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Abstract

Taxi drivers are a group with high driving exposure and are involved in a significant
number of urban traffic casualties. Using two modelling approaches, this study examines
whether the intention to speed, as measured by the Theory of Planned Behaviour (TPB),
can better fit a crash frequency model than errors or lapses as measured by the Driving
Behaviour Questionnaire (DBQ). Data from 1000 drivers in Tehran was collected through
questionnaires. The crash prediction model included a cross-sectional model using negative
binomial (NB) regression methods and a tree regression model from a previous study. In the
last three years, the drivers had been involved in 544 road crashes, and of those, 42 resulted
in serious injuries. Due to the rare and random nature of crashes, the empirical Bayesian
(EB) method was used for model testing. Comparing AIC and BIC showed that zero-inflated
NB (ZINB) models performed better. The final selected model was the intention-based
ZINB model without the age variable. The coefficients for intention, exposure, and driver
experience were 0.205, 0.103, and —0.443, respectively. The high EB coefficients indicated
strong reliance on predicted crash values. The conclusion is that road crashes are closely
related to taxi drivers’ intention to speed rather than errors and lapses. This indicates that
it can be described as a traffic violation, rather than a mistake. Therefore, significant efforts
are required to increase compliance with speed limits and reduce road crashes. Further
education and high-quality campaigns are essential elements to achieve this goal.

Keywords: expected crash frequency; theory of planned behaviour; crash frequency model;
negative binomial; overdispersion

1. Introduction

According to WHO estimates [1], 1.19 million deaths occur in traffic each year. The
level of income is related to road traffic deaths, and more than 90% of road traffic deaths
occur in low- and middle-income countries. The average rate of death per 100.000 in low-
income countries is 27.5, which can be compared with 8.3 deaths per 100.000 in high-income
countries [1,2]. In Iran, which is often described as a middle-income country, the rate of
road traffic fatality is 20.5 per 100,000 inhabitants [2]. This is the third-highest rate amongst
other middle-income countries [3]. Due to the high amount of traffic exposure (travelled
distance, high workloads, and traffic maneuvers) in urban areas, taxi drivers may account
for a significant part of crashes. A study showed that the frequency of unsafe behaviours
was observed in 52.5% of taxi drivers in Tehran [4]. Through telematics monitoring with
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2,644,846 datapoints in Tehran, Tavolinejad et al. [5] showed that taxi drivers were more
likely to exceed speed limits in non-camera zones. The maximum urban speed limit in
Iran is set at 60 km/h. The law on urban speed limits for passenger cars and motorcycles
is weak in Iran, in the sense that there is a law, but urban speed limits are higher than
50 km/h [6]. In urban roads, the average excess speed above the limit speed is reported to
be more than 30 km/h. Local authorities have no discretion when it comes to changing
speed limits. Additionally, there are no national speed reduction targets.

The causation of road crashes is complex and involves several interacting factors.
Broadly speaking, they can be categorized into three general factors: human, environmental,
and vehicle-related factors. Human factors (HF) play a significant role in the causation of
crashes, and it has been estimated that HF aspects are involved in more than 90% of crashes
and that it is the absolute cause of road crashes in more than 50% of the crashes [7-10].
Various crash models have been presented, and one of the aims has been to determine
the relationship between HF and crash rate. For instance, Cantor et al. [11] focused on
truck drivers’ characteristics and their safety performance, but also the condition of the
vehicle. The findings showed that past crashes, driver’s age, gender, job stability, and the
condition of the vehicle were significantly related to the probability of a crash. Das et al. [12]
conducted a similar study aimed at developing a crash prediction model to estimate the
probability of future crashes for at-fault drivers. They used a logistic regression method
and eight years of crash data. Besides human factors, the model included other variables
such as characteristics of the roadway, the environment, and the vehicle. The final model
was able to predict 62.4 percent of at-fault crashes in the upcoming year. By distinguishing
the distal (i.e., personality factors) and proximal (i.e., aberrant driving behaviours) factors
in predicting traffic accident involvement, Stimer [13] indicated that while aberrant driver
behaviours yielded a direct effect on accident involvement, psychological factors yielded
an indirect effect mediated by driver behaviours. Meanwhile, distal factors predict crash
involvement directly and indirectly through errors, violations, and hazard monitoring [14].
Using a Classification and Regression Tree (CART) method, Tinella et al. [15] determined
the sociodemographic and psychological profiles of drivers with a history of motor vehicle
crashes. They suggested that road trauma analysis should focus on both distal and proximal
driver-related factors.

However, classifying crashes into at-fault and not at-fault based on crash-related
variables is problematic. For instance, to judge if an improper maneuver or disregarding a
traffic sign is intentional or not is very difficult without having more background informa-
tion from the driver. Thus, to reduce crash frequency, a thorough understanding of factors
that contribute to crashes is necessary when designing appropriate interventions.

1.1. Driver Behaviour Questionnaire (DBQ)

Understanding driver behaviour and various contributing factors was the aim of
researchers at Manchester who first developed a self-reported questionnaire measuring
human factors (Driving Behaviour Questionnaire, DBQ; Ref. [16]). Reason et al. [16]
originally distinguished between three distinct behaviours: errors, lapses, and violations.
Errors could be a failure to see an oncoming vehicle or a misjudgment of its speed. Lapses
could include failing to put in the right gear when driving away from a traffic light or
having no clear recollection of the road just travelled. Violations describe drivers’ improper
actions performed consciously, such as speeding or driving close to the car in front as a
signal to its driver to go faster or get out of the way [17].

Subsequently, the DBQ has been widely used across several cultural contexts [18-30].
In general, the respondents included in these studies are drawn from the general population,
although some studies have focused on commercial taxi drivers [19-33]. In general, studies
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using the DBQ replicate the three-factor structure (errors, lapses, and violations), although
some studies have presented a four or even a five-factor structure. For instance, a four-
factor solution with violations being split into two, ordinary and aggressive, has been
found [33-35]. Similar results were also presented by Parishad et al. [26], who focused on
Iranian drivers. In their study, the four factors included: violations, aggressive behaviour,
dangerous errors, and lapses. Aberg and Rimmé [18], on the other hand, found two
different errors: inattention and inexperienced error. A five-factor solution was presented
by Maslac¢ et al. [21], including errors, ordinary violations, positive behaviour, aggressive
violations, and lapses. Furthermore, errors and lapses are not always separated into two
different factors. For instance, Gras et al. [36] demonstrated that one factor included a
mixture of lapses and errors. The reason for these mixed results remains unclear, although
it is possible that cultural factors, which in turn influence cultural norms and attitudes,
play an important part [26,37,38].

The relationship between the factors included in the DBQ and crash involvement
has been assessed. However, some studies have found that the effect of violations on
crashes, rather than errors and lapses, tends to be greater [16,23,30,36-43]. This might not
be surprising, since one of the behaviours resulting in high scores on violations is speeding,
which increases the risk of being involved in a crash [44,45]. In contrast, in two studies,
one included Ghanaian drivers and the other Iranian drivers, found that both violations
and errors predicted crashes [24,46]. This is in line with the results from a meta-analysis
including 174 DBQ studies stating that errors and violations were more or less equal in
their prediction of self-reported accidents [47].

Other data, such as driving experience and exposure (KMs driven per week), have
also been included in order to increase the model’s predictive power. This is then consistent
with studies which have stated that exposure to road environments is one of the main
variables used to estimate the frequency of crashes [48-50]. Some have even suggested that
exposure is more effective at predicting crashes than, for instance, self-reported behaviour
as measured by the DBQ [51].

Even though the results of DBQ are not always consistent, it has useful practical
implications since it helps us to understand if unsafe driving behaviour is intentional or
unintentional. That means that it clarifies the type of human factors involved, which in turn
indicates what countermeasures to take when wanting to change the behaviour. However,
it does not explain why the actions are taken by the driver. Different theories have been
developed to try to understand the motives behind the actions, and the Theory of Planned
Behaviour (TPB) [52] is one that has been widely used to increase our understanding of
what it is that predicts traffic violations (e.g., [53-56]).

1.2. Theory of Planned Behaviour (TPB)

The TPB predicts that overt behaviour is a function of behavioural intention, which in
turn is a function of attitude, subjective norm, and perceived behavioural control. Intention
has a central role within the TPB theory and is generally regarded as a sufficient immediate
cause of behaviour. Attitude describes the respondents’ positive or negative evaluation
of the behaviour. Subjective norm deals with the impact of the social environment on
behaviour. It is described as the individual’s perception of other people’s reaction to them
performing or not performing a certain behaviour. A reaction sometimes described as a
form of social pressure [57]. Perceived behavioural control refers to a person’s perception
about his/her own capability to perform an act. Intention is used as a substitute for
behaviour, and according to the theory, it is most likely that behaviour will be performed
if the intention to perform a unique behaviour is strong [52]. If the constructs within the
TPB have been appropriately measured, then it is believed that intention “should be able to

https://doi.org/10.3390/safety12030080


https://doi.org/10.3390/safety12030080

Safety 2026, 12, 80

4 0f27

predict specific behaviours with considerable accuracy” [57]. Moreover, the theory outlines
various antecedents, or indirect measures, of attitude, subjective norm, and perceived
behavioural control. For example, a person’s overall attitude is shaped by their beliefs about
the attitude object. Theoretically, this is described as a combination of behavioural beliefs
and outcome evaluations: the former refers to the perceived consequences of performing
the behaviour, while the latter concerns how these consequences are assessed. These beliefs
may be directly linked to intention, and therefore the theory can be tested using either
direct or indirect measures [58].

The majority of studies using the TPB tend to include self-reported behaviour, rather
than observed, which can be seen as a weakness. However, some evidence has been
presented which confirms the relationship between observed behaviour and intention
(e.g., [55-58]). In the study by Elliot et al. [59], participants’ behaviour was assessed using
a driving simulator one week after they completed a survey. The study by Warner and
Aberg [60] measured drivers’ speed using a GPS over a period of up to four weeks. The
results from these two studies showed that the model was able to explain 28% to 36% of
the speeding variance. Hai et al. [61] and Somoray et al. [62] presented the results from
an extensive meta-analysis including more than 100 records. The results showed that the
correlation between intention and behaviours in driving behaviours was between 0.58
and 0.68. For speeding alone, the correlation was 0.61 [62]. Furthermore, Elliot et al. [59]
also demonstrated that self-reported behaviour and observed behaviour were strongly
correlated, suggesting that the former is a good proxy for the latter. When it comes to the
relationship between intention and road crashes, even fewer studies have been conducted.
This is likely because such crashes are rare and would require a very large sample size.
Another way to address this issue is to focus on professional drivers with high driving
exposure, such as taxi drivers, who account for a significant number of traffic fatalities
(e.g., [63]). This is due not only to their high driving exposure (e.g., [64]) but also to aberrant
driving behaviour [33].

1.3. The Aim

The aim of the study was to examine factors from the Theory of Planned Behaviour
(TPB), the Driving Behaviour Questionnaire (DBQ), and demographic variables—such as
age, driving experience, and exposure—to predict crash frequency among taxi drivers. After
testing three regression models, the best-fitting model was used to estimate individual crash
risks in a new driver sample, providing insights for policy and behavioural interventions.

2. Methods
2.1. Participants

Data from 1000 drivers were collected using questionnaires from male taxi drivers
in Tehran. The term ‘taxi’ in this study refers to the cars under the supervision of Tehran
Taxi Organization, which employs male drivers only; ride-hailing and private taxis with
both male and female drivers are outside the scope of the research. All these drivers
received their taxi driving permits from this organization. While maintaining ownership
of their car, they were granted permission to operate as taxi drivers. For the 1000 training
subjects (Table 1), the data shows that 43.1% are 50 years old and over, followed by 42 to
49 years old, who include almost 30% of all drivers. The drivers above 40 have an average
driving experience of more than 20 years and work more than eight hours a day. Driving
experience was considered from the time of getting a driving licence and was grouped in
four categories: Less than 5 years, 5-10 years, 11-20 years, and more than 20 years. In the
last three years, the drivers had been involved in 544 road crashes, and of those, 42 resulted
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in serious injuries. The maximum frequency of crashes for one driver was 6 crashes, and

the maximum frequency of crashes with serious injuries was 2 crashes.

Table 1. Descriptive data for 1000 training subjects.

Mean Mean Serious Proper
Frequency of o Driving ou perty Total
Age . Percent (%) . Exposure Injury Damage
Drivers (n) Experience Crashes
(Hours/Day) Crashes Crashes
(Years)
18-25 15 15 6.67 8.53 0 (0%) 10 (1.84%) 10 (1.84%)
26-33 53 53 10.75 8.72 7 (1.29%) 32 (5.88%) 39 (7.17%)
3441 204 204 16.4 8.83 8 (1.47%) 112 (20.59%) 120 (22.06%)
42-49 297 29.7 23.54 8.72 4 (0.74%) 128 (23.53%) 132 (24.26%)
>49 431 43.1 29.41 8.92 23 (4.23%) 220 (40.44%) 243 (44.67%)

2.2. Material (Survey)

The questions in the survey were loosely based on the DBQ and the TPB. The questions
based on the DBQ included 10 items measuring errors and lapses. Drivers were asked how
often they committed each of the listed behaviours. Errors were measured by seven items
(e.g., “Overtake someone that I had not noticed to be signalling a left turn” and “I misjudge
my own speed when leaving the main road”). Lapses were measured by three items (e.g.,
“I get into the wrong lane when approaching the junction” and “When turning right at
the crossroad, I use the wiper instead of the indicator”). All responses were measured
on a Likert scale from 1 to 5 (1 = Never; 2 = Seldom; 3 = Sometimes; 4 = Often; 5 = Very
often). Violations were included in the TPB model and not measured by the DBQ to avoid
double-counting problems.

The questions based on the TPB focused on a specific traffic violation, namely speeding
in an urban area. To measure this, the survey included indirect measures of attitude,
subjective norm, descriptive norm, perceived behavioural control, and intention. The
indirect belief did not include the combination of, for instance, behavioural belief and
outcome evaluation. The reason for this was to limit the number of questions and increase
the chance of a satisfactory response rate.

With the view to give the respondents a clear understanding of the situation, the
questions were linked to a scenario and a picture (see Figure 1 in [65]). In the scenario, the
principle of compatibility, target context, and time [57] were clearly specified as follows [65]:

“Suppose you are driving your taxi on the left lane on Hafte-Tir Boulevard (pictured
below) and you are approaching the Mesbah signalized crossroad. It is in the middle of
the week, and the time is around 11:00. The speed limit on this avenue is 40 km/h, and in
the distance, you can see that the traffic light is green. You want to cross the crossroad
before it turns red, and therefore, you increase your speed to 60 km/h. With this in mind,
rate the following questions.”

The following questions were to be answered with this scenario in mind, regardless of
whether it would apply to them as drivers or not.

The attitude towards the behaviour was measured by six items. Two of them de-
scribe negative consequences: being frustrated and unnecessary risks; and four positive
consequences: feeling brave, accidents extremely low, and being fined also extremely low.
Two items measured subjective norm: passengers’ and other taxi drivers’ acceptance. The
descriptive norm was measured by one item asking what they believed other taxi drivers
would do in the same situation. Control belief was measured by two items: easy to drive
like this, and more likely if they are in a hurry. Intention to speed was measured by two
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items: I intend to drive in 60 km/h on a 40 km/h road within the next month, and it will
be probable for me to drive in 60 km/h on a 40 km/h road within the next month. All the
responses to the scenario were measured on a Likert scale from 1 to 5 (1 = I do not agree at
all; I slightly agree; To some extent; I very much agree; 5 = I strongly agree).

The end of the survey included some background questions such as age, education
level, residence area type, driving experience, exposure, and the number of serious and
minor crashes (last three years) and near crashes (last month).

To analyze the reliability of the questionnaire, a small sample of 120 taxi drivers took
part. To carry out the test-retest process, the questionnaire was then given to the same
120 taxi drivers after four weeks. Two approaches were used to carry out the testing:
variance testing and average testing. The results of the multivariate test statistics, including
Box’s test and Pillai’s Trace, Wilks” Lambda, Hotelling’s Trace, and Roy’s Largest Root,
showed no significant variance or average difference in the answers between the first and
the second test. This means that factors which motivate speeding amongst taxi drivers
were stable over a four-week period.

2.3. Procedure

The collection of data was conducted at 52 taxi terminals in Tehran, located in 22 urban
districts over a period of two months. Initially, the survey was conducted directly at taxi
terminals, but due to the busy schedule of drivers, the process was slow. Therefore,
only a small number of questionnaires were completed inside the terminals, and almost
all the questionnaires were completed at CNG stations located near the terminals when
the driver was stopped and idle for several minutes. The survey was administered in
paper form rather than online. A key reason for this choice was to ensure anonymity,
which the interviewer clearly communicated to all respondents before they completed the
questionnaire. The collection of data stopped when 1000 taxi drivers had responded to
the surveys. Totally, 1650 drivers were approached during the period, which meant that
650 drivers refused to participate in the study. To ensure more privacy in responding, the
questionnaire was completed by the respondents themselves and then collected by three
data collectors who were supervised by a leader.

After collecting answers from 1000 participants, a further 40 taxi drivers from the
same 22 districts of Tehran participated in the study, later described as test drivers. The
1000 data samples were evaluated as training data in the model creation phase, and the
40 data samples as test data in the model application phase. The 1000 data sampling was
used to develop a crash model in the crash model creation phase, and the 40 data sampling
was used to estimate the expected crashes of drivers in the crash model application phase.
The 40 test respondents completed the same survey as described above, except they were
not required to declare their intention to speed.

2.4. Statistical Analysis

The model creation in this study uses two approaches for crash prediction purposes,
including an intention-based (i.e., TPB-based) model and a model based on errors and
lapses (DBQ-based). The intention-based model creation contains a direct measure of
the driver’s intention to speed. In the model application phase, the intention value was
estimated using the TPB concepts. The second model creation approach included errors
and lapses loosely based on the DBQ instrument.

2.4.1. Factors Used in Creation of Crash Frequency Models

For the reason of model agility and briefing the effects in both TPB-based and DBQ-
based models, only the key variables, including simple but effective demographic factors
(i.e., age, driving experience, and daily driving hours), are considered within the model
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creation phase. The predictor variables in the intention-based crash frequency model
include the intention to violate, driver age, driving experience (years of driving), and
exposure (number of hours driving each day). The dependent variable of the model is
the frequency of total crashes in the last three years (i.e., serious plus minor crashes).
The predictor variables in the error and lapse-based crash frequency model include the
amount of the two factored errors and lapses values, driver age, driving experience, and
the exposure measure (number of hours driving each day). This model assumes that
crashes are outcomes of unintentional mistakes. The dependent variable of the model is,
as before, the frequency of total crashes in the last three years (i.e., serious plus minor
crashes). The combination of Intention-based and Errors and Lapses-based crash frequency
models incorporates a mixture of the driver’s intention to violate and the amount of the
two factored errors and lapses values, as well as driver age, driving experience, and
exposure values.

Verification of TPB Factors: Attitudes, Subjective Norms, Perceived Behaviour Control
(PBC), and Intention

In this study, the tree regression model is not directly used in creating the crash
frequency models. In the final application, the crash frequencies will be estimated using the
predicted intention values. These predicted intention values are, in turn, estimated using
the TPB components. The two items measuring intention were first combined (x = 0.79)
and then included as the independent variable.

The tree-regression model used to predict the intention value in the model application
phase was developed in a previous study [66] with the factors extracted by a Principal
Component Analysis (PCA) and Varimax technique with Kaiser normalization as the
rotation method (five items were loaded on each of the two factors, see Bakhtiary et al. [65],
for details). The PCA revealed two factors (see Table 2) as the predictors for the intention
value. The intention value itself included the average of the two items introduced in
Section 2.2 with no PCA procedure involved. By determining the factors, Cronbach’s alpha
and composite reliability (CR) criteria [65] were used as internal consistency scales for each
factor as well as the entire TPB questionnaire. Variance Inflation Factor (VIF) (reciprocal of
tolerance: 1/ (1 — Rlz) [67] was used to determine the value of multicollinearity.

Before creating the decision tree model as a means to predict the intention value, a step-
wise regression method was conducted to determine a subset of influential variables. Using
a decision tree algorithm, the degree of intention to commit speed violation was predicted
based on TPB components, and cross-validation was performed using the k-folds technique.
In this model, using the TPB elements (attitude towards violations, subjective norms, de-
scriptive norms, and perceived behavioural control), the amount of intention to violations
was predicted by applying the decision tree algorithm. The previous study [66] showed
that only TPB components, including the ATTITUDE factor (« = 0.864) and PBC_NORMS
factor (v = 0.847) (see Table 2), were identified as influencing variables on the intention
value, while exposure and demographic effects were not significant factors in predicting
the intention. Finally, the structure of the decision tree was formed of 57 decision rules
that were written as “If-Then” statements with a k-fold cross-validated RMSD of 0.26 and
adjusted R? of 0.746 for the tree regression model (adjusted R? in the stepwise linear model
was 0.669).
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Table 2. Items in two explored factors: ATTITUDE and PBC_NORMS [66].

ATTITUDE: Positive attitude towards violation

(= 0.864, CR ! = 0.884, VIF 2 = 1.306, TVE 3 = 4.895) Original item type Factor1loadings
If I can cross the intersection before it turns red, I feel Attitude 0.748
brave

To be involved in an accident with another vehicle is Attitude 0.868
extremely low

To be involved in an accident with a pedestrian is Attitude 0.864
extremely low

If I failed to cross the intersection before the light .

changed to red, I would feel very frustrated Attitude 0.676
If I dm{e at 60 km/h, then the risk of being fined by Attitude 0716
the police is extremely low

PBC_NORMS: Perceived behaviour control and

norms (a = 0.847, CR = 0.865, VIF = 1.409, Factor 2 loadings
TVE = 1.878)

If I d.rn./e at a speed of 60 km/h, the passenger thinks Subjective Norm 0.764
that it is acceptable

If I drive at a speed of 60 km/h, other taxi drivers .

think that it is acceptable Subjective Norm 0811
For me, it would be very easy to drive at 60 km/h Perceived Behaviour 0.707
I'would b.e more 11.kely to increase the speed to Perceived Behaviour 0.693
60 km/h if I were in a hurry

Other taxi drivers would increase their speed to

60 km/h if they wanted to cross the cross-road Descriptive Norm 0.768

before the light turned red

1 Composite reliability, 2 Variance inflation factor, 3 Total variances explained.

Verification of DBQ Factors: Lapses and Errors

The DBQ approach is an alternative for the intentional violations addressed by the
TPB approach since it also includes mistakes, i.e., errors and lapses. The extraction method
was PCA, and the rotation method used was the Varimax with Kaiser normalization. The
total Cronbach’s alpha and composite reliability (CR) values, respectively, equal 0.876 and
0.860 for the whole model, show a convincing two-factor structure which explains 49.2%
of the total variance (Table 3). Factor 1 included items normally described as errors, with
one exception for the last item about misjudgment, which has been described as a lapse.
The items in Factor 2 neatly describe various lapses. One of the items, “I fail to notice that
the traffic light has turned red,” earned a loading less than 0.5 and was therefore excluded.
Accordingly, the average response of the items for the two factors will be used as covariates
in the DBQ-based model creation phase.

Criterion Variables: Self-Reported, Model-Predicted, and Bayesian Weighted Crash
Frequency

The variables denoting crash frequencies fall into three operational criteria. First,
the self-reported crashes represent the observed crashes (Nopserveq) Of drivers with the
same rarity and randomness nature as characterized for road sites in the Highway Safety
Manual [7]. Second, model-predicted crashes (Npegicteq) are estimated by a crash frequency
model set through a cross-sectional approach. In the same way, they usually include
covariate estimates by a generalized linear model such as Negative Binomial (NB) or
its extensions as described further in Section 2.4.2. Third, the Bayesian weighted crash
frequency (NEypected) is an expected reliable value addressing the regression-to-the-mean
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(RTM) effects triggered by the randomness and natural fluctuation of observed (i.e., self-
reported) crash data. Due to its reliability, this is a principal rating criterion to make the
final judgement about each individual driver.

Table 3. Loadings for nominal errors and lapse items matched to the two explored factors.

ERRORS (e =0.823) Original item type Factor 1 loadings
Overtake someone that I had not noticed

. : Error 0.760
signalling a left turn
When queuing to turn left onto a main road, I
fail to pay close attention to the mainstream
traffic, and as a result, I nearly hit the car in Error 0.534
front
Whgn turning left at the crossroads, I fail to Error 0.796
notice two-wheelers
I forget to look in the rear mirrors when I Error 0511
change lanes
I misjudge the speed of other drivers on the
main road when wanting to enter the same Lapse 0.574

road

LAPSES (= 0.836)

Factor 2 loadings

I get into the wrong lane when approaching the

junction Lapse 0.571
I misunderstand the signs and therefore end up
in the wrong direction at the crossroads Lapse 0519
When turning right at the crossroads, I use the
wiper instead of the indicator Lapse 0814
I misjudge my own speed when leaving the Lapse 0.581

main road

Inclusion of Exposure, Experience, and Age

The three demographic variables used as the model covariates include exposure (the
so-called mileage criterion in some studies), driving experience, and age. The gender
factor was not taken into account because all subjects included in the study were among
public-sector taxi drivers, who consist of male drivers only. The exposure variable somehow
denotes the workload criterion in terms of the number of daily driving hours. Driving
experience is the duration from receiving the driving licence card, divided into four groups:
beginners (5 years and less), low-experienced drivers (6 to 10 years), experienced drivers
(11 to 20 years), and professional drivers (more than 20 years). Age is also used as an
ordinal variable set into five groups: group 1 (18-25), group 2 (26-33), group 3 (34—41),
group 4 (42-49), and group 5 (50 and older). The reason for treating driving experience and
age as ordinal variables is to align more closely with the TPB and DBQ scales.

2.4.2. Creation of Crash Frequency Models

The context of all data includes two data acquisition environments: model creation
and model application. The model creation uses two approaches for crash prediction
purposes, including an intention-based model and a model based on errors and lapses
(see Figures 1 and 2). The dependent variables with respect to this are the model-predicted
criteria described in Section Criterion Variables: Self-Reported, Model-Predicted, and
Bayesian Weighted Crash Frequency.
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Self-rated intention (average of following items):

« lintend to drive in 60 km/h on a 40 km/h road within the next
month

* It will be probable for me to drive in 60 km/h on a 40 km/h road

within the next month

Model creation (1000 data)

Crash prediction Predicted crash

Exposure

Driving experience

model

-

.
Ve

Model application (for 40 independent test drivers)

ATTITUDE variable (average of following items):

* If I can cross the intersection before it turns to red,
| feel brave
To be involved in an accident with another vehicle
is extremely low
To be involved in an accident with a pedestrian is
extremely low
If | failed to cross the intersection before the light
changed to red, | would feel very frustrated
If I drive in 60 km/h then the risk of being fined by
the police is extremely low

PBC_NORMS variable (average of following items):
If | drive at a speed of 60 km/h the passenger
thinks that it is acceptable
If | drive at a speed of 60 km/h other taxi drivers
thinks that it is acceptable
For me it would be very easy to drive in 60 km/h
| would be more likely to increase the speed to 60
km/h if | was in a hurry
Other taxi drivers would increase their speed to 60
km/h if they wanted to cross the cross-road before
the light turns to red

Predicted
intention

Exposure

Age

Driving

experience

(Total crashes)
Expected crash
(Total crashes)
Observed crash
(Total crashes)

/

Figure 1. Intention-based crash frequency model.

The intention-based model creation contains a direct query of the driver’s intention
to commit a speed violation. Therefore, the TPB factors, including attitudes, subjective
norm, and perceived behaviour control, are not included within the model creation phase.
The model application phase in this approach does not apply the direct statement of the
intention value, but a predicted value, which would be estimated using the tree-based
regression model developed by Bakhtiary et al. [65]. The tree regression model used the
two TPB factors: ATTITUDE and PBC_INORMS. Thus, the intention to violate will act as a
mediator variable in predicting the crash frequency for a given driver.

The model based on errors and lapses predicts crashes as a function of DBQ Factors
(Section Verification of DBQ Factors: Lapses and Errors) and demographic variables (Section
Inclusion of Exposure, Experience, and Age). The questions asked in the DBQ-based model
application phase are the same as those used in the model creation phase because errors
and lapses are not predicted or namely mediator variables, as we had in the intention-based
model, but actually the values being directly asked in the application phase, e.g., a renewal
of a driving permit. A third combined model of the two approaches was created as well.
The combination of Intention-based and Errors and Lapses-based crash frequency models
is shown in Figure 3.
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Model creation (1000 data)

Errors Factor (average of following items):

Overtake someone that | had not noticed to be signaling
a left turn.
When queuing to turn left onto a main road, | fail to pay
close attention to the mainstream traffic and as a result

| nearly hit the car in front.
When turning left at the cross-road, | fail to notice two Crash

wheelers.

| forget to look in the rear mirrors when | change lanes.
| misjudge the speed of other drivers on the main road model
when wanting to enter the same road.

Lapses Factor (average of following items):
* | get into the wrong lane when approaching the

junction.

* | misunderstand the signs and therefore end up in the
wrong direction at the cross-road.

* When turning right at the cross-road, | use the wiper
instead of the indicator.

* | misjudge my own speed when leaving the main road.

Exposure

Driving experience

o Predicted crash
P (Total crashes)
Expected crash
(Total crashes)
Observed crash

(Total crashes)

Model application (for 40 independent test drivers)

(same as the items for model creation)

Errors Factor

Lapses Factor (same as the items for model creation)

—

Exposure

—

Age

—

Driving experience

TIT

Figure 2. Error and lapse-based crash frequency model.

Dealing with Overdispersed Crash Data

The negative binomial, as a model that covers overdispersion, is one of the most widely
used methods in predicting the frequency of crashes. It should be noted that conventional
normally distributed linear models and their extensions would not work when dealing
with overdispersed data, especially when a large number of zero data points exist. The
negative binomial (NB) (or Poisson-gamma) model is an extension of the Poisson model
that was introduced to overcome the overdispersion observed in data [68] for which the
variance exceeds the mean value. In addition, we usually face a large amount of zero data
in crash data. The zero-inflated negative binomial model can cover the large number of zero
data in crash data [69]. Zero-inflated count models were first introduced by Lambert [70]
to provide another method of accounting for excessive zero counts. They are two-part
models, consisting of both binary and count model sections. This mixture of modelling
zeros is reflected in the log-likelihood function. The crash prediction model used in this
study includes a cross-sectional model using covariates [68] and a corresponding mixed
Poisson model.
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Model creation (1000 data)

Errors Factor (average of following items):

Overtake someone that | had not noticed to be signaling a left turn.

When queuing to turn left onto a main road, | fail to pay close attention to the mainstream
traffic and as a result | nearly hit the car in front.

When turning left at the cross-road, | fail to notice two wheelers.

| forget to look in the rear mirrors when | change lanes.

| misjudge the speed of other drivers on the main road when wanting to enter the same road.

Lapses Factor (average of following items):

* | get into the wrong lane when approaching the junction.

* | misunderstand the signs and therefore end up in the wrong direction at the cross-road.
* When turning right at the cross-road, | use the wiper instead of the indicator.

* | misjudge my own speed when leaving the main road.

Self-rated intention (average of following items):
* |l intend to drive in 60 km/h on a 40 km/h road within the next

month
* It will be probable for me to drive in 60 km/h on a 40 km/h road
within the next th

Exposure
i model

Driving experience

Crash prediction

Errors Factor
(same as the
items for model
creation)

ATTITUDE variable (average of following items):

* If I can cross the intersection before it turns to red,
| feel brave
To be involved in an accident with another vehicle
is extremely low
To be involved in an accident with a pedestrian is
extremely low
If | failed to cross the intersection before the light
changed to red, | would feel very frustrated

Lapses Factor
(same as the
items for model
creation)

If | drive in 60 km/h then the risk of being fined by ?redic_ted
the police is extremely low intention
PBC_NORMS variable (average of following items): Age

If | drive at a speed of 60 km/h the passenger
thinks that it is acceptable

If | drive at a speed of 60 km/h other taxi drivers
thinks that it is acceptable

For me it would be very easy to drive in 60 km/h

| would be more likely to increase the speed to 60
km/h if | was in a hurry

Other taxi drivers would increase their speed to 60
km/h if they wanted to cross the cross-road before
the light turns to red

Driving
experience

Model application (for 40 independent test drivers)

Figure 3. A combination of intention-based, error and lapse-based crash frequency models.

Models Tested

Predicted crash
(Total crashes)
Expected crash
(Total crashes)
Observed crash
(Total crashes)

Finally, six different models are developed with one negative binomial (NB) and one

zero-inflated negative binomial (ZINB) technique for each of the two modelling approaches,

i.e., the intention-based and error and lapse-based approaches, as well as a combination

of these two approaches, see Table 4. The rationale for separately testing intention-based

and DBQ-based models is to explore the distinct nature of intentional and unintentional

violations within their respective contexts. The intention-based model serves as an alterna-

tive to the DBQ-based models previously tested as described in Section 1.1. Additionally,

demographic factors were included in the crash frequency models due to their potential to

reflect personal traits. These traits were not found to be significant predictors of intention

values in earlier analyses, i.e., the decision-tree regression model.
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Table 4. Six crash frequency models.

Crash Frequency Model Modelling Approach Method
CFM-1 Intention-based NB
CFM-2 Intention-based ZINB
CFM-3 Error and lapse-based NB
CFM-4 Error and lapse-based ZINB
CFM-5 Combined approach NB
CFM-6 Combined approach ZINB

NB = negative binomial; ZINB = zero-inflated negative binomial.

The general models for predicting the crash frequencies fall into the following equations:

e  For the intention-based crash frequency models (CFM-1 and CFM-2):

Nbpyedicted = €xp(Bo + B1-Intention + Bo-Exposure + B3-Age + Ba-DrivingExperience) (1)

e  For the error and lapse-based crash frequency models (CFM-3 and CFM-4):

Nbpyedicted = €xp(Bo + B1-Errors + Ba-Lapses + B3-Exposure + By-Age + Bs-DrivingExperience) (2)

e  For the combined approach (CFM-5 and CFM-6):

Npregicted = €xp(Bo + B1-Intention + By-Errors + B3-Lapses + Pa-Exposure + B5-Age + Bg-DrivingExperience)  (3)

Decision Criteria for Testing the Models

Both Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)
are used as goodness-of-fit criteria for comparing models with each other. The AIC is based
on the concept of entropy and shows how much information is lost when using a statistical
model. In other words, this criterion establishes a balance between the accuracy of the
model and its complexity [71]. Given the data, the six competing models can be ranked
according to the AIC value, and the model with the lowest AIC is the best.

2.4.3. Model Application Using the Bayesian Weighted Crash Frequency

After the selection of models used to predict crash frequency, the data from the 40 taxi
drivers were included. In the model application phase, the intention-based crash frequency
model uses the predicted values of the intention instead of the direct self-reported measures.
This intention prediction is done by the tree regression model developed by Bakhtiary
et al. [65] and described in Section Verification of TPB Factors: Attitudes, Subjective Norms,
Perceived Behaviour Control (PBC), and Intention. It should be noted that the model
application phase does not provide a testing procedure but a method to show how the
created models can be used in operation.

For crash frequency prediction models, due to the nature of crashes, which are rare
and random events, as an alternative approach for model testing, the empirical Bayesian
(EB) combination of observed (i.e., self-reported) and predicted crash frequencies is used.
Finally, the frequency of expected crashes is obtained from this combination, which can best
serve as a criterion for evaluating driver safety [7]. That is, the model with the 40 data was
tested for two reasons: First, to determine the differences between stated and predicted
intention values; Second, to estimate the expected crash frequency by combining their
self-reported and predicted crashes using the empirical Bayesian (EB) combination. The
latter is a practical usage of the final product of this research. This is similar to the process
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that is used in the analysis of road crash-prone segments in order to screen and prioritize
them [7]. Doing this scoring provides an operational look at the model obtained from
this study.

By using empirical Bayesian in the combination of predicted and self-reported crash
frequency, the expected crash frequency becomes more reliable. The empirical Bayesian
method is a key tool to compensate for the potential of regression to the mean effect.
The frequency of crashes varies from one period to another and has a natural fluctuation.
Equations (4) and (5) are directly used to estimate the expected crash frequency at a site (in
this study, for one driver) by combining the predicted and observed crash frequencies, the
same as the procedure used for road segments [7]:

Nexpected =wX Npredicted + (1 - w) X Nopserved 4)

1

(5)

w =
1+ A(Zall study Npredicted)

years

where Npected, Npredicted, and Nopserved are expected, predicted, and self-reported crash
frequencies, respectively. In these equations, w is a weighting coefficient that is applied
to the predicted crash frequency value. This weighting factor is inversely related to the
overdispersion parameter A, in the sense that higher overdispersion values due to higher
natural fluctuations in modelling data will lead to lower w values and hence lower reliance
on predicted values.

3. Results
3.1. Variables

In the data set for the dependent variable, i.e., the frequency of total crashes, the
variance value is higher than the average (Table 5), which shows the overdispersion of
crash data. There are 69.3 percent of zero values in the data of the total crashes, and the
high number of zeros in the variables justifies the use of a zero-inflated negative binomial
model [69]. The mean value of the intention to speed, including “In the next month I would
be likely to drive 60 km/h on streets with a 40 km/h speed limit” and “I would tend to drive 60 km/h
on streets with a 40 km/h speed limit in the next month,” is considered the degree of intention.
The average score of intention speed was 2.59, and the number of drivers who scored three
or less was 75.7% (i.e., on a scale from one to five, with one indicating “I do not agree at all”).

The average scores for independent variables in the TPB-based model (ATTITUDE
and PBC_NORMS) were higher than the scores for the variables in the DBQ-based model
(Errors and Lapses), in the sense that taxi drivers rate themselves with higher intended
risky behaviours than unintentional errors and lapses. More than 90% rated themselves
with error and lapse scores of three or lower than three, while, respectively, 62% and 54%
rated themselves with ATTITUDE and PBC_NORMS scores of three or less. The mean
values from the items included in the DBQ showed that it was more usual for the drivers
to commit errors than lapses.

One of the reasons why Poisson-Gamma models have been used is the non-normality
of crash data distribution. In order to prove this issue, two well-known tests of normality,
namely the Kolmogorov-Smirnov test and the Shapiro-Wilk test, were used. The Shapiro—
Wilk test is more suitable for small sample sizes (fewer than 50 samples), but it can also be
used for sample sizes up to 2000. The way to detect normality is that if the significant value
of the Shapiro-Wilk test is less than 0.05, the data does not follow a normal distribution.
The significant values of 0.401 and 0.613 were calculated as Kolmogorov-Smirnov and
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Shapiro-Wilk statistics, respectively, which in both cases show that the crash data is not
normally distributed. In addition, in the histogram and the Q-Q plot of total crash data in
Figure 4, the distribution of crash data shows zero inflation and non-normality of the data.

Table 5. Descriptive statistics.

s . . Standard
Item Type Description Mean Minimum Maximum Deviation
Total crashes Dependent variable Serious crashes + minor 0.54 0 6 0.98
(Npredicted) crashes in 3 years ’ ’
Independent/mediator ~ Self-rated intention to
Intention variable in TPB-based =~ commit speed violation 2.59 1 5 0.99
model (x=79)
E?ﬁg?ﬁf;%;‘;zgable Factor 1: positive
ATTITUDE L attitude towards 2.62 1 5 0.98
model application S
violation (x = 86)
phase
ilgctlﬁg?rnPdli rllzzggable Factor 2: Perceived
PBC_NORMS L behaviour control and 3.17 1 5 0.92
model application
norms (« = 85)
phase
Independent variable
Errors in the DBQ-based Factor 1: Errors (« = 88) 2.05 1 4.40 0.70
model
Independent variable
Lapses in the DBQ-based Factor 2: Lapses (x = 86) 1.68 1 4 0.54
model
Exposure Independent variable Number of hours driving 8.83 0.1 18 2.55
each day
Driving experience
Drivin group (1: Less than
experi egnce Independent variable 5 years, 2: 5-10 years, 3.53 1 4 0.67
p 3: 11-20 years, 4: More
than 20 years)
Age group (1: 18-25,
Age Independent variable 2: 26-33, 3: 34-41, 4.08 1 5 0.99

4: 4249, 5: 50 and more)

Mean =054 Normal Q-Q Plot of total crash
Std. Dev. = 0976
N =1000

600

Frequency
»
8
'

2

Expected Normal

T T T T T
0.00 1.00 200 300 4.00 5.00 6.00 0 2 4 6
total crash Observed Value

Figure 4. Crash data distribution: Histograms and normal Q-Q plots for total crash data.
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3.2. Crash Frequency Models: Creation

In order to find the selected model, a combination of different independent variables
was developed with one negative binomial and one zero-inflated negative binomial ap-
proach, and the dependent variable of total crashes for 1000 drivers. The sample size of
1000 drivers that previously sufficed in the following study [66] for the tree regression
model is well above the required amount suggested for power calculation purposes in
negative binomial models and the extensions (e.g., [72]). The model outputs were evalu-
ated using AIC and BIC values [73]. Rather few taxi drivers had been involved in a road
crash resulting in serious injury (4.2%) in the last three years. For this reason, none of
the algorithms converged in the negative binomial and zero-inflated negative binomial
techniques for serious-injury crash models, and gave errors with different combinations
and algorithms. Because of this, modelling was done with the total number of crashes,
which also included damage-only crashes (n = 544, 54.4%). In Table 6, the outputs of the
six model configurations with the combination of different independent variables and
two techniques, NB and ZINB, are presented. For each model, coefficients of independent
variables, overdispersion parameters, and AIC and BIC values are provided. An interesting
result observed in Table 6 is that the coefficients for the Exposure variable in all models were
significant, whereas this did not apply to the Age and Driving Experience variables. This
result shows the important role of exposure value in triggering road crashes and verifies
the consideration of this measure in the crash frequency models. In the models created by
Errors and Lapses, other than the high values calculated for AIC, BIC, and overdispersion
criteria, insignificant coefficients (high p-values) are estimated for both variables.

Table 6. Crash frequency models.

Modelling Approach Intention-Based Error and Lapse-Based Combined Approach
Method NB ZINB NB ZINB NB ZINB
Crash Frequency Model CFM-1 CFM-2 CFM-3 CFM-4 CFM-5 CFM-6
Overdispersion parameter (1) 1.352 0.108 1.387 0.185 1.3359 0.1012
Const 0.002 —0.589 0.001 —0.558 —0.0001 —0.591
’ (0.259) (0.000) (0.432) (0.000) (0.786) (0.000)
Errors ) ) 0.021 0.016 —0.0153 —0.0414
(0.820) (0.851) (0.872) (0.616)
Lapses ) ) 0.052 0.106 —0.1043 —0.0598
P (0.637) (0.262) (0.378) (0.550)
Coefficient Intention 0.178 0.197 ) ) 0.2166 0.2321
B (p-value) (0.000) (0.000) (0.000) (0.000)
Exposure 0.132 0.105 0.148 0.124 0.1373 0.1094
P (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Driving —0.463 —0.318 —0.374 —0.234 —0.4433 —0.3039
experience (0.000) (0.002) (0.001) (0.023) (0.000) (0.002)
Age —0.169 —0.111 —0.199 —0.158 —0.1692 —0.1083
8 (0.046) (0.124) (0.019) (0.033) (0.045) (0.131)
AIC 1898 1875 1912 1897 1900 1878
BIC 1917 1905 1936 1930 1930 1917

Comparing AIC and BIC in models with the same combination of independent and
dependent variables and NB and ZINB techniques shows that ZINB models have better
results in all models, CFM-1 to CFM-6. Out of the six models, CFM-2 can be selected

https:/ /doi.org/10.3390/safety12030080


https://doi.org/10.3390/safety12030080

Safety 2026, 12, 80

17 of 27

as the best model because it has the lowest AIC and BIC values as well as the lowest
overdispersion parameter, but the variable Age was not found significant (p-value > 0.005)

in this model. The p-value threshold of 0.005 was chosen because of underlying highly

significant results in light of a sufficiently great sample size (1000 participants). Age was

not significant and therefore removed from the same model, and the results are shown for

anew CFM-2-a model in Table 7, Step 3. The results showed slight improvements in AIC,

BIC, and overdispersion criteria, while keeping the significance of coefficients for the three

remaining variables: Intention, Exposure, and Driving experience. That is, the final selected

frequency model for total crashes is obtained as follows:

Npredicted = €xp(—0.596 + 0.205 Intention + 0.103 Exposure — 0.443 DrivingExperience)

A =0.106

Table 7. Extended trials for intention-based crash frequency models.

(6)

)

Extended Models Variables and Statistics Results AIC BIC
Method ZINB
Crash Frequency Model CFM-2-a
Overdispersion parameter (1) 0.106
orep 1 C 0.596 (0.000
Model CFM-2 without age onst. ~059%(0000) 1875 1900
ffect Intenti 0.205 (0.000
erec Coefficient 3; ntention ( )
(p-value) Exposure 0.103 (0.000)
Driving —0.443 (0.000)
experience
Method ZINB
Crash Frequency Model CFM-2-b
Overdispersion parameter (1) 0.2153
Step 2: —
Directly using TPB factors Const. 05388 (0.000) 1894 1923
resulted by Bakhtiary ATTITUDE —0.0808 (0.172)
et al. [65]—w1th0ut age effect Coefficient Bi PBC NORMS 0.1674 (0006)
(p-value) =
b Exposure 0.1158 (0.000)
Driving —0.43 (0.000)
experience
Method ZINB
Crash Frequency Model CFM-2-c
Overdispersion parameter (1) 0.2608
Step 3: Const. —0.4733 (0.000)
Directly using nominal TPB Attitude —0.094(0.195) 1880 1914
variables—without age effect Norms —0.1245 (0.065)
Coefficient 3;
(p-value) PBC 0.2901 (0.000)
Exposure 0.1093 (0.000)
Driving —0.4371 (0.000)
experience
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By removing the Age variable, the changes in the remaining three coefficients were
not considerable, the greatest change in which is found for the Driving experience variable:
—0.317 to —0.443, i.e., 28.4% increase in the negative effect of driving experience. Not
surprisingly, driving experience was closely linked to driver age.

In order to gain a better understanding of the effect of the Intention to violate, it was
added directly into the crash frequency model. Of course, it should be remembered that
this practice has a conceptual flaw: attitude, norm, and behavioural control factors based
on TPB theory can predict driver behaviour, not crash frequency. However, to test the direct
effect of TPB factors on crash frequency, two more models were added to the supplementary
steps in Table 7: Directly using TPB factors resulted by Bakhtiary et al. [65]—without age
effect (CFM2-b model) and Directly using nominal TPB variables—without age effect
(CFM2-c model). In the CFM2-b model, the same factors of ATTITUTE and PBC_NORMS
as extracted by Bakhtiary et al. [65] for the same scenario and the same subjects were
used as the main covariates. The CEFM2-c model includes attitudes, norms, and the PBC
groups with the items assigned by their nominal definitions, but not through an exploratory
process. The results in Table 7 show that using the Intention variable in the CFM2-a model
still shows better performance criteria (AIC = 1875, BIC = 1900, and A = 0.106) and the direct
use of TPB variables, either factored (CEM2-b: AIC = 1894, BIC = 1923, and A = 0.215) or
nominal (CFM2-c: AIC = 1880, BIC = 1914, and A = 0.261), does not provide a better model.

If we compare the overdispersion parameter A in all the models, the models with the
ZINB method have a lower overdispersion parameter than the NB method. This shows
that the ZINB approach was able to cover the overdispersion caused by the high number of
zeros. In this regard, in the calculation of the expected frequency of total crashes for the test
data, the value close to zero for the overdispersion parameter (0.106) has caused a higher
value to be given to the predicted values than the observed values in the empirical Bayesian
combination. Therefore, the expected crash frequency values are close to the predicted
crash frequency values.

In the final (selected) model of total crashes, it was shown that with an increase of
one unit in the value of the intention to speed, the logarithmic difference in the frequency
of total crashes increases by a factor of 0.205 or 20.5%. Drivers with a greater intention to
commit violations show more dangerous driving (behaviour) and have a higher chance of
crash involvement. With a one-unit increase in the amount of exposure (a one-hour increase
in the amount of daily driving), the logarithmic difference in the frequency of total crashes
increases by a factor of 0.103 or 10.3%. Similarly to what happens in predicting crash
frequency at road sites, the greater the amount of exposure (for road sites, the daily volume
of traffic per year, and for drivers, the number of hours of driving per day), the higher the
probability of crash involvement. With the increase in one unit of driving experience, the
logarithmic difference in total crash frequency decreases by a factor of 0.443 or 44.3%. An
important result, which also confirms the TPB, is that the attitude, subjective norms, and
perceived behavioural control predict crash frequency via intention and not directly.

3.3. Crash Frequency Models: Application

The results for the 40-person independent test group of taxi drivers are presented in
Table 8. In contrast to the previous sample of 1000 taxi drivers, the respondents” anonymity
could not be protected, and therefore their self-reported intention to speed was not included
in the survey.
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Table 8. The crash model application for 40 test drivers.
Predicted Observed Expected
Test Mean Mean Predicted Exposure Driv'ing Total . Re(stitf;d) Total .
. . P Experience Crashes in P w3 Crashes in
Driver ATTITUDE ! PBC_NORMS 2 Intention (hrs/day) group 3 Years To.tal Crashes 3 Years
(Npyedicted) in 3 Years (NEspected)
(Nowserved) s

1 2.80 3.00 222 8 4 0.336 3 0.966 0.43
2 2.00 3.20 197 10 4 0.393 1 0.960 0.42
3 3.60 3.20 2.18 13 4 0.559 0 0.944 0.53
4 2.00 2.00 1.43 7 4 0.258 1 0.973 0.28
5 1.20 2.20 1.43 10 4 0.352 1 0.964 0.37
6 2.00 3.20 2.18 5 4 0.245 2 0.975 0.29
7 2.20 3.40 2.80 10 3 0.726 3 0.929 0.89
8 2.60 3.00 3.00 7 4 0.356 0 0.964 0.34
9 2.60 4.00 3.38 12 4 0.644 5 0.936 0.92
10 3.00 3.00 3.00 5 4 0.290 1 0.970 0.31
11 1.00 1.00 1.28 8 1 1.048 0 0.900 0.94
12 1.00 1.00 1.50 10 4 0.357 0 0.964 0.34
13 3.00 3.00 222 12 2 1.232 2 0.884 1.32
14 2.20 240 1.43 12 2 1.048 0 0.900 0.94
15 1.60 2.20 1.43 10 4 0.352 0 0.964 0.34
16 2.60 2.60 2.22 11 4 0.458 0 0.954 0.44
17 240 2.60 1.84 11 4 0.424 0 0.957 0.41
18 1.80 2.80 1.63 10 2 0.888 0 0.914 0.81
19 2.80 2.40 1.93 10 3 0.607 2 0.940 0.69
20 2.20 3.20 197 10 4 0.393 2 0.960 0.46
21 1.60 3.00 2.18 8 1 1.261 0 0.882 1.11
22 1.60 2.80 2.35 10 2 1.030 0 0.902 0.93
23 2.20 2.80 1.95 9 4 0.353 0 0.964 0.34
24 4.00 3.40 3.00 10 4 0.485 3 0.951 0.61
25 4.00 4.80 3.82 11 4 0.637 3 0.937 0.79
26 2.20 3.00 2.22 10 2 1.003 0 0.904 091
27 3.60 4.20 3.38 10 3 0.816 0 0.920 0.75
28 3.60 4.80 3.29 8 4 0.419 3 0.957 0.53
29 2.60 3.20 3.00 8 4 0.395 0 0.960 0.38
30 3.40 4.60 3.82 10 4 0.574 2 0.943 0.66
31 4.40 3.80 3.11 8 2 0.980 2 0.906 1.08
32 4.20 3.80 3.23 10 3 0.792 3 0.923 0.96
33 3.00 3.60 2.80 9 4 0.421 0 0.957 0.40
34 4.00 4.20 3.33 9 4 0.469 1 0.953 0.49
35 3.60 4.00 3.11 11 3 0.857 1 0.917 0.87
36 2.40 2.60 2.10 5 2 0.585 0 0.942 0.55
37 3.20 3.40 3.00 7 4 0.356 0 0.964 0.34
38 2.80 3.00 222 9 2 0.904 0 0.913 0.83
39 2.20 2.80 2.10 7 2 0.719 0 0.929 0.67
40 3.00 4.20 2.80 11 2 1.253 1 0.883 1.22
Mean 27 3.1 2.45 9.28 3.23 0.632 1.05 0.938 0.65

1 Average of items for positive attitude towards violation (see Table 2), 2 Average of items for perceived behaviour
control and norms (see Table 2) (Notice: a descriptive norm item stick to this factor is also included), > Weighting
coefficient that is applied to the predicted crash frequency value in estimating the expected crash frequency using
the empirical Bayesian method.

Thereby, a predicted value of the Intention variable was estimated for each driver
using the two TPB factored variables: ATTITUDE and PBC_NORMS. Because the intention
value was scaled between 1 and 5 in the model creation stage, the predicted intention lower
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than 2.5 is considered as drivers with low intention to engage in risky behaviour. Same
as the model creation phase, the exposure measure was recorded in terms of the daily
hours of driving. The conventional value of 8 h per day is known here as a threshold for
high workloads. The four groups of driving experience introduced in the model creation
were used here too: Groups 1 and 2 are known as low-experienced drivers (less than
10 years), and Groups 3 and 4 are known as high-experienced drivers (more than 10 years).
Because of not accessing the crash records, self-reported total crashes were asked from
the drivers as observed crashes. Finally, the expected crash frequencies were estimated
using Equations (4) and (5) (see Section 2.4.3). These two equations are directly used to
estimate the expected crash frequency at a site (in this study, for one driver) by combining
the predicted and observed (self-reported) crash frequencies. The coefficient w reflects
the difference between predicted and expected crash frequencies. The low amount of the
estimated overdispersion parameter (A = 0.106) has led to high w coefficients (w > 0.882
for all 40 drivers), which shows high reliance on the predicted value of crashes, and that is
why the expected values are estimated nearer to the predicted values than the observed
values. The expected total crashes are estimated between 0.28 and 1.32, with an average
of 0.65 crashes in three years. Accordingly, the results for all influencing variables are
assessed below:

e  For lower values of the predicted risky intention (with scales less than 2.5), drivers are
often associated with a lower expectation of crashes. This issue is especially evident
for people who have more driving experience (groups 3 and 4), and the expected
amount of crashes decreases with the reduction in exposure (see drivers 1, 2, 3, 4, 5, 6,
12, 20, and 23). Here, a decisive criterion in this assessment is the history of crashes.
Meanwhile, for drivers with no crash history, even with a large number of hours of
driving (more than 8 h per day), few crashes are expected (see drivers 15, 16, and 17).

e Alow intention to commit a violation does not guarantee low expected crashes. This
issue is strongly influenced by driving experience, so that in drivers with low driving
experience (groups 1 and 2), even with a lower intention to risky behaviour, more
crashes (>0.65) are expected (see drivers 11, 18, 21, 22, 26, and 38).

e  Regardless of the driver’s intention for risky behaviour, the high volume of driving
(more than 8 h per day) for low-experienced drivers (groups 1 and 2) leads to a high
crash expectation (see drivers 13, 14, 18, 22, 26, 38, and 40).

e Highly experienced drivers (groups 3 and 4) are not necessarily safe drivers. Their
high intention to unsafe behaviour and their high exposure (more than 8 h of driving
per day) can define them as unsafe drivers (see drivers 7, 9, 32, and 35); even if they
do not have a lot of crash history (such as driver 35).

e Not having a crash history in the records cannot be proof that the driver is safe
(see drivers 11, 14, 18, 21, 22, 26, and 38). As seen, the three factors of the driver’s
intention to risky behaviour, his exposure, and driving experience can determine his
level of safety. This can be an important message for car insurers and other driver
safety assessors.

These results can applicably lead us to important policy decisions that are described
at the end of Section 4.

4. Discussion

The current study aimed to increase our understanding of what predicts road crashes
among taxi drivers. More precisely, the study examined whether the intention to speed, as
measured by the Theory of Planned Behaviour (TPB), can better fit a crash frequency model
than errors or lapses as measured by the Driving Behaviour Questionnaire (DBQ). The
variable of intention to commit violations is considered a mediator variable that represents
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the behaviour of a driver and is predicted in a previous model through attitudes, norms,
and perceived behavioural control [61]. In the final application, the crash frequencies were
estimated using the predicted intention values. These predicted intention values were, in
turn, estimated using the TPB components. The results showed that driving experience
was the most influential variable in the crash involvement estimations, followed by the
intention to speed and exposure. The value for intention to speeding violation directly
entered within the crash frequency model resulted in the best-performing model. The DBQ
items were extracted into two factors, including Errors and Lapses, with one lapse item
included in the Errors factor. The final selected crash frequency model excluded the age
variable because of its insignificant effect in the model.

The model, including the intention variable, showed promising results, especially
by considering the randomness effect through a negative binomial model, which was
not shown in other studies. Using a structural equations model (SEM), Iversen and
Rundmo [39] have shown that the intention to violate and dangerous behaviours had
a significant effect on crash involvement, which was also confirmed by the current study.
Not considering the overdispersion caused by the randomness effect and the fluctuating
nature of crash data was a great shortcoming in their study. Mostly, the DBQ factors,
i.e., errors and lapses, were included in crash frequency models in previous studies. In
the study by Omidi et al. [32], no significant association of crash frequencies was found
with errors and lapses, which is consistent with the results achieved in the current study.
Neither of the two studies addressing the relationship between the DBQ components and
crash involvement for taxi drivers had used negative binomial or its extensions in order to
tackle the randomness and overdispersion issues in modelling crash data. Mehdizadeh
et al. [23] used a logistic regression analysis, and Taiwo et al. [28] applied a SEM in this
regard, both of which showed the significant increasing role of drivers’ violations, errors,
and lapses in crash involvement, while in the current study using NB and ZINB models,
unintentional errors and lapses were found to have some increasing but insignificant effects
on crash involvement. However, the error and lapse items in the current study were similar
to the factors utilized in both studies, as well as some other studies (e.g., [26,27,34,35]).
For example, similar to Gras et al. [40], some error and lapse items were combined in the
resulting factors, namely Lapse and Error factors, respectively.

In addition to behavioural factors, the effects of variables such as exposure (also
known as mileage) and driving experience were also included in the driver crash prediction
model. The effect of exposure on crash involvement in drivers can be used similarly to
what has been used to predict crashes on road sites [7]. Results in the current study show
that with a one-hour increase in the amount of daily driving, the logarithmic difference in
the frequency of total crashes increases by 10.3%. In some studies, similar to the results
in the current study, the increase in exposure has shown an increase in the probability of
crash involvement [48-50], while some others show some uncertainty about this issue for
the effect of exposure as a confounding variable [32,74,75]. The effect of exposure in the
current study did not exceed the behavioural variables, i.e., TPB factors, which is in contrast
to the results by Davey et al. [76]. Same as the results in this study, driving experience
has shown a stronger role in estimating the probability of crash involvement in various
studies, and along with the effect of age, it has had a stronger history of studies [76-81].
Several studies (e.g., [11,39,82]) have concluded that younger drivers and drivers with less
experience commit more dangerous behaviour, which is consistent with the current study,
which shows that more experienced drivers have fewer crashes. However, the final models
do not include the age effects due to the insignificant relationship, but they also show the
contributing effects of driver experience on crash reduction. The results of the current
study show that with the increase in one unit of driving experience (the driving experience
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group mentioned in Table 5), the logarithmic difference in total crash frequency decreases
by 44.3%. Recent studies on professional drivers (same as the taxi drivers in this study)
confirm the considerable effect of driving experience on crash involvement [83-85].

The results achieved by the model application would lead us to critical policy deci-
sions. Behaviour-oriented interventions such as targeted campaigns and education focused
on specific risky driving behaviours can improve drivers’ behaviour by tackling unsafe
beliefs. This way, quantitative measures can be defined to evaluate the effectiveness of
such interventions (something like the Crash Modification Factors—CMFs used for safety
treatments in road sites). High driving experience is an important factor in defining a
driver as a safe driver, but it does not apply in all cases. That is, low-experienced taxi
drivers must be treated more cautiously. A possible conclusion by the model application
is that low-experienced taxi drivers (less than 10 years of experience) should not be per-
mitted to drive more than 8 h per day. Possibly, a high number of working hours may
seriously affect the crash expectation even for highly experienced drivers, hence all taxi
drivers should be discouraged from working more than 8 h a day. For the low-experienced
drivers, preparedness programmes or professional development strategies, as well as skill
improvement measures such as targeted hazard perception training, can offset the adverse
effects of lower qualifications. Finally, the last but most important concluding remark is
that a driver’s crash history is not a reliable measure for defining the safety level of a driver
and should not be used as a determinant for defining the safety level of a driver.

Indeed, these policy decisions are applicable in several institutional interventions
throughout the road safety management system, including the design and evaluation
of safety campaigns and education programmes, car insurance pricing, surveillance on
commercial drivers, and law enforcement interventions. That is, the results in this study
grant us a new insight for defining a safe driver by changing the paradigm to the application
of expected crash frequencies, not the observed crashes.

5. Limitations

There were some limitations in the present study. Only the criterion of intention and
not observed behaviour was measured, which could be regarded as a weakness. However,
a large number of studies have been able to confirm that intention can predict future
behaviour (e.g., [60-63]).

This research was conducted in the capital of Iran, and for the group of taxi drivers,
and this pattern of intention to commit violations can be different for other cities and
countries or other groups of drivers. In addition, the taxi drivers studied are mostly men
over 40 years old, and the research results may not be well generalized to the group of
drivers that includes a high percentage of women and young drivers. Excluding females
in the study was inevitable because the society of public taxi drivers in Iran includes men
only. Taxis in private and ride-hailing (internet taxis) modes, which use female drivers,
were not included in this study. However, it is worth noting that the resulting model could
be used as a business tool in examining a specific group of commercial drivers in a distinct
society, but not a public model generalized for all road users.

The collection of data using a survey might include some self-reporting bias, as drivers
might be unwilling to disclose personal information. However, this might be different when
it comes to traffic violations, particularly speeding, which this study focuses on. According
to Elliot et al. [60], self-reported driving behaviour and observed behaviour were strongly
correlated. A possible explanation could be that disregarding the speed limit is a frequently
reported violation and therefore carries little stigma among the public. The self-reported
data set also includes serious injury crashes, which could not have been successful in a
predictive frequency model due to the poor performance criteria. Thereby, methodological
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alternatives, such as longer data collection periods, larger samples, or analytical techniques
specifically suited to rare events, could somehow help improve the model performance for
very rare serious injury/fatal crashes.

6. Conclusions

The main goal of this research was to estimate the predicted crash frequency of a
driver using characteristics such as the intention to commit violations (intentional), errors
and lapses (unintentional), demographic information such as age and driving experience,
and exposure criteria such as mileage or daily driving time. The obtained results showed
that the zero-inflated negative binomial (ZINB) models provide better results in predicting
the frequency of crashes, but in cases where there are too many zero values, even the
ZINB model does not work. Such a result was shown in this study when the estimate for
model coefficients failed in a number of suggested ZINB frequency models for crashes
that resulted in an injury. That is, developing a crash frequency model for very rare crash
severities (i.e., serious injury) could not be possible for the taxi drivers, although they have
had more exposure, hence more possible crashes than normal drivers.

The results obtained from the selected model can be used to evaluate drivers and
safety training processes. Therefore, the crash prediction model was built in such a way
that it can estimate crashes with the predicted value of the intention to violate, not its direct
self-rated value. The results showed that errors and lapses had an insignificant effect on
the increase in crashes, but the magnitude of the effect of the intention to commit violations
on crashes was significant and greater than errors and lapses. Based on a tree regression
model, estimating this intention became possible by self-reporting the TPB components.
Similar to what happens in predicting the frequency of crashes at road sites, the greater
the amount of exposure (for road sites, the daily volume of traffic per year, and for drivers,
the number of hours of driving per day), the higher the probability of crashes. But driving
experience (the age of the driver’s licence) was a key significant factor in reducing the
effects in predicting the crash frequency of taxi drivers in Tehran. In addition to the internal
factor predicting the intention to speed, the effect of external social pressure can also help
in understanding speed choice. One of these external factors is the maximum speeds that
are legally set on urban roads. As mentioned in the introduction, these speed limits are
currently set on urban roads in Iran, even up to 60 km/h. This speed limit, as an external
factor, can be examined in direct interaction with the intention factor. The local effects
of both intentional and social pressure are an important issue of concern. Therefore, the
examination can be done using spatial data in future studies, which, of course, becomes
more important if each jurisdiction can establish its own rules for determining speed limits.

The results of this study can lead to broader transformations in the professional
transport sector, including the rise in app-based mobility services and evolving economic
pressures on traditional taxi drivers. As an illustration, mobile apps can be developed
to evaluate and predict the risk of drivers based on behaviour-based crash frequency
predictive models by embedding the concepts of this study in a user-interactive fashion. In
this extended context, these changes may influence occupational stress, competitiveness,
and potentially driving behaviour.
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