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Abstract 

Drivers experience difficulties when interacting with automated driving systems. The 

need for driver training is generally acknowledged, but training is limited so far – 

leaving the driver to learn by “trial and error”. We tested an Adaptive Tutoring System 

(ATS) in a driving simulator study. The ATS concept is based on prior research that 

includes a task analysis investigating the interaction with SAE level 2 systems, a re-

analysis of thinking aloud data from a large-scale field study, and research on 

categorizing drivers. These in-depth analyses allowed us to define the tutoring content 

and construct a truly adaptive tutoring system. The ATS was designed to support 

drivers in learning how to calibrate their level of trust and reliance strategy to different 

driving contexts and system reliability levels. Two groups of participants drove in 

low- and high-risk scenarios, where one group received the tutoring (tutoring group), 

and the other group only written information (baseline group). Calibration of trust and 

reliance strategy were assessed by changes in subjective trust ratings, monitoring 

behaviour and system usage from low- to high-risk scenario. Results indicate that the 

ATS does support drivers to calibrate their interaction strategy to a changed driving 

context and system reliability. 

  Introduction and Previous Work 

Vehicle automation is developing fast – in fact so fast that it is difficult for drivers to 

keep up with the pace of development. Current systems on the market are equipped 

with SAE (Society of Automotive Engineers) level 2 systems which support the driver 

in lateral and longitudinal task of driving (SAE, 2018). These new, often complex 

systems require the driver to learn a whole new set of skills and gain knowledge about 

a number of new topics (Heikoop, 2019). For years, human factors research has 

already pointed to the arising problems and risks which are associated with the 

introduction of vehicle automation (Endsley, 2017; Victor et al., 2018).  

It is generally acknowledged that additional tutoring for advanced driver assistance 

systems is needed as most of the time drivers only receive a short introduction from 

the car dealer and are left to learn how to interact with these systems by “trial and 
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error” (Boelhouwer, 2020b; Endsley, 2017). This is highly unacceptable given the 

potential risks resulting from this lack of training.  

In response to this, researchers begin to investigate different driver training 

approaches which generally show positive effects on interaction performance 

(Boelhouwer et al., 2020a; Forster et al., 2019a; Payre et al., 2016). However, one 

critical skill will be to recognize when the system reaches its operational boundaries 

and to calibrate the level of trust and reliance strategy according to changes in system 

reliability (Lee, 2020). Research shows that drivers tend to do that in general (Kraus 

et al., 2019) but also, that this is not necessarily true for all drivers. Recent research 

suggests that distinctive categories of drivers are observable when it comes to this 

skill (Neuhuber et al., in press). Since this is such a critical skill and drivers seem to 

differ, it is important to adapt tutoring approaches to the respective category a driver 

can be assigned to. The tutoring system proposed in this study aims to specifically 

address this point.  

  Adaptive Tutoring System (ATS) 

The ATS content was defined based on a task analysis describing the required 

knowledge and skills when interacting with SAE level 2 systems, a re-analysis of 

thinking aloud data from a large-scale field study (Neuhuber et al., 2020), and research 

on categorizing drivers based on their interaction strategy with advanced driver 

assistance systems (ADAS; Neuhuber et al., in press). 

For the task analysis every stage of the interaction with a level 2 system was analysed. 

Results were the cumulative set of knowledge and skill requirements for drivers. 

These requirements were structured based on the theory of knowledge spaces (Heller, 

Steiner, Hockemeyer & Albert, 2006) to ensure a logical order of the tutoring content 

(figure 1). 

 

Figure 1. Knowledge-tree for the interaction with level 2 systems. NDRA = Non-Driving 

Related Activity, ODD = Operational Design Domain. 
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The scope of the study was limited so the final setup focused on a reduced number of 

knowledge and skill aspects. The tutoring omitted the topics of Operational Design 

Domain (ODD) and detailed content about warnings and system (de-)activation.  

The analysis of the thinking aloud data highlighted which areas the tutoring system 

would need to focus on. The data is based on a field-study with 100 participants 

interacting with a commercially available level 2 system on a highway section. The 

overall results show that 28% of the participants experience some form of mode 

confusion. Almost half of the participants (45%) report to have difficulties to interact 

with the system. Most prominently, 63% of the participants made comments which 

suggested that they had not yet developed a correct mental model about the system 

functionalities and limitations. Therefore, the results highlight the need to focus on 

system functionality and limitations in the tutoring.  

An additional aspect of the ATS is to provide adaptive tutoring lessons based on the 

driver’s interaction strategy. This is based on previous research (Neuhuber et al., in 

press) which indicates that not all drivers calibrate the level of trust and reliance 

strategy to changes in situational risk and system reliability. Distinctive categories of 

drivers are observable in this regard (under-trusting, over-trusting, and calibrated). 

Under-trusting drivers tend to report low levels of trust and intensely monitor the 

system in low-risk situations. In contrast, over-trusting drivers show high levels of 

trust, tend to monitor the system less intense and are also hesitant to take-over manual 

control in high-risk driving situations. Calibrated drivers adapt their interaction 

strategy to the level of situational risk. 

The initial prototype of the ATS consists of mainly three parts: i) a short video which 

is shown to the driver before the first interaction with the system; ii) short “reminders” 

to consolidate the learnt material; and iii) adaptive tutoring content which is based on 

a general categorization of drivers. 

The ATS video combined verbal explanations to the defined topics with either 

schematic visualizations or short video clips (figure 2).  

 

Figure 2. Exemplary screenshots of the ATS video. Schematic visualization of Lane Keeping 

Assist functionality (left) and video clip of ADAS activation process during driving (right). 

 

The short reminders consisted of a short audio file triggered by the experimenter at 

the beginning of each drive. For the purpose of this study, the reminders focused on 
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the topic of system limitations, specifically focusing on the influence of harsh weather 

conditions on system reliability. The goal was to trigger a critical assessment of the 

situation by the participants. 

Adaptive tutoring was triggered by the experimenter and was based on an assessment 

of the current level of trust, monitoring behaviour and whether or not participants took 

over manual control in relation to the current driving context (low- vs. high-risk). 

Participants were categorized into three main categories, “under-trusting”, “over-

trusting” or “calibrated/neutral” (see table 1). The specific content of the adaptive 

tutoring for each category is explained in table 2. 

Table 1. Logic of driver categorization for low- and high-risk driving condition 

 Low-risk High-risk  

 Trust Monitoring Take-

over 

Trust Monitoring Take-

over 

Under-trusting low high yes - - - 

Over-trusting - - - high low no 

Calibrated / Neutral high low no low high yes 

 

Table 2. Content of the adaptive tutoring for each driver category 

Driver Category Content 

Under-trusting Re-assurance that the system functions reliably under good weather 

conditions; need to re-assess the situation and decide whether intense 

monitoring and/or take-over of manual control is warranted. 

Over-trusting Same logic as for “under-trusting” category. Reminder that the system 

tends to display system limitations under harsh weather conditions; to 

re-assess the situation and decide whether reliance behaviour needs to 

be adapted. 

Calibrated / Neutral Re-assurance that the driver assesses the situation correctly.  

 

  Present study 

In the present study it is investigated whether the ATS supports drivers in learning 

how to calibrate their level of trust and reliance strategy to different driving contexts 

and system reliability levels. Two groups are being compared - one group receives the 

ATS (tutoring group), the other group receives only written information (baseline 

group). It is hypothesized that the tutoring group is better able to perform the trust and 

reliance calibration process. It is particularly hypothesized that, from low- to high-risk 

driving scenario, the tutoring group shows a reduced level of trust (H1), increased 

monitoring (H2) and increased number of manual take-overs (H3) compared to the 

baseline group.  
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  Method 

  Participants 

A total of 20 participants (9 female), 10 in the baseline and 10 in the tutoring group, 

took part in the study. Participants were aged between 21 and 43 years (M = 27.75, 

SD = 6.21). On average, participants held their driving license for 8.3 years (SD = 

6.17). All participants received a compensation of ten euros. Participants were pre-

selected according to the following criteria: possession of a driving license for more 

than three years and no or very limited previous experience with advanced driving 

assistance systems. Table 3 provides mean values regarding age, driving experience 

and propensity to trust (assessed with the propensity to trust subscale, Körber, 2018) 

regarding the two experimental groups (baseline, tutoring). Potential group 

differences were checked with two-sample t-tests. No significant differences between 

the two groups were observable.  

Table 3. Mean (M) and standard deviation (SD) for age, driving experience and propensity to 

trust for baseline and tutoring group 

 N Age Driving Experience Propensity to Trust 

  M SD M SD M SD 

Baseline 10 29.00 7.41 10.00 7.77 3.00 0.63 

Tutoring 10 26.55 4.81 6.66 3.69 2.94 0.66 

 

Experimental Design and Procedure 

Participants received written instructions about the study and its goals and signed an 

informed consent at the beginning of the study. A short drive was undertaken to give 

participants the chance to familiarize with the driving simulator. Participants were 

randomly assigned to either the baseline or the tutoring group. Each participant drove 

in two experimental conditions that differed in the risk level that was present during 

the drive (low-risk, high-risk). Participants were asked to take a seat in the simulator 

were they also received either the written information (baseline group) or watched the 

tutoring video on a tablet mounted in the middle console (tutoring group).  

A secondary task was introduced to divert drivers’ attention between two tasks. 

Participants could watch YouTube videos on a tablet whenever they felt it was not 

necessary to direct attention to the automated system or the road. This task was chosen 

as i) it is a realistic task for drivers to engage in while using ADAS (Dunn et al., 2019), 

ii) it can be interrupted quickly, and iii) participants do not feel the urge to respond 

(like, e.g., when engaged in a SMS conversation). Subjects were instructed to drive 

on the left lane of a two-lane highway, speed up to 130km/h and then to activate the 

automated driving systems, i.e. Lane Keeping Assist (LKA) and Adaptive Cruise 

Control (ACC). Participants could take-over manual control whenever they deemed 

necessary. Each experimental drive lasted approximately 15 minutes followed by a 

short break and administration of a short set of questions. 
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Simulator Scenario  

The same highway-section was used for both drives. Traffic was implemented on the 

right lane driving slower than 130km/h to motivate participants to drive on the left 

lane. The low-risk drive had good weather conditions with normal visibility and no 

system unreliabilities. In the high-risk drive, risk was operationalized by combining 

environmental factors (heavy rain and low visibility), system unreliability and a 

monetary incentive to perform well (in terms of driving safely) in this condition 

(instruction that half of the compensation depends on the performance within this 

experimental drive). The system unreliability was implemented as a failure to detect 

the lane markings correctly and therefore the vehicle swerved to the centre of the two-

lane highway. The duration of the system unreliability was approximately 20 seconds, 

starting at 2:20 min, 4:40 min, 9:00 min and 12:50 min within the 15-minute drive 

(figure 3).  

 

Figure 3. Experimental procedure for low- and high-risk drive. System failures are indicated 

by lightning bolts. 

 

Information Material 

The baseline group received written information which was similar to a driver manual 

describing the available systems in the vehicle. Participants in the tutoring received 

the ATS as described above. The content was the same for both groups. 

Equipment and Data Processing 

The study was conducted using a semi-static driving simulator from Vi-Grade 

operating with the VI-DriveSim software package. The Simulator is equipped with an 

automated driving system which keeps the lane and the set speed. Eye-Tracking data 

was collected using the DIKABLISGLASSES 3 and processed using the software D-
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Lab and the statistic software R (R Core Team, 2013). As a secondary task the online 

video platform YouTube was used (videos were self-chosen by the participants). The 

application was presented on a 10.1-inch Android Tablet. The set-up is depicted in 

Figure 4.  

 

 

Figure 4. Experimental set-up with exemplary participant wearing eye-tracking glasses and 

using the tablet mounted on the middle console. 

 

Analysed Variables 

  Trust in automation  

Trust was measured using a 3-item trust scale (adapted from Mayer et al., 1995). 

Answers were given on a scale ranging from 1 (not at all) to 7 (completely). The 

internal consistency measured with Cronbach’s Alpha was high for both scenarios (α 

= .74 after low-risk scenario, and α = .80 after high-risk scenario). During the drive, 

single trust items (How much do you trust the system?) with a scale from 1 (not at all) 

to 7 (completely) were issued to assess the current level of trust. This assessment was 

only used for the categorization of drivers to trigger the adaptive feedback in the 

tutoring group. 

 

  Monitoring Behaviour  

Results are reported regarding the percentage of time a participant spent monitoring 

the system behaviour (monitoring ratio). Fixations to the areas street and dashboard 

where combined to calculate an overall parameter. 

 

  Manual Take-Over 

Results are reported regarding the total number of manual take-overs participants 

performed throughout the driving scenario.   

 

Data Analysis 

Data was analyzed using two-way ANOVAs with the factors condition (low-risk, 

high-risk) and group (baseline, tutoring). A significance level of .05 was used for all 

statistical tests. 
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  Results 

  Trust 

The analysis of the self-reported trust data revealed non-significant results, therefore 

hypothesis 1 was not supported. This was the case for the main effect between the 

experimental conditions (low-risk vs. high risk; F(1,36) =  2.4, p = .129, η2 = .06) and 

for the main effect between the intervention groups (baseline vs. tutoring, F(1,36) =  

2.6, p = .113, η2 = .06). The interaction between the two factors indicates also a non-

significant result (F(1,36) =  0.4, p = .365, η2 = .02). A post-hoc power analysis 

revealed extremely low statistical power of .08 for detecting the small observed effect 

sizes. Mean values are shown in figure 5.  

 

Figure 5. Mean trust values for baseline and tutoring group in the low- and high-risk driving 

condition. Error bars show Standard Error. 

 

  Monitoring Behaviour 

The analysis regarding to monitoring behaviour partially support hypothesis 2. Results 

indicate a significant difference between the two driving scenarios regarding the 

amount of attention participants directed towards the system (F(1,36) =  9.7, p = .004, 

η2 = .17). Participants generally increased the amount of monitoring from the low- to 

the high-risk driving scenario (figure 6). The analysis also shows a significant 

difference between the baseline and tutoring group (F(1,36) =  10.1, p = .003, η2 = 

.18). Participants in the tutoring group generally showed an increased monitoring of 

the system compared to participants in the baseline group (figure 6). An interaction 

between the two factors is not observable (F(1,36) =  1.1, p = .296, η2 = .02). 
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Figure 6. Mean monitoring ratio towards the system for baseline and tutoring group in the 

low- and high-risk driving condition. Error bars show Standard Error. 

 

 

Figure 7. Mean number of manual take-overs for baseline and tutoring group in the low- and 

high-risk driving condition. Error bars show Standard Error. 
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  Manual Take-Over 

Results indicate a significant difference between the two driving scenarios regarding 

the number of manual take-overs (F(1,36) =  4.8, p = .035, η2 = .08). Participants 

generally took over manual control more often in the high- compared to the low-risk 

driving scenario (figure 7). Furthermore, the tutoring group took over manual control 

more often compared to the baseline group. (F(1,36) =  12.7, p = .001, η2 = .21). 

However, the results indicate a significant interaction between the factors condition 

and group (F(1,36) =  7.5, p = .009, η2 = .12). The difference between the tutoring and 

the baseline groups becomes apparent within the high-risk drive as participants in the 

tutoring group tended to take-over manual control more often than participants in the 

baseline group, supporting hypothesis 3 (figure 7).  

  Discussion 

The presented study investigates a first prototypical adaptive tutoring system for 

drivers interacting with semi-automated driving functions. Results indicate that the 

tutoring approach does help drivers to adapt their interaction strategy to changing 

driving context and changed system reliability – a skill which is crucial for a safe 

interaction (Lee, 2020). The tutoring group particularly showed increased monitoring 

towards the system and a higher tendency to take-over manual control within the high-

risk driving scenario. However, this calibration process is not necessarily reflected in 

the self-reported levels of trust as no difference between the baseline and tutoring 

group and between the two experimental conditions (low- and high-risk) was 

observable.  

The results of this study add to the previous scientific literature on the effect of driver 

tutoring by focusing on a truly adaptive approach which supports drivers in the 

calibration process (Boelhouwer et al., 2020a; Forster et al., 2019a; Payre, 2016). 

Similar to the study of Payre et al. (2016), it was also observable in this study that 

merely the amount of time interacting with an automated driving system already 

benefits drivers. Forster et al. (2019b) also report an increase of performance up until 

the fifth interaction with a system. The results of this study suggest that the ATS could 

speed up this process significantly. In contrast to the study by Forster et al. (2019a), 

the presented results support the assumption that a tutoring system is more effective 

than written information alone. 

The tutoring seems to address particularly one problem which has been discussed 

previously: some drivers seem to be hesitant to take-over manual control in uncertain 

situations (Victor et al., 2018). Participants in the baseline group did increase the 

intensity with which they monitored the system in the high-risk driving scenario. This 

confirms previous studies reporting that drivers generally calibrate their interaction 

strategy when encountering system failures (Krause et al., 2019). However, at the 

same time participants in the baseline group were hesitant to take over manual control 

of the vehicle in situations where the system was clearly not functioning as intended. 

Compared to this, participants in the tutoring group took over manual control on 

average three times, almost matching the four occurrences of system failures in the 

scenario. These results suggest that the tutoring system successfully supported drivers 

in assessing changes in system reliability and consequently, to act accordingly.  
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Due to limited time in the study, the tutoring omitted other important topics, as for 

example regarding the Operational Design Domain (ODD) or a broader scope of 

potential system limitations (as for example when encountering construction sites or 

roundabouts). These topics would of course be necessary to allow the formation of a 

complete mental model and should be included in future studies. The limited sample 

size of the study introduces further limitations: First, in combination with the observed 

small effect size for the results on self-reported trust, the small sample size contributed 

to an extremely low statistical power of the analysis. The non-significant results could 

have stemmed from this limitation. Replications of this study are thus needed to 

determine the reliability of the non-significant results. Second, the small sample does 

not allow to generalize for a general population, but it can provide a basis to formulate 

new hypotheses and to inform future research. In conclusion, the results indicate that 

the ATS supports drivers in the calibration process and reduces uncertainty for drivers 

in how to act when system limitations occur. This effectively leads to a higher take-

over readiness and over-all safer interactions.  
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