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,e aim of this study was to evaluate the effects of driver-related factors on crash involvement of four different types of commercial
vehicles—express buses, local buses, taxis, and trucks—and to compare outcomes across types. Previous studies on commercial
vehicle crashes have generally been focused on a single type of commercial vehicle; however, the characteristics of drivers as factors
affecting crashes vary widely across types of commercial vehicles as well as across study sites. ,is underscores the need for
comparative analysis between different types of commercial vehicles that operate in similar environments. Toward these ends, we
analyzed 627,594 commercial vehicle driver records in South Korea using a mixed logit model able to address unobserved
heterogeneity in crash-related data. ,e estimated outcomes showed that driver-related factors have common effects on crash
involvement: greater experience had a positive effect (diminished driver crash involvement), while traffic violations, job change,
and previous crash involvement had negative effects. However, the magnitude of the effects and heterogeneity varied across
different types of commercial vehicles. ,e findings support the contention that the safety management policy of commercial
drivers needs to be set differently according to the vehicle type. Furthermore, the variables in this study can be used as promising
predictors to quantify potential crash involvement of commercial vehicles. Using these variables, it is possible to proactively
identify groups of accident-prone commercial vehicle drivers and to implement effective measures to reduce their involvement
in crashes.

1. Introduction

Commercial vehicles have a high risk of traffic injury because
they are driven long distances, which often leads to driver
fatigue [1]. Moreover, when involved in traffic crashes, the
heavy weight of such vehicles generates greater impact
damage on the occupants of other vehicles or pedestrians
[2, 3]. In South Korea in the year 2018, commercial vehi-
cles—buses, taxis, and trucks—were involved in 43,632
traffic accidents, resulting in 67,262 injuries (20.8% of total
traffic injuries) and 692 deaths (18.3% of total traffic injuries)
[4]. Considering that commercial vehicles account for only

6.2% of total registered vehicles in South Korea, the pro-
portions of traffic injuries and deaths involving commercial
vehicles are substantially higher than those of other vehicle
classes. While controlling for driving distance, commercial
vehicles had 792.7 traffic accidents and 12.6 traffic deaths per
one billion km, both of these values were 1.5 times greater
than the values for noncommercial vehicles. In general, a
large portion of traffic crashes is caused by driver-related
factors [5].

Previous studies have mainly used two approaches to
evaluate the effect of driver-related factors on traffic acci-
dents. One approach used questionnaires or interviews to
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evaluate psychological factors deriving from latent driver
characteristics such as personality and attitude [6–12]. ,e
use of self-reported data had the advantage of allowing the
collection of enough samples to adopt statistical models, but
it raised concerns about what are called “dishonest biases”
and that the variables were unobservable in practical use.
Due to these limitations, safety practitioners and scholars
turned to the analysis of more measurable traffic-crash data.
Such studies were generally performed with a focus on a
single type of commercial vehicle [1, 13–19]. Although the
vehicle types were different, driver characteristic variables
such as age, gender, education, driving experience, license
type, violation history, crash history, and job change history
were commonly specified as explanatory variables
[1, 10, 14–18, 20]. On the other hand, coefficient estimates of
those common variables varied widely across types of
commercial vehicles, as well as across study sites [21]. ,is
underscores the need for a comparative analysis of different
types of commercial vehicles operated in comparable en-
vironments. Such research would reveal the differential
effects of driver characteristics on commercial vehicle safety
while controlling for site-specific effects.

In the field of traffic-crash research, logistic regression
has proven to be a popular and reliable way to reveal the
relationships between response variables and explanatory
variables [22–24]. However, in the case of logistic regression,
a fixed, unique coefficient represents the effect of a particular
factor on all individuals. ,is could lead to bias in the in-
terpretation of the results, given that the incidence of one
individual’s crash is inherently heterogeneous [25]. ,ere-
fore, for the analysis of crash-related data, it is necessary to
use a model that can explain unobserved heterogeneity. To
address the issue, previous researchers used other, more
promising approaches: several statistical and econometric
methods are available to account for unobserved hetero-
geneity [26–29]. In many recent studies, mixed logit models
have been used to account for unobserved heterogeneity of
variables by applying individual-specific coefficients to
standard logit models [30–33].

In this context, the aim of the present study was to
evaluate the effect of driver characteristics on traffic crashes
of four different types of commercial vehicles—express and
local buses, taxis, and trucks—and to compare outcomes
across types. Toward these ends, we analyzed commercial
vehicle driver records in South Korea using a mixed logit
model that could address unobserved heterogeneity in
crash-related data. ,is study is distinct in that long-term
driver characteristic variables were used for the crash
analysis. A total of 627,594 commercial vehicle driver data
were processed and the accumulated crash counts, traffic
violations, and job changes from driver license acquisition
date were used in the model. Furthermore, to control for
site-specific effects, which set limitations on many previous
studies in which only one type of commercial vehicle was
analyzed, a comparative analysis of four vehicle types that
operate in the same environment was executed to reveal the
differences according to vehicle type.,e results of this study
can be used to establish traffic safety improvement policies
by the characteristics of each commercial vehicle type.

2. Data Description

Records on 627,594 commercial vehicle drivers without
identifiable personal information were obtained from the
Korea Transportation Safety Authority (KTSA). ,e dataset
contains driver information including date of birth, gender,
issue date of commercial driver’s license, violation records,
previous job changes, license type (i.e., type of commercial
vehicle), and crash records. In this study, only data for male
drivers were used due to the insufficient sample size of
female commercial vehicle drivers.

,e dependent variable is binary: whether the drivers
had been involved in traffic accidents for the recent three
years between July 2014 and June 2017. Independent vari-
ables include driver’s age, driving experience (in years),
violation rate (numbers of violations per 10 years), job
change rate (numbers of job changes per year), and previous
crash involvement rate (numbers of crashes per 10 years).
Driver age was discretized into several levels for convenience
of analysis, while other variables remained as continuous
variables. Descriptive statistics of variables are provided for
each vehicle type from Tables 1–4.

Overall, the proportion of crash involvement was found
to vary across types of commercial vehicles. Higher crash
involvement was observed in local buses and taxis, which is
presumed to be because they operate mainly in urban en-
vironments. ,e distribution patterns are also different. ,e
proportion of recent crash involvement of trucks ranged
from approximately 5% to 10%, while taxis ranged from 15%
to 30%, showing an almost threefold difference. ,is trend
was similar for other variables. ,e proportion of crash
involvement tended to increase as age increased; however,
taxi and truck drivers showed the highest rate at 21–30, and
there was no clear trend of crash rate increase with age. ,e
proportions of recent crash involvement of local bus, express
bus, and taxi drivers were highest at 5–15 years of driving
experience. For truck drivers, the rate was highest at 1–5
years. As traffic violation rate increased, the proportion of
recent crash involvement tended to increase. However, the
levels that had the highest proportions were different
depending on the vehicle type. Local bus and express bus
drivers had the highest traffic violation rates of 0.15–0.2. Taxi
drivers had values of 0.1–0.15 and truck drivers have values
above 0.2. ,e higher the job change rate, the higher the
proportion of recent crash involvement. ,ere is also a
tendency similar to that of job change rate for past crash
rates.

3. Methods

In this study, a mixed logit model was used to unveil sig-
nificant factors that affect the crash involvement of com-
mercial vehicle drivers in South Korea. ,e mixed logit
model assumes that the effects of the parameters on the logit
model are different for each individual [31]. ,us, the model
can account for unobserved factors that are not captured
directly through the data. To compare the explanatory power
of the mixed logit model, we performed the log-likelihood
ratio test with the logistic regression model that is using only
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fixed parameters. In the logistic regression model, the co-
efficient β value is fixed. ,e probability that driver i belongs
to recent crash category n, consisting of two categories that
are involved or not involved, is shown in the following
equation:

Pn,i �
eβXn,i

je
βXj,i

. (1)

In the mixed logit model, it is assumed that the coef-
ficient is not fixed to β but is individual-specific βi, and the
probability of crash involvement could be expressed as
shown in the following equation:

Pn,i �
eβiXn,i

je
βiXj,i

. (2)

Table 1: Descriptive statistics of variables for local bus.

Variable description Number of samples Minimum Maximum Mean SD
Dependent variable

Recent crash involvement 0� not involved in the crash for three years 63,256 — — — —
1� involved in the crash for three years 12,179 — — — —

Independent variables

Driver age

21–30 316 0 1 0 0.06
31–40 4,250 0 1 0.06 0.23
41–50 20,640 0 1 0.27 0.44
51–60 36,744 0 1 0.49 0.5

More than 61 13,485 0 1 0.18 0.38
Driving experience Years of driving 75,435 0.04 59.33 16.26 9.72
Violation rate Total number of violations per 10 years 75,435 0 7.5 0.08 0.22
Job change rate Total number of job changes per year 75,435 0 48 0.27 0.8
Crash rate Total number of crashes per 10 years 75,435 0 4.44 0.38 0.4

Table 2: Descriptive statistics of variables for express bus.

Variable description Number of samples Minimum Maximum Mean SD
Dependent variable

Recent crash involvement 0� not involved in the crash for three years 42,730 — — — —
1� involved in the crash for three years 4,109 — — — —

Independent variables

Driver age

21–30 290 0 1 0.01 0.07
31–40 2,054 0 1 0.04 0.2
41–50 10,011 0 1 0.21 0.41
51–60 24,574 0 1 0.4 0.49

More than 61 85,021 0 1 0.33 0.47
Driving experience Years of driving 46,839 0.04 50.75 16.47 10.29
Violation rate Total number of violations per 10 years 46,839 0 9.11 0.12 0.21
Job change rate Total number of job changes per year 46,839 0 48 0.34 0.98
Crash rate Total number of crashes per 10 years 46,839 0 3.44 0.35 0.38

Table 3: Descriptive statistics of variables for taxi.

Variable description Number of samples Minimum Maximum Mean SD
Dependent variable

Recent crash involvement 0� not involved in the crash for three years 182,557 — — — —
1� involved in the crash for three years 37,287 — — — —

Independent variables

Driver age

21–30 161 0 1 0 0.02
31–40 2,839 0 1 0.01 0.11
41–50 24,574 0 1 0.11 0.31
51–60 86,748 0 1 0.39 0.48

More than 61 105,522 0 1 0.48 0.5
Driving experience Years of driving 219,844 0.04 55.25 18.94 9.86
Violation rate Total number of violations per 10 years 219,844 0 14.5 0.09 0.21
Job change rate Total number of job changes per year 219,844 0 96 0.2 0.81
Crash rate Total number of crashes per 10 years 219,844 0 4.41 0.32 0.34
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In order to derive a consistent estimated value through
the above equation, it is necessary to use various data for
each individual. ,at is, it is difficult to use the above
equation with limited crash data. In the mixed logit model, it
is assumed that βi is a random parameter that is estimated
for each individual. ,erefore, given βi, the probability of
having a crash experience for driver i could be expressed by
the following equation:

Pn,i

βi

�
eβiXn,i

je
βiXj,i

. (3)

Since the above equation is a conditional probability, the
unconditional probability is derived as equation (4) through
integration using the probability density function of βi:

Pn,i � 
βi

Pn,i

βi

 f
βi

φ
 dβi, (4)

where f(βi/φ) is a probability density function for βi having
a parameter of φ. ,e normal distribution is most widely
used as a function of the probability density of random
parameters, and a uniform distribution is appropriate for
dummy variables [34]. In this study, the multidimensional
integration of βi is necessary because the factors related to
driver characteristics are reflected by several variables in-
stead of one. It is difficult to calculate a multidimensional
integral because of the complicated processes of numerical
integration, such as the quadrature method, but this integral
can be calculated by a simulation-based maximum likeli-
hood method. In many works in the literature, Halton draws
have proven to be the most efficient way of estimating
coefficients [35–37]. We used a free statistical package R to
implement the mixed logit model in this study. ,e risk
factors include driver characteristics such as age, driving
experience, traffic violation rate, job change rate, and pre-
vious crash rate. ,e response variable is a binary variable:
whether or not a driver had a crash experience in the period
from July 2014 to June 2017.

4. Results and Discussion

,e results of the mixed logit model derived in this study
successfully converged for all vehicle types, and the variables

with random parameters showed statistically significant
results. Heterogeneity variables have statistically significant
results for standard deviation. In the derived model, there
were significant differences among commercial vehicle
types. Variables with heterogeneity were different for each
vehicle type, and the sizes of statistically significant coeffi-
cients were also different. First, compared to the model using
only fixed parameters, the log-likelihood ratio test was used
to verify the explanatory power of themixed logit model.,e
test results are shown in Table 5.

In the results of the log-likelihood ratio test, it was found
that all models in this study that applied random parameters
were superior to models using fixed parameters. ,e express
bus model was statistically significant at the level of 95%
confidence and the other models were significant at the level
of 99.9% confidence. ,is is because random parameters
applied to each model were able to reflect driver hetero-
geneity, which could not be considered in the fixed-pa-
rameter model.

,e coefficient estimation results of the variables ob-
tained using the mixed logit model are provided in Table 6.
Among the eight variables used in this study, the variables
that showed statistical significance differed between com-
mercial vehicle types. Driving experience, traffic violation
rate, and crash rate were statistically significant at a 99%
confidence level in all models, and job change rate was
statistically significant in all vehicle types except local bus.
,e driver’s age was statistically significant at the level of
95% confidence in all models for the age group of 61 and
older.,ere were differences in statistical significance for the
other age groups by vehicle type. Heterogeneous variables
also had different levels of statistical significance depending
on the vehicle type. In the case of traffic violation rate, all
vehicle types showed heterogeneity according to drivers, and
the driving experience variable exhibited heterogeneity for
all vehicle types except express bus.,e age group of 31 to 40
years exhibited heterogeneity in groups of truck and taxi,
while the older driver group (51 to 60 years) and job change
rate variables exhibited heterogeneity only in a taxi.

,e coefficient of the oldest age group for all vehicle
types is positive. ,is could be interpreted showing that the
oldest group of drivers had increased risk of crash in-
volvement compared to drivers in the reference group (21 to

Table 4: Descriptive statistics of variables for truck.

Variable description Number of samples Minimum Maximum Mean SD
Dependent variable

Recent crash involvement 0� not involved in the crash for three years 268,245 — — — —
1� involved in the crash for three years 17,231 — — — —

Independent variables

Driver age

21–30 2,704 0 1 0.01 0.09
31–40 31,887 0 1 0.11 0.31
41–50 85,021 0 1 0.3 0.45
51–60 102,815 0 1 0.36 0.48

More than 61 63,049 0 1 0.22 0.41
Driving experience Years of driving 285,476 0.04 58.25 12.66 9.51
Violation rate Total number of violations per 10 years 285,476 0 11.43 0.12 0.29
Job change rate Total number of job changes per year 285,476 0 48 0.13 0.62
Crash rate Total number of crashes per 10 years 285,476 0 3.65 0.22 0.29
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30 years). ,is finding was consistent with the findings
reported in previous studies [38–43]. Similarly, Valent et al.
[39] reported that drivers aged 65 and above had a signif-
icantly increased risk of fatal injury for most kinds of
transportation modes. As is well known, as people age, their
cognitive and perceptual faculties deteriorate, which could
increase crash risk [44–46]. Especially, local bus drivers in
their 51 s and 60 s also had positive coefficients, while results
for this age group with other vehicle types were not sig-
nificant. Unlike other types of vehicles, local buses have
tightly spaced schedules, which means they have to speed up
and cut other vehicles off in order to meet the intervals,
which leads to high labor intensity on the part of the driver.
,erefore, for local bus drivers, the older driver management
age range should be wider than for other vehicle drivers.

On the other hand, truck and taxi drivers in their 30 s
and 40 s exhibited heterogeneity. Among heterogeneous
variables that have different effects on traffic crashes, the
probability of the positive impact of the crash involvement
could be calculated if the standard deviation of the coeffi-
cients derived from each variable was statistically significant.
,e traffic violation rate, a variable that is heterogeneous for
all vehicle types, with values of 69.89%, 93.67%, 75.53%, and
83.28%, affects involvement in crashes as it increases.
Generally, traffic violations are a major risk to road safety, as
confirmed by the results of many previous studies. ,e
results of this study also show that up to 93% of drivers
increase the risk of crashes, depending on the type of ve-
hicles, when traffic violation rates increase if all other var-
iables are kept constant. Similarly, many researchers have
found a positive relationship between traffic violations and

crash occurrence [6, 47–50]. However, most of the studies
have been conducted on general drivers; only a few studies
have been conducted on commercial vehicle drivers [10]. In
the case of a commercial vehicle driver, heterogeneity in
traffic violations occurred because the vehicle type and
driving environment are different from those of general
drivers. Especially for local buses, about 30% of drivers have
an effect of reducing crash involvement when the violation
rate increases. ,is is because the violation rate used in this
study is the count value of all traffic violations. Not all traffic
violations, as defined by national law, are directly related to
crashes. Traffic violations that include violations that in-
crease the risk of a crash, as found in the previous literature,
are speeding and drunk driving; however, violations also
include items not directly related to crash involvement such
as parking violations or designated lane violations. ,ere-
fore, a more detailed analysis of traffic violations is required
to identify crash-related violations of commercial vehicle
drivers.

For driving experience, express buses had a fixed coef-
ficient of − 0.02; local buses, trucks, and taxis exhibited
heterogeneity. For vehicle types with heterogeneity in the
driving experience, the probability values for drivers who
reduced the risk of crashes as driving experience increases
were as follows: 99.77% for local bus, 95.66% for truck, and
99.99% for a taxi. ,is indicates that most drivers with short
driving experience are likely to have recently been involved
in a crash, regardless of vehicle type. ,is is in line with the
fact that accident rates tend to diminish with experience
[9, 51, 52]. Cooper et al. [52] revealed that crash rates of
novice drivers aged 16 to 55 decreased with increasing

Table 5: Log-likelihood ratio test result for the fixed and random parameter logit models.

Local bus Express bus Taxi Truck
Fixed Random Fixed Random Fixed Random Fixed Random

Degrees of freedom 9 17 9 17 9 17 9 17
Log-likelihood at convergence − 32,778 − 32,743 − 13,616 − 13,608 − 94,393 − 93,665 − 63,042 − 62,856
χ2 69.356 15.812 1,457.9 370.83
p value <0.001∗∗∗ 0.045∗ <0.001∗∗∗ <0.001∗∗∗

Table 6: Model estimation results for significant independent variables.

Variable
Local bus Express bus Taxi Truck

Coef. St. dev. Coef. St. dev. Coef. St. dev. Coef. St. dev.
Driver age
(ref.: 21–30)
31–40 − 0.83 − 1.76 − 1.61∗ 5.20∗ − 1.47∗∗∗ 3.49∗∗∗
41–50 0.08 − 0.11 − 0.34 − 0.31
51–60 0.77∗∗∗ 0.14 1.19∗ 0.87∗ − 0.03
61 and above 0.97∗∗∗ 0.53∗ 1.70∗∗∗ 0.25∗∗
Violation rate 0.83∗∗∗ 1.59∗∗∗ 0.90∗∗∗ 0.59∗∗ 1.45∗∗∗ 1.51∗∗∗ 0.92∗∗∗ 1.33∗∗∗
Driving experience − 0.03∗∗∗ 0.01∗ − 0.02∗∗∗ − 0.04∗∗∗ 0.01. − 0.03∗∗∗ 0.02∗∗∗
Job change rate 0.01 0.04∗∗ − 0.44∗∗∗ 5.65∗∗∗ 0.06∗∗∗
Crash rate 0.60∗∗∗ 0.72∗∗∗ 1.25∗∗∗ 1.00∗∗
Constant − 2.20∗∗∗ − 2.69∗∗∗ − 3.02∗∗∗ − 2.89∗∗∗
Number of observations 75,435 46,839 285,476 219,844
Note. Coef.� coefficient, st. dev.� standard deviation, ∗∗∗p< 0.001, ∗∗p< 0.01, ∗p< 0.05, and.p< 0.1.
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experience. McCartt et al. [9] used survival analysis to de-
termine that the risk of a first crash during the first month of
licensure was much higher than during any of the next 11
months. As has been previously found, the driving expe-
rience has a positive effect on driving skills [53, 54].

For express bus and truck drivers, the relationship be-
tween job change rate and crashes was found to be statis-
tically significant, with positive coefficients, meaning that a
job change increases the risk of crash involvement. ,e job
change rate is a variable that represents a comprehensive
measure of overall driver behavior. Frequent job changes
imply that the duration of driving experience at a job po-
sition is not sufficient for that driver to be fully adept at the
job and that the driver’s overall skills and adaptation to the
commercial vehicle industry may not be satisfactory.
However, little research has been conducted to evaluate job
change as a predictor of crash involvement of commercial
vehicle drivers. Corsi and Fanara [55] reported that motor
carriers with high driver turnover had significantly higher
crash rates than those with lower turnover rates. Extending
this research, Staplin and Gish [56] estimated the risk of
crash involvement as a function of job change rate among
truck drivers. However, these studies were based on uni-
variate analysis, which might have caused confounding
issues.

Meanwhile, taxi drivers, as examined in this study,
exhibited heterogeneity in job change rate, with 46.9% af-
fecting the increase of crash involvement and 53.1% affecting
the decrease. In this context, the outcomes of this study
provide solid evidence that the job change rate is a reliable
crash predictor for express bus and truck drivers. For taxi
and local bus drivers, it is not clear that job change rate
increases the risk of a crash; it is found that when using job
change rates for commercial vehicle driver safety manage-
ment, it needs to be applied to specific vehicle types.

In contrast, a driver’s previous safety performance,
represented by the variable of crash rate, has a statistically
significant effect on crash involvement for all commercial
vehicle drivers. ,is is consistent with previous findings
[1, 57]. Since the coefficient of the crash rate was not het-
erogeneous for all vehicle types, intensive safety manage-
ment is needed for drivers who have higher crash rates,
regardless of vehicle type.

5. Conclusions

,e present study provides the first report on crashes of
commercial vehicle drivers operating four different types of
vehicles in Korea. ,e information in 627,594 driver records
obtained from the Korea Transportation Safety Authority
was used in this study to evaluate the effects of driver-related
factors on crash involvement of four types of commercial
vehicles: local buses, express buses, taxis, and trucks. ,en,
the outcomes were compared across vehicle types. We se-
lected a mixed logit model able to account for unobserved
heterogeneity in the driver data and revealed the relation-
ships between commercial vehicle driver characteristics and
crash involvement. ,e dependent variable was the crash
involvement of commercial vehicle drivers for the most

recent three years, and five driver-related factors were
specified as explanatory variables.

,e log-likelihood ratio test showed that the mixed logit
model derived from this study was superior to the logit
model using fixed parameters. ,e estimated outcomes
showed that driver-related factors have common effects on
crash involvement: driver experience diminished driver
crash involvement, while driver traffic violations, job change,
and previous crash involvement had negative effects.
However, the magnitude of the effects and heterogeneity
varied across different types of commercial vehicles. In the
case of local buses, unlike other vehicle types, the job change
rate was not statistically significant and the range of ages that
increased the risk of crash involvement was wider than other
types. Moreover, the crash rate increased the crash in-
volvement in all vehicle types, and taxis, in particular, had a
higher coefficient than other vehicle types. ,erefore, the
result of this study supports the contention that the safety
management policy of commercial drivers needs to be set
differently according to the vehicle type. Furthermore, be-
cause all the variables used in this study were measurable, the
expected crash involvement could be estimated using
commercial vehicle driver records by vehicle type. By
properly using the outcomes, it should, therefore, be possible
to proactively identify groups of accident-prone commercial
vehicle drivers and to implement effective measures such as
education and, if necessary, enforcement.

,ere are also several limitations of this study related to
limitations in the data available. ,is study did not reflect
other variables that might affect crash involvement, such as
the average daily driving time related to labor intensity. In
addition, it is necessary to study further the relationship
between lists of traffic violations by vehicle type and crash
involvement. If more information is available about com-
mercial drivers in the future, more in-depth research to
improve traffic safety will be possible.
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