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Car-sharing economy has caused new driving safety and usability problems, which have not been well studied. This study aims at
analyzing the eﬀects of users age and the user experience (UX) of the car-sharing software (e.g., DiDi travel app) on overall
usability and the level of distraction for drivers. To this end, 48 experienced Chinese drivers were recruited to perform various
tasks with the car-sharing software using a driving simulator. The variables of driving safety and usability were analyzed by twoway analysis of variance (ANOVA) and independent sample Kruskal–Wallis nonparametric test. As expected, it was found that
car-sharing software has a signiﬁcant negative impact on driving distraction and usability. The overall performance of young
drivers is better than that of the elderly, but it seems that young drivers are more likely to be led to errors by car-sharing software.
In most aspects, experienced drivers perform better than inexperienced drivers and have a better in-depth understanding of carsharing software weaknesses. However, inexperienced drivers performed better regarding braking time and interaction time.
Although young inexperienced drivers performed worst in driving safety, they exhibited the lowest cognitive load and the highest
interaction eﬃciency. The experience of using car-sharing software may improve driver’s ability to deal with driving distractions.
The above conclusions provide theoretical support for optimizing the UX of car-sharing software and some references for driver’s
screening and training.

1. Introduction
When driving, the use of mobile phones is common in such
countries as Sweden, Australia, the United States, the United
Kingdom, and Spain [1–3]. Nowadays, due to the emergence
of a car-sharing economy known as the “Gig Economy” [4],
a new scenario of mobile phone usage in the car emerged. As
mentioned in the “Annual report on the development of
China’s sharing economy in 2019,” which was published by
the China National Information Center-Sharing Economy
Research Center, there was an increase in the amount of
online taxi passengers during 2015–2018 from 9.5 percent to
36.3 percent. By the end of 2018, DiDi travel (China’s most
extensively used car-sharing software, functioning extremely
similar to Uber) has connected over 450 million passengers
and 21 million drivers, receiving 7.43 billion orders and

completing over 25 million orders daily, and served over 400
cities [5]. Nevertheless, the behavior of using mobile phones
during driving (MPDD) seriously aﬀects driving safety
[6–8], and due to the short appearance of the car-sharing
model, the previous research on MPDD mostly focused on
tasks such as dialogue/dial-up/texting [9]. As another usage
scenario of MPDD, limited research has been conducted on
car-sharing software tasks. However, Jing et al. [10] and Feng
et al. [11] reported that car-shared tasks have aﬀected safety
and software usability, which indicated that it is necessary
and signiﬁcant to research on car-sharing applications.
Among the factors that have aﬀected the in-car application of car-sharing software, we propose analyzing the
aspects of driver age on performance in using car-sharing
software. Aging populations are a global trend, and China is
no exception [12–16], with the number of elderly drivers
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signiﬁcantly increasing in the future. However, to the best of
our knowledge, there has been no research on driving safety
and phone usage in terms of driver age in car-sharing, which
is an essential aspect for the screening and training of
drivers. According to statistics, young drivers are more likely
to use mobile phones than older people during driving.
Simultaneously, the proportion of younger people in-car
accidents is exceedingly high. Lesch and Hancock [17]
showed that age has diﬀerent eﬀects on driving conﬁdence
and performance when subjects are distracted by simulated
mobile tasks. When attention is distracted in complex
cognitive tasks, older people perform worse than their
younger counterparts [18]. It was reported that older drivers
responded slower to tasks involving phones [19]. Haque and
Washington [20] observed that each additional year of
drivers’ age increases 12% reaction time, while another study
found that response times were aﬀected by 0.18 seconds
more in elderly drivers than younger ones [21]. Additionally,
the elderly are more likely to be aﬀected when talking on the
phone while driving [22]. A study in Wuhan, China, reported that older adults were more likely to be inﬂuenced by
in-car phone interaction [23]. Nevertheless, not all studies
on the risks of using mobile phones while driving are
consistent [24]. Some studies in India and China have
demonstrated that age exerts no signiﬁcant impact on short
messages and telephone calls while driving [25]. However,
the eﬀect of age on car-sharing software, as another situation
of mobile phone usage in the car, remains unclear, thereby
necessitating further research in this regard.
Additionally, one would assume that new and experienced drivers who join the car-sharing industry diﬀer in
driving safety and app usability. Previous research has
shown that driving experience impacts driving safety and
app usability [26, 27]. However, further research is required
to understand to what extent experience aﬀects these two
factors entirely. Moreover, the knowledge gained by an indepth study on the safety and ability to use the car-sharing
app would provide priceless insight for training and
screening purposes.
To sum up, in the context of an aging society and the
uneven level of driver experience, there is still a lack of
research on the age and experience of car-sharing drivers.
Because of the necessity of driving safety and the urgency of
screening and training car-sharing drivers, age and experience are selected as the independent variables.
Furthermore, it is necessary to conduct “two-way” research on driving safety and interactive usability. “Two way”
research means that it is essential not only to study the
driving safety problems caused by the use of car-sharing
software in the car but also to explore the “reverse eﬀect”: the
impact of driving tasks on the interactive performance of
shared tasks [28, 29]. Previous research mainly focused on
mobile phones in the car and the impact on driving safety.
For example, the eﬀect of performing music search or
navigation tasks on the driver’s visual attention and driving
ability has been studied [30–32]. The impact of hands-free
and handheld mobile phones on driving performance has
been compared. It has found that using the mobile phone in
the vehicle will increase response time [33, 34], impair visual
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attention distribution [35, 36], reduce lane change frequency
[37, 38], increase the distance following [39], and reduce
driving speed [40, 41]. These disturbances will lead to an
increase in driving safety risks. More concretely, the following parameters are often used to measure driving safety:
Reimer et al. pointed out that driver behaviors are often
measured by speed selection [42]. Drivers who are distracted
by mobile phone conversations are reported to choose lower
driving speeds, with higher variability and higher lateral
acceleration [23]. Talking/dialing/texting while driving will
reduce driving speeds [9]. The braking response time was
also used to reﬂect the degree of driving distraction [43, 44].
For example, conversations, texting, and using a handheld
phone while driving would increase braking time [45, 46].
Nabatilan et al. reported that drivers using mobile phone
conversations would make more driving errors and irregularities [47]. Soccolich et al. discovered that the driver’s
cognitive load generally increases under all dual-task conditions associated with MPDD [48]. Moreover, some studies
have reported that mobile phone interactions lead to increased corrections in both directions of the steering wheel
[9, 49]. On the other hand, in recent years, there have been
some studies on the reverse eﬀect, i.e., the impact of driving
tasks on mobile phone tasks [9]. Becic et al. [29] reported
that dual tasks, such as talking through a mobile phone,
could aﬀect driving performance and dialogue performance
at the same time. According to Cao et al. [28], keeping lanes
will reduce speech comprehension. Tractinsky et al. [26]
found that driving aﬀects mobile phone response time.
Spence et al. [50] reported more challenging cognitive tasks
to inﬂuence the accuracy of driver dialogue. At the same
time, driving tasks also aﬀected the accuracy of texting.
However, as Oviedo trespacios [9] pointed out, the research
about usability was still much less than the research about
driving safety. Therefore, “two-way” analysis helps examine
the cross-inﬂuence of car-sharing tasks and driving tasks on
the whole.
In terms of research methods, driving simulators are
commonly used for in-car interaction research [51]. Although it claimed that the driving simulator lacks realism
[9], it is safe and convenient to control the driving parameters [49] and is quite eﬀective even when compared
with real driving [52]. Some studies also conduct driving
experiments in actual vehicles, that is, “Naturalism” research. However, naturalism research is relatively expensive,
and the number of subjects and experimental scenes is
limited [34]. Thus, the present study intends to use a driving
simulator for the experiment. In driving simulator-related
research, 44% of articles applied analysis of variance
(ANOVA) to determine the diﬀerence between distracted
and undistracted driving performance and other parameters
of interest [9]. Hence, a two-way analysis of variance was
used in the present work for data analysis.
As stated by Choudhary et al. [24], the current studies on
the interfering impact of mobile phones had been mostly
carried out in developed countries, and there are a few
numbers of works conducted in developing countries.
However, developing countries account for 80% of the
world’s population, and they have strong economic growth
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potential. In recent years, the number of cars and mobile
phones in developing countries has been expanding rapidly
[10]. In developing countries, reasons such as insuﬃcient
traﬃc laws, weak law enforcement capabilities, insuﬃcient
residents’ experience with smartphones, diﬀerent traﬃc
environments, and others have led to diﬀerent driving styles
and habits (for example, in low- and middle-income
countries, horn sound is more popular than in high-income
countries) [53]. The problems and consequences of mobile
phones in vehicle driving are even more serious [1]. Also,
racial, customary, and cultural factors will cause diﬀerent
results in interactive and driving performance. For instance,
Nakano et al. [54] indicated the diﬀerence between American and Japanese participants in search habits and search
speed. Hence, it suggested that an investigation in China (as
the most populous developing country) can provide interesting ﬁndings.
Notably, car-sharing driver’s age and user experience
could exhibit diﬀerent safety and interaction performance
while operating car-sharing software. The research on how
driver’s age and experience aﬀects driving safety and interaction performance could reference for targeted software
design or preemployment training for diﬀerent user groups,
which could help prevent safety risks, enhance training
eﬀect, and decrease training costs. However, there is still a
lack of relevant research, and this article intends to use
simulation experiments to analyze the age (old, young) and
the user experience (experienced, inexperienced) variables
of drivers in three typical car-sharing software tasks (ordering, information check, and destination search). Speciﬁcally, the present study aims at:
(1) The inﬂuence of driver’s age on driving safety and the
ability to interact with car-sharing software
(2) The eﬀect of driver’s experience in using the relevant
car-sharing software

2. Materials and Methods
2.1. Participants. Regarding the “DiDi Employment Report
2019” [55] released in 2019, 92.3% of sharing car drivers are
males, and Oviedo-Trespalacios et al. [9] reported that
gender could aﬀect in-car interaction; thus, to eliminate the
inﬂuence of irrelevant variables as much as possible, the
participants in this study were all males. Additionally, to
exclude the impact of chirality on the research, right-handed
participants were selected. Therefore, the research subjects
were deﬁned as right-handed men.
Previous works often used an age range for young drivers
of 25 to 30 years old, while the ages of elderly drivers varied
from 50 to 75 [16, 56]. Thus, we deﬁne young drivers in this
study as those between 18 (driving age allowed in China) and
30 years old (mean: 28.4, SD: 5.2), while elderly drivers age
was deﬁned as 50–65 (the legal retirement age in China)
years old (mean: 55.3, SD: 6.5). Moreover, based on the
deﬁnition provided by Zhao et al. [57], the term “experienced” for the drivers was deﬁned as driving over three times
per week and over 10 h per day for over 5 years. Conversely,
“inexperienced” means no use of car-sharing software.
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48 drivers were recruited for this work. The participants
were right-handed men and were divided into four groups:
old-experienced, old-inexperienced, young-experienced,
and young-inexperienced. The drivers were in good health
with no reported vision problems, and all operated small
manual cars. The age and joining time of the driver can be
checked in the online chat group of DiDi drivers. For drivers
in 10 online chat groups, we selected participants based on
age and experience data through a proportional stratiﬁed
sampling method. The recruitment information was released
on the Internet communication chat group gathered by DiDi
travel drivers. First, an online appointment was made, and
then an oﬄine experiment was conducted to recruit participants. The reward for each participant was $15/person/
hour.
2.2. Apparatus and Testing Environment. For conducting the
experiments, the simulator was used (Figure 1). The driving
simulator includes a desktop computer equipped with a
Windows 7 professional operating system, a 27-inch LCD
monitor (Dell D2720DS, digital window communication)
with a resolution of 2560 × 1440 and a refresh rate of 60HZ, a
steering wheel, shift gear and pedals (Logitech G27, Figure 1), and camera (SONY HDR-CX680). The simulated
driving environment consists of a simulated road environment and driving software for real-time recording of
driving data. The driving simulation software uses ErgoLAB
Driver-Vehicle-Road and Environment Test Cloud Platform
provided by Beijing JINFA Technology limited company.
Regarding simulated road environment, two lanes have been
used in the MPDD study in most of the experimental roads
(approximately 62 percent), where the simulator scene is
used [9]. Thus, a two-lane route was selected in the current
study simulating Chinese cities as an experimental road. The
light driving load was considered so that additional eﬀects
on the speed are avoided. 40–50 km/h was the normal speed
since the minimum speed limit of urban roads is 30 km/h in
China, and the maximum speed limit is 60 km/h [58]. The
simulated driving environment was displayed on the
computer screen, which was 610 mm away from the participants’ eyes. The driving data was mainly monitored by
ErgoLAB Driver-Vehicle-Road and Environment Test
Cloud Platform, including the driver’s pedal behavior data
(accelerator, brake, and clutch). The accuracy was 0.3% F.S,
and the sensitivity was 1.5 mv/v. Steering wheel rotation
angle data, with steering wheel angle and torque data, were
considered. The measuring range of the rotating torque was
0–300Nm, and the measuring range of rotating angle was
0–3000°. On-Board Diagnostics (OBD) vehicle data, including vehicle speed and engine speed, were obtained.
The used screen mobile phone size was the Samsung
Galaxy S5 (G9006 V) with a 5.7-inch touch (1920×1080
pixels), which is currently the most mainstream smartphone
screen size in China. The mobile phone was ﬁxed at the most
frequent locations (which was based on a presurvey of 30
experienced drivers using car-sharing software): the right
air-conditioning outlet of the car through the mobile phone
holder (which was 360 mm from the participant’s body
centerline).
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3. Experimental Tasks and Procedures

Figure 1: Experimental equipment.

In addition, NASA-TLX and the satisfaction questionnaires were used to investigate the participants subjective
responses after the experiment. HD cameras and laptops
were used for capturing audio and video material to record
the driving scene and the participant’s behavior interaction.

2.3. Experimental Design. Two independent factors (age and
experience) were used in this experiment. The independent
variables are the age of the drivers (young and old) and the
driver’s proﬁciency in using car-sharing software (experienced and inexperienced).
The usability variables and driving safety variables were
the dependent variables. Driving safety variables were
braking response/stop time, speed, cognitive load, and
steering wheel correction amplitude/times, driving error.
The speed is deﬁned as follows: the car’s average speed when
drivers perform the task, collected through the ErgoLAB
platform (sampling frequency: 20 HZ). The braking response
time is deﬁned as the time when the driver receives the
deceleration signal and makes the braking action. The signal
sending time is controlled and recorded by the researcher,
and the ErgoLAB platform collects the pedaling time.
Braking stop time is deﬁned as the time taken to brake by the
driver until the car speed is decelerated to 20 km/h, and the
related data was collected through the ErgoLAB platform.
The driving error is deﬁned as the number of times the
detected car passed the road baseline, which was counted by
using video recordings facing the road baseline. The steering
wheel correction amplitude/times are deﬁned as the total
number of times (the steering wheel amplitude exceeds 2° to
be counted) and the average angle (sampling frequency:
20HZ) the driver adjusted the steering wheel when performing the interactive task, and data was collected through
ErgoLAB platform. Cognitive load is determined by the
NASA-TLX scale [59]. Usability variables are composed of
the following factors: interaction time (eﬃciency), interaction error (eﬀectiveness), cognitive load, and satisfaction.
The interaction time is deﬁned as the time that is needed for
completing the task, and the experimental demo recorded
the time. The satisfaction was determined using the USE
Questionnaire [60], completed by participants after the
experiment. The unsuccessful executions of an interaction
task deﬁne the interaction error, which was observed and
counted by the experimenter in the experiment.

3.1. Experimental Tasks. To simulate the interactive mode of
car-sharing software (DiDi travel), ﬁrst, the interactive
process of car-sharing software was sorted out. 11 main
functions were obtained in the process, including calling
passengers, personal information, and ordering, as presented in Table 1. Then, participants (30 experienced drivers)
ranked these functions based on whether they will be frequently used in driving. Their importance was measured by
counting the frequency, with which each function is evaluated as “yes.” Finally, the three most frequent functions
were identiﬁed as follows: ordering (usage probability:
100%); information check (passenger information, navigation, etc.) (usage probability: 87%), and destination search
(determining the screen location on the map outside the
window by panning or zooming) (usage probability: 63%).
Accordingly, the Sketch software was used to develop three
experimental demos with the identiﬁed functions, i.e., ordering, information check, and destination search for testing
the user’s performance in usability and driving safety
(Figure 2).
3.2. Experimental Procedures. The experiment consisted of
four steps and took about 50 minutes to complete:
(1) Collecting basic information about participants,
including driving age, driver’s age, gender, driving
habits, car type, and car-sharing software experience.
(2) Informing participants about purpose, steps, driving,
and interactive tasks and providing 15 minutes of
training for them for familiarity with interactive and
driving tasks. According to the independent variables, 48 participants were assigned into four groups.
To avoid learning eﬀects, a balanced Latin square
presentation order was used. Each experimental
condition was shown once to each participant. When
participants completed the driving-interaction tasks,
they were asked to complete the cognitive load and
satisfaction scale. Before beginning the trial, participants were told: please drive according to your
driving habits when the experiment runs (but they
needed to make sure that their hands are on the
steering wheel at 10 o’clock and 14 o’clock); unexpected situations may occur during driving (e.g., a
sudden crossing of pedestrian, etc.); and the empirical tasks should be completed under the presumption of ensuring driving safety.
(3) After adjusting the mobile phone position and the
seat position, in order to compare the diﬀerent
performances in the parked and driving conditions,
ﬁrst, the participants were tested on three tasks in the
parked situation: T1/T2/T3. T1: ordering: the participant checked the text information shown on the
phone screen upon hearing “Look.” When the information was conﬁrmed, he clicked the “Conﬁrm”
button, and by clicking the button, the message
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Table 1: Descriptive statistics of mean and standard deviation of interaction time among diﬀerent ages and experience.
Group
Old
Young
Experienced
Inexperienced

Old/Young
Experienced/Inexperienced
Old-experienced
Old-inexperienced
Young-experienced
Young-inexperienced

T1 (parked)
11.29 ± 3.40
7.30 ± 2.27
9.61 ± 4.04
8.98 ± 2.91
12.90 ± 3.12
9.67 ± 2.96
6.32 ± 0.91
8.28 ± 2.80

(a)

(b)

Interaction time (s)
T3 (parked)
T1 (driving)
11.50 ± 2.42
21.51 ± 7.63
7.19 ± 2.01
7.52 ± 2.05
9.26 ± 2.90
12.95 ± 6.64
9.42 ± 3.34
16.08 ± 10.74
11.59 ± 1.63
19.16 ± 2.27
11.41 ± 3.09
23.85 ± 10.22
6.94 ± 1.77
6.74 ± 1.68
7.44 ± 2.27
8.30 ± 2.16

T3 (driving)
17.66 ± 7.49
11.03 ± 4.01
18.93 ± 6.33
9.76 ± 3.34
23.13 ± 6.60
12.20 ± 2.91
14.73 ± 1.31
7.33 ± 1.41

(c)

Figure 2: The interface of three experimental demos. (a) Ordering. (b) Information check. (c) Destination search.

disappeared (Figure 2(a)), and data collection was
over. The content of the information should be reported verbally by the participants. Performing this
task needed a small amount of ﬁnger click interaction and visual interaction; T2: route checking: the
participant checked the route information on the
phone screen visually when driving as he heard
“Look” (the route information provides such information as the distance from the target and direction of the route) (Figure 2(b)), and data
collection began. After conﬁrming the information,
the participant reported “OK,” and the data collection was ﬁnished. Only visual interaction was required by this task. However, information such as
route information should be memorized. T3: destination search: the participant immediately checked
the route information on the phone screen, and data
collection began when driving as he heard “Look.”
The destination was oﬀ-screen, so the participant
should move the marked destination icon to the
screen (peeping window) [61] by dragging or

zooming (based on personal habits) (Figure 2(c)).
After conﬁrming the information, the participant
reported “OK,” and the data collection was ﬁnished.
A relatively high level of ﬁnger and visual interactions is required by this task. Following the completion of each task, the cognitive load and
satisfaction scales were completed. There was a
three-minute rest time for the participants following
the completion of the questionnaire.
(4) In order to obtain the performance data in the
driving state and compare it with the parked state,
the participants were asked to drive at 40–50 km/h
normal speed in a typical a Chinese urban two-lane
road with low traﬃc load. They were tested using
baseline tests, including braking without mobile
phone interaction. Following ﬁve minutes of normal
driving, T1/T2/T3 tasks were tested in the participants while driving. The test method was the same as
in Step 3. There was a three-minute rest time for the
participants following the completion of the
questionnaire.
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4. Results
4.1. Interaction Performance. In this part of the study, the
inﬂuence of driver’s age (old vs. young) and experience (with
vs. without prior knowledge of ride-hailing apps) on the
driver’s ability to perform the set tasks (T1/T2/T3) was
analyzed. For the parameters that satisﬁed the normal
distribution test and the homogeneity test of variances, such
as interaction time and satisfaction, we used the two-way
ANOVA. Furthermore, an independent sample Kruskal–Wallis nonparametric test (Shapiro Wilk normal test
results: P < 0.05) was used to analyze the parameters that did
not satisfy the normal distribution test, like interaction error.
4.1.1. Interaction Time. With regard to interaction time, the
results showed that while parked, age and experience has a
signiﬁcant eﬀect on the time required to complete tasks: T1
(F (1,44) � 28.110; P ≤ 0.001) and T3 (F (1,44) � 43.619;
P ≤ 0.001). In other words, the interaction time of young
drivers is far shorter than that of old drivers (Table 1).
Furthermore, when the task was completed while driving the
T1 task, the interaction time in the young group was nearly
three times shorter than that in the old group (Figure 3(a)).
Age (F (1,44) � 37.842; P ≤ 0.001) and experience (F (1,44) �
72.369; P ≤ 0.001) also had signiﬁcant eﬀects on interaction
time for task T3 while driving. Speciﬁcally, the interaction
time of old drivers is almost 60% longer than that of young
drivers (17.66 ± 7.49 vs. 11.03 ± 4.01; Figure 3(a)). Counterintuitively, the interaction time for experienced drivers
(18.93 ± 6.32) is higher than that of inexperienced drivers
(9.76 ± 3.34; Figure 3(b)). Overall, the interaction time of
old, experienced drivers was the highest, while that of young,
inexperienced drivers was the lowest. The interaction time of
old, experienced drivers was 3.16 times that of young, inexperienced drivers (23.133 ± 6.60 vs. 7.33 ± 1.41;
Figure 3(c)).
4.1.2. Satisfaction. In addition to interaction time, driver
satisfaction was analyzed for the inﬂuence of driver’s age and
experience. The results showed that the driver’s age and
experience had no signiﬁcant eﬀect on satisfaction tasks T1
and T3. In the T2 task while driving, experience (F (1,44) �
10.301; P � 0.002) showed signiﬁcant impact on satisfaction
(Figure 4). Speciﬁcally, drivers with prior knowledge of carsharing software (7.24 ± 1.44) had marginally lower satisfaction in T2 when compared to inexperienced drivers
(8.45 ± 1.17).

4.1.3. Cognitive Load. The results showed that the interaction of age and experience signiﬁcantly impacted cognitive
load in driving T2 task (F (1,44) � 10.844; P � 0.002; Figure 5). Interestingly, young-experienced drivers had the
highest cognitive load (5.98 ± 1.12), and young-inexperienced drivers had the lowest cognitive load (2.99 ± 0.88),
while elderly drivers fell in-between with less dependence on
experience.
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4.1.4. Interaction Error. Finally, we analyzed the number of
interaction errors as a function of age and driver experience.
It is found that age (z � −3.164; P � 0.002) had a signiﬁcant
eﬀect on T2 task interaction error under parked conditions.
Table 2 shows the frequency and percentage of the error.
Based on Table 2, the nonparametric test shows that the
median error of old drivers [1 (0,1.75)] is higher than that of
young drivers [0 (0,0)].
4.2. Distraction from Driving. In this part of the study, we
analyzed the inﬂuence of driver’s age and experience on how
distracting the actual ride-sharing application was when
performing the tasks. As mentioned previously, the performance parameters of driving distraction included average
speed, the number and magnitude of steering wheel corrections, driving errors, the drives’ reaction time, and the
overall time taken to brake. For the parameters that satisﬁed
the normal distribution test and the homogeneity test of
variance, such as car speed deviation, we used the two-way
ANOVA. Furthermore, an independent sample Kruskal–Wallis nonparametric test (Shapiro Wilk normal test
results: P < 0.05) was used to analyze the parameters that did
not satisfy the normal distribution test, like driving error.
4.2.1. Car Speed Deviation. The interplay of age and previous experience with car-sharing software had no signiﬁcant impact on speed deviation during task completion
(F � 2.295, P � 0.137).
4.2.2. Steering Wheel Correction Amplitude and Frequency.
We found that when drivers did not use car-sharing software, experience exerted a signiﬁcant impact on the number
of steering wheel adjustments (z � −5.62, P ≤ 0.001). As
shown in Table 3, the steering wheel adjustment times of
inexperienced drivers were [2.5 (2,3)] more than [0.5 (0,1)]
of experienced drivers. When operating car-sharing software, the steering wheel adjustment times of drivers with
diﬀerent driving experiences under the T1 task were signiﬁcantly diﬀerent (z � −2.959, P � 0.003), and the steering
wheel adjustment times of experienced drivers were fewer
(Table 4). Remarkably, age exerted no signiﬁcant impact on
the steering wheel correction frequency when car-sharing
software was not used. However, when operating the carsharing task T1, age signiﬁcantly aﬀected the steering wheel
correction frequency (z � –2.595, P � 0.009), as shown in
Table 4. Moreover, the correction frequency of older drivers
[3 (3,4)] was higher than that of younger drivers [2 (2,3)].
As one may expect, age plays a signiﬁcant role in the
average magnitude of steering wheel corrections (F � 10.928,
P � 0.002; Table 5). Speciﬁcally, the amplitude for young
drivers was almost 30% smaller than that of elderly drivers
(6.87 ± 2.22) compared to (9.63 ± 4.36) (Figure 6(a)), respectively. As one might expect, the size of corrections for
experienced drivers was considerably smaller (6.38 ± 2.08)
than that for inexperienced drivers (10.13 ± 4.03), as shown
in Figure 6(b). When driving and attempting to complete the
various tasks in the app, the steering wheel correction
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Figure 3: Interaction time results: (a) the interaction time of old and young drivers. (b) The interaction time of experienced vs. inexperienced drivers and (c) the interaction time of all four groups).
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0
T2 (driving)
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Figure 4: Satisfaction in diﬀerent experience.

amplitude of experienced drivers was signiﬁcantly smaller
than that of inexperienced drivers in tasks T1 (F � 17.242,
P ≤ 0.001) and T2 (F � 29.192, P ≤ 0.001; Figure 6(c)).

4.2.3. Driving Error. As shown in Table 6, age (z � −3.015,
P � 0.003) exerted a signiﬁcant impact on driving errors
without using car-sharing software. Elderly [1 (0,1)] were
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longer than that of inexperienced drivers. Most shockingly,
experienced drivers who had the shortest braking stop time
when not operating their phones took nearly twice as long as
normal to brake when trying to complete this task,
Figure 7(c).

Cognitive load

10

5

5. Discussion
0
T2 (driving)
Young-inexperienced
Young-experienced

Old-inexperienced
Old-experienced

Figure 5: Cognitive load of interaction of age and experience.
Table 2: Descriptive statistics of frequency and percentage of
interaction errors among diﬀerent ages.
Interaction errors
0.00
1.00
2.00
3.00
Young
10 (41.7%) 8 (33.3%) 4 (16.7%) 2 (8.3%)
Old
20 (83.3%) 4 (16.7%) 0 (0.0%) 0 (0.0%)

more likely to make mistakes than young people [0 (0,0)];
when using car-sharing software, age (z � −2.504, P � 0.012)
exerted a signiﬁcant impact on driving errors, and elderly [1
(0,2)] were more likely to make mistakes than young people
[0 (0,1)].
Without using car-sharing software, driving experience
exerted no signiﬁcant eﬀect on driving errors. When using
car-sharing software, driving experience (z � −2.504,
P � 0.012) signiﬁcantly impacted driving errors. The inexperienced [1 (0,2)] were more likely to make mistakes than
the experienced [0 (0,1)], as shown in Table 6. Furthermore,
the use of car-sharing software widened the gap brought by
experience.
4.2.4. Braking Response Time-Braking Stop Time. Finally, we
analyzed the inﬂuence of driver’s age and experience of carsharing software on braking response time and braking stop
time. As shown in Table 7, for braking response time, when
operating car-sharing software while driving, age exerted a
signiﬁcant eﬀect on the braking response time in T1
(F � 15.163, P ≤ 0.001) and T2 (F � 13.218, P � 0.001) tasks.
In particular, young drivers’ response time was shorter than
that of old drivers in T1 and T2 tasks (Figure 7(a)).
When the car-sharing software was operated while
driving, age exerted a signiﬁcant impact on the braking stop
time in the T2 (F � 15.287, P ≤ 0.001). Speciﬁcally, in T2 task,
the braking stop time of young drivers was shorter than that
of old drivers (Figure 7(b)). When not using car-sharing
software, the experience of car-sharing software signiﬁcantly
impacted the braking time (F � 12.463, P � 0.001). In addition, the braking time of the experienced group was shorter
[3.16 (1.05)], and that of the inexperienced group was larger
[3.28 (1.12)]. In the T3 task, car-sharing software experience
exerted a signiﬁcant impact on braking stop time (F � 41.314,
P ≤ 0.001). Speciﬁcally, the time of experienced drivers was

5.1. The Inﬂuence of Driver Age and Prior App Experience on
Car-Sharing Software Usability. As one might expect, the
interaction eﬃciency decreased, and the number of interaction errors increased in elderly drivers when compared to
the younger participants, even before considering the eﬀects
of complicating their jobs by asking them to perform tasks
within the app; this does not corroborate the research
primarily focusing on the task of using SMS and telephone in
the car [25], which demonstrates that although the interaction tasks of car-sharing software and SMS and phone
tasks belong to the task of MPDD, the consequences are
diﬀerent, thereby necessitating the research of diﬀerent
mobile phone interaction tasks. Interestingly, while the gap
in interaction eﬃciency for the diﬀerent age groups widened
when these additional tasks were included, the gap actually
narrowed for the number of errors performed by the two
groups, which was mainly caused by the increase of interaction errors among young people. Scott-Parker and
Oviedo-Trespalacios reported that young people are more
“careless” about using mobile phones in cars and are prone
to car accidents [16]. However, Caird et al. [22] reported that
the elderly are more vulnerable to phone interaction while
driving, which could elucidate the diﬀerence between carsharing interaction tasks and other MPDD tasks. However, it
could also be caused by ethnic factors, which warrants
further conﬁrmation by the comparative follow-up study of
diﬀerent races. When driving without using car-sharing
software, the interaction time of the elderly is 1.43 times
longer than that of the young people, but when they were
asked to perform a task within the app, the interaction time
of the elderly increased to nearly three times that of the
young drivers. Furthermore, the number of the elderly’
interaction errors in the T2 task was more than that of the
young when parked. However, when driving and performing
tasks in the app, there is no signiﬁcant diﬀerence in the
number of errors between the elderly and young subjects,
suggesting that young people are more easily distracted by
the car-sharing software or are less cautious when multitasking, which are possibly skills one gains with age.
One unexpected result was that a driver’s prior
knowledge of the ride-sharing app actually had a negative
impact on the eﬃciency of their interactions and overall
satisfaction. In terms of subjective usability, drivers with
previous experience were generally less satisﬁed than inexperienced drivers and were no quicker than interaction
time. Inexperienced drivers performed the interactive tasks
faster than experienced drivers. Speciﬁcally, experienced
drivers’ interaction time is two times higher than that of
inexperienced drivers, which may be due to the “recklessness” of inexperienced drivers and the relative “caution” of
experienced drivers. Indeed, behavioral observations during
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Table 3: Descriptive statistics of frequency and percentage of steering wheel correction frequency among diﬀerent experience levels without
operating car-sharing software.
Frequency
Experienced/inexperienced

Experienced
Inexperienced

0
12 (50%)
0 (0.0%)

2
0 (0.0%)
8 (33.3%)

3
0 (0.0%)
8 (33.3%)

4
0 (0.0%)
3 (12.5%)

5
0 (0.0%)
1 (4.2%)

z

P

−5.62

≤0.0011

Table 4: Descriptive statistics of frequency and percentage of steering wheel correction frequency among diﬀerent ages and experience levels
in the T1 task.
Frequency
Experienced/inexperienced
Young/old

Experienced
Inexperienced
Young
Old

2
0
2
0

Experienced
Inexperienced
Young
Old

0
1
0
1

Frequency
Experienced/inexperienced
Young/old

0.00
(8.3%)
(0.0%)
(8.3%)
(0.0%)
7
(0.0%)
(4.2%)
(0.0%)
(4.2%)

1.00
1 (4.2%)
2 (8.3%)
0 (0.0%)
3 (12.5%)
8.00
0 (0.0%)
1 (4.2%)
0 (0.0%)
1 (4.2%)

2
11 (45.8%)
4 (16.7%)
2 (8.3%)
13 (54.2%)
10
0 (0.0%)
2 (8.3%)
0 (0.0%)
2 (8.3%)

3.00
9 (37.5%)
8 (33.3%)
13 (54.2%)
4 (16.7%)
11
0 (0.0%)
1 (4.2%)
1 (4.2%)
0(0.0%)

4.00
1 (4.2%)
2 (8.3%)
3 (12.5%)
0 (0.0%)
12
0 (0.0%)
3 (12.5%)
3 (12.5%)
0 (0.0%)

Table 5: Descriptive statistics of mean and standard deviation of steering wheel correction amplitude among diﬀerent ages and experience
levels.
Group
Young/old
Experienced/
inexperienced

Steering wheel correction amplitude (degree)
Driving, not operating T1 (driving, operating T2 (driving, operating
software
software)
software)
Young
6.87 ± 2.22
6.99 ± 1.94
8.42 ± 2.83
Old
9.63 ± 4.36
9.00 ± 3.53
10.82 ± 4.79
Experienced
6.38 ± 2.08
6.52 ± 1.15
7.20 ± 1.06
Inexperienced
10.13 ± 4.03
9.46 ± 3.53
12.04 ± 4.53

the experiment support this, as the more experienced drivers
paused during the interaction process to look at the road and
conﬁrm it was safe to continue acting. They would return
their attention to the mobile phone. Furthermore, in interviews conducted after the experiment, it was also found
that experienced drivers took a more cautious stance on
performing the tasks, stating that “interactive tasks are not so
urgent; there is no need to complete too quickly.” On the
other hand, inexperienced drivers tried their best to complete the task as soon as possible, with fewer similar behaviors and feedback in postsimulation interviews.
Regarding user satisfaction, experienced drivers were
less satisﬁed than inexperienced drivers. After the experiment, experienced drivers conveyed in interviews the speciﬁc causes of dissatisfaction, such as “when used in practice,
too long information will lead to memory.” Most inexperienced drivers found it diﬃcult to point out the speciﬁc
reasons for their dissatisfaction. Therefore, lower satisfaction
may be due to experienced drivers’ better understanding of
car-sharing software’s shortcomings.
When considering the interplay of age and experience,
young, inexperienced drivers had the lowest cognitive load,
one-third of older, experienced drivers, who took the longest
to complete most tasks. Overall, under the combined strains
of driving and using mobile devices, the increased cognitive
load was the same as the negative change trend of most
indicators analyzed in this study. The time taken to complete

T3 (driving, operating
software)
9.95 ± 3.97
11.08 ± 5.63
8.22 ± 1.01
12.81 ± 6.01

a given task and the overall eﬃciency of the actions are likely
to improve driver safety and should be of considerable
concern to the app developers. While young, inexperienced
drivers had the lowest cognitive load, their more old and
experienced counterparts had the highest cognitive load,
which may be because young, inexperienced drivers are not
aware of some risks when attempting multitasking.
5.2. The Inﬂuence of Age and Experience on Distraction
Susceptibility. Not only did young drivers outperform the
elderly subjects in terms of app usability, but they also had
fewer driver errors (in line with Haque & Washington [43]),
smaller steering wheel corrections, and faster braking times
when operating their car, which is consistent with the
ﬁndings of Hancock et al. [21]. However, if one compares the
performance when completing the app’s set tasks, the resultant reduction in performance is more pronounced in
young drivers. As young drivers performed smaller corrections to their steering wheels when driving without operating car-sharing software, when using the app, the
diﬀerences caused by age disappeared. Although young
people have better control normally, using their mobile
phones while driving drastically reduces these advantages.
Interestingly, regarding the eﬀect of driver’s age, the stopping time reﬂects a trend opposite to other variables, and the
stopping times of drivers of any age are comparable under
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Figure 6: Steering wheel correction amplitude. The steering wheel correction amplitude of (a) diﬀerent ages and (b) diﬀerent experience
levels. (c) The steering wheel correction amplitude of experienced and inexperienced drivers while driving and using car-sharing software.

Table 6: Descriptive statistics of frequency and percentage of driving error among diﬀerent ages and experience levels.
Frequency
Without operating car-sharing software
T1 task
T1 task

Old
Young
Old
Young
Experienced
Inexperienced

0.00
10 (41.7%)
20 (83.3%)
8 (33.3%)
14 (58.3%)
14 (58.3%)
8 (33.3%)

normal driving conditions (no signiﬁcant diﬀerence), but
with the distractions of car-sharing software, older drivers’
stopping behavior will be more impaired (signiﬁcantly
higher than that of young drivers). This is supported by the
ﬁndings of Hancock et al. [21].
When one considers car-sharing software experience,
one ﬁnds that drivers with previous knowledge performed

1.00
12 (50.0%)
4 (16.7%)
8 (33.3%)
10 (41.7%)
10 (41.7%)
8 (33.3%)

2.00
2 (8.3%)
0 (0.0%)
4 (16.7%)
0 (0.0%)
0 (0.0%)
4 (16.7%)

4.00
Null
Null
3 (12.5%)
0 (0.0%)
0 (0.0%)
3 (12.5%)

1
0
0
1

5.00
Null
Null
(4.2%)
(0.0%)
(0.0%)
(4.2%)

z

P

−3.015

0.003

−2.504

0.012

−2.504

0.012

signiﬁcantly better than the inexperienced subjects in all
driving safety parameters, as one might expect. Steering
wheel correction amplitudes were greater for inexperienced
drivers when completing the tasks and under normal driving
conditions. Not only were the adjustments more frequent for
inexperienced drivers, but they made ﬁve times more adjustments when driving without operating their phones.
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Table 7: Descriptive statistics of mean and standard deviation of response time and braking stop time among diﬀerent age and experience.
Driving, not operating T1 (driving, operating T2 (driving, operating T3 (driving, operating
software
software)
software)
software)

Group
Response time (s)
Young/old
Experienced/
inexperienced
Braking stop time (s)
Young/old
Experienced/
inexperienced

Young
Old
Experienced
Inexperienced

0.76 ± 0.23
0.64 ± 0.32
0.74 ± 0.20
0.67 ± 0.35

0.73 ± 0.23
1.04 ± 0.40
1.06 ± 0.30
0.72 ± 0.33

0.65 ± 0.25
1.05 ± 0.47
0.77 ± 0.28
0.93 ± 0.52

0.94 ± 0.53
1.17 ± 0.73
1.02 ± 0.46
1.08 ± 0.80

Young
Old
Experienced
Inexperienced

3.0 ± 0.80
3.2 ± 1.11
2.7 ± 0.40
3.59 ± 1.14

3.65 ± 1.08
4.22 ± 0.94
3.64 ± 0.92
4.23 ± 1.09

2.70 ± 0.80
3.74 ± 1.08
3.16 ± 1.05
3.28 ± 1.12

4.53 ± 1.49
4.15 ± 2.23
5.62 ± 1.69
3.07 ± 1.03
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Figure 7: Impact of age and experience on response time and braking stop time. (a) The response time and (b) the braking stop time of
diﬀerent ages while operating car-sharing software. (c) The braking stop time of experienced and inexperienced drivers while driving with
car-sharing software.

However, when operating car-sharing software while driving, the gap was reduced to less than two times as many
adjustments, mainly caused by the increase of experienced
drivers’ errors, strongly suggesting that the app dramatically
impacts anybody’s ability to control the car.
Inexperienced drivers also had more driving errors than
experienced drivers. Furthermore, experienced drivers were
quicker to come to a stop when not using their phones, but

the app resulted in experienced drivers taking more time
than inexperienced drivers to stop. According to our followup interviews, this may be due to some degree of “calmness”
felt by experienced drivers, who have encountered similar
situations many times in real-life. They believe that sudden
braking is more likely to cause accidents such as being rearended or causing injuries to passengers in the car, so they
will be more cautious and gentler in braking. Conversely, for

12
drivers who have no experience using car-sharing software,
the simultaneous use of a phone and the need to brake will
make them more confused and instinctively adopt more
aggressive braking behavior, hoping to slow down as soon as
possible. The actual impact of these two conditions on
driving safety needs to be further assessed.
However, two interesting phenomena: (1) drivers who
have car-sharing software previously perform better than
drivers without prior experience, even in ordinary driving
tasks, and (2) the stopping time for experienced users
showed the opposite trend as all other measured parameters.
The advantages demonstrated by experienced drivers may
reﬂect that although it is recognized that distracting behavior
during driving is harmful to safety, to some extent, driving
while using a phone is also a kind of training and may
promote the driver’s driving ability once suitably adapted,
but this conjecture needs further research to prove.
Finally, we looked at the combined eﬀects of age and
experience. It was shown that young, inexperienced drivers
performed the worst in driving safety, as one might expect,
but they had the lowest cognitive load and the highest app
interaction eﬃciency. Furthermore, diﬀerences in average
speed tests suggest that young inexperienced drivers may
lack the sense of safety possessed by their older, more experienced counterparts and pay too much attention to interactive tasks.

6. Conclusions
This study demonstrates that car-sharing software exerts a
signiﬁcant negative impact on safety; thus, drivers should
avoid operating a car-sharing program during driving.
However, car-sharing drivers always use mobile phones,
which is also legally allowed in some countries. Thus, it is
essential to explore the use of car-sharing software while
driving and support car-sharing software optimization,
screening, and training of car-sharing drivers to maximize
traﬃc safety.
Young driver’s overall performance in terms of susceptibility to distractions and app usability is better than that
of the elderly. However, car-sharing tasks make it easier for
young drivers to make mistakes while driving, which to
some extent narrows the performance gap that results from
age. Thus, younger drivers have better safety control ability
and interaction eﬃciency; however, it is necessary to train
young drivers in car-sharing software interaction to augment the stability of their driving interaction.
In most aspects of interaction performance and driving
safety performance, experienced drivers perform better than
inexperienced drivers and have an in-depth understanding
of car-sharing software weaknesses, except for brake time
and interaction time; according to behavior observation and
postinterview, this is attributable to the “recklessness” of
inexperienced drivers and the relative “prudence” and
“calmness” of experienced drivers. Inexperienced drivers are
more likely to focus on the interaction behavior and ignore
the main driving task, and they are more likely to take drastic
braking behavior. Thus, in car-sharing software
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optimization design, we cannot blindly pursue the improvement of interaction eﬃciency. In the car-sharing
software user evaluation, experienced drivers will give a low
evaluation but highlight the speciﬁc pain points.
As expected, young, inexperienced drivers perform
worst in driving safety but have the lowest cognitive load and
the most eﬃcient interaction. Hence, drivers (especially
young inexperienced ones), who lack experience in the use of
car-sharing software, need to focus on driving safety training
before taking up their posts and restrict their opportunities
to operate car-sharing software in the software client design
and training.
Remarkably, drivers with car-sharing software experience perform better than inexperienced drivers, even in
driving tasks that do not require the use of software; this
could reﬂect that, to a certain extent, using car-sharing
software while driving is also a type of training, and once
properly adapted, it could enhance the driving ability of
drivers.
In a practical sense, this study provides more precise
screening criteria and training references for car-sharing
drivers of diﬀerent ages and experiences, such as providing
targeted training programs for young drivers to increase
their “driving endurance” to enhance the training eﬃciency
and eﬀect. In addition, this study provides a basis for the
optimization design of car-sharing software for diﬀerent
user groups. For example, owing to the long interaction time
of elderly drivers, the interaction process with fewer interaction steps can be customized. Theoretically, because of
car-sharing, which lacks research, two-way research on the
combination of driving safety and interactive usability due to
people’s age and experience was conducted, compared with
the existing research, and further enriched the types of
human factors research on the use of mobile phones in cars;
this is helpful in enhancing the security of car-sharing and
the availability of car-sharing applications. However, due to
various limitations, there is still room for improvement. For
example, currently, only male drivers have been tested.
Hence, in the future, the inﬂuence of gender on the use of
car-sharing software will be examined. Additionally, one
could extend the range of tasks in the app performed while
driving to validate that the eﬀects seen here are not a result of
the speciﬁc tasks but are representative of using a mobile
phone while driving. Besides, comparative studies on tasks
(T1/T2/T3) will be presented in other papers because of
space constraints. Further research on this subject could
shed light on the impact of age and prior experience on
driving safety, helping to future-proof the industry as
populations around the world continue to age.
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