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Abstract 
 

The effectiveness of virtual driving instruction can increase when techniques that automati-
cally distinguish between violations and errors are available, two behaviours requiring dif-
ferent types of remediation. This study reports the analysis of the objectively measured per-
formance of 520 participants completing a simulation-based training programme. Factor 
analysis of failure reasons showed that violations and errors were the primary underlying 
factors. Men committed more violations and women made more errors; the magnitude of 
gender differences corresponded to the factor loadings. Factor analysis of the mean task 
completion times yielded a factor that can be described as the extent to which motivation 
for speed was expressed in quicker task execution. Quicker participants completed more 
tasks, committed more violations but made fewer errors. Participants reduced errors during 
forced-paced driving and increased speed during self-paced driving. The authors recom-
mend exploiting the distinction between violations and errors by developing interfaces and 
feedback for both types of aberration. 

 

1. Introduction 
 

In these days of high-priced fuel, simulators provide a cost-effective solution to initial 
driver training. Besides financial benefits, simulators offer great opportunities for carrying 
out objective measurements on the user’s actions in a safe and purpose-developed virtual 
environment (Vlakveld, 2005). Not surprisingly, many driving schools have started using 
simulators for training their students. It has been estimated that around 100 low-cost simu-
lators are currently used in the Netherlands for initial driver training (Kappé & Van Em-
merik, 2005). Nowadays, the introduction of virtual instructor software, sometimes re-
ferred to as an intelligent tutoring system, contributes to further automation of driver edu-
cation, the result of which changes the role of the human instructor into that of a supervi-
sor (Kappé & Van Emmerik, 2005; Weevers et al., 2003a, 2003b). 

In comparison with a human instructor, a virtual instructor monitors and assesses the 
driver’s actions by comparing his or her performance with normative performance and 
gives corrective feedback when the driver fails to comply with these norms (e.g., Michon, 
1993). However, there are indications that failures cannot always be effectively remedied 
by practice and simple feedback on performance. It has been found that learner drivers 
may prefer to increase speed rather than to drive more accurately to comply with the 



norms (De Winter et al., 2006). This distinction between speed and accuracy seems to be 
similar to the distinction between violations and errors, defined here as intentional and un-
intentional deviations from normative performance respectively (see also Rothengatter, 
1997). It has been suggested that errors could be counteracted by means of proper training 
(e.g., Reason et al., 1990), whereas violations could be better prevented by self-reflection 
and attitude enforcement (e.g., Hatakka et al., 2002). Because both types of behaviour re-
quire different modes of communication, a virtual instructor should be able to distinguish 
between intentional violations and unintentional errors. Therefore, objective methods are 
needed to make a distinction. 

The violation-error distinction has been extensively studied by means of questionnaires. 
Reason et al. (1990) were the first to show, using the Driver Behaviour Questionnaire 
(DBQ), that driving behaviour on the roads can be divided into violation and error compo-
nents. They suggested that violations and errors are caused by different psychological pro-
cesses. Others have repeated and extended this work. For example, demographic differ-
ences and the relation of violations and errors to road accidents have been investigated 
(Åberg & Rimmö, 1998; Blockey & Hartley, 1995; Kontogiannis et al., 2002; Lajunen et 
al., 2004; Mesken et al., 2002; Özkan & Lajunen, 2005; Parker et al., 1998; Rimmö & 
Åberg, 1999; Xie & Parker, 2002). 

Although violations and errors are probably governed by different psychological pro-
cesses, this does not imply that both types of aberration are unrelated. There are numerous 
indications that drivers show adaptive behaviour. For example, it has been reported that 
skid control training indeed improves vehicle-handling skills but that it also leads to an 
increased number of speed violations (Katila et al., 1996), and Van Winsum and Godthelp 
(1996) showed that drivers with better steering skills adopt higher speeds in bends. Fur-
thermore, speed control plays an important role in driving behaviour because speed influ-
ences task conditions and hence the susceptibility to violations or errors (Rothengatter, 
1997; Fuller, 2005). Without doubt, violations, errors, and speed are intimately related and 
further investigation is therefore needed to support the development of virtual instructors. 

Distinguishing between violations and errors without completing questionnaires is easi-
er said than done. First, a computer cannot assess a person’s intentions directly, although 
progress is made in correlating physiological measurements with driving performance 
(e.g., Lin et al., 2005). Second, there exists no acceptable definition of normative driving 
behaviour (Kappé & Van Emmerik, 2005; Pirenne et al., 2002; Rothengatter, 1997). Traf-
fic law regulations do not suffice, because they implicitly assume intentional behaviour. 
Driving through a red light, for example, is always regarded as a violation, even if the 
driver erroneously failed to see the light. Third, during an action sequence, violations and 
errors can occur simultaneously (Reason et al., 1990) and therefore observed driving be-
haviour can be the result of both a violation and an error. 

These difficulties also play a role in the development of driver support systems 
(Rothengatter, 1997). Rothengatter (1991) proposed to simplify the problem by attributing 
every deviation from normative performance to intentional violations. Another option is 
“to consider deviations from normative performance as intentional only when these ‘nor-
mally’ occur with specific drivers” (Rothengatter, 1997). In other words, given the fact 
that a group of violation-prone drivers (for example, men) is observed to frequently devi-



ate from particular normative performance (for example, not keeping enough distance), 
this deviation can generally be considered a violation. Similarly, Reason et al. (1990) stat-
ed that: “Distinctions between errors and violations, on the one hand, and their respective 
contributions to road accidents, on the other, emerge more clearly from group analyses in 
which age and sex differences, rather than individuals, are the focus of study” (p. 1317). 
Gender differences have been identified in DBQ scores, with men reporting more viola-
tions than women and women reporting more errors than men (Åberg & Rimmö, 1998; 
Blockey & Hartley, 1995; Parker et al., 1995; Reason et al., 1990). 

The aim of this study was to find out whether violations and errors could be identified 
in objective performance data. For this purpose, performance data of participants who 
completed a simulation-based driver training programme were analysed and the relation-
ships between violations, errors, and speed were assessed. 

 

 
 

Figure 1. Dutch Driving Simulator (Green Dino, 2007). 

 

2. Method 
 

For a period of 8 months, performance data were recorded for participants involved in 
simulation-based driver training in simulators placed throughout the Netherlands. 

 

2.1. Hardware 
 

The driving simulators used in this study were the commercially available fixed-base 
Dutch Driving Simulators (DDS; Green Dino, 2007) (Figure 1). The vehicle controls of 
the DDS were similar to an actual car with a manual transmission. Force feedback was 
provided on the steering wheel according to the self-aligning torque of the front wheels 
and acceleration cues were provided by means of vibrations on the steering wheel column 
and vibrations in the back of the seat. Three projectors provided a geometrical 180° field 
of view. The resolutions were 1024 x 768 pixels for the front view projection and 800 x 
600 pixels for the side view projections. The dashboard, the vehicle interior, and mirrors 



were integrated in the projected image. 
 

2.2. Training software 
 

The curriculum was based on Dutch driver training and consisted of 15 lessons, 27 min 
each. Lessons 1–5 were dedicated to vehicle control, lessons 6–10 to driving in urban are-
as with intersections and roundabouts, and lessons 11–15 to motorway driving. A human 
supervisor was able to manually alter the default order of the lessons. Each lesson consist-
ed of two or three sessions with the duration ranging from 4 min 30 s to 16 min 4 s. Ses-
sions were preceded by instructive text, voice, and movies. In total, the training pro-
gramme consisted of 1 h of such multimedia instructions and 5 h 45 min of simulation-
based driving. 

A virtual instructor provided instructions and feedback on performance. After the task 
was successfully executed a successive number of times, instructions and feedback were 
reduced. Tasks were automatically activated and deactivated according to predefined con-
ditions. For example, the task of taking bends was activated when entering the bend and 
deactivated when leaving the bend. Tasks could also end as a result of a 30-s time-out. 
Different tasks could be activated within a session, but only one task could be activated at 
a time. Tasks were automatically assessed by a virtual instructor that monitored whether 
the participant exceeded predefined (normative) thresholds. Most tasks could be failed for 
different reasons. More information about the virtual instructor can be found in Weevers et 
al. (2003a, 2003b). 
 

2.3. Participants 
 

A total of 42 different driving schools (totalling 46 DDSs) across the Netherlands took 
part in the measurements. Performance data of 2,530 participants were recorded, 520 of 
whom had completed all lessons in default order (263 men, 257 women, mean age based 
on available records =19.7 years). As these participants had completed the same training 
programme, their data were used for the analysis that is presented in this chapter. The me-
dian number of days needed to finish the default training programme was 17.5. After hav-
ing completed the simulation-based training programme, participants continued training in 
a real vehicle. 
 

2.4. Measures 
 

Driving performance on 20 tasks (see Table 1) was automatically recorded. All data were 
brought together after completion of the 8-month measurement. The number of successes, 
the number of failures per failure reason, and the mean task completion time (MTCT) 
were calculated for every participant for every task. If a participant had failed a task for 
more than one reason, then only the failure reason listed first in Table 1 was recorded. All 
time-outs were excluded from the analysis. Only task successes were used to calculate 
MTCT; the MTCT was not calculated when the participant was never successful on a task. 
The number of task activations for a participant-task combination was defined as the num-
ber of successes plus the number of failures. 



 
 
 
Table 1. Means and standard deviations of the number of successes for each task (T1 to T20), the mean task completion time (MTCT) for each task, 
and the number of failures for each failure reason (F1 to F52) (Note that failure reasons belong to task) 

Successes MTCT        Failures 
 

Task  Mean SD  Mean SD  Failure reason Mean SD 

T1 Driving away during 
start/stop exercise a 

12.79 4.64  15.32 4.95 F1 Stalling the engine 0.06 0.34 

       F2 Throttle > 75% when starting engine 0.09 0.38 

       F3 Wrong pedal or wrong gear 0.17 0.47 

       F4 Clutch pedal speed > 100% per s 2.20 2.26 

       F5 Throttle > 75% when in gear 0.12 0.48 

T2 Driving away from parking 
lane 

1.42 1.36  31.01 11.76 F6 Stalling the engine 1.54 2.03 

       F7 Wrong pedal or wrong gear 0.17 0.46 

       F8 No indicator during lane change 0.77 1.07 

       F9 Lateral speed > 0.5 lane per s 0.09 0.35 

T3 Driving on and near 
intersections 

82.35 11.57  38.63 3.66 F10 Collision with other car, pedestrian, or 
bicyclist 

0.98 1.13 

 F11 Driving too fast with respect to others 
having right of way 

16.88 3.98 

F12 Driving too fast (no need to stop) 12.62 7.45 

F13 Approaching red traffic light too fast 1.50 1.54 

F14 Pressing clutch when decelerating and 
having to turn 

6.22 4.81 

F15 Not in 2nd gear when having to turn or 
near other car(s) 

2.30 3.57 

F16 Approaching amber traffic light too fast 1.95 1.37 

(table continues) 



Table 1. (continued)  

Successes 

 

MTCT 

 

      Failures 
 

Task  Mean SD  Mean SD  Failure reason Mean SD 

T4 Keeping maximum speed in 
bends 

17.06 4.33  17.31 1.98 F17 Driving more than 5 km/h too fast 3.46 3.18 

T5 Keeping maximum speed 
on motorway segments 

52.42 10.55  20.13 6.86 F18 Driving more than 5 km/h too fast 16.56 7.98 

T6 Keeping safe distance in 
intersections world 

0.59 1.04  10.36 3.01 F19 Time headway < 1 s 0.22 0.60 

T7 Keeping safe distance on 
winding road 

1.69 2.73  11.13 6.39 F20 Time headway < 1 s 0.90 2.07 

T8 Keeping safe distance on 
motorways 

10.85 6.49  14.00 3.21 F21 Time headway < 1 s 8.34 6.78 

T9 Lateral motorway 
manoeuvres 

171.47 31.53  15.84 2.23 F22 No indicator at exit lane or during lane 
change 

27.54 19.74 

       F23 Wrong pedal or wrong gear 0.14 0.43 

       F24 Lateral speed greater than half a lane per s 4.72 6.15 

T10 Lane tracking b 4.10 2.08  29.04 1.96 F25 Lane centre error > 1.40 m 1.49 1.43 

       F26 Lane centre error more than 2 s between 
0.85 m and 1.40 m 

0.62 0.92 

       F27 Pressing clutch when decelerating in turn 0.55 0.88 

       F28 Lane centre error less than 2 s between 
0.85 m and 1.40 m 

2.09 1.47 

  (table continues) 



Table 1. (continued)  

  Successes 

 

   MTCT 

 

Failures 
 

Task  Mean SD  Mean SD  Failure reason Mean SD 

T11 Shifting gears 53.33 13.20  9.81 4.26 F29 Pressing wrong pedal/shifting to wrong 
gear 

0.06 0.29 

       F30 Clutch pedal speed > 200% per s 13.94 9.83 

       F31 Throttle > 75% when in gear 0.83 1.60 

T12 Shifting gears during shift-

ing gears exercise a,b 

13.11 4.28  9.70 3.11 F32 Wrong pedal or wrong gear 0.59 0.82 

       F33 Clutch pedal speed > 200% per s 0.65 1.17 

       F34 Throttle position > 75% when in gear 0.16 0.50 

T13 Speed tracking a,c,d 10.61 2.50  17.73 0.32 F35 Deviating more than 5 km/h from instructed 
speed 

1.60 1.75 

T14 Spotting objects (spatial- 

perceptual task) a,b,d 

18.14 1.57  18.83 0.88 F36 Not pressing horn before passing the 
object (too late) 

0.90 1.12 

       F37 Pressing horn while object is not yet visible 0.40 0.77 

T15 Stopping during start/stop 16.67 4.30  15.84 6.23 F38 Stalling the engine 0.47 2.10 

T16 Stopping in front of stop 2.49 1.69  39.40 11.44 F39 Stalling the engine 0.16 0.41 

       F40 Brake pedal speed > 1500% per s 0.11 0.34 

       F41 Pressing clutch when engine speed 
> 1200 rpm 

1.45 1.30 

       F42 Not pressing clutch so that engine almost 
stalls 

1.62  
1.58 

(table continues) 



Table 1. (continued)  

   Successes 

 

         MTCT 

 

        Failures 
 

Task  Mean SD  Mean SD  Failure reason Mean SD 

T17 Stopping the car in 
parking lane 

3.45 1.51  40.21 10.38 F43 Driving on soft shoulder 0.01 0.11 

       F44 No indicator during lane change 0.76 0.98 

       F45 Lateral speed > 0.5 lane per s 0.15 0.52 

T18 Taking bends during 
exercise 

5.64 2.57  10.39 3.83 F46 Lane centre error > 1.0 m and increasing 
more than 0.3 s 

3.07 2.21 

       F47 Driving faster than 30/60 km/h in 
sharp/normal turns 

2.08 1.58 

       F48 Pressing clutch when decelerating in turn 1.18 1.48 

T19 Taking bends during 
exercise b 

5.94 2.81  7.02 1.91 F49 Lane centre error > 1.0 m and increasing 
more than 0.3 s 

5.68 2.79 

T20 Taking exit and entry 
ramps 

21.73 11.23  17.71 5.30 F50 Lane centre error > 1.0 m and increasing 
more than 0.3 s 

19.05 8.56 

       F51 Driving faster than 30/60 km/h in 
sharp/normal turns 

5.37 3.76 

       F52 Pressing clutch when decelerating in turn 0.73 1.11 
a  Automated steering 
b  Automated speed of the car 
c  Reactivated at fixed times 
d Automated gear changing



 

3. Results 
 

3.1. Frequencies 
 

Table 1 shows the means and standard deviations of the number of failures per failure rea-
son, the number of successes per task, and the MTCT per task. It can be seen that the mean 
number of successes and mean number of failure reasons differed highly between tasks, 
which can be explained by the curriculum design and the strictness of the normative per-
formance. For example, lateral highway manoeuvres (T9) was activated many times, 
which can be explained by the fact that multiple sessions were devoted to lane changes 
and overtaking. Stopping in front of a stop sign (T16) is an example of a task that was ac-
tivated less frequently, because it was given in one short-lasting session only and the mean 
MTCT was relatively high. Because the assessment criteria of this task were rather strict, 
on average, more failures (3.34 which is the sum of failure reasons F39, F40, F41, and 
F42) than successes (2.49) were counted. 

An interesting finding was that the average man had more failures than the average 
woman (184 vs. 167, Cohen’s d effect size (d) = 0.37, p < 0.001 using a t test) and more 
successes as well (521 vs. 491, d = 0.56, p < 0.001). In other words, men were involved in 
more task activations, even though every participant received equal training time. 

 

3.2. Factor analysis of failure reasons 
 

3.2.1. Factor analysis 
To investigate whether a distinction can be made between violations and errors, the Pear-
son correlation matrix among the failure reasons was constructed and factors were extract-
ed using the maximum likelihood method. Only two factors were extracted, because the 
violation-error distinction was of interest. The scree plot clearly supported this two-factor 
solution. Parallel analysis (O’Connor, 2000) indicated that an eight-factor solution would 
be most appropriate. However, the eight-factor solution was not readily interpretable and 
was clearly an overextraction resulting from the fact that parallel analysis is sensitive to 
sample size thereby recommending an inappropriately high number of factors. Oblique ro-
tation (oblimin) was tried and it was found that only a small negative correlation (−0.10) 
existed between the factors, so it was decided to simplify the solution by orthogonal 
Varimax rotation. The result of the factor analysis is shown in Table 2. The two orthogo-
nal factors accounted for 11.9% of the total variance: 7.35% for factor 1 and 4.52% for 
factor 2. The small variance can be explained by several failure reasons that hardly con-
tributed to the overall solution. After removing 34 failure reasons having a correlation 
with all other failure reasons that was smaller than 0.30 (Tabachnick & Fidell, 2001), the 
two-factor solution would explain 25.3% of the variance, which is comparable to the 
DBQ-study of Blockey and Hartley (1995). Failure reasons loading above 0.20 were con-
sidered high enough (salient) to assume that a relationship existed between the failure rea-
son and the factor (Gorsuch, 1974, taking into account the sample size of 520). 
 
 
 



Table 2. Factor loadings and communalities (h 2) of failure reasons in the violation-error solution 

Failure reason Violations Errors h 2 

F1   Stalling the engine 0.06 0.09 0.01 

F2   Throttle > 75% when starting engine 0.00 0.03 0.00 

F3   Wrong pedal or wrong gear 0.02 0.23 0.05 

F4   Clutch pedal speed > 100% per s 0.28 0.04 0.08 

F5   Throttle > 75% when in gear 0.00 0.08 0.01 

F6   Stalling the engine 0.01 0.20 0.04 

F7   Wrong pedal or wrong gear −0.06 0.22 0.05 

F8   No indicator during lane change 0.11 0.02 0.01 

F9   Lateral speed > 0.5 lane per s −0.01 0.14 0.02 

F10 Collision with other car, pedestrian, or bicyclist 0.13 0.04 0.02 

F11 Driving too fast with respect to others having right of way 0.29 −0.08 0.09 

F12 Driving too fast (no need to stop) 0.43 0.28 0.26 

F13 Approaching red traffic light too fast 0.09 0.24 0.07 

F14 Pressing clutch when decelerating and having to turn 0.39 −0.25 0.21 

F15 Not in second gear when having to turn or near other car(s) 0.07 0.16 0.03 

F16 Approaching red traffic light too fast −0.14 0.17 0.05 

F17 Driving more than 5 km/h too fast 0.57 −0.17 0.35 

F18 Driving more than 5 km/h too fast 0.72 0.06 0.53 

F19 Time headway < 1 s 0.46 0.18 0.25 

F20 Time headway < 1 s 0.44 −0.03 0.19 

F21 Time headway < 1 s 0.62 −0.01 0.39 

F22 No indicator at exit lane or during lane change 0.27 0.07 0.08 

F23 Wrong pedal or wrong gear −0.01 0.11 0.01 

F24 Lateral speed greater than half a lane per s 0.19 0.29 0.12 

F25 Lane centre error > 1.40 m 0.01 0.45 0.20 

F26 Lane centre error more than 2 s between 0.85 m and 1.40 m −0.10 0.32 0.11 

F27 Pressing clutch when decelerating in turn 0.29 −0.46 0.30 

F28 Lane centre error less than 2 s between 0.85 m and 1.40 m 0.06 0.21 0.05 

F29 Pressing wrong pedal/shifting to wrong gear 0.00 0.06 0.00 

F30 Clutch pedal speed > 200% per s 0.68 −0.09 0.47 

F31 Throttle > 75% when in gear 0.25 0.09 0.07 

F32 Wrong pedal or wrong gear −0.12 0.23 0.07 

F33 Clutch pedal speed > 200% per s 0.37 −0.09 0.15 

F34 Throttle position > 75% when in gear 0.21 −0.05 0.05 

F35 Deviating more than 5 km/h from instructed speed −0.05 0.32 0.10 

F36 Not pressing horn before passing the object (too late) −0.04 0.07 0.01 

F37 Pressing horn while object is not yet visible (too early) 0.04 −0.01 0.00 

F38 Stalling the engine 0.06 0.22 0.05 

(table continues) 
 



 
 
Table 2. (continued) 

Failure reason Violations Errors h 2 

F39 Stalling the engine −0.04 0.12 0.02 

F40 Brake pedal speed > 1500% per s 0.13 −0.05 0.02 

F41 Pressing clutch when engine speed > 1200 rpm 0.39 −0.17 0.18 

F42 Not pressing clutch so that engine almost stalls −0.29 0.34 0.20 

F43 Driving on soft shoulder −0.05 0.09 0.01 

F44 No indicator during lane change 0.04 −0.01 0.00 

F45 Lateral speed > 0.5 lane per s 0.27 −0.05 0.07 

F46 Lane centre error > 1.0 m and increasing more than 0.3 s −0.09 0.52 0.28 

F47 Driving faster than 30/60 km/h in sharp/normal turns 0.18 0.05 0.04 

F48 Pressing clutch when decelerating in turn 0.38 −0.31 0.24 

F49 Lane centre error > 1.0 m and increasing more than 0.3 s −0.13 0.59 0.37 

F50 Lane centre error > 1.0 m and increasing more than 0.3 s 0.05 0.24 0.06 

F51 Driving faster than 30/60 km/h in sharp/normal turns 0.36 −0.01 0.13 

F52 Pressing clutch when decelerating in turn 0.05 −0.01 0.00 

    

       Eigenvalues and sum of squares 4.76 2.97 6.17 

       Percentage explained 7.35 4.52 11.87 

 

3.2.2. Reliability analysis 
The internal consistencies (Cronbach’s α) of salient variables were 0.79 for factor 1 and 
0.65 for factor 2, which seems to be fairly low but around the same level as those found 
after factor analysing DBQ-responses (Lajunen et al., 2004).11 Additionally, the reliability 
of the factor loadings was assessed by randomly dividing the 520 participants into two 
groups of 260 participants and re-performing the factor analysis for these two subsamples. 
Factorial agreement was then assessed by the congruence coefficient (Levine, 1977). The 
factor loading congruence coefficients between the subsamples and the total sample were 
0.94 and 0.98 and the congruence coefficient between both subsamples was 0.87, indicat-
ing that reasonably equal results could be produced by two independent (and smaller) 
groups of participants. 
 
3.2.3. Factor 1 description 
Table 2 shows that failure reasons loading (> 0.20) on factor 1 were almost exclusively 
excess of speed and the breaching of safety-related thresholds. The failure reasons loading 
most highly (> 0.40) on this factor were: driving too fast (F12, F17, F18); moving the 
clutch too quickly (F30); and following too closely (F19, F20, F21). Not using the traffic 
indicator (F22) and pressing the clutch when it was forbidden by the rules (F14, F27, F41, 
F48) also loaded on the first factor. The latter procedure followed Dutch training regula-

 
1 Note that a high Cronbach’s α is not a necessary condition for a good factor analysis (Boyle, 1991; appendix B). 
Instead, maximizing Cronbach’s α can result in overly specific factors with low validity. 



tions, which state that drivers should be in the desired gear before executing a manoeuvre 
to prevent excessive increase of task difficulty (Vissers, 2001). 
 

3.2.4. Factor 2 description 
Failure reasons that loaded (> 0.20) on factor 2 were related to poor vehicle control. The 
highest factor 2 loadings (> 0.30) represented lane-tracking or speed-tracking errors (F25, 
F26, F35, F46, F49). Lower loadings generally related to procedural failures such as 
stalling the engine and shifting to the wrong gear or applying the wrong pedal. Interest-
ingly, approaching a red or amber traffic light too fast (F13, F16) and driving too fast 
on and near intersections (F12) loaded moderately on factor 2 as well, although the 
characteristics of these failure reasons resemble the characteristics of factor 1. Personal 
observations can explain the loadings on factor 2. Traffic lights and speed signs were rela-
tively difficult to perceive (see also Figure 1) and often disappeared behind the projected 
rear view mirror, so these aberrations can be explained as the result of a perceptual defi-
ciency in the driving simulator. 
 

3.2.5. Negative factor loadings 
Negative factor loadings have a distinct meaning as well. While positive factor 1 loadings 
were found for speeding and breaching safety-related thresholds, negative factor 1 load-
ings may represent a reluctance to act in time. Not pressing the clutch so that the engine 
almost stalls (F42) and approaching an amber traffic light too fast (F16) both belong to 
this category. While positive factor 2 loadings were related to poor vehicle control, nega-
tive loadings appear to be a sign of good vehicle control and especially occurred for apply-
ing the clutch when against the rules (F14, F27, F41, F48). It can be reasoned that partici-
pants with better vehicle-handling abilities were involved in these failures because they 
were less obstructed by increased task difficulty. For example, the Pearson correlation be-
tween F27 and F49 is −0.29 (p < 0.001) indicating that participants who had fewer lane-
tracking failures more often applied the clutch in a bend. 
 

3.2.6. Comparison to DBQ and gender differences 
When comparing the factor distinction to the violation-error distinction from factor 
analyses of DBQ responses, it appeared that both categories are quite similar. Behaviours 
such as driving too close and speeding were clustered into the violation category, where-
as perceptual, judgemental, and vehicle control-related deficiencies were clustered into 
the error categories (e.g., Reason et al., 1990).  

This study supports the finding that the two factors rep resent violations and errors. 
Studies using a DBQ and a factor analysis have shown that men are generally more in-
volved in violations and that women are more involved in errors (e.g., Reason et al., 1990). 
Figure 2 shows gender differences in terms of effect size (Cohen’s d ) versus factor loading 
differences (factor 1 loading minus factor 2 loading) for each of the 52 failure reasons. 
It can be seen that a clear relationship exists. When factor loading difference is high (fail-
ure reason is more a violation than an error), men had more failures; when the factor load-
ing difference is low (failure reason is more an error than a violation), women had more 
failures. A Pearson correlation between gender differences and factor loading differences 
supported this observation (r = 0.97, p < 0.001). Pressing the horn too late on the spatial-



 
perceptual task (F36) occurred significantly more amongst women, which is in accordance 
with literature about gender differences in spatial abilities (e.g., Coluccia & Louse, 2004). 
The correspondences between factor loadings and gender differences supports that factor 1 
represents violations and factor 2 represents errors. 
 

 
 
Figure 2. Magnitude of gender difference (Cohen’s d effect size) of number of failures versus fac-
tor loading difference (violation factor loading minus error factor loading) for each of the 52 fail-

ure reasons. 

 

3.3. Factor analysis of mean task completion times 
 

3.3.1. Factor analysis 
To investigate the speed choice of participants, a Pearson correlation matrix of the MTCTs 
of the 20 tasks was calculated; missing items were excluded pairwise. Parallel analysis in-
dicated that two factors should be extracted; however, the two-factor solution was not re-
garded as interpretive. The scree plot clearly indicated that a one-factor solution was most 
appropriate, so it was decided to extract only one factor using the maximum likelihood 
method. The factor accounted for 15.6% of the total variance. The factor loadings are 
shown in Table 3. 
 
3.3.2. Reliability analysis 
The internal consistency (Cronbach’s α) of the salient variables was 0.78. The factor loading 
congruence between two random subsamples of 260 participants was 0.96 and the factor 
congruences between each subsample and the total sample were 0.99 each, indicating that 
the factor loadings can be considered reliable. 
 
3.3.3. Factor description 
The extracted factor can best be described as the extent to which motivation for speed was 



expressed in the MTCT and is referred to as the paceability 22 of the driving task. The 
highest factor loadings (> 0.50) were found for tasks for which the participant was relative-
ly unconstrained concerning the task completion time. For example, it can be imagined that 
the time taken to complete straight road segments (T5) or to complete lateral highway ma-
noeuvres (T9) depended largely on the participant’s preferred speed. Taking bends (T4, 
T18, T20), stopping the car (T15, T16, T17), and driving away from a parking lane (T2) 
had lower factor loadings, because the MTCT was more ambiguously related to motivation 
for speed. External factors, such as the task difficulty, relation to initial speed or the prede-
fined criteria that started and ended the tasks, played a more important role here, so that the 
MTCT was less informative about the participant’s preferred speed. Tasks for which the 
MTCT or the speed were computer-controlled (forced-paced tasks T10, T13, T19) had 
near-zero factor loadings. The distance-keeping tasks (T6, T7, T8) showed negative factor 
loadings, because these tasks were active when driving within 2 s distance of another car. 
Generally, drivers with a tendency to be quick followed the car in front more closely so that 
the task remained active for a longer time, so, paradoxically, participants who wanted to be 
quick took longer to complete distance-keeping tasks. 
 

3.3.4. Comparison to gender differences 
Again, the extracted factor was compared with gender differences. Figure 3 shows that a 
clear relationship exists between the paceability factor and the effect size of the MTCT of 
men and women. The larger the factor loading, the lower the effect size (r = −0.96, p < 
0.001), indicating that men have a higher inclination for speed than women. 
 

 

 
Figure 3. Magnitude of gender difference (Cohen’s d effect size) of mean task completion time 

versus paceability factor-loading for each of the 20 tasks. 

 

 
2 In other chapters, the factor extracted from the task completion times is referred to as the “speed factor” 



 

3.4. Factor score correlations 
 

Violation-scores, error-scores, and speed-scores were calculated for each participant ac-
cording to the Bartlett weighted least squares procedure. The sign of the speed-score was 
reversed so that increased motivation for speed corresponded to an increase in speed-
score. Additionally, activations-scores were calculated from the mean z-transformed num-
ber of task activations; the activation-scores are an indicator for the number of tasks com-
pleted by the participant. 

Figure 4 shows the activations-score versus the speed-score for each participant. It can 
be seen that participants having a high motivation for speed were involved in more tasks (r 
= 0.78, p < 0.001). On average, men had a higher speed-score than women (0.46 vs. −0.48, 
d = 1.06, p < 0.001) and a higher activations-score as well (0.36 vs. −0.37, d = 0.78, p < 
0.001). The latter result corresponds to the aforementioned result that men had both more 
successes and more failures than women (section 3.1). 

Figure 5 shows the violation-score versus the speed-score. It can be seen that speed and 
violations bear a strong relationship (r = 0.71, p < 0.001) insofar as quicker participants 
committed more violations. This makes sense when considering that participants with a 
higher speed-score were involved in more tasks (see Figure 4) and that many violations 
were found to be speed related. It can also be seen that participants with a very high speed-
score (> 1.50) were involved in an increased number of violations. On average, men had a 
higher violation-score than women (0.38 vs. −0.39, d = 0.83, p < 0.001). 

Figure 6 shows that motivation for speed had a small inverse correlation with errors (r 
= −0.24, p < 0.001). Men had a lower mean error-score than women (−0.37 vs. 0.38, d = 
−0.81, p < 0.001). 

 

 
 
Figure 4. Activations-score versus speed-score for each of the 520 participants. The dashed line is 

a linear fit. 
 



 
 

Figure 5. Violation-score versus speed-score for each of the 520 participants. The dashed line is a 
linear fit. 

 

 
 

Figure 6. Error-score versus speed-score for each of the 520 participants. The dashed line is a line-
ar fit. 

 

3.5. Change of behaviour with time 
 

To further investigate the relationships between errors, violations and speed, the partici-
pant’s temporal behaviour within sessions was addressed. A distinction was made between 
forced-paced (paceability near zero) and self-paced tasks (paceability considerably greater 
than zero). 



 
 

3.5.1. Forced-paced 
For forced-paced tasks, plotting the mean cumulative number of failures and task activa-
tions versus time typically yields a graph as shown in Figure 7. This figure presents the 
task lateral position tracking (T10), during which participants had to drive accurately in 
the middle of the right lane of a winding road. The waving pattern occurred because the 
task was reactivated every 30 s. The solid lines represent the mean cumulative number of 
two failure reasons (F25 + F26). Only these two failure reasons were shown because they 
could be characterized as errors (see Table 2). It can be seen that the slope of these curves 
decreases with time, which can be explained by performance improvement. The dotted 
lines show that the mean number of errors can well be described by means of a simple ex-
perience curve as defined in equations (1) to (3). 
 

  0 bf t F t       (1) 

 

 

Figure 7. Mean cumulative number of task activations (task T10) and mean cumulative number of 
failures (failure reasons F25 and F26) versus time in the session. The thin black line through begin 
and endpoint was included to illustrate that the slopes of the curves remained constant with time. 

 
Integration to obtain cumulative values yields: 
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In which t is the time since a starting moment, f (t ) is the failures per s at time t, F0 is the 
failures per s at t = 0, F (t ) is the cumulative number of failures at time t, and b is the learn-
ing constant. 
 



The learning percentage is defined as: 
 

     θ = 2b     (3) 
 
Best fits for men and women were obtained with reasonably similar learning percentages 
(θ) of 72.2 and 74.6 and with different begin values (F0) of 0.048 and 0.065 respectively. 
This indicates that men and women did not markedly differ in their learning abilities; how-
ever, they started at different initial performance levels. These similarities and differences 
respectively were also observed in other forced-paced tasks. 
 

3.5.2. Self-paced 
Figure 8 shows a similar graph but for the self-paced task driving away during start/ stop 
exercise (T1). During the session, participants had to drive away repeatedly and bring the 
car to a stop for 10 min on an endless straight road. No other vehicles were present and par-
ticipants did not have to steer. It can be seen that the slopes of the dashed grey and black 
curves increase, which can be explained by the fact that participants speeded up, hence in-
creasing the task activation rate. Looking at the mean cumulative number of violations (F4, 
moving the clutch too quickly), it can be seen that the slopes of these lines also increase, 
indicating that (simulation-based) training actually led to an increased number of violations 
per time unit. Similar patterns were observed in other self-paced tasks. 
 

 
 
Figure 8. Mean cumulative number of task activations (task T1) and mean cumulative number of 
failures (failure reason F4) versus time in the session. The thin black lines through begin and end-

points were included to illustrate that the slopes of the curves increased with time. 
 
 
 



 

4. Discussion 
 

4.1. Distinction between violations and errors 
 

Two factors were identified in the automatic recordings of failures in participants who 
completed a simulation-based driver training programme. This two-factor solution ap-
peared to be similar to the violation-error distinction obtained from questionnaires, such as 
the DBQ, that asked respondents about intentional and unintentional driving behaviours. 
Although the main criterion of distinguishing between violations and errors is intention, 
which was not measured in this study, the results support the finding that the extracted fac-
tors represented violations and errors. Factor loadings indicated that differences exist in 
the extent to which a failure can be regarded violation and error, and gender differences 
corresponded with these differences. Men committed more violations and women made 
more errors; the differences being the largest for the failure reasons that loaded highest on 
these scales. This is in accordance with DBQ-studies reporting that men are involved in 
more violations and fewer errors than women (e.g., Reason et al., 1990). Put differently, 
this study showed that it is possible to make a distinction between violations and errors 
without letting participants complete questionnaires; however, previous factor analysis re-
sults of questionnaire responses were needed as a basis. 
 

4.2. Speed in relation to violations and errors 
 

Factor analysis of the MTCTs revealed a factor called paceability, which can be described 
as to what extent the participant’s inclination for speed translates into lower MTCTs. The 
paceability factor distinguishes between forced-paced tasks and self-paced tasks. During 
forced-paced tasks, participants could not (or hardly) influence task completion times be-
cause these were computer-controlled. Participants reduced errors during these tasks, and 
it was found that a power curve was useful to describe the number of errors over time. 
During self-paced tasks, participants generally increase their speed as well as the number 
of violations per time unit. 

Speed, errors, violations, and the number of task activations (failures + successes) were 
closely related. Generally, quicker participants committed more violations, made fewer 
errors, and were involved in more tasks per time unit. It is remarkable that quicker partici-
pants made fewer errors, considering that quicker participants performed more tasks than 
slower participants and that quicker driving induces higher task demands (e.g., Fuller, 
2005). Being quick can therefore be seen as a sign of having good vehicle-handling abili-
ties. Gender differences in speed-scores and error-scores were rather large when consider-
ing that gender differences in mental abilities and choice reaction time are only small (Co-
lom et al., 2000; Lorenz & Manzey, 2001). It is likely that the average male participant 
had more previous practice, for example, with controlling cars in computer games or oth-
erwise. 

 

4.3. Results in a broader perspective 
 

By definition, a simulator does not provide a perfect representation of real driving. Safety 



has a different meaning and the consequence of committing violations is different com-
pared to reality. Moreover, this study focused on a particular subset of people, namely 
youngsters around 19 years old who had the intention of obtaining their driving licence. 
Nonetheless, some results might be relevant to real driving behaviour on the roads. The 
results can clarify why violations cannot easily be prevented by practising (e.g., Hatakka 
et al., 2002) and why driver training cannot be considered an effective countermeasure to 
(speed-related) crashes (e.g., Mayhew & Simpson, 2002). 

In a broader perspective, the results seem to relate to Fitts’ law of human movement 
(Fitts, 1954). Although developed for much simpler tasks than car driving, Fitts’ law states 
that the time needed to complete a movement depends on the level of accuracy and the 
human information-processing capabilities, or put differently, humans can use their capa-
bilities to increase speed at the cost of accuracy or vice versa. In another study, such a 
speed-accuracy trade-off was identified with participants who practised lane-tracking on a 
driving simulator (De Winter et al., 2006d). The present study addressed group averages 
rather than the speed-accuracy trade-offs of individuals. When assuming that training on 
the simulator increases information-processing capabilities regarding the driving task, 
Fitts’ law then predicts that, on average, training results in fewer errors (Figure 7) and 
lower task completion times (Figure 8). In a way, committing a violation is paradoxical, 
because violations mostly relate to the exceeding of speed-related thresholds. When con-
sidering that being quick is a sign of being competent, it requires self-control not to exceed 
the artificial boundary. 

 

4.4. Implications for the development of virtual instructors 
 

The present results can help in defining whether a failure reason is generally the result of 
intentional or unintentional behaviour. This knowledge can help to improve the effective-
ness of virtual instructors, as it allows for task-specific feedback aimed at preventing vio-
lations or errors. A suggestion for rectifying violations in the simulator involves creating 
hazard awareness and establishing knowledge of traffic rules, for example, by means of 
small multimedia “campaigns”. Errors might be prevented by putting emphasis on repeat-
ing the task and giving direct feedback on performance. In view of the fact that being 
quick is a sign of having good vehicle-handling abilities, it might be an interesting idea to 
develop training software that adapts itself to quick students so that they are automatically 
confronted with a more difficult task.  

The violation-error structure explained only 11.9% of the total variance. Communalities 
of several failure reasons were low, indicating that these failures had large task-specific 
(unique) or random variance, unrelated to the skill for preventing errors or the tendency to 
commit violations. From this viewpoint, it could be considered whether tasks such as spot-
ting objects (T14) should be removed from the curriculum. The unique variance of this 
task is probably not of interest, because real car driving does not involve horn pressing 
when objects appear and the number of failures hardly related to performance on other 
tasks. Second, it is recommended to research whether the assessment criteria can be im-
proved so that the number of failures tells more about the driver. For example, stalling the 
engine (F1, F6, F38, F39) turned out to be a relatively rare event with low communalities 
and low mutual correlations, suggesting that it is something that can accidentally happen 



 
to anyone once in a while. Other criteria might be better able to distinguish whether some-
one is good in driving away and stopping the car or not. 

Finally, driver assessment involves more than analysing whether one follows the 
norms. Because (simulation-based) driving is partially a self-paced task, the assessment 
software should not solely concentrate on the state of the vehicle with regard to predefined 
thresholds, but also on the driver’s pace and the number of tasks. Instead of reporting the 
number of failures of a participant, the number of successes should be reported too. For 
the same reason, it is recommended to train not only in short-lasting scenarios, which is 
common practice in many training simulators. Instead, training should take place in long-
er-lasting sessions so that students can choose speed according to their own discretion. 
 

Appendix 
This appendix provides additional information regarding the training software described 
in section 2.2. 

Typically, the complexity of the lessons in the training programme increased progressive-
ly. So, eventually students should be able to handle complex situations and complete them 
without making errors or committing violations. For example, at the beginning of the first 
intersection lesson (lesson 6), participants had to repeatedly drive straight, turn left, and 
turn right, at unsignalised intersections without other traffic. Later intersection lessons 
(lessons 7 through 10) featured more complex tasks, including different types of sig-
nalised and sign-controlled intersections, roundabouts, and autonomous traffic. 

In many of the lessons, there were other cars (agents) driving around autonomously; 
pedestrians and cyclists were present but did not move. Critical conflicts could occur 
with the agents, but there were no pre-programmed or triggered critical conflict scenarios 
or hazard perception scenarios such as in the work of others (e.g., Allen et al., 2007). 
Rather, the lessons were simulations of real-world lessons with a human instructor. In most 
lessons, the routes through the virtual environment were not fixed; for example, when the 
participant turned into a different direction than instructed by the virtual instructor, the 
lesson continued as normal without restarting. 

The recorded tasks clearly do not represent all of the student’s actions during the 15-
lesson training programme; this would be unfeasible because of inherent limitations of data 
storage facilities (see chapters 7–10 for experiments where all data were recorded on a 
frequency of 50 Hz, but with a smaller number of participants and for a few tasks only). 
The data in this chapter represent basic performance records (success or failure and 
task completion time) of primary tasks that were active during the lessons, aggregated 
across similar lessons and/or similar types of tasks. Chapter 4 includes a factor analysis 
that is similar to the factor analysis in chapter 3, but in chapter 4, all recorded data were 
used for each primary task and each lesson block separately. 

It should be noted that it is likely that the final results (i.e., the factor scores) do not depend 
intimately on the functional capabilities of the Green Dino Simulator, because they rep-
resent a weighted average of normalised performance records of many diverse tasks. 
Whereas the score on each item separately depends strongly on its definition and type of 
assessment, the essence of the factor scores is that they aim to be generic. It is expected that 
the speed-score, for example, is a personal characteristic, and that it would correlate sub-



stantially with a speed-score extracted from a different type of simulator. 
More information about the simulator and the virtual instructor can be found in 

Fikkert et al. (2006), Green Dino (2007), Kappé and Van Emmerik (2005), Weevers et al. 
(2003a, 2003b), as well as in chapters 4 and 5. 
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