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ABSTRACT 

When investigating road user behaviour that has the potential to increase risk (e.g., engagement in 

non-driving-related tasks; NDRTs), we often must rely on self-reported data. However, for a variety of 

reasons, the reliability of such self-reports can be called into question. To compare self-reported and 

actual engagement in NDRTs, we utilised a dataset collected as part of the SHRP 2 large-scale 

naturalistic driving study, which contains video footage of drivers and their activities while driving. A 

subset of 144 drivers in three distinct age groups was selected for analysis. In each age group, there 

were 12 drivers each who reported that over the past 12 months, they had either (a) never, (b) rarely, 

(c) sometimes, or (d) often engaged in potentially distracting activities such as texting, eating, or 

smoking. For each driver, 120 short episodes of driving were randomly selected, and any observable 

NDRT engagement was annotated. The analysis of the data revealed a significant association between 

self-reported and observed frequency of NDRT engagement. However, it also showed a considerable 

degree of within-group variance. The predictive value of the self-reports was moderate overall. 

Differences between the age groups emerged with regard to both the extent and the type of observed 

NDRT engagement. The results indicate that such self-reports, while reasonably accurate at the group 

level, should be taken with a grain of salt when used to predict individual behaviour. 
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1 INTRODUCTION 
When investigating road user behaviour, especially potentially risky behaviour, we often rely on road 

users’ self-reports, as collected through questionnaires or interviews. Self-reports are comparatively 

easy to obtain, and, for some forms of behaviour, might be the only approach that allows us to gather 

any information at all. Prominent examples, such as the Driving Behaviour Questionnaire (DBQ; 

Reason et al., 1990) or the Multidimensional Driving Style Inventory (MDSI; Taubman-Ben-Ari, 

Mikulincer, & Gillath, 2004) are grounded in theory and, to a certain extent, have been validated against 

actual on-road behaviour (e.g., Rowe et al., 2015). In many cases, however, the actual validity of such 

self-reports is difficult to gauge, simply because reliable data for external validation is hard to obtain. 

But why would there be a need for validation in the first place? Why should there be a disconnect 

between the response to a seemingly simple question such as “How often do you do X while driving?”  

and actual behaviour? Strack and Leonard (1987) explain that in a survey situation, respondents are 
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confronted with a variety of potentially complex cognitive tasks and must make several judgements. 

They need to interpret the question, which requires them to have a clear understanding of the terms 

used and their meaning in the context of the survey. They need to access their memory and recall 

behaviour. They must form a judgement based on their recollections and potentially need to fit that 

judgement into predefined response categories. Additionally, they might feel the need to edit their 

response to better comply with perceived social norms. Each of these steps along the way to a 

response is prone to biases and subject to context effects. 

One behaviour that has received continuous attention over the past 30 years is driver distraction, or, 

more neutrally phrased, the engagement in non-driving-related tasks (NDRTs). Beginning with the 

advent of in-vehicle information systems, countless studies have examined and often confirmed the 

potential risk posed by NDRT engagement. However, reliable data about frequencies of engagement 

proves difficult to obtain. Observations from outside the vehicle (e.g., Kathmann et al., 2019; National 

Center for Statistics and Analysis, 2024) are limited in what can be observed, and restricted to suitable 

locations for such observation. Observations inside the vehicle (through so-called naturalistic driving 

studies; for a definition see van Schagen et al., 2011) are highly expensive, and typically (though not 

always) limited to smaller, non-representative samples. Using self-reports of NDRT engagement 

appears to be the obvious solution. Among the more structured approaches to collecting representative 

self-reported data on driver distraction are the works of Huemer and Vollrath (2011), Kreusslein, 

Schleinitz and Schumacher (2024), or McEvoy and Stevenson (2006). 

There have been previous attempts to validate self-reported NDRT engagement using observation data. 

Kreusslein, Schleinitz and Schumacher (2019) collected behavioural and interview data from 94 drivers, 

analysing two trips per driver. Simply asking whether or not drivers had engaged in a particular NDRT, 

the authors found sensitivities (a metric for how many observed instances of engagement were actually 

reported) ranging from 100% (smoking) to 8.95% (changing clothes). The authors acknowledge that 

the usefulness of the self-reports – even when it is merely about whether a certain activity was carried 

out while driving a few minutes prior – is limited at best, and dependent on the particular type of activity. 

Petzoldt and Utesch (2016) interviewed 15 drivers immediately after a drive, and asked them whether 

or not, and for how long they had engaged in certain activities. During the interviews, it became 

apparent that drivers struggled to answer the questions for a variety of reasons, ultimately leading the 

authors to conclude that “subjective accounts of secondary task engagement might provide information 

about what drivers believe they are doing, but should not be understood as a means to actually quantify 

driver distraction” (p. 216). However, it should be acknowledged that the rather small sets of 

observation data available for comparison against the self-reported behaviour that the authors had 

available in these studies certainly did not work in their favour.  

One of the largest sets of naturalistic driving data is the so-called SHRP2 naturalistic driving dataset. 

This dataset was collected between 2010 and 2013, and contains observational data on everyday 

driving behaviour of about 3,400 US drivers in age categories from 16 to 99 years, most of which were 

followed for a year or two (Hankey, Perez, & McClafferty, 2016). The resulting dataset contains about 
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50 million miles of driving and about one million driving hours of driving time, for which about two 

petabytes of video footage (incl. drivers’ faces and hands) were captured (Dingus et al., 2015).  

Crucially, the dataset also contains information from a variety of participant questionnaires, including 

self-reported data on the frequency with which they engaged in potentially distracting activities and their 

perceptions of the risk associated with such activities. Therefore, the aim of this study was to utilise that 

dataset and test whether drivers’ self-reported behaviour is consistent with observation data. More 

precisely, we sought to determine the degree to which the reported frequency of engagement in NDRTs 

matches the observed frequency. 

2 METHOD 
2.1 Dataset  

To address our research question, we utilised the SHRP2 naturalistic driving dataset. Our analysis 

focused on drivers’ NDRT engagement, so we made extensive use of the available video data. For the 

self-reported frequency of engagement, we relied on the following questionnaire item: “In the past 12 

months while driving, how often did you do other things while driving, like use cell phone, eat or drink, 

put on makeup, read things, or smoke cigarettes?”. Participants could respond that they either “Never”, 

“Rarely”, “Sometimes”, or “Often” engaged in such activities. An additional item asked participants to 

rate the risk associated with such activities on a seven-point Likert scale. 

2.2 Participant sample  

In the first step, we selected a sample of drivers (from the total dataset) based on their self-reported 

engagement in non-driving-related activities. We selected drivers in three age groups: younger (16-19), 

middle-aged (35-49), and older (65-84). Within each group, gender and self-reported frequency of 

engagement in non-driving-related tasks were balanced across the sample where feasible. The 

resulting sample can be found in Table 1. Overall, we selected 48 drivers per age group, and 36 per 

category of self-reported frequency of NDRT engagement, resulting in a total of 144 drivers in our 

dataset. 

Table 1 – Sample of drivers analysed 

Self-reported 
NDRT 
engagement 

Distribution per age group Total 

Younger  
(16-19) 

Middle-aged 
(35-49) 

Older  
(65-84) 

 

Never 6m/6f 6m/6f 6m/6f 36 

Rarely 6m/6f 6m/6f 6m/6f 36 

Sometimes 6m/6f 6m/6f 6m/6f 36 

Often 6m/6f 6m/6f 7m/5f 36 

Total 48 48 48 144 
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2.3 Episode sample and annotation 

Once the drivers had been chosen, we needed to select our sample of driving episodes for analysis. 

The first 20 trips that were recorded for each driver were excluded from the sample (to allow the drivers 

to “settle in”), as well as any recording with a duration of less than five minutes (based on previous 

experience, many of the shorter recordings contain no driving on public roads, or no driving at all). For 

the remaining recordings, we randomly generated timestamps for episodes within these recordings to 

analyse. Any timestamps that brought up non-driving situations (e.g., a parked vehicle with the engine 

running) or driving on private property (e.g., parking lots) were discarded. We followed the SHRP 2 

approach of analysing “baseline events” by annotating six-second episodes of driving. We annotated all 

cases of NDRT engagement, particularly those that corresponded to the tasks mentioned in the 

screening item (cell phone use, eating or drinking, putting on makeup, and smoking), following the 

SHRP 2 Researcher Dictionary for Safety Critical Event Video Reduction Data (VTTI, 2015). In total, we 

annotated 120 episodes per driver, i.e., a total of 17,280 episodes.  

3 RESULTS 
Observed NDRT engagement ranged from 0 to 85 instances per driver (with multiple occurrences in 

some analysed episodes), with a skewed distribution showing a concentration of values at the lower 

end (across self-reported frequencies and age groups). As depicted in Figure 1, drivers who reported 

often engaging in NDRTs were indeed observed engaging most frequently (total n = 956, per-driver MD 

= 21.5, IQR = 27.5), followed by those who reported engaging sometimes (total n = 832, per-driver MD 

= 19.0, IQR = 25.2). A notable drop was observed in drivers who reported rarely engaging in NDRTs 

(total n = 412, per-driver MD = 6.0, IQR = 18.0). Interestingly, those who reported never engaging in 

NDRTs were descriptively close to the rarely engaging group (total n = 359, per-driver MD = 6.5, IQR = 

11.2) and noticeably above zero. In fact, only nine out of the 36 drivers who reported never engaging in 

NDRTs were actually observed to abstain completely in the analysed clips. The highest observed count 

in this group was 41. 

 
Figure 1 – Observed NDRT Engagement by Self-Reported Frequency and Age Group 
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While the overall average number of episodes with NDRT engagement was M = 17.8 out of 120 (SD = 

17.8, MD = 12, IQR = 22), a further breakdown revealed that mean and median counts were highest in 

the younger age group and decreased noticeably with age, as shown in Figure 2. Additionally, Figure 1 

illustrates substantial differences in the types of NDRTs across age groups (e.g., older drivers who 

reported often engaging in NDRTs mostly restricted their engagement to smoking, while hand-held 

cellphone use was mostly the domain of younger drivers). 

 

Figure 2 – Observed NDRT Engagements by Self-Reported Frequency and Age Group 

 

To examine these patterns statistically, we fitted a linear model (using OLS estimation) to predict 

observed NDRT engagement at the per-episode level, based on self-reported frequency and age group. 

The model explained a statistically significant moderate proportion of variance (adj. R2 = 0.22, F(5, 138) 

= 7.73, p < .001). Self-reported frequency accounted for partial R2 = .173, while age contributed a 

partial R2 = .066. The model intercept, representing the expected count for a young driver who reported 

no NDRT engagement, was 15.35 (t(138) = 4.69, p < .001). Within the model, self-reported rare 

engagement was not a significant predictor (β = 1.47, t(138) = 0.39, p = 0.698). However, reporting to 

sometimes (β = 13.14, t(138) = 3.47, p < .001) and often engaging in NDRTs (β = 16.58, t(138) = 4.39, 

p < .001) significantly increased the predicted number of observable NDRTs. While being middle-aged 

did not predict a significant decrease in NDRTs (β = -5.94, t(138) = -1.81, p = .072), being older did (β = 

-10.19, t(138) = -3.11, p = .002) . 

Further iterations of the model revealed no significant interactions between self-reported frequency and 

age, nor any significant effect of gender. A polynomial model did not improve model fit. Validation of the 

model predictions using non-parametric Kruskal-Wallis tests, followed by Wilcoxon pairwise 

comparisons, reproduced the exact pattern of findings, reinforcing the robustness of the results. 

Overall, self-reported frequency was moderately correlated with observed NDRT engagement (ρ = .40, 

p < .001). The correlation was noticeably weaker in the middle-aged (ρ = .30, p = .039) than the 
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younger (ρ = .48, p < .001) and older group (ρ = .49, p < .001). Correlation strength further varied by 

task type. 

Regarding the perceived risk of NDRT engagement, a strong negative correlation was found with 

self-reported frequency (ρ = -.49, p < .001). A corresponding negative correlation, though smaller in 

magnitude, was found with observed frequencies (ρ = -.25, p = .003). The difference between these 

two correlations was significant, with a medium effect size across all tests provided by the cocor 

package (all p ≤ .003; Diedenhofen & Musch, 2015). 

4 DISCUSSION 
The aim of the analysis presented in this paper was to find out how closely self-reported frequency and 

actual frequency of engagement in so-called non-driving-related tasks (NDRTs) correspond. The 

results were mixed. Overall, drivers who reported more frequent engagement in NDRTs did, indeed, 

engage more often on average. The correlation between these metrics, however, was only moderate, 

as was the predictive value of the self-report for observed engagement. Given that both metrics are, in 

theory, supposed to measure one and the same behaviour, this is not an ideal outcome. When 

examining the different age groups, the picture did not change substantially, although correlations in the 

younger and older subgroups were slightly higher than in the middle-aged group.  

It should be noted that age appeared to play a role in NDRT engagement, albeit a statistically minor 

one. The descriptive data, however, highlight that, beyond the small differences in engagement 

frequency, it is the type of NDRT drivers engage in that differs considerably between age groups. At the 

same time, given that the dataset is now more than a decade old, the question arises as to whether 

these are indeed effects of age (in the literal sense), or rather differences between generational cohorts. 

Is it reasonable to assume that today’s younger drivers, who will be the seniors of tomorrow, abstain 

from using the cell phones while driving when they reach a certain age? Or will they continue engaging 

in the same behaviours – just as current generation of senior drivers probably do the same things they 

did 30 years ago? In the context of the analysis presented in this paper, it appears that we were, to an 

extent, comparing apples and oranges when assessing drivers of different age groups who reported 

engaging in non-specific NDRTs to varying degrees. 

It is evident that the single item used in SHRP 2 to quantify NDRT engagement is highly problematic It 

groups together various types of tasks into a single question, leaves ambiguity as to which activities 

should be included (by providing a non-exhaustive list of examples), employs an extremely vague scale, 

and references a 12-month timeframe that makes accurate memory retrieval nearly impossible. 

Approaches specifically designed to assess driver distraction (Huemer & Vollrath, 2011; Kreusslein et 

al., 2024; McEvoy & Stevenson, 2006) are clearly superior in their design and may help mitigate some 

of the inherent issues associated with the SHRP 2 item. 

To be fair, within the context of SHRP 2, the item was never intended to provide a precise measure of 

NDRT engagement. Instead, it was part of a 32-item “Risk Taking Questionnaire,” where all questions 

followed a standardised format (“In the past 12 months while driving, how often…”). However, it could 
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be argued that our findings somewhat undermine the validity of the overall questionnaire, whose data 

has been used in subsequent analyses of driver behaviour (e.g., Khakzar et al., 2021; Richard et al., 

2020). 

Overall, however, self-reports of driver behaviour remain a valuable and often indispensable source of 

information. They offer useful insights and reasonable-quality data. It just seems that, at times, this data 

quality could be improved if more care were taken in question formulation. Ultimately, though, it remains 

imperative to validate such instruments against behavioural data whenever possible. Otherwise, 

questions will always remain, whether well-founded or not. 
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