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This study aimed to reveal the potential relationship between personal characteristics of e-bike riders and illegal occupation of
motor vehicle lane. To this end, a questionnaire survey was conducted and 350 valid copies of responses were retrieved from the
e-bike riders. Depending on the number of motor vehicle lanes occupied, the risky behavior of illegal occupation was divided into
four intervals: intervals A, B, C, and D. The disaggregate theory has high adaptability to the analysis of individual traffic behavior.
In this study, the multinomial logit model was used, and eight personal characteristics of e-bike riders were selected. The
aforementioned four intervals were the four selection limbs, and a measurement model calculating the influence of personal
characteristics on the behavior of illegal occupation was built. The theory of elasticity was employed to analyze the sensitivity
degree of each influence factor. The results showed that the absolute values of elasticity of all tested influence factors, including age,
educational level, and eye vision, were less than 1.000. However, on the four intervals, the elasticity of riders’ temperament was
1.203, 1.656, 1.554, and 1.355, respectively, and elasticity of riding proficiency was 2.782, 3.883, 3.453, and 2.932, respectively.

1. Introduction

e-bike is defined as the mass of the whole vehicle shall not
exceed 55kg, the speed shall not exceed 25km/h, and the
motor power shall be 400 W. It strengthens the requirements
of riding ability and must have foot riding device, tamper
proof, fire-retardant device, waterproof ability, charging
protection device, etc. [1].

In recent years, many large- and medium-sized cities of
China have witnessed the growing prevalence of e-bikes for
daily transport due to their low cost, convenience, and
flexibility of riding [1-4]. Unlike North America and
Europe, the e-bike has already become one of the most
popular modes of transportation, for example, for daily
commuting, and not for leisure only. The China Bicycle

Association [5], in 2017, reported that e-bike ownership in
China amounted to 250 million. The annual production of
e-bikes was 30.97 million, and the export volume was 7.301
million with an export value of US $1.44 billion. In some
cities, such as Nanning, Haikou, Kunming, and Guilin, the
number of e-bikes has far exceeded that of conventional
bikes [1, 3-5]. For example, e-bikes in the urban area of
Nanning amounted to more than 1.8 million [6]. Nanning is
the Chinese city with the greatest number of e-bikes and
hence known as the city on an e-bike. Apparently, the e-bike
has already become an important commuting tool [7, 8].
In spite of this, the rapid increase in the number of
e-bikes has given rise to a series of safety problems. Besides
conventional bike riders and pedestrians, e-bike riders are
also a disadvantaged group. Because of their fast traveling
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speed, e-bikes also have a high risk of serious accidents.
According to the 2015 China Statistical Yearbook on Road
Traffic Accidents, the number of e-bike accidents was 8.2-
fold that of bike accidents and 5.4-fold that of pedestrian
accidents [9, 10]. From January to June 2016, the number of
e-bike accidents in Jiangsu accounted for 70% of the national
total [11]. Further, data on hospital admissions related to
e-bike accidents are also bleak. As indicated by hospitali-
zation records of e-bike riders in Hefei from 2009 to 2011,
one-third of the e-bike riders were seriously wounded
[1,2,12]. According to the hospitalization records of Suzhou
from October 2010 to April 2011, the number of people
injured during e-bike accidents accounted for 57.2% of all
hospital admissions due to road traffic accidents [12]. Both
the seriousness and the number of e-bike accidents have
increased. According to statistics [13, 14], the number of
deaths due to e-bikes nationwide was 73 and 1305 in 2011
and 2016, respectively, indicating an increase by 78.02% in 5
years. The number of people injured during e-bike accidents
was 8532 and 16,944, respectively, which was an increase by
14.71%. Given such frequency and seriousness, Guangzhou,
Shenzhen, Wenzhou, and Fuzhou have banned or restricted
the use of e-bikes [3, 4, 8, 10, 14-18]. Based on the statistical
analysis of accident data and causes, Ren et al. [17] proposed
a classification into 12 risky behaviors of riding: illegal
occupation of lanes, riding in the opposite direction, riding
through a red light, riding overspeed, riding while drunk,
turning around the corner at a fast speed, crossing the road
abruptly, riding in parallel, riding while making telephone
calls, riding with music on, riding while chatting, and riding
with someone else on the bike. The results showed that illegal
occupation of lanes and riding with someone else on the bike
were associated with the highest probability of traffic
accident.

The safety problem of e-bike riding has drawn in-
creasing attention, necessitating the need to understand
the relationship between personal characteristics of e-bike
riders and risky behaviors of riding, especially the rela-
tionship between personal characteristics and illegal oc-
cupation of lanes. The present study attempted to reduce
the occurrence probability of e-bike accidents and raise
the safety awareness of e-bike riders. The results shed
some light on improving road traffic safety and reducing
road traffic accidents.

2. Literature Review

Questionnaire survey [1-3, 18-28] and video capture
[16, 29-32] were the two most commonly used methods in
this study to collect data on risky behaviors of e-bike riding.
The questionnaires were usually designed based on the
previous behavioral studies of light motorcycle and mo-
torcycle riders and car drivers. Most of the research pro-
grams use light motorcycle rider behavior questionnaire
designed by Yao and Wu [18], motorcycle rider behavior
questionnaire designed by Steg and Brussel [22], and Chi-
nese riding behavior questionnaire designed by Elliott et al.
[23]:
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(1) The questionnaire survey approach has been widely

used in traffic safety studies for collecting infor-
mation about the riding behavior, safety attitude, and
risk perception [18, 21-28]. For example, Ma et al.
[21] examined the relationship between electric bike
riders’ individual characteristics and their riding
speed using a questionnaire-based method. Yao and
Wu [18] studied the risk factors involved in e-bike
accidents based on the questionnaire survey and
determined the relationship between safety attitude,
risk perception, and aberrant riding behavior. Steg
and Brussel [22] developed a light motorcycle rider
behavior questionnaire and confirmed the distinc-
tions between wrong, faulty, and illegal behaviors of
light motorcycle riders in Holland. Elliott et al. [23]
developed motorcycle driver behavior questionnaire
(DBQ) and identified the differences between Brit-
ain’s traffic errors, control errors, speed violation,
and stunt and safe use of motorcycle. Similar studies
have also been found in [24-27]. Reason et al. [28]
proposed the logical framework for assessing aber-
rant riding behaviors and designed the DBQ, which
differentiated between three types of behaviors:
wrong behavior (failure of planned action to achieve
the desired effect), mistaken behavior (deviation of
behavioral intention from intention), and illegal
behavior (intentional deviation from normal safe
behavior or socially recognized code of conduct).
The revised versions of DBQ have also been used to
study aberrant behaviors of two-wheeled vehicle
riders, for example, motorcycle riders and light
motorcycle riders.

(2) The video capture approach uses the electronic

monitoring devices on road and observes the riding
behaviors and features of e-bike riders. This method
was featured by the massiveness of data. Zhou et al.
[16] employed Global Eyes Network video moni-
toring technology of China Telecom to acquire real-
time video data of e-bikes in Ningbo. The major
factors influencing the waiting endurance time of
e-bike riders were observed. It was found that
weather, with or without a pedestrian crosswalk, and
law enforcement by traffic police had the largest
influence. Konstantina [29] observed 90,000 e-bike
riders at 6 monitoring sites in Iowa and studied the
influence of road conditions, geographical position,
and weather on the use of helmet among riders.
Truong et al. [30] observed 26,000 motorcycle and
e-bike users and concluded that the use of cell phone
while riding correlated to motorcycle type and age.
Huan et al. [31] used video monitoring data at road
intersections to establish a model that analyzed the
factors influencing the waiting endurance time and
red-light running behavior of e-bike riders at the
intersections. They found that the smaller the
number of e-bike riders or the larger the number of
motor vehicles at the intersection, the lower the
frequency of red-light running behavior among the
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riders. Du et al. [32] performed an observation of
18,000 e-bike riders at intersections in Suzhou and
summarized the risky riding behavior.

Many risky riding behaviors are seen among e-bike
riders. Traffic violation behaviors are prevalent among e-bike
riders. Aberrant riding behaviors usually include the illegal
occupation of lanes (Figure 1), overspeeding, red-light
running, riding in an opposite direction, and riding with
someone else on the e-bike. For example, Du et al. [12]
focused on the riding behavior of e-bike riders and reported
that riding with someone else on the e-bike, illegal occu-
pation of lanes, red-light running, riding in an opposite
direction, and making phone calls while riding were risky
riding behaviors. Zhao et al. [33] investigated the risky riding
behaviors of e-bike riders and conducted a 4-day survey in
Jinhua, China. The results showed that overspeeding, riding
with someone else on the e-bike, red-light running, and
riding in the opposite direction were among the major risky
riding behaviors. Wu et al. [34] investigated the relationship
between riding behavior, age, and gender based on the
survey data. It was found that young and middle-aged adults
were more prone to red-light running compared with elderly
people and that male had a higher probability of red-light
running compared with female. This was especially true
among male riders of battery vehicles with higher dynamic
performance. Schepers et al. [35] showed that the serious-
ness of e-bike accidents far exceeded that of ordinary bike
accidents.

Moreover, after correction for riders’ age, gender, and
bike use frequency, e-bike riders were more likely to be
involved in a serious traffic accident. Petzoldt et al. [36]
studied the differences between ordinary bikes and e-bikes in
traffic conflicts through 80 volunteers. Insignificant differ-
ences were reported between the two, but at the intersec-
tions, the number of traffic conflicts involving e-bikes was
twice that of ordinary bikes. Moreover, the traveling speed
was higher for e-bikes upon traffic conflict, and the prob-
ability of traffic accidents was also higher. e-Bike riders are
an emerging traffic population, and it takes more time for
other road users to get used to it. Johnson and Rose [37]
performed an online survey on e-bike use among elderly
people aged more than 65 years in Australia. It was found
that elderly people were more familiar with the safety
knowledge of e-bike use and riding and that 84.1% of elderly
riders did not get involved in any e-bike accidents. Hu et al.
[15] discussed the factors influencing e-bike traffic accidents
in Hefei. The results showed that riders’ age, gender, and
type of e-bike had a significant impact on traffic accidents.
Cherry et al. [38] analyzed the illegal behaviors of e-bike
riders and found that overspeeding, red-light running, and
overloading were also the major causes of traffic accidents.
Moreover, the high frequency of e-bike traffic accidents was
closely related to losing control on e-bikes while getting onto
the road. For example, Xing et al. [39] performed a roadside
observation of risky behaviors of e-bike riders in a city in
Anhui province. They found that riders had an average
traveling speed of 24 km/h at different time intervals within a

day and that 74.60% of riders had a traveling speed of more
than 20 km/h. Zhou et al. [16] studied e-bikes crossing the
intersections illegally at a red light. The influence was an-
alyzed. The results showed that three factors, namely,
weather, length of a pedestrian crosswalk, and no law en-
forcement by traffic police, had the greatest influence on the
waiting endurance time.

Taken together, extensive studies [1-3, 18, 21, 40-43]
have been conducted on riding behaviors of e-bike riders,
which contribute to the riding safety of e-bikes. However,
fewer studies have been carried out concerning the rela-
tionship between personal characteristics of e-bike riders
and risky riding behaviors, especially illegal occupation of
lanes. However, many traffic accidents are caused by the
illegal occupation of lanes by e-bike riders, and such be-
havior poses a great threat to life and property safety of the
riders [12, 18, 21, 31, 33, 44]. This study analyzed whether
personal characteristics of riders were directly related to
illegal occupation of lanes. The disaggregate theory was used,
and a measurement model for assessing the influence of each
personal characteristic of riders on illegal occupation of
lanes was established. The relationship between each
influencing factor and illegal occupation of lanes was
quantified, and sensitivity analysis was performed. By
conducting a systematic study on the influence degree and
mechanism, the influence of personal psychology and
psychological properties of riders on the riding behaviors
was analyzed from the perspective of traffic psychology. This
study can enrich the systematic theory on e-bike riders and
lay a theoretical basis for curbing the behavior of illegal
occupation of lanes. This will further promote the riding
safety and efliciency of e-bike riders.

3. Data Collection and Processing

3.1. Data Collection

3.1.1. Survey Design. A questionnaire on personal charac-
teristics of e-bike riders was designed. Then, with the help
from traffic police, data were collected by field sampling. The
specific process was as follows: the traveling speed of the
samples (i.e., e-bike riders) was acquired with a radar speed
detector. Then, in the downstream road section 200 m away,
the e-bike rider was stopped with the help of traffic police.
This rider was then informed of the purpose of the ques-
tionnaire survey and received the questionnaire. If the rider
was not cooperative, the sample was dropped. The road
sections surveyed were two-way six-lane roads; bus stops
and intersections were avoided to reduce the influence of
other traffic-related factors on e-bike riders. The actual road
conditions and the length of road section chosen from the
survey are shown in Figure 2.

Demographic information included sex, age, driving age,
and educational level. Participants were also asked to report
their character, occupation, riding proficiency, and eye
vision.

3.1.2. Speed Selection Behavior. According to the require-
ments in the safety technical specification for electric bicycle
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FIGURE 2: Actual road conditions and the length of road section chosen for the survey. (a) Actual road conditions. (b) Length of road section.

[45], the traveling speed of e-bikes of more than 25 km/h on
an urban road was considered as overspeed. Thus, the speed
limit for choosing the overspeeding of samples was set as
25 km/h. To more reasonably study the influence of personal
characteristics of riders on their behavior of illegal occu-
pation of lanes based on survey data, the lanes occupied were
divided into four categories: nonmotor vehicle lane, first
motor vehicle lane, second motor vehicle lane, and third and
higher motor vehicle lane, each one represented by intervals
A, B, C, and D, respectively. Thus, the numbers of riders
occupying different lanes were calculated. The specific in-
terval division diagram is shown in Table 1. The relationship
between riders’ personal characteristics, traveling speed, and
occupation of motor vehicle lane was discussed using survey
data. To do this, the average traveling speed of e-bike riders
was acquired for the road section concerned. According to
the limit on the traveling speed of e-bike riders and actual
distribution of speed data for the road section, the traveling
speed of the riders was divided into four intervals, namely,

0-15, 15-25, 25-35, and 35km/h and above, which were
represented by A, B, C, and D, respectively. Using the survey
data, the number of riders within each speed interval and
average traveling speed were calculated.

Four intervals, A, B, C, and D, corresponding to different
lane occupation behaviors, were the four selection limbs of
the mode, the values of which were 0, 1, 2, and 3, respec-
tively. The personal characteristics as influencing factors for
the selection of lane occupation behavior were assessed and
identified, as shown in Table 2.

3.2. Data Processing. The subjects surveyed were e-bike
riders, and a total of 352 copies of responses were retrieved.
Among these, 350 copies were found to be valid after
screening. According to the statistics, 311 were male riders
(88%) and 41 were female riders (12%). They were 18-61
years old, and they all had more than 1 year of driving age.
Statistics of the personal characteristics of e-bike riders are
shown in Table 3.
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TaBLE 1: Interval division diagram of road lanes occupied by e-bike riders.

Middle isolation zone

Third motor vehicle lane

Second motor vehicle lane  First motor vehicle lane  Nonmotor vehicle lane

Middle isolation zone Interval D Interval C Interval B Interval A
Middle isolation zone 35km/h and above 25-35km/h 15-25km/h 0-15km/h
TasLE 2: Influencing factors.
Influencing factor Variable Explanation
Gender X, 1 for male and 0 for female
Age X Classified into four age groups: 18-30 years, 30-45 years, 45-60 years, and older than 60 years, assigned
2

Educational level

Driving age

Character
(temperament)

Occupation
Vision correction

Cycling proficiency

with values 0, 1, 2, and 3, respectively
Classified into four levels: primary school and lower, junior high school, senior high school, and

X university and higher, assigned with values 0, 1, 2, and 3, respectively

X Classified into four levels: 1 year or less, 1-3 years, 3-5 years, and more than 5 years; the values are 0, 1, 2,
4 and 3, respectively

X Classified into four types: melancholic, phlegmatic, sanguineous, and choleric, assigned with values 0, 1,
° 2, and 3, respectively

X, Classified into four groups: students, in-service staff, self-employed, and retirees (other), assigned with

values 0, 1, 2, and 3, respectively

X, Dummy variable: 1 for yes, 0 for no

X Classified into four levels: novice, moderately skilled, skilled, and highly skilled, assigned with values 0,
8 1, 2, and 3, respectively

TABLE 3: Statistics of personal characteristics of e-bike riders.

Personal characteristic

Number of e-bike riders

Gender
Age

Female 40
45-60 years 81 60 years and more 19

Male 310
18-30 years 108 30-45 years 142

Educational level

Primary school and lower 27 Junior high school 121

Senior high school 157 University and higher 45

Driving age Below 1 year 21 1-3 years 180 3-5 years 122 5 years and more 27

Character Melancholic 1 Lymphatic 129 Sanguine 149 Bilious 71

(temperament)

Occupation Student 11 Employee 179 Freelancer 141 Retiree 19

Vision correction Corrected 284 Not corrected 66

Riding proficiency Very skillful 130 Skillful 189 Moderately skillful 25 Novice 6

Data on average traveling speed and specific lanes oc- TaBLE 4: Traveling speed of e-bike riders.

cupied by the e-bike riders are shown in Tables 4 and 5,

respectively. Interval of speed selection A B C D
Number of riders 10 133 147 60

3.3. Reliability and Validity Tests

3.3.1. Reliability Test. Reliability test can well reflect the
reliability of data sources of the questionnaire survey and is
considered an indispensable step before formal data analysis.
The higher the reliability of the survey data, the more reliable
the conclusions drawn from data analysis. The results of
reliability test are usually represented by three indicators,
namely, Cronbach’s alpha, Guttman’s coeflicient, and split-
half coefficient. In the questionnaire used in this study, some
items were scored in multiple ways, and so internal con-
sistency of the questionnaire was assessed by Cronbach’s a:

k
B o

where k is the number of items contained in the ques-
tionnaire; S7 is the variance of score of the ith item (mea-
sured value); and SZ is the variance of the total questionnaire

Average riding speed 13.3037 20.7137 28.8339 40.7376

score. The increased content of reliability test is as follows:
note that the reliability coeflicient is closely related to the
number of items (k) of the scale; the more the number of
items, the greater the acceptable reliability. For a scale with
about 10 questions, if the coeflicient of « reaches 0.7, the
reliability is good [46].

The SPSS 19.0 software was used to verify the reliability of
data from the questionnaire survey. It was found that Cron-
bach’s alpha was more than 0.807 for three potential variables,
namely, riding proficiency, occupation, and temperament. The
overall reliability of eight variables was 0.722 indicating that the
reliability of the questionnaire was good; that is, the ques-
tionnaire was acceptable in the overall design.

3.3.2. Validity Test. Validity consists of content validity,
criterion validity, and construct validity, and construct
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TaBLE 5: Lanes illegally occupied by e-bike riders.

Interval for different lanes A B c D

occupied Nonmotor vehicle  First motor vehicle — Second motor vehicle Third and higher motor vehicle
P lane lane lane lane

Number of riders 91 177 49 33

validity is a measure of the degree of agreement between
practice and theory. Factor analysis is the most commonly
used method for demonstrating construct validity. However,
many problems in reality not only involve multiple variables
but also intricate connections between the variables. The best
way is to extract a few synthetic variables that contain the
majority of information in the original variables. Moreover,
these synthetic variables should be mutually independent.
Factor analysis is an ideal method to derive synthetic var-
iables so that the relationship between multiple variables can
be depicted using a few factors. Variables described are
usually actually observed random variables, while the syn-
thetic variables are unobservable ones. In actual application,
these factors are known as common factors. The personal
characteristics of riders identified by the questionnaire
survey as related to illegal occupation of lanes were con-
sistent with the common factors found by factor analysis.
The starting point of factor analysis is to represent the
majority of the information contained in the original var-
iables by mutually independent variables, which can be
expressed by the following mathematical model [46]:

x, =a,F,+a,F,+...+a,F,,

x, =ayF, +ayF,+...+a,,F,,

(2)

Xp=a,F +apF,+...+a,,F,,

p

where x,x,,...,x, are p original variables, which are
standardized variables with a mean of 0 and standard de-
viation of 1; F|, F,, .- ., F,, are m factor variables; and m is
smaller than p. It can be represented in the following matrix

form:
X = AF + ag, (3)

where F is a common factor, representing m mutually
perpendicular coordinate axes in the high-dimensional
space, and A is the factor load matrix, the load of the ith
original variable on the jth factor variable.

The content of the validity test is as follows: the steps of
factor analysis are to (1) determine whether the original
variables to be analyzed are suitable for factor analysis; (2)
construct factor analysis; (3) use rotation method to make
factor variables more interpretable; and (4) calculate factor
scores.

In the validity test of the questionnaire, the Kai-
ser-Meyer-Olkin (KMO) measure of sampling adequacy
and the Bartlett test for sphericity were performed to de-
termine whether the questionnaire data were fit for factor
analysis. The value of KMO measure was 0.689, which was
greater than 0.50, and that of Sig was 0.00, which was less
than 0.05, indicating that the questionnaire was suitable for

factor analysis. Principal component analysis is commonly
used for factor analysis to test the construct validity of the
questionnaire. Principal common factors were extracted
from the questionnaire. Three principal components existed
with a characteristic root of greater than 1, and the per-
centage contribution of these three principal components
was 29.194%, 20.376%, and 12.423%, respectively. The cu-
mulative contribution rate was 61.994%, indicating that the
potential variables screened through the test had high
construct validity.

4. Construction of the Behavior Selection Model
and Riding Behavior Selection

4.1. Disaggregate Model. Logit model is a special form of
generalized linear regression model. The model itself has few
restrictions on data conditions. The independent variable
can be continuous variable or unnecessary or orderly
classified variable, and the variable is not required to meet
the normal distribution. At present, the commonly used
logit models are binomial logit regression model, condi-
tional logit regression model, ordered logit regression
model, and multiple classified ordered logit regression
model. Among them, the ordinal logit model is an extension
of binomial logit model, which was proposed by McCullagh
in 1980 to analyze the data whose dependent variable is
ordinal classified variable. Many studies have found that for
classified ordered data, binomial logit model instead of
ordered logit model can only achieve 50%-70% of the test
efficiency, which shows that multiple classified ordered logit
model has a good effect in dealing with classified variable
data [23-27].

Individual data were used for model construction and
calibration when applying disaggregate theory to analyze
individual traffic behaviors. From the 1970s to the present
day, a disaggregate model has been widely used in the
transportation field and abundant achievements have been
made [22-26, 47-51]. It is assumed with the disaggregate
model that the travelers may choose the transportation
scheme with the maximum utility. The utility function,
divided into fixed and random parts, was expressed as
follows:

Uin = Vin T & (4)
where
k
Vin = Z ekXink’ (5)
k=1

U,, is the utility function of the ith scheme chosen by the nth
traveler; V,, is the fixed term of U,,;; ¢;,, is the random term of
U,,; k is the specific number of attribute variables; 6, is the
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parameter value of the kth variable; and X, is the value of
the kth attribute variable of the ith scheme chosen by the nth
traveler.

In the aforementioned disaggregate model, when ¢,
obeyed the double exponential distribution and multivariate
normal distribution, the logit and probit models could be built,
respectively. e-bike riders as the principal participants in the
transportation system usually show traffic selection behaviors
that are hard to capture accurately, thus leading to randomness
in the changes of the transportation system. When the e-bike
riders choose to occupy the motor vehicle lanes, both personal
and environmental factors are responsible for shaping such a
choice. However, environmental factors exert a similar influ-
ence on all riders, while the selection of behavior of illegal lane
occupation displays discreteness. This is mainly due to the
varying perception about the environmental factors on the part
of riders. That is, the riders develop different perception and
occupy different lanes even in the same environment. Thus,
personal characteristics have the most decisive impact on the
behavior of illegal occupation of motor vehicle lanes. Con-
ventional models cannot reflect the double features of dis-
creteness and nonlinearity of riding behaviors stemming from
the personal characteristics of the riders. In contrast, the
disaggregate model especially targets these features and is
highly adaptive in this field. Furthermore, the behavior of
occupying motor vehicle lanes is chosen by the riders after
comprehensive consideration of multiple factors in an attempt
to achieve maximum expected utility. This conforms to the
initial assumption of the disaggregate theory. Therefore, a
disaggregate model was applied to analyze the riding behavior
selection of e-bike riders.

4.2. Construction of Riders’ Behavior Selection Model. A
riders’ illegal lane occupation behavior selection model was
constructed based on the multinomial logit (MNL) theory
and valid data of personal characteristics of e-bike riders.
Based on the basic form of an MNL model, ¢;,, obeyed dual
exponential distribution and ¢;,, was V;, mutually depen-
dent. Then, the probability of the nth rider choosing the ith
behavior of illegal lane occupation was expressed as follows:

eVin
Py =i (6)

1 V. 4
ity

where I, is the total number of currently optional behaviors;
P,, is the probability that the nth rider chooses the ith
behavior; ¢, is the random term of utility function for the
nth rider choosing the nth scheme; and V, is the fixed term
of utility function U,, for the nth rider choosing the ith
scheme.

The model construction and calculation workflow based
on the basic features of riding behavior selection are shown
in Figure 3. In the figure, ¢ is the t-statistic for each influence
factor and R? is the correlation coefficient.

4.3. Model Solution

4.3.1. Calibration of Influencing Factors of the Model.
The SPSS software was used to calibrate the influencing
factors of the model. Table 6 shows that the minimum -
statistic (absolute value) was 4.975, which was higher than
1.960, indicating that the influencing factors were
significant.

In the statistical analysis using SPSS, R* was used to
measure the degree of fitness of the model and was called
correlation coefficient, where R? € (0,1). The closer the
value of R*to 1.000, the higher the degree of linear regression
predictions fitting the data, and the higher the agreement
between the built model and actual situation. In this study,
the correlation coefficient R* was 0.594, and the adjusted
value of R? was 0.563, as shown in Table 7, indicating good
fitness of the model.

4.3.2. Utility Function. Parameter values of each influencing
factor on the four intervals are shown in Table 8. According
to Table 8, the utility functions V,V,,V,, and V; corre-
sponding to intervals A, B, C, and D were, respectively, as
follows:

V= 0.491X, — 0.059X, + 1.030X; + 0.417X, + 1.919X,,
V, = 0.730X, — 0.059X; + 0.334X,, + 1.030X; + 0.430X,,
V, = —0.059X, + 0.334X,, + 1.030X; + 0.417X + 1.919X,,
V, = 0.491X, +0.730X, + 1.030X; + 0.430X,, + 1.919X,.
(7)

To determine the relationship between each influencing
factor and behavior of illegal lane occupation among e-bike
riders, a sensitivity analysis was performed for each influ-
encing factor. The degree of sensitivity is usually represented
by elasticity. In the disaggregate theory, when an influencing
factor changes, the elasticity E for variation in the probability
of riding scheme selection is given by

E = 0, X;i (1 - Py,). (8)

Elasticity can be positive or negative. When the two
variables correlate positively, the elasticity value is positive;
otherwise, it is negative. The absolute values of all elasticities
of more than 1.000 on the four intervals indicate that the
influence factor has elasticity on the selection of illegal lane
occupation behavior; otherwise, elasticity is lacking. First of
all, the means of personal characteristics of riders on each
interval were calculated based on the survey data of personal
characteristics and illegal lane occupation behavior of the
riders. Next, the parameter values obtained in Table 4 were
introduced into (5) and (6), and the probability of selecting
illegal lane occupation behavior was calculated. Then, using
the calculation (8), the elasticity of each influencing factor
for the probability of selecting illegal lane occupation be-
havior was derived.
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FiGure 3: Model calculation workflow.

TaBLE 6: Calibration of influencing factors of the model.

Influencing factor Variable Parameter value Standard deviation t-Statistic
Gender X1 0.491 0.122 16.364
Age X5 0.730 0.056 6.946
Educational level X5 -0.059 0.060 11.318
Driving age X, 0.334 0.066 12.581
Temperament Xs 1.030 0.056 13.101
Occupation X6 0.417 0.062 18.977
Vision correction X, 0.430 0.103 4.905
Cycling proficiency Xs 1.919 0.061 15.619
TaBLE 7: Degree of fitness of the calibrated model.
Model R R’ Adjusted R Standard error of estimate
1 0.771 0.594 0.563
TasLE 8: Influencing factors and parameter values.
Interval

Influencing factor Variable

A B C D
Gender X, 0.491 0.491
Age X5 0.730 0.730
Educational level X5 -0.059 —-0.059 -0.059
Driving age Xy 0.334 0.334
Character Xs 1.030 1.030 1.030 1.030
Occupation Xe 0.417 0.417
Vision correction X5 0.430 0.430
Cycling proficiency Xs 1.919 1.919 1.919
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5. Results Analysis

5.1. Relationship between Personal Characteristics and Illegal
Lane Occupation of e-Bike Riders. Different riding habits and
behaviors were derived from riders with different personal
characteristics. Given limited traffic resources (some non-
motor vehicle lanes occupied by motor vehicle lanes), riders
are faced with a shortage of nonmotor vehicle lanes. As a
result, many nonmotor vehicle riders tend to occupy motor
vehicle lanes, and e-bike riders account for a greater pro-
portion. The personal characteristics identified to influence
illegal lane occupation by e-bike riders were gender, age,
educational level, driving age, temperament, occupation,
and road infrastructure of motor vehicle lanes. Therefore,
the personal characteristics of e-bike riders were discussed in
this study to shed light on the influence of personal char-
acteristics of riders on their behavior of illegal lane
occupation.

5.1.1. Gender and Age. Using the method described in
Section 4, the selection probability and parameter value of
gender and age on different intervals and the means and
elasticity of each influencing factor on each interval were
evaluated, as shown in Table 9. Similarly, the values cor-
responding to each influencing factor were also evaluated
using this method. In field sampling, 88% of the e-bike riders
were male, while the female riders took up a small pro-
portion of the surveyed area. The probability of illegal lane
occupation was more than 0.713, which was higher than
0.500. Apparently, more than one-half of the e-bike riders
would choose to occupy the motor vehicle lanes when
traveling. As shown in Table 9, the means for gender on the
four intervals increased steadily, and all of them were more
than 0.921 and 0.500 for male and female, respectively. That
is, male riders outnumbered the female riders. In other
words, male riders were more likely to occupy motor vehicle
lanes compared with female riders. The values of elasticity
for gender on the four intervals were all less than 1.000,
indicating the lack of elasticity of gender for the choice of
illegal lane occupation behavior. However, the elasticity was
0.391 on interval B, which was higher than that on the other
three intervals. This indicated that gender had the greatest
impact on the behavior of occupying the first motor vehicle
lane.

The means for age on the B interval is the highest. This
meant people aged between 30 and 45 have the highest
probability of choosing the illegal lane occupation behavior.
This correlated with the personality traits of young people,
such as impulsiveness and lack of safety awareness. Elasticity
for age was smaller than 1.000 on the four intervals, indi-
cating that age had a low elasticity on the choice of illegal
lane occupation behavior. However, elasticity was the
highest on interval B (occupying the first motor vehicle
lane), the value being 0.693. This indicated that compared
with the other three intervals, age had the most significant
impact on the choice of the behavior of occupying the first
motor vehicle lane. That is, the younger the age of e-bike
riders, the more likely that the riders occupied the motor
vehicle lane closer to the middle isolation zone.

5.1.2. Educational Level and Driving Age. Table 10 shows the
results on the educational level and driving age. According
to the table, the means for the educational level were similar
on all the four intervals and changed steadily. The mean was
the highest on interval A, the value being 1.681, which
suggested that the educational level was the highest among
riders occupying the nonmotor vehicle lane. Values of
elasticity for educational level were all negative on the four
intervals, the absolute value being about 0.070. On the one
hand, this indicated that the educational level had low
elasticity for the choice of illegal lane occupation behavior.
That is, the educational level did not have a decisive role in
the choice of illegal lane occupation behavior. On the other
hand, it indicated that fewer riders chose to occupy motor
vehicle lanes. This is because a rise in the riders’ knowledge
level boosted their safety awareness and traffic knowledge.
More riders with a high educational level would voluntarily
comply with traffic rules, and their behavior of illegal lane
occupation decreased.

As shown in Table 10, the mean for driving age was 1.451,
and no significant change in the mean was found on the four
intervals. However, the mean on interval D was 1.515, which
was slightly higher than that on the other three intervals.
This indicated that the longer the driving age, the more likely
the riders would occupy the motor lanes close to the middle
isolation zone. This was because riders with a longer driving
age were more proficient and skillful and more confident
with riding. Therefore, these riders were more likely to
occupy motor vehicle lanes closer to the middle isolation
zone. The mean of elasticity for driving age on the four
intervals was 0.364, which was smaller than 1.000. This
indicated the lack of elasticity of driving age for the choice of
illegal lane occupation behavior. Thus, driving age had little
impact on the behavior of occupying motor vehicle lanes.

5.1.3. Temperament and Eye Vision. Table 11 shows the
results on temperament and eye vision. According to the
table, the mean for temperament increased steadily on the
four intervals, the mean value being around 1.800. This
indicated that the choice of illegal lane occupation behavior
varied rather steadily with temperament. As indicated by the
means, many of them were of a sanguine temperament.
Values of elasticity for temperament on the four intervals
were all more than 1.000, indicating high elasticity of
temperament for the choice of illegal lane occupation be-
havior. The elasticity was the highest on interval B, the value
being 1.656. This indicated that temperament had the
greatest impact on the behavior of occupying the first motor
vehicle lane. The specific relationship between temperament
and behavior of illegal lane occupation is illustrated in

Figure 4.
Figure 4 shows that among riders occupying motor
vehicle lanes, those with sanguineous temperament

accounted for the highest proportion. Moreover, the largest
number of riders with such temperament occupied the
nonmotor vehicle lane of all temperaments, followed by
phlegmatic temperament. Similarly, as shown in Figure 4,
the smallest number of riders with melancholic
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TaBLE 9: Calculation results for age and gender.

Gend A
Interval for different lanes occupied Selection probability encer &

Parameter value Mean Elasticity Parameter value Mean Elasticity
A 0.287 0.491 0.835 0.292 0.730 1.022 0.532
B 0.124 0.491 0.910 0.391 0.730 1.085 0.693
C 0.289 0.491 0.878 0.306 0.730 0.878 0.456
D 0.300 0.491 0.879  0.302 0.730 1.061  0.542
TasLE 10: Calculation results on the educational level and driving age.
) ) ) . Educational level Driving age
Interval for different lanes occupied Selection probability . .
Parameter value Mean Elasticity Parameter value Mean Elasticity
A 0.287 -0.059 1.681  -0.071 0.334 1.341 0.319
B 0.124 -0.059 1.616  —0.083 0.334 1.480  0.433
C 0.289 -0.059 1.633  —0.068 0.334 1.469 0.349
D 0.300 -0.059 1.545 -0.064 0.334 1.515 0.354

TaBLE 11: Calculation results on temperament and eye vision.

Temperament (character) Vision correction

Interval for different lanes occupied = Selection probability

Parameter value Mean Elasticity Parameter value Mean Elasticity
A 0.287 1.030 1.637 1203 0.430 0.209  0.064
B 0.124 1.030 1.836 1.656 0.430 0.186 0.070
C 0.289 1.030 2.122 1.554 0.430 0.184 0.056
D 0.300 1.030 1.879 1.355 0.430 0.152 0.046

of the information was dynamic. This relied heavily on the
dynamic vision of the riders. The basis of dynamic vision is
static vision, which lies at the root of cognition and judgment
of the traffic environment. Corrected vision can meet the
need for general information, but riders with corrected
vision can still hardly have completely normal visual acuity.
Moreover, the lens has a certain curvature, which causes
mild deformation of the surrounding environment. This has
a less significant impact on information acquisition when
riding at a low speed in the motor vehicle lanes, but the
impact can be considerable when riding at a high speed. As
shown in Table 11, no significant difference in the mean for
eye vision was observed on the four intervals, the value being
about 0.183. This indicated that the riders’ vision had no
significant impact on the choice of illegal lane occupation
behavior. Furthermore, riders with corrected vision
accounted only for a small proportion of all e-bike riders.
This further indicated that riders wearing eyeglasses still
could not have completely normal eye vision for recognizing
the surrounding environment. The values of elasticity for eye
vision on the four intervals were 0.046-0.070, which were all
smaller than 1.000. This indicated the lack of elasticity of eye
vision for the choice of illegal lane occupation behavior.
Thus, whether riders had corrected vision had little impact
on the behavior of occupying motor vehicle lanes.
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FIGURE 4: Relationship between temperament and illegal lane
occupation behavior.

temperament chose such illegal behavior. Apparently, the
number of riders with phlegmatic and sanguineous tem-
peraments was the highest among all temperaments.
Moreover, riders with sanguineous temperament were more
likely to choose the behavior of illegal lane occupation. This
indicated that riders with active, irritable, and extrovert

personality were more likely to illegally occupy motor ve-
hicle lanes.

During the process of e-bike riding, more than 80% of
the information was collected by vision, and more than 90%

5.1.4. Occupation and Cycling Proficiency. Table 12 presents
the results for occupation and cycling proficiency.
According to the table, the mean for occupation was 1.482,
and no significant difference in the mean was found on
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TaBLE 12: Calculation results on occupation and cycling proficiency.

Interval for different lanes occupied  Selection probability

Occupation Cycling proficiency

Parameter

Mean

Elasticity

Parameter

Mean

Elasticity

0.287
0.124
0.289
0.300

g0 w»

0.417
0.417
0.417
0.417

1.253
1.559
1.510
1.606

0.372
0.569
0.448
0.469

1.919
1.919
1.919
1.919

2.033
2.311
2.531
2.182

2.782
3.883
3.453
2.932

intervals B, C, and D. The mean on interval A was 1.253,
which was the smallest of all four intervals. This indicated
that the number of students and employees was the highest
of all riders illegally occupying motor vehicle lanes. In ad-
dition, they were more likely to occupy the nonmotor vehicle
lane. Mean elasticity for occupation on the four intervals was
0.465, with all values of elasticity less than 1.000. This in-
dicated that occupation had low elasticity on the choice of
illegal lane occupation behavior. Therefore, the occupation
had an insignificant impact on the choice of illegal lane
occupation behavior.

Table 12 also shows that the mean for cycling proficiency
increased steadily, the value being 2.264. This indicated that
riders more skillful with riding were more likely to occupy
the motor vehicle lanes. The reason is that as the driving age
accumulates, the riders become more familiar with the road
environment and infrastructure. Therefore, they are better
prepared physiologically and physically when choosing to
occupy the motor vehicle lanes. Values of elasticity for
cycling proficiency on the four intervals were all more than
1.000, the value being 3.263. This indicated that cycling
proficiency had high elasticity for the choice of illegal lane
occupation behavior. This indicated that the higher the
cycling proficiency, the higher the probability that the riders
occupied the motor vehicle lanes. Moreover, values of
elasticity were higher in intervals B and C, indicating that the
cycling proficiency had the greatest impact on the choice of
occupying the first (closer to the nonmotor vehicle lane) and
second motor vehicle lanes. Relatively speaking, the prob-
ability that the riders occupied the third motor vehicle lane
(closest to the middle isolation zone) was the smallest. The
specific relationship between riding proficiency and be-
havior of illegal lane occupation is illustrated in Figure 5.

Figure 5 shows that the e-bike riders were more skillful
with riding, and as the riding proficiency increased, an
increasing number of riders occupied the motor vehicle lanes.
This is because high riding proficiency is usually accompa-
nied by richer driving age, better psychological quality, and
higher demand for riding speed. For this reason, most of the
e-bike riders would choose to occupy motor vehicle lanes
with better road conditions. But when the riding proficiency
reaches the highest, the number of violations decreases. This
means experienced riders pay more attention to safety. In
addition, the largest number of riders chose to occupy the
nonmotor vehicle lane, to boost the traveling speed.

5.2. Correlation between Personal Characteristics, Traveling
Speed, and Illegal Lane Occupation. Several different traffic
groups use nonmotor vehicle lanes simultaneously, while the
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FIGURE 5: Relationship between riding proficiency and behavior of
illegal lane occupation.

road infrastructure remains less developed compared with
the motor vehicle lanes. Therefore, many e-bike riders prefer
nonvehicle lanes for faster traveling or even overspeeding.
Moreover, riders with different riding demand and riding
habits occupy different positions of the motor vehicle lanes.
In the present study, not only the influence of different
personal characteristics of riders on the choice of traveling
speed and illegal lane occupation behavior was analyzed but
also the internal connections between the traveling speed of
e-bike riders and the specific motor vehicle lane occupied
were investigated.

e-bike riders prefer nonmotor vehicle lanes for the
following reasons: the speed of the motor vehicle lane is
much higher than the e-bike speed. There is a common sense
that a slower one is easy to be hit by a faster one behind. So,
the e-bike riders would not choose the motor vehicle lane to
speed up, as that is obviously too dangerous. Although the
nonmotor vehicle is narrow, pedestrians, bicycle, motor-
cycle, e-bike, and three-wheeler riders use the nonmotor
vehicle lane simultaneously. It is safe than the motor vehicle
lane. This directly results in lower traveling speed compared
with the expectation on the part of e-bike riders. e-bikes
need less space, which can basically meet the demand for
traveling speed on the part of e-bike riders. Therefore, e-bike
riders mostly prefer to occupy nonmotor vehicle lanes for
faster movement. It can be inferred that illegal lane occu-
pation correlates with overspeeding among e-bike riders,
and such correlation is closely related to the personal
characteristics of the riders. The specific relationship is
shown in Figure 6.
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FIGURE 7: Relationship between age, traveling speed, and illegal lane occupation behavior.

Figure 6 shows that the majority of riders occupying the
nonmotor vehicle lane were male, who traveled at the
highest speed, which means overspeeding. It is easy to see
that the largest number of male e-bike riders occupied the
nonmotor vehicle lane for overspeeding.

Figure 7 shows that the age of riders occupying the
nonmotor vehicle lane was about 30-45 years, and this age
group also had the highest traveling speed. Riders aged
between 30 and 45 years more frequently chose the behavior
of illegal lane occupation, and the number of riders occu-
pying the first motor vehicle lane was the highest.

Figure 8 shows that riders with junior and senior high
school educational levels were more likely to occupy the
nonmotor vehicle lanes and to overspeed. Riders with

university and higher educational level were less likely to
occupy the motor vehicle lanes. This indicated that the safety
awareness and traffic knowledge level of riders with high
educational level were higher compared with those with
lower educational level.

Figure 9 shows that riders with a driving age of 1-3
below a year were more likely to occupy the motor vehicle
lanes, and the traveling speed was the highest in riders
occupying the nonmotor vehicle lane. This indicated that
e-bike riders with fewer riding years were most likely to
overspeed in the nonmotor vehicle lane.

Figure 10 shows that of the four types of temperament
examined, those with sanguine and lymphatic temperaments
were more likely to occupy the nonmotor vehicle lanes and
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illegal lane occupation behavior.

to overspeed. The traveling speed of riders with lymphatic
temperament occupying the nonmotor vehicle lane was the
highest, exceeding 25 km/h, and the overspeeding behavior
was most likely.

Figure 11 shows that it was most prevalent for employees
to occupy motor vehicle lanes, and the employees occupying
the nonmotor vehicle lane had the highest traveling speed.
Relatively speaking, the traveling speed of retiree and stu-
dents was lower. Very few students preferred traveling in the
motor vehicle lanes, and their traveling speed was low. This
was closely related to traffic safety awareness education and
training at schools.
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FiGUure 10: Relationship between temperament, traveling speed,
and illegal lane occupation behavior.

Figure 12 shows that the number of riders without
corrected vision was the highest among all riders illegally
occupying the motor vehicle lanes. Such riders were more
likely to occupy the first motor vehicle lane and nonmotor
vehicle lane and travel at the highest speed. As a result, illegal
riding behaviors, such as overspeeding, were frequent.

Figure 13 shows that as the riding age increased and
driving age became more abundant, e-bike riders were more
likely to occupy the non- and first motor vehicle lanes.
Moreover, the traveling speed of riders occupying the
nonmotor vehicle lane was the highest, leading to the highest
risk of illegal riding behaviors, such as overspeeding.
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6. Conclusions and Future Study

6.1. Conclusions. Based on previous studies on traffic be-
haviors of e-bike riders, the influence of personal char-
acteristics of e-bike riders and illegal lane occupation was
further discussed. The specific personal characteristics
influencing the choice of such illegal behavior were
identified after measuring the correlation degrees.
Moreover, concrete management strategies and schemes
for safety education and skill training were proposed for
e-bike riders with different personal characteristics. The
ultimate purpose was to boost the traffic safety awareness
of the riders and reduce risky riding behaviors and
probability of traffic accidents. In this study, the tem-
perament and cycling proficiency of riders significantly

correlated with illegal riding behaviors. Therefore, effective
regulatory measures should be formulated targeting these
two aspects:

(1) The higher the riding proficiency of the e-bike riders,
the higher the probability that the riders occupy the
nonmotor vehicle lane, which poses a great threat to
the riding safety. From another perspective, this
highlights the importance of riding skills for en-
suring safety. Therefore, traffic authorities should
improve safety awareness and ethics for e-bike riders
to ensure that every rider has enough skills and
reduce inconvenience to pedestrians. Moreover,
e-bike riders should wear protective equipment to
minimize potential injury during riding.
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(2) Traffic authorities should stop e-bike riders oc-
cupying nonmotor vehicle lanes on the road on a
regular basis. These riders should be fined, and
uniform safety education should be provided. In
addition to safety precautions, these riders should
be made to watch videos on traffic accidents of
motor vehicles and those caused by illegal lane
occupation to make them fully aware of the dis-
advantages of illegal lane occupation. Along with
the safety education, webcast or road display
should be used for notification on safety precau-
tions for e-bike riders. While tightening law en-
forcement, all riders should be educated on the
dangers of illegal lane occupation to boost safety
awareness and safety riding behaviors.

(3) The root cause for illegal lane occupation is to
achieve a faster speed. As indicated by the sta-
tistical analysis of sample data, it was found that
the average traveling speed for riders occupying
the second and third motor vehicle lanes was
25.1km/h, which generally corresponded to
overspeeding. Therefore, an illegal behavior
warning device and a memory device should be
installed on the e-bikes. These devices would
transmit the riding data to traffic authorities in real
time via the Internet. When e-bike riders over-
speed in the nonmotor vehicle lane, voice prompts
would remind the riders to travel at a safe speed.
When e-bike riders overspeed in the nonmotor
vehicle lane, not only voice prompts but also the
rider information would be transmitted to the
traffic authorities through the memory device.
These riders would be singled out for safety edu-
cation and penalty, so as to reduce the behaviors of
illegal lane occupation and create a safe traffic
environment.

In this study, first, the measurement model for assessing
the influence of personal characteristics of electric vehicle
riders on illegal lane behavior was built. The t-test was
conducted indicating that the built model agreed well with
the actual situation and had strong adaptability and prac-
ticability. Moreover, the model could quantify the degree of
correlation between personal characteristics and illegal lane
occupation. Second, elasticity theory was used to analyze the
sensitivity of each influence factor to the choice of illegal lane
occupation behavior. Finally, the influence of different
personal characteristics of e-bike riders on risky riding
behaviors was analyzed and the conclusions were drawn. The
results showed that two personal characteristics, tempera-
ment and riding proficiency, had values of elasticity more
than 1.000 for the choice of illegal lane occupation. In other
words, these two influence factors were sensitive to the
choice of illegal lane occupation behavior. Based on the
riding speed obtained from the survey, the relationship
between personal characteristics, traveling speed, and illegal
lane occupation of e-bike riders was analyzed. As shown by
analysis, riders with different personal characteristics trav-
eled at different speeds on different lanes. The largest
number of riders chose to travel in the first motor vehicle
lane. The number of riders without corrected vision was also
the highest among all riders occupying motor vehicle lanes.
Riders with these characteristics were more likely to occupy
the nonmotor vehicle lane and to overspeed.

6.2. Future Study. The sample values of this model had
certain limitations, and the value range needs to be further
expanded in future studies [48-51]. Moreover, other per-
sonal characteristics, such as marital status and body height,
should also be included in the investigation. In addition,
parameter values of each influence factor in the model need
to be constantly modified so that the results of sensitivity
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analysis are more accurate and better agree with the actual
traveling situation.

The disaggregate model used in the present study had
strong adaptability to individuals’ traffic behaviors and the
results obtained were reliable. In future studies, structural
equation modeling should be used for stratification of the
influencing factors. Observable variables described in this
study need to be considered to study the relationship be-
tween potential variables and illegal lane occupation by
e-bike riders.
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