The levels of AV adoption,
as described by adoption categories from the theory of diffusion of innovations (Rogers, 1995), sociodemographic characteristics, use of transportation innovations modes, and mode choice decision factors,
were collected using an online survey. These variables are observed at the individual level. Using
secondary data available to researchers, participant reported ZIP codes were used to measure locationbased factors. These factors include mainly built environment characteristics, highly transportation
disadvantaged areas, and current health outcomes. Table 7 reviews the data gathered as part of this study
and source of data.
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Table 7. Data and Sources
Variables
Individual-level Variables
Level of adoption
Socio-demographics
Mode choice attributes
Built Environment Variables
Walkability index

Year

Source

2017
2017
2017

Survey
Survey
Survey

2017

Bikesharing availability
Sidewalk availability
Bike path availability
5D variables
Land use cover
Highly transportation disadvantaged
areas

2018
2018
2018
2010-2014
2016
2017

Chicago Metropolitan Agency for Planning
(CMAP)/ Smart Location Database, EPA
Divvy/Indy Open Data
CMAP/ Indy Open Data
CMAP/ Indy Open Data
Smart Location Database, EPA
National Land Use Database
An index developed with publicly available data
from 2017 5 years American Community
Survey, 2017 National Travel Survey.

2017

CDC

Health-related Variables
500 Cities Project (health outcomes,
prevention, and unhealthy
behaviors)

4.1.2 Built-Environment Variables
Mode choice decisions and health outcomes are affected by the built environment (Ewing et al., 2014;
Ewing & Cervero, 2010; Frank et al., 2006; Sallis et al., 2009). Considering the 5Ds features of the built
environment (density, diversity, design, destination accessibility and access to transit), the Environmental
Protection Agency (EPA) produced the Smart Location Database (SLD) that condenses around 90
indicators related to the 5Ds and the walkability index of the U.S at the block-group level. For this study,
using ZIP codes, we aggregated these indicators to represent the 5Ds surrounding a survey respondent.
The built environment data was supplemented with openly obtainable data from the Chicago
Metropolitan Agency for Planning (CMAP), Indy Open data, and the 2016 National Landcover Database.
Features such as transit availability, the presence of bikesharing stations, the sidewalks’ availability, and
the percentage of green areas were collected from these sources to enrich the data.

4.1.3 Health-related Variables
Health-related data were collected from the 500 Cities project, a partnership between the Robert Wood
Johnson Foundation and CDC Foundation which assist urban planners in improving population health at
the small levels (Center for Disease Control and Prevention, 2016). The project assembled data for the
497 largest American cities and three cities from Vermont, West Virginia, and Wyoming to include cities
from all over the U.S. The units of analysis were census tract-level and later ZIP code and encompass 27
chronic disease measures from the Behavioral Risk Factor Surveillance System (BRFSS). The key factors for
the objective of this task are the prevalence of physical inactivity, obesity, coronary artery disease, stroke,
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diabetes, and use of preventive medical services, which are known to be linked with active travel (Hamrik
et al., 2014; Ige et al., 2013; Kinra et al., 2010; Nieuwenhuijsen et al., 2017; Probst-Hensch et al., 2011;
Smith, 2009; Waxman & Norum, 2004).

4.1.4 Highly Transportation Disadvantaged Areas
Three approaches: accessibility-, mobility-, and outcome-based measures were used in this task to explore
the disadvantaged transportation areas. These methodologies have individual advantages and
disadvantages, and therefore, studies commonly combine measures based on more than one approach.
Pyrialakou, Gkritza, & Fricker (2016) specified that there is an absence of U.S. data related to the transport
disadvantage faced by specific socioeconomic groups that could support subsequent research on
transportation needs (Pyrialakou et al., 2016). Based on three types of measures, Pyrialakou et al., 2016,
developed the method used in this task. The methodology used here was previously applied in the CCAT
sponsored project “Public Acceptance and Socio-Economic Analysis of Shared Autonomous Vehicles:
Implications for Policy and Planning” (Gkritza et al, 2021). The measures were created using openly
accessible socioeconomic and demographic data from the 2017 American Community Surveys (ACS) and
the 2017 NHTS, aggregated at the CBG level (2010 block groups delineation). A geocoded database of
existing transportation systems was also used to determine where opportunities are located. By
comparing areas' transportation supply and transportation needs, the need gap in transportation was
calculated using the results of the three measures. This need gap aimed to feature areas with high and
very high transport needs and low accessibility levels.
Figure 3 shows the distribution of ZIP codes where respondents from the online survey resided.
In some zip codes, there is more than one respondent. Figure 3 shows the ZIP codes classified as highly
transportation disadvantaged areas and the areas where the 500 Cities project data for the health-related
variables were available for both areas.
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(a)

(b)
Figure 3. Distribution of Responses in a) Chicago and b) Indianapolis MSAs.
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4.1.5 Individual-Level Variables
We designed and administered an online survey to Chicago and Indianapolis MSA residents in October
2017 and March 2018. That survey was approved by the Purdue University Institutional Review Board
(IRB). The questionnaire had five sections. The first section included questions regarding awareness of AV
technology, mainly AV levels 3, 4, and 5 according to the Society of Automotive Engineers’ definition of
automated driving levels (SAE, 2014). In the second section, respondents were asked about their travel
behavior and important factors that influenced their mode choice decisions. The third section gathered
opinions on AVs, including attitudinal questions relevant to components influencing the behavioral
intention to ride in AVs, as identified in Gkartzonikas & Gkritza (2019). Several questions were asked per
component that included a 5-point Likert-type scale (1: strongly disagree to 5: strongly agree). Mode
choice experiments were included in the fourth section of the survey. Lastly, qualitative questions about
socioeconomic status were included in the survey. A more detailed explanation of the survey instrument
can be found in Gkartzonikas (2020).
The sample considered in this study includes 215 and 297 completed responses from Chicago and
Indianapolis, respectively (Table 8). That corresponds to a confidence level of 95% and a 7% margin of
error. The sample is considered representative in terms of age and gender because hard quotas were
implemented for these groups to represent the ratios of US Census data (2010). A comparison of the
sample with the general population reveals that the sample contains significant numbers of participants
with higher incomes and higher levels of education.
Table 8. Descriptive Statistics of the Survey Respondents

Variable
Gender

Age

Education

Income

Description
Male
Female
18-24 years old
25-34 years old
35-44 years old
45-54 years old
55-64 years old
65 plus years old
High school graduate
Technical training beyond high
school
Some college
College graduate
Graduate school
>$25K
$25K-$49K
$50K-$74K
$75K-$99K
$100K-$150K
>$150K

Chicago
Freq.
⁺Freq.
(sample)
(Census)
47%
47%
53%
53%
14%
14%
25%
25%
18%
18%
16%
16%
14%
14%
13%
13%
21%
33%
5%

6%

28%
34%
12%
16%
28%
22%
15%
14%
5%

18%
28%
15%
31%
23%
17%
11%
10%
8%

***

***
***
**
***
*
*
*
***
**

Indianapolis
Freq.
⁺Freq.
(sample)
(Census)
46%
46%
54%
54%
18%
18%
17%
17%
17%
17%
18%
18%
15%
15%
16%
16%
19%
38%
5%

5%

27%
34%
14%
18%
25%
23%
17%
12%
5%

25%
20%
12%
26%
26%
18%
11%
11%
8%

***

***
***
***
***
*

⁺U.S. Census 2010 data for Chicago, Illinois MSA. Test of proportion results: *** p<0.01, ** p<0.05, *p<0.1.
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4.2 Multivariate Cluster Analysis
Based on the results of a market segmentation analysis, respondents were first divided into five distinct
AV adoption levels. Individual and location-based characteristics were then identified. In the
segmentation process, ten components were investigated; cluster analysis determines the homogeneity
of the items and allows groups of similar items to be classified together. (Mooi & Sarstedt, 2011). The
cluster analysis managed to identify distinct market segments based on people’s self-perceived behavior
and their intention to ride in AVs. Recent research found that ten components play an important role in
behavioral intentions to use AVs (Gkartzonikas & Gkritza, 2019) and included: attitudes towards AVs,
compatibility, complexity, driving sensation seeking, perceived behavioral control, perceived moral norm,
relative advantage, self-efficacy, subjective norm, and intention to ride in AVs. The methodology used
herein is similar to that used in task 1 of the CCAT project “Behavioral intention to ride in AVs and Impacts
on Mode Choice Decisions, Energy Use and GHG Emissions” (Gkritza et al., 2020).
The ArcGIS Pro Multivariate Clustering tool from the spatial statistics toolbox was used to estimate the
clusters (Mooi & Sarstedt, 2011). The respondents were classified using Roger’s five categories of
innovation−innovators, early adopters, early majority, late majority, and laggards (Rogers, 1995). The tool
identified five seeds to optimize analysis results based on the fixed number of clusters (ESRI, 2021). Due
to the fixed number of clusters to be generated, the algorithm tries to find solutions where all features
within each cluster are as similar as possible. All the clusters themselves are as different as possible. This
analysis involves finding structure in data and is therefore exploratory in nature. (Jain, 2010).

4.3 Market Segmentation Analysis Results
As discussed in the previous section, market segmentation analysis provided insight into the five adoption
categories based on ten attitudinal components. The results of this analysis are presented in Figure 4. The
lowest average categorized laggards among the five clusters. These ten components were scored higher
by innovators than by the average. Only driving sensation seeking for early adopters seems to differ from
the expectations across the groups for Chicago respondents. However, sensation seeking is a trait defined
by the need for complex sensations and the willingness of an individual to take risks for a target experience
(Zuckerman, 1979). Sensation seeking can predict risky driving (Arnett, 1996; Jonah et al., 2001).
According to our results, early adopters have a lower value for AVs than early majority potentially because
they embrace change more readily, having an expectation AV technology will be less risky. Past literature
regarding AVs has also pointed to this conclusion (Haboucha et al., 2017). Indianapolis results were similar
because driving sensation seeking did not follow the same trends observed in the other characteristics.
For Indianapolis’ respondents, complexity for innovators is higher than in Chicago. As presented in the
previous task, this result might be associated with the fact that Chicago respondents might be more
familiar with transportation innovations due to longer exposure compared to Indianapolis respondents.
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a)

b)
Figure 4. Multivariate Clustering Box-Plot a) Chicago, and b) Indianapolis.
Table 9 presents the proportion for all level of adoption and the socio-demographic characteristics of the
five groups in the sample. For Chicago, laggards tend to be female (the male rate is 20%). They are
perceived to be less technologically savvy (Lee et al., 2019; K. Wang & Akar, 2019). The number of vehicles
owned decreases as interest in AVs increases. Younger adults between the ages of 18 and 34 are classified
as innovators in a higher percentage than the other age groups. According to previous research,
innovators are usually more multimodal users and less car-dependent (Lee et al., 2019; Spurlock et al.,
2019; K. Wang & Akar, 2019). Compared to the innovators, the laggards are the group with the lowest
proportion of respondents who have utilized transportation innovations, such as ridesharing or
carsharing.
In the case of respondents in Indianapolis, mainly females were classified as laggards (the male percentage
is 47%); however, it is less than the percentage observed in Chicago. Likewise, Indianapolis results show
that younger respondents, people with lower car ownership, and people who have experienced
transportation innovations were more likely to be classified as innovators.
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Table 9. Characteristics of Adoption Categories
Chicago

Roger’s DoI Categories

Indianapolis

Laggards

Late
Adopters

Early
Majority

Early
Adopters

Innovators

Laggards

Late
Adopters

Early
Majority

Early
Adopters

Innovators

16%

34%

34%

13.50%

2.50%

16%

34%

34%

13.50%

2.50%

Sample – Individual-level Characteristics
Adoption categories

11.16%

18.47%

30.70%

21.40%

16.28%

15.93%

24.81%

33.70%

16.67%

8.89%

Male respondent

20.83%

45.45%

40.91%

50.00%

68.57%

46.51%

55.81%

48.37%

39.53%

60.47%

Respondent aged between 18
and 34 years old

25.00%

27.27%

51.52%

45.65%

71.43%

18.60%

41.86%

30.23%

55.81%

69.77%

1.66

1.16

1.52

1.35

1.29

1.84

1.96

1.80

1.82

1.33

29.17%

29.55%

51.52%

60.87%

62.86%

18.60%

43.28%

49.45%

53.33%

66.67%

Density- Gross residential
density (HU/acre)

13.98

15.24

15.3

15.3

15.44

1.47

1.70

1.69

1.55

1.78

Diversity- Household workers
per job, compared to the region

0.43

0.40

0.40

0.40

0.40

0.49

0.47

0.47

0.47

0.47

Design-Total road network
density

19.84

20.5

21.96

21.84

22.86

10.79

11.85

11.92

11.30

11.96

Distance to Transit- Aggregate
frequency of transit service

110.67

130.17

153

149.34

185.57

33.60

46.01

43.33

49.09

44.28

256.36

283.26

309.27

300.95

330.79

270.50

284.31

285.18

277.83

294.09

29.17%

34.09%

35.10%

28.26%

34.47%

13.95%

8.96%

21.98%

15.56%

16.67%

Average vehicle ownership
Respondents that have used
transportation innovations (i.e.,
Uber and Zipcar)
Built Environment Characteristics

Destination Accessibility- Jobs
within 45 minutes auto travel
time
Highly transportation
disadvantaged areas
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Health-related Characteristics
High levels of obesity
(Respondent resides in a ZIP
code where obesity levels are
higher than average U.S.
average)
High levels of diabetes
(Respondent resides in a ZIP
code where diabetes levels are
higher than U.S. average)
Low levels of physical activity
(Respondent resides in a ZIP
code where physical activity
levels are lower than U.S.
average)
High levels of respiratory
diseases (Respondent resides in
a ZIP code where respiratory
diseases are more elevated than
U.S. average)

45.83%

65.91%

57.58%

54.35%

62.86%

62.79%

61.19%

68.13%

66.67%

73.33%

41.77%

29.55%

42.42%

41.30%

40.00%

41.86%

53.73%

56.04%

51.11%

65.00%

41.67%

31.82%

42.42%

39.13%

48.57%

53.49%

55.22%

62.64%

55.56%

65.00%

26.27%

27.27%

28.79%

34.78%

40.00%

37.21%

38.81%

46.15%

44.44%

52.50%
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Table 9 likewise presents features concerning the built environment and health-related variables in the
area where the respondent resides. Related to the concept of 5D, in both MSAs, respondents classified as
laggards tended to live in areas with fewer gross residential density than innovators or any other group.
Concerning diversity, household workers per job compared to the region (which quantifies the deviation
of CBG ratio of household workers/job from the regional average ratio of household workers/job) appears
to be higher in areas where laggards live compared to the other adopter levels in both Chicago and
Indianapolis. Characteristics of design, demonstrated by the total network density, were higher in the
innovators' group than the respondents classified as laggards in both MSAs. Respondents categorized as
innovators were most likely to live in a ZIP code with a higher average of the aggregate frequency of transit
service and jobs within 45 minutes of auto travel time. In terms of highly transportation disadvantaged
areas, it was found that a higher percentage of innovators than laggards lived in areas that were classified
as disadvantaged for both MSAs. It is vital to ensure equitable access to the technology for the population
to use it, even though this research suggests that respondents in highly transportation disadvantaged
areas are more inclined to adopt AV technology. Taking into account existing inequalities may help the
diffusion of technology be more successful (Haider & Kreps, 2004), ensuring a good state of health.
Regarding health-related characteristics, compared to laggards, innovators lived in ZIP codes that has
higher obesity rates than the U.S. average. Diabetes, another recognized comorbidity that could be
influenced by active travel, was found to be similar among the groups, except for late adopters. Those
classified as innovators were more likely than others to reside in ZIP codes with low physical activity levels.
This is also true when considering the variable that measures a higher presence of respiratory diseases,
such as chronic obstructive pulmonary disease and asthma. Many NCDS are more likely to be contracted
by people who usually live near interstates or highways (Khreis et al., 2017; Woodcock et al., 2009; Zwickl
& Moser, 2014). Several findings about innovators' health could indicate that they have a heavy
dependence on private vehicles, which is linked to sedentary behavior and physical inactivity. In this
regard, to reduce the potential adverse impact on public health, urban planners should ensure that
residential areas, schools, shopping centers, and work sites are located to encourage walking instead of
facilitating the use of AVs.
Considering the characteristics presented in Table 9, and given the aspects associated with each level of
adoption, Figure 5 shows the location of potential innovators in both Chicago and Indianapolis MSAs.
These areas were selected by doing an overlap analysis considering the health and built environment
characteristics surrounding respondents classified as innovators. In Chicago, innovators are more likely to
overlap with areas that are highly transportation disadvantaged. On the other hand, areas in Indianapolis
shown as innovators do not coincide with those in disadvantaged. In Chicago, innovators' areas are more
scattered geographically throughout the MSA, while these areas are more concentrated in the center of
Indianapolis.
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a)

b)
Figure 5. Innovators’ location according to health and built-environment characteristics of respondents’
surroundings a) Chicago, and b) Indianapolis
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5

Discussion

5.1 Policy Implications
Considering the literature review presented in task 1, the way that AVs will be deployed would drastically
shape whether the health benefits mentioned are provided by adopting this technology. A summary of
three possible scenarios of deployment is presented in the final remarks section. Those three scenarios
pose different challenges for public health. For the scenario where AVs are deployed as privately-owned,
this would harm populations segments that cannot afford a vehicle. It would also broaden the gap in wellbeing between different population groups. This scenario could potentially prorogue the complete
transition to AVs in the roads, which could slow the expected benefits in terms of safety, access, and
pollution if AVs are primarily electric. For the scenario where AVs are deployed as SAV, this could have a
negative impact on physical activity levels since AVs might be able to be used for all populations. However,
it is necessary to make sure that regardless of one’s background, all people would be able to access the
service if other benefits from the technology are to be earned. Finally, the adoption of AVs as an SAV pool
could provide similar but more specialized services to some population groups. This strategy could also
consider promoting physical activity as a first and last mile to reach the areas where SAVs would be
dispatched.
The enforcement of any of those scenarios or a combination of them could drastically affect the quality
of life of future generations. Policymakers and city planners must reach agreements to ensure that
physical activity levels and equal opportunities could be achieved by all the users of a transportation
system, regardless of their characteristics and the built environment where they reside. Incorporating
disadvantaged groups in disseminating and demonstrating AVs' benefits could help alleviate the possible
harm that those could bring to our public health status. Additionally, it is crucial to prioritize the use of
active modes. Strategies such as discounts or awards for more physically active (either travel or non-travel
related) might help mitigate the changes in activities that could emerge from AVs.
The second task of this report examined the relationship between four travel modes (ride-hailing, biking,
walking, and transit) and their connection with self-reported health status in two MSAs served by different
transit systems of various robustness. As hypothesized, the four travel modes were found to complement
each other among both MSAs. The impact of the mode choice factors, however, varied across modes and
MSAs. While many residents in the Chicago MSA indicated having access to a private vehicle, transit and
AT modes were popular among this population. This suggests that people may be willing to travel by
modes other than a private vehicle (e.g., transit, biking) if they have access to those other modes.
Therefore, policymakers should consider expanding the reach of transit services and other mobility-as-aservice (MaaS) platforms so that more communities find them accessible. MaaS integrates various
transportation modes (i.e., transit, ridesharing, walking) into a single mobility service accessible to all
riders on demand. Similarly, investments for the creation and maintenance of pedestrian infrastructure
(e.g., sidewalks, bike lanes) should be given higher priority in the budgets of transportation agencies.
Additionally, differences in tech-savvy variables in both MSAs helped us conclude that the acceptance of
new transportation technologies may not reveal themselves within the first few months of
implementation. For that reason, policymakers should consider marketing and teaching materials about
these services, which could significantly propel their adoption. The on-demand aspect of ridesharing is
appealing to users, so appealing that those users are willing to pay a higher cost for convenience. This
concept is reinforced by the results of both MSA models, in which respondents who earned $100,000 or
more annually were more likely to use ride-hailing. When convenience is added to a service, this
understandably increases the cost of that service; however, policymakers should remember that
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transportation is an essential service. To provide equitable transportation for all, different tiers of
subscriptions to transportation services should be offered. Discounts for students or the elderly are
examples of this. Also, if a person is a frequent user of one or multiple services, there should be a service
bundle available for them to purchase so that they can afford to use the service as much as they need to.
The built-environment variable (i.e., percentage of renter-occupied buildings) was significant in the
equations for ride-hailing, walking, and transit in the Chicago MSA model and the transit equation for the
Indianapolis MSA model. Areas that are mainly renter-occupied are more likely to be single-person or
single-family households that do not have the means to purchase a house and, therefore, need to rent.
Correspondingly, home renters are less likely to use private vehicles because of the high initial cost of the
vehicle and associated costs with its operation. Paying to travel by modes where the cost of upkeep (e.g.,
car insurance, oil changes) does not fall on the user may be more feasible for home renters, especially
those transportation services that have pay-as-you-go platforms. Additionally, health variables were
significant in all modes for both MSAs. However, a “very good” health status reduces the likelihood of
using ride-hailing in Indianapolis. The opposite trend was found in Chicago. Respondents from areas
served by smaller transit agencies may not see ridesharing as a means to stay active and, consequently,
improve their overall health status because there has not been a substantial effort to integrate these
systems with existing modes in the area. An example is the pool service that TNCs, such as Uber and Lyft,
have available in cities served by large transit systems like Chicago. However, these pooled services are
not available in Indianapolis. Policymakers should take these factors into account and establish a set of
policies that facilitate the integration of different modes and reduced fares for users, especially users who
live around denser, renter-occupied areas. Collaboration among transit agencies, TNCs, and companies
promoting AT can increase multimodality in both MSAs and reduce cost for the user.
In the third task, we assessed the location factors that might affect AV adoption (based on Roger’s five
adopter categories) in the Chicago and Indianapolis MSA using multivariate cluster analysis. As many
factors shape AV technology adoption, we studied factors that are related to the built environment and
relevant health variables based on the respondents’ location. Our results indicate that AV implementation
based merely on the propensity to adoption might have adverse health outcomes. It is clear that active
travel needs to be promoted and that an "obesogenic" environment that could emerge in the world of
AVs needs to be reduced. While preliminary analysis of the adopters’ characteristics suggested that a
higher number of innovators resided in highly transportation disadvantaged areas, this was not confirmed
in overlap analysis that showcases the areas where innovators would most likely live, at least in
Indianapolis.

5.2 Limitations and Recommendations for Future Research
From the literature review conducted in the first task, it was possible to identify different geographic
settings that might benefit in various ways from AV deployment. Research is needed to assess whether
changes in the urban form will result from AVs and how the health outcomes will be impacted in different
regions (i.e., urban vs. rural) (Curl et al., 2018; Hawkins & Nurul Habib, 2019). Moreover, research is
needed to assess the extent to which this technology could benefit the elderly. It is vital to truly
understand seniors' expectations of AV technology to ensure its adoption (Bennett et al., 2019a; Pettigrew
et al., 2018). Future research could investigate whether the adoption of autonomous vehicles is likely to
support community development and well-being (Curl et al., 2018). Additionally, dimensions of equity
concerning AVs should be defined by exploring the attitudes of people with various disabilities, lowincome populations, or the youth, especially ensuring the use of devices to access these services (Bennett
et al., 2019b; Sperling et al., 2016). Further research is needed in the form of health economic analyses of
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the short-, medium-, and long-term consequences of AV use under various scenarios. Policy decisions
relating to managing the AV evolution need to be informed by detailed analyses of the consequences for
individuals’ transportation behaviors and any subsequent health outcomes (e.g., sedentary time and steps
taken) (Pettigrew, 2017).
Another important topic for future consideration is the methods used to measure whether and to what
extent the causal effects exposed herein affect each other. Because of the complex relationship of the
components presented, it is necessary to draw on advanced research methods to explore it. Stated
preference methods such as interviews, focus groups, and surveys could gather information about the
components and expose and investigate their relationship and their effect on health. Although studies of
travel behavior have been mainly associated with the models that consider attitudes, such as the Theory
of Planned Behavior proposed by Ajzen in 1991, there is a need to use robust statistical models (Bohte et
al., 2009). For instance, Aditjandra et al. (2012) used a longitudinal structural equation modeling (SEM)
approach to assess the importance of the built environment on travel behavior (Aditjandra et al., 2012).
Since those models can be fed with stated preference responses, such as those originating from a survey,
it is necessary to assess whether the population surveyed would allow the researcher to understand the
behavior of the general population. Additionally, van Wee et al. (2016) suggested SEM because this model
represents an advanced research method and explains the complex causalities exposed in Figure 2. While
this is a starting point for researchers interested in the influence of transportation innovation and the
general well-being of the population, it can also awake the interest of policymakers to integrate the effects
of those relationships into transportation planning.
The findings of the second task of this study have some limitations. First, the use of NHTS data in
these two areas was motivated by the fact that there are no other available datasets to currently study
and compare the changes that ride-hailing (i.e., ridesharing or taxi) services can impose on other
transportation modes. For that reason, future studies should strive to use larger sample sizes, if possible,
that allow one to make inferences for policy and planning. Second, the relationship between AT and health
status has been acknowledged as a two-directional relationship (i.e., active travel affects health status,
but health status also can shape the amount of active travel) (Kroesen & De Vos, 2020). However, the
methodology used in this study did not allow for the assessment of causality. In the future, longitudinal
studies using more advanced methods such as SEM could be used for that. Third, the results of this study
are case-specific, and although the behaviors represented herein are typical from areas served by large
and medium transit systems, implications presented in this study need to be cautiously implemented in
other regions with similar characteristics. Future studies could consider different areas across the U.S.
that these two transit systems can represent. Moreover, the results of this study are a starting point to
understand the relationships explored and how this could be expected to affect health status once future
technologies are in place.
The third task has certain inherent limitations, which are related to the survey itself. In this study,
proper data preparation and analysis is attempted to overcome this limitation, such as removing partial
responses, cases of over-coverage, and passive responses. Since AVs were not available in Chicago or
Indianapolis at the time of the survey, the questionnaire provided a description that might refer to the
technology level 3 to 5 (SAE, 2014). Following progress with AVs, and once the technology is widely
available, follow-up surveys will be recommended to track public awareness and acceptance. The
implementation of AV is still in its early stages and there are many uncertainties. Active monitoring is key
during these periods. Research on different health-enhancing scenarios can be conducted in the future,
such as AVs providing first-and-last-mile services for delivering healthy food; AVs offering shuttles to
hospitals, doctors’ appointments, and supermarkets, among others. Other factors that might affect future
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health outcomes could be uncovered by such studies. Using the findings of this study, urban planners can
determine which specific individual and location-based characteristics should be included in future
surveys and simulations, thereby making transportation technologies more accessible and improving
health outcomes at the same time. Further research should consider factors such as walkability, safety,
and security in the built environment, in order to better understand how surrounding factors influence
the decision to use AVs.

6

Synopsis of Performance Indicators

6.1 Part I
The research from this advanced research project was disseminated to over 80 people from industry,
government, and academia. The research was presented at several conferences, including the 2019 (68th)
North America Meetings of the Regional Science Council, and the 2020 (2nd) Next Generation
Transportation Systems Conference, West Lafayette. This project supported 2 graduate students.
During the study period: (a) 1 undergraduate and 1 graduate transportation-related course were
offered that were taught by the PI and/or teaching assistants who are associated with this project; (b) 1
undergraduate student and 2 graduate students participated in this research project and were funded by
this grant during the study period; (c) two transportation-related advanced degree programs utilized grant
funds during the reporting period – masters and doctoral level programs, (d) 1 masters student supported
by this grant received a degree. Some of these students were also partially supported by another CCAT
project.

6.2 Part II
Research Performance Indicators: 3 conference articles and 1 peer-reviewed journal article were
produced from this project. One (1) other research project was funded by sources other than UTC and
matching fund sources. At the time of writing, there are no new technologies, procedures/policies, and
standards/design practices that were produced by this research project.
Leadership Development Performance Indicators: This research project generated 3 media engagements,
3 academic engagements, and 2 industry engagements. The PI held positions in 2 national organizations
that address issues related to this research project. Two (2) of the CCAT-affiliated students who worked
on this project hold leadership positions.
Education and Workforce Development Performance Indicators: The methods, data and/or results from
this study are being incorporated in the syllabus for the next version (Fall 2022) of Transportation Systems
Evaluation, a mandatory graduate level course at Purdue University’s transportation engineering
program.
Technology Transfer Performance Indicators: Regarding this CCAT research project, there were 3 media
stories referencing the research or other related activities. Also, there was 2 press releases and
approximately 100 website hits.
Collaboration Performance Indicators: There was collaboration with other agencies as 1 agency provided
matching funds.
The outputs, outcomes, and impacts are described in Section 7 below.
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7

Outputs, Outcomes, and Impacts

7.1 Outputs
7.1.1 Publications and Conference Proceedings
The results of this work have been presented in three conferences as reported below:
• Losada-Rojas, L.L. & Gkritza, K. Characteristics Associated with AV Adoption in the Chicago
Metropolitan Area: Implications for Public Health. 2nd Annual Conference on Next-Generation
Transport Systems. December 28-31,2020.
• Losada-Rojas, L.L., Gkartzonikas, C., & Gkritza, K. Market Acceptance of Autonomous Vehicles in
Transportation Disadvantaged Areas: Implications for Policy and Planning. 99th Transportation
Research Board Annual Meeting. Washington, D.C. January 12-13, 2020.
• Losada-Rojas, L.L. & Gkritza, K. Active Travel in the Autonomous Vehicles’ era. 2019 North
American Regional Science Conference. Pittsburgh, PA. November 13-16, 2019.
Additionally, the team presented the project at the 2021 CCAT Global Symposium on Connected and
Automated Vehicles and Infrastructure, on Monday, April 12, 2021. The study was also showcased at
institutional websites (https://engineering.purdue.edu/STSRG/research/CCAT/P_CCAT) and CCAT
website (https://ccat.umtri.umich.edu/ccat-research-published-in-journal-of-transportation-health/).
One publication resulted from this work. The preferred citation is as follows:
• Lisa Lorena Losada-Rojas & Konstantina Gkritza, Individual and location-based characteristics
associated with Autonomous Vehicle adoption in the Chicago metropolitan area: Implications for
public health, Journal of Transport & Health, Volume 22, 2021, 101232, ISSN 2214-1405,
https://doi.org/10.1016/j.jth.2021.101232.
7.1.2 Other outputs
•

•

As part of the Sustainable Transportation Systems Research Group Website, we have a tab
dedicated to disseminating the CCAT projects led by Dr. Konstantina Gkritza. The website can be
access using the following link: https://engineering.purdue.edu/STSRG/research/CCAT/P_CCAT
Database for transportation-health related factors in both Chicago, IL and Indianapolis, IN

7.2 Outcomes
•
•

•
•

Summarized possible scenarios of AVs' deployment and their impact on health. Those three
scenarios pose different challenges for public health that policymakers should consider.
Examined the relationship between four travel modes (ride-hailing, biking, walking, and transit)
and their connection with self-reported health status in two MSAs served by different transit
systems of various robustness
Increased understanding related to both individual and location-based characteristics that
influence AV adoption.
Understood that AV implementation based on propensity to adopt might have adverse health
outcomes.
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7.3 Impacts
•

•

While this project is a starting point for researchers interested in the influence of transportation
innovation and the general well-being of the population, it can also awaken the interest of
policymakers to integrate the effects of those relationships into transportation planning.
Incorporating disadvantaged groups in disseminating and demonstrating AVs' benefits could
help alleviate the possible harm that this technology could bring to our public health status.

7.4 Technology Transfer
Not Applicable.

7.5 Challenges and lessons learned
•
•
•

Research is needed to assess whether changes in the urban form will result from AVs and how
the health outcomes will be impacted in different regions (i.e., urban vs. rural).
Further research is needed in health economic analyses of AV use's short-, medium- and longterm consequences under various scenarios.
The implementation of AV is still in its early stages, and there are many uncertainties. Active
monitoring is critical during these periods.
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Glossary
ACS

American Community Survey

AT

Active Travel

AV

Autonomous Vehicles

BRFSS

Behavioral Risk Factor Surveillance System

CBG

Census Block Group

CCAT

Center for Connected and Automated Transportation

CDC

Center for Disease Control and Prevention

CMAP

Chicago Metropolitan Agency for Planning

EPA

Environmental Protection Agency

IRB

Institutional Review Board

MaaS

Mobility-as-a-Service

ME

Marginal Effects

MSA

Metropolitan Statistical Area

MVP

Multivariate Probit

NCD

Non-communicable disease

NHTS

National Household Travel Survey

PA

Physical Activity

SAV

Shared Autonomous Vehicles

SLD

Smart Location Database

TNC

Transportation Network Companies

VMT

Vehicles miles travel
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APPENDIX 1
Ridesharing, Active Travel Behavior, and
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Losada-Rojas, L., and Gkritza, K. (2021). Individual and location-based characteristics
associated with Autonomous Vehicle adoption in the Chicago metropolitan
area: Implications for public health, Journal of Transport & Health 22(1),
101232, https://doi.org/10.1016/j.jth.2021.101232.
Abstract
Autonomous Vehicles (AVs) could have profound effects on mobility, safety, and the build
environment. In specific, AVs are expected to provide more mobility choices to the elderly and
underserved areas, reduce traffic congestion and transportation costs, among others. The
changes in built environment could result in a reduction in active travel and physical activity,
which might lead to increases in non-communicable diseases (NCD) and pose risks to public
health. Using a combination of available secondary data and the responses of an online survey
from adults’ residents of the Chicago metropolitan statistical area, this study aims to enhance
the understanding of the individual and location-based characteristics that might influence the
levels of adoption of AVs. A market segmentation analysis was first conducted to classify
respondents into five distinct AV adoption levels and identify common characteristics. Built
environment and health-related characteristics, that surround the ZIP codes where different
levels of adopters reside, were also examined using an ordered probit model in order to
understand the influence that AV adoption would have on the factors related to active travel.
The ordered probit estimation results suggest that the level of adoption is associated with a
combination of individual and location-based characteristics, some of which are related to active
travel behavior. It was found that respondents in the high adopter categories are generally
lacking opportunities for active travel and show high levels of NCD in the ZIP codes where they
reside. AV implementation based only on the propensity to adoption might result in adverse
health outcomes. The results can inform planning strategies and health interventions so as to
avoid a massive shift from active travel modes to AVs and mitigate any other adverse impacts on
public health that this technology might bring.
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