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Abstract: This study investigated the potential factors affecting
the injury severity of shared electric bike (e-bike) riders and
analyzed potential heterogeneity using a dataset comprising of
1 343 shared e-bike insurance accidents recorded by a shared
e-bike company as the research object. The injury severity was
categorized into two levels: not injured and injured. Twelve
independent variables were selected based on six aspects
involving attributes of shared e-bike rider, vehicle, road,
The effects of different
factors on the injury severity of shared e-bike riders were
assessed using the random parameter logit model with
heterogeneity in means. Results indicate that the variable
“other traffic participants at fault” in the accident scenarios
featured a random parameter that adhered to a normal
distribution and exhibited mean heterogeneity. This increased
the likelihood of injury among shared e-bike riders. However,

environment, time, and accident.

the probability of injury decreased when the scenario involved
both the variable “other traffic participants at fault” and
component damage. The variables female, intact road surface,
dry road pavement, nighttime, single-vehicle accidents, and
both at-fault accidents could increase the injury probability
among shared electric bike riders to varying degrees. The
findings of this research provide a theoretical basis for the
development of traffic safety strategies targeted at shared
electric bike riders.
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nder China’s rapid economic development, rapid
U industrialization progress, and continuous urbaniza-
tion, cities continue to expand. Consequently, road net-
work traffic has increased,
continue to rise. Owing to their speed, convenience, and
cost-effectiveness, electric bikes ( e-bikes) have become
an essential means of urban transportation for short dis-

and traffic travel distances
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1
tances'".

perienced rapid growth, with the social ownership of

e-bikes reaching nearly 300 million"”'.

In recent years, China’s e-bike market has ex-

However, the is-
sue of e-bike traffic safety has become more pronounced.
In 2019,
70% of the nonmotor vehicle losses in national road traf-

e-bike-related casualties accounted for about

fic accidents"’.

In recent years, the rapid advancement of Internet tech-
nology has led to an emerging service industry represented
by shared e-bikes. By 2019, the number of
e-bikes had exceeded 1 x10°".
e-bikes have introduced certain safety concerns owing to

shared
Moreover, shared
poor management and insufficient fundamental invest-
ment. In addition, the simple registration procedure of
the platform"' and the inappropriate age limit for riders'
have resulted in a low entry barrier for shared e-bikes,
thereby posing a significant safety risk. Moreover, some
riders lack proper driving skills and legal awareness'”,
contributing to repeated traffic violations such as wrong-
way riding, thereby increasing the risk of traffic acci-
dents. Research indicates a rising trend in traffic accident
injuries involving shared e-bikes'™. Therefore, investiga-
ting the traffic safety challenges posed by shared e-bikes
to propose reasonable improvement suggestions will help
alleviate the pressure on traffic safety management and as-
sist in safety prevention and control.

In recent years, numerous scholars have performed ex-
tensive research on the safety risks and accidents associat-
I obtained e-bike

accident data through questionnaires and used a binomial

ed with private e-bikes. Hertach et al.

logit model to analyze the influence of various factors
such as individual, vehicle, road, and environmental at-
tributes on the accident injuries of e-bike riders. Their
findings revealed that accident injuries are more prevalent
among women, older adults, riders traveling at speeds up
to 45 km/h, and those who perceive their physical condi-
tion as inferior to those of their peers. Panwinkler et
al. ! extracted e-bike accident data based on accident text
and used an ordered probability model for research. They
found that excessive speed, drinking alcohol, and down-
hill riding can cause serious injury to e-bike riders. Dong
et al.""” analyzed the factors affecting accident injury
based on accident video data involving e-bike collisions
with cars using binomial logit and multiple logit models
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and compared the prediction accuracies of the two
models.

The aforementioned research indicates that scholars
have achieved specific advancements in the investigation
of personal e-bike traffic accident injuries. However, the
research on shared e-bike traffic accident injuries remains
inadequate.
shared and private e-bike riders across various facets, in-
cluding mental and physical health and riding behavior
characteristics'®”",
comes of accident causation analysis and the correspond-
ing improvement measures derived from the private e-bike
riding group can be applied to the shared e-bike riding
group. Consequently, for the emerging demographic of
shared e-bike riders, reanalyzing the mechanism behind

Given the numerous differences between

it remains uncertain whether the out-

the impact of traffic accidents and formulating targeted
measures to enhance traffic safety are imperative. Moreo-
ver, although numerous studies have modeled e-bike traf-
fic accident injuries and analyzed causal relations, several
unresolved or overlooked issues persist, such as the heter-
ogeneity of e-bike accident injury data. The discrete
choice model utilized in the aforementioned research,
particularly the conventional logit regression model, can-
not effectively identify unobserved heterogeneity in the
traffic accident data'"
ic variables influencing accident severity are omitted from
the model or when correlations exist between variables in
the model and omitted variables. Studies have demonstra-
ted that variables such as the physiological characteristics
of drivers, 131 and road lighting““
are affected by other variables in the model during traffic
accident analysis. This results in biased model outcomes
and an inability to accurately analyze potential interaction

relations among factors affecting e-bike traffic accident

. Heterogeneity arises when specif-

traffic violations

injuries.

Several scholars have utilized the random parameter
logit (RP-logit) model to address heterogeneity in traffic
accident data. Chen et al. """ employed the RP-logit mod-
el to assess injury severity in single-car and multicar acci-
dents involving trucks on rural roads. Kim et al. """ in-
vestigated the effect of driver age and gender on injury se-
verity in single-vehicle collision accidents using the RP-
logit model. The RP-logit model allows explanatory vari-
ables to be spontaneous; however, individual heterogene-
ity in the random parameters can still exist. To address
this issue, Mannering et al. tn
relates the mean and variance of random parameters with
other explanatory variables in the model when analyzing
highway traffic accidents to determine individual hetero-
geneity. Yang et al.'™ employed the RP-logit model
with heterogeneity in means and variances ( RP-logit-
HMYV) to explore the heterogeneity of factors affecting
the severity of accidents involving nonhelmeted motorcy-
cle riders and various vehicle types. The abovementioned

introduced a method that

study thoroughly investigates the effect of heterogeneity
on the modeling and analysis of motor vehicle traffic acci-
dents, introducing novel perspectives to traffic accident
analysis. Therefore, incorporating the RP-logit or RP-
logit-HMV models proves advantageous in addressing het-
erogeneity in shared e-bike injury data and investigating
potential interactions among variables.

In this research, data on shared e-bike insurance acci-
dents from a shared e-bike enterprise during the period of
May to September 2020 were obtained. Combining infor-
mation such as shared e-bike riders’, accident, road, and
weather attributes, the RP-logit-HMV, RP-logit, and bi-
nomial logit models were used for fitting and comparative
analysis. Furthermore, the optimal model was used to an-
alyze the injury severity of shared e-bike riders and pro-
vide a theoretical basis for developing traffic safety strate-
gies to protect shared e-bike riders.

1 Data Preparation

The dataset used in this research was comprised of two
components. 1) 2 667 shared e-bike accident data span-
ning from May to September 2020, sourced from an in-
surance accident management platform of a shared e-bike
company. The platform documents accident specifics, in-
cluding location, time, causation, and detailed informa-
tion about the accident, along with the name, gender,
and date of birth of the rider for each insured accident.
After deleting the missing values in the original data,
1 343 accidents were retained as the foundational dataset
for this research. 2) Historical weather data, including
weather conditions, temperature, wind direction, and oth-
er relevant indicators, were retrieved from a query web-
site!’”’. We aligned the weather data with the time and lo-
cation of each accident to establish an accurate correlation.

The traffic accidents in the insurance accident database
of the shared e-bike company are divided into three cate-
gories—not injured, injured, and fatal accidents—based
on the injury severity of shared e-bike riders. Among the
1 343 accidents obtained, 395 were not injured accidents,
945 were injured accidents,
dents. Considering that fatal accidents account for only a
small proportion of the sample, they were combined with
injured into one level, namely injured, for subsequent
modeling analysis.

and three were fatal acci-

The transportation system encompasses a multitude of
factors, including traffic participants, vehicles, roads,
and the environment. Any problem within these elements
could potentially result in traffic safety issues and cause
accidents. Therefore, considering the effect of various
factors on accidents, 12 variables were selected based on
shared e-bike rider, vehicle, road, and environmental at-
tributes as candidate explanatory variables. The coding
and descriptive statistics for each explanatory variable are
presented in Tab. 1.
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Tab.1 Descriptive statistics for variables

Variable type Variable Description Code Number Percentage/ %
Gend Male* 0 703 52.345
ender
Shared Female I 640 47.655
e-bike #
. s < 18 (adolescent) 0 32 2.383
riders
attributes Age 18 to 45 (youth) 1 1216 90. 544
46 to 59 (middle-aged person) 2 95 7.074
. Normal* 0 1078 80.268
Vehicle . .
. Vehicle status Component damage ( vehicles have faults
attributes . . 1 265 19.732
such as brake or steering failure)
Sit. Road section” 0 1189 88.533
e Intersection 1 154 11.467
Intact” 0 1224 91.139
Road
K Road surface Damaged (uneven road surface
attributes . . 1 119 8.861
or the presence of pits, ditches)
Dry* 0 1279 95.235
Road pavement
Wet (wet and waterlogged roads) 1 64 4.765
Sunny* 0 941 70. 067
Weather i
Environmental Adverse weather (rainy and foggy weather) 1 402 29.933
attributes . Daytime” 0 826 61.504
Lighting .
Nighttime 1 517 38.496
. Nonpeak period® 0 951 70.812
Time interval .
. . Peak period (7:00—9:00, 17:00—19:00) 1 392 29.188
Time attributes
Weekday” 0 980 72.971
Day of the week
Weekend 1 363 27.029
: s at fault® : are fi
Rlde‘rs at fault (w‘he‘n. the rider bear-s -full 0 937 69,769
or primary responsibility for the collision)
Both at fault (when both the rider and the other
Fault . L o - 1 108 8.042
traffic participant share equal responsibility for the collision)
Other traffic participants at fault (when the other traffic 5 208 2189
Accident participant is fully or primarily responsible for the collision) '
attributes i -vehi i *(q i i
‘Slingle vehlcle accident” ( 1nc'lu.d1ng" riders 0 785 53 451
falling, being thrown, and hitting fixtures)
Form Vehicl.e—.pedesm'an accide.nt (accidents ca}lsed 1 16 8. 637
by collisions between e-bikes and pedestrians)
Vehicle-to-vehicle accident (accidents caused
2 442 32.911

by collisions between e-bikes and other vehicles)

Note: * represents the model reference category.

2 Method

B.=B,+6,Z, +o,xp(w,W,)v,

2.1 Random parameter logit model with heterogenei-
ty in means and variances

The utility function for the injury severity of shared
e-bike riders is shown as follows:

S[n :ﬁiXin + gin ( 1)

where S, represents a severity function determining the
probability of injury severity category i (not injured, in-
jured) in crash n; X, represents the vector of explanatory
variables; B, represents a vector of estimable parameters;
&,, represents the random error.

Allowing heterogeneity in the means and variances of
random parameters entails reformulating Eq. (1) so that
B, becomes a vector of estimable parameters that varies
across observations.

where B, represents a mean parameter estimate in all acci-
dents; Z, represents a vector of attributes that represents
heterogeneity in the means; &,, represents a corresponding
vector of estimable parameters; W, represents a vector of
attributes that captures heterogeneity in the standard devi-
ation ¢, with parameter vector w,,; v,, represents a dis-
turbance term (a term with a random distribution that cap-
tures unobserved heterogeneity among accidents) .

The probability of injury severity category i attributable
to the crash n, P (i), is expressed by allowing the vector
B, to obtain a continuous density function, implying that

Prob(B, =8) =f(B | ),

exp(B.X,,)

P.(i) = 3
() = | S exppx FOL" BNE
VI

where f(B | ¢) represents the density function of 8 with ¢
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referring to the vector of parameters (mean and variance)
of that density function, and other terms are as previously
defined.

2.2 Marginal effect

The RP-logit-HMV cannot quantify the magnitude of
the effect of each explanatory variable on the probability
of the injury severity outcome; therefore, the marginal
effect is used to evaluate the effect of a unit increase in
each explanatory variable on the probability of the injury
severity outcome. The marginal formula is shown as fol-
lows:

. Puli, =1 =P, (x, =0)
" Pin ( xkin = O)

(4)

where x,,, represents the value of explanatory variable k
for accident # in the injury severity category i and P, (x,,,
=0) and P, (x,, =1) represent the probability of the in-
jury severity category i for accident n when x,, equals 0
and 1, respectively; Ef"‘"" can be interpreted as the change
in the probability of the injury severity category i when a
discrete variable x,, changes from 0 to 1.

2.3 Binomial logit model

A binomial logit model is used as a comparison model
herein. The logit regression equation can be expressed as
follows:

log( [ p) =B +8X (5)
1-P
where P represents the probability when the injury severi-
ty is classified as injured; X represents the vector of ex-
planatory variables, B represents a vector of estimable pa-
rameters; 3, represents a constant.

When injured, the injury severity probability for a giv-
en value of the vector of explanatory variables X can be
theoretically calculated as follows:

_exp(B, +BX) (6)
1 +exp(B, +BX)

3 Parameter Identification and Results
3.1 Parameter identification

In this study, the NLogit software and the Monte Carlo
method were used to establish the RP-logit model with
heterogeneity in means and variances, with a significance
level of 0. 1. The solution process was as follows:

1) As no closed-form solution exists for the coefficient
solution of the RP-logit-HMV, only the simulation solu-
tion can be used. The simulation solution involves ran-
dom and Halton sequence sampling. The Halton sequence
sampling exhibits high efficiency and uniform distribution
of sampling points. Consequently, the paper adopted
Halton sequence sampling, with a sampling frequency of
200",

2) Before model estimation, the specification of the
probability density function for the parameters was essen-
tial. Probability density function forms of parameters ex-
hibit uniform distribution, normal distribution, and log-
normal distribution. The normal distribution is superior to

9 " Therefore, it was

other probability density functions
assumed that all explanatory variables to be estimated
were random parameters, and the parameters to be evalu-
ated were assumed to follow a normal distribution in the
simulation. The simulation results revealed that the oppo-
sing side of the accident fault exhibited the attributes of
random parameters, and the remaining explanatory varia-
bles were fixed parameters.

3) The RP-logit-HMV was established along with the
RP-logit and binomial logit models using the NLogit soft-
ware. The parameter estimation results are shown in Tab.
2. Notably, no variance heterogeneity existed in the mod-
el; thus, RP-logit-HMV eventually degenerates into the
RP-logit model with heterogeneity in means ( RP-logit-

Tab.2 Parameter estimation of the three logit models

. Binomial logit RP-logit RP-logit-HM
Variables
Coefficient Sig. Coefficient Sig. Coefficient Sig.
Constant 1.741 0.000 1.804 0.000 1.760 0.000
Female 0.305 0.027 0.341 0.030 0.338 0.027
Component damage -0.626 0.001 -0.381 0.107 -0.159 0.501
Damaged road surface -0.641 0.011 -0.595 0.039 -0.687 0.013
Wet road pavement -0.833 0.008 -0.871 0.014 -0.913 0.007
Fixed parameter Nighttime 0.294 0.040 0.272 0.096 0.294 0.064
Both at fault 0.524 0.028 0.705 0.004 0.699 0. 005
Other traffic participants at fault 0.707 0.000
Vehicle-pedestrian accident -3.452 0.000 -3.595 0.000 -3.579 0.000
Vehicle-to-vehicle accident -1.924 0.000 -2.223 0.000 -2.185 0.000
Random parameter Other traffic 2.456 0.042 2.028  0.005
participants at fault
Heterogeneity in the mean Other traffic participants at _1.964 0.001

of the random parameter fault: Component damage
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HM). The comparison of the three models is presented in
Tab. 3. The log-likelihood value of the RP-logit-HM was
—-658.161, with an Akaike information criterion ( AIC)
value of 1 340.300, a Bayesian information criterion
(BIC) value of 1 402.800, an R value of 0.293, and an
adjusted R* value of 0. 287. The results reveal that the
RP-logit-HM exhibits a better fit and interpretation.

3.2 Results

Comparing the results of the RP-logit-HM with the RP-
logit and binomial logit models revealed that the influence
of factors such as female, damaged road surface, wet
road pavement, nighttime, both at fault, vehicle-pedes-
trian accident, and vehicle-to-vehicle accident on the in-
jury severity of shared e-bike riders were in the same di-
rection (see Tab.2). In contrast, in the case of other sce-
narios such as those involving different traffic participants
at fault and component damage, the RP-logit-HM identi-
fied the stochastic and heterogeneous attributes of these
variables, thereby mitigating potential biases in model pa-
rameter estimation and inference. Consequently, only the
parameter outcomes of the RP-logit-HM model are dis-
cussed in subsequent sections of the paper.

3.2.1

According to Tab. 2, the variable “other traffic partici-
pants at fault” within accident scenarios followed a nor-
mal distribution of random parameters. As shown in Fig.
1, the variable “other traffic participants at fault” fol-
lowed a normal distribution characterized by a mean of
2.028 and a standard deviation of 2. 175. This indicates
that about 82. 380% of shared e-bike riders in accidents
were more susceptible to injuries when other traffic partic-
ipants were at fault. In contrast, about 17. 620% of
shared e-bike riders were less prone to injury if the acci-
dent was attributed to other traffic participants.

Random parameter

020

2.028

e
&
T

0.05F

Probability density
=]
=

1 1 1 !l ! 1 1 ]
-7 -5 -3 -1 1 3 5 7 9 11
Other traffic participants at fault

0

Fig.1 Distribution of random parameters

3.2.2 Heterogeneity in the mean of the random pa-
rameter

Tab. 2 shows that the mean of the random parameter

for the variable “other traffic participants at fault” was in-

fluenced by vehicle status, specifically component dam-

age. The mean value of the random parameter for the var-

iable “other traffic participants at fault” exhibited a nega-

tive correlation with the presence of component damage in
the vehicle. As shown in Fig. 2, the mean value of the
parameter for accidents involving other traffic participants
at fault was 2. 028 and decreased to 0. 064 when the acci-
dent involved component damage. The result suggests
that while the likelihood of injury among shared e-bike
riders increased when other traffic participants were at
fault, the presence of component damage mitigated this
escalation. One possible explanation is that the shared
e-bike platform promptly immobilized and prohibited the
use of vehicles after a user reported vehicle component
damage. Consequently, this measure curtailed accidents
arising from vehicle component damage, thereby reducing
the likelihood of rider injury.
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Fig.2 Distribution of random parameters with heterogeneity in
means for other traffic participants at fault

3.2.3 Fixed parameter

According to the model calculation results ( see Tab.
3), several factors exhibited significant effects on the in-
jury severity of shared e-bike riders. Hence, in this sec-
tion, the factors influencing injuries sustained by shared
e-bike riders, in conjunction with marginal effects ( see
Tab.4), were analyzed.

1) Shared e-bike riders’ attributes. The gender of

Tab.3 Measure-of-fit of the three logit models

Statistic Binomial logit RP-logit RP-logit-HM
Log-likelihood value -669.208 -664. 146 -658.161
AIC 1 358.400 1 350.300 1 340.300
BIC 1 410.400 1 407.500 1 402. 800
R? 0.178 0.287 0.293
Adjusted R? 0.171 0.281 0.287

Tab.4 Marginal effect of various parameters in the RP-logit-
HM

Variables Marginal effects
Female 0.022
Component damage -0.004
Damaged road surface —-0.009
Wet road pavement -0.007
Both at fault 0.015
Nighttime 0.012
Vehicle-pedestrian accident —-0.045
Vehicle-to-vehicle accident -0.142
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shared e-bike riders significantly influenced injury severi-
ty. Following accidents, female shared-e-bike riders dis-
played a higher likelihood of injury than males, with the
probability of female injury escalating by 2.200% . This
trend is attributable to multiple factors, such as the grea-
ter weight of shared e-bikes, the potential difficulties fe-
male riders face in maneuvering these bikes, and the less
ability of female riders to control and react to accidents
compared with males'”"’. The above factors led to a high-
er probability of injury for female shared e-bike riders
than males after an accident.

2) Road attributes. The condition of the road surface
significantly influenced the severity of accident injuries.
The likelihood of shared e-bike riders sustaining injury
under damaged road surface conditions was 0. 900% low-
er than that under intact road surface conditions. Moreo-
ver, the state of the road pavement significantly affected
injury severity, and the likelihood of shared e-bike riders
sustaining injuries under wet road pavement conditions
was 0.700% lower than that under dry pavement condi-
tions. Interestingly, previous research yielded inconsis-
tent results concerning the effects of road surface and
pavement on accidents. Wang'" found that road pave-
ment did not significantly influence accident severity. In
contrast, Hertach et al. '™ identified damaged roads and
difficulties maintaining balance owing to wet road surfaces
as significant accident contributors. Although riding under
conditions of damaged road surfaces and wet road pave-
ment entails elevated risk, our research indicated that acci-
dents might not necessarily occur, attributable to a shift in
the psychological approach of shared e-bike riders when
Riders often
adopt anticipatory measures, exhibiting defensive driving

confronted with unfavorable road conditions.

behaviors such as heightened focus and cautious operation
to mitigate the risks associated with poor road conditions.

3) Environmental attributes. The likelihood of causing
injury to shared e-bike riders was higher during nighttime
than during the daytime, with the probability of injury for
those traveling at night increasing by 1.500% . This phe-
nomenon is attributable to reduced rider visibility and the
accelerated speeds of shared e-bikes during nighttime.
These factors lead to diminished perception and reaction
time for accident participants to evade danger or mitigate
personal harm'™'.

4) Accident attributes. Both accident fault and accident
form displayed significant effects on injury severity. Rel-
ative to single-vehicle accidents, incidents involving vehi-
cle-pedestrian and vehicle-to-vehicle collisions were
4.500% and 14. 200% less likely to cause injury to
shared e-bike riders, signifying that single-vehicle acci-
dents were more prone to causing injuries. This outcome
diverged from findings in prior research'™'. Riders might
be unfamiliar with the structural mechanics of shared
e-bikes, potentially leading to improper or excessively ab-

rupt braking and unsuitable or excessive speeds' . Inex-
perienced riding and a lack of awareness regarding traffic
safety among shared e-bike riders could also contribute to
these disparities'”. Traffic management must prioritize
the safety of shared e-bike riders. When both parties are
at fault in an accident, the likelihood of injury for shared
e-bike riders increases by 1.200% compared with acci-
dents where only the rider is responsible. This is attribut-
able to the reduced reaction time for shared e-bike riders
in situations involving mutual fault, thereby elevating the
risk of injury"’.

The results of the paper could provide a basis for im-
proving the traffic safety of shared e-bike riders: 1) The
mean heterogeneity of “other traffic participants at fault”
and component damage reveals that while component
damage can mitigate the degree of injury escalation, regu-
lar vehicle inspections and maintenance by shared e-bike
enterprises are essential to enhance vehicle safety perform-
ance. 2) To address road surface, pavement, and lighting
factors, governmental initiatives should focus on enhan-
cing road traffic facilities,
ments, incorporating road lighting facilities, and reinfor-

optimizing riding environ-

cing road maintenance efforts. 3) Addressing gender dis-
crepancies, accident faults, and accident forms necessi-
tates increased traffic safety advocacy by traffic manage-
ment authorities. Moreover, the awareness of law-abiding
behavior should be enhanced, with specific attention to
training programs for women and other vulnerable groups
to enhance their protection awareness.

4 Conclusions

1) The variable “other traffic participants at fault” ex-
hibited characteristics of a random parameter with a nor-
mal distribution and demonstrated mean value heterogene-
ity within accident fault scenarios. Specifically, when the
vehicle had component damage, accidents in which the
fault lay with other traffic participants resulted in an in-
creased likelihood of injury to shared e-bike riders. How-
ever, the presence of component damage could mitigate
the extent of this increase.

2) The model estimation and marginal effect outcomes
highlight that various factors—such as female riders, in-
tact road surfaces, dry road pavements, nighttime inci-
dents, single-vehicle accidents, and accidents involving
both parties at fault—contribute to varying degrees in ele-
vating the probability of injury among shared electric bike
riders.

3) This study elucidated the factors influencing injury
severity among shared e-bike riders. According to insur-
ance accident data, potential data heterogeneity was ad-
dressed. The insights provided serve as valuable refer-
ences for shaping policies aimed at enhancing the safety
of shared e-bike traffic systems. Nevertheless, certain
limitations exist within this study. The insurance accident



290 Zhang Xiaolong, Huang Jianling, Bian Yang, Zhao Xiaohua, and Li Jia

records for shared e-bikes cannot cover all pertinent acci-
dent-related information. Future research could more
comprehensively analyze factors impacting the injury se-
verity of shared e-bike riders by obtaining more accurate
and comprehensive shared e-bike traffic accident data.
Moreover, according to the extensive data from shared
e-bike trajectories, an all-encompassing analysis of safe-
ty, incorporating risky riding behaviors, and proposing
corresponding enhancement measures could better eluci-
date the current state of shared e-bike safety.

References

[1] Wang T. The mechanism study on the risky driving behav-
ior and accident of electric bike riders | D].
Southeast University, 2017. (in Chinese)

[2] Xinhua News Agency. Chinese social ownership of elec-
tric bicycles is close to 300 Million[ EB/OL]. (2020-11-
20) [2023-02-01]. https: //baijiahao. baidu. com/s?id =
1683860802054912607 &wfr = spider&for = pc.

[3] SINA. One electric bike rider dies every hour! Experts
call for legislation to make helmets mandatory[ EB/OL].
(2020-12-02) [2023-02-01] . http: //news. sina. com. cn/
s/2020-12-02/doc-iiznezxs4817293. shtml.

[4] iiMedia Life and Travel Industry Research Center. Special

Nanjing:

research report on safety management of China’s shared
motorcycles in 2020 [ R]. Guangzhou: iiMedia Research,
2020.

[5] Gu Y. Investigation and thinking on the management of
shared non-motor vehicles in Beijing[J]. Journal of Bei-
jing Police College, 2017, 2017(6): 27 —30. DOIL: 10.
16478/j. cnki. jbjpc. 20171024.001. (in Chinese)

[6] Liu S Y, Lan Y Q. Analysis on the current situation,
problem, and countermeasures of shared motorcycles un-
der the sharing economy model [ J]. Industrial Design,
2018, 2018(2): 14 —16. (in Chinese)

[7] Nie S J. Research on government supervision of shared
motorcycles[J]. Journal of Chongging University ( Social
Science Edition), 2019, 25(1): 162 —177. (in Chinese)

[8] Hertach P, Uhr A, Niemann S, et al. Characteristics of
single-vehicle crashes with e-bikes in Switzerland[J]. Ac-
cident Analysis & Prevention, 2018, 117: 232 — 238.
DOI: 10.1016/j. aap.2018.04.021.

[9] Panwinkler T, Holz-rau C. Causes of pedelec ( pedal elec-

[

tric cycle) single accidents and their influence on injury
severity[ J]. Accident Analysis & Prevention, 2021, 154:
106082. DOI: 10.1016/j. aap. 2021. 106082.

[10] Dong A R, Wang C S, Jing Y C, et al. Exploring factors
influencing injury severity of electric bicycle drivers based
on Logit model analysis[J]. Journal of Wuhan University
of Technology ( Transportation Science & Engineering),
2021, 45(2): 243 —247.

[11] Dong A R, Qin D, Wang C S, et al. An analysis of se-
verity and heterogeneity of pedestrian traffic accidents un-
der low visibility environment[J]. Journal of Transport
Information and Safety, 2021, 39(6): 27 —35. DOI: 10.
3963/j. issn. 2095-3844.2021.02.009. (in Chinese)

[12] Wen HY, Tang Z G, Lu D Y. Modeling severity of roll-
over accidents accounting for heterogeneity [ J]. China

Safety Science Journal, 2018, 28(9): 13 —18. DOI: 10.
16265/j. cnki. issn1003-3033.2018. 09. 003. (in Chinese)

[13] Zhu T, Qin D, Dong A R, et al. Relational analysis be-
tween bus drivers’ violation type and traffic accident[J].
Journal of Transportation Systems Engineering and Infor-
mation Technology, 2022, 22(2): 322 —329. DOI: 10.
16097/j. cnki. 1009-6744.2022.02.033. (in Chinese)

[14] Song D D, Yang X B, Zu X S, et al. Examination of
driver injury severity in urban crashes: A random parame-
ters logit model with heterogeneity in means approach[J].
Journal of Transportation Systems Engineering and Infor-
mation Technology, 2021, 21(3): 214 —220. DOI: 10.
16097/j. cnki. 1009-6744.2021.03.027. (in Chinese)

[15] Chen F, Chen S. Injury severities of truck drivers in sin-
gle-and multi-vehicle accidents on rural highways[J]. Ac-
cident Analysis & Prevention, 2011, 43(5): 1677 —1688.
DOI: 10.1016/j. aap. 2011. 03. 026.

[16] Kim J K, Ulfarsson G F, Kim S, et al. Driver-injury se-
verity in single-vehicle crashes in California: A mixed logit
analysis of heterogeneity due to age and gender[J]. Acci-
dent Analysis & Prevention, 2013, 50: 1073 — 1081.
DOI: 10.1016/j. aap. 2012. 08.011.

[17] Mannering F L, Shankar V, Bhat C R. Unobserved heter-
ogeneity and the statistical analysis of highway accident
data[ J]. Analytic Methods in Accident Research, 2016,
11: 1-16. DOI: 10.1016/j. amar. 2016. 04.001.

[18] Yang Y W, Wang C Z, Wang W, et al. Analysis of the
injury severity of nonhelmeted motorcyclists colliding with
vehicles[ J]. Journal of Southeast University ( English
Edition), 2023, 39(2): 107 — 114. DOI: 10. 3963/j.
issn. 1003-7985.2023. 02. 001.

[19] Chaxunnet. Online query of weather trend forecasts for
major cities and counties across the country for the current
day and the next few days[ EB/OL]. (2020-10-01) [2023-
02-01]. https: //qq. ip138. com/weather/.

[20] Islam M, Alnawmasi N, Mannering F. Unobserved heter-
ogeneity and temporal instability in the analysis of work-
zone crash-injury severities[ J]. Analytic Methods in Acci-
dent Research, 2020, 28: 100130. DOI: 10.1016/j. am-
ar. 2020. 100130.

[21] Qin D, Zhang B, Wang C S, et al. Study on influence
factors of injury severity of electric bicycle drivers|[J].
Journal of Wuhan University of Technology ( Transportation
Science & Engineering), 2021, 45(4): 672 —676. DOI:
10.3963/j. issn. 2095-3844.2021.04.011. (in Chinese)

[22] Wang W J, Shen X T, Wang G B, et al. Analysis of fac-
tors affecting injury to electric bicycle rider in crash[J].
China Safety Science Journal, 2019, 29 (2): 20 — 25.
DOI: 10. 16265 /j. cnki. issn1003-3033. 2019. 02. 004.
(in Chinese)

[23] Li CZ, Li Y, He Q. Factors affecting injury severity of
electric bike riders in road crashes[J]. Traffic Engineer-
ing, 2019, 19(4): 37 —43. DOIL: 10. 13986/j. cnki.
jote. 2019.04.006. (in Chinese)

[24] Zhang X L, Huang J L, Bian Y, et al. Shared e-bike
riders’ psychology contribution to self-reported traffic acci-
dents: A structural equation model approach with media-
tion analysis[J]. Journal of Transportation Safety & Secu-
rity, 2022, 15(9): 1 —23. DOI: 10. 1080/19439962.
2022.2137868.



Analysis of factors affecting injury severity of shared electric bike riders 291

BT ERITESHGECEREXMERS N

kee k' FwaEA @ o R 12!

(" E KRR T AEEFIH, LT 100124)
C T EBLE PO, LT 100073)

BEAEEFTEHAFEL LG 1343 REARBFUAFRANS L, 2 Yrak T 03 AT EHITH TS

ERERENBERAZATHRELEGFT AR BHETERES ARG FZG 2 ANFE RNEF LA

AFEBEATH Bt 40 R BB B R IR EE B SR R E PRI 12 AN B R B BT AT kk#ﬁgi’ﬂﬁ#ﬁ

MRS Logit A KR T AR B AN EF LI AT ERAEHE S EREGY 0. EREAN . Fika

PR F HAB AL & T B A IR IE S 5 A 69 REAU A SAF A ﬂ.ﬂjﬁiﬁ4ﬁ7‘1‘)ﬁ M, R I A F S

AR R GB AL F W) FR A Mt T 03 AATE AT H A4 09 7T Rk, HUAk 3 ) Ak o, ) 2L 38 Am @
bk 5T RE R S ARA TR AN GEEER WG HEFRARAR G LT b3 AT A

FHZ R FRER AR R LT B3 AT E2 30 8% A0 KB 22 IR IR

KER B LA, FRGESELE LT AT EHTH; AR SEEAR M7 M

RE 5 ES U491



