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Abstract
It is widely believed that vehicle automation will change how travelers perceive the value 
of travel time (VoTT), but the magnitude of this effect is still unknown. This study inves-
tigates how highly automated vehicles (AVs) may affect VoTT, using an existing mode—
ridehailing services (RHS)—as an analogy for AVs. Both AVs and RHS relieve travelers 
from the effort of driving and allow them to participate in other activities while traveling. 
In a stated choice experiment, respondents chose between driving a personal vehicle or tak-
ing an RHS, with each mode characterized by a cost and travel time. Analysis results using 
a mixed logit model indicated that the VoTT was 13% lower when being driven in an RHS 
than when driving a personal car. We also told half the respondents (randomly selected) 
that the RHS was driverless; and for half (also randomly selected) we explicitly mentioned 
the ability to multitask while traveling in an RHS. Mentioning multitasking explicitly led 
to a much lower VoTT, approximately half that of driving oneself. However, the VoTT in a 
driverless RHS was 15% higher than when driving a personal car, which may reflect a lack 
of familiarity and comfort with driverless technology at present. These results suggest siz-
able reductions in VoTT for travel in future AVs, and point to the need for caution in mak-
ing forecasts based on consumers’ current perceptions of AV technology.
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Introduction

Driving a personally-owned car is the most dominant transportation mode in the US 
(Santos et  al. 2011). However, the emergence of shared mobility services such as car 
sharing and ridehailing has gradually been disrupting the traditional transportation 
mode choice (Clewlow and Mishra 2017). Ridehailing services have been developing 
in the US significantly since 2010 when Uber first launched. Goldman Sachs estimates 
the ridehailing services to serve 15 million trips a day globally, and expects that number 
to grow by more than five times by 2030 (Huston 2017). Moreover, vehicle automa-
tion is already happening, and is widely expected to accelerate in the coming years. 
The growth of new mobility services like ridehailing services (RHS) and autonomous 
vehicles (AVs) will have profound effects on transportation sustainability. Yet, the over-
all sustainability effects of ridehailing and vehicle automation will depend strongly on 
travelers’ behavioral responses to the technology, particularly how it affects their per-
ceived value of in-vehicle time (Jain and Lyons 2008). Travelers’ value of travel time 
is significant for transportation investment decisions and travel demand estimations, 
and all else equal, lower values of travel time can be expected to increase vehicle miles 
traveled.

Value of travel time (VoTT) is a notion referring to the cost of time spent on traveling, 
and can be understood as a traveler’s willingness to pay for time savings. Abrantes and 
Wardman (2011) investigated the relationship between travel purpose and VoTT, reveal-
ing that people are more likely to have higher VoTT on work trips than on non-work trips 
such as leisure or shopping. It was also shown that choosing different travel modes can be 
related to VoTT; for example, public transportation travelers showed to have lower VoTT 
than those who drive their own vehicles (Shires and Jong 2009; Mackie et al. 2003). Ride-
hailing services and vehicle automation affect the VoTT mainly because they will entirely 
relieve travelers of the driving task: being driven by a designated driver or by a driverless 
car, both of which are totally different from driving a conventional car.

Several researchers have tried to discern how being driven by others or an AV may 
affect the VoTT. In a stated preference (SP) study focused on exploring the potential 
for AVs as a first/last mile mode for train trips, Yap et al. (2016) showed that VoTT in 
an AV is not perceived lower than in other modes. This is inconsistent with the belief 
that the VoTT in an AV would be lower due to the possibility of doing other activi-
ties; however, the authors suggested that since AVs are not currently available, there 
could be uncertainties in the outcomes. In another study in the Netherlands, De Looff 
et al. (2018) used an SP experiment to estimate potential changes in VoTT due to AVs. 
Considering different interior environments (office and leisure) for AVs, they compared 
VoTT in AVs with that in a conventional car. The results revealed that VoTT in the 
AV office-interior is lower than that in a conventional car; nevertheless, VoTT in the 
AV leisure-interior is the highest. Steck et al. (2018) conducted a choice experiment for 
driverless taxis and personal AVs, and estimated a 31% reduction in the VoTT with full 
automation. Studies previously have also examined the VoTT of different levels of AVs, 
shared AVs, and others (Krueger et al. 2016; Daziano et al. 2017).

However, none of these studies is directly applicable to the specific effect of being 
“driven by others.” Also, few published studies have explored the VoTT of RHS (Dazi-
ano et al. 2017), although RHS is an analogous mode to AVs, in the sense that both AVs 
and RHS relieve travelers from the effort of driving and allow them to participate in 
other activities while traveling.
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A review of the state of knowledge on the VoTT noted that better in-vehicle ameni-
ties, mobile communications, and entertainment devices would lower the VoTT by mak-
ing travel time less onerous or more productive (Small 2012). Another study using an 
SP experiment found that listening to music decreased the VoTT, while reading for work 
increased it (Ettema et al. 2012). Moreover, studies have acknowledged the effect of mul-
titasking opportunities on traveling. Kenyon and Lyons (2007) argued that multitasking is 
an influence that cannot be ignored when examining activity participation. They concluded 
that consideration of multitasking would have significant implications on travel behavior 
studies, and suggested that it could affect the attraction of optional trips. Rasouli and Tim-
mermans (2014) also found significant impacts of multitasking on traveling, stating that 
taking multitasking into consideration is the key to the next generation of activity-based 
models.

When being driven by a human driver in an RHS, or by an AV, travelers are expected to 
experience a reduced mental burden and will ultimately be free to multitask and to engage 
in other activities, such as working, reading, listening to music, and other leisure activi-
ties, decreasing the disutility of time spent traveling, which would consequently change 
the VoTT (Jamson et al. 2013; König and Neumayr 2017; Lyons and Urry 2005). This is 
corroborated by another study (Ian Wallis Associates Ltd. 2014) which found that the car 
passengers’ VoTT was 0–40% lower than that of drivers, as they can do other things on the 
trip instead of driving. Malokin et al. (2015a) conducted a survey in Northern California 
to investigate how multitasking would affect the utility of traveling, especially for com-
mute trips, and found that the perceived ability to perform other activities while traveling 
significantly adds to the utility of all travel modes. In another study, Malokin et al. (2015b) 
attempted to measure the effects of multitasking attitudes and behaviors on different travel 
modes, and found that without the option of multitasking, commuter rail and carpool/van-
pool shares would respectively be 0.38% and 3.22% lower, while the drive-alone share 
would be 3% higher. It was also found that in the hypothetical AV scenario with the mul-
titasking possibility, drive-alone and carpool/vanpool shares would increase by 0.95% and 
1.08% respectively.

The present study employs a stated choice experiment in which respondents choose 
between being driven in an RHS and driving themselves in a personal car, to zero in on 
how the VoTT differs between these two modes. Furthermore, respondents are presented 
with one of two forms of RHS—regular human-driven RHS or driverless RHS—to test 
whether this difference elicits different values of time. The survey also examines the effect 
on VoTT from priming respondents to think about the possibility of multitasking when rid-
ing the RHS.

This paper is structured as follows. The next section describes the methodology includ-
ing survey design and sample analysis. Next is the analysis method. Model results will be 
presented afterwards, along with the discussion of findings and VoTT estimates. The final 
section presents the conclusions drawn by the study and suggestions for future research.

Survey method

Survey design

The survey used in this study was structured as follows: First, the description of the survey 
and the corresponding alternatives were presented. The choice sets (in the form of a stated 
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preference (SP) experiment) were presented next, and finally the respondents were asked 
some basic socio-demographic questions such as age, average household income, educa-
tion level, home location ZIP code, job status, and their frequency of using ridehailing 
services.

In each SP experiment, two alternatives were given to the participants: personal car 
and ridehailing service (RHS). RHS was presented in one of two forms: regular human-
driven (like the current services offered by Uber and Lyft) and driverless. The type of RHS 
presented to each respondent was selected randomly. Also, to test the effect of multitask-
ing opportunities on the perception of VoTT, the possibility of engaging in other activi-
ties was explicitly mentioned to half of the respondents, again selected randomly. As a 
result, there were four groups of choice sets in the survey: (a) personal car versus regular 
human-driven RHS; (b) personal car versus driverless RHS; (c) personal car versus regular 
human-driven RHS with explicit mention of multitasking possibility; and (d) personal car 
versus driverless RHS with explicit mention of multitasking possibility. In the two choice 
set groups with the explicit mention of multitasking ability [groups (c) and (d)], a sentence 
was included prior to presenting the SP experiment to explain multitasking as “You will 
have the option of doing other tasks (e.g. working, reading, watching videos, texting, etc.) 
or just relaxing during the trip, because you don’t need to pay attention to driving”. Such 
text was not shown in the other two groups. The choice set presented to respondents in the 
multitasking scenarios also included “Activity” as an attribute of the mode (Fig. 1). A simi-
lar process was done for the scenarios including driverless RHS [groups (b) and (d)], by 
including a sentence describing what is meant by a driverless RHS: “A driverless ridehail-
ing service is similar to services offered by Uber and Lyft, where you can request a ride 
using an application on your smartphone, but the car will be driven by the computer rather 
than a human driver”. Respondents were randomly assigned to one of the four choice set 
groups at the beginning of the survey, such that any given respondent would be making all 
of their choices between a personal car and one of the four specific forms of RHS.

Fig. 1   Example of a choice set presented to a respondent in the survey
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Table  1 shows the attributes and their corresponding levels used in the experimental 
design. In order to depict a unique trip scenario, a 15-mile commute trip was considered, 
and the corresponding attribute levels are defined based on such a trip in the US. For travel 
cost, the cost associated with the personal car is assumed to include fuel, tolls, parking fee 
and so forth, while the cost of RHS is only the out-of-pocket fee that customers pay (via 
the app) for the service. Since we are not concerned here with the effects of waiting time, 
we kept wait times the same in all choice scenarios: 2 min for RHS and zero for personal 
car. The 2-min wait time for the RHS is low enough to avoid a situation where the disutility 
of waiting is so large that nobody ever chooses RHS, and allows us to identify the effects 
of varying travel time more readily. This is also a reasonable value for a future world with 
heavily-used ridehailing services. For the personal car alternative, waiting time is set to 
zero because it is assumed that people can access their cars any time they desire.

To generate the attribute values in the survey, a full factorial experimental design was 
used. This led to a total of 81 SP scenarios. Respondents were randomly assigned to one 
of the four choice set groups, and each respondent was given six choice scenarios (all from 
the same choice set group), which were randomly selected from among the 81 scenarios. 
Figure 1 shows an example of a choice set on personal car versus regular RHS.

In the real world, travel cost, travel time, and trip distance are often positively corre-
lated (though this is not always the case, as when a toll road offers a shorter travel time at 
a higher cost). The confounding between these variables, and other unobserved variables, 
makes it difficult (or in some cases, impossible) to use revealed preference data to establish 
credible causal estimates of how time, cost, and distance affect choices. Setting the travel 
times and costs independently, via a designed experiment, ensures that these variables 
are uncorrelated. This is the essential feature that allows us to identify the causal effect of 
travel times and costs on choices, and in turn to obtain valid estimates of the value of travel 
time in different modes.

Survey administration and sampling

To collect data for this study, respondents were recruited through Amazon’s Mechan-
ical Turk (MTurk). MTurk is a national online crowdsourcing platform that connects 
individuals and businesses (employers) to workers who are willing to complete a cer-
tain task in return for payment. Employers (researchers) can post tasks (surveys) on 
MTurk, and workers (respondents) can browse among existing tasks and complete them 
in exchange for a monetary payment set by the employer. MTurk has seen widely used 
among researchers in social and behavioral studies, and is more representative than 

Table 1   Attributes and their 
corresponding levels used in the 
SP experiment

a Includes fuel, tolls, parking, etc

Attribute Attribute level(s)

Travel time personal car 15 min 20 min 25 min
Travel time RHS 15 min 20 min 25 min
Travel cost personal cara $5 $10 $15
Travel cost RHS $10 $15 $20
Wait time personal car 0 min
Wait time RHS 2 min
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typical convenience samples, though less so than internet panels or probability samples 
(Berinsky et al. 2012; Chandler et  al. 2014; Paolacci and Chandler 2014). MTurk has 
a large participant pool, an integrated participant compensation system, and a stream-
lined respondent filtering process based on demographic and geographic distributions 
(Buhrmester et al. 2011).

The survey was implemented in Survey Monkey, and respondents were directed from 
MTurk to the Survey Monkey website to complete the survey. Upon successful comple-
tion they were provided with a code to enter in MTurk to verify completion and receive 
their payment. The survey was conducted in July 2018. Overall, 535 respondents par-
ticipated in the survey, from which 502 (93.83%) valid responses were obtained, which 
resulted in a total of 502×6 = 3012 choice observations.

The 502 respondents came from 446 different areas in the US (shown in Fig. 2), 97% 
of them owned a car, and most of them reported having used RHS, with 22% being fre-
quent users (once a week or more) (See Fig. 3).

Since our survey was concerned with driving a personal car, and due to human sub-
jects protocols, we only allowed respondents over 18 to participate. A comparison of 
socio-demographic characteristics between our sample and the US adult population ( ≥ 
18  years old) is presented in Table  2. As can be seen, males, people in the range of 
18–25 years old, and those with mid-level household income ($ 30,000–74,999) were 
overrepresented in our sample, while seniors (≥ 65  years old) and people with high-
level household income ($100,000 and above) were underrepresented. Employment is 
also slightly overrepresented in our sample, and it was shown that the sample contained 
more people with higher education levels compared to the national population.

Fig. 2   Residential distribution of the respondents
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Fig. 3   Frequency of ridehailing service use in the sample

Table 2   Distribution of socio-demographic characteristics among the respondents in our sample versus the 
US population

a Only respondents over 18 were allowed to participate in the survey, so the US adult population ( ≥ 18 years 
old) is considered for comparison

Socio-demographic char-
acteristic

Category Our sample (%) National 
population 
(%)a

Gender Male 56.6 50.1
Female 43.0 49.9

Age 18–24 25.7 11.9
25–64 68.7 68.1
> = 65 5.6 20.0

Income level Under $15,000 8.6 12.6
$15,000 to $29,999 16.1 16.1
$30,000 to $49,999 24.7 18.1
$50,000 to $74,999 23.5 17.0
$75,000 to $99,999 13.9 11.6
$100,000 to $150,000 9.0 13.7
Over $150,000 4.2 10.9

Education level High school and lower 27.3 38.2
College degree 57.9 51.2
Master’s degree and higher 14.8 10.6

Employment Employed 65.7 60.6
Unemployed 34.3 39.4
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Analysis methods

Discrete choice model

In this paper, a discrete choice model is applied to analyze the survey data. The response 
variable is the mode choice between conventional car and ridehailing service, which is a 
binomial variable, and the predictors include numeric and categorical variables. Therefore, 
a binary choice model is suitable. Since the basic binary logit model assumes that the error 
terms are independent and identically distributed, it cannot reflect the heterogeneity among 
respondents, nor can it account for the repeated choices made by each respondent (Hensher 
and Greene 2003). Therefore, we employed the mixed logit (ML) model in this study. The 
mixed logit model (aka, random parameter logit model) is a logit model for which some 
parameters are assumed to vary across respondents, and so the ML model can represent the 
heterogeneity of the respondents. The utility function in an ML model is shown in Eq. (1), 
where � represents the estimated coefficients, and αi,j is a vector of intercepts (alternative-
specific constants) which vary across respondents.

Moreover, in our dataset, we had repeated observations for each individual, which is 
referred to as panel data, and the ML model can also handle panel data (27). In an ML 
model structure, the probability that alternative j is chosen for the observation n of the 
individual i is:

The likelihood for the individual i choosing the observation n is:

And therefore, the likelihood for the N observations of I individuals is:

Results and discussion

Model estimation results

Two mixed logit models with different variables were built to model the choices and to 
estimate the value of travel time when driving versus being driven. In both models, time, 
cost and intercept are defined as alternative-specific variables, with the intercept assumed 
to be normally distributed across respondents to control for the repeated choices by each 
respondent.

Being driverless/regular RHS, and mention/no-mention of multitasking are also defined 
as two dummy variables in both models: DriverlessRHS and MultitaskingMention. These 
capture the average difference in the utility of a ridehailing trip when it is specified as 

(1)Ui,j = �i,j + �xi,j + �i,j

(2)Pi,n,j =
e�i,j+�xi,n,j

∑

e�i,j+�xi,n,j

(3)Pi,n =

∏

l

P
yi,n,l

i,n,l

(4)Pi =

∏

n

∏

l

P
yi,n,l

i,n,l
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driverless, and when multitasking is explicitly mentioned, respectively. Model 2 also 
includes two additional variables as interaction terms: TimeDriverlessRHS (RHS travel 
time interacted with the dummy variable for driverless RHS) and TimeMultitaskingRHS 
(RHS travel time interacted with the dummy variable for the mention of multitasking). 
These capture how the time-dependent component of utility depends on the service being 
driverless and multitasking being mentioned. This allows us to investigate whether VoTT 
would change between driverless and regular RHS and whether reminding travelers of the 
multitasking possibility will make a difference in VoTT. These variables are built as the 
interaction of the travel time variable and the respective dummy variables for driverless 
and multitasking.

The model results are summarized in Table 3. For the intercept and the coefficients on 
cost and time, the estimated parameters from the two models are very similar. The mean 
intercept for RHS is negative in both models, which means that without anything else con-
sidered, driving a personal car is preferred over RHS. This is unsurprising, as driving is the 
most popular mode in the US. The standard deviation of the intercept shows that there is 
heterogeneity among respondents in the sample.

The cost parameter was employed as an alternative-specific parameter with a generic 
coefficient. The estimated coefficient for cost remains almost the same in the two models 
with negative signs. Travel time was also employed as an alternative-specific parameter but 
with different coefficients across alternatives. The coefficients for time are intuitively nega-
tive in both models, yet the absolute value of time coefficient for driving is larger, implying 
that travel time of driving affects travelers’ choices more than that of RHS.

It is the estimated effects of driverless RHS and multitasking that differ between the two 
models. Model 1 indicates that if an RHS is driverless, the probability of people choosing 
it over driving will decrease (negative sign for the DriverlessRHS parameter), which may 
be due to the fact that driverless cars do not yet exist in the market and people are reluctant 
to give full control of the wheel to a computer. In Model 2, however, this parameter (Driv-
erlessRHS) is not significantly different from zero.

The parameter of multitasking (associated with the RHS alternative) is found significant 
in both models with a positive sign, although the effect is smaller in Model 2. This signifies 
that pointing out the opportunity for multitasking and the ability to engage in other activi-
ties while riding affects people’s stated mode choices.

In Model 2, the two additional variables of TimeDriverlessRHS and TimeMultitasking-
RHS are considered. The coefficient of TimeDriverlessRHS is negative, meaning that if the 
RHS is driverless, the disutility of travel time riding an RHS (− 0.0536 − 0.0171 = − 0.0707) 
becomes larger than the disutility of time spent driving oneself (− 0.0620). The TimeMul-
titaskingRHS parameter, on the other hand, is found to be positive, indicating a decrease in 
the coefficient of travel time for RHS (− 0.0536 + 0.0200 = − 0.0336) and consequently an 
increase in the RHS overall utility. This again implies that explicit mention of multitasking 
to respondents increases the probability of choosing RHS over driving and is in line with 
the results associated with MultitaskingMention parameter.

It is noteworthy that although Model 2 includes two additional, statistically significant 
predictors, the log-likelihoods of the two models are very close. According to the likeli-
hood ratio test, Model 2 would not be preferred to Model 1 (χ2 = 1.2, n = 2, p > 0.5); this 
is also confirmed by the adjusted rho-squared values. What appears to be happening here 
is that a portion of the variance captured in the fixed effects in Model 1 (DriverlessRHS 
and MultitaskingMention) is being explained by the interaction terms (TimeDriverlessRHS 
and TimeMultitaskingRHS) in Model 2, as the fixed effects are reduced in magnitude. 
Although Model 2 does not significantly improve on the goodness of fit, it has an important 
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behavioral interpretation, namely that the VoTT is significantly affected by the RHS being 
driverless and by the explicit mention of multitasking opportunities.

It is also worth mentioning that we investigated (but do not report) several model spec-
ifications that included socio-demographic predictors. Including these predictors did not 
affect the estimated coefficients on time and cost, which is unsurprising since the choice 
scenarios were randomly assigned to respondents, ensuring that socio-demographic var-
iables were uncorrelated with the variables of interest (cost and travel time). Moreover, 
including socio-demographic variables did not improve goodness of fit, and the estimated 
coefficients tended to be nonsensical. In light of this, and because the main focus of this 
study was to investigate the VoTT when driving versus being driven, we have reported here 
the simpler models omitting socio-demographic predictors.

Value of travel time (VoTT) results

Based on the estimated coefficients for travel time and cost parameters, the VoTT ($/h) can 
be calculated as stated in Eq. (5).

Table 4 presents the values found for VoTT, and since the coefficients of travel time vary 
across different travel modes, the VoTT are different for different travel modes. Note that 
the coefficient of travel time for driverless RHS in Model 2 will be the sum of coefficients 
for the TimeRHS and TimeDriverlessRHS parameters, or the sum of coefficients for the 
TimeRHS and TimeMultitaskingRHS parameters if multitasking was explicitly mentioned.

The lower VoTT of RHS compared with driving indicates that respondents will pay less 
for time savings with RHS than with driving, which makes sense because for most people 
the disutility of travel time is larger when driving than when being driven by others. This 
result is consistent between the two models.

The VoTT for driverless RHS (in Model 2) was found to be higher than that of regular 
RHS and driving. This result is counterintuitive, as in theory it is believed that being driven 
by others would decrease the VoTT. One possibility is that since AVs are not yet commer-
cially available, people are not familiar enough with driverless cars and their stated choices 
today may not reflect choices they make in the future. Relatedly, since AVs are an unproven 
technology, respondents may be nervous about the idea of riding in them; letting the AV 
drive might create a state of anxiety that negates the multitasking benefit. This highlights 

(5)VoTT =

�time

�cost
∗ 60

Table 4   The results of VoTT

VoTT are presented in 2018 US Dollars

Travel mode VoTT ($/h)

Model 1 Model 2

Driving 24.47 24.47
RHS 20.53 21.32
Driverless RHS – 28.03
RHS with explicit mention of 

multitasking
– 13.42
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the importance of focusing on analogous modes such as regular RHS, which are less likely 
to generate biases through lack of familiarity.

Finally, it was shown that multitasking would increase VoTT, which is intuitive, because 
when people are able to engage in other activities during their commute trips, the disutility 
of travel time decreases for them and they are willing to pay less for time-savings.

Conclusion

A stated preference survey was implemented in this survey, with respondents choosing 
between a ridehailing service and a personal car. This allows identification of how being 
driven by others will affect the value of travel time compared to driving a personal car. Fur-
thermore, we also considered the driverless RHS and additional influence in value of travel 
time by mentioning multitasking explicitly.

The lowest VoTT was found when multitasking was explicitly mentioned, suggesting 
that people’s disutility of travel is lowest when they are aware of the opportunity to multi-
task. This is in line with theory and with findings from previous studies that found being 
able to multitask when traveling positively affects the utility of travel (Ian Wallis Associ-
ates Ltd. 2014; Malokin et al. 2015a, b). Overall, the results suggest that ridehailing ser-
vices provide a 13% reduction in VoTT, but this grows to 45% when travelers are explicitly 
reminded of the ability to multitask. We caution that priming survey respondents to think 
about multitasking may bias them toward selecting the RHS option, leading to an over-
estimate of the effect of multitasking on VoTT. On the other hand, we suspect that given 
the low mode share of RHS today, survey respondents may neglect the benefits of multi-
tasking when making choices in a stated preference setting, if they are not reminded of it. 
As such, it seems reasonable to conclude that the true VoTT effect would fall somewhere 
between the two extremes of 13% and 45%. This emphasizes that the perception of travel 
time would play an important role in the adoption and use of AVs that enable multitasking.

It was also found that respondents were significantly less likely to choose an RHS when 
it was identified as being driverless, and that their VoTT in a driverless RHS was actually 
higher than in a personal car. Although this is counterintuitive, similar results have been 
found in other studies (Yap et al. 2016; De Looff et al. 2018). This may reflect a current 
lack of familiarity and comfort with emerging driverless technologies. In the long run, if 
driverless technology proves to be reliable and safe, it is likely that people will come to 
perceive it more like a conventional ridehailing service, and the observed “driverless pen-
alty” could be reduced or eliminated. Thus, the long term VoTT impact of AVs will likely 
be closer to the 13–45% reduction estimated for RHS, rather than the increase estimated 
when people are asked directly about AVs today. As such, researchers and practitioners 
should be careful about forecasting long-term demand impacts based on surveys that ask 
specifically about AVs, as estimates of demand growth in such surveys may be attenuated 
by the novelty of the technology.

This study was limited to the two modes of personal car and RHS, and only considered 
commute trips. A possible direction to extend this research is to also include other travel 
modes and other trip purposes in studying VoTT. Moreover, as shown by the results, since 
the automated driving technology is not currently available, people are not familiar enough 
with AVs and their perception of travel time in an AV may not be accurate. This could 
be improved by surveying a larger population and by providing respondents with a better 
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explanation of automated driving technology (e.g. through sample videos) prior to the start 
of the survey.

Acknowledgements  This paper is an extension of a conference paper with the same title presented at the 
98th Annual Meeting of the Transportation Research Board in Washington, DC, USA in January 2019.

Author contribution  Study conception and design: D. MacKenzie, A. Ranjbari, J. Gao; Data collection: J. 
Gao; Analysis and interpretation of results: J. Gao, A. Ranjbari, D. MacKenzie; Draft manuscript prepara-
tion: J. Gao, A. Ranjbari. All authors reviewed the results and approved the final version of the manuscript.

Compliance with ethical standards 

Conflict of interest  On behalf of all authors, the corresponding author states that there is no conflict of inter-
est.

References

Abrantes, P.A.L., Wardman, M.R.: Meta-analysis of UK values of travel time: an update. Transp Res Part A 
Policy Pract. 45, 1–17 (2011)

Berinsky, A.J., Huber, G.A., Lenz, G.S.: Evaluating online labor markets for experimental research: ama-
zon.com’s mechanical turk. Polit. Anal. 20(3), 351–368 (2012)

Buhrmester, M., Kwang, T., Gosling, S.D.: Amazon’s mechanical turk: a new source of inexpensive, yet 
high-quality, data? Perspect. Psychol. Sci. 6(1), 3–5 (2011)

Chandler, J., Mueller, P., Paolacci, G.: Nonnaïveté among amazon mechanical turk workers: consequences 
and solutions for behavioral researchers. Behav. Res. Methods 46(1), 112–130 (2014)

Clewlow, R.R., Mishra, G.S.: Shared mobility: current adoption, use, and potential impact on travel behav-
ior. In: Presented at the 96th Annual Meeting of the Transportation Research Board. Washington, DC 
(2017)

Daziano, R.A., Sarrias, M., Leard, B.: Are consumers willing to pay to let cars drive for them? analyzing 
response to autonomous vehicles. Transp. Res. Part C Emerg. Technol. 78, 150–164 (2017)

De Looff, E., Correia, G.H.A., Van Cranenburgh, S., Snelder, M., Van Arem, B.: Potential changes in value 
of travel time as a result of vehicle automation: a case study in the Netherlands. In: Presented at the 
97th Annual Meeting of the Transportation Research Board, Washington, DC (2018)

Ettema, D., Friman, M., Gärling, T., Olsson, L.E., Fujii, S.: How in-vehicle activities affect work commut-
ers’ satisfaction with public transport. J. Transp. Geogr. 24, 215–222 (2012). https​://doi.org/10.1016/j.
jtran​geo.2012.02.007

Hensher, D.A., Greene, W.H.: The mixed logit model: the state of practice. Transportation 30(2), 133–176 
(2003)

Huston, C.: Ride-hailing Industry Expected to Grow Eightfold to $285 Billion by 2030. (2017). https​
://www.marke​twatc​h.com/story​/ride-haili​ng-indus​try-expec​ted-to-grow-eight​fold-to-285-billi​
on-by-2030-2017-05-24

Ian Wallis Associates Ltd.: Car passenger valuations of quantity and quality of time savings. NZ Transport 
Agency, (2014). Research Report 551. ISBN: 978-0-478- 41948-1. Wellington, New Zealand. https​://
www.nzta.govt.nz/resou​rces/resea​rch/repor​ts/551/

Jain, J., Lyons, G.: The gift of travel time. J. Transp. Geogr. 16(2), 81–89 (2008)
Jamson, A.H., Merat, N., Carsten, O.M.J., Lai, F.C.H.: Behavioural changes in drivers experiencing highly-

automated vehicle control in varying traffic conditions. Transp. Res. Part C Emerg. Technol. 30, 116–
125 (2013)

Kenyon, S., Lyons, G.: Introducing multitasking to the study of travel and ict: examining its extent and 
assessing its potential importance. Transp. Res. Part A Policy Pract. 41(2), 161–175 (2007)

König, M., Neumayr, L.: Users’ resistance towards radical innovations: the case of the self-driving car. 
Transp. Res. Part F Traffic Psychol. Behav. 44, 42–52 (2017)

Krueger, R., Rashidi, T.H., Rose, J.M.:. Adoption of shared autonomous vehicles—a stated choice analy-
sis. In: Presented at the 95th Annual Meeting of the Transportation Research Board, Washington, DC 
(2016)

Lyons, G., Urry, J.: Travel time use in the information age. Transp. Res. Part A Policy Pract. 39(2), 257–276 
(2005). https​://doi.org/10.1016/j.tra.2004.09.004

https://doi.org/10.1016/j.jtrangeo.2012.02.007
https://doi.org/10.1016/j.jtrangeo.2012.02.007
https://www.marketwatch.com/story/ride-hailing-industry-expected-to-grow-eightfold-to-285-billion-by-2030-2017-05-24
https://www.marketwatch.com/story/ride-hailing-industry-expected-to-grow-eightfold-to-285-billion-by-2030-2017-05-24
https://www.marketwatch.com/story/ride-hailing-industry-expected-to-grow-eightfold-to-285-billion-by-2030-2017-05-24
https://www.nzta.govt.nz/resources/research/reports/551/
https://www.nzta.govt.nz/resources/research/reports/551/
https://doi.org/10.1016/j.tra.2004.09.004


2116	 Transportation (2019) 46:2103–2116

1 3

Mackie, P.J., Wardman, M., Fowkes, A.S., et al.: Values of travel time savings UK. Working paper, Institute 
of Transport Studies, University of Leeds, Leeds, UK 2003

Malokin, A., Circella, J.M., Mokhtarian, P.L.: How do activities conducted while commuting influence 
mode choice? testing public transportation advantage and autonomous vehicle scenarios. In: Presented 
at the 94th Annual Meeting of the Transportation Research Board, Washington, DC (2015)

Malokin, A., Mokhtarian, P.L., Circella, G.: Does travel-based multitasking influence commute mode 
choice? An investigation of Northern California commuters. In: International choice modelling confer-
ence, 2015

Paolacci, G., Chandler, J.: Inside the turk: understanding mechanical turk as a participant pool. Curr. Dir. 
Psychol. Sci. 23(3), 184–188 (2014)

Rasouli, S., Timmermans, H.: Judgments of travel experiences, activity envelopes, trip features and multi-
tasking: a panel effects regression model specification. Transp. Res. Part A Policy Pract. 63(4), 67–75 
(2014)

Santos, A., McGuckin, N., Nakamoto, H.Y., Gary, D., Liss, S.: Summary of travel trends: 2009 national 
household travel survey. US Department of Transportation, Report No. FHWA-PL-11-022, 2011

Shires, J.D., Jong, G.C.D.: An international meta-analysis of values of travel time savings. Eval. Program 
Plann. 32, 315–325 (2009)

Small, K.A.: Valuation of travel time. Econ. Transp. 1(1), 2–14 (2012). https​://doi.org/10.1016/j.ecotr​
a.2012.09.002

Steck, F., Kolarova, V., Bahamonde-Birke, F., Trommer, S., Lenz, B.: How autonomous driving may affect 
the value of travel time savings for commuting. Transp. Res. Record J. Transp. Res. Board, 2018. https​
://doi.org/10.1177/03611​98118​75798​0

Yap, M.D., Correia, G., van Arem, B.: Preferences of travellers for using automated vehicles as last mile 
public transport of multimodal train trips. Transp. Res. Part A Policy Pract. 94, 1–16 (2016)

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Jingya Gao  holds a dual master’s degree in Transportation Engineering from Tongji University and the Uni-
versity of Washington. She has researched topics related to travel behavior during her graduate studies, such 
as mode choice modeling and how ridehailing services influence travelers. She currently works as a data 
analyst at Amazon China, where she does data analysis on global selling business.

Andisheh Ranjbari  is a postdoctoral research associate at the University of Washington, where she 
researches various areas of transportation, such as travel behavior modeling and the impacts of vehicle auto-
mation and emerging mobility services on traffic, vehicle ownership and mode choices. Dr. Ranjbari holds a 
PhD and an MSc in Transportation Engineering and a BSc in Civil Engineering, and her previous research 
includes public transportation, network modeling and optimization, and traffic simulation, in both academia 
and industry.

Don MacKenzie  leads the Sustainable Transportation Lab at the University of Washington, where he is an 
Assistant Professor of Civil & Environmental Engineering. His current research includes charging behav-
ior and infrastructure design for electric vehicles, the effects of vehicle automation on travel and energy 
demand, and the impacts of emerging mobility services. Professor MacKenzie holds a PhD in Engineering 
Systems and SM in Technology and Policy, both from the Massachusetts Institute of Technology, and a 
BASc in Chemical & Biological Engineering from the University of British Columbia. He is a member of 
the Transportation Research Board’s Standing Committee on Transportation Energy, and chairs its Subcom-
mittee on Energy and Demand Implications of Connected and Automated Vehicles.

https://doi.org/10.1016/j.ecotra.2012.09.002
https://doi.org/10.1016/j.ecotra.2012.09.002
https://doi.org/10.1177/0361198118757980
https://doi.org/10.1177/0361198118757980

	Would being driven by others affect the value of travel time? Ridehailing as an analogy for automated vehicles
	Abstract
	Introduction
	Survey method
	Survey design
	Survey administration and sampling

	Analysis methods
	Discrete choice model

	Results and discussion
	Model estimation results
	Value of travel time (VoTT) results

	Conclusion
	Acknowledgements 
	References




