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Abstract

:

To examine the relationship between electric bike riders’ individual characteristics and their riding speed, this paper obtained 350 valid survey responses from e-bike riders using an on-site sampling survey method. Using the non-aggregate theory, we take the individual attributes of the rider’s age, driving age, personality, and corrective vision as potential influencing factors. The metric model of the influencing factors of the rider’s personal characteristics on riding speed is established, and we analyze the sensitivity of many influencing factors by using the theory of elasticity. The results show that the absolute value of the elasticity value corresponding to the rider’s gender, age, corrected visual acuity, and other factors is less than 1, which indicates that the above factors have no flexibility regarding the rider’s riding speed selection behavior. However, in four selection intervals, the elasticity values of the rider’s education level are 1.577, 2.484, 1.810, and 1.667; those of their driving age are −1.537, −2.061, −1.547, and −1.606, and those of their riding proficiency are 3.302, 12.038, 10.370, and 11.177, which indicate that the three factors of rider’s education level, driving age, and riding proficiency have a significant impact on the riding speed choice behavior. The finding of the study is helpful for the relevant government departments to formulate more accurate classified intervention measures, and effectively prevent the occurrence of illegal speeding behavior.
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1. Introduction


The electric bicycle (e-bike) has become an important transportation choice for some urban residents to travel daily due to its advantageous lightness, fast speed, economy, flexibility, and low carbon characteristics [1,2,3,4]. However, traffic accidents associated with e-bikes are frequent. According to traffic statistics in China, the number of non-motorized vehicle accidents in 2015 and 2016 was 15,437 and 17,747, respectively, including 11,233 and 12,672 e-bike accidents [5,6]. E-bikes are fast, have no protection facilities and lack protection measures for riders. Casualties are higher for accidents with e-bikes than for those with other motor vehicles. The data show that 26.3% of deaths involving e-bikes are caused by e-bike riders, which is significantly higher than other modes of transportation other than motorcycles [7,8,9,10,11].



In response to this problem, scholars have carried out a series of studies based on the characteristics of e-bikes and accidents. For example, Wu et al. [12] used survey data to study the relationship between e-bike riders’ riding behavior and riders’ age and gender. It was found that young people and middle-aged people were more likely to run red lights than the elderly; males are more likely than females to run red lights, especially when the e-bikes used are more powerful. Schepers et al. [13] found that the number of e-bikes in the Netherlands with speeds exceeding 25 km/h is constantly increasing, but there are few impact assessments on road safety. They surveyed emergency departments at hospitals and investigated cyclists who had a traffic accident and found that the severity of e-bike accidents is much greater than that of bicycle accidents, and after limiting the age, gender, and bicycle usage of riders, e-bike riders are more likely to become involved in more serious traffic accidents. Tibor Petzoldt et al. [14] studied the differences between bicycles and e-bikes in traffic conflicts by collecting data from 80 volunteers. They found that, on the whole, there is no difference between the two in traffic conflicts, but at intersections, traffic conflicts on e-bikes are twice as numerous as those on bicycles, the riding speed of e-bikes is higher than that of bicycles when these conflicts occur, and e-bikes are more likely to be involved in a traffic accident. However, e-bikes are a new transportation group, and other road users need more time to adapt to them. Marilyn and Geoff [15] conducted an online survey of the use of e-bikes by Australians over the age of 65. They found that because elderly riders were more familiar with the use of e-bikes and the safety knowledge of e-bike riding, 84.1% of the elderly riders did not have a traffic accident related to e-bikes. Hu et al. [16] discussed the influencing factors of e-bike traffic accidents in Hefei City. The results show that riders’ age, gender, and e-bike models have significant impacts on traffic accidents. Cheng et al. [17] noted that traffic accidents caused by the personal factors of e-bike riders accounted for 91% of the total traffic accidents of e-bikes and found that the high incidence of e-bike accidents is closely related to riders’ failure to strictly obey traffic rules. Xing et al. [18] conducted a roadside observation study on the dangerous behavior of e-bike riders in a city in Anhui Province. They found that the average speed of the rider was 24 km/h in multiple time periods on one day, and 74.60% of riders had speeds greater than 20 km/ h. Based on the study of the dynamic visuals and static visuals of human vision, Wang et al. [19] examined that due to the different age and physical characteristics of the rider, as the rider’s moving field during riding, the range of view is different based on the different speeds of the vehicles; the faster the speed is, the narrower the visual field. Similarly, the illusion will also arise from the difference between the senses, which are all important factors that can cause traffic accidents. Fu [20] noted that because the speed of e-bikes is faster than that of bicycles, it is easier for riders to exhibit psychological states such as victory, competition, empathy, and independence, which make many riders prone to unsafe riding (such as speeding, running red lights, etc.). Guo et al. [21] designed a bivariate probability (BP) model to simultaneously examine the important factors associated with e-bike-related collisions and e-bike license plates and considered the correlation between them, calculating the marginal effects of contributing factors to quantify their impact on the results. The results show that e-bike riders’ gender, age, education level, driver’s license, family car, experience with e-bikes, compliance with laws, and active driving behavior have a major impact on e-bike accidents and license plate usage.



In general, many scholars have conducted many studies on the riding behavior of e-bike riders, e-bike traffic accidents and riding speed, and the research results are quite rich [22,23,24]. However, research on the relationship between the personal characteristics of e-bike riders and the choice of riding speed is not related to the measures and methods of determining the mechanisms of riding speed because behavioral characteristics are more influential on riding speed. In particular, the personal characteristics of e-bike riders vary greatly, and it is often difficult to select representative factors, creating a lack of targeted and universal measures of actual speed control. Therefore, the purpose of this study is to study the relationship between the personal characteristics of e-bike riders and their riding speed by exploring the correlation between the two in view of this, based on research on the characteristics of e-bike traffic. The correlation between personal characteristics and riding speed is obtained by a reasonable riding speed selection interval corresponding to different riders, and then, the corresponding traffic management methods and safety education training strategies are proposed for e-bike riders with different personal characteristics; as a result, this paper strives to find ways to improve the riding safety and travel efficiency of e-bike riders at a fundamental level.




2. Method


2.1. Survey Design


First, we designed a questionnaire for e-bike riders’ personal characteristics and then used an on-site sampling survey to obtain data with the assistance of the traffic police. First, a radar speedometer was used to obtain the riding speed of the survey sample (i.e., the e-bike riders), and then, in the downstream section of 200 m, with the assistance of the traffic police, the rider was asked to stop to participate in our survey. In addition, if we encountered a rider who declined to participate in the survey, we allowed the rider to leave. The selected survey sections were two-way, three-lane roads, and we avoided bus stops and intersections to minimize the impact of other traffic factors on e-bike riders.




2.2. Demographic Information


In this survey, eight personal characteristics closely related to e-bike riders were selected during the data collection, namely, gender, age, education level, driving age, personality, occupation, corrective vision, and riding proficiency. All the above factors can affect the riding state during the riding process of the e-bike rider. This state is manifested mainly in the selection behavior of the riding speed interval.




2.3. Speed Selection Behavior


To make a more reasonable use of survey data to explore the impact of e-bike riders’ personal characteristics on riding speed, this paper divided the rider’s riding speed into four categories, namely, 0–15 km/h, 15–25 km/h, 25–35 km/h, 35 km/h and above, which are represented by A, B, C, and D, respectively. In accordance with the survey data, the number of riders, the average speed and the maximum value of each speed interval are countered, respectively. Based on the relevant provisions of the Safety Technical Specifications for E-bikes [25], the speed of e-bikes on urban roads exceeding 25 km/h qualified as speeding, so the speed limit for the rider to choose speeding riders is limited to 25 km/h. Taking these four values as a threshold, the relationship between the e-bike rider’s personal characteristics and his/her riding speed is illustrated in the following analysis. We were able to study riders exhibiting the personal characteristics that are prone to speeding when riding; with this information, we can cooperate with the relevant departments to manage the use of e-bikes.




2.4. Data Collection


The questionnaire [2,3,11,21] was targeted toward e-bike riders. A total of 352 questionnaires were obtained. After screening, there were 350 valid questionnaires. According to the statistics, there were 310 male riders (88.57%) and 40 female riders (11.43%). The age range of the riders was from 18 to 61 years old, and the driving age was more than one year. Through the statistical processing of the survey data, a statistical result of the personal characteristics of the e-bike riders is obtained (see Table 1).



The behavior selection data for the specific riding speed of the e-bike riders are shown in Table 2.




2.5. Reliability and Validity Tests


To test the internal consistency of the questionnaire, we use the Cronbach’s alpha coefficient. Through the reliability analysis using SPSS19.0 statistical software, it was found that the Cronbach’s alpha coefficients of the three potential variables (educational level, driving age, and riding proficiency) were all greater than 0.7, and the overall reliability of the eight indicators (gender, age, education level, driving age, personality, occupation, corrective vision, riding proficiency) in the questionnaire was 0.768. This result shows that the reliability analysis results of the questionnaire are good, that is, the questionnaire design is reasonable.



The Kaiser-Meyer-Olkin (KMO) test and Bartlett’s test were used to determine the sampling adequacy. The test results show that the KMO value is 0.863, which is greater than 0.50; the Sig is 0.00, which is less than 0.05, indicating that the questionnaire can be used for factor analysis. In the factor analysis of the questionnaire, the principal component analysis method was used to test the structural validity of the questionnaire. In the extraction of common factors, there are three influencing factors with latent roots greater than 1, and the explanatory variation is 30.340%, 20.560%, and 14.102%; the cumulative explanatory variation is 64.947%, which shows that the potential variables obtained after testing have good structural validity.




2.6. Disaggregate Model and Riding Selection Behavior


When applying the disaggregate theory to analyze the personal traffic behavior of the traveler, the data creation and calibration models are based on personal data. Since the 1970s, the disaggregate model has been widely used in the transportation field and has had abundant research achievements [26,27,28,29,30,31,32]. The model hypothesis is based on the fact that the traveler will choose the most effective scheme to carry out the behavioral activities. The utility function is divided into fixed and random parts, which are generally expressed as


   U  i n   =  V  i n   +  ε  i n    



(1)






   V  i n   =   ∑  k = 1  k    θ k     X  i n k    



(2)




where    U  i n     is the utility function of the i-th scheme for the n-th traveler;    V  i n     is the fixed item of    U  i n    ;    ε  i n     is the random item of    U  i n    ;  k  is the specific number of attribute variables;    θ k    is the parameter value of the k-th variable;    X  i n k     is the k-th attribute variable value of the i-th scheme for the n-th traveler.



In the above disaggregate model, when    ε  i n     obeys the double exponential distribution and the multidimensional normal distribution, respectively, the logit model and the probit model can be established. In the transportation system, the most unstable factor is the human-related factor, and the rider is the main participant in traffic behavior. It is difficult to accurately grasp changes in personal traffic behavior, which makes traffic system changes show certain randomness. When e-bike riders choose the riding speed and the motor vehicle riding lane, personal factors, and environmental factors have a strong impact on them, but environmental factors have a small impact on all riders. The final riding speed and the choice of riding lanes in the motorway are discrete, mainly because the individual characteristics of the rider have different perceptions of environmental factors. That is, in the same environment, the rider’s cognition is different, and the riding speed and the riding route are different. Therefore, the nature of the rider’s riding speed and the motorbike’s occupancy riding selection are personal characteristics. Conventional models cannot capture the discrete and nonlinear dual characteristics of riding behavior caused by the rider’s personal characteristics, but the disaggregate model is mainly applicable for the above characteristics and shows strong adaptability. At the same time, the riding speed and the choice of occupying a motor vehicle to ride are completed by the rider according to his maximum expected utility under the combined influence of many factors, which is in accordance with the initial assumptions of the disaggregate theory. Therefore, this paper applies the disaggregate model to analyze e-bike riders’ riding speed and the riding behavior on the road.




2.7. The Selection of the Behavioral Model


Based on valid data on the personal characteristics of e-bike riders obtained from the above survey, disaggregate theory was applied to study the rider’s riding speed and selection of the occupied motorway. Finally, the disaggregate model of riding speed selection behavior and occupancy of motor vehicle lanes is constructed separately.



2.7.1. Building the Model


In this paper, we use multinomial logit (multinomial logit, MNL) theory [3,33,34,35] to construct the speed of e-bike riders and the non-motor vehicle lane selection behavior model. First, based on the basic form of the MNL model,    ε  i n     obeys the double exponential distribution, and    ε  i n     and    V  i n     are independent of each other, and according to the speed of the e-bike or the non-motor vehicle lane selection behavior, it can express that the probability that the n-th rider chooses the i-th selection behavior as


   P  i n   =    e   V  i n         ∑  i = 1    I n      e   V  i n          



(3)




where    I n    is the total number of currently selected behaviors.




2.7.2. Determining Alternative Parts and Affected Factors


According to the disaggregate model theory, the four sections A, B, C, and D corresponding to the riding speed selection behavior of the rider are selected as the four selected limbs of the model, and they are represented as the values of 0, 1, 2, and 3. Determining the influencing factors can be based on the impact of the rider’s personal characteristics on speed selection, as shown in Table 3.






3. Results and Discussion


3.1. Relationship between a Rider’s Personal Attributes and Riding Speed


3.1.1. Model Influencing Factor Calibration


In this paper, the influencing factors are calibrated and selected by SPSS, as shown in Table 4. The minimum value (absolute value) of the t-test is 2.282, and its value is greater than 1.960, indicating that the eight selected influencing factors can significantly affect the riding speed selection behavior of the e-bike rider.



In the statistical analysis of SPSS data (see Table 5), the model fitness is indicated by    R 2   , and    R 2    is called the correlation coefficient, where    R 2  ∈ ( 0 , 1 )  ; the closer    R 2    is to 1, the better the linear regression relationship, and the closer the model is to the real situation. Here, the correlation coefficient    R 2    is equal to 0.554, and the adjusted correlation coefficient    R 2    is equal to 0.515, indicating that the established model works well.




3.1.2. Utility Function


In the four intervals, the parameter values of each influencing factor are shown in Table 6. Table 6 shows that the utility functions M, N, V, and E corresponding to the four intervals    V 0   ,    V 1   ,    V 2    and    V 3    are, respectively,


    V 0  = − 0.691  X 1  + 1.591  X 3  + 0.702  X 5  + 0.699  X 6  + 6.246  X 8      V 1  = 1.036  X 2  + 1.591  X 3  − 1.550  X 4  + 0.702  X 5  + 0.140  X 7      V 2  = 1.591  X 3  − 1.550  X 4  + 0.702  X 5  + 0.699  X 6  + 6.246  X 8      V 3  = − 0.691  X 1  + 1.036  X 2  + 0.699  X 5  + 0.140  X 7  + 6.246  X 8    











To obtain the relationship between various influencing factors and the speed of e-bike riders, a sensitivity analysis of each influencing factor and riding speed is carried out. The degree of sensitivity is usually expressed in terms of elasticity values. In disaggregate theory, when a certain influencing factor changes, the elastic value E for the selection probability change of the i scheme can be expressed as


  E =  θ k   X  i n k   ( 1 −  P  i n   )  



(4)







The elastic value has positive and negative points. When the two variables change positively, the value is positive; otherwise, the value is negative. When the absolute values of the elastic values corresponding to the four selection intervals are greater than 1, it indicates that the influencing factors are flexible for the riding speed interval selection behavior, and when the elastic values are less than 1, it indicates a lack of elasticity. First, based on survey data on the e-bike rider’s personal characteristics and the riding speed selection behavior, the average value of the riding speed interval corresponding to each rider’s personal characteristics is counted. Second, the parameter values obtained in Table 6 are substituted into formulas (2) and (3), and the probability values of the corresponding e-bike rider’s riding speed interval selection behavior are calculated. Then, through the calculation formula (4) of the elastic value, the elastic value of each influencing factor on the probability of selecting the behavior of the rider’s riding speed interval can be obtained.





3.2. Analysis of the Calculation Results


3.2.1. Gender and Age


According to the calculation method of the utility function mentioned, the selection probability, parameter value, sample mean and elastic value of each influencing factor in each interval for the sex and age of the e-bike rider in different selection intervals can be calculated. The specific calculation results are shown in Table 7. Similarly, the values corresponding to the influencing factors below are calculated in this way. Table 7 shows that the average gender corresponding to the four intervals shows an increasing trend, and the average value of the riding speed is greater than 0.500. This indicates that more male drivers than female drivers exhibit speeding behavior. Male riders are more prone to speeding than female drivers. The elasticity values of the rider’s gender corresponding to the four selection intervals are less than 1, indicating that the sex of the e-bike rider lacks flexibility in the riding speed selection behavior. Therefore, the elasticity value corresponding to interval D is −0.488, the absolute value of elasticity is larger than the other three intervals, and the value is smaller than 0.500, which indicates that the gender of the rider has the greatest influence on the rider’s long-term speeding behavior.



Average age shows an increasing trend, and the increase is obvious. This finding indicates that as the e-bike rider’s age increases, the more likely they are to speed and the continuous speeding time increases, which is closely related to older people’s overconfidence and desire to pursue speed. The age elasticity values corresponding to the four intervals are less than 1, which indicates that the age of the rider is not flexible enough for the riding speed selection behavior. However, the elastic values corresponding to intervals B and D are larger, indicating that compared with the other two intervals, the influence of age on whether the e-bike rider is speeding is more obvious. Then, people in this age range in B and D, the elasticity value is the most obvious, indicating that these people have the smallest likelihood to speed.




3.2.2. Education level and Driving Experience


Table 8 shows the results of the correlation between education level and driving age. Table 8 shows that the average value of the education level of the riders corresponding to the four selection intervals is stable, with a mean value of 1.5723. Therefore, the average value corresponding to interval B is the largest, and the value is 1.657, which indicates that when the education level of the e-bike rider is approximately at the level of junior high school, the probability that the rider chooses to ride in the high-speed range is the largest. The elasticity values of rider education level corresponding to the four selection intervals are all greater than 1, indicating that the rider’s education level is flexible for speed selection behavior. It follows that the educational level plays a decisive role in the rider’s personal speed selection process.



Among them, the elastic value of the B interval is the largest compared with the other three intervals, and the elastic value is 2.484, indicating that educational level has the greatest impact on an e-bike rider’s low-speed and stable riding. This type of rider has the highest average educational level, and the rider chooses the B-segment speed to have the lowest probability of riding. The probability of a rider choosing to ride in a high-speed range is as high as 60.4%, and the level of education of such riders is lower than that of a rider in a low-speed range. The relationship between the educational level of the specific e-bike rider and the riding speed interval selection behavior is shown in Figure 1.



From Figure 1, it can be seen that the riding speed range corresponding to an e-bike rider with high school education is the highest; before high school education is completed, as a rider’s educational level continues to increase, the speed range selected by the rider constantly rises. However, for e-bike riders with education levels at the university level and above, these riders’ speed range is lower, indicating that when the education level is high, the safety awareness of the rider and the consciousness of obeying the traffic rules and regulations are greatly improved, which is also the embodiment of the superiority of the rider with a high education level.



As the average age of the rider’s driving experience declines first and then increases, the highest average driving age chooses the lowest riding speed. However, there is no significant difference between the two speeding zones C and D. The driving age elasticity values corresponding to the four intervals are all greater than 1, indicating that the driving age is flexible to the speed selection behavior; that is, the change in the rider’s driving age has a greater influence on the speeding riding selection behavior. However, the driving age elasticity values of the four intervals are all negative, indicating that the driving age is negatively correlated with the rider’s speed selection behavior. That is, as the driving age increases, the speed range in which the rider chooses to ride will continuously decrease because the rider’s riding experience and the sense of safe riding have gradually increased with increasing riding time. It is more reasonable to control the riding environment and master the selection of the real-time speed range. The absolute value of the elastic value of non-speeding behavior corresponding to the selection interval is larger than that of speeding behavior. The absolute value of the elastic value of the B interval is the largest, and the value is 2.061; the A interval is the smallest, and the value is 1.537. Combined with the average age of driving, this value indicates that the probability that a low-speed e-bike rider rides at low speed is approximately 1.3 times that of the probability that he/she speeds.




3.2.3. Personality and Vision Correction


According to Eysenck’s personality test, which is based on people’s feedback, people’s personalities can be categorized into a melancholic temperament, phlegmatic temperament, sanguine temperament, and a choleric temperament, and the external manifestations of each personality are different; the perception of the same thing is quite different from the feedback behavior. It can be seen from Table 9 that the average value of the personality from four intervals is greater than 0.500, and the average of the personality averages is increasing, which explains that active, violent, and outward-looking riders choose to ride faster as their personalities change from a melancholic temperament to a choleric temperament. The elastic value of the B interval is relatively the largest at 1.264, which indicates that personality has the most significant influence on the e-bike rider’s choice of low-speed stable riding. However, as observed, the elastic value of the A interval is 0.788, which is less than 1, indicating that personality lacks flexibility in the speed interval selection behavior.



More than 80% of the information obtained by e-bike riders is obtained visually, and more than 90% of the information is dynamic. That is, information has a strong relationship with the rider’s dynamic vision, and the basis of the dynamic vision is the rider’s static vision, which is his/her perception and judgment of the traffic environment. Although corrective vision can meet the general information acquisition needs of the rider, it is difficult for the rider to achieve normal vision. Moreover, the lens has a certain curvature, which will cause a small amount of deformation in the surrounding environment. The impact on information acquisition is not obvious when riding at low speed, but it has a high impact when riding at higher speeds. As shown in Table 9, the average corrected visual acuity of the riders corresponding to the four sections is approximately 0.157, and the average of the four sections is less than 0.500. This finding shows that a slightly larger proportion of riders who speed have normal vision compared to corrected vision, indicating that corrected vision has no significant effect on the speed selection behavior of the rider. The elastic values corresponding to the four intervals are between 0.009 and 0.029, and the values are all less than 1, indicating that the rider’s corrected vision lacks elasticity for the riding speed interval selection behavior, and this effect is not significant.




3.2.4. Occupational and Cycling Proficiency


Table 10 shows the calculation results for the occupational and riding proficiency of e-bike riders. According to the data in the table, the average occupation value of the rider is 1.544, and the average values of intervals B and C are not significantly different, while the mean value of the D interval is 1.633 and that of the A interval is 1.700, which is the largest, indicating that students are most likely to avoid speeding when riding an e-bike, which is related to the nature of students, that is, very disciplined. The average value of the elasticity of the riders’ occupation corresponding to the four selection intervals is 1.03, wherein the elastic value of the C interval is less than 1 and that of the other three intervals are greater than 1. Because the elasticity value is close to 1, it indicates that the occupation has a strong elasticity to the rider’s speed selection behavior. The occupation of the e-bike rider has a certain influence on the selection behavior of the riding speed range.



Table 10 shows that the average rider’s riding proficiency is increasing, and the growth trend of the four intervals is more obvious. The growth rates are 15.563%, 17.604%, and 5.322%, and the average value is 1.946, indicating that the probability that the rider chooses to speed increases continuously as the degree of proficiency increases. The average value of the flexibility of the rider’s riding proficiency corresponding to the four intervals is greater than 1, indicating that the rider’s proficiency is flexible for the rider’s speed selection behavior. The overall increase in elasticity values, combined with the increase in the average level of riding proficiency, indicates that as the rider’s riding experience increases, the rider knows more about the environment, infrastructure and traffic conditions, and the probability of speeding during riding is greater. The relationship between the specific rider’s riding proficiency and the riding speed interval selection behavior is shown in Figure 2.



As e-bike riding skill increases, the riding speed continuously increases and is constantly expanding. It reveals that the rider’s riding experience is constantly accumulating, and he is more familiar with the riding section and the surrounding environment. Thus, one has less influence on external factors during riding, and thus, the riding speed is faster.






4. Conclusions


Based on previous studies on the behavior of e-bike traffic, this paper further studies the relationship between the personal characteristics of e-bike riders and riding speed. By exploring the personal characteristics of the e-bike rider and the riding speed, we find the relevant influencing factors and propose exclusive management strategies and safety education and skill training programs for riders with different characteristics. We try to maximize the rider’s traffic safety awareness and reduce the rider’s unsafe riding behavior and traffic accidents.



Two main findings can be drawn from the results of the study. First, the absolute value of the elasticity value corresponding to the rider’s gender, age, corrected visual acuity, and other factors is less than 1, which indicates that the above factors have no flexibility regarding the rider’s riding speed selection behavior. Second, in four selection intervals, the elasticity values of the rider’s education level are 1.577, 2.484, 1.810, and 1.667; those of their driving age are −1.537, −2.061, −1.547, and −1.606, and those of their riding proficiency are 3.302, 12.038, 10.370, and 11.177, which indicate that the three factors of rider’s education level, driving age, and riding proficiency have a significant impact on the riding speed choice behavior. The finding of the study is helpful for the relevant government departments to formulate more accurate classified intervention measures, and effectively prevent the occurrence of illegal speeding behavior.



Furthermore, given the limited value of the model samples, in subsequent studies the sample size can be further increased, and other influencing factors, such as marital status and height, can be added. We constantly revise the parameters of the influencing factors in the model, making the results of the sensitivity analysis more accurate and more in line with the real situation on the road.
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Figure 1. Relationship between education level and riding speed selection behavior. 
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Figure 2. Relationship between riding proficiency and riding speed selection behavior. 
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Table 1. Statistics for the personal characteristics of e-bike riders.






Table 1. Statistics for the personal characteristics of e-bike riders.





	
Personal Characteristics

	
The Number of E-Bike Riders






	
Gender

	
Male riders

	
Female riders




	
310

	
40




	
Age

	
18–30

	
30–45

	
45–60

	
>60




	
108

	
142

	
81

	
19




	
Education level

	
Primary school and below

	
Junior high school

	
High school

	
University or above




	
27

	
121

	
157

	
45




	
Driving age

	
≤1 year

	
1–3 year

	
3–5 year

	
≥5 year




	
21

	
180

	
122

	
27




	
Character

	
Melancholic temperament

	
Phlegmatic temperament

	
Sanguineous temperament

	
Choleric temperament




	
1

	
129

	
149

	
71




	
Job/occupation

	
Students

	
In-service staff

	
Self-employed

	
Retirees




	
11

	
179

	
141

	
19




	
Vision correction

	
Yes

	
No




	
285

	
65




	
Cycling proficiency

	
Skilled

	
More skilled

	
Average

	
Beginner




	
130

	
189

	
25

	
6
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Table 2. The speed of e-bike riders.






Table 2. The speed of e-bike riders.





	Speed Behavior Selection Interval
	A
	B
	C
	D





	Number of riders
	10
	133
	147
	60



	Average speed
	13.3037
	20.7137
	28.8339
	40.7376



	Maximum speed average
	14.5066
	24.9462
	34.9749
	55.1362
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Table 3. Influencing factors.






Table 3. Influencing factors.





	Influencing Factors
	Variables
	Explanation





	Gender
	X1
	Male is 1 and female is 0



	Age
	X2
	Divided into four levels: 18–30 years old, 30–45 years old, 45–60 years old, and 60 years old or older; respectively, the values are 0, 1, 2, and 3



	Educational level
	X3
	Divided into four levels: Primary school and below, junior high school, high school, university and above; respectively, the values are 0, 1, 2, and 3



	Driving age
	X4
	Time of actually riding an e-bike



	Character
	X5
	Divided into four levels: Melancholic temperament, phlegmatic temperament, sanguine temperament, choleric temperament, with values 0, 1, 2, and 3



	Job/occupation
	X6
	Divided into four levels: Students, incumbents, freelancers, and retirees (others) have values of 0, 1, 2, and 3, respectively



	Vision correction
	X7
	Dummy variable is 1 if vision is corrected and 0 otherwise



	Cycling proficiency
	X8
	Divided into four levels: Novice, general, more skilled, skilled; respectively, the values are 0, 1, 2, and 3
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Table 4. Results of model influencing factor calibration.
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	Influencing Factors
	Variable
	Parameter Value
	Standard Deviation
	t-Test Value





	Gender
	X1
	−0.691
	0.321
	16.944



	Age
	X2
	1.036
	0.870
	6.419



	Educated level
	X3
	1.591
	0.803
	22.773



	Driving age
	X4
	−1.550
	0.722
	26.951



	Characteristic
	X5
	0.702
	0.744
	26.472



	Job occupation
	X6
	0.699
	0.649
	28.670



	Whether to correct vision
	X7
	0.140
	0.393
	4.975



	Cycling proficiency
	X8
	6.246
	0.677
	25.466
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Table 5. The fit of the calibrated model.
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	Model
	R
	R2
	Adjusted R2
	Error in Standard Estimates





	1
	0.745
	0.554
	0.515
	5.925
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Table 6. Influencing factors and parameter values.
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Influencing Factors

	
Variable

	
Interval




	
A

	
B

	
C

	
D






	
Gender

	
X1

	
−0.691

	

	

	
−0.691




	
Age

	
X2

	

	
1.036

	

	
1.036




	
Education level

	
X3

	
1.591

	
1.591

	
1.591

	




	
Driving age

	
X4

	

	
−1.550

	
−1.550

	




	
Character

	
X5

	
0.702

	
0.702

	
0.702

	
0.702




	
Job/occupation

	
X6

	
0.699

	

	
0.699

	




	
Vision correction

	
X7

	

	
0.140

	

	
0.140




	
Cycling proficiency

	
X8

	
6.246

	

	
6.246

	
6.246
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Table 7. The results for gender and age.
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Speed Selection Behavior Interval

	
Selection Probability

	
Gender

	
Age




	
Parameter Values

	
Average Values

	
Elasticity

	
Parameter Values

	
Average Values

	
Elasticity






	
A

	
0.339

	
−0.691

	
0.923

	
−0.422

	
1.036

	
0.900

	
0.616




	
B

	
0.057

	
−0.691

	
0.824

	
−0.537

	
1.036

	
0.978

	
0.955




	
C

	
0.310

	
−0.691

	
0.938

	
−0.447

	
1.036

	
1.054

	
0.754




	
D

	
0.294

	
−0.691

	
1.000

	
−0.488

	
1.036

	
1.117

	
0.817
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Table 8. Education level and driving age calculation results.
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Speed Selection Behavior Interval

	
Selection Probability

	
Education Level

	
Driving Age




	
Parameter Values

	
Average Values

	
Elasticity

	
Parameter Values

	
Average Values

	
Elasticity






	
A

	
0.339

	
1.591

	
1.500

	
1.577

	
−1.550

	
1.500

	
−1.537




	
B

	
0.057

	
1.591

	
1.657

	
2.484

	
−1.550

	
1.410

	
−2.061




	
C

	
0.310

	
1.591

	
1.649

	
1.810

	
−1.550

	
1.446

	
−1.547




	
D

	
0.294

	
1.591

	
1.483

	
1.667

	
−1.550

	
1.467

	
−1.606
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Table 9. Personality and corrected visual acuity calculation results.






Table 9. Personality and corrected visual acuity calculation results.





	
Speed Selection Behavior Interval

	
Selection Probability

	
Personality

	
Corrected Visual Acuity




	
Parameter Values

	
Average Values

	
Elasticity

	
Parameter Values

	
Average Values

	
Elasticity






	
A

	
0.339

	
0.795

	
1.500

	
0.788

	
0.140

	
0.100

	
0.009




	
B

	
0.057

	
0.795

	
1.687

	
1.264

	
0.140

	
0.216

	
0.029




	
C

	
0.310

	
0.795

	
1.865

	
1.023

	
0.140

	
0.196

	
0.019




	
D

	
0.294

	
0.795

	
2.050

	
1.151

	
0.140

	
0.117

	
0.012
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Table 10. Calculation of occupational and cycling proficiency.






Table 10. Calculation of occupational and cycling proficiency.





	
Speed Selection Behavior Interval

	
Selection Probability

	
Job Occupation

	
Cycling Proficiency




	
Parameter Values

	
Average Values

	
Elasticity

	
Parameter Values

	
Average Values

	
Elasticity






	
A

	
0.339

	
0.899

	
1.700

	
1.010

	
6.246

	
0.800

	
3.302




	
B

	
0.057

	
0.899

	
1.358

	
1.151

	
6.246

	
2.045

	
12.038




	
C

	
0.310

	
0.899

	
1.486

	
0.922

	
6.246

	
2.405

	
10.370




	
D

	
0.294

	
0.899

	
1.633

	
1.037

	
6.246

	
2.533

	
11.177
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