
1 Introduction: Which older adults might step into a Lyft or Uber?

Ride-hailing—the services provided by Transportation Network Companies such as Lyft and Uber—is 
a relatively new mode of travel that is growing in importance in many countries in the world, includ-
ing the United States (Tirachini, 2019). Ride-hailing is widely available in metropolitan areas (Hughes 
& MacKenzie, 2016; Yu & Peng, 2019). Although ride-hailing companies claim that their services are 
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Differences in ride-hailing adoption by older Californians among 
types of locations

Abstract: Ride-hailing services such as Lyft and Uber can complement 
rides offered by family, friends, paid providers, and public transit. To learn 
why older adults might wish to use ride-hail, we conducted an online 
survey of 2,917 California respondents age 55 and older. Participants 
were asked whether they would value four features hypothesized to 
be benefits of ride-hailing. We specified binary logit models and used 
market segmentation to investigate whether there were location-based 
differences in the use of ride-hailing. Our analysis showed that women, 
city dwellers, persons with disabilities, and those who rely on others for 
rides were more open to ride-hailing. Women in suburbs or small town/
rural settings were more likely to ride-hail than their male counterparts 
for reasons of independence, fear of being lost while driving, or getting 
help with carrying bags. Urban women, in contrast, were less likely than 
their male counterparts to ride-hail for these reasons. High-income 
individuals in suburbs or small town/rural locations were more likely 
to ride-hail than low-income respondents, while high-income urban 
residents were less likely to ride-hail. Adoption of ride-hailing services 
and the reasons for doing so showed strong variability by location even 
among respondents with similar socio-demographic attributes.
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available across all of California (our geography of focus in this paper) including non-urban locations, 
availability can vary across environments (Brown, 2019a). Because ride-hailing typically requires use of 
the internet and credit cards, there is a clear association between use of this mode of transportation and 
travelers’ ages. Direct experience with and peer opinions about ride-hailing services may also influence 
older adults’ attitudes toward using ride-hailing. The next 10-year cohort (currently 55 to 64 years old) 
has more experience with app-based services and therefore may be more likely to use ride-hailing services 
than are those currently over age 64. It seems possible that the use of ride-hailing will depend on the 
availability of other travel options including public transit and autonomous vehicles.

Recent scholarship shows that most ride-hailing users are young and educated individuals (Alemi, 
Circella, Handy, & Mokhtarian, 2018; Conway, Salon, & King, 2018; Grahn, Harper, Hendrickson, 
Qian, & Matthews, 2019; Vivoda, Harmon, Babulal, & Zikmund-Fisher, 2018). There is little research, 
however, on whether older adults are willing to adopt ride-hailing services. The limited research that 
is available indicates that few seniors use ride-hail to meet their mobility needs (Vivoda et al., 2018). 
Researchers have written about the inability of seniors to access ride-hailing as a viable travel mode due 
to their unfamiliarity with e-tools (Payyanadan & Lee, 2018; Shirgaokar, 2018; Vivoda et al., 2018). 
Leistner and Steiner (2017) present a rare case study of a program to supply rides to seniors via a ride-
hailing app in lieu of transit in Gainesville, FL. That study found that older women were more likely to 
enroll in the program, were more open to using the service, and continued to use it longer than their 
older male counterparts. 

The literature indicates a gap in understanding the influence of home location on the motivations 
and attitudes of older adults toward ride-hailing. Location is an especially pertinent factor given that 
most older adults will “age in place” (Chen, Bouferguene, Shirgaokar, & Al-Hussein, 2020; Coughlin, 
2009). Following this view, the objective of this paper is to understand if reasons to accept ride-hailing 
services are influenced by socio-demographic differences among Californians aged 55 and older, partic-
ularly as a function of the location type where people live. To address this objective, we explore whether 
the factors that might encourage ride-hailing among Californians aged 55 and older would depend on 
the type of community where respondents lived: urban, suburban, small town, or rural areas. We explore 
possible latent demand for ride-hailing services across these location types in California. We also investi-
gate whether attitudes associated with respondents from these locations differ by gender. 

We conducted an online survey of 2,917 respondents 55 and older who live in California. Partici-
pants were asked about various aspects of ride-hailing acceptance, including features that may facilitate 
the use of ride-hailing. We specified binary logit models and used market segmentation (Koppelman & 
Bhat, 2006) to understand whether there are location type differences in use of ride-hailing. Our model-
ing segments the sample by stated home location in order to capture home location effects. 

The dependent variables are four specific reasons that might incentivize individuals aged 55 and 
older to adopt ride-hailing (Table 1). We tested four hypotheses about adults who are 55 and older:

• Hypothesis 1 – Socio-Demographics: Reasons to adopt ride-hailing are distinctly different 
across socio-economic segments (gender, income, etc.)

• Hypothesis 2 – Independence: Those who are dependent on others for rides are more likely to 
find one or more of the reasons important to accept ride-hailing.

• Hypothesis 3 – Health/Ability: Those who identify as a person with disability and/or report 
presence of physical health conditions are likely to find one or more of the reasons important 
to ride-hail.

• Hypothesis 4 – Location/Community Type: The results of the preceding three hypotheses are 
not equal across different location types (urban, suburban, and small town/rural).
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2 Older adults, their travel behaviors, and ride-hailing: A literature review

2.1 A population aging in place and impacts of diminished travel

The population of the United States is aging. The US Census Bureau projects that the number of people 
over age 65 will increase from 56 million in 2020 to 81 million by 2040 (US Census Bureau, 2018). In 
addition to this growth in absolute numbers, the Census Bureau predicts that older adults will become 
a larger fraction of the population, growing from 17% of the total population in 2020 to 22% of the 
population in 2040 (US Census Bureau, 2018). 

Research indicates that individuals 65 and older are more likely to age in place than move late in 
life (Coughlin, 2009), with 88% of senior respondents in a 2010 survey indicating that they preferred 
to age in place (Keenan 2010, p. 4 and 11). A majority of respondents in that study said that it was 
extremely or very important for them to be in a community that is near family and friends (71%), close 
to where they want to go (70%), and near social organizations (57%). Other studies indicate that the 
senior population is growing faster in suburbs and rural locations than in city centers (Frey, 2011; Parker 
et al., 2018; Rosenbloom, 2012). In addition, seniors who do not live in city centers are particularly at 
risk of being transportation deficient (Kim, 2011a; Shirgaokar, Dobbs, Anderson, & Hussey, 2020). 

Factors such as cognitive function, physical limitations, financial barriers, and social norms are all 
associated with diminishing travel among seniors (Chihuri et al., 2016). Notably, driving cessation is 
associated with an overall decrease in health and wellbeing, diminished social life, and a doubling of 
depression rates (Chihuri et al., 2016). Analyses using American Association of Retired Persons (AARP) 
data found that a smaller social network, lower socio-economic status, lack of transportation options, 
and living in an unwalkable location are all connected to a lower quality of life among seniors (Kim & 
Ulfarsson, 2013; Kim, 2011b). The literature also suggests that the health impacts of aging affect travel 
and, in turn, lead to diminished life satisfaction (Enam, Konduri, Eluru, & Ravulaparthy, 2017; Li & 
Tilahun, 2017). By contrast, an active lifestyle and traveling to socialize can improve quality of life in 
older adults (Chen et al., 2020; Ravulaparthy, Konduri, & Goulias, 2016). 

2.2 Seniors’ travel behaviors

A literature review by Haustein and Siren (2015) concluded that seniors could be segmented by travel 
patterns into four groups: (a) affluent and active car users, (b) car-dependent users with limited activity, 
(c) multimodal and active users, or (d) users dependent on transit and other travel means. Older adults 
further vary in terms of their travel patterns across age cohorts. Aging occurs over decades resulting in 
significant differences between those entering the older adult category and those who are much older 
(Rosenbloom & Herbel, 2009). For example, in the United States, driver status decreases with age, 
especially for adults 85 and older and for non-white Americans (Rosenbloom, 2012). Mode choice is 
heavily reliant on access to private automobiles, but trips as car passengers, compared to being the driver, 
increase rapidly with age (Rosenbloom, 2012). 

Driving Automobiles and Driving Cessation: Seniors drive less frequently and fewer miles as they 
age, yet on average older adults rely on driving as long as they are able to do so (Rosenbloom, 2012). 
Siren and Haustein (2013) also found that baby-boomer seniors (i.e., those born between 1946 and 
1964) are more car-dependent than other groups, and that men drive more than women do within this 
demographic. However, the later in life that seniors drive, the more likely they are to be in an injurious 
or fatal crash due to changes in functional abilities. These changes are due to the presence of one or more 
medical conditions and/or the medications used to treat those conditions, rather than age alone (Diller 
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et al., 1999; Vaa, 2003).
Non-driving seniors and individuals with lower income have the smallest activity area compared 

to those who drive (Kim & Ulfarsson, 2015) in that driving extends accessibility to various destinations 
(Figueroa, Nielsen, & Siren, 2014; Hess, Norton, Park, & Street, 2016). In addition, driving is associ-
ated with increased life satisfaction for many seniors (Li & Tilahun, 2017). Many factors are associated 
with seniors’ driving needs such as living in a location for more years (Hess et al., 2016) or living in 
suburbs or exurbs (Kim & Ulfarsson, 2015). In an AARP survey, Kim (2011b) found that seniors were 
more likely to get rides from someone, rather than relying on transit and walking, once they stop driv-
ing. Foley, Heimovitz, Guralnik, and Brock (2002) also found that older men and women outlive their 
driving age by six and ten years respectively. 

Senior Women: It is important to understand gender-based variation in demand for various travel 
modes (Shirgaokar, 2018; Su & Bell, 2012). In general, women live longer than men, although this gap 
is narrowing as the life expectance for men in the United States has gradually increased in the last four 
decades (Medina, Sabo, & Vespa, 2020). The gender gap in driver’s license also is declining for US adults 
65 and older; today’s older women are more likely to hold a license than were older women in previous 
generations (Federal Highway Administration, 2018). Nevertheless, older women generally drive less 
than their same-aged male counterparts. As such, older women are more dependent than older men 
on others to meet their transportation needs (Foley et al., 2002; Rosenbloom, 2011; Rosenbloom & 
Winsten-Bartlett, 2002). A lack of travel options especially affects older minority women (Kim, 2011a). 
Senior baby-boomer women, who have been dependent on the automobile their entire adult lives, are 
more likely to face unmet transportation needs and dependence on others as they age compared to 
same-aged males (Rosenbloom & Herbel, 2009). 

2.3 Ride-hailing

Most research on ride-hailing has focused on millennials, generation Xers, and regular travelers. Meth-
odologically, online surveys (Alemi, Circella, Mokhtarian, & Handy, 2019; Middleton & Zhao, 2019), 
spatio-temporal data on use of ride-hailing (Brown, 2019a; Erhardt et al., 2019), and intercept surveys 
(Gehrke, Felix, & Reardon, 2019; Henao & Marshall, 2018) have been utilized to unearth dimensions 
of ride-hailing usage in cities. Tirachini (2019) provides an in-depth literature review of ride-hailing 
scholarship from developed and developing countries. 

Whom does ride-hailing serve: The literature suggests that the average ride-hailing user tends to 
be young, employed (often with a flexible schedule), educated, male, and urban-dwelling (Alemi et al., 
2018; Conway et al., 2018; Grahn et al., 2019; Vivoda et al., 2018; Yu & Peng, 2019). However, ride-
hailing is used infrequently by all users, though more use is seen among those dwelling in households 
with fewer vehicles than workers (Brown, 2019a; Grahn et al., 2019; Sikder, 2019). Some researchers 
have found that ride-hailing is inequitable. Minorities face more challenges in hailing and successfully 
completing rides (Conway et al., 2018). Sikder (2019) further finds that African Americans and house-
holds that include older adults or young children are less likely to ride-hail. Hughes and MacKenzie 
(2016) suggest, however, that supply efficiency of ride-hailing is correlated with density of population 
and time of day rather than the socio-economic characteristics of an area. Brown (2019b) finds that 
ride-hailing is more reliable and less discriminatory than taxi service for minorities and in low-income 
locations in Los Angeles, California. Middleton and Zhao (2019) examine shared trip preferences with 
respect to ride-hailing services and find that males, women traveling with children, and those living in 
areas with high average income and conservative political leanings are likely to hold negative attitudes 
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toward fellow riders of a different race. Conway et al. (2018), using the National Household Travel 
Survey, find that there are differences across users and by location. Specifically, denser locations tend to 
have higher use of ride-hailing (Alemi et al., 2019; Conway et al., 2018; Grahn et al., 2019). Yet, in the 
Los Angeles area, Brown (2019a) finds that ride-hailing is ubiquitous, being supplied and consumed in 
low-density areas as well as in urban centers.

3 Data collection and sample characteristics

Seniors are a large and growing segment of the population in California, which is the geography of focus 
for this research. We defined seniors as individuals 65 years of age or older, but we also considered people 
between 55 to 64 years of age since they will be seniors in the very near future. Projections suggest that 
California’s population over age 65 will increase from 6.4 million in 2020 to a little over 11 million in 
2040 (California Dept. of Finance, 2020). Many of these future seniors are likely to be comfortable with 
technology-based travel services such as ride-hailing given their familiarity with e-tools today.

We collected data from the respondents through an online survey (for complete methodological 
details, see Agrawal, Shirgaokar, Misra, Wachs, & Dobbs, 2020). Online surveys are a method in-
creasingly used by researchers (Alemi et al., 2019; Middleton & Zhao, 2019). Our calculations based 
on American Community Survey (ACS) 5-year housing and person Public Use Microdata Sample 
(PUMS) data show that 86% percent of California’s population over the age of 55 has access to the 
internet and 73% has access to a smartphone. Given the high percentage of older Californians using the 
internet, online surveys are a reasonable method for inexpensively capturing information from a large 
segment of the population. Still, it is important to take note that online samples under-represent people 
with certain socio-demographic characteristics, including those who are over 75, have low income, have 
less formal education, and do not have high-speed internet access at home. Their exclusion is a limita-
tion of on-line surveys. 

To ensure a sample that closely represented California adults 55 and older in terms of basic socio-
demographic characteristics, we used quota sampling. We requested that the data vendor provide a sam-
ple that represented California adults 55 and older in terms of 2017 ACS 5-year estimates for gender, 
race and ethnicity, employment status, annual household income, and age. The data were also sampled 
by Zip Code so that the sample would represent various types of communities found across California, 
including, urban centers, suburbs, and small town/rural areas.

We designed the survey instrument to elicit responses regarding ride-hailing service availability and 
use patterns under a variety of trip scenarios. Moreover, we collected information about respondents’ 
comfort using technology (e.g., using apps on smartphones) and online financial tools (e.g., online cred-
it card use). We also asked questions about travel modes used in the preceding month; socio-economic 
characteristics of age, gender, race, ethnicity, employment status, and household income; and disability 
and health status.

The survey was administered from June 19 to September 9, 2019. Respondents completed surveys 
in an average of 11 minutes (8 minutes median). We received completed records for 2,917 respondents. 
The unweighted sample was 55% female. In terms of race and ethnicity, the unweighted sample was 
16% Hispanic/Latino, 59% white, 16% Asian-American, and 8% African-American. As for education, 
53% of respondents were college graduates, 34% had some college education, and 13% had completed 
high school or a Graduate Equivalency Diploma (GED). Most of the sample (61%) was not working 
by choice, 35% worked for pay, and 4% were unemployed but looking for work. The median as well as 
average age of the sample was 66 years with a standard deviation of 7.8 years. Forty-five percent (45%) 
of the sample were in the 55-64 age category, 38% were in the 65-74 age bracket, and the remaining 
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17% were in the 75+ age group. The sample’s median annual household income was $87,500 (Mean = 
$100,300; SD = $73,800). 

4 Analytical approach

The underlying theory of market segmentation is that the types of people who consume different ser-
vices are fundamentally different from each other (Ben-Akiva et al., 2002; Koppelman & Bhat, 2006). 
Differences can arise for many reasons, including socio-demographic factors (e.g., different age cohorts) 
or latent factors (e.g., high versus low confidence using smartphone apps). Since researchers indicate that 
there are differences in ride-hailing preferences by home location (Brown, 2019a; Yu & Peng, 2019), 
we contend that differences in adoption of such services can also arise from where respondents live. 
Therefore, we segmented the sample by the type of self-reported home location and used a market seg-
mentation approach (Koppelman & Bhat, 2006, Chapter 6) to test differences in reasons for adopting 
ride-hailing across three types of markets: urban, suburban, and small town/rural areas. 

The dependent variables were constructed from survey questions that asked respondents to consid-
er if each of four statements about ride-hailing described a reason that might encourage them to accept 
such services (Table 1). Specifically, respondents were directed to “think about all the trips you might 
be able to make using ride-hailing. Do these statements describe reasons you might want to use ride-
hailing, given your current lifestyle?” Respondents could answer “yes,” “maybe,” or “no” to these four 
statements. These prompts were developed by authors based on a review of the literature and subject 
area expertise (e.g., Shirgaokar, 2018). Because each of the four reasons tested was presented separately 
to the respondents, each statement is treated as a distinct binary outcome variable. Each model examines 
whether one of the independent variables (Table 2) significantly shift the likelihood of moving from a 
“no” to a “yes” for ride-hailing adoption. 

Table 1. Distribution of the outcome variables: Reasons to adopt ride-hailing
 

I can go out without 
having to ask family/

friends for rides

I can go out at night 
without having to 

drive myself

I don’t have to worry 
about getting lost  

driving myself

I have help carrying 
heavy bags to my 

door

Obs. % Obs. % Obs. % Obs. %

Yes/Maybe = 1 1,783 61% 1,905 65% 1,697 58% 1,506 52%

No = 0 1,119 38% 995 34% 1,202 41% 1,384 47%

Missing 15 1% 17 1% 18 1% 27 1%

Total 2,917 100% 2,917 100% 2,917 100% 2,917 100%

We tested whether the answer to each outcome variable depended on the respondent’s home loca-
tion. Responses to the question “How would you describe the area you live in?” were used as an explana-
tory variable in the base models (Table 3) and later for exogenous segmentation of the data (Table 4, 
Table 5, Table 6). The self-reported home location categories were urban, suburban, small town, and 
rural. However, the small town and rural categories were combined together because of the lower re-
sponse rates in both these groups. Separate models for each geographical location were specified so that 
the larger groups did not mask preferences of the smaller group. Since home location is self-reported, 
there may be bias in how respondents self-identify where they live. Nevertheless, formal definitions of 
location type, e.g., urban versus suburban, can be contested especially in boundary locations. Letting 
respondents report how they view their home location may add more insights given our hypotheses. In 
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future work, specific addresses linked to respondents would be ideal.
Table 2 presents the summary of variables used in this analysis across the different self-reported 

home locations. Explanatory variables in the models include factors for travel behavior (commuting, car 
driving, and getting rides) and health (disability and physical ability to carry out everyday tasks). Socio-
demographic variables including gender, age, race, ethnicity, education, and household income were 
also considered as explanatory variables. 

Table 2. Summary statistics for independent variables across different home locations

Independent variables Urban Suburb Small Town Rural Full Sample

Commute days per week

Mean 3.8 3.9 3.9 3.8 3.9

SD 1.5 1.5 1.5 1.5 1.5

Drove a car last week

Yes Row% 26% 58% 10% 6% 100%

Col% 84% 93% 87% 87% 89%

No Row% 41% 39% 12% 8% 100%

Col% 16% 7% 13% 13% 11%

Obs. 799 1,609 300 188 2,896

Got a ride from Family/Friends/ 
Neighbors/Caregivers

Last 7 days Row% 27% 56% 11% 7% 100%

Col% 47% 49% 51% 50% 48%

Last month Row% 27% 57% 10% 6% 100%

Col% 26% 27% 25% 24% 26%

Never Row% 30% 54% 10% 7% 100%

Col% 27% 24% 24% 26% 25%

Obs. 795 1,596 293 186 2,876

Disability status

Yes Row% 31% 46% 16% 6% 100%

Col% 13% 9% 17% 11% 11%

No Row% 27% 57% 10% 7% 100%

Col% 87% 91% 83% 89% 89%

Obs. 806 1,605 298 189 2,898

Has physical health concerns that 
interfere with ability to carry out daily 
activities

Yes Row% 32% 44% 16% 8% 100%

Col% 8% 6% 11% 9% 7%

No Row% 27% 56% 10% 6% 100%

Col% 92% 94% 89% 91% 93%

Obs. 805 1,608 299 190 2,902

Gender

Female Row% 29% 53% 11% 7% 100%

Col% 57% 53% 58% 63% 55%

Male Row% 27% 58% 10% 5% 100%

Col% 43% 47% 42% 37% 45%

Obs. 806 1,604 299 187 2,896
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Independent variables Urban Suburb Small Town Rural Full Sample

Age

65+ years 
(older adult)

Row% 26% 57% 10% 6% 100%

Col% 52% 57% 56% 53% 55%

55-64 years Row% 30% 53% 10% 7% 100%

Col% 48% 43% 44% 47% 45%

Obs. 807 1,612 301 190 2,910

Race

White Row% 24% 58% 10% 7% 100%

Col% 51% 62% 58% 64% 59%

Other race/s Row% 33% 51% 10% 6% 100%

Col% 49% 38% 42% 36% 41%

Obs. 807 1,612 301 190 2,910

Ethnicity

Hispanic Row% 28% 51% 12% 9% 100%

Col% 16% 15% 18% 21% 16%

Non-Hispanic Row% 28% 56% 10% 6% 100%

Col% 84% 85% 82% 79% 84%

Obs. 807 1,612 301 190 2,910

College educated (4-year college degree 
or post-graduate degree)

Yes Row% 27% 58% 10% 5% 100%

Col% 52% 56% 50% 43% 53%

No Row% 29% 52% 11% 8% 100%

Col% 48% 44% 50% 57% 47%

Obs. 807 1,607 301 189 2,904

Pre-tax annual household income in 
2018

Mean 90,753 110,293 85,083 81,763 100,324

SD 73,357 73,746 68,451 71,071 73,768

We specified a set of logistic regression models for the four outcome variables (Table 3) which 
examined reasons for adopting ride-hailing. We estimated ordinal logistic models as well as binary 
logistic models, and found fit statistics to be similar for both types. The binary logistic models are 
presented here because they are simpler and easier to interpret. We anticipated that getting rides 
from family/friends/neighbors and being driven rather than driving might be multi-collinear and be 
endogenous with some of the outcome variables, particularly for model #1 (Table 3). Pairwise measures 
of association were used to ascertain whether the explanatory variables were correlated, and later a 
variation inflation factor (VIF) test was run to check for multicollinearity. The association between 
variables was found to be weak with a maximum association measure of 0.23. The post-estimation 
check for VIF was much lower than five (5) across all variables. Parameter estimates and fit statistics for 
these base models are presented in Table 3. 
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5 Discussion of base binary logit models

For each of the four dependent variables, we estimated standard binary logit models that have the same 
set of independent controls. At this stage, the full dataset was used, not segmenting by type of home 
location. These first models are numbered #1 through #4 (Table 3). Five variables were significantly cor-
related with valuing ride-hailing across all or most of the models. Three variables were significant across 
all four models, and in the same direction: being female, having obtained a ride in the last week, and 
having obtained a ride in the last month were associated with higher odds of valuing ride-hailing for all 
the reasons presented. Two other variables were significant for three of the models (only insignificant in 
model #2). Having lower income and living in an urban location increased the odds that a respondent 
thought the stated reasons would nudge her or him into ride-hailing.

Table 3. Results of the four base binary logit models

I can go out without 
having to ask family/

friends for rides 
(#1)

I can go out at night 
without having to 

drive myself 
(#2)

I don’t have to worry 
about getting lost 

driving myself 
(#3)

I have help carrying 
heavy bags to my 

door 
(#4)

Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig.

Number of days com-
muting per week

0.08 0.09 0.02 0.70 0.01 0.91 0.05 0.29

Drove a car last week -0.35 0.18 -0.18 0.50 -0.24 0.34 -0.44 0.07

Got a ride last week 0.58 0.00 0.70 0.00 0.58 0.00 0.44 0.02

Got a ride last month 0.48 0.00 0.68 0.00 0.56 0.00 0.46 0.01

Has a disability 0.54 0.14 0.46 0.23 0.55 0.12 0.99 0.01

Has physical health 
concerns that interfere 
with ability to carry out 
daily activities

0.68 0.13 0.70 0.14 0.44 0.29 1.04 0.02

Female (ref. male) 0.32 0.02 0.39 0.01 0.38 0.01 0.75 0.00

Older Adult (ref. 55-64 
years)

-0.10 0.53 -0.27 0.09 -0.22 0.15 -0.01 0.97

White (ref. other race/s) -0.05 0.75 0.04 0.78 -0.07 0.62 0.01 0.95

Hispanic 0.26 0.18 0.40 0.05 0.24 0.20 -0.23 0.21

Has a college degree -0.10 0.53 -0.10 0.55 0.03 0.87 -0.20 0.20

Pre-tax annual house-
hold income in 2018 ($ 
10,000)

-0.02 0.03 0.00 0.70 -0.02 0.03 -0.03 0.01

Urban 0.46 0.05 0.33 0.18 0.41 0.08 0.54 0.02

Suburban 0.09 0.68 -0.01 0.95 0.08 0.71 0.23 0.29

(Intercept) 0.16 0.70 0.17 0.68 0.21 0.61 -0.33 0.41

Model Statistics

Obs. 987 990 990 983

McFadden's ρ2 0.68 0.69 0.68 0.68

AIC 1255.63 1202.10 1281.90 1287.00

LL(MS) -1934.68 -1864.91 -1966.70 -2000.62

LL(ρ) -613.81 -586.03 -625.96 -628.52

Note: (1) Binary logit models presented; (2) Bolded values are significant at 90%
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A number of variables proved insignificant in all the models or were significant in only one of the 
models. These variables were: number of days/week commuting, having driven a car in the previous 
week, having a disability or physical health concerns, being 65 or older, being White (as opposed to all 
other races), being Hispanic, having a college degree, and living in a suburban community.

6  Market segmentation models

6.1 The approach to market segmentation

Because the self-reported home location was a significant explanatory variable for three of the out-
come variable statements (Table 3), we ran segmented models for the location types and then measured 
whether the segmented models fit the data better than a pooled model. The purpose of the location-
al segmentation was to determine whether any of the explanatory variables was significantly differ-
ent across location type and whether that difference was masked in the pooled model. Pooled models 
are particularly likely to mask variations among subgroups when there is high representation for some 
groups (here, urban and suburban) and low representation for others (here, small town and rural). The 
market segmentation analyses required three separate steps:

1. Running pooled models for the entire dataset to find the best specifications for the pooled model 
for each outcome variable.

2. Running separate binary logistic models for urban, suburban, and small town/rural subsets of the 
data to find the best specifications.

3. Testing variables that are significant in one of the segmented models but not in the pooled model 
to determine whether the coefficient estimates were significantly different (tested by t-tests). Each 
variable found to be significant was added as an interaction term in the final pooled model. For 
example, if being female was found to be significant in the urban model but not in the suburban 
model or the pooled model, then a new pooled model was created with an interaction term “urban 
× female.” If that term was found to be significant in the pooled model only, then we concluded 
that the variable was significant for that group. We repeated this process for each variable, adding 
significant variables to the model sequentially and removing insignificant ones. 

The final segmented models for urban, suburban, and small town/rural respondents, plus the 
pooled model, are presented in Table 4 (models #5 through #9), Table 5 (models #10 through #14), 
and Table 6 (models #15 through #19). The t-statistic for difference in coefficients between segments is 
calculated as below:

 (1)

To test whether the models were significantly different, a χ2 test of significance between the final 
pooled model and the segmented models was performed. As noted in Koppelman and Bhat (2006), the 
difference between the likelihood of the pooled model and the segmented models follows χ2 distribu-
tion. Mathematically, 

(-2×[LL(final pooled model)-LL(segment 1)-LL(segment 2)])~ χ2df ,  (2)
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where the degrees of freedom (df) is calculated as K1+K2 - K where K is the number of coefficients in the 
pooled model and Ks is the number of coefficients in the sth market segment model, s = 1, 2,..n (Koppel-
man & Bhat, 2006). If the difference is significant at the desired level of confidence, the null hypothesis 
that the pooled model is same as the segmented model is rejected. 

6.2 Pooled and segmented modeling

Table 4, Table 5, and Table 6 show the initial pooled, segmented, and the final pooled models. Being 
female is significant with a positive coefficient in the initial pooled (#5, #10, #15) models and in the 
segmented suburb (#7, #12, #17) and small town/rural (#8, #13, #18) models. Receiving a ride from 
family, friends/neighbors, or caregivers is significant with a positive coefficient in the initial pooled (#5, 
#10, #15) models and in many of the segmented (#6, #8, #11, #12, #17, #18) models. However, annual 
household income is significant (but with a negative coefficient) across all initial pooled (#5, #10, #15) 
models and most segmented (#6, #7, #11, #12, #16) models. 

From t-tests, for the outcome variable “I can go out without having to ask family/friends for rides,” 
the coefficient of being female is significantly different between the initial pooled (#5) model and ur-
ban segmented (#6) model. Similarly, the coefficient of being female is significantly different between 
the pooled (#5) model and the small town/rural segmented (#8) model as is the coefficient of annual 
household income. Hence, we added three interaction terms in the final pooled (#9) model, namely, 
(urban × female), (small town/rural × female), (small town/rural × Pre-tax annual household Income in 
2018). Since all the interaction terms were found to be significant in the final pooled model (#9), they 
were retained. 
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Table 4. Non-reliance on family and friends for a ride: A reason for adopting ride-hailing?
 

Initial Pooled 
Model 
(#5)

Urban-only 
Model 
(#6)

Suburb-only 
Model 
(#7)

Small town/Ru-
ral-only Model 

(#8)

Final Pooled 
Model
(#9)

Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig.

Number of days commut-
ing per week

0.08 0.09 0.09
(-0.13) 

0.30 0.08
(0.04)

0.22 0.06
(0.11)

0.72 0.07 0.12

Drove a car last week -0.42 0.10 -0.33
(-0.19)

0.39 -0.27
(-0.33)

0.51 -1.04
(0.65)

0.26 -0.35 0.19

Got a ride last week 0.57 0.00 0.81
(-0.62)

0.02 0.34
(0.76)

0.17 1.11
(-0.82)

0.08 0.57 0.00

Got a ride last month 0.46 0.01 0.84
(-1.08)

0.01 0.28
(0.61)

0.20 0.47
(-0.03)

0.41 0.47 0.01

Has a disability 0.56 0.12 0.57
(-0.02)

0.34 0.44
(0.18)

0.42 0.48
(0.07)

0.63 0.56 0.13

Has physical health 
concerns that interfere with 
ability to carry out daily 
activities 

0.68 0.13 0.43
(0.27)

0.60 0.72
(-0.06)

0.23 1.11
(-0.31)

0.41 0.65 0.15

Female (ref. male) 0.32 0.02  -0.32
(2.11)

0.23 0.40
(-0.37)

0.03 1.76
(-2.82)

0.00 0.43 0.02

Older Adult (ref. 55-64 
years)

-0.10 0.51 0.14
(-0.73)

0.63 -0.22
(0.45)

0.29 0.20
(-0.53)

0.72 -0.09 0.59

White (ref. other race/s) -0.07 0.64 -0.05
(-0.04)

0.85 -0.07
(0.03)

0.70 0.34
(-0.82)

0.48 -0.03 0.86

Hispanic 0.25 0.20 0.17
(0.21)

0.64 0.39
(-0.42)

0.14 -0.28
(0.85)

0.64 0.24 0.23

Has a college degree -0.08 0.60 0.17
(-0.74)

0.58 -0.17
(0.33)

0.41 -0.75
(1.10)

0.20 -0.12 0.44

Pre-tax annual household 
Income in 2018 ($ 10,000)

-0.02 0.02  -0.04
(0.81)

0.04 -0.03
(0.26)

0.03 0.07
(-2.57)

0.04 -0.03 0.00

Urban 0.74 0.00

Small town/Rural -1.61 0.00

Urban × Female -0.76 0.02

Small town/Rural × Female 1.15 0.02

Small town/Rural × Pre-tax 
annual household Income 
in 2018 ($ 10,000)

0.03 0.01

(Intercept) 0.46 0.20 0.68
(-0.30)

0.28 0.48
(-0.02)

0.36 -0.83
(1.01)

0.50
                                          

0.35 0.37

Model Statistics

Obs. 987 311 561 113 987

McFadden's ρ2 0.68 0.65 0.69 0.80 0.68

AIC 1255.63 1242.30 740.39 152.86 1242.30

LL(MS) -1934.68 -511.06 -1086.33 -325.71 -1934.87

LL(ρ) -613.81 -176.92 -357.19 -63.43 -603.17

Chi-sq test (significant at 
0.005)

-11.26

  
Notes: (1) Binary logit pooled and segmented models presented; (2) Bolded values are significant at 90%; (3) Numbers in 
brackets below the parameter estimates indicate the t-test values for significance of differences in parameter estimates between 
the initial model and that particular model (urban, suburb, or small town/rural) calculated as per Koppelman and Bhat (2006). 
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For the outcome variable “I don’t have to worry about getting lost driving myself,” the only co-
efficient significantly different between the initial pooled (#10) model and segmented models is being 
female in the urban (#11) model. Therefore, while estimating the final pooled (#14) model, the interac-
tion term of (urban × female) was introduced and retained because it was significant.

Table 5. Not getting lost while driving: A reason for adopting ride-hailing?

Initial Pooled 
Model 
(#10)

Urban-only 
Model 
(#11)

Suburb-only 
Model 
(#12)

Small town/Ru-
ral-only Model 

(#13)

Final Pooled 
Model
(#14)

Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig.

Number of days commut-
ing per week

0.01 0.91 0.09
(-0.90)

0.28 -0.02
(0.31)

0.76 -0.12
(0.76)

0.45 0.00 0.93

Drove a car last week -0.31 0.21 -0.26
(-0.11)

0.48 -0.16
(-0.31)

0.68 -0.70
(0.43)

0.43 -0.27 0.29

Got a ride in last week 0.57 0.00 0.85
(-0.75)

0.01 0.35
(0.71)

0.15 0.72
(-0.25)

0.21 0.55 0.00

Got a ride last month 0.54 0.00 0.80
(-0.73)

0.01 0.42
(0.43)

0.06 0.51
(0.06)

0.35 0.55 0.00

Has a disability 0.56 0.11 0.60
(-0.06)

0.28 0.58
(-0.03)

0.29 1.17
(-0.65)

0.19 0.59 0.10

Has physical health con-
cerns that interfere with 
ability to carry out daily 
activities

0.44 0.29 -0.39
(1.07)

0.55 0.47
(-0.05)

0.41 0.00
(-1.06)

0.40 0.34

Female (ref. male) 0.37 0.01 -0.37
(2.53)

0.16 0.63
(-1.12)

0.00 1.00
(-1.35)

0.02 0.70 0.00

Older adult (ref. 55-64 
years)

-0.22 0.15 0.02
(-0.75)

0.94 -0.32
(0.37)

0.12 -0.11
(-0.23)

0.83 -0.18 0.25

White (ref. other race/s) -0.09 0.53 0.07
(-0.52)

0.79 -0.04
(-0.23)

0.85 -0.51
(0.90)

0.25 -0.07 0.64

Hispanic 0.24 0.22 0.31
(-0.19)

0.38 0.40
(-0.52)

0.12 -0.61
(1.41)

0.28 0.25 0.20

Has a college degree 0.04 0.81 0.27
(-0.70)

0.36 -0.08
(0.47)

0.69 -0.28
(0.58)

0.60 0.01 0.96

Pre-tax annual household 
Income in 2018 ($ 10,000)

-0.02 0.02 -0.03
(0.41)

0.10 -0.02
(0.12)

0.06 0.02
(-1.33)

0.49 -0.02 0.04

Urban 0.89 0.00

Urban × Female -1.09 0.00

(Intercept) 0.47 0.18 0.34
(0.20)

0.58 0.42
(0.09)

0.42 0.83
(-0.29)

0.47 0.14 0.71

Model Statistics

Obs. 990 311 563 115 990

McFadden's ρ2 0.68 0.65 0.69 0.78 0.69

AIC 1283.20 394.82 744.08 164.11 1268.80

LL(MS) 1966.97 -525.79 -1086.33 -329.38 -1966.66

LL(ρ) -628.62 -184.41 -357.19 -70.06 -619.39

Chi-sq test (significant at 
0.005)

-15.46

 
Notes: (1) Binary logit pooled and segmented models presented; (2) Bolded values are significant at 90%; (3) Numbers in 
brackets below the parameter estimates indicate the t-test values for significance of differences in parameter estimates between 
the initial model and that particular model (urban, suburb, or small town/rural) calculated as per Koppelman and Bhat (2006). 
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For the outcome variable “I have help carrying heavy bags to my door,” the coefficient of being 
female was significantly different between the initial pooled (#15) and segmented urban (#16) models. 
Therefore, an interaction term was introduced in the final pooled (#19) models (urban × female). The 
interaction estimate is significant and was hence retained in the final pooled model. 

Table 6. Getting help with carrying heavy bags: A reason for adopting ride-hailing?

Initial Pooled 
Model 
(#15)

Urban-only 
Model 
(#16)

Suburb-only 
Model 
(#17)

Small town/Ru-
ral-only Model 

(#18)

Final Pooled 
Model
(#19)

Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig. Coef. Sig.

Number of days commut-
ing per week

0.05 0.29 0.12
(-0.74)

0.15 0.02
(0.26)

0.70 0.06
(-0.04)

0.72 0.05 0.29

Drove a car last week -0.51 0.04 -0.44
(-0.18)

0.22 -0.54
(0.07)

0.17 -0.01
(-0.56)

0.99 -0.46 0.07

Got a ride in last week 0.42 0.02 0.35
(0.21)

0.28 0.34
(0.23)

0.18 1.26
(-1.21)

0.06 0.41 0.03

Got a ride last month 0.44 0.01 0.27
(0.47)

0.36 0.49
(-0.15)

0.03 0.84
(-0.61)

0.19 0.45 0.01

Has a disability 1.00 0.01 1.47
(-0.63)

0.02 0.70
(0.39)

0.18 2.05
(-1.06)

0.03 1.00 0.01

Has physical health 
concerns that interfere with 
ability to carry out daily 
activities

1.03 0.02 1.01
(0.02)

0.22 0.69
(0.37)

0.20 1.02 0.02

Female (ref. male) 0.75 0.00 0.19
(1.96)

0.45 0.93
(-0.65)

0.00 1.58
(-1.69)

0.00 1.02 0.00

Older adult (ref. 55-64 
years)

-0.01 0.96 0.23
(-0.75)

0.41 -0.10
(0.29)

0.63 0.11
(-0.22)

0.83 0.04 0.81

White (ref. other race/s) -0.01 0.94 -0.06
(0.15)

0.84 0.04
(-0.18)

0.82 0.02
(-0.06)

0.97 0.01 0.95

Hispanic -0.24 0.20 -0.20
(-0.11)

0.55 -0.09
(-0.39)

0.71 -1.28
(1.58)

0.04 -0.24 0.20

Has a college degree -0.19 0.22 0.04
(-0.72)

0.88 -0.32
(0.39)

0.12 -0.44
(0.44)

0.42 -0.22 0.15

Pre-tax annual household 
Income in 2018 ($ 10,000)

-0.03 0.01 -0.04
(0.66)

0.03 -0.02
(-0.44)

0.19 -0.03
(0.17)

0.34 -0.02 0.02

Urban 0.78 0.00

Urban × Female -0.86 0.00

(Intercept) 0.07 0.85 0.25
(-0.27)

0.67 -0.01
(0.12)

0.98 -1.32
(1.13)

0.26 -0.27 0.47

Model Statistics

Obs. 983 309 559 114 983

McFadden's ρ2 0.68 0.65 0.68 0.81 0.69

AIC 1289.50 418.23 744.40 152.35 1289.60

LL(MS) -2000.62 -542.70 -1110.01 -334.04 -2000.62

LL(ρ) -631.77 -196.11 -359.20 -64.18 -624.78

Chi-sq test (significant at 
0.005)

-10.58

Notes: (1) Binary logit pooled and segmented models presented; (2) Bolded values are significant at 90%; (3) Numbers in 
brackets below the parameter estimates indicate the t-test values for significance of differences in parameter estimates between 
the initial model and that particular model (urban, suburb, or small town/rural) calculated as per Koppelman and Bhat (2006).
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The χ2 test of significance for model fit (Table 4) is -2[LL(#9)-LL(#6)-LL(#7)-LL(#8)]≈ 11.2621 
for “not having to rely on family and friends,” and has a corresponding p –value < 0.005. Therefore, the 
null hypothesis that the pooled model is equivalent to the segmented models can be rejected at a sig-
nificance level of 0.005. We, therefore, choose the location-segmented models as better representations 
of the sample. Using the same reasoning for “not getting lost” (Table 5) -2[LL(#14)-LL(#11)-LL(#12)-
LL(#13)]≈ 15.4623 which has a corresponding p-value < 0.005. Therefore, the location-segmented 
models are better representation for this statement as well. Finally, “help with carrying bags” (Table 6), 
-2[LL(#19)-LL(#16)-LL(#17)-LL(#18)]≈ 10.5823 also has a corresponding p-value < 0.0005. Therefore, 
for all the three statements, location-segmented models are better representation of the sample than 
pooled models. Overall, our modeling shows that there is significant variability by location in attitudes 
towards use of ride-hailing services among individuals 55 years and over in California, even when they 
share similar socio-demographic attributes.

7 Summary of findings

This section turns to assessing whether or not the findings confirm the four study hypotheses about 
which types of Californians 55 and older, denoted here as respondents, would agree with the four pro-
posed reasons to ride-hail.

Hypothesis 1 – Socio-Demographics: We found that reasons to adopt ride-hailing were distinctly 
different across various socio-economic segments and by location type. The segmented models showed 
that suburban and small town/rural women were more likely than men to find three of the factors pre-
sented reasons to adopt ride-hailing; these were non-reliance on others, not getting lost, and help with 
carrying bags. However, urban females were less likely to find non-reliance on others and not getting lost 
as reasons to ride-hail as compared to their male counterparts. Women over 64 years from small town/
rural locations were open to adopting ride-hailing because they did not want to rely on others for rides. 

Respondents from high-income households in small town/rural locations were more likely than 
respondents from low-income households to adopt ride-hailing for reasons of non-reliance on others 
and to avoid getting lost while driving. In contrast, their urban and suburban counterparts from high-
income households were consistently less likely to adopt ride-hailing for any of the provided reasons as 
compared to respondents from low-income urban/suburban households. Older respondents in small 
town/rural locations were more likely to adopt ride-hailing than their younger counterparts to become 
self-reliant, and to get help in carrying heavy bags, which was similar to the preferences of older respon-
dents in urban settings as well.

Socio-economic factors including age, race, ethnicity, and college education were included in the 
models to correct for sampling bias. The models show that these factors largely did not influence respon-
dents’ attitudes toward the importance of the three reasons for ride-hailing adoption. 

Hypothesis 2 – Independence: We discovered that older adults who were dependent on others 
for rides were more likely to find one or more of the reasons significantly important for adopting ride-
hailing. Non-reliance on others for rides was an important reason for adopting ride-hailing in urban and 
small town/rural locations. 

Additionally, based on findings from the initial pooled model, not getting lost was a significant 
reason for ride-hail acceptance in urban and suburban settings, while getting help with carrying bags 
encouraged respondents to ride-hail in suburban and small town/rural locations. Those who drove a car 
in the preceding week were significantly less likely to find help with carrying bags to be a reason to ride-
hail, which is likely a reflection of their independence. 
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Hypothesis 3 – Health/Ability: We confirmed that disability status and the presence of physical 
health issues encouraged individuals to accept ride-hailing. The segmented models indicated that getting 
help with carrying bags was strongly associated with adoption of ride-hailing among urban and small 
town/rural respondents with disabilities. 

Hypothesis 4 – Location/Community Type: Location/Community type mattered across the first 
three hypotheses as expected. Across the sample, respondents from urban centers found all three reasons 
important to adopt ride-hailing. Aging women in cities, however, were significantly less inclined to ride-
hail for the same reasons. Respondents from small towns or rural locations were less likely to ride-hail 
due to reasons of independence but women in these locations were more likely to adopt ride-hailing.

8 Discussion and policy implications

We explored the behavior and preferences of older age groups for ride-hailing across different geographi-
cal settings in California. The results of the study provide a basis for understanding how choices made, 
and reasons for adopting ride-hailing, can differ between individuals from urban, suburban, and small 
town/rural areas. 

The results from the segmented models indicate that relying on others for rides, coming from an 
urban low-income or a small town/rural high-income household, and being female all relate to increas-
ing the likelihood of adopting ride-hailing for reasons including independence, not getting lost, and 
help with carrying bags. In contrast to findings in earlier research about millennial and generation X 
ride-hailing adoption by Alemi et al. (2018), our research shows that lower income makes it more likely 
that an urban Californian who is 55 or older will ride-hail. Our study, however, corroborates the land-
use related findings in Alemi et al. (2018). The home location difference is significant enough to warrant 
modeling separately the choices of reasons given by participants from urban, suburban, and small town/
rural geographies. We show that the geographical differences are significant enough that people residing 
in these different areas should be considered separately when evaluating policies for ride-hailing services.

Urban women consistently do not find non-reliance or getting lost while driving as reasons to 
adopt ride-hailing in contrast to the findings related to their suburban or small town/rural counterparts. 
It is likely that urban residents have more mobility choices than their non-urban counterparts. Urban 
travel options like public transit also reduce the prospect of getting lost. This finding corroborates Payy-
anadan and Lee (2018) in that rural and suburban seniors are more reliant on others for getting rides, 
while urban seniors are generally less reliant on others since they have other travel options such as public 
transit and taxis. Hence, for suburban and non-urban seniors, it might be helpful to introduce micro-
transit options, and/or to encourage private supply through for-profit companies or faith-based groups. 
In urban locations, coordination between public transit and ride-hailing services (Leistner & Steiner, 
2017) to help make the first- and last-mile connection easy has the potential to extend transit travel 
options for older adults. 

One of the attractions of ride-hailing was having help with carrying bags across all location types. 
A market incentive, such as a reasonable surcharge for ride-hail operators to help older adults with mov-
ing bags, is indicated. Such a feature could especially prove helpful for those with disabilities. Further 
research is needed to explore such an option. 

Our models indicated that those who rely on others for rides or do not drive are more likely to 
accept ride-hailing as a travel option. Policies that suggest ride-hailing as a travel option during regular 
medical checkups or license renewal may help to introduce Lyft/Uber to older adults.

As the relatively younger cohort ages, their comfort with ride-hailing and reasons for using such 
services may increase ride-hailing demand. While ride-hailing has the potential to promote healthy ag-
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ing by expanding travel choices, there is also a need for sufficient availability of ride-hailing services in 
suburban and small town/rural areas to meet the mobility needs of older adults aging in place. A study of 
ride-hailing service in San Francisco (San Francisco County Transportation Authority, 2018) indicated 
that the service responds to consistent demand in already congested areas rather than areas that are not 
well served by other modes and where there is inconsistent or sparse demand (Hughes & MacKenzie, 
2016; Yu & Peng, 2019). Thus, supplying ride-hailing services in suburban and small town/rural loca-
tions may need to be incentivized or regulated.

As with most surveys, one key limitation of the data was that the sample was not entirely represen-
tative of the population, even though the quota sampling method ensured that the sample was reason-
ably representative of California’s socio-demographic groups in terms of age, gender, income, education, 
race, and ethnicity. Specifically, 14% of California’s population over the age of 55 does not have internet 
access and is not included in this study. It is likely that our findings understate the potential for ride-
hailing adoption in these groups. Future research efforts, such as exploring the use of mobility managers 
who work with communities to help older adults without internet gain access to ride-hailing services, 
can overcome this limitation.
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