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Abstract: We use the American Time Use Survey (ATUS) to characterize how different consumers
in the US might use Autonomous Vehicles (AVs). Our approach is to identify sub-groups of the
population likely to benefit from AVs and compare their activity patterns with an otherwise similar
group. The first subgroup is working individuals who drive to work with long total travel times.
Auto-travelers in the top 20% of travel time number 19 million and travel 1.6 h more on a workday
than those in the bottom 80%. For car-commuting professionals, the additional travel time of the
long-traveling group comes from 30 min less work, 29 min less sleep, and 30 min less television
watching per day. The second subgroup is working individuals with a long travel time and who
take public transport. Long public transit riders show very similar differences in activity times as the
driving subgroup. Work, sleep, and video functionalities of AVs are presumably in high demand by
both groups. The third sub-group identified is elderly retired people. AVs enable mobility-restricted
groups to travel more like those without restrictions. We compare two age groups, 60–75 years and
>75 years old, the latter, on average, experiencing more mobility restrictions than their younger
counterparts. The retired population older than 75 years numbers 16 million and travels 14 min less
per day than retirees aged 60–75 years. The main activity change corresponding to this reduced travel
is 7 min per day less shopping and 8 min per day less socializing. If older retired people use AVs to
match the lifestyle of the 60–75 years old group, this would induce additional personal travel and
retail sector demand. The economic, environmental and social implications of AV are very difficult to
predict but expected to be transformative. The contribution of this work is that it utilizes time-use
surveys to suggest how AV adoption could induce lifestyle changes inside and outside the vehicle.

Keywords: autonomous vehicles; time-use; demand; activity shifts

1. Introduction and Background

Autonomous vehicles (AVs) have been described as a disruptive technology [1]. Similar to the
introduction of internal combustion engine vehicles at the beginning of the 20th century, AVs can
significantly alter our living and working environments [2]. The highest potential for disruption is
associated with the highest level of automation, dubbed level five, in which the vehicle can drive
itself with or without human interaction. One potential disruption is that by expanding the range
of activities that can be done in a vehicle, AVs may increase the utility of in-vehicle time, potentially
reorganizing decisions on what trips to take and where to live. In addition, level five autonomous
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vehicles can enable mobility in population segments currently unable to drive (elderly and youth).
There is also potential for AVs to improve vehicle sharing between households.

While there is much uncertainty in the future development, adoption and use of AVs,
their potential transformative effects have become an active area of research. The potential benefits of
automated vehicles, such as increased mobility of the elderly, greater safety, smoother flow of traffic,
and possible costs such as increased emissions and threats from hackers have been assessed [1,2].
Fagnant and Kockelman (2015) estimated economic implications of the deployment of autonomous
vehicles in the US [3]. Other studies have looked at specific application of autonomous vehicles and
the resulting benefits. These include, potential reduction of greenhouse gas (GHG) emissions from
light duty vehicles [4,5], potential reduction in number of on road vehicle in Texas, through optimal
vehicle allocation [3], and finding optimal speed of travel and route selection that ensures traveler
comfort and their ability to engage in fruitful activities [6–10].

Harper, et al., (2016) estimate upper bounds for increased travel induced by AVs due to increased
mobility from non-driving senior populations and people with travel-restrictive medical conditions [11].
Their study explored three demand wedges. In demand wedge one, non-drivers are assumed to travel
as much as the drivers within each age group and gender. Demand wedge two assumes that the
driving elderly (those over age 65) without medical conditions will travel as much as a younger
population. Demand wedge three makes the assumption that working-age adult drivers (ages 19–64)
with medical conditions will travel as much as working age adults without medical conditions within
each gender, while the driving elderly with medical any travel-restrictive conditions will travel as
much as a younger demographic within each gender in a fully automated vehicle environment.

The market adoption of non-AV technologies such as alternative fuel vehicles has been studied
extensively in the travel demand literature [12–14]. While not applied to AVs, demand for activities
and time have also been addressed [15–17].

The question addressed in this work is how will different consumer groups change their activity
time allocation if they are to acquire AVs? The current stage of development for AVs has not matured
to the point where actual revealed adoption is observable, making it difficult to characterize its market
demand. To briefly recount prior research on the adoption and use of AVs, a stated preferences survey
of future AV use in Netherlands for example reveal that AVs may be used for last mile transit to and
from train stations [18]. The same has also been suggested by the US Department of Transportation [19].
Another study in California suggests that individuals are most attracted to potential safety benefits,
the convenience of not having to find parking, and amenities such as multitasking while end-route [20].
Others have pointed out that AVs have the potential to save on travel time, energy use and carbon
impacts [21–24].

We consider use of level five, fully self-driving AVs by comparing time-use patterns of different
drivers/consumers in the US. Although there are studies that acknowledge the potential for AVs
to change the behavior of individuals [25], there is a lack of literature on trying to quantify the
same. By using time-use data, we analyze how individuals might re-distribute their time spent on
various activities. There are some studies that have looked at the impact of travel pattern on activity
scheduling [26,27]. Chen and Armington (2016) considered the scheduling of in-vehicle activities in
household travel and activity patterns using autonomous vehicles [28]. Our analysis is rooted in the
idea that as time is constrained to 24 h in a day, there are tradeoffs in activity choice, i.e., spending more
time on a given activity is at the expense of time spent on other activities. In the academic literature
Hägerstrand formalized this idea as part of his framework for time geography [29].

We consider two types of AV benefits. The first benefit of AVs is increased utility of in-vehicle
time by enabling new activities to be done within the vehicle, e.g., watching television or working.
Americans spend about 50 billion hours annually behind the wheel compared to 240 billion hours
annually at work. Most of these driving hours are neither productive nor provide positive utility [30].
This benefit of AVs is higher for those spending more time traveling. This additional travel time comes
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at the expense of other activities, the demand for which may be characterized by the activity patterns
of workers who travel less.

The second AV benefit is enabling travel by those physically or legally constrained from driving,
i.e., the elderly, the young, and the disabled. The constraint of being at home shifts activity patterns
from what they may have otherwise been given access to mobility. Comparing activity patterns of a
group with limited mobility to an otherwise similar cohort allows characterization of what activities
were being sacrificed and how the pattern might change given access.

Having selected a group of potential adopters, we compare their activity pattern with an otherwise
similar group. Activity pattern here refers to the profile of average daily time spent on activities such as
sleeping, working, eating, using a computer, socializing or watching television. Differences in activity
patterns between the two groups is indicative of how the adopting group might shift their patterns
with access to an AV. e.g., we take the demographic that is working professionals under the age of
sixty and divide them based on their travel time into the upper 20% and lower 80%. The assumption is
that working professionals have similar time-use demand during the weekday. Therefore, if the upper
20% sleep less than their comparative group, the lower 80%, we suggest that the adopter may want to
use an AV to partially to get more sleep. A study of this nature helps identify individual’s potential
latent demand for activities and posit how autonomous vehicles may be able to address them.

By no stretch of the imagination does our comparison of activity patterns “solve” the challenge of
forecasting AV demand and use. No method can reliably forecast how consumers will react to a new
technology. Being a transformative technology, AV use is particularly difficult to predict. AV adoption
is, however, of such importance that an array of forecasting perspectives should be employed. In this
work, we aim to add prospective analysis of time use patterns to the methodological toolkit for AV
forecasting. We leverage the federal investment in the American Time Use [31] Survey to provide a
new perspective on potential markets that AVs can penetrate, their size, as well as some of the features
that such vehicles should possess to ensure more fruitful utilization of the in-vehicle time.

2. Data Sources

The analysis is based on 13 years of “The American Time Use Survey” (ATUS, 2003–2015).
The American Time Use Survey (ATUS) from the Bureau of Labor Statistics provides annual time
diaries for around 11,000 Americans. As with other time-use surveys, ATUS polls time diaries,
a temporal sequence for a day of start and stop times for activities. Activities are matched with a
predetermined list of 466 different activities in 18 categories for ATUS. In addition to activity number,
respondents are polled on where and with whom the activity was done. Focusing on travel, ATUS has
data on total travel time, purpose of travel, time per instance of travel, and mode of travel. Although
there are other data bases like the National Household Transport Survey (NHTS) that provide time use
data, ATUS provides both location and activity information, while NHTS provides only location and
trip purpose information.

The ATUS has been conducted annually by the Bureau of Labor Statistics (BLS) since 2003.
Annual participation exceeds 11,000 respondents, and the number of individuals surveyed between
2003 and 2015 was 170,842. Only one household member is sampled per household. The survey is
conducted using computer-assisted telephone interviewing (CATI) in which the respondents indicate
how they spent their time on the previous day, where they were, and whom they were with. In addition
to the time-use information, ATUS also collects respondent’s household level socio-economic data
such as age, income, sex, race, marital status, employment status, and level of education. Table 1 shows
summary sample time diary data used in this exercise.

TUCASEID is the identification number of the individual interviewed. From this table, it is
evident that the individual performed 10 activities that day. TEWHERE indicates the location where
the activity is performed. −1 means that the location is not disclosed. Here, 1 means the individual’s
residence, 4 means hotels/restaurants, 9 means a taxi/limousine. TUSTARTTIM and TUSTOPTIME
indicated the beginning and end of the activity. Finally, TRCODE indicates the activity. Also, 010101
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means sleeping, 030101 means caring for children at home, 020101 means home cleaning and so on.
A list of all activities is available at the ATUS website.

Table 1. Sample time diary data from the American Time Use Survey (ATUS).

Description Respondent ID Where Performed Start Time Stop Time Activity Code

ATUS Variable Descriptor TUCASEID TEWHERE TUSTARTTIM TUSTOPTIME TRCODE

20140101140007 −1 4:00:00 13:00:00 10101
20140101140007 1 13:00:00 13:30:00 30101
20140101140007 −1 13:30:00 14:30:00 10201
20140101140007 13 14:30:00 14:40:00 181101
20140101140007 4 14:40:00 15:10:00 110101
20140101140007 13 15:10:00 15:30:00 181301
20140101140007 9 15:30:00 17:00:00 130116
20140101140007 13 17:00:00 17:25:00 181301
20140101140007 1 17:25:00 17:55:00 120303
20140101140007 −1 17:55:00 6:00:00 10101

In order to compare travel information embedded in ATUS with the oft-used National Household
Travel Survey (NHTS), we compute the histograms of total travel time per person for both surveys.
We find that the histograms look similar. According to ATUS, the average travel time is 72 min and
standard deviation 79 min, while according to NHTS, they were 87 and 83 min, respectively. Given the
similarity we conclude it is acceptable to use ATUS to describe travel time.

3. Methodology

The analysis follows the following logical flow:

1. Identify group of individuals who benefit “most” from autonomous vehicles and otherwise
similar contrasting segment;

2. Calculate activity patterns i.e., the average daily time spent on different activities for both groups;
3. Analyze statistical significance (confidence intervals and hypothesis testing).
4. Compare activity patterns of both groups to infer how the adopting group might shift activities

given access to an AV.

Details of each step are described below.

While we emphasize the time budget perspective of AV adoption, costs associated with purchasing
and maintenance cost are certainly important. Although vehicles with autonomous capabilities are
currently expensive, >$50,000, it is expected that their price will come down drastically in the near
future. The TESLA model 3, for example, has autonomous capabilities and is priced at $35,000. It has
received around 455,000 pre-orders [32]. The average price of vehicles sold in 2015 was approximately
$32,500 [33]. While this is suggestive of lower incremental cost of AV functional, the future price of a
fully-autonomous functionality is not yet clear. We address the question of affordability by examining
per capita income of potential adopters.

3.1. Identifying Groups that Benefit Most from AV

The premise of the study is to identify groups of individuals who would benefit “most” from
autonomous vehicles and compare the activity patterns of these potential adopters with contrasting
segments. The contrasting segment is chosen as a group which, except for vehicle use, is otherwise
similar in terms of profession for workers or age for retired individuals, to the potential AV adopters.

The following two drivers of AV adoption are considered here:

• People who spend long times in vehicles, particular driving a personal automobile, are losing out
on other activities and hence might want automated vehicles to utilize that time. Our approach
is to compare the activity pattern of people spending more time in vehicles with an otherwise
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similar cohort. Activities sacrificed for vehicle time presumably have high demand to be moved
inside an AV.

• Older people often have trouble operating vehicles [34]. Autonomous vehicles can cater to the
unfulfilled travel/activity demand of the elderly [11]. Our approach to address this group is to
compare the driving time and activity pattern of older people who may have difficulty driving,
with an otherwise similar cohort. The differences in travel time and activities between these two
groups is indicative of change expected with adoption of AVs.

Based on these characteristics and with the help of ATUS, three potential groups that may adopt
automated vehicles were identified. The first group of potential AV adopters is identified as full-time
workers who spend substantially more time driving compared to other workers, hereafter termed
“long commute drivers”. We identify a subgroup of driving full-time workers with the top 20% for total
travel time as the long commute drivers group. The contrasting counterpart is driving full-time workers
with total travel time in the lower 80%. As a time budget of 24 h per day is the same for everyone,
long commute drivers must “sacrifice” activities to drive more than their counterparts. The choice of
20% top travel time as the AV adopters is not unique (e.g., versus 10% or 30%), using 20% reveals more
heterogeneity in activity patterns and leads to sizeable populations in both subgroups (see Table 2).
Given our objective to compare groups that differ in travel behavior but not other attributes, we also
distinguish worker groups by job type. ATUS classifies types of work into 6 categories. Management,
professional and related activities were clubbed as “professional”. Service, sales and office, farming,
fishing, and forestry, construction and maintenance, and production transport and material moving
were clubbed as “non-professional”. The time use patterns of professionals were found to be reasonably
different from other types of work (e.g., more time spent sleeping and less time in the main job),
other work categories were more similar and aggregated into a “non-professional” category. Analysis of
time use patterns is done separately for professional and non-professional work types.

The second group of potential AV adopters is identified as full-time workers who commute
by rail or bus with substantially higher total travel times compared to other rail/bus commuters.
The assumption is that these “long transit commuters” sacrifice more of their day to travel compared
to other workers and thus are more motivated to switch to an AV. The choice of commuting by public
transit versus an AV is complicated and unknown, depending on relative travel time, expense, and
utility of time spent in AVs versus train/bus. We do not attempt to resolve the question of mode choice
here, restricting the question to how activity patterns are different between long transit commuters
and their contrasting counterpart. If the activities sacrificed for commuting can be done inside an AV,
this increases the chance that this group would commute by AV given the opportunity. As with the
previous group, we break transit commuters into the potential AV adopters (top 20% of total travel
time) and the contrasting counterpart (bottom 80% of total travel time). Only individuals with a full
work day of seven hours or more were analyzed.

The third group of potential AV adopters is chosen to be elderly for whom age poses a barrier
to driving. There is no survey question in ATUS that measures ability to drive. Thus, we will use a
rough proxy: We divide the retired population into >75 years old and 60–75 years old subgroups and
call the >75 group as AV adopters and the 60–75 age range the contrasting counterpart. The choice of
75 years is not unique, there is no single age at which problems driving suddenly become prevalent.
75 years is chosen as the cutoff because 1) it reveals significant differences between older and younger
groups while keeping both groups of sufficient size for statistical significance, and 2) the age of 75 is
an often used boundary to distinguish the elderly population, e.g., [11]. While the specific numerical
results depend on the age cutoff, qualitative trends are not affected.

Table 2 summarizes the population and sample sizes for the potential AV adopters and
contrasting segments.
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Table 2. Groups identified as potential adopters of autonomous vehicles and their contrasting
populations (ATUS = American Time Use Survey).

Group Name Sub-Group U.S. Pop.
(Million)

ATUS
Sample Size

Contrasting
Segment

U.S. Pop.
(Million)

ATUS
Sample Size

Long commute
drivers—professional

Professional workers,
top 20% total

travel time
8.8 million 2849

Professional
workers, bottom

80% total travel time
31.1 million 11,539

Long commute
drivers—non
professional

Non-professional
workers, top 20%
total travel time

10.2 million 4089
Non-professional
workers, bottom

80% total travel time
46.7 million 16,615

Long transit
commuters

All workers taking
public transport, top
20% total travel time

0.96 million 150

All workers taking
public transport,
bottom 80% total

travel time

3.84 million 563

Elderly Retired >75 years old 15.9 million 12,243 Retired >60 and
≤75 years old 38.9 million 21,075

3.2. Calculate Activity Patterns

Activity patterns for each group are calculated in terms of total time spent (min/day), number of
instances (# of times done/day) and time per instance (min/instance) for all 466 activities distinguished
in ATUS. The 466 activities are referred as 3rd tier categories. These activities are aggregated into
108 2nd tier categories. These are further aggregated into 18 major activity categories. Activities are
aggregated in the following way: i.e., relaxing and thinking, tobacco and drug use; television and
movies (not religious), television and movies (religious), along with nine other such 3rd tier activities
have been aggregated to 2nd tier category “relaxing and leisure.” Second tier categories socializing
and communicating; attending or hosting social events, relaxing and leisure, arts and entertainment
(other than sports), and waiting associated with socializing, relaxing, and leisure are aggregated into
major activity category “socializing, relaxing, and leisure”.

In this analysis we use 3rd tier categories with a few exceptions. Television and movies
(not religious) and television and movies (religious) have been aggregated into watching TV.
“Travel time” have been obtained from major category “Traveling.” Traveling time corresponds to
time spent in personal vehicles as driver or passenger in taxis/limousines, buses and subways/trains.
The 2nd tier activities, “attending or hosting social events” and “attending arts and entertainment”
were aggregated into an activity we term “socializing”.

Thirteen years of data are used (2003–2015) in order to increase the sample size for statistical
significance (see Section 3.3). There is a potential concern that activity changes over the thirteen years
might skew results. To test for this, we aggregate over different numbers of years and found little
difference in average activity times. We thus use the 13-year period for improved statistics.

Note that we calculate national averages of activity patterns. geographic variations are expected,
driven by factors such as differences in demographics and the built environment. Also, the results are
contingent on the accuracy of the ATUS.

3.3. Analysis of Statistical Significance

The statistical significance of differences in averages between the groups were tested using
confidence intervals and hypothesis testing, both assuming a t-distribution. For confidence intervals,
we use 95% confidence and consider significant when the intervals do not exceed the difference in the
average time of the two groups. In hypothesis testing, we assume a null hypothesis of the difference
in the average time between the two groups as equal to zero and compare the t-value to significance
of 5% [35]. Thirteen years of data were aggregated to ensure samples sizes yielding statistically
significant results.
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3.4. Compare Groups to Infer AV Demand/Use

Differences in activities of adopters versus their segment are interpreted as indicators of how
the adopters might shift their activities when using an AV. For example, if an AV adopter spends less
time watching television compared to their counterpart, the idea is that the AV adopter will want to
increase this time by adding in-vehicle television use. We select activities with statistically significant
differences between the two groups for display and interpretation. For workers, the interpretation
focuses on moving of activities into an AV. For the retired, the interpretation focuses on activities
that may increase given improved access to mobility. Time spent in activities like grooming or food
preparation have not been displayed or analyzed as they can neither be moved into an AV and nor do
they require travel. The time spent in the displayed activities add up to 80% or more of the day and
may be referred to as the main activities of relevant to the analysis.

4. Results

4.1. Long Commute Drivers

Figure 1 shows select results for average total time per day for professional full-time workers in
the long commute group (upper 20% of total travel time) and the contrasting segment (lower 80% of
total travel time). We show in Figure 1 the main activities with significant differences between the
two groups.
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Figure 1. Professional workers: Average total time in a workday spent on select activities—top 20%
travel time (Long commute drivers) versus bottom 80% travel time segments.

The first result of note is that the heavy auto group travels a surprising 155 min or 2.6 h a day.
In contrast, the bottom 80% group travels only 58 min per day, revealing significant heterogeneity
in time use. The difference in travel time between the two groups is 97 ± 1.3 min per day. The long
commute group must be “sacrificing” other activities to create additional time to travel. Three activities
dominate the difference in activity patterns: working, watching TV and movies and sleeping. The long
commute professionals spent 30 ± 4.3 min less on their main job, watched 21 ± 3.3 min less TV,
and slept for 39 ± 3.7 min less compared to the bottom 80% counterpart. There are 7 min of additional
difference in activity patterns spread over a variety of activities. These differences in activity times
suggests that heavy travelers would, if using an AV, spend travelling time mainly on a combination of
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sleep, work and video watching. We emphasize however that time differences are only suggestive
of latent demand. The AV environment is not identical to home or the workplace, actual use of time
inside an AV is ultimately an empirical question answerable after the technology has diffused and
drivers have had time to become accustomed to it.

The results were similar for non-professional workers. The top 20% spent about 48 ± 3.7, 33 ± 3.3
and 23 ± 3.6 min less time on sleeping, watching TV and main job respectively. They spent 96 ± 1.1 min
more traveling.

It is important to note that while different individuals might have the same total travel time,
their travel profiles may be very different. Figure 2 shows example activity patterns for 4 individuals
in a space-time “prism” as dubbed by Hägerstrand [29]. Individuals A & B have travel time equal
to the average of the top 20%, C&D have travel time equal to the average of bottom 80%. As seen in
Figure 2, the activity patterns of all four are very different. Individual A only commutes to work and
drives for lunch. Individual B on the other hand drives to some else’s house on the way to and back
from work to pick up and drop off the kids. C has a regular shift and drives to the mall on the way
back from home. D has late day and drives only to and back from work. Figure 2 is just meant to
illustrate how activity, location and transport play out during a day, we do not quantitatively analyze
heterogeneity using such figures.
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Figure 2. Activity patterns of two sample professional individuals (A&B) with travel time equal to
the average of the top 20% and two (C&D) with travel time equal to the average of the bottom 80%.
The Y-axis represents time of day, starting from early morning at the bottom and time running upward
by hour. The vertical length of a line is the duration of an activity. A discrete X axis represents location
of an activity (hh = household), the left-hand vertical line is home, vertical lines to the right of this are
workplace, restaurant, or other location. Slanted lines refer to travel between locations.
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Although AVs may be expected to be more expensive than conventional vehicles, it is unlikely
that they will be priced beyond the reach of ordinary consumers. For example, as mentioned earlier,
the Tesla Model 3, which has autonomous capabilities, has a starting price that is essentially equal to the
price the average personal vehicle sold in the US today. In our analysis, we noticed that professionals
have significantly higher salaries, earning 67% and 74% more than non-professionals for top 20% of
the travelers and bottom 80% travelers respectively. This indicates that, given the purchasing power
of this group and the probable prices of AVs, this group is likely to be able to afford AV when they
become available. Moreover, one should note that while many professionals are not paid by the hour,
higher income workers in some sense have a higher opportunity cost of not working. This group is
presumably more interested in being able to work inside an AV.

The large differences in time spent working, sleeping and watching TV and movies between heavy
commuters and the lower 80% counterparts suggests a latent demand for those activities. AV designs
that enable these activities to be done in the vehicle are likely to be particularly attractive to the long
commute drivers.

4.2. Long Transit Commuteres

In this analysis, workers that have at least one trip on public transport were selected, this group
represents 4.7% of the US working population. As with the previous analysis, the total travel time for
calculated and the public transport riders divided into Top 20% and Bottom 20% cohorts. The total
time spent for activities with significant differences between the two groups is shown in Figure 3.
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Figure 3. Workers riding public transit: Average total time spent in a workday on select
activities—top 20% travel time (Long transit commuters) against bottom 80% travel time counterpart.

The top 20% of travelers spend 120 ± 12 more min traveling than the bottom 80% group. To make
up for this additional travel time, they spend 49 ± 19 min less sleeping and 42 ± 17 min less watching
TV. They also spend 13 min less time on their main job, though this difference is not significant with a
95% confidence interval. Note that the confidence intervals are much larger for the public transport
analysis because the sample sizes are much smaller than for the auto travelers. While the numbers
differ, qualitatively the trends are the same for both public transport riders and auto drivers: additional
travel time is made by sacrificing sleep, TV watching, and work.

Figure 4 shows sample activity patterns for public transport riders. Individuals E and F travel a
time equal to the average of the top 20%. Individuals G and H have travel time equal to the average of
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the bottom 80%. While E has very long commute to work, F travels to work by car but then uses public
transport for leisure activities, in this case going to a show. Individuals G and H use public transport
for commuting.
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Figure 4. Activity patterns of two sample working individuals riding public transport with travel time
equal to average of top 20% (E and F) and bottom 80% (G and H). The Y-axis represents time of day,
starting from early morning at the bottom and time running upward by hour. The vertical length of a
line is the duration of an activity. A discrete X axis represents location of an activity (hh = household),
the left-hand vertical line is home, vertical lines to the right of this are workplace, restaurant, or other
location. Slanted lines refer to travel between locations.

There is potential for autonomous vehicles to shift these long commuters from public toward
private transport. First, this group is relatively wealthy and thus more able to afford AV. Of all groups
analyzed in this study, top 20% travel time public transport riders have the highest income, averaging
$1027 per week. Second, while ATUS does not include questions addressing why respondents take
public transport, we posit that this group consists mainly of city residents commuting by public
transport to avoid driving in city traffic. Studies indicate that there is a strong relationship between
income and mode choice [36,37] with increasing income people tend towards private transport.
These long commuters are wealthy enough to afford private vehicles, their use of public transport
presumably reflects an aversion to driving in city traffic, a need to save time, or both [37,38]. An AV
would increase the utility of time spent in congested traffic and make parking easier, thus potentially
attracting riders away from public transit.

Our argument is premised on the idea that AV functionality would attract workers from public
transport to a household automobile. There is potential for the opposite: autonomous vehicles
will also enable new forms of shared public and private transportation. Multi-passenger use of AV
(e.g., Uber Pool) could realize some of the higher vehicle occupancy benefits of buses and trains while
delivering more flexibility. AVs could also evolve into low-cost single passenger driverless taxis.
Driverless taxis are now operating in several cities around the world including Pittsburgh, Boston,
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Singapore, and Tokyo [39]. Currently, there are many startups that are working on the idea of using
autonomous vehicles as taxi services (Ford, Uber, GM, Nutonomy, and Alphabet). It is not clear how
the private AV use versus shared model question will play out. A study by the American Public
Transportation Association found that AVs provide greater access to shared modes such as bike-sharing,
car-sharing, and ride-sourcing and so the use of public transit may increase [40]. On the other hand,
AVs also significantly enhance the utility of private vehicles so it can be argued that increased use of
AVs will suppress the demand for public transport. The question of private versus shared AVs is of
great importance, and the answer depends on multiple factors, including future prices of AVs and fuel.
We do not address the private/shared AV question here; rather, we comment on the implications of
public transport riders switching to private AVs.

4.3. Elderly and Retired Individuals

The other group considered in this study is elderly retired individuals to characterize a latent
demand for out of home activities, which autonomous vehicles would presumably help cater to.
Age severely impairs the ability to drive and consequently makes the elderly dependent on other for
their mobility, thus reducing their out of home activities and their ability to socialize [34,41–43]. While it
has been suggested that public transport should be developed to cater to such groups [44], in practice,
many elderly individuals in the US live in remote areas where such development is unlikely. The group
of retired individuals were divided into two age groups, those of ages between 60 and 75 years and
those over 75 years. The groups were examined for relevant activities with significant time differences.
The results are shown in Figure 5. Note that the US population of retired individuals above 75 years of
age is approximately 16 million.

Challenges 2017, 8, 32 11 of 15 

hand, AVs also significantly enhance the utility of private vehicles so it can be argued that increased 
use of AVs will suppress the demand for public transport. The question of private versus shared AVs 
is of great importance, and the answer depends on multiple factors, including future prices of AVs 
and fuel. We do not address the private/shared AV question here; rather, we comment on the 
implications of public transport riders switching to private AVs.  

4.3. Elderly and Retired Individuals 

The other group considered in this study is elderly retired individuals to characterize a latent 
demand for out of home activities, which autonomous vehicles would presumably help cater to. Age 
severely impairs the ability to drive and consequently makes the elderly dependent on other for their 
mobility, thus reducing their out of home activities and their ability to socialize [34,41–43]. While it 
has been suggested that public transport should be developed to cater to such groups [44], in practice, 
many elderly individuals in the US live in remote areas where such development is unlikely. The 
group of retired individuals were divided into two age groups, those of ages between 60 and 75 years 
and those over 75 years. The groups were examined for relevant activities with significant time 
differences. The results are shown in Figure 5. Note that the US population of retired individuals 
above 75 years of age is approximately 16 million. 

 

Figure 5. Retired persons: Average total time spent per day on select activities—retirees >75 years old 
versus 60–75 years old. Time spent by workers (all ages) is displayed to show differences between 
working and retired time use patterns.  

In summary, elderly retirees spend less time traveling, shopping and socializing than their 
younger counterparts. Retired people aged >75 years spend on an average 14 ± 1.6 min less time 
traveling and 7 ± 1 min less time shopping and 8 ± 2.1 min less socializing than retired people in the 
age bracket 60–75. They spend as much time watching TV and more time sleeping (14 ± 2.8 min).  

Younger retirees on average spend 50 more min outside of the home than older retirees. In our 
analysis, we were able to account for 29 min: 14 min traveling, 7 min shopping, and 8 min socializing. 
The remaining 21 min is distributed among several activities such as visits related to religious 
practices and visits to medical centers. 

These results suggest there might be demand from more elderly people to use AVs to do more 
shopping and socializing. However, we need to note that access to transportation is just one of many 

Figure 5. Retired persons: Average total time spent per day on select activities—retirees >75 years old
versus 60–75 years old. Time spent by workers (all ages) is displayed to show differences between
working and retired time use patterns.

In summary, elderly retirees spend less time traveling, shopping and socializing than their
younger counterparts. Retired people aged >75 years spend on an average 14 ± 1.6 min less time
traveling and 7 ± 1 min less time shopping and 8 ± 2.1 min less socializing than retired people in the
age bracket 60–75. They spend as much time watching TV and more time sleeping (14 ± 2.8 min).
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Younger retirees on average spend 50 more min outside of the home than older retirees. In our
analysis, we were able to account for 29 min: 14 min traveling, 7 min shopping, and 8 min socializing.
The remaining 21 min is distributed among several activities such as visits related to religious practices
and visits to medical centers.

These results suggest there might be demand from more elderly people to use AVs to do more
shopping and socializing. However, we need to note that access to transportation is just one of
many factors leading to changes in lifestyle patterns with increasing age. Disentangling mobility and
age-related effects on activity patterns is beyond the scope of this work.

Retired individuals spend more time sleeping and watching TV and less time traveling than
working individuals. The heterogeneity of TV watching patterns according to age and other
demographic variables was analyzed in Sekar et al., 2016 [17].

As with the previous groups, there is significant heterogeneity in the activity patterns of the retired
individuals. Figure 6 shows sample activity of two retired individuals aged between 60 and 75 (I&J)
and two aged over 75 (K&L). All individuals have a travel time equal to the average of their group.
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Figure 6. Activity pattern of two sample retired individuals with travel time equal to the average for
age 60–75 (I&J) and age >75 (K&L). The Y axis represents time of day. The Y-axis represents time of day,
starting from early morning at the bottom and time running upward by hour. The vertical length of a
line is the duration of an activity. A discrete X axis represents location of an activity (hh = household),
the left-hand vertical line is home, vertical lines to the right of this are workplace, restaurant, or other
location. Slanted lines refer to travel between locations.

Contrasting results for adoption of AVs by the elderly with Harper et al., 2016, rather than using
vehicle miles traveled, we use time use data to assess activities the elderly and retired are allocating
their time. Harper, et al., 2016 assume that retired population would use AVs to result in similar
travel behavior to the working population. Our analysis indicates differences in retired and elderly
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populations, suggesting that those aged >75 year could benefit even more than those aged between
60 and 75, as mobility and out-of-home activity is reduced substantially with age.

5. Conclusions

For AV design, these results suggest that the features most in demand by workers with long
commutes are:

• Internet connectivity;
• Designs enabling comfortable use of computers;
• Displays enabling media watching;
• Seats suitable for sleeping.

These features would enable drivers to catch up on the media watching, work, and sleep they are
sacrificing for long travel times. Heavy travelers have higher salaries to afford the higher price tag
of AVs.

In the adoption of AV, the extent to which wealthier riders of public transport might
switch to an AV commute is important from economic, social, and environmental perspectives.
AV functionality replaces the aggravation of navigating congested traffic with a choice among various
useful/entertaining activities. Self-parking can address time lost in urban parking. There is a large
population of commuters whose switch from public to private transport may significantly increase
the number of vehicles on the road, which could undermine the viability of some public transport
options. These are important topics to address in future research. In this work, we showed that there
is a substantial and well-paid population sacrificing important activities to travel very long times on
public transport.

Elderly retired individuals could also benefit from AVs. A study by van den Berg et al., (2016)
mentioned loneliness as an important aspect of quality of life. He argued that transportation options
reduce loneliness and improves the quality of life of the elderly [43]. While it is difficult to quantitatively
predict how retirees would change their lifestyle given access to AVs, we found that a large elderly
population driving less and consequently reducing time spent in out-of-home activities like shopping
and socializing.

To summarize our view of the role of this work in the future assessment of AV, we first note that
the time-use perspective used here makes it very clear that the impacts of AV go beyond the transport
sector. Enabling travel-restricted populations, e.g., the elderly retired, also affects their destinations,
e.g., retail shops or entertainment facilities. Second, we also note that the dramatic differences in
activity patterns of heavy and other travelers suggest the potential for significant re-organization of
lifestyles given access to AV. Finally, while we do not pursue the idea further here, time-use activity
patterns are a natural quantitative language through which to express and model AV-induced lifestyle
shifts and ensuing implications for transport infrastructure and policy [45–47].
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