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As vehicles with automated functions become more prevalent on U.S. roadways, maintaining driver attention
while the vehicle is engaged in automation will be an important consideration for safe operation of these ve-
hicles. The objective of this paper is to evaluate how drivers respond and adapt to active safety warning signals
in a Level 2 automatic vehicle. Specifically, statistical analysis was conducted to evaluate whether the amount of
inattention prompts that drivers received changed over time, possibly indicating a change in the amount of
inattention that drivers exhibited. The driving performance data was collected from sixteen participants who
drove a Level 2 vehicle in an experimental setting, as part of the study Human Factors Evaluation of Level 2 and
Level 3 Driving Concepts. A proprietary driver inattention warning system was installed on the experiment
vehicles. The system would send a warning signal if the driver’s attention was not on the primary driving task for
a pre-specified duration. This study focuses on driver’s response when experiencing prompts after two seconds of
inattention while operating a Level 2 vehicle in automated mode. The results show that on average, the fre-
quency of prompts the participants received decreased over the course of the experiment from 29.9 in the first
ten minutes to 18.1/10 min after 110 min. The decrease levelled off after about two hours. The fact that par-
ticipants received fewer prompts over time suggests that they had fewer instances of inattention lasting at least
two seconds as the experiment progressed. This suggests that drivers would adapt to the alert and adjust their
behavior to avoid triggering the inattention alert. The results of this study provide evidence for a potential
benefit of incorporating a prompting system in vehicles with automated functions.

1. Introduction include such features as, for example, adaptive cruise control (ACC),

ACC lane-centering, automatic braking, collision warnings, and lane-

The introduction of automated vehicle technology into public
roadway system creates a need to understand how drivers will interact
with and adapt to vehicle systems that allow ceding some level of
control to the vehicle, yet still require driver involvement. According to
the National Highway Traffic Safety Administration (NHTSA), Level 2
(L2) automated vehicles, many of which are available now, are de-
signed to ease the driver’s burden while on the road. However, drivers
must still monitor the road and keep alert in order to retake control of
the vehicle at a moment's notice (Marinik et al., 2014). This is reflected
in NHTSA’s (2013) description of L2 vehicle capabilities, which states,
“The system can relinquish control with no advanced warning and the
driver must be ready to control the vehicle safely” (p. 5).

Recent automated technological advances that have facilitated the
relinquishing of some of the driving tasks from the driver to the car may
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keeping assistance (Trimble et al., 2014). With the possibility of dif-
ferent features being incorporated into vehicle automation in mind,
NHTSA has defined five levels of automation, from Level 0, where the
driver has complete control, to Level 4, where the driver’s role will be
limited to providing destination/navigation information (Trimble et al.,
2014). One of the main goals of L2 vehicle designs is to relieve drivers’
physical stress by allowing them to simultaneously disengage from the
pedal and steering wheel.

While potentially capable of increasing drivers’ comfort, vehicles
with L2 automation systems still require constant attention from drivers
(Trimble et al., 2014). As such, drivers need to maintain situational
awareness even when L2 vehicle features are active. Thus, one of the
key questions regarding increasingly automated vehicles is how, if at
all, these vehicles affect a driver’s situational awareness, and what
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effect that change in situational awareness has on driver performance.
Endsley (1988) originally defined situational awareness as “the per-
ception of elements in the environment within a volume of time and
space, the comprehension of their meaning, and the projection of their
status in the near future” (p. 97). This definition contains three sub-
concepts that are hierarchical in nature. The first is “perception” of the
events, in which individuals are able to accurately recognize the basic
structures of the situation. The second is “comprehension,” in which
individuals use the knowledge gained from “perception” to form an
understanding of the overall current significance of the events and their
relevance to the individuals’ goals. Finally, the third is “projection,” in
which individuals use knowledge gained from “perception” and “com-
prehension” to determine how the current events will shape the near
future (Endsley, 1995). Though this conception of situational awareness
was originally applied to aircraft, Walker et al. (2008) applied it to
driving by defining it as “knowing about the vehicle’s current position
in relation to its destination, the relative positions and behavior of other
vehicles and hazards, and also knowing how these critical variables are
likely to change in the near future” (p. 283).

Loss of situational awareness on the road can lead to insufficient
driver performance, which in turn can lead to a greater potential for
collisions. With regard to L2 vehicles’ effect on situational awareness,
Shen and Neyens (2014) found in an experimental setting that response
times to automation failures were significantly longer in vehicles with
lane-keeping assistance and ACC than in vehicles with only lane-
keeping assistance. In a study also conducted in an experimental set-
ting, Merat and Jamson (2009) found that drivers of vehicles that were
in automated mode had decreased anticipation of lead vehicle decel-
eration compared to those driving vehicles that were in manual mode.
Additionally, Tsai et al. (2007) found that participants performing an
auditory task while driving reduced their scanning range, rearview
mirror, and odometer glances.

Driver distraction may also cause loss of situational awareness. With
the increasing use of L2 automated vehicles, effort should be made to
ensure that increased instances of distraction are minimized, especially
if drivers are performing a non-driving task while in automated mode.
Driver distraction has been defined in a few different ways across the
literature (Regan et al., 2011). Ranney et al. (2000) defined distraction
as “any activity that diverts driver’s attention away from the task of
driving” (p. 1). NHTSA further identifies and defines three different
subtypes of driver distraction (2010). Firstly, there is visual distraction,
or "tasks that require the driver to look away from the roadway to vi-
sually obtain information.” Secondly, there is manual distraction, or
“tasks that require the driver to take a hand off the steering wheel and
manipulate a device.” Finally, there is cognitive distraction, or “tasks
that require the driver to avert their mental attention away from the
driving task.” Note that these three distraction types are not mutually
exclusive. For example, typing a text message requires the driver to look
away from the road, use one or two hands to type the message, and
focus their mental energy on the contents of the message instead of the
road.

One direct effect of driver distraction, and in particular visual dis-
traction, is an increase in the amount of time that drivers spend looking
away from the forward roadway. For example, Olson et al. (2009)
found that, on average, texting was associated with an average of 4.6 s
of eyes off the roadway in a 6-second interval. Other tasks that involved
extended time of eyes off the forward roadway were calculator use
(4.4s), writing (4.2s), reading (4.3 seconds), dialing a cell phone
(3.85), and reaching for an object (2.9 s). The increased eye glance time
off the forward roadway may in turn increase the risk of crashes, par-
ticularly when the time of a glance off the road is greater than 2s in
short intervals, as previous research contends. Olson et al. (2009) found
that driving scenarios with instances of eyes off the forward roadway
for at least 2s in a 6-second interval were 2.93 times more likely to
result in a safety critical event than those with glances less than 2 s off
the forward roadway. Guo et al. (2017) showed that the prevalence and
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impact of distraction varies substantially by age. Klauer et al. (2006)
found that driving instances with total eye glance time off the roadway
of at least 2s in a 6-second interval resulted in an odds ratio of 2.19 of
experiencing a crash or near-crash, compared to baseline instances of
driving.

Previous research has also uncovered deleterious effects of various
types of driver distraction on the risk of crashes while driving. NHTSA
(2016) reported that around 16% of police-reported crashes, 10% of
fatal crashes, and 18% of injury crashes were reported as related to
driver distraction in 2014. Dingus et al. (2016), using the Second
Strategic Highway Research Program Naturalistic Driving Study (SHRP
2 NDS), which tracked over 3500 participants for over 34 million miles
of driving in naturalistic settings, estimated that 68.3% of injury or
property damage crashes involved some form of distraction. Guo (2019)
provides a detailed review on the methodologies for analyzing driver
behavior and driving risk using NDS data.

Because of the potential loss of situational awareness associated
with driver distraction and the performance of non-driving tasks (and
the subsequent potential risks), it is important to understand whether
operating vehicles in L2 mode will potentially increase the frequency
with which drivers perform non-driving tasks. Recent research suggests
that when allowed to operate vehicles with L2 levels of automation (i.e.
ACC and lane centering simultaneously), drivers are more likely to
engage in non-driving tasks (especially risky ones), and make longer
off-road glances. In an experimental setting, Llaneras et al. (2013)
found that more participants performed 13 out of 15 non-driving tasks
during a driving session with ACC and lane-centering active then they
did during a driving session with only ACC active. Further, many of the
tasks that showed the greatest increase in percentage of participants
performing them during ACC and lane-centering active have been
identified as likely to increase crash risk (Dingus et al., 2016; Klauer
et al., 2014; Olson et al., 2009), including texting and e-mailing (42%
participant increase), reading (25% participant increase), other phone
interactions (34% participant increase), and cell phone answering (25%
participant increase). Finally, when participants were operating with
ACC and lane centering active, they made 27% more off-road glances of
greater than 2s than they did when under ACC driving conditions
alone. Note that during this experiment, participants were not provided
with alerts or prompting, and were free to perform non-driving tasks as
they chose.

Although there are concerns with the amount of attention drivers
may pay to the roadway with advanced automated features in use, there
also is evidence that direction from the L2 vehicle, and the manner in
which that direction is presented, may influence the ability of drivers to
recover from a state in which they are not directly engaged in the
driving task. For example, Blanco et al. (2015) found in an experimental
setting that, when engaged in secondary tasks while the vehicle was in
automated mode (with ACC and lane-centering active), 98% of parti-
cipants regained control of the vehicle after an experimentally-imposed
lane drift before the vehicle completely exited the lane if the lane drift
was accompanied by a visual and haptic alert, whereas only 53% did so
if no alert was present. Additionally, in a separate experimental setting
with different participants within Blanco et al. (2015), participants
were found to react to an alert while engaged in non-driving tasks when
L2 automation was active about 4.6 times faster with a visual/haptic
alert (mean = 0.66s) than they did with only a visual alert (mean =
3.04 s). Participants also regained control significantly faster after a
visual/haptic alert than they did after a visual alert only; the difference
was also affected by whether the alert was imminent (a flashing red
light with “take steering” instruction), cautionary (a yellow light with
“take steering” instruction), or staged (a cautionary alert that shifted to
an imminent alert after 10 s). These results suggest that manufacturers
of L2 vehicles can potentially affect and improve driver performance in
L2 vehicles if the automation is turned on and provides suitable di-
rection when participants are engaged in secondary tasks.

This study focuses on the effect of an active warning system on
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driver behavior in an L2 automated vehicle in an experimental setting.
Specifically, we investigated at least 2 s of inattention that drivers ex-
perienced while performing secondary tasks during 10-minute intervals
of operating an L2 vehicle, and whether or not the number of instances
of inattention changed over time.

2. Methods

A single, long exposure experiment was conducted in which parti-
cipants operated an L2 vehicle on a test track with simulated highway
driving conditions for three 60-minute sessions. The vehicles were op-
erated with adaptive cruise control (ACC) and lane centering active.
Participants were divided into three groups: those who received
prompts from a warning system after 2s of inattention (the 2-second
group), those who received prompts after 7s of inattention (the 7-
second group), and those who never received prompts (the no-prompt
group). For the purposes of this study, inattention refers to attention
off-road. The prompting system alerted participants when their atten-
tion was off road for 2s, 7, or did not alert at all, depending on the
group.

2.1. Experimental setup

This study uses data from an experiment performed as part of the
NHTSA sponsored, “Human Factors Evaluation of Level 2 and Level 3
Driving Concepts” (Blanco et al., 2015), conducted by the Virginia Tech
Transportation Institute (VTTI). The purpose of that study was to in-
vestigate the ways in which drivers interact with and respond to L2 and
L3 automated vehicles. This paper used the data from one of the ex-
periment (Experiment 2), in which the objective was to measure how
drivers in an L2 vehicle in mixed-traffic conditions responded to at-
tention-state prompts, and how this response changed over time (if at
all). Participants received the prompts after a certain amount of time of
inattention. This paper focuses on the frequency of prompts as a sur-
rogate for the frequency of instances of inattention.

The experiment was conducted at General Motor’s Milford Proving
Ground circle track in Milford, Michigan. The experiment was con-
ducted in Lane 2, which allowed speeds between 48 and 80 kph (30 and
50 mph). The circle track has been used in previous studies on auto-
mated driving to simulate freeway conditions.

A 2010 model year Cadillac SRX equipped with a prototype L2
automated driving system was used as the experimental vehicle. As part
of the automated driving system, several human machine interface
(HMI) components were installed. These included an instrument panel
binnacle-mounted screen providing information on the automated
driving system, and two steering wheel buttons to control the auto-
mation: one ACC button and one button for the lane-centering system.

Because non-driving tasks in particular are likely to lead to extreme
instances of inattention, participants were given tasks of this nature to
perform during the experiment. These tasks included navigation, email,
and web browsing. A total of up to 90 different non-driving tasks, 30 in
each category, were completed. These tasks were similar in terms of the
visual/manual demand required and they were presented in a random
order. All participants received all different types of tasks at one point
or another so that one type of task would not cluster together in time.
All tasks were performed using a tablet computer, which was equipped
with a standard QWERTY touchscreen keyboard. Each task was typed
on a notecard. The pace of these tasks was not forced but at the par-
ticipants’ leisure. Once a task was completed, the experimenter would
provide a new task 30-60s later. Each task was repeated the same
number of times and the tasks were presented in a random order.
Details of each general type of task are given below.

e Navigation. The navigation tasks required the participant to open an
application on the device, choose the new destination option, and
enter the address provided on the notecard in a printed number-
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street-city-state format.

o Email. The email tasks required the participant to compose an email
using the tablet.

e Web browsing. The web-browsing tasks required the participant to
open the web browser on the tablet. Participants were asked to
determine the answer to a specific question or task that required
searching or interacting with the internet.

Prior to proceeding to the test vehicle, participants were provided
with the tablet. They were given a brief introduction to the types of
tasks they would be performing, and were allowed time for any ques-
tions and to practice one of each of the different types of tasks, if
needed. Participants were then provided with a static orientation to the
experimental vehicle, which included basic controls and the L2 auto-
mation features. Following this, participants received an on-track or-
ientation consisting of four laps on the test track. During this training,
participants were instructed on the tasks they needed to perform but
were not given an explanation of the levels of automation.

The purpose of this on-track orientation was to allow participants to
acclimate to the vehicle and the test-track environment. Participants
were asked to drive to the circle track entrance, enter the second travel
lane, and maintain a speed of 50 mph (80kph). The first lap was
completed under manual driving. During the second lap, ACC was ac-
tivated, which allowed participants to release longitudinal control to
the automated system while they maintained lateral control of the ve-
hicle. The third and fourth laps were completed using the L2 automa-
tion (ACC plus lane centering), which allowed participants to release
both longitudinal and lateral control of the vehicle. Using a proprietary
algorithm detection method, the system tracked and alerted partici-
pants when they had reached a certain amount of time of inattention
(after 2s or 7 s, depending on the group participants were assigned to,
as described below). For this paper, only valid prompts (as defined by
the researchers) were included in the analysis. After completing the on-
track orientation, participants were provided with additional instruc-
tions pertaining to the experimental session and were given the op-
portunity to ask any additional questions. Experimenters followed a set
script and protocol in order to ensure consistency between experi-
menters.

2.2. Participants

Participants in Experiment 2 were divided into three groups: those
who received prompts after 2s of inattention, those who received
prompts after 7 s of inattention, and those who did not receive prompts
at all. There were 16 participants in each of the three groups. However,
because this study used prompts to indicate instances of inattention
longer than 2s, only those experiment participants who received
prompts were used. Additionally, since Klauer et al. (2006, 2010)
identified 2 s as a potential point at which inattention can lead to safety
critical event risk, it was of interest in this study to identify how often
2s instances of inattention occur. Therefore, the sample used in this
study was further reduced to only the 2s prompt group. In this group,
the prompts began after 2 s of inattention, when a flashing yellow light
would occur. If the participant did not react within 5s, the light would
change to red and be accompanied by both a haptic and an audio alert
for another 5s. Of the 16 participants included in this study, there were
nine females (mean age = 37.8 years, S.D. = 14.8 years) and seven
males (mean age = 40.6 years, S.D. = 17.5 years).

2.3. Experimental time intervals

The experiment was conducted in three 60-minute driving sessions
with a 15-minute rest period between sessions, for a total of 180 min
driving time. Participants activated L2 automation (lane-centering and
ACC), and completed laps around the test track.

After every 10 min of the driving, participants (while continuing to
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Fig. 1. Plot of Participants’ Data Availability throughout the Experiment.

drive) rated their level of trust in the system according to a 7-point
Likert-type scale (strongly disagree to strongly agree that they trusted
the system). Because of this intervention, the total number of prompts
was counted within these 10-minute intervals.

There were a total of 18 10-minute intervals in the experiment for
each participant. In some time intervals, the data are not valid because
of data recording issues. In these instances, data was excluded from the
subsequent analysis. Fig. 1 displays the intervals with used data. A blue
circle indicates that data are available for the participant at the specific
time interval.

Because the prompts were designed to go off after 2 s of inattention,
the total number of prompts can be used as a pseudo variable for the
total number of instances of inattention that lasted at least 2s.
Naturally, it is desirable that the total amount of these instances be as
low as possible. To ask whether or not drivers adapt to this system in a
beneficial way, therefore, is to ask whether or not the number of these
instances decreases as participants have more experience with the
system. This question, in principle, can be addressed within the current
study by modeling the total count of prompts as a function of time. If
there is a significant decreasing trend in total prompts over time, for
example, then this may provide evidence that drivers will adapt fa-
vorably to the prompting system by decreasing the number of instances
of extreme inattention. This study applied this approach to the data
described above to determine if there is evidence of such a trend.

In the event of a significant decrease in prompts over time, the
question arises as to whether the decrease might be due to an overall
decrease in inattention, or an increase in the length of time that
prompts last due to participants failing to respond to them. To address
this question, the analysis of prompt frequency was followed up with an
analysis on the amount of time (in seconds) that participants took to
react to the prompt. This analysis was also intended to detect any sig-
nificant time trend. Because determining prompt reaction time required
data reduction, one prompt per 10-minute interval per participant was
sampled for this analysis. “A stratified random sampling method was
used to sample one prompt randomly within each 10-minute interval.
Reductionists examined video of the sampled prompts to determine
how quickly the participants reacted after the first onset of the prompt.

Reaction time was defined as the total time (in seconds) from the onset
of the prompt to the first action that could be considered a reaction (i.e.
looking forward, reaching for the steering wheel, etc.).

3. Models
3.1. Prompt frequency

A generalized linear mixed model for count data was used to model
the change in the total number of instances of inattention per 10-minute
interval in the study. A negative-binomial regression model with
random driver terms was used due to evidence of overdispersion, a
phenomenon where the observed variability in the data is greater than
that which is predicted by the standard Poisson model for count data,
which assumes that the mean is equal to the variance. As described in
Stroup (2012), the negative binomial regression model assumes that the
marginal distribution of the dependent variable (in this case, the total
prompt count) follows a negative binomial, with an expected value

EY) =pu

The negative binomial regression model, then, models the mean, p,
as a function of the covariates. The model used involves terms that
allow both for a possible increase/decrease in the amount of prompts,
and curvature to evaluate the temporal profile of increase/decrease in
prompts. Specifically, the linear predictor for this model is
log(uy) = By + By * T + B, * T? + B3 * Gender; +6, * Age; + a, a
where log(u;) is the natural log of the expected total count of prompts
(and therefore, instances of inattention lasting 2s) at the i time in-
terval for the j* participant; 3, is an intercept term, representing the
first time interval; B, is regression coefficient for time trend; T; is a
variable for the i" time interval (0:17); B, evaluates if there is the time
trend is quadratic; 8, and 8, are coefficients for gender and age vari-
ables, which were included as covariates to adjust for possible effects of
these variables; and «; is a random effect term that incorporates the
correlations among observations from the same participant, and we
assume
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a; ~ N(O, 0.

Of particular interest from this model are the coefficients 8, and 3,,
which jointly provide the time-interval component of the model.

Note that this is conditional on the participant-specific intercept, or
the amount of prompts participants received in the first time interval, as
well as the individual specific covariate levels (age and gender).

3.2. Reaction time to prompts

The model for the reaction time to the prompt is a linear mixed
effect regression model with the reaction times were log-transformed.
The model is expressed as

log(RTy) = By + B, * T + B, * T + PB; * Gender; +B,* Age; + a, + g

where RTj is the reaction time to the prompt for the i™ participant in the
j® time interval,

&N (0, of)

and everything else is as before.

4. Results
4.1. Prompt frequency over Time

The mean amount of prompts during the first 10-minute time in-
terval was 29.9 prompts (S.D. = 21.2,). The mean amount of prompts
got down to 18.1 prompts during the 11" time interval (S.D. = 11.4)).
Boxplots of prompt frequency in each time interval are displayed in
Fig. 2. The box plot provides the mean, median, 25™ and 75% percen-
tile. The whiskers lines represent the maximum/minimum or 1.5 time
the Interquartile range in the presence of outliers. We added a line
linking the means of each time interval. As can be seen from the plot,
there is a general trend of decreasing number of prompts over time. The
frequency reached the lowest point about time interval #10 and re-
bounded. The frequency never go back to the initial period though.

Model estimates are displayed in Table 1. Note that these are esti-
mates of the parameters of the linear predictor on the log count scale
and should be interpreted accordingly. The output indicates a statisti-
cally significant change over time. A decreasing linear trend (“Linear
Time Trend” =-0.0713) and positive quadratic trend (“Quatritic Time
Trend” = 0.003). This indicates that, in general, the amount of prompts
decreased with overtime and the rate of decrease is not linear. The most
distinct pattern is the quick decrease at the initial phase. The rate of
decrease definitely slow down after time interval 5 and level off after
time interval 10. The difference after time interval 10 is relatively
small. This suggests that participants would adjust their behavior to
adapt to the system. This adaptive effect is more pronounced at the

100

Total Amount of Prompts

0 1 2 3 4 5 6 7 8 9
Time Interval

10 11 12 13 14 15 16 17

Fig. 2. Boxplots of prompt frequency by time interval.
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initial phase of exposure to the system.”

In the above model, the respective linear and quadratic time trend
coefficients of -0.07 and 0.003 taken together indicate evidence of a
decreasing trend in the number of prompts that levels out.

This model can be back-transformed to represent a mean change in
prompts over time in the experiment. This equation can be represented
in the following formula:

e399—.07*’1’i+,003*Ti2+gj

where Q; = (;S’A3 * Gender; +[§ 4" Age + dj) is the subject-specific term,
including age and gender effects, and predicted random effect ;. It is
important to understand that the above equation is a conditional mean
of the change over time, given a participant’s individual-specific
starting point, which is represented by the random intercept term, and
individual-specific age and gender.

In general, the results derived from generalized linear models are
subject to strong influence from extreme values, in particular when the
number of subjects is small. As such, a sensitivity analysis was per-
formed where the same model was run with each participant removed,
in turn. The purpose of this analysis was to investigate whether the
overall results are sensitive to the removal of any one participant. If the
overall trend changes dramatically with the removal of one participant,
it may suggest that the trend found in the results is driven by that one
participant. Fig. 3 plots each mean equation of mean prompt over time
with one participant removed (gray lines), along with the equation with
all participants (the bold dash line). While results show certain degree
of variation, the overall pattern is consistent across all fitted curves i.e.
rapid decrease in the initial phase and level off at later stage.

4.2. Significant change of prompt frequency over time

One key question of interest is which time periods contain a sta-
tistically significant change in the number of prompts. Such change will
provide information on whether and when drivers would adapt to the
prompt system. For this purpose, we use the estimated derivative of the
function for the linear predictor with respect to the time interval in Eq.
(1). The estimated derivative with respect to time at the i time interval
is expressed as

b - dlog(u;)

= ShTEAE

The D; is the estimated derivative of the logarithm of the expected
number of prompts with respect to time. The number of prompts is not
change around time T; if D; equals zero. Therefore, D; can be used to test
whether there is a significant change in the frequency of prompt at T;.
Note that terms in Eq. (1) that are unrelated to the time interval equal
to zero when taken derivative with respect to T;. Therefore, the esti-
mated change in the linear predictor as a function of the time interval is
the same for all participants within all age groups and genders.
Inference on the derivative requires computing the 95" percent
confidence interval for the estimated derivative. This requires calcu-
lating the standard error for the derivative at each time interval, and
the standard error in turn requires the estimated variance. The esti-
mated variance of the derivative at any time interval Tj; is calculated as

var(D;) = o2 + 2*T*

55 2 2% 52 2
b Ohpy 47T *a,éz

where a;%
1
and 6 g, is the estimated covariance of 8, and §,.
The standard error SE; for the derivative is calculated by taking the
square root of the variance var(D;). The confidence interval is calcu-
lated by implementing the following formula

and 6'/% are the estimated variance of Bl and [@2 respectively,
2

CI = (D; — 1.96*SE;, D; + 1.96*SE;)

If the confidence interval for the derivative at a time interval does
not contain 0, then the number of prompts is considered to be changing
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Table 1
Parameter Estimates for Statistical Model for Prompt Frequency.

Accident Analysis and Prevention 128 (2019) 132-138

Effect Estimate S.E. T-Value P-Value Lower Confidence Limit Upper Confidence Limit
Intercept 3.987 0.190 20.95 <.0001 3.568 4.406
Linear Time Trend -0.0713 0.024 -3.03 0.0028 —-0.118 —0.025
Quadratic Time Trend 0.003 0.001 2.03 0.0442 0.0001 0.0055
Age: 18-24 0.131 0.221 0.59 0.5548 —0.305 0.566
Age: 25-39 —0.605 0.224 —-2.70 0.0076 —1.048 —0.163
Age: 40-54 0.014 0.223 0.06 0.9508 —0.426 0.454
Age: 55+ 0 . . . . .
Gender: Female —-0.337 0.172 —-1.96 0.0515 —-0.676 0.002
Gender: Male 0
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Fig. 3. Predicted conditional mean of prompt change over time, black bold
dash line includes all participants, each grey line represents the results after
removing one participant.

at a statistically significant level at that time interval.
Using the estimated coefficients given in Table 1, the estimated
derivative of the linear predictor with respect to time interval is

D; = —0.0713 + 2* T;*0.003
The variances/covariance of ﬁl and 52 are provided in Table 2.
This leads to the variance estimate at a particular time interval as

var (D) = 5.53%107* + 4*T*(—3.0¥1075) + 4*T;2¥1.92¥106

Fig. 4 shows the estimated derivative and 95 percent confidence
interval. Prior to the 9™ time interval, the confidence interval is com-
pletely below 0, indicating a significant decrease. After that, the con-
fidence interval contains 0, indicating no statistically significant
change. Solving numerically, the time point at which the derivative
loses its statistical significance is around 8.8. The interpretation is that
before 8.8, the number of prompts is decreasing at a statistically sig-
nificant level, and after 8.8, the number of prompts is not changing at a
statistically significant level.

4.3. Reaction time to prompts

The mean time to react was 2.7 s (S.D. = 2.78s). The model results
were not statistically significant for change in the log of time to react

Table 2
Variance Estimates for Time Interval Coefficients.
Variance Parameter Estimate
A 10—
o2 5.53%1074
Al
52 1.92%107¢
B2
Shbs -3.0%107°

Time Interval

Fig. 4. Estimated Derivative of Linear Predictor with Respect to Time Interval,
with Pointwise 95 Percent Confidence Interval.

over the course of the study. Model estimates are displayed in Table 3.

5. Summary and conclusion

The study performed sought to determine if there was a change in
the number of instances of driver inattention/distraction over time
when drivers were operating an L2 automated vehicle in an experi-
mental setting. In this study, the number of prompts that participants
received in a previous NHTSA study was used as a surrogate for in-
attention, as the system used for the experiment from which the study
drew data was designed to provide a prompt after 2 s of inattention. The
results found that, when the total number of prompts was examined
after 10-minute intervals, the number of prompts the participants re-
ceived followed a temporarily decreasing trend over time and level off
at some point. Additionally, the study found no significant increase in
the time to react to the prompts over the course of the experiment,
suggesting that the decrease in prompt frequency may not be due to a
general decease in the participants’ ability to respond to the prompts.
The small sample size of participants (n = 16) raises the question of
whether or not the lack of a significant trend in reaction time is due to a
lack of data to detect a significant trend. Future studies may need larger
sample sizes to rule out this possibility.

The results of this study may suggest that drivers in an L2 vehicle
who are prompted to return focus to the road after instances of at least
2 s of inattention may experience an overall change in driving behavior
as their experience with such a system increases. Specifically, the re-
sults suggest that drivers will adapt to the warning system of L2 vehicles
and alter their behavior to avoid the warning trigger. This suggests a
potential benefit in a prompting system for L2 vehicles in helping to
reduce the extended roadway inattention that could potentially ac-
company the increase in usage of L2 vehicles. This research cannot
conclusively rule out other explanations of decreased inattention, such
as the possibility drivers may have decreased inattention because of
increased familiarity to the non-driving tasks over time (thus plausibly
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Table 3
Parameter Estimates for Statistical Model for Time to React to Prompt.

Accident Analysis and Prevention 128 (2019) 132-138

Effect Estimate Standard Error T-Value P-Value Lower Confidence Limit Upper Confidence Limit
Intercept 0.1881 0.4640 0.41 0.6899 —0.7863 1.1625

Linear Time Trend 0.008221 0.05048 0.16 0.8708 —0.09123 0.1077

Quadratic Time Trend 0.000386 0.002646 0.15 0.8841 —0.00483 0.005598

Age: 18-24 —0.2312 0.5314 -0.43 0.6711 —1.3859 0.9236

Age: 25-39 0.1617 0.5104 0.32 0.7566 —0.9464 1.2699

Age: 40-54 —0.2581 0.5303 —0.49 0.6351 —1.4113 0.8951

Age: 55+ 0 . . . . .

Gender: Female 0.2616 0.4030 0.65 0.5285 —0.6168 1.1400

Gender: Male 0

lowering time to complete the tasks). However, the results do present
evidence that is consistent with behavioral adaptation, warranting
further investigation into systems like these for behavioral modifica-
tion.

There were several limitations to this study. Because the partici-
pants were given secondary tasks to perform, they were not in a posi-
tion to operate the L2 vehicle as they might naturally, making it diffi-
cult to generalize the results. The results should be interpreted within
the context of drivers potentially performing non-driving tasks while
operating increasingly-automated vehicles. A second limitation is that
this study does not account for instances of inattention, if any, that the
prompt system did not pick up. It is at this point unknown how many
such instances, if any, occurred, nor if there was any time trend in these
instances that skewed the results. Finally, comparison to baseline
(participants without prompts) is theoretically impractical. The re-
sponse variable in this study was instances of inattention lasting at least
2s. Without a prompting system to interrupt these instances, drivers
may have fewer instances of inattention that nevertheless last longer,
thereby resulting in more total inattentive time.

This study provides evidence that over time, a prompting system
within an L2 automated vehicle can help in reducing the number of
instances of driver distraction/inattention that last at least 2's in cases
where drivers are engaged in non-driving tasks. Although there may be
more instances of these non-driving tasks when drivers are operating
vehicles with increased automation of driving tasks, prompting systems
may help restore attention to the driving environment before there is a
significant increase in the risk of a serious event.
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