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Although rental cars experience a higher collision rate per registered vehicle compared to nonrental cars, little research has
been conducted to understand the differences in the factors contributing to crashes involving rental cars and nonrental cars,
especially driver-related factors. This study develops a conceptual framework to compare the driver-related factors contributing
to crashes involving rental cars and nonrental cars and tests the hypotheses developed using data from South Korea and applying
the binary logistics, rare event logistics, Firth logistic models, and random parameters logit models. We found a significantly higher
contribution of several risky driving behaviors but no differences in roadway, vehicle, and environmental factors. We also found
that rental car crashes involve more males and drivers under 25 years of age.

1. Introduction
The car rental industry comprises an important part of the
transport sector in many developed countries. In the United
States, for example, there were about 2.2 million rental cars in
2015, generating over $26 billion in revenue for the industry
[1]. In South Korea, the car rental market was worth an
estimated 3.2 trillion won (US$3.1 billion) while the car
leasing market was worth about 5.9 trillion won (US$5.7
billion) in 2013 [2]. Moreover, the global car rental industry
had been forecasted to grow by 5.6 per cent from 2016 to 2021
[3].
The increase in the number of rental cars on the roads is
expected to increase the number of traffic collisions involving
these vehicles. More importantly, relative to private vehicles,
rental cars have been found to experience a higher collision
rate per registered vehicle and these collisions often result
in higher injury severity [4]. Despite the importance of the
rental car industry to the economy and its impact on traffic
safety, few studies have been conducted to understand the
factors associated with rental car crashes or the differences in
the factors contributing to crashes involving rental cars and
nonrental cars.
The objective of this study is to develop a conceptual
framework and derive testable hypotheses to examine the

differences in the factors contributing to crashes involving
rental cars and nonrental cars. More specifically, it will
examine the differences in risky driving behaviors and driver
characteristics that contribute to crashes involving rental cars
and nonrental cars.

2. Conceptual Framework and Hypotheses
There are many reasons why rental car crashes may be
different from privately owned or nonrental car crashes. This
study will focus on three possible driver-related explanations
for which data are available to test the related hypotheses
generated. Other factors, such as age and safety features of
the vehicles, are beyond the scope of this paper because the
data needed to test these influences are not available.
The first driver-related reason considered in this study is
the lower familiarity with the car and the road environment.
Since the driver does not own the vehicle, he or she may not
be familiar with the handling and performance of the vehicle.
Also, since rental cars are often operated by out-of-town
drivers on business or holiday trips, these drivers may be less
familiar with the road and driving environment. This lack of
familiarity with the car and the environment may contribute
to more driving errors (poor handling, poor judgement, etc.)
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but not necessarily more risk-taking behaviors (aggressive
driving, inattention, etc.). On the contrary, it may also
result in more cautious behaviors by some drivers who
may compensate for the increased risk due to the lack of
familiarity. For example, Yanko and Spalek [5] found that
route familiarity led to more inattention and Rosenbloom
et al. [6] found that drivers committed more violations and
exhibited more dangerous behaviors in well-known locations
compared to less known locations.
The second possible reason is the differences in driver
demography. In one of the very few studies that examined
crash rates of rental cars and privately owned cars, AlBalbissi [4] found that rental cars had a higher crash rate
per registered vehicle in Jordan. Using a driver questionnaire
survey, they found that rental car drivers were generally
younger in age and had fewer years of driving experience
compared to drivers of privately owned cars. However, the
survey did not include any item on risky driving behaviors or
provide any evidence that rental cars and privately owned cars
drivers behaved differently. Nevertheless, numerous studies
had found that younger drivers, especially young males,
tended to take more risks [7, 8].
The third explanation is the difference in vehicle ownership. Since most drivers of rental cars do not own the
vehicles or lease the vehicles for a very long time, they may
have little attachment to the vehicles and thus have lower
emotional costs if their vehicles are damaged in collisions.
Additionally, some of the rental car drivers may also have
lower financial costs associated with any risky behaviors and
potential crashes because they may not be responsible for
the repairs or replacement costs due to separate insurance
coverage. Additionally, the expected crash cost may also be
lower due to smaller disruptions to their travel routines if
their rental vehicles are damaged. In short, the nonownership
of the vehicle may result in the classical moral hazard problem
and encourage drivers of rental cars to take more risks and
thus experience higher crash rates [9–12].
In summary, there are sufficient reasons to hypothesize
that crashes involving rental cars may be associated with
higher proportions of poor vehicle handling and risky driving
behaviors. Additionally, crashes involving rental cars may
also be associated with a higher proportion of younger and
male drivers.

3. Materials and Methods
Similar to many traffic collision studies [13–16], this study
uses a retrospective approach to identify the factors contributing to crashes. More specifically, this study will identify
the differences in the factors associated with crashes involving
rental cars and nonrental cars, with a special focus on the role
of risky driving behaviors and demographic characteristics as
crash contributing factors.
3.1. Data. The motor vehicle crash data used in this study
was provided by the Korean National Police Agency. The data
included information on drivers’ age and gender and human
related factors, as well as road, vehicle, and environmental
factors. In 2010, there were 226,871 reported crashes, of which
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158,189 crashes or 69.73 per cent involved at one least rental
car or nonrental car. Of the 204,523 cars involved in these
crashes, 6,286 (3.1%) were rental cars. Although rental (shortterm lease) cars were recorded using a unique category in
the database, long-term lease vehicles were not separately
identified. Hence, nonrental cars in this study would include
both privately owned and long-term lease vehicles.
It should be noted that there were 257,000 registered
rental cars in Korea in 2010 [17] and 6,286 rental cars were
involved in crashes in 2010, giving an average of crash
involvement rate of 2.45%. Also, the share of rental cars
among total registered passenger vehicles was only 1.9% in
2010 [17] but the share of rental cars among all cars involved
in crashes was 3.1%.
Since the objective of this study was to examine the
differences in risky driving behaviors and driver characteristics that contribute to crashes involving rental cars and
nonrental cars, the first group of explanatory variables examined included the different driving behaviors recorded in
the police report under the “human-accident factor” section.
As shown in Table 1, six semiaggregated variables were
created by combining similar categories among the original
25 categories in the human-accident factors section of the
police crash report.
Besides the above driver-related factors, the age and
gender of the road users involved were also included. In
addition, three aggregate variables were used to account for
other nonhuman factors. These control variables were “no
road factor,” “no environmental factor,” and “no vehicle
factor.” These variables represented the simplest and most
informative variable for each of the three broad categories of
contributing factors besides the road users.
3.2. Data Analyses. As an exploratory analysis, a series of 𝑧tests were conducted to test for differences in risky driving
behaviors recorded in the police crash reports between rental
car drivers and nonrental car drivers. Although the 𝑧-test
would be a simple and straightforward method to test for
these differences, this method would ignore any correlations
among the independent variables. It also would not provide
any estimates of the relative weights or the influence of the
variables.
To obtain estimates of the partial effects of each behavior,
holding other behaviors constant, a binary regression model
was also estimated. The logistic regression model was widely
used in road safety studies where the dependent variable was
binary [18–22]. In this study, the binary response variable was
defined as
{1,
𝑦𝑛 = {
0,
{

if vehicle 𝑛 is a rental car
if it is not a rental car.

(1)

Further, if a logistic distribution was used, then the probability of crash vehicle 𝑛 being a rental car would be given by
𝑃𝑛 =

exp (𝛽x𝑛 )
,
1 + exp (𝛽x𝑛 )

(2)
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Table 1: Human related contributing factors.

Variables

Original factors listed
Driving shape, sudden cut-in
Driving shape, competitive driving
Driving shape, threatening driving
Driving shape, weaving
Psychological factor, misunderstanding of opponent’s behavior
Psychological factor, hurriedness
Psychological factor, poor driving
Psychological factor, misunderstanding of geographical information
Psychological factor, misunderstanding of surroundings
Health condition, fatigue
Health condition, sickness
Health condition, physical disability
Health condition, drug effect
Health condition, drunken effect
Health condition, other poor mind and body conditions
Front negligent gaze, doing another action
Front negligent gaze, carelessness
Front negligent gaze, drowsiness
Front negligent gaze, using cell phone
Front negligent gaze, other front negligent gaze instances
Poor handling, sudden braking
Poor handing, sudden steering
Poor handling, other
Other human factors

Aggressive driving

Poor driving

Impaired driving

Inattention

Poor handling
Other

where
x𝑛 would be a vector of crash characteristics;
𝛽 would be a vector of parameters to be estimated.
The best estimate of 𝛽 could be obtained by maximizing the
log-likelihood function:
𝑛

LL (𝛽) = ∑ {𝑦𝑖𝑛 ln (𝑃𝑛 ) + (1 − 𝑦𝑖𝑛 ) ln (1 − 𝑃𝑛 )} .

(3)

𝑖=1

The maximum likelihood estimator obtained would be consistent and asymptotically efficient since the observations
were selected randomly [23, 24]. The standard logistic model
was estimated using Stata version 14.
However, since the share of rental cars in the sample was
very small (3.1%), the standard logistic model might produce
biased and inconsistent results. Hence, the rare event logistics
and the Firth logistic model were also estimated. The rare
event logistic model utilized choice-based sampling where
all observations for which 𝑌 = 1 were selected and only a
sample of 𝑌 = 0 was selected. A weighted sampling maximum
likelihood estimator would then be used [25, 26]. In this
study, the statistical software, RELogit, is used for model
development and estimation. This freely available software
was developed by Tomz et al. [27] and King and Zeng [28, 29]
and can be used in the Stata program.

An alternative method to address the possible bias in the
standard logistic regression model would be to use a different
estimation method proposed by Firth [30]. The Firth logistic
model utilized a penalized maximum likelihood method and
used Jeffreys’ [31] invariant prior as a bias reducing penalty
function. In this study, the statistical software, FirthLogit,
is used for model development and estimation. This freely
available software was developed by Coveney [32] and can be
used in the Stata program.
Note that some researchers chose to use the random coefficient logit or probit model to allow for heterogeneous effects
and correlations in unobserved factors [33–36]. Random
parameters models, especially the random parameter logit or
mixed logit model, had increasingly been used in traffic safety
studies to analyze both crash frequency and severity [37–40].
In random parameter model, to let parameter (𝛽𝑖 ) vary across
observations, a mixing distribution is added [41]:
𝑃𝑖𝑛 = ∫

exp [𝛽𝑖 𝑋𝑖𝑛 ]
𝑓 (𝛽𝑖 | 𝜑) 𝑑𝛽𝑖 ,
∑𝐼 exp [𝛽𝑖 𝑋𝑖𝑛 ]

(4)

where 𝑓(𝛽𝑖 | 𝜑) is the density function of 𝛽 and 𝜑 refers
to a vector of parameters of the density function and other
terms are as previously defined. The above model is usually
estimated using the simulation of maximum likelihood with
Halton draws [42, 43].
Several distributions had been considered in the literature, including normal, uniform, and lognormal ones.
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Table 2: Summary of variables by vehicle ownership.

Variables
Driver demographic characteristics
Male∗∗∗
Age under 25∗∗∗
Age 25–44∗∗∗
Age 45–64∗∗∗
Age 65 and over∗∗∗
Driver behaviors
Inattention∗∗∗
Impaired driving
Poor driving∗∗∗
Poor handling∗∗∗
Aggressive driving∗∗∗
Other driver factors
No driver factor∗∗∗
Control variables
No vehicle factor
No road factor
No environmental factor

Rental

Nonrental

𝑧-stat.

𝑝 value

0.8664
0.1802
0.5508
0.2326
0.0143

0.6911
0.0627
0.5729
0.3351
0.0515

29.761
37.014
3.468
16.990
13.279

<0.001
<0.001
0.001
<0.001
<0.001

0.4469
0.0754
0.0436
0.0124
0.0068
0.0255
0.3837

0.4126
0.0756
0.0330
0.0089
0.0041
0.0263
0.4340

5.436
−0.059
4.608
2.893
3.248
−0.391
−7.930

<0.001
0.953
<0.001
<0.001
<0.001
0.696
<0.001

0.9753
0.9583
0.9943

0.9726
0.9615
0.9946

1.294
1.297
0.320

0.196
0.195
0.626

Note. Means or proportions reported; ∗∗∗ denotes statistical significance at 99% confidence level.

Although the normal distribution has been widely used in
road safety research, Hensher and Greene [44] and Train [41]
suggested that the normal distribution should be used for
continuous variables while the uniform distribution should
be used for dummy or binary variables. Therefore, the
uniform distribution was used as a density function in this
study. The random parameters logit model was estimated
using NLogit version 5. In this software, the scale parameter
obtained would be half the range of the uniform distribution.

4. Results and Discussion
As shown in Table 2, the difference in the means or proportions of crashes involving rental cars and nonrental cars
that had no driver-related crash factor was found to be
statistically significant (𝑧 = −7.930; 𝑝 < 0.001), with a lower
mean for rental cars (M1 = 0.3837) than for nonrental cars
(M2 = 0.4340). More specifically, more drivers of rental cars
exhibited inattention (M1 = 0.4469; M2 = 0.4126; 𝑧 = 5.436;
𝑝 < 0.001), poor driving (M1 = 0.0436; M2 = 0.0330; 𝑧 =
4.608; 𝑝 < 0.001), poor vehicle handling (M1 = 0.0124; M2 =
0.0089; 𝑧 = 2.893; 𝑝 < 0.001), and aggressive driving (M1 =
0.0068; M2 = 0.0041; 𝑧 = 3.248; 𝑝 < 0.001) than drivers of
nonrental cars. These results implied that a greater proportion
of drivers of rental cars were considered to have contributed
to the crash by their poor or risky driving behaviors. This
result was generally consistent with our proposed hypotheses.
As shown in Table 2, the proportion of male drivers
involved in rental car crashes was higher than the corresponding proportion in nonrental cars (M1 = 0.8664; M2
= 0.6911; 𝑧 = 29.761; 𝑝 < 0.001). Also, as expected, the
proportion of drivers under 25 years old involved in rental

car crashes was higher than the corresponding proportion in
nonrental cars (M1 = 0.1802; M2 = 0.0627; 𝑧 = 37.014; 𝑝 <
0.001). These results implied that a greater proportion of the
drivers of rental cars who were involved in crashes consisted
of younger and male drivers compared to crashes involving
nonrental cars. These results provided some support for our
proposed hypotheses.
Besides the simple 𝑧-test, a binary regression model, rare
event logistic model, and a Firth logistic model were also
estimated to obtain the estimates of the partial effects of
each behavior, holding other behaviors constant. As shown in
Table 3, the results of the three models were very similar, with
very similar goodness-of-fit statistics, as well as very similar
coefficient estimates. In terms of goodness of fit, the estimated
log-likelihood value was −26938.4 for the standard binary
logistic model and −26898.9 for the Firth logistic model,
indicating that the Firth logistic model had a slightly better fit.
The consistency in the results obtained for the three models
could be explained by the very large sample size (204,523)
and the number of observations for rental cars (6286), even
though its share was extremely small (3.1%). Nevertheless, it
was vital to confirm that the small share of tourist routes did
not create any estimation problem.
In addition to three fixed parameters models, a random
parameter logit model was also estimated to account for
unobserved heterogeneity in the observations. In terms
of goodness of fit, the estimated log-likelihood value was
−26931.4, which was slightly higher than the corresponding
value of −26938.4 for the standard binary logistic model but
slightly lower than the estimated value of −26898.9 for the
Firth logistic model. However, many scale parameters for the
coefficients were found to be statistically significant. Hence,

0.0377
0.0356
0.0400
0.111
0.0284
0.0514
0.0657
0.1192
0.1595
0.0848
0.0846
0.0664
0.1739
0.1968

0.1752
−0.1084
0.3567
0.4039
0.5040
0.2209

−0.0082
−0.0918
−0.1059
−3.1748

Binary logistic model
Std. err.

0.9986
−0.9239
−1.3282
−2.2222

Coeff.

0.0052
−0.0935
−0.1188
−3.1565

0.1751
−0.1076
0.3583
0.4097
0.5146
0.2236

<0.001
0.035
<0.001
0.001
0.002
0.009
0.923
0.167
0.543
<0.001

0.9981
−0.9241
−1.3181
−2.2170

Coeff.

<0.001
<0.001
<0.001
<0.001

𝑝 value

Note. ∗∗ and ∗∗∗ denote statistical significance at 95% and 99% confidence levels.

Driver demographics
Male∗∗∗
Age (25–44)
Age (45–64)∗∗∗
Age (65+)∗∗∗
Driver behaviors
Inattention∗∗∗
Impaired driving∗∗
Poor driving∗∗∗
Poor handling∗∗∗
Aggressive driving∗∗∗
Other driver factors∗∗∗
Control variables
No vehicle factor
No road factor
No environmental factor
Constant∗∗∗

Variable

0.0845
0.0661
0.1734
0.1977

0.0284
0.0515
0.06537
0.1183
0.1575
0.0879

0.0377
0.0356
0.0409
0.1107

0.950
0.157
0.493
<0.001

<0.001
0.037
<0.001
0.001
0.001
0.008

<0.001
<0.001
<0.001
<0.001

Rare event logistic model
Std. err.
𝑝 value

Table 3: Estimation results of binary logit, rare event logit, and Firth logit models.

0.0053
−0.0934
−0.1186
−3.1566

0.1751
−0.1076
0.3583
0.4097
0.5146
0.2236

0.9981
−0.9241
−1.3181
−2.2171

Coeff.

0.0845
0.0664
0.1728
0.1957

0.0284
0.0514
0.0658
0.1188
0.1586
0.0846

0.0376
0.0356
0.0409
0.1104

Firth logistic model
Std. err.

0.950
0.159
0.492
<0.001

<0.001
0.036
<0.001
0.001
0.001
0.008

<0.001
<0.001
<0.001
<0.001

𝑝 value
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Table 4: Estimation results of random parameters binary logit model.

Variable
Driver demographics
Male
Age (25–44)
Age (45–64)
Age (65+)
Driver behaviors
Inattention
Impaired driving
Poor driving
Poor handling
Aggressive driving
Other driver factors
Control variables
No vehicle factor
No road factor
No env. factor
Constant

Coeff.

Mean
Std. err.

𝑝 value

Coeff.

Scale
Std. err.

𝑝 value

0.7057∗∗∗
−0.6718∗∗∗
−0.9469∗∗∗
−1.8044∗∗∗

0.0268
0.0256
0.0294
0.1010

<0.001
<0.001
<0.001
<0.001

0.2322∗∗∗
0.2499∗∗∗
0.0979∗∗
1.4224∗∗∗

0.024
0.023
0.046
0.218

<0.001
<0.001
0.034
<0.001

0.1241∗∗∗
−0.4158∗∗∗
0.2182∗∗∗
0.0204
0.3588∗∗∗
−0.1387∗

0.0202
0.0514
0.0491
0.1156
0.1153
0.0834

<0.001
<0.001
<0.001
0.860
0.002
0.096

0.0366
1.8590∗∗∗
0.5955∗∗∗
1.6644∗∗∗
0.1020
1.7362∗∗∗

0.034
0.107
0.113
0.257
0.281
0.179

0.276
<0.001
<0.001
<0.001
0.716
<0.001

−0.3231
−0.0856∗
−0.0747
−2.2427∗∗∗

0.0605
0.0477
0.1239
0.1392

0.593
0.072
0.546
<0.001

0.6219∗∗∗
0.4361∗∗∗
0.0670∗∗∗
—

0.023
0.023
0.023
—

<0.001
<0.001
0.003
—

Note. ∗, ∗∗ , and ∗∗∗ denote statistical significance at 90%, 95%, and 99% confidence levels.

the random coefficient logistic model could be considered as
the preferred model and the results of this model would be
used for further discussion on the influences of crash factors.
As shown in Table 4, the estimated coefficient of the
mean effect of “male” was positive and statistically significant,
indicating that male drivers were more likely than female
drivers to be associated with rental car crashes than nonrental
car crashes. Also, since the estimate of the scale parameter
was less than the mean, the entire range of the uniform
distribution was positive, implying that the positive effect
was applicable to all observations. Additionally, the estimated
coefficients of the three older aged groups (25–44, 45–64,
and 65+) were negative and statistically significant, indicating
that, relative to drivers under 25 years old, older drivers were
less likely to be involved in rental car crashes. Again, since the
estimates of all the scale parameters were smaller in magnitude than the mean, the negative correlation would hold for
all observations. These results confirmed our hypotheses that
rental car crashes would have a higher proportion of young
male drivers than nonrental car crashes. These results were
also consistent with the findings of Al-Balbissi [4].
With respect to the driver-related factors, two results
from Table 4 were different from those reported in Table 2.
First, “other driver factors” was not found to be statistically
significant in the simple 𝑧-test but was found to be marginally
statistically significant at the 90% confidence level in the
random parameter logit model. Second, impaired driving was
found to be statistically insignificant in the simple 𝑧-test but
was found to be associated more with nonrental cars than
with rental cars in the regression models.
Overall, four of six risky behaviors were found to be
associated more with rental cars than with nonrental cars,
and three of these behaviors were statistically significant at the

traditional 95% confidence level, while poor handling was not
statistically significant, even at the 90% confidence level. The
estimates for inattention, aggressive driving, and poor driving
were positive and significant, indicating that these poor and
risky behaviors were associated more with rental car drivers
than with nonrental car drivers.
It should be noted that four of the six estimates of
the scale parameters were relatively large compared to the
estimated magnitude of the means, implying that there were
significant variations in the effects of driver behavior across
the observations. For example, the estimated mean and scale
parameter of impaired driving were −0.4158 and 1.8590,
respectively, implying that the effect of impaired driving was
positive for about 38.8% of the sample although the overall
effect was negative. Similarly, the estimated mean and scale
parameter of other driving factors were −0.1387 and 1.7362,
respectively, implying that the effect of other driving factors
was positive for about 46.0% of the sample although the
overall effect was negative.
In general, the results on driver behaviors reported above
implied that, with the exception of impaired driving, a
greater proportion of drivers of rental cars were considered
to have contributed to the crash by their poor or risky
driving behaviors, such as poor driving, inattention, and
aggressive driving. These results provided some support
for our proposed hypotheses. However, the insignificance
of poor handling and the significance of more risk-taking
behaviors, such as aggressive driving and inattention, implied
that the differences in behavior were due to more than
just unfamiliarity with the vehicle and environment. These
results could be better explained by the greater risk-taking
propensity among younger drivers [7, 8] and the economic
principle of moral hazard [9–12].
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To reduce the likelihood of crashes involving rental
cars due to unfamiliarity with the environment, rental car
companies could equip more of their cars with advanced
traveler information systems and transportation departments
could conduct a review of traffic control and signage,
especially informational signs, to ensure that they provide
better information and directions to visitors. To address the
issues related to risk taking and moral hazard, policymakers
responsible for rental car safety, rental car regulation, or
rental car operations should consider measures to reduce
this market inefficiency and improve the safety of all road
users. Examples of such measures would be to provide proper
incentives for safe driving behavior or adequate disincentives
for risky driving behavior in the rental car lease, including
penalties for risky driving or rewards for safe driving, such
as differential insurance, rental rates, or the use of refundable
safety deposits.

5. Conclusions
Despite its importance in the transport sector in many
developed countries, the safety of rental cars has received
relatively little attention in the transportation safety literature.
This study proposes three driver-related reasons to support
the hypotheses that rental car crashes may involve a greater
proportion of young male drivers and greater proportions of
drivers who exhibit poor and risky driving behaviors.
To test these hypotheses, this study compares the factors
contributing to crashes involving rental cars and nonrental
cars in South Korea using the standard binary logistics,
rare event logistics, Firth logistics, and random parameters
logistic models. We found a significantly higher contribution
of poor or risky driving behaviors in rental cars than in nonrental cars, but little or no difference in roadway, vehicle, and
environmental factors. We also found that rental car crashes
involve more male and younger (under 25) drivers. These
results provide some support for the hypotheses developed.
It should be noted that the objective of this study is to
develop a conceptual framework and derive testable hypotheses to examine the differences in the factors contributing to
crashes involving rental cars and nonrental cars, with a focus
on the differences in risky driving behaviors, and to test the
hypotheses using data from Korea. Further research should
be conducted to extend the conceptual framework to capture
the effect of rental cars on crash and driver injury severity
and test the extended framework using different statistical
models, such as the nested logit model or bivariate logit
model, with different model specifications to account for
potential confounding, mediating, and moderating effects.
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