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A B S T R A C T   

Driver distraction by smartphone use is a major contributor in traffic accidents. Context-sensitive driver (in) 
attention monitoring and warning systems might mitigate the associated risks. However, few naturalistic studies 
are yet available on the effects of such systems. In this paper, utility of context-sensitivity in inattention moni
toring was studied by a smartphone-based context-sensitive distraction warning system. The warnings were 
based on driver’s phone use and the attentional demands of the upcoming traffic environment. The system’s 
effects on 26 heavy smartphone users’ phone usage and acceptance were analyzed after a within-subject natu
ralistic study with 12 weeks of control (warnings off) and 12 weeks of interventions (warnings on). The system 
decreased odds that the drivers would touch their smartphones in reminder areas that were defined a priori as 
high demanding for attention. Against expectations, the system had no effect in urban road environments. The 
drivers reported that they had paid more attention to traffic because of the system and that the warnings were 
acceptable and useful, even if annoying. Similar systems’ safety effects should be further studied. No eye-tracking 
or driving performance measures were collected and thereby it is questionable if there was a true positive effect 
on participants’ attention. However, the findings suggest that (in)attention warning systems might benefit from 
adaptation of the warnings to the upcoming driving demands. The findings can be utilized for the development of 
proactive and context-sensitive (in)attention monitoring and distraction mitigation systems.   

1. Introduction 

Driver monitoring systems (DMS) are developed and utilized to 
detect a driver’s state in terms of drowsiness, emotions, inattention, and 
distraction, which is influenced by different factors, such as phone 
usage. The purpose of DMS is to observe the driver’s status in real time 
and provide necessary assistance and alerts (Khan and Lee, 2019). 
Driver (in)attention monitoring systems, in particular, are meant to 
detect driver inattention and warn the driver to pay attention to the 
forward roadway. However, current commercial attention monitoring 
systems do not utilize contextual information to an extent that could be 
useful for the valid and reliable classification of the driver as attentive or 
inattentive based on the variable attentional demands of the driving task 
(Anon., AAA, 2022; Ahlström et al, 2021). 

In general, three main types of data input are used to recognize a 
driver’s state (Ahlström et al., 2021; Tran et al., 2018; McDonald et al., 
2020): physiological data, vehicle control data, and visual data. 

Physiological data are obtained from the driver’s body using electrodes 
to measure the driver’s attentiveness (Khan and Lee, 2019). Vehicle 
control data are used to observe driving patterns and detect declines in 
driving performance (Ramzan et al., 2019; Wang et al., 2022). Systems 
based on vehicle control data are trained to recognize, for instance, 
potential forward collisions (Iranmanesh et al., 2018), distracted, 
drowsy, or drunk driving (Shahverdy et al., 2020), or hands removed 
from the steering wheel (AAA, 2022). Visual data are obtained using 
images or videos to recognize the driver’s facial expressions and eye and 
body movements (Tran et al., 2018). Typically, computer vision 
methods are utilized for detecting these behaviors (Shahverdy et al., 
2020). 

Besides drowsiness, visual data are used to detect driver distraction 
based on gaze direction estimates and derived gaze/head direction 
(Ahlstrom et al., 2013; Herbers et al., 2023). Eyes off the road is perhaps 
the most used metric to determine whether a driver is distracted (Halin 
et al., 2021). However, only foveal vision can be measured with these 

* Corresponding author at: Mattilanniemi 2, 40014 University of Jyväskylä, Finland. 
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techniques, not peripheral vision (Ahlström et al., 2021). Furthermore, 
the first gaze-based DMS labeled drivers inattentive or distracted as soon 
as the driver’s gaze was directed away from the forward roadway 
(Ahlström et al., 2021). As this is quite a strict approach because of spare 
visual capacity in driving (Kujala et al., 2023), later attention moni
toring systems have adopted an approach that allows drivers to gaze 
shortly away from the forward roadway, with the common threshold 
being 2 s (Ahlström et al., 2021; 2013; AAM, 2006; Klauer et al., 2006; 
NHTSA, 2013). 

However, current commercial driver attention monitoring tech
niques or systems (Anon., AAA, 2022; Fredriksson et al., 2021) do not 
utilize contextual information, such as traffic density, weather, and type 
of situation ahead (e.g., straight road or a junction), from the dynamic 
context in which driving happens. The attentional demands of driving 
vary depending on context, and therefore, the spare attentional capacity 
varies too (Kujala et al., 2023). For instance, 2 s of glance time off for
ward can be too strict, too allowing, or even necessary (e.g., to glance at 
mirrors), depending on the situational demand (e.g., Ahlström et al., 
2013; Han et al., 2023). A recent study by Han et al. (2023) suggested 
that different distraction alert timer settings are required for different 
roads based on their geometric characteristics. Accordingly, Ahlström 
et al. (2021) suggested that driver attention monitoring systems should 
also consider the situational context. As a solution, they introduced an 
algorithm called AttenD2.0, which incorporates a level of context de
pendency. The algorithm uses both eye-tracking data and a model of the 
surrounding environment to classify the driver as attentive or inatten
tive. At present, the AttenD2.0 algorithm has been purely theoretical 
and has been studied so far only in well-controlled experimental con
ditions (Ahlström et al., 2021). The difficulties in implementing a 
real-world version of AttenD2.0 are related to the need for a computa
tionally expensive world model that is also challenging to create. 

The lack of context dependency can affect how driver attention 
monitoring systems are accepted and, therefore, their effectiveness. 
According to Lubkowski et al. (2021), drivers may find the driver state 
monitoring system confusing and may not necessarily understand why 
the system gives alerts, or they may feel that the system is not measuring 
what matters. Strand et al. (2011) found that drivers have problems 
understanding what activates the driver state monitoring system and 
that it is even turned off if the alerts are not understood. Additionally, 
the false alarms of monitoring systems diminish trust, compliance, and 
acceptance (Lees and Lee, 2007; Roberts et al., 2012). 

In response to these challenges, Kujala et al. (2016) designed and 
tested a context-sensitive distraction warning application (VisGuard: 
“Vision Guard”) that ran in the background on a driver’s smartphone 
and tracked the driver’s gaze and location. The results of a track study 
suggested that while warnings based on in-car glance duration were 
found to be ineffective in decreasing glance durations, location-based 
warnings based on upcoming demanding driving situations seemed to 
increase drivers’ glance time on the road. The warnings were also found 
to be acceptable to the participants. However, whether the findings of 
this track study can be generalized to longer-term daily driving in real 
traffic is questionable. 

In this research, the effects of a smartphone-based context-sensitive 
distraction warning system (VisGuard 2.0) are studied in a controlled 
naturalistic study involving 26 drivers for the duration of six months 
(three months: control, three months: intervention). The main purpose is 
to study the utility of context sensitivity in driver (in)attention moni
toring systems to mitigate driver distraction caused by smartphone use. 
The system was context sensitive in that its display of visual reminders 
and auditory warnings on smartphone use was based on where the 
driver was located on map data. The driver was visually reminded about 
phone usage in areas defined as attentionally high demanding (e.g., 
when approaching an intersection) and they were auditorily warned if 
there was continued use within these areas. Even if not as sophisticated, 
this level of context dependency is computationally much simpler than 
that of the world model that would be required for an efficient 

AttenD2.0 implementation (Ahlström et al., 2021). 
As a general effect, it was expected that the system would decrease 

the number of touches on the smartphone in areas with high attentional 
demands, where reminders and warnings were provided (cf. Kujala 
et al., 2016). Studies by Caird et al. (2008) and Wang et al. (2024) 
indicated that in-vehicle visual warning signs can facilitate drivers’ 
attentiveness when approaching intersections. The density of in
tersections and crosswalks and, therefore, the density of areas with high 
attentional demands are much more intense in urban than in other road 
environments (especially on highways or rural roads). Therefore, it was 
expected that the drivers would reduce their phone use the most in these 
areas on urban roads. Finally, a possible effect could be an overall 
decrease in smartphone usage while driving. Based on these expected 
effects, the following hypotheses were proposed: 

• H1. The system reduces smartphone touches in areas of high atten
tional demands (i.e., reminder areas).  

• H2. The system reduces smartphone touches the most in reminder 
areas on urban roads compared to other road environments.  

• H3. The system decreases smartphone usage while driving. 

A negative outcome would be an increase in phone usage while 
driving because of a possibly false sense of security provided by the 
system. Further, it was expected that the drivers would understand the 
reminders and warnings, and that they would experience these as 
acceptable and useful. 

2. VisGuard 2.0 

The broader design principles behind the context-sensitive VisGuard 
2.0 distraction warning system were based on naturalistic studies indi
cating an association between drivers’ phone use and safety-critical 
events in traffic (Bálint et al., 2020; Klauer et al., 2014), occlusion 
studies indicating that the attentional demands of driving vary by 
driving context (Kujala et al., 2023), drivers’ general requirements and 
abilities to be able to stop their cars in time before crashing into other 
road users (American Association of State Highway and Transportation 
Officials [AASHTO], 2011), proactive instead of reactive warnings 
(Kujala et al., 2016), and the utilization of multimodal warnings instead 
of warnings relying on the use of focal vision (e.g., Wang et al., 2022). 
The general aim of the system design was to promote safer driving by 
monitoring the driver’s phone use and reminding a multitasking driver 
to be attentive when necessary, based on the detection of attentionally 
high-demanding areas ahead. These are areas where there is a high 
probability of another road user intersecting the driver’s trajectory, and 
where the driver should visually observe whether crossing the area is 
safe before entering it. In the current implementation, intersections, 
junctions, roundabouts, crosswalks, and railroad crossings were chosen 
as such areas based on the ease of recognition of these locations from 
map data. The idea was to remind the driver to be attentive, not based on 
the detection of objects but based on the increased probability of an 
object crossing the driver’s trajectory in these locations ahead. 

2.1. Technical implementation 

The VisGuard 2.0 prototype consisted of three parts:  

1. A smartphone (Samsung Galaxy XCover3) was attached rigidly to the 
dashboard of the participant’s car in such a position that it would be 
in the line of sight whenever the driver was looking forward without 
blocking the driver’s view (Fig. 1). Whenever motion of the car was 
detected, this dashboard phone measured the location of the car at 1 
s intervals based on the global positioning system (GPS) signal. At 
every GPS fix, the phone’s software calculated its location and di
rection on the road network, and the distance to the next intersec
tion, junction, roundabout, crosswalk, or railroad crossing (i.e., area 
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of high attentional demand) based on Open Street Map 
(https://www.openstreetmap.org/) data that was stored on the 
phone. Based on velocity information, the dashboard phone then 
estimated whether the car was approaching an area of high atten
tional demand and, if needed, showed a visual reminder on its 
display or gave an auditory warning (Figs. 1 and 2). The dashboard 
phone collected and stored the GPS, acceleration and the partici
pant’s phone usage data, for later upload to the backend. 

2. A tailored background application was installed on each partici
pant’s personal smartphone, and it monitored touches on the phone’s 
touchscreen in the background. The phone was automatically con
nected by Wi-Fi to the dashboard phone. Whenever the keylock state 
changed (open or locked) or a touch was registered, the phone sent a 
message to the dashboard phone with information about the appli
cation that was used. The dashboard phone also recorded a photo of 
the forward roadway on each touch on a participant’s smartphone.  

3. Data from the dashboard phone were uploaded to a backend system. 
As the positioning software required high real-time performance, 
data were not uploaded when the car was in motion but only after it 
had been stationary for a predefined period. 

2.2. Reminder area definition 

The function of the VisGuard 2.0 software was simple in princi
ple—to determine, at any given moment, whether the driver could safely 
come to a full stop, if needed, before the next area of high attentional 
demand in the map data (i.e., intersection, junction, roundabout, 
crosswalk, or railroad crossing). These are areas where there is a high 
demand to observe whether there are other road users who could come 
into the driver’s trajectory and, in the worst-case scenario, before which 
the driver should be able to stop the car. The intervention to the driver’s 
attentiveness by the system was intended to happen before there was an 
urgent need to react to an object ahead. There were two parameters in 
the associated calculation:  

1. Brake reaction time (BRT): This refers to how long it takes for the 
driver to initiate braking. This was assumed to be 1 s after Summala 
(2000).  

2. Braking distance (BD): This refers to how long it takes for the car to 
come to a full stop with a deceleration rate of a. From basic physics, 
we know that the stopping distance of an object from an initial ve
locity of v and a deceleration rate a equals 0.5*v2/a (where v is in m/s 
and a is in m/s2); that is, BD = 0.5*v2/a. According to Anon. AASHTO 

Fig. 1. Typical arrangement of the dashboard phone and the visual reminder. The exact position depended on the car and the height of the driver; the target was to 
find a central location that did not interfere with the driver’s line of sight but was still visible to the driver, and where nothing blocked the view of the rear camera. 

Fig. 2. Illustration of the reminder area’s definition, a reminder, and a warning in the case of a crosswalk.  
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(2011), approximately 90 % of all drivers decelerate at rates greater 
than 3.4 m/s2 when confronted with the need to stop because of an 
unexpected object in the roadway. Drivers can still maintain the 
maneuverability of the car under this acceleration. Therefore, 3.4 
m/s2 was used for a. 

The distance the car then travels before halting is 

D = BRT∗v + BD (1)  

or, in our case, D = v + 0.5*v2/3.4. Distance D was used to define the 
length of a reminder area until the area of high attentional demand in 
the map data. If the distance to the next area of high attentional demand 
was smaller than this, the driver was considered to be inside an area in 
which any distraction was considered risky. Based on the BD, the length 
of this reminder area was dependent on the speed of the car. Some 
technical corrections to this basic algorithm had to be made to account 
for the 1 s sampling rate of the GPS, but fundamentally, the equation 
above was used. The accuracy of the timing of the reminders on the 
dashboard phone was confirmed with various speeds (20–100 km/h), an 
in-car video camera, and sticks on the roadside at an intersection on an 
unused road. 

2.3. Functionality – reminder vs. warning 

What happened in a reminder area depended on the driver’s phone 
use. There were two types of possible actions by the dashboard phone 
(Fig. 2): reminder and warning.  

1. A reminder (static visual alert only, Fig. 1) was given if the keylock in 
the driver’s phone was open while driving within a reminder area, 
but the driver did not touch their smartphone – which still indicated 
possible intention of use. The visual reminder was meant to be 
perceivable by peripheral vision in the normal visual field of the 
driver (Fig. 1) and to serve as a reminder that the driver is in an area 
where smartphone use might distract them from observing critical 
road events ahead.  

2. A warning (the reminder icon blinking twice, accompanied by a loud 
female voice saying “attention!” in Finnish [“huomio!”]) was given 
for each touch on the driver’s smartphone within a reminder area. 
The animated icon and voice warning were meant to stop the driver 
from interacting with the phone if the driver continued using the 
phone, regardless of the visual reminder. 

The visual reminder icon was designed and located in such a way 
that it could be detected by peripheral vision but that it would not draw 
the driver’s attention when the purpose was to direct the driver’s gaze 
toward the forward roadway. In the previous version of VisGuard, the 
icon was displayed on the driver’s phone (Kujala et al., 2016). Again, 
this could have drawn the driver’s attention to the phone instead of 
directing it toward the road. In addition, an icon blocking the use of the 
phone would have been an unwanted confounding variable. The 
blinking warning icon, together with the auditory warning, was meant 
to support multimodal correspondence, that is, the integration of 
spatially and temporally equivalent warning information that does not 
require the use of focal vision for detection (Spence, 2011). A schematic 
of the working principles of the reminders and warnings is provided in 
Fig. 2. 

3. Methods 

3.1. Participants 

The participants were recruited via social media and newspaper 
advertisements. Over 200 applications were received. Based on the pool 
of applicants, the best attempt was made for a balanced sample of males 

and females, as well as a wide range of ages. The aim was to recruit a 
representative random sample from the target population, but drivers 
who reported driving in both urban and rural areas were favored in 
order to have a representative sample for testing H2. A sample of 32 
volunteers was initially selected based on multiple criteria, including 
how much they reported driving per year. All of the recruited partici
pants were Finnish drivers who reported driving almost daily and using 
their smartphones frequently and regularly while driving. The partici
pants had to have insured cars and Android-based smartphones in use 
for the study period. 

There were technical issues with the data collection with some par
ticipants’ smartphones (e.g., application freezing, security updates, or 
disabled Wi-Fi connectivity), resulting in fewer days of data collection 
than expected, but the number of recorded locations and the number of 
touches on the smartphone were considered sufficient for 26 partici
pants to enable reliable analyses (see Descriptive statistics). This final 
sample of 26 participants was composed of 18 male and 8 female par
ticipants with a mean age of 39 years (SD = 11.8, range: 18–64). Their 
self-reported driving experiences varied from 10,000 to 65,000 km (M =
28,522, SD = 14,491 km). 

This research complied with the tenets of the Declaration of Helsinki 
and was approved by the Institutional Review Board at the University of 
Jyväskylä. Informed consent was obtained from each participant. The 
participants were allowed to withdraw from the study at any point. They 
were rewarded with the dashboard smartphone, its holder, and the car 
charger used in the experiment (approximately worth of 180 EUR in 
total as new). 

3.2. Experimental design 

The experimental design was a within-subject experiment with the 
experimental condition as an independent variable (IV) with two levels 
(control vs. experiment, i.e., intervention by the distraction warning 
system). The control phase preceded the experiment phase, and both 
lasted for 12 calendar weeks. The order of the conditions was not 
counterbalanced, as the purpose was to first measure the drivers’ normal 
behavior with the smartphone in traffic and then study the effects of the 
intervention by the system on these behaviors. Their behaviors would 
probably have been affected by the system use if the control condition 
followed the experiment condition.  

1. Furthermore, the road environment was used as an additional IV for 
testing H2 (a 2 × 4 design: experimental condition × road environ
ment). The driven road environments were identified from the map 
data based on the Finnish Digiroad classification system (https://va 
yla.fi/vaylista/aineistot/digiroad) as follows:  

2. Highway (default 120 km/h, sometimes 100 km/h). No opposing 
traffic. As an example of the temporal density of reminder areas, at 
120 km/h, the time between junctions that were 400 m apart was 12 
s.  

3. Main rural road (default 80 km/h, sometimes 100 km/h, or 60 km/h 
at some intersections). By default, the driver has a right-of-way. For 
example, at 80 km/h, the time between intersections or junctions 
that were 200 m apart was 9 s.  

4. Local rural road (speed limit varies, default either 80 km/h or 50 km/ 
h). The driver may or may not have a right-of-way. The distances and 
times between reminder area centers were often smaller than those 
on main rural roads but larger than those on urban roads.  

5. Urban road (default 40 or 50 km/h, sometimes 30 km/h). The 
minimum distances between two intersections in a city center could 
be around 40 m, corresponding to 3.6 s with a speed of 40 km/h. 

Naturally, the densities of the reminder areas per road environment 
varied based on the specific geometry of the environment and the 
driving speed. 

Three dependent variables (DVs) were analyzed to test the 

T. Kujala et al.                                                                                                                                                                                                                                  

https://vayla.fi/vaylista/aineistot/digiroad
https://vayla.fi/vaylista/aineistot/digiroad


International Journal of Human - Computer Studies 186 (2024) 103247

5

hypotheses: 1) touch on the smartphone in a reminder area (binary 
variable: a touch was done outside the reminder area or in the reminder 
area, 0/1, H1 and H2); 2) number of touches on the smartphone while 
driving; and 3) number of touches on the smartphone per hour driven as 
two measurements of the total usage of smartphone on the road (H3). 

3.3. Procedure 

The data were collected between June 2016 and December 2016 in 
24-week periods for each driver, with the target of 12 calendar weeks for 
both conditions. The researchers installed the dashboard phones on the 
participants’ cars, as well as the background application on the partic
ipants’ personal smartphones. During the installations, the participants 
received information about the two phases of the study and instructions 
for the control phase. They were given a description of the system, its 
purpose, and its functionalities, both verbally and in text. They were also 
provided with instructions on what to try if they noticed a malfunction 
in the system and to contact the researchers, if needed. Instructions on 
how to shut down the application were provided for situations in which 
the participant was a passenger in the car. The same type of data was 
collected in the control phase as in the experiment phase, but no re
minders or warnings were provided to the driver when they were 
located in a reminder area or when they touched their phone. The 
reminder areas were calculated in the exactly same manner in both 
phases. 

After 12 calendar weeks, the experiment phase was started auto
matically with a timer in the dashboard phone. Before the beginning of 
the experiment phase, each participant was contacted by email and 
provided with information on the purpose of the system, the meanings of 
the reminders and warnings, and the reminder areas. At this point, the 
participants were also reminded that the warning system was not per
fect, that it had known limitations, and that in any case, the participants 
should pay attention to the road as is required for safe driving. The 
participants were instructed to drive and behave as they normally would 
and to deal with the reminders and warnings as they saw appropriate. 
After the study, the participants were provided with a survey link via 
email to report their experiences with the system. 

3.4. Data processing and analysis 

The collected data were tabulated in two data matrices and filtered to 
include only the four road environments of interest and for a GPS speed 
> 2 m/s because of the inaccuracy of the GPS signal. For an aggregated 
data matrix, the observation unit was participant (N = 26). For the other 
more detailed data matrix, the observation unit was touch on the 
smartphone (N = 175,593). 

Hypothesis 1 was tested with the detailed data matrix and mixed 
effects logistic regression (GLMM in SPSS v28) by modeling a binary 
outcome variable of whether a touch was made on the smartphone in a 
reminder area (0/1), that is, the odds of touching the phone in a 
reminder area based on a fixed effect of the experimental condition 
(control vs. experiment). The participant was added as a random effect 
into the model to control for inter-individual differences, and the road 
environment was added as a fixed effect to control for its effect in testing 
H1 and for comparison of the odds of touches on reminder areas be
tween the road environments in general. This produced a multilevel 
binary logistic regression model with participant as a Level 2 grouping 
variable into which the touches were nested. The intercepts of the par
ticipants were allowed to vary. 

For testing H2, the interaction effects of the experimental condition 
and the road environment were studied similarly with a multilevel lo
gistic regression by modeling a binary outcome variable of a touch on 
the smartphone in a reminder area and with participant as a random 
effect. Hypothesis 3 was tested with the aggregated data matrix and a 
nonparametric Wilcoxon signed rank test, as the data in the control and 
experiment conditions were non-normally distributed at the aggregated 

(i.e., participant) level. Accordingly, differences in the descriptive sta
tistics of the recorded data per condition were tested with the Wilcoxon 
signed rank test to ensure fairness of the comparison between the 
conditions. 

4. Results 

4.1. Descriptive statistics 

Based on the descriptive statistics, the comparability of the touch 
data between the experimental conditions and the road environments 
was at a fair level for further analyses. No significant differences were 
found with the Wilcoxon signed rank test between the control and 
experiment conditions in the recorded number of days of driving (Z =
0.727, p = .467) or the number of recorded GPS locations (both stopped 
and driving, Z = 0.767, p = .443, Table 1). The mean number of days 
with data recording was 42 days for the control (SD = 16, range: 7–69 
days) and 46 days for the experiment (SD = 15, range: 12–80 days). 
These descriptives represent the number of days with recorded driving 
data during the 12 calendar weeks of data collection. There were 
touches in general and touches in reminder areas (control: M = 1957, SD 
= 3207, experiment: M = 1614, SD = 2615, min = 34 on the main rural 
road) on all road environments from all 26 drivers included in the an
alyses to enable reliable multilevel modeling of the data (Richter, 2006). 

4.2. H1: system’s effects on touches in reminder areas 

Hypothesis 1 was supported by the data (Table 2). A multilevel bi
nary logistic regression model with touch on the smartphone in a 
reminder area (outside the reminder area/in the reminder area, 0/1) as 
the DV, the experimental condition and road environment as fixed ef
fects, and participant as a random effect, indicated the significant effects 
of all the predictors (Table 2). 

A total of 175,593 touches were included in the analysis. In the 
intercept-only model, there was significant variance between the in
tercepts of the participants (σ2 = 0.249, p < .001, ICC = 0.07), indicating 
that a multilevel model with observations nested in the participants is 
appropriate for the modeling. According to the intercept-only model, the 
expected odds across all the data that a touch on the smartphone is done 
in a reminder area were 0.41, and the expected probability of this type of 
touch is 29 % (Crowson, 2020). 

The odds for a smartphone touch to be located in a reminder area 
decreased significantly from the control to the experiment (odds ratio 
[OR] = 0.84, Table 2), with the other predictors being held constant. 
The corresponding expected probability decreased from 29 % in the 
control to 26 % in the experiment (i.e., a 10.3 % decrease in probability). 

The odds for a smartphone touch to be done in a reminder area 
decreased slightly from urban to the main rural road (OR = 0.90) and 
more strongly from urban to highway (OR = 0.67), with the other 
predictors being held constant (Table 2, Fig. 3). There was no significant 
difference in the odds between urban and local rural roads. 

4.3. H2: interaction effects of the road environment and the experimental 
condition on touches in reminder areas 

Against expectations, the urban environment was the only road 
environment in which the system did not affect the probability of 
smartphone touches in reminder areas (H2 not supported, Table 3 and 
Fig. 4, N = 175,593 touches). There was a significant decrease in the 
odds of these touches from the control to the experiment in all the other 
road environments. 

4.4. H3: effects of the system on smartphone usage while driving 

Hypothesis 3 was rejected. The number of touches on the smart
phone while driving did not decrease significantly from the control to 
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the experiment, Z = 0.114, p = .909 (Wilcoxon signed rank test, N = 26, 
Table 1). The same result was obtained for a normalized measurement of 
touches per hour driven (control: M = 79, SD = 99, experiment: M = 62, 
SD = 61, Z = 0.982, p = .326, N = 26), which considered a possible 
difference in the driving time between the control and the experiment 
phases. 

4.5. Survey – key findings 

The survey contained items targeted at measuring the acceptance 
and usefulness of the warning system from various perspectives on a 
Likert scale (1–5). Most of the survey items (see the Technical Appendix) 
were based on the survey in Kujala et al. (2016) study. On average, the 

descriptives indicated highly positive attitudes toward the warning 
system (means > 3.5 with significant differences to 3), except for two 
items focused on technical reliability (“There are no technical errors in 
the application”: M = 3.46, SD = 1.14, and “The application did not 
always remind me of a situation requiring attention”: M = 3.12, SD =
1.31) and an item on the usefulness of the reminders during calls (“The 
reminders during calls were useful for me”: M = 3.38, SD = 1.14). 
Textual data on the open-ended questions were analyzed using a qual
itative content analysis (Mayring, 2000) to examine the arguments 
behind the numerical survey data. The written opinions were mostly in 
line with the quantitative metrics. Twenty out of the 26 participants 
stated that they would be willing to use the system and found it 
important for road safety, but they would like to have the ability to 
modify the auditory warnings. These warnings were experienced as 
annoying but still acceptable. The following statements are examples of 
the participants’ feedback: “It is the whole point of warnings! They need 
to be annoying so that they are not listened to only for fun” and “The app 
was annoying but in the right way so that it made me decrease my phone 
usage while driving.” By contrast, the visual reminders were not 
considered annoying (n = 21). The majority of the participants (n =
24/26) felt that the system supported them in driving more safely. The 
following lines are examples of the participants’ feedback: “I noticed a 
notable decrease in my phone usage while driving,” “The auditory 
warnings did not encourage me to use my phone; on the contrary, they 
encouraged me to stop at least for the time being,” and “My attention 
was directed more to traffic than to the phone.” 

5. Discussion 

The smartphone-based context-sensitive distraction warning system 
had a significant decreasing effect on the odds of the participants 
touching their phones while approaching areas of high attentional de
mand (e.g., intersections, junctions, roundabouts, crosswalks, or rail
road crossings; H1 supported). The drivers also reported paying more 
attention to traffic because of the system and found the reminders and 

Table 1 
Number of days, locations, and touches on the smartphone while driving per condition (N = 26), Mean (SD).  

Condition Days Locations Touches* Touches* – Highway Touches* – Main Rural Road Touches* – Local Rural Road Touches* – Urban 

Control 42 (16) 218,010 (143,006) 4212 (5931) 623 
(1141) 

815 
(1353) 

832 (1071) 1074 (2198) 

Experiment 46 (15) 245,553 (134,094) 4103 (6253) 1472 
(4329) 

750 (320) 495 (619) 770 
(670)  

* Recorded touches on the smartphone while on the move (GPS speed >= 2 m/s). 

Table 2 
Multilevel binary logistic regression model predicting the odds for a smartphone 
touch in a reminder area (DV: 0/1).  

Fixed 
effects 

Coefficient Standard 
Error 

p Odds 
ratio 
(OR) 

95 % CI 
Lower 
Bound 
(odds) 

95 % CI 
Upper 
Bound 
(Odds) 

Intercept − 0.76 0.10 <

0.001 
0.47 0.38 0.57 

Experiment − 1.75 0.01 <

0.001 
0.84 0.82 0.86 

Control* 0*   1.00   
Highway − 0.40 0.02 <

0.001 
0.67 0.65 0.69 

Main rural 
road 

− 0.10 0.02 <

0.001 
0.90 0.88 0.93 

Local rural 
road 

− 0.01 0.01 .384 0.99 0.96 1.02 

Urban* 0*   1.00    

Random effects σ2   ICC   

Intercept (participant) 0.25 .07 < 0.001 .07   

Note. *The factors above are compared to the factor that obtains a value of zero. 

Fig. 3. Estimated marginal means (0–1) for the effect of the road environment on the ratio of smartphone touches in reminder areas to all touches.  
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warnings to be acceptable and useful. 
Against expectations, the system did not decrease the participants’ 

touches on their smartphones in areas of high attentional demand in 
urban road environments (H2 rejected). The assumption of the high 
densities of these areas on urban and local roads is supported by the 
higher probability of touches on the smartphone in these areas in gen
eral than on main and highway roads (Fig. 3). In the experiment, the 
high density resulted in a number of warnings when driving through an 
urban environment and touching the phone. However, the warnings did 
not seem to decrease the participants’ interactions with their phones on 
city roads. This finding might be a result of the high density itself; there 
is much less spare time between the reminder areas in urban environ
ments than in other areas and thus fewer opportunities to postpone 
phone use. There are also more frequent stops in city environments (e.g., 
by traffic lights), which may encourage phone use that may not be 
ceased when moving again. As the volunteer drivers were highly keen to 
use their phones while driving, they were unlikely to fully stop their 
phone use in urban road environments. However, increased attention on 
the road was also possible while using a smartphone in reminder areas in 
cities if the participants, for instance, distributed their visual attention 
more extensively, appropriately, and carefully, or if they decreased 
speed accordingly (Ahlström et al., 2021; Kircher and Ahlström, 2017). 

The participant sample was composed of heavy smartphone users, so 
the findings may not be generalizable beyond these types of drivers. On 
average, the drivers made 79 touches per hour on their phones while 
driving in the control condition. In general, the system did not seem to 
affect their phone usage while driving (H3 rejected). This finding is 

positive in the sense that the system did not either seem to encourage 
phone use based on a probably false sense of security. The study was 
conducted in 2016, but because of the small effects, it seemed to be 
worth publishing only at the present time when driver attention moni
toring systems are becoming compulsory in new cars (Fredriksson et al., 
2021). PokémonGo was launched during the time the study was con
ducted, and it seemed to have also drawn the attention of the partici
pants in this study (Kujala and Mäkelä, 2018). This highlights the 
attitudes toward phone usage in traffic of some of the participants who 
played the game while driving. Many of them reported in the 
open-ended questions that they would like to change their behaviors and 
that this type of system could help them. Some of the participants wrote 
that the auditory warnings were annoying but necessary. Naturally, it 
cannot be ruled out that the participants wanted to please the re
searchers as the designers of the system, even if they were asked to 
behave normally and as they see appropriate. 

There were technical issues in play that might have decreased the 
reliability and effects of the system. The accuracy of the reminders and 
warnings was based on the accuracy of Open Street Map data. For 
instance, rarely used farm and forest road junctions on main roads in 
Finland were regarded as reminder areas because these were mapped as 
junctions in the map data. Some crosswalks were missing from the map 
data, but fortunately, these often coincided with intersections. The 
definition of reminder areas in the map data could also consider other 
types of high attentional demands (e.g., schools, road construction, or 
other local information). The context sensitiveness of the system was 
still limited in these aspects. It would be useful to augment this 

Table 3 
Multilevel binary logistic regression model of the interactions between the experimental condition and the road environment predicting the odds for a smartphone 
touch in a reminder area (DV: 0/1).  

Fixed Effects (Interaction) Coefficient Standard Error p Odds Ratio (OR) 95 % CI Lower Bound (Odds) 95 % CI Upper Bound (Odds) 

Intercept − 0.82 0.10 < 0.001 0.44 0.36 0.53 
Highway / Experiment − 0.53 0.03 < 0.001 0.59 0.56 0.62 
Main rural road / Experiment − 0.38 0.02 < 0.001 0.68 0.65 0.72 
Local rural road / Experiment − 0.18 0.03 < 0.001 0.83 0.79 0.88 
Urban / Experiment 0.30 0.02 .162 1.03 0.99 1.07 
Highway / Control − 0.36 0.02 < 0.001 0.70 0.67 0.72 
Main rural road / Control 0.01 0.02 .671 1.01 0.97 1.04 
Local rural road / Control 0.06 0.02 < 0.001 1.06 1.03 1.09 
Urban / Control* 0*   1.00    

Random effects σ2   ICC   

Intercept (participant) 0.25 .07 < 0.001 .07   

Note. *The factors above are compared to the factor that obtains a value of zero. 

Fig. 4. Estimated marginal means (0–1) for the effect of the experimental condition by road environment on the ratio of smartphone touches in reminder areas to all 
touches. Blue: control, Green: experiment. 
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deficiency using vehicle sensors, machine vision, or other means 
(Kashevnik et al., 2021) for better access to relevant contextual data (e. 
g., headway distance, weather and road conditions, and visibility) in 
future implementations of similar systems. 

There is a need for an improved understanding of the variability of 
drivers’ spare attentional capacity to enhance the effectiveness of driver 
inattention monitoring systems (Fredriksson et al., 2021). The concept 
of spare visual capacity (Ahlström et al., 2021; Kircher and Ahlström, 
2017; Kujala et al., 2023) challenges the common assumption that 
drivers are inattentive whenever they look away from the forward 
roadway. Instead of relying on gross probabilities and static thresholds, 
inattention detection could better consider the specific situational fac
tors in each driving scenario. For instance, the popular 2 s off-forward 
glance duration (Klauer et al, 2006) as a threshold for inattentiveness 
was derived based on ORs on safety-critical event statistics as a gross 
measure over a variety of different situations. Even if these odds are 
valuable for risk assessment, they may fail to account for the variability 
in driving situations required for effective driver attention monitoring 
and intervention. The current findings emphasize the need for a more 
nuanced and context-dependent approach to driver inattention 
detection. 

The significant decreasing effect of the system on phone touches in 
areas of high attentional demand and the fact that the drivers reported 
paying more attention to traffic suggest that these kinds of warning 
systems may have the potential to mitigate the risks associated with 
driver distraction. At least, the participants seemed to accept the 
context-sensitive reminders and warnings as part of their daily driving, 
perhaps because they understood the need to pay attention to the safety- 
critical environments observed ahead. These types of alerts seem to be 
rarely regarded as false positives. This contrasts with distraction warn
ings based on off-forward glance durations only, without utilizing any 
contextual information about concurrent driving demands (e.g., AttenD; 
Ahlstrom et al., 2013). However, further research is needed to determine 
the objective safety effects of such context-sensitive systems. The small 
sample size, the focus on heavy smartphone users, and the lack of 
eye-tracking or driving performance measures limit the generalizability 
of the findings. Future studies could consider incorporating these mea
sures to provide a more complete picture of the effects of 
context-sensitive (in)attention monitoring systems on driver attention. 
Furthermore, a between-subject experiment with a control group 
driving on the same roads at the same time than an experiment group 
could better control for possible time-of-year effects. 

It has been observed that cars equipped with advanced driver as
sistant systems (ADAS), such as adaptive cruise control and lane assist, 
may increase driver inattention (Reagan et al., 2021). Thus, it has been 
proposed that all cars with ADAS should be equipped with driver-facing 
cameras to detect inattention and alert the drivers (AAA, 2022). The 
main takeaway message here is that besides driver-facing cameras and 
other in-car sensors, inattention warning systems might benefit from the 
adaptation of the warnings to the upcoming demands of the driving 
environment, especially in terms of drivers’ acceptance and thus the 
system’s potential effectiveness. 
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Technical Appendix. 

Survey items 
(Each Likert item with scale 1–5 (items 3–31, 33–49) were followed 

by an open-ended question for providing justification for the given scale 
value.) 

Please describe briefly what purpose you think the VisGuard appli
cation is intended for. (open-ended question) 

Have you noticed regularities or patterns in the operation of the 
application in certain specific situations? (open-ended question) 

The definition of the application’s purpose by the developers is as 
follows: The purpose of the application is to promote safe driving by 
monitoring the driver’s phone use while driving and reminding the 
driver to be attentive when necessary. Please choose your level of 
agreement with the following statement: The application works well in 
its task. 

There are no technical errors in the application. 
The operation of the application is consistent and logical. 
The application is reliable. 
The intentions of the application’s designers are good. 
The application was generally useful for me. 
The application supported my safe driving. 
The application had a detrimental effect on my driving. 
The reminders provided by the application (warning sign) were 

useful for me. 
The reminders supported my safe driving. 
The reminders had a detrimental effect on my driving. 
The reminders during calls were useful for me. 
The reminders came when there was a reason for them. 
The application did not always remind me of a situation requiring 

attention. 
The timing of the reminders was effective. 
The reminders came in a timely manner. 
The reminders came too early. 
The reminders came too late. 
The reminders stayed on the screen for too long. 
The audio warnings presented by the application (’Attention!’) were 

useful for me. 
The audio warnings supported my safe driving. 
The audio warnings had a detrimental effect on my driving. 
The audio warnings came when there was a reason for them. 
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I am satisfied with the application. 
It was pleasant to use the application. 
I could recommend the application to my acquaintances. 
The application was annoying. 
The reminders were annoying. 
The audio warnings presented by the application (“Attention!”) were 

annoying. 
If the annoyance from the application was caused by some other 

reason, what was it? (open-ended question) 
I accepted the application as part of my driving during the study. 
The application supported my driving activities. 
I could use the application in everyday driving in the future now that 

the study is over. 
The application enabled safe driving and simultaneous use of the 

phone. 
The application increased my alertness in traffic. 
Any ideas on how to develop the system further? (open-ended 

question) 
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