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Which factors lead to driving errors? A structural 

equation model analysis  through a driving simulator 

experiment 

 
 

Abstract 

 

As driving error is a main contributory factor of road accidents, its causes and consequences are 

of great interest in the road safety decision making process. This paper investigates several 

factors (including driver distraction, driver characteristics and road environment) that affect 

overall driving error behaviour and estimates a new unobserved variable which underlines 

driving errors. This estimation is performed with data obtained from a driving simulation 

experiment in which 95 participants covering all ages were asked to drive under different types 

of distraction (no distraction, conversation with passenger, cell phone use) in rural and urban 

road environment, as well as in both low and high traffic conditions. Driving error was then 

modelled as a latent variable based on several individual driving simulator parameters. 

Subsequently, the impact of several risk factors such as distraction, driver characteristics as well 

as road environment on driving error were estimated directly. The results of this complex model 

reveal that the impact of driver characteristics and area type are the only statistically significant 

factors affecting the probability of driving errors. Interestingly, neither conversing with a 

passenger nor talking on the cell phone have a statistically significant impact on driving error 

behaviour which highlights the importance of the present analysis and more specifically the 

development of a measure that represents overall driving error behaviour instead of individual 

driving errors variables.  

 

Keywords: road safety, driving error, driving simulator, driver distraction, structural equation 

model 
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INTRODUCTION 

 

One of the most appropriate definitions regarding human factors error is proposed by Senders 

and Moray [1] who suggest that error is something that was done which was either: not intended 

by the actor; not desired by a set of rules or an external observer; or that led the task system 

outside of its acceptable limits. Human errors can therefore be defined as any mental or physical 

activity, or failure to perform activity, that leads to either an undesired or unacceptable outcome 

[2].  

 

Driving error has long been a focus of road safety research. As a result, a range of methods have 

been developed to specifically measure this concept, including the Driver Behaviour 

Questionnaire [3] and the Wiener Fahrprobe method [4]. Estimates suggest that driving error is a 

causal factor in 75% [5], and in some cases even up to 95% [6] of road accidents and, thus, is a 

significant contributor to road accidents.  

 

Hakamies-Blomquist [7] classified the direct causes of road accidents in four categories:  

incapacity of action, observation error, estimation error and driving error. Moreover, driving 

errors contributing to road accidents can be classified in four new categories: recognition errors 

(inadequate surveillance, internal distraction, and external distraction), decision errors (speeding, 

Illegal manoeuvre, aggressive driving) performance errors (overcompensation, Poor directional 

control) and critical non-performance errors (fatigue, sleeping, physical impairment) [6, 8]. 

 

In the last decades, there has been a large focus on investigating the connection between 

distraction and driving error, a link which is often not clear. In particular, there is no consensus 

regarding whether distraction is viewed as a driving error in itself or one of a number of causal 

factors that leads to errors [9]. The term distraction is defined as “a diversion of attention from 

driving because the driver is temporarily focusing on an object, person, task or event not related 

to driving, which reduces the driver’s awareness, decision making ability and/or performance, 

leading to an increased risk of corrective actions, near-crashes, or crashes” [10].    

 

A number of studies list distraction as the driving error, rather than as a causal factor [11, 12, 

13]. These studies do not consider what the error type following the distraction episode is; thus, 

offering little insight into the nature of the errors associated with distracted driving. According to 

these studies, if a distracted driver was unable to stop at a red traffic signal, their failure to see 

the traffic signal following the distraction would not be captured; rather, the distraction itself 

would be listed as the error.  

 

Other studies list distraction as a casual factor in driving errors, but do not investigate the 

mechanisms by which distraction contributes to driving errors [14, 15]. Wierwille et al. [15] list 

in-vehicle (mobile phone use, conversation with the passenger, eating/drinking, smoking etc.) 

and external (pedestrians, traffic control, advertising signs animals, etc.) distraction as one of the 

factors contributing to recognition errors, but do not indicate how distraction contributes to these 

errors. A thorough review of Young and Salmon [9] provides unique insights into the nature of 

errors made by distracted drivers under real-world driving conditions. The authors of this study 

stated that driving errors are common even under undistracted conditions but are significantly 

more pronounced when drivers are distracted. It was also revealed that the profile of errors made 
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by distracted and undistracted drivers was very similar, suggesting that, at least for drivers 

distracted by a low demand visual task, the errors made differ in degree, but not in type 

compared to the errors made when not distracted. 

 

Two more studies that have examined the nature of errors made by drivers found evidence that 

distraction is one of a number of factors that contribute to drivers committing errors [14, 16]. In 

an in-depth examination of 474 crashes, Staubach [14] found that a significant number of 

crossroads, lane departure and same direction crashes were the result of errors caused by the 

driver being distracted. Likewise, Sandin [16] sought to identify the factors underlying the most 

common errors and violations occurring at intersections (i.e., a failure to yield, or running a 

traffic light or sign). This report indicated that distraction contributed to a range of the errors 

occurring at intersections including missing a sign or traffic signal, misjudging the timing of 

amber lights, and a failure to see other vehicles. 

 

Based on the above literature review on the scientific field of driving error and its relationship 

with driver distraction, some basic limitations can be identified. The first concerns the 

experimental process. Although the majority of driver distraction research has been performed 

with the use of driving simulators, as they allow for the examination of a range of driving 

performance measures in a controlled, relatively realistic and safe driving environment [17, 18] 

there are very few driving simulator experiments investigating driving errors. A second key 

finding concerns the statistical analysis methodologies implemented in driving performance and 

driving error studies. Latent model analysis and more specifically structural equation models 

have been very rarely implemented when investigating the causal factors of in the field of 

driving errors. This means that when the focus is on driving errors, most research studies 

determine individual performance parameters that are related to errors but cannot attribute them 

to an overall driving error behaviour. 

 

Structural equation models (SEM) have been previously applied to many areas of transportation 

including transit system quality of service analysis [19], travel behavior modeling [20], mode 

choice modeling [21], driver behavior modeling [22] and public acceptability analysis of new 

technologies for traffic management [23]. SEM models may be viewed as a generalized case of 

multivariate classical statistical models and suffer from similar constraints as classical statistical 

models. However, they outperform other techniques due to their ability to treat auto-correlated 

errors, non-normal data and latent variables [19].  

 

The objective of this paper is to investigate and quantify the effect of distraction (cell phone use 

and conversation with a passenger), driver as well as road environment characteristics in driving 

error within the framework of a driving simulator experiment. This study develops an innovative 

statistical analysis methodology, which consists of descriptive statistics, factors analysis as well 

as latent model analysis. In the next sections, the driving simulator experimental setup is 

described, and the statistical analysis methodology is presented. Finally, the results of the study 

are discussed, and future work is outlined. 
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METHODOLOGY 

 

Sample 

The driving simulator experiment included 95 participants, who started the driving simulator 

experiment (even if they didn’t complete it). Table 1 presents the demographic, and experience 

distribution of the participants. It is shown that almost half of the participants are males (47) and 

half females (48) indicating that the there is a total balance in the sample regarding gender. 

Furthermore, in order to investigate age characteristics, three age groups were created. Out of the 

95 participants, 28 were young drivers aged 18-34 years old, 31 were middle-aged drivers aged 

35-54 years old and 36 older drivers aged 55-75 years old. In addition, the average years of 

education were 15.5 for the whole sample while the average years of driving were 25.5, 

indicating that the majority of participants were experienced drivers. 

 
Table 1 Distribution of participants per age group and gender 

 

Age group Female Male Total 
Years’ 

Education 

Years’ 

Experience 

18-34 9 19% 19 40% 28 29% 16 6 

35-55 19 40% 12 26% 31 33% 15 25 

55+ 20 42% 16 34% 36 38% 14 37 

Total 48 100% 47 100% 95 100% - - 

 

 

Experiment design 

 

The experiment took place within the framework of the “DISTRACT” research project, titled 

“Analysis of causes and impacts of driver distraction”, which investigated endogenous and 

exogenous causes of driver inattention and distraction and their impacts on driver behaviour and 

safety [24]. The driving simulator experiment included different driving scenarios. The design of 

the distracted driving scenarios was a central component of the experiment and included driving 

in different road and traffic conditions, such as in a rural, urban area with high and low traffic 

volumes [25].  

 

More specifically, the experiment included six individual trials on an urban driving session and 

another six individual trials on a rural driving session. These trials aimed to assess driving 

performance under typical conditions, with or without external distraction sources. The driving 

simulator experiment took place at the Department of Transportation Planning and Engineering 

of the National Technical University of Athens, where the Foerst Driving Simulator FPF was 

located. This driving simulator was a quarter-cab simulator with a motion base. The driving 

simulator consisted of 3 LCD wide-screen 40 in. (full high-definition), total angle view 170°, 

driving position, and support base. The dimensions at full development were 230 × 180 cm with 

a base width of 78 cm. It featured an adjustable driver seat, 27-cm-diameter steering wheel, 

pedals (throttle, brake, clutch), dashboard, and 2 external and one central mirror that appeared on 

the side and on the main screen and displayed objects and events that were happening behind the 

“vehicle” in real time. 
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The design and implementation of a large driving simulator experiment consisted the basis of the 

originality of the overall research and it was based on literature reviews aiming to deal with the 

majority of limitations that have been noted in the assessment of the examined simulator studies 

on driver distraction. The basic limitations found in the literature that the present experiment 

tackled were the following: a large and representative sample, randomization of driving trials, 

adequate practice drive and investigation of an optimum number of driving factors [26]. The 

overall methodological procedure consisted of the following steps: 

 

Instructions 

The first step of the procedure was to inform the participant orally and in writing about the full 

procedure of the experiment (completion of the questionnaire, total duration, driving preparation 

etc.). The need to maintain their usual driving behaviour without being affected from any other 

factors (stress, fear, etc.) was emphasized to the participants. 

 

Practice drive 

A familiarization session or “practice drive” is typically the first step of all driving simulator 

experiments. During the practice, the participant practiced handling the simulator (starting, gears, 

wheel handling etc.), keeping the lateral position of the vehicle, maintaining constant speed 

appropriate for the road environment as well as braking and stopping the vehicle. When all 

criteria mentioned above were satisfied (there was no exact time restriction), the participant 

moved on to the next phase of the experiment. 

 

Experimental process 

After the practice drive, each participant drove two sessions (~20 minutes each). Each session 

corresponded to a different road environment:   

 A rural route that was 2.1 km long, with mixed traffic, lane width 3 m, zero gradient and mild 

horizontal curves (Figure 1).  

 
Figure 1. Rural route 

 

 
 

 An urban route that was 1.7km long, with mixed traffic, separated by guardrails, and lane 

width 3.5m. Moreover, narrow sidewalks, commercial uses and parking were available on the 

roadside (Figure 2). 

 
Figure 2. Urban route 
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Within each area type, two traffic scenarios and three distraction conditions were examined in a 

full factorial within-subject design. The distraction conditions examined were driving while 

conversing with a passenger, driving while conversing on a cell phone and undistracted driving 

 

The traffic demand scenarios were:  

 QL: Moderate traffic conditions – with ambient vehicles’ arrivals drawn from a Gamma 

distribution with a mean of 12 sec, and variance of 6 sec2, corresponding to an average traffic 

volume of 300 vehicles/hour. 

 QH: High traffic conditions – with ambient vehicles’ arrivals drawn from a Gamma 

distribution with a mean of 6 sec, and variance σ2=3 sec2, corresponding to an average traffic 

volume of 600 vehicles/hour. 

 

In total, each area (urban or rural) included six trials, i.e., six drives of the simulated route. In 

Table 2, the design parameters of the driving simulator experiment are summarized. 

 
Table 2 Design parameters of the driving simulator experiment 

 

 
Road Traffic Conditions 

 
Urban Area Rural Area 

Distraction Sources QL QH QL QH 

No Distraction √ √ √ √ 

Cell Phone √ √ √ √ 

Conversation  

With Passenger 
√ √ √ √ 

 

Furthermore, in order to remove bias and other sources of extraneous variation that are not 

controllable, randomization in the driving trials was implemented. In particular, randomization 

was used to determine which area type (urban/rural) the participant was going to drive, as well as 

in the order of the traffic scenarios and distraction scenarios presented to the driver. As a result, 

half of the participants drove first in the rural and then in the urban area while the rest drove first 

in the urban and then in the rural area. 

 

Finally, as mentioned above, each driving trial introduced a different driving distraction factor 

and different level of traffic volume. The trials that included conversation as a distractor covered 

the following topics: family, origin, accommodation, travelling, geography, interests, hobbies, 
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everyday life, news, business. One researcher was responsible for performing all the distraction 

tasks during the experiment by sitting as a passenger near the simulator or calling the participant 

on his mobile phone. 

 

Questionnaire 

After the driving simulator experiment, each participant was requested to fill in a questionnaire 

that included questions on their driving habits and behaviour. The questions were chosen 

carefully on the basis of the existing literature on drivers’ self-reported behaviour [27, 28]. The 

sections of the questionnaire were: demographic characteristics, driving experience - car use, 

self–assessment, distraction-related driving habits, emotions and behaviour of the driver, anger 

expression inventory during driving, history of accidents, near misses, and traffic violations 

 

Analysis Methods  

 

To achieve the research an advanced analysis methodology has been developed exploiting a set 

of existing and advanced statistical models. The selected statistical analysis methods included the 

implementation of factor analysis as well as structural equation models. 

 

An exploratory factor analysis is used in the early investigation of a set of multivariate data to 

determine whether the factor analysis model can provide a parsimonious way of describing and 

accounting for the relationships between the observed variables. Factor analysis is a close 

relative of principal components analysis. It was developed early in the twentieth century with 

the intent to gain insight into psychometric measurements, specifically the directly unobservable 

variable intelligence [29]. The aim of the analysis is to reduce the number of p variables to a 

smaller set of parsimonious K<P variables. The objective is to describe the covariance among 

many variables in terms of a few unobservable factors. Factor analysis is related to principal 

component analysis (PCA), but the two are not identical. Latent variable models, including factor 

analysis, use regression modelling techniques to test hypotheses producing error terms, while 

PCA is a descriptive statistical technique [30]. 

 

Interpretation of factor analysis is straightforward. Variables that have high factor loadings are 

thought to be highly influential in describing the factor, whereas variables with low factor 

loadings are less influential in describing the factor. Inspection of the variables with high factor 

loadings on a specific factor is used to uncover structure or commonality among the variables. 

The underlying constructs that are common to variables that load highly on specific factors 

should then be determined [31]. For the purpose of the present study, a maximum likelihood 

(ML) factor analysis was developed through the factanal function in R Statistical program. 

 

Within the present research, the scope of this analysis was to determine which observed variables 

are highly correlated with the common factor of driving error and how many common factors 

were needed to provide an adequate description of the data. In the second step of the overall 

methodology, structural equation models were used which belong to latent model analysis.  

 

This type of analysis is used to deal with several difficult modeling challenges, including cases in 

which some variables of interest are unobservable or latent and are measured using one or more 

exogenous variables [31]. Structural equation models have two components, a measurement 
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model and a structural model. Like factor and principal components analyses, SEMs rely on 

information contained in the variance-covariance matrix. Similar to other statistical models, the 

SEM requires the specification of relationships between observed and unobserved variables. 

Observed variables are measured, whereas unobserved variables are latent variables – similar to 

factors in a factor analysis – which represent underlying unobserved constructs 

 The measurement model is used to determine how well various measured exogenous variables 

measure latent variables. A classical factor analysis is a measurement model and determines 

how well various variables load on a number of factors or latent variables. The measurement 

models within a SEM incorporate estimates of measurement errors of exogenous variables 

and their intended latent variable.  

 The structural model represents how the model variables are related to one another. SEMs 

allow for direct, indirect, and associative relationships to be explicitly modeled, unlike 

ordinary regression techniques with implicit model associations.  The structural component of 

SEMs enables substantive conclusions to be made about the relationship between latent 

variables and the mechanisms underlying a process or a phenomenon [31].  

 

The basic equation of the latent variable model is the following [32]: 

 

Η = Β η + Γ ξ + ζ 

 

in which η (eta) is an (m×1) vector of the latent endogenous variables, ξ (xi) is an (n×1) vector of 

the latent exogenous variables, and ζ (zeta) is an (m×1) vector of random variables. The elements 

of the Β (beta) and Γ (gamma) matrices are the structural coefficients of the model; the Β matrix 

is an (m×m) coefficient matrix for the latent endogenous variables; the Γ matrix is an (m× n) 

coefficient matrix for the latent exogenous variables. 

 

The basic equations of the measurement model are the following: 

 

x = Λxξ +δ, for the exogenous variables, 

 

y = Λyη +ε, for the endogenous variables 

 

in which x and δ (delta) are column q-vectors related to the observed exogenous variables and 

errors, respectively; Λx (lamda) is a (q × n) structural coefficient matrix for the effects of the 

latent exogenous variables on the observed variables; y and ε (epsilon) are column p-vectors 

related to the observed endogenous variables and errors, respectively; Λy is a (p×m) structural 

coefficient matrix for the effects of the latent endogenous variables on the observed ones. 

 

Furthermore, a very useful tool for the interpretation of the results is path analysis. The 

quintessential feature of path analysis is a diagram showing how a set of explanatory variables 

can influence a dependent variable under consideration. The way the paths are drawn determines 

whether the explanatory variables are correlated causes, mediated causes, or independent causes. 

Finally, although model Goodness-of-Fit measures are an important part of any statistical model 

assessment, Goodness-of-Fit measures in SEMs are an unsettled topic, primarily as a result of 

lack of consensus on which Goodness-of-Fit measures serve as “best” measures of model fit to 

empirical data [33]. Several research studies are implemented discussing these debates and a 
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multitude of SEM Goodness-of-Fit methods [34, 35,36]. One of the most common goodness-of-

fit measures is standardized root average square residual (SRMR), which is an index of the 

average of standardized residuals between the observed and the hypothesized covariance 

matrices. Values of the SRMR range between zero and one, with well-fitting models having 

values less than 0.08 [32]. 

 

RESULTS 

 

The final dataset obtained from this study consisted of several types of variables regarding driver 

characteristics, parameters extracted from the questionnaire as well as parameters extracted from 

the driving simulator and included driving error and driving performance variables. Driver 

performance parameters included 23 numeric variables such as average speed, lateral position, 

reaction time etc. that are were included in the present research as they were out of the scope of 

this analysis. On the contrary, the driving simulator collected data in each trial for 7 variables 

that were defined as driving error variables and were used in the analysis. 

 

Table 3 presents the type of each driving error variable, the minimum, maximum, and average 

values, per driving trial, giving a clear picture of the overall database that was used in the 

analysis. It should be noted that in total 438 trials were implemented by the participants. 

  
Table 3. Variables’ characteristics 

 

Variable Description Type Min Max Average 

Hit Of Side Bars       
how many times per trial, the vehicle hit the 

sidebars in the right 
Integer 

0,00 8,00 0,39 

Outside Road Lines   
how many times per trial, the vehicle 

crossed over road lines 
Integer 

0,00 2,00 0,01 

High Rounds Per 

Minute 

how many times per trial, the rounds per 

minutes of the motor exceeded 5000 
Integer 

0,00 13,00 0,34 

Sudden Brakes        
how many times per trial, the driver braked 

suddenly 
Integer 

0,00 9,00 2,32 

Speed Limit 

Violation 

how many times per trial, the vehicle 

exceeded the speed limit 
Integer 

0,00 6,00 0,19 

Engine Stops 
how many times per trial, the engine of the 

vehicle stopped 
Integer 

0,00 11,00 1,05 

Slow Rounds Per 

Minute 

how many times per trial, the rounds per 

minutes of the motor were less than 1000 
Integer 

0,00 4,00 0,11 

 

In the first step, a factor analysis was implemented in which seven driving performance variables 

were considered. Table 4 presents the loadings of the respective variables, which indicate how 

much each variable explains the driving error factor.  

 

Table 4. Driving error factor analysis loadings 

 

Variables Loading 

Hit of Side Bars 0.54 
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Outside Road Lines 0.44 

High Rounds Per Minute          0.43 

Sudden Brakes   0.17 

Speed Limit Violation         0.08 

Engine Stops 0.14 

Slow Rounds Per Minute                0.22 

  

Summary statistics  

ss loadings 0.73 

proportion var 0.10 

cumulative var 0.36 

Test of the hypothesis that 1 factor is sufficient  

chi square statistic  
104.7 on 14 

degrees of freedom 

p-value  

 5.91e-16 

  

 factor 1 

Interpretation Driving error 

 

 

The results indicated that the hypothesis test that one factor can underline participant driving 

errors is true. The specific variables that have the highest loadings in this factor analysis, i.e., the 

ones that tend to better explain the new ‘Driving Error” factor were the “Hit of Side Bars”, 

“Outside Road Lines”, and “High Rounds per Minute”. 

 

As discussed earlier, factor analysis was the first step of the overall analysis aiming to estimate 

which variables obtained from the driving simulator experiment have the biggest estimated 

impact on the unobserved driving error variable. In the second and most important step of the 

analysis, driving error was defined as a new unobserved variable for latent analysis purposes and 

SEMs were used for the investigation of the effect of driver, road, and traffic characteristics, as 

well as driver distraction directly on driving error. The estimation results of the SEM are 

presented in Table 4.  
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Table 4 Estimation results of the driving error SEM 

 

 

Estimate Std Error t-value P(>|z|) 

Driving Error     

Hit Of Side Bars 1.000 - - - 

Outside Road Lanes 0.741 0,257 2.887 0.004 

High Rounds Per Minute 0.680 0,243 2.803 0.005 

     

Regression     

Driving errors     

Gender - Female 0.359 0,076 4.739 0.000 

Age 0.031 0,009 3.393 0.001 

Area - Urban -0.393 0,062 -6.383 0.000 

Experience -0.030 0,010 -3.050 0.002 

Education -0.021 0,010 -2.167 0.030 

     

Summary statistics     

  Minimum Function Test  62.19   

 Degrees of freedom 10    

     

Goodness of fit     

  SRMR 0.032   

  

It is shown that the unobserved (latent) variable which reflected driving error was estimated 

based on three variables: how many times per trial, the vehicle hit the sidebars in the right, how 

many times per trial, the vehicle crossed over road lines and how many times per trial, the rounds 

per minutes of the motor exceeded 5000.  

 

The obtained value of SRMR (0.032) for this model is statistically accepted (<0.08) proving that 

the overall SEM is suitable. The path diagram of the developed model is presented in the Figure 

3. It should be noted that green lines express a positive correlation between the variables while 

red lines express a negative one. Furthermore, dashed lines indicate which variables create the 

latent one (first part of the SEM) while continuous lines indicate which variables exist in the 

regression part of the SEM. Finally, the label values represent the standardized parameter 

estimates. 
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Figure 3 Path diagram of the driving error SEM  

 

 
 

 

Model results indicated that driving error (latent variable) was positively correlated by three 

driving simulator variables (number of hit of side bars, number of outside road lanes, and 

number of  high rounds per minute) as represented by the dashed lines of the figure above. It 

should be noted that the creation of the unobserved variable was in absolute agreement with the 

respective explanatory factor analysis presented earlier. 

 

For the structural part of the SEM, driving error was the dependent variable while the 

independent variables included road environment characteristics (area type) as well as driver 

characteristics (age, gender, experience, education). It is also important to mention that several 

SEM attempts took place before coming to the final model pesented above. In these attempts 

several other variables were not found to have a statistically significant effect on the model and 

were omitted on the final one. These included the distraction sources examined during the 

experiment and traffic characteristics. 

 

Interpretating the results, an interesting finding is the absence of distraction factors indicating 

that neither conversing with a passenger nor talking on the cell phone has a statistically 

significant impact on driving errors. This finding however does not indicate that the examined 

driver distraction sources do not lead drivers to committing errors at all. Driver distraction may 

contribute to errors through a range of means: by affecting cognitive processes such as 

perception, planning, decision making, and situation awareness, as well as by interfering with 

vehicle control tasks. However, based on the findings of this study the effect of driver 

characteristics as well as area type is much higher than the effect of distraction on driving errors.  

 

Female as well as older drivers were found to be more prone to driving errors, while the 

parameters of experience as well as education were, as expected, countervailing factors regarding 

driving errors. Finally, the road environment results reveal that traffic conditions do not have a 

statistically significant effect on driving errors, while in rural areas drivers are more likely to get 

involved in risky driving situations due to their own driving errors.  
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CONCLUSIONS 

 

Overall, the proposed methodological approach and statistical techniques of the present research 

provide new insights on driver behaviour and safety. The added value of the methodology, 

through the consideration of latent variables and the implementation of SEMs, is found to be 

useful and promising [25], allowing in the present research to explore a new approach to the 

investigation of driving error. 

 

Focusing on driver distraction, a first very interesting finding of the present research is that, 

neither conversing with a passenger nor talking on the cell phone have a statistically significant 

impact on driving error compared with other driver and road characteristics. This finding which 

was not previously identified in the literature highlights the importance of the present analysis 

and more specifically the development of a measure that represents overall driving error 

behaviour instead of individual driving errors. In Young and Salmon [9], where a critical review 

examining the relationship between driver distraction and driving errors took place, the authors 

examined several papers where individual driving errors have been assessed (i.e. wrong action, 

wrong assumption, failure to observe, misunderstood information etc.). The authors state that 

although it makes intuitive sense that being distracted can lead to drivers making a range of 

errors, there is currently a limited understanding of the relationship between driver distraction 

and driver error and how other factors, such as environmental, vehicle or road infrastructure 

design, can moderate this relationship. For example, Sandin [16] found that distraction 

contributed to a range of errors occurring at intersections including missing a sign or read traffic 

signal, misjudging the timing of amber lights, and failure to see other vehicles. Other taxonomies 

do list distraction as a casual factor in driver errors, but do not indicate the mechanisms by which 

it contributes [14, 15].  

 

Based on the above, there is no research investigating the effect of distraction on overall driving 

error behaviour and this is a very critical finding of the current research which supports the fact 

that neither conversing with a passenger nor talking on the cell phone have a statistically 

significant impact on driving errors. Consequently, the increased accident risk of distracted 

driving may be due to other factors than their errors (e.g. inability to cope with the errors of other 

drivers or other unexpected incidents). 

 

On the other hand, this study confirms the initial hypothesis that driving error is deeply 

correlated with driver characteristics [37, 38, 39]. More specifically, gender, age, education as 

well as driving experience were shown to have the highest effect on driving error in the present 

research. Gender and age have a positive sign indicating that female drivers as well as older 

drivers are more likely to perform driving errors. Furthermore, young drivers have better mental 

and physical characteristics than older drivers reducing their likelihood of commiting errors even 

when distracted. On the other hand, both drivers’ experience and education have a negative sign 

indicating that a more experienced and more educated driver is less likely to perform driving 

errors. This finding probably means that both these driver characteristics help the driver properly 

handle a potentially hazardous situation and protect him from committing an error. 

 

With regards to the driving environment only the area type was found to significantly affect 

driving errors as in rural areas drivers are more likely to get involved in risky driving situations. 
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This finding is in line with the literature [40] and indicates that in rural area drivers achieve 

higher speed compared to urban areas and in addition may be less concentrated due to the usually 

longer duration of their trips, leading to driving errors. 

 

Based on the above and considering that by the successful implementation of SEMs, driving 

error behaviour is assessed in terms of the overall performance and not through individual 

measures, a direct contribution relies on the development of a driving profile that is more prone 

on committing driving errors. More specifically, more likely to commit errors are female older 

drivers with low education level and low experience driving in rural area. This finding can 

potentially contribute to a significant reduction of road accidents and fatalities, if it will be 

exploited by the authorities to implement appropriate road safety policy directions focusing on 

driving error behaviour. 

 

The next steps of the present research include further developing the structural equation models 

and applying them in more general driving behaviour scientific fields. As an example, the effect 

of several other parameters such as fatigue or alcohol can be estimated on the unobserved 

variables, which underline driving performance or accident risk. In addition, several other latent 

variables can be created and examined (e.g., accident risk), by developing appropriate 

experiments that can assist with answering specific research questions. 
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