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Abstract: To promote the sustainable development and safety of bicycle traffic, survival analysis of
the risk perception sensitivity of cyclists is proposed. The cumulative probability of survival serves
as an index of risk perception sensitivity, and a Cox regression model is established. The proposed
method is applied to middle school cyclists, and the factors of their risk perception are analyzed.
Data are collected by questionnaire and traffic conflict survey and are quantified by factor analysis.
The model results show that active and extroverted personality, negative peer influence, unsafe
riding behavior intention, non-motor vehicle flow and speed, and a lack of separation facilities have
negative correlations with risk perception sensitivity. Positive attitude towards traffic rules, good
family education, heightened traffic safety awareness, motor vehicle flow and speed, pedestrian
flow, and non-motorized lane width have positive correlations with risk perception sensitivity. The
conflict type has no correlation with risk perception sensitivity. This study aims to improve the
sensitivity of risk perception, prevent traffic conflicts and provide a theoretical basis for risk
perception research on vulnerable traffic participants.
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1. Introduction

Cycling is a clean and sustainable mode of transportation and an important part of a sustainable
multimode urban traffic system [1-6]. However, as vulnerable traffic participants, cyclists are
vulnerable to injury or even fatality in accidents, and their safety situation is worrying. According to
the statistics of the Traffic Management Bureau of the Ministry of Public Security of the People's
Republic of China [7], in 2017, the number of bicycle traffic accidents in China was 18,144, with 22,872
casualties and 39.74 million yuan of direct property loss. These statistics themselves likely
underestimate traffic risk for cyclists, as they are based on reported crashes. Multiple studies have
shown that bicycle crashes might be underestimated [8,9]. Some studies place the extent of
underestimation at well over 50%. Most research on bicycle traffic safety focuses on the factors
affecting bicycle use [10,11], the behavior of cyclists [12,13] and vehicle-bicycle conflicts [14-16]. Chen
[17] identified a risk perception stage from the occurrence to the eventual evolution of a traffic conflict
into an accident. Most traffic accidents occur due to a lack of comprehensive and timely awareness
and early warning of the risks related to people, vehicles and roads. When a conflict occurs, it is
difficult for a driver to control and avoid a vehicle in time. The risk of accidents can be reduced if the
risk perception is strengthened, violation behavior is reduced and rapid response ability is improved.
The term "risk" refers to the possibility of injury to a road user caused by any physical or bodily factor
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or combination thereof, including obstacles on the road, slippery road surfaces, weather conditions,
vehicle problems and distraction of the road user [18]. The term "risk perception” refers to the
perception ability of road users. Horswill [19] considered the perception of dangerous situations and
proposed a correlation between risk perception and traffic accidents. Therefore, research on the risk
perception of cyclists is needed.

In recent years, extensive studies have considered road traffic risk perception, and many
scholars have conducted studies on the risk perception of cyclists from different perspectives. Some
scholars have also explored the root causes of bicycle traffic accidents. For example, to better
understand the causes of collisions between motor vehicles and bicycles at roundabouts, Meller [20]
studied the perception of risk and the understanding of traffic rules of cyclists in certain
circumstances. The results showed that an underestimation of risk and ignorance of relevant traffic
rules may lead to collisions between motor vehicles and bicycles at roundabouts and that cyclists
prefer a road design that clearly defines the behaviors of road users. Some scholars have explored the
main factors affecting the use of bicycles. For example, to further explore the psychological factors
affecting the use of bicycles, Fernandez-Heredia [21] studied the relationship between risk perception
and bicycle use. It was found that bicycle choice factors can be directly observed and measured —
potential variables are related to risk perception and attitude, and the identification of these potential
variables helps in developing good bicycle policies. To further explore the influence of risk perception
differences among different types of cyclists on the determinants of bicycle use, Sanders [22] studied
the differences in risk perception of cyclists with different skill levels, experience and behavior.
Kummeneje [23] explored the relationship between risk perception and cyclists' decisions regarding
cycling during different seasons of the year. They discovered that the seasonal difference in
perceived risk is an important factor that influence decisions regarding cycling, as well as the
frequency of cycling in winter. Some scholars have further explored how to improve bicycle traffic
safety using the theory of risk perception to promote the development of bicycle traffic. For example,
Manton [24] investigated risk perception through the application of psychological maps and other
tools to provide a basis for improving the relevant facilities and safety of bicycle traffic. By
investigating the risk perception and behavior of currently active commuter cyclists in Sao Paulo,
Bosehans [25] provided the latest information about the current situation faced by cyclists, which can
help in formulating bicycle traffic development policies. Branion-Calles [26] investigated the
relationship between the availability of bicycle infrastructure and the safety awareness of more than
3000 cyclists living in six major cities in Canada and the United States. It was found that expanding
the bicycle network to increase the availability of bicycle facilities may increase existing cyclists'
awareness of bicycle safety, but personal characteristics also play an important role in awareness.
Wang [27] compared the impact of intersection design features on the safety perception of different
types of cyclists and found that certain design features have different impacts on the safety perception
of different types of cyclists. The research results also proposed infrastructure investments for specific
groups to promote the development of cycling. These studies indicate that the risk perception of
cyclists is an important factor affecting the safety and development of bicycle traffic. Therefore, more
research is needed to investigate the risk perception ability of cyclists.

When conducting research on risk perception, most scholars use literature reviews,
characteristic analyses and other methods to determine the influencing factors. To quantify the
impact of these factors on risk perception, most researchers use questionnaires combined with traffic
surveys to collect data. Furthermore, scholars typically use factor analysis to integrate multiple
factors into several main factors for the purpose of dimension reduction, which could ensure the
integrity of questionnaire information and reduce the number of factors. For example, Dong [28]
employed factor analysis to analyze the factors with a strong correlation in collision risk perception
and extracted common factors to reduce the number of dependent variables and amount of
computational complexity in the model. In addition, a multifactor analysis method must be selected
to analyze the survey results quantitatively. Commonly used multifactor analysis methods include
the analysis of variance, discriminant analysis, cluster analysis, multiple linear regression, logistic
regression, and Cox regression methods. For example, when Tova [29] studied the risk perception of
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motorcycle riders and car drivers, he used variance analysis to find that the presence or absence of a
driver's license has a significant impact on driver learning, indicating that a driver's license places
certain restrictions on drivers. Anneka [30] used binary logistic regression analysis to establish a
safety perception model of cyclists in Dublin City. This paper claimed that survival analysis can be
used to study cyclists' risk perception due to the existing commonality between survival analysis and
risk perception analysis. The cumulative probability of survival was applied as an index to reflect the
risk perception sensitivity, and a Cox regression model was established. After the model was
established, the covariates in the model were determined, and basic data were prepared. Correlation
analysis of the covariates was performed. After satisfying the correlation verification, parameters in
the model were estimated to obtain the model estimation results.

Bicycles are convenient, healthy, affordable and suitable for short trips. As a result, most middle
school students choose to ride bicycles to school, especially in small and medium cities [31]. However,
a large number of investigations have discovered that middle school students commit serious traffic
violations, such as side-by-side cycling, eating snacks, playing with mobile phones, cycling with
people, chasing competitions, and group fighting [32], which greatly increase the safety risks. How
to reduce middle school student bicycle traffic accidents, improve their travel safety, and
simultaneously promote the development of bicycle traffic have become key issues to resolve.
According to the related literature, few studies of the risk perception of cyclists have focused on
middle school students. Therefore, the proposed method is applied to the research on the risk
perception sensitivity of middle school cyclists.

In this paper, firstly, the applicability of the survival analysis method is demonstrated. The
cumulative probability of survival is considered as the index of the risk perception sensitivity of
cyclists, and a risk perception Cox regression model is established. Secondly, middle school cyclists
are considered as the research object. A combination of questionnaire and traffic conflict surveys are
employed to collect data, and factor analysis is performed to quantify the data. Statistical Product
and Service Solutions (SPSS) 20.0 software is used to estimate the model, and estimated results and
cumulative probability of the survival distribution of cyclists' risk perception influencing factors for
the average level are obtained. The risk perception sensitivity is divided into levels according to the
cumulative probability of survival. While the remaining factor means are held constant, the value of
a single factor is varied to analyze the impact of different factors on the risk perception sensitivity of
cyclists. The findings of this study can be used as a basis to improve the sensitivity of risk perception,
prevent traffic conflicts and provide a theoretical basis for risk perception research on vulnerable
traffic participants.

The remainder of this paper is organized as follows: Section 2 introduces the Cox risk perception
model, which is based on survival analysis. Section 3 introduces the data collection and processing
methods. Section 4 presents the analysis results and discussion. Finally, the conclusion is given in
Section 5.

2. Model

Survival analysis is a method by which to analyze the survival time of organisms or human
beings based on data obtained from actual investigations and measurements. This method can be
applied to investigate the relationships and influence degrees between survival time and influencing
factors. It has also been applied in the field of traffic engineering in recent years [33-35]. Survival
analysis focuses on not only the survival time but also the continuous change process of a termination
event. As time passes, when the survival time t is reached, a termination event occurs or does not
occur, and the corresponding data are defined as non-censored data and censored data, respectively.

Whether traffic conflict occurred is determined to be largely affected by cyclists' risk perception.
As the sensitivity of risk perception decreases, traffic conflict becomes increasingly likely. To be
consistent with the survival analysis, the new variable K (reciprocal of risk perception score) is
defined. Accordingly, traffic conflict can be described as follows: as the variable K increases, when
the limit value k is reached, traffic conflict occurs or does not occur. The definition of observed data
is presented as follows. Censored data: The observation value is greater than or equal to the limit
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value k but no traffic conflict exists. Non-censored data: The observation value is less than or equal
to the limit value k, and no traffic conflict exists. Therefore, survival analysis can be used to study
cyclists' risk perception.

In the analysis of cyclists' risk perception, K is obtained by calculating the reciprocal of the risk
perception score, and the risk perception score is based on a five-point Likert scale. The risk
perception questionnaire’s column can be added to the questionnaire. The mean of each
questionnaire’s data is calculated as the risk perception score of the survey object, and the reciprocals
are calculated to obtain the corresponding observation value K of the survey object.

The purpose of this paper is to study the risk perception of middle school cyclists (emphasis on
probabilistic risk perception (EPRP)). The level of risk perception represents the sensitivity of cyclists
to traffic conflict; so the distribution of risk perception scores must be considered. However, the test
value K isarandom variable that is affected by many factors. The Cox model is utilized in this paper
to analyze the impact of covariates on risk perception. To intuitively understand the risk perception
sensitivity of cyclists based on the results of the Cox model, the cumulative probability of survival is
used as an index to reflect the risk perception sensitivity.

The Cox model was proposed by D. R. Cox, a British statistician, in 1972. The model has three
advantages: (1) The model is a classic multifactor analysis method. (2) The model does not consider
the survival time distribution (the distribution of risk perception scores is not considered in this
paper). (3) The method is applicable in the presence of censored data. In this paper, an important
research aim is to explore the risk perception sensitivity and influencing factors.

The distribution of the limit value k is described as a risk function that considers external
factors:

h(k|X) = ho(k)g (X, B) M

In equation (1), hq(k) is the benchmark risk function, which indicates the risk rate without any
external influence; g(X,f) is a known function; and f is a parameter, which corresponds to the
covariate.

The Cox proportional risk model is obtained by assuming that function g(X, ) in equation (1)
is in an exponential form exp( B X):

h(k1X) = ho(k) exp( B X) )

The right side of equation (2) is composed of hy(k) and exp( B X), where hy(k) is an unknown
nonparametric component that has no assumptions and exp(f'X) is a parametric component. Thus,
the Cox proportional risk model is referred to as a semi parametric model.

According to the relationship between survival functions S(k) and h(k), the cumulative
probability of survival S(k) = P(K > k). This result can be combined with equation (2) to obtain the
cumulative probability of survival function of conflict considering external factors:

k
S(k|X)=1—exp [ j h(k|X)dk] =1 — S,(k)®PXP) 3)
0

In equation (3), So(k) is the benchmark continuous probability function, which indicates the
probability that the observed value is greater than k without considering external factors. The
covariate parameter >0 indicates that an increase in the covariate will increase the probability of
conflict, and <0 indicates that an increase in the covariate will reduce the probability of conflict.
Therefore, model parameter § must be calibrated to perform a quantitative analysis of the risk
perception sensitivity and influencing factors.

After the model is established, the covariates in the model should be determined, and basic data
should be prepared. Correlation analysis of the covariates should be performed. After satisfying the
correlation verification, the parameters in the model are estimated to obtain the model estimation
results.

3. Data
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To determine the covariates in the model, that is, the influencing factors of risk perception,
middle school cyclists were considered as the research object to analyze their risk perception
influencing factors. Basic data were obtained using questionnaires and traffic conflict surveys, and
the factors were quantified to transform the data into a form that can be directly employed for
modeling analysis.

3.1. Survey Design

The research on the risk perception of middle school cyclists limits the subject to middle school
students. We study their perception ability with respect to various external subjective and objective
risks in the process of cycling. That is, the recognition, understanding and feedback of the system
composed of people, vehicles, roads, environment and management, as well as the influence
mechanisms of various factors in the system. On the basis of the relevant research literature, the
factors shown in Table 1 are considered, and data are collected using a questionnaire and traffic
conflict survey.

Table 1. Risk perception factors of middle school cyclists.

Influence Factor Feature Type Data Collection Data Processing
Personality Influenced by the Quantized to obtain
characteristics individual Cyclist Questionnaire the quantitative
Traffic safety awareness subjectivity of factors survey indexes for modeling
Riding behavior cyclists analysis
Traffic flow Reflection on the Road
Traffic speed condition of road traffic
Contflict type traffic factors Expressed as
Non-motorized lane Traffic conflict numerical or
width Reflection on the Road survey categorical indexes for
Separation status of condition of road facilities modeling analysis
motor vehicle and non- facilities factors

motor vehicle

3.1.1. Questionnaire Survey

The questionnaire focused on three influencing factors: cyclists' personality characteristics,
traffic safety awareness and riding behavior, and external influences. In addition, risk perception is
included in cyclists' subjective feelings. The level of subjective risk perception during cycling can be
measured according to the score of risk perception based on a questionnaire. Therefore, a risk
perception questionnaire column is added to the questionnaire survey, and the data are used for
modeling and analyzing the risk perception sensitivity.

In summary, this questionnaire involves six parts: personal basic situation, personality
characteristics, external influences, traffic safety awareness, riding behavior and risk perception. See
Appendix A for details.

According to survey data from Yanliang District, Xi'an City, China, the total proportion of
bicycles, walkers and electric vehicles in the residents' travel structure is more than 50%, which
represents a slow-moving oriented traffic structure [36]. Moreover, the travel data of middle school
students (1088 in total) indicated that 48% of middle school students rode bicycles to and from school,
accounting for a high proportion of the total. Therefore, middle school cyclists in this area of Xi'an
city were selected as the survey objects, and a total of 500 questionnaires was distributed.

3.1.2. Traffic Conflict Survey

On one hand, the traffic conflict survey focused on the middle school students' traffic conflict in
the process of cycling. On the other hand, the survey collected objective factors, such as traffic
volume, speed, conflict type, separation status of motor vehicle and non-motor vehicle, and width of
non-motorized lane, which affect the risk perception of cyclists. Due to the short time of risk
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perception, the survey time unit of traffic volume was limited to 5 min, and the data obtained were
motor vehicle traffic volume (pcu/5 min), non-motor vehicle traffic volume (bicycle/5 min) and
pedestrian traffic volume (person/5 min), and the speed is presented as the spot speeds of motor
vehicles and non-motor vehicles.

Guo [37] improved the definition of traffic conflict as follows. On the road, if two or more traffic
participants perceive danger during motion and static conditions, if no measures are taken, accidents
will occur. Once measures are taken, accidents can be completely avoided. This process, from the
perception of danger by traffic participants to the effective prevention of an accident, is referred to as
traffic conflict. The traffic conflict is short-lived. To effectively observe traffic conflicts, observers are
required to discriminate traffic conflicts based on the signs of traffic conflicts during investigation.
Signs of traffic conflicts can be determined based on risk aversion behavior. Aversion behavior
generally involves avoidance measures taken by traffic participants to avoid collision with other
vehicles during travel, including braking, deceleration, steering, acceleration, steering and braking,
steering and deceleration, and steering and acceleration [38]. The sensitivity of cyclists' risk
perception can be measured by their ability to take avoidance measures in a timely manner after the
occurrence of a traffic conflict. Therefore, braking, deceleration, steering, and acceleration are
employed as signs of bicycle traffic conflicts in this paper. In consideration of the correspondence
between the sample data, bicycle ID cards were issued to 500 students simultaneously for the
questionnaire survey. The ID card was installed on the bicycle basket or handlebars of each bicycle
and was removed after one week. The number and location distribution of the observation points are
shown in Figure 1. The observation times were selected to coincide with the afternoon peak and
evening peak on working days. We observed the traffic conflicts of the respondents (bicycles with
ID) at five observation points during the six periods from 11:30-12:30 and from 17:30-18:30 from
Monday to Wednesday respectively. Each ID was recorded only once during the same observation
period. In total, 1932 groups of valid data were obtained.

Observation‘point - (@),
Observation'point - (1. s

¢ pax '
\ )
e ] r==———— -
— N Observation-point-®. | | | Owruz
¥ | J
! 1
I |

1
Observation-point @), o

(a) (b)

Figure 1. Number and location distribution of observation points. (a) Observation points of 1-3; (b)
Observation points of 4-5.

3.2. Data Analysis and Processing
3.2.1. Data Analysis

Questionnaire Survey

A total of 479 questionnaires were collected, 440 of which were valid after incomplete
questionnaires were excluded. To ensure the validity and credibility of the data, this paper performed
basic statistical analysis. (1) Sample structure analysis: there were 440 valid questionnaires in total, of
which 278 were male students, accounting for 63% of the valid samples; 162 were female students,
accounting for 37% of the valid samples; 253 were high school students, accounting for 57%; and 187
were junior high school students, accounting for 43%. Most students rode bicycles four times a day
or more, and a few had been punished for violating traffic rules. Approximately 24% have had traffic
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accidents while cycling. (2) Reliability test: Cronbach's coefficient [39] was used to measure the
reliability of the questionnaire content. Generally, a = 0.9 indicates very good reliability, 0.7 < a <
0.9 indicates very high reliability, 0.5 < o < 0.7 indicates high reliability, 0.4 < a < 0.5 indicates
barely credible, 0.3 < a < 0.4 indicates not ideal, and < 0.3 indicates that the results are not
credible. The reliability coefficients of the questionnaire all exceed 0.5, so the overall reliability of the
questionnaire was high, and the results of the questionnaire can be used as the basic data for the
factor analysis. (3) Validity test: The KMO statistic [40] was used as the criterion for data validity. The
KMO test is used to check the correlation and partial correlation between variables, with a value
between 0 and 1. If a common factor exists in the original data, the partial correlation coefficient
between the variables should be very small. At this time, the closer the KMO value is to 1, the stronger
is the correlation between variables, and the better is the effect of factor analysis. Generally, 0.8 <KMO
<0.9 is suitable, 0.7 <KMO <0.8 is normal, 0.6 <KMO <0.7 is low, and KMO <0.6 is very low. The KMO
values of the questionnaires were greater than 0.7, and the approximate chi squared values of
Bartlett's test were all significant, indicating good validity of each scale in this questionnaire.

Traffic Conflict Survey

The data obtained from the traffic conflict survey include the ID number of the rider, whether
there is traffic conflict (0 indicates no occurrence, 1 indicates occurrence), motor vehicle flow (pcu/5
min), motor vehicle speed (m/s), non-motor vehicle flow (bicycle/5 min), non-motor vehicle speed
(m/s), pedestrian flow (person/5 min), non-motor vehicle lane width (m), separation status of motor
vehicle and non-motor vehicle (0 indicates motor vehicles and non-motor vehicles are separated, 1
indicates motor vehicles and non-motor vehicles are mixed), and conflict type (1 for motor vehicles,
2 for non-motor vehicles, 3 for pedestrians). An example of the data obtained from the survey is
shown in Table 2.

Table 2. Example data of traffic conflict survey.

Separati
Non on
Whethe Motor Motor Non-Motor Non- Pedestrian Motor Status of
r There . . Vehicle Motor . Motor Confl
. Vehicle Vehicle . Flow Vehicle . .
ID is Flow Vehicle Vehicle ict
. Flow pcu/5 Speed . Person/5 Lane
Traffic . Bicycle/5 Speed . . and Type
. min m/s . min Width
Conflict min m/s m Non-
Motor
Vehicle

27 1 15.83 11.43 89.30 5.09 45.01 2.0 1 2
142 0 62.99 8.29 90.95 4.23 22.30 2.8 0 0
112 0 64.22 7.83 91.80 4.57 26.95 2.8 0 0
147 1 59.90 8.29 90.95 4.23 23.52 2.8 0 1
33 1 17.58 9.43 86.45 5.27 38.87 2.0 1 3
133 0 56.81 8.29 85.00 4.23 25.24 2.8 0 0
177 0 61.75 6.94 88.40 3.89 22.30 2.8 0 0
92 1 17.06 10.21 88.35 4.09 45.01 2.0 1 2
103 0 56.81 8.29 79.90 4.23 24.26 2.8 0 0

According to the basic analysis of the survey data, the data collected from the traffic conflict
survey can be directly used for modeling analysis. When we analyze the specific impact of the four
factors on the risk perception, namely, personality characteristics, external influences, traffic safety
awareness and riding behaviors through the questionnaire survey, conversion of the 24 question
items in the questionnaire into quantifiable indexes must not result in a lack of information about the
factors; that is, the quantification of the cyclist factors is the focus of the following discussion.

3.2.2. Data Processing

To use the results of the questionnaire scientifically in the model, the 24 items in the scales of
personality characteristics, external influences, traffic safety awareness, and riding behaviors can be
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regarded as initial variables, which can be transformed into key factors via factor analysis to reduce
the number of variables without a loss of information.

Correlation Analysis of Initial Variables

The correlation matrix of initial variables is obtained by correlation analysis. The correlation
matrix indicated a linear relationship between the factors, which met the basic requirements of factor
analysis. Bartlett's test and KMO test can be used to determine whether to use factor analysis to
extract common factors. Bartlett's test is used to check the correlation between variables in the
correlation matrix, that is, to determine whether the variables are independent. The test is based on
the correlation coefficient matrix. The null hypothesis is that the correlation coefficient matrix is a
unit matrix. The statistics of Bartlett's test are obtained according to the determinant of the correlation
coefficient matrix. If the statistic is large and the corresponding significance level is less than the given
significance level, then the null hypothesis is rejected, which indicates that the correlation coefficient
matrix is not a unit matrix and that a correlation between the original variables exists, which is
suitable for the factor analysis. Otherwise, the null hypothesis is accepted, and no correlation exists
between the original variables, which is not suitable for the factor analysis. The results of Bartlett's
test and the KMO test are shown in Table 3.

Table 3. Results of Bartlett's test and KMO test.

KMO of sample 0.893
x? 16648.675
Bartlett's test df 406.000
Sig. 0.000

Table 3 shows that the observed value of Bartlett's test statistic was 16,648.675, and the
corresponding probability was close to 0. A significance level less than 0.05 indicates that the null
hypothesis should be rejected. Thus, the correlation coefficient matrix and unit matrix were
considered to be significantly different. Furthermore, the KMO value was 0.893, which indicated
suitability for factor analysis.

The common factors were extracted by principal component analysis according to the
correlation coefficient matrix of the initial variables. The initial factor analysis solutions are shown in
Table 4.

Table 4. Initial solutions of factor analysis.

Initial Variable Initial Value Extraction Value Initial Variable Initial Value Extraction Value

Ax 1.000 0.954 B7 1.000 0.857
A 1.000 0.653 Ci 1.000 0.874
As 1.000 0.952 C2 1.000 0.864
Aq 1.000 0.964 Cs 1.000 0.521
As 1.000 0.954 (@ 1.000 0.877
As 1.000 0.470 D1 1.000 0.548
B1 1.000 0.913 D2 1.000 0.475
B2 1.000 0.889 Ds 1.000 0.552
Bs 1.000 0.896 D4 1.000 0.462
Ba 1.000 0.714 Ds 1.000 0.877
Bs 1.000 0.426 Ds 1.000 0.859
Bs 1.000 0.374 Dy 1.000 0.903

Table 4 shows that the communalities of variables were relatively high, indicating that most of
the information in the variables was extracted, that the factor analysis was effective.

Extraction and Interpretation of Key Factors
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The total variance decomposition table is shown in Table 5. The "total" column shows the
eigenvalues of the correlation coefficient matrix; "% of variance" represents the proportion of
variance contributed by each eigenvalue, and "cumulative%" represents the cumulative contribution
of the first n main factors. When the first six main factors were retained, the cumulative contribution
rate was 76.955%; that is, 76.955% of the original information was extracted.

Table 5. Total variance explained.

Compo Initial Eigenvalue Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings
nent Total %, of Cumulative% Total %, of Cumulative% Total %, of Cumulative%
Variance Variance Variance
1 6.091 25.379 25.379 6.091 25.379 25.379 6.074 25.309 25.309
2 3.879 16.162 41.541 3.879 16.162 41.541 3.854 16.056 41.365
3 3.411 14.214 55.755 3.411 14.214 55.755 3.405 14.190 55.555
4 2.748 11.451 67.206 2.748 11.451 67.206 2.713 11.307 66.862
5 1.273 5.303 72.509 1.273 5.303 72.509 1.256 5.233 72.095
6 1.067 4.446 76.955 1.067 4.446 76.955 1.166 4.860 76.955
7 0.950 3.958 80.913
8 0.883 3.679 84.592
9 0.787 3.277 87.869
10 0.662 2.759 90.628
11 0.569 2.372 93.000
12 0.405 1.686 94.686
13 0.262 1.092 95.778
14 0.165 0.687 96.465
15 0.143 0.596 97.061
16 0.098 0.408 97.470
17 0.076 0.317 97.787
18 0.072 0.298 98.085
19 0.057 0.237 98.322
20 0.049 0.204 98.526
21 0.279 1.163 99.689
22 0.036 0.152 99.841
23 0.023 0.095 99.936
24 0.015 0.064 100.000

Note 1: The extraction method was principal component analysis, and the maximum number of
convergence iterations was 25.

The core aim of factor analysis is to solve the factor loading matrix based on the sample data. In
this paper, principal component analysis [41-44] is used to solve the factor loading matrix. As the key
factors in the initial factor loading matrix have no significant effect on the interpretation of the
original variables and the actual meaning of the factors is relatively fuzzy, the factor loading matrix
must be rotated to make the factors interpretable. Here, variance maximization is adopted to perform
orthogonal rotation of the factor loading matrix to make the factors interpretable, and the factor
loading matrix after rotation is shown in Table 6.

Table 6. Rotated loading matrix.

- . Component
Initial Variable 1 5 3 4 5 6
A1 0.975 -0.015 0.001 -0.027 0.038 0.001
A2 0.768 0.050 0.002 0.195 -0.117 -0.034
As 0.974 -0.028 0.01 -0.008 0.043 0.005
As 0.980 -0.009 -0.003 -0.007 0.048 0.034
As 0.976 -0.002 -0.005 -0.025 0.036 0.021
As 0.021 0.513 -0.008 -0.093 -0.429 0.107
Ci -0.008 0.947 -0.014 0.034 0.053 -0.002
Cs -0.001 0.95 -0.002 0.056 0.078 0.014
B1 0.017 -0.002 0.956 0.037 0.029 0.027
B2 -0.016 -0.039 0.936 0.026 0.025 0.059

Bs 0.020 0.035 0.949 0.029 0.008 -0.017
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- . Component
Initial Variable 1 5 3 4 5 6
Ba -0.034 -0.002 0.016 0.818 -0.093 -0.03
Bs -0.044 0.229 -0.044 0.422 0.25 0.264
Be 0.01 0.165 -0.03 0.571 0.123 0.136
B7 0.001 0.047 -0.005 0.009 0.929 0.022
C2 0.003 -0.022 -0.004 0.05 0.943 0.005
G -0.023 0.119 0.075 0.076 0.688 0.126
D4 0.136 0.083 -0.064 0.081 0.647 -0.067
Ds 0.031 0.038 -0.013 -0.060 0.897 0.022
D1 -0.112 0.061 -0.007 0.322 -0.099 0.635
D2 0.005 0.189 -0.061 0.238 -0.093 0.616
Ds -0.049 0.123 -0.018 0.003 -0.046 0.739
Ds 0.025 0.009 -0.006 -0.073 -0.116 0.893
Dy 0.033 0.013 -0.004 -0.066 -0.107 0.915

As shown in Table 6, A1—As have a high load on the first factor, and the first factor mainly
explains these initial variables, which represent the personality characteristics of middle school

cyclists; As, C1 and Cs have a high load on the second factor, which represents the attitude towards
traffic rules; Bi1-Bs have a high load on the third factor, which represents family education; Bs-Bs have
a high load on the fourth factor, which represents peer influence; B7, C2, Cs, D4 and Ds have a high
load on the fifth factor, which represents cyclists' traffic safety awareness; and Di-Ds and Ds~D7 have

a high load on the sixth factor, which represents cyclists' riding behavior intention.

Calculation of Factor Score

The factor score coefficient was estimated via regression, and the factor score coefficient matrix

is shown in Table 7.

Table 7. Factor score coefficient matrix.

i . Component
Initial Variable 1 5 3 4 5 6
A1 0.157 0.001 0.255 -0.019 -0.016 0.005
A 0.098 -0.010 -0.008 -0.058 0.680 0.194
As 0.099 0.001 0.003 -0.013 -0.013 0.023
As 0.153 -0.002 0.016 -0.011 0.013 0.025
As 0.099 -0.002 -0.025 -0.021 0.002 0.008
Ae 0.001 0.225 0.008 -0.077 0.073 -0.084
B1 0.003 0.000 0.256 0.026 0.019 0.001
B2 -0.002 0.020 0.255 0.025 0.046 -0.008
Bs 0.003 0.013 0.255 0.007 -0.018 -0.008
B4 0.002 0.014 —-0.005 0.367 -0.029 -0.047
Bs -0.011 -0.019 -0.029 0.227 0.215 0.224
Be 0.004 0.013 -0.020 0.534 0.111 -0.518
B7 0.028 0.002 -0.003 0.094 0.011 0.054
Ci 0.019 0.220 -0.007 0.038 -0.013 -0.008
C2 0.003 0.001 -0.005 0.051 -0.007 -0.010
Cs -0.013 -0.008 0.011 0.074 0.132 0.107
(@ 0.038 0.223 -0.006 0.059 0.002 -0.001
D1 0.003 -0.010 -0.004 -0.069 -0.541 0.025
D2 0.003 -0.024 0.046 -0.024 -0.059 0.179
Ds 0.007 -0.005 0.001 -0.053 0.142 0.682
Da -0.004 -0.017 0.007 0.055 -0.063 0.063
Ds 0.027 0.002 0.009 -0.093 0.010 0.049
De 0.017 0.004 0.007 -0.073 0.026 0.023
D7 0.009 0.004 0.009 -0.095 0.023 0.027

The factor score matrix can be used to determine the factor score function and establish a

functional relationship between the factor and the original variable. Then, we can calculate the scores
of each respondent corresponding to these six key factors, that is, the factor scores. The factor scores
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of the data from the questionnaire survey are calculated to obtain a group of data corresponding to
each respondent. This group of data includes the score of the personality characteristics factor, the
attitude towards traffic rules factor, the family education factor, the peer influence factor, the cyclists'
traffic safety awareness factor, and the cyclists' riding behavior intention factor. Match the factor score
data table of the same ID number with the traffic conflict survey data used to obtain the quantitative
summary table of influencing factors for cyclist risk perception, which serves as the data basis for the
model analysis.

4. Results and Discussion

The covariables in the model can be determined from the previously described analysis. The
definitions and descriptions of each covariate are shown in Table 8.

Table 8. Definition and description of each covariate.

Classification  Covariate Definition Data Type Explanation
Personalit Numerical
X1 . y . Xi factor score
characteristics variable
Attitude towards Numerical
X2 . . Xz factor score
traffic rules variable
Numerical
Xs Family education . Xs factor score
Personal variable
characteristics Numerical
X4 Peer influence . Xa factor score
variable
Traffic safet Numerical
Xs y . Xs factor score
awareness variable
Riding behavior Numerical
Xs . & . . Xs factor score
intention variable
. Numerical 5 minute flow of observation
X7 Motor vehicle flow . . . M
variable section (pcu/5 min)
Numerical Average speed at observation
Xs Motor vehicle speed . 8¢ °pe
variable point (m/s)
X Non-motor vehicle Numerical 5 minute flow of observation
Condition of ’ flow variable section (bicycle/5 min)
road traffic X Non-motor Numerical Average speed at observation
10 . . .
vehicle speed variable point (m/s)
Categorical 1 (motor vehicle), 2 (non-motor
Xn Conflict type & ( . )2 .
variable vehicle), 3 (pedestrian)
. Numerical 5 minute flow of observation
X12 Pedestrian flow . . .
variable section (person/5 min)
X Non-motorized lane Numerical Effective width of non-motorized
13
width variable lane of observation section (m)
Condition of . 0 (motor vehicles and non-motor
s Separation status of . .
road facilities . Categorical ~ vehicles are separated), 1 (motor
X4 motor vehicle and non- ; . .
. variable vehicles and non-motor vehicles
motor vehicle .
are mixed)

After the covariates were determined, three data tables of traffic conflict survey data, quantified
results of cyclist influence factors, and risk perception scores were combined according to ID number
to obtain basic data for Cox model analysis. Examples of the data are shown in Table 9.
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Table 9. Sample data example.

ID Status D Xa Xz Xs X4 Xs X X7 Xs Xo X10 Xu X1z X13 X14
37 0 323 2272 3420 3757 2165 3588 2221 56.81 7.47 83.20 7.85 0 21.46 2.8 1
157 0 360 2112 2946 3536 2.081 4222 1.889 12853 9.38 15256 6.92 0 11.96 5.0 0
213 0 3.04 2155 3599 3522 2017 3768 2426 11.92 870 149.01 3.57 0 14.85 5.0 0
119 1 436 1727 3399 3977 2021 3968 1826 10242 731 83.16 4.13 2 13.98 5.0 0
278 0 378 2192 3346 4536 2181 4222 2299 10190 1021 16751 593 0 11.47 5.0 0
162 1 327 2863 4199 3722 2317 3768 2426 98.19 870 131,70 4.61 2 13.70 5.0 0

12 of 24

The ID in Table 9 refers to the identity code of the respondents. The status column is used to indicate whether the cyclist experienced traffic conflict (occurrence
is 1, while non-occurrence is 0). Each ID may be recorded multiple times in a traffic conflict survey. If the number of conflict occurrences is recorded more than two
times, it is regarded as a conflict; otherwise it is regarded as no conflict. The conflict type is determined according to the type with a high probability of occurrence.
If the probability of occurrence is the same, a random selection mode is selected for data screening. D represents the risk perception score (the score is the average
score of five risk perception questions in the risk perception questionnaire), and Xi—Xu are the values corresponding to each covariate.

Basic statistical analysis of the data is required when the Cox model is established. Generally, no obvious correlation is observed between covariates. If obvious
correlations between some variables exists, this must be addressed by deleting the variables with high correlations or replacing them with new variables. The
covariate correlation of the survey data is analyzed to obtain the correlation coefficients among the covariates, as shown in Appendix B. The correlation coefficient
matrix shows that the covariates of the model have a low correlation overall, so transforming or deleting the covariates is unnecessary. The covariates can be directly

selected for use in the Cox model estimation.
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The covariate estimation parameters of the Cox risk perception model discussed in this paper
are shown in Table 10.

Table 10. Covariate estimation results in the Cox risk perception regression equation.

Covariate Definition B SE  Wald Sig. E;I;
X1 Personality characteristics -0.829 0.059 92355 0.000 1.764
X2 Attitude towards traffic rules 0.046 0.183 0.004 0.033 2.866
Xs Family education 0.073  0.041 12336 0.009 0.988
Xa Peer influence -0.051 0.051 0.203 0.001 0.977
Xs Traffic safety awareness 0.005 0.041 6311 0.012 1.108
Xe Riding behavior intention -0.140 0.043 25.703 0.000 0.804
X7 Motor vehicle flow 0.011 0.007 6.612 0.007 1.008
Xs Motor vehicle speed 4115 2060 0.005 0.019 2347
Xo Non-motor vehicle flow -0.008 0.006 13.444 0.000 0.998
Xio0 Non-motor vehicle speed -16.066 8.631 0.000 0.000 0.832
Xn Conflict type 1.362 0.714

X11(1) Motor vehicle conflict 0.063 0.042 0401 0526 0.024
X11(2) Non-motor vehicle conflict 0.127 0150 0.725 0395 1.136
X11(3) Pedestrian conflict 0.082 0.101 0.661 0416 1.086
X12 Pedestrian flow 0.022  0.023 0.068 0.003 0.994
X3 Non-motorized lane width 2325 1.051 6.483 0.000 4.532

Separation status of n;(;;c;z 1\;ehlcle and non-motor 7690 3620 0072 0004  1.007

In Table 10, B represents the partial regression coefficient; SE is the standard error of the partial
regression coefficient; the Wald statistic is used to test whether the overall partial regression
coefficient is significantly different from 0 and obeys the y? distribution; and Sig. reflects the level of
significance. Generally, the results are compared at the 0.05 significance level. Exp (B) is referred to
as the relative risk: a larger value indicates a stronger correlation between covariates and traffic
conflict.

As shown in Table 10, X1 (personality characteristics), X4 (peer influence), Xs (riding behavior
intention), X9 (non-motor vehicle flow), X1 (non-motor vehicle speed), and Xu4 (separation status of
motor vehicle and non-motor vehicle) have negative correlations with the model; that is, as their
values increase, the cumulative survival function decreases, the sensitivity of risk perception
decreases, and the probability of conflict risk increases. Xz (attitude towards traffic rules), Xs (family
education), Xs (traffic safety awareness), Xv (motor vehicle flow), Xs (motor vehicle speed), Xi2
(pedestrian flow), and Xis (non-motorized lane width) have positive correlations with the model, that
is, as their values increase, the cumulative survival function increases, the sensitivity of risk
perception increases, and the probability of conflict risk decreases. X11 (conflict type) is a categorical
variable with three levels; the Wald test statistic is 1.362; and the p value is 0.714, which indicates that
this variable does not have a correlation with the model and can be disregarded in the final analysis
of risk perception.

When the covariate means are taken, the survival function of middle school cyclists in traffic
conflict can be obtained, which is the overall survival function, that is, the cumulative probability of
survival function, as shown in equation (4). The corresponding survival function curve, which is the
cumulative probability of survival distribution of risk perception factors at the mean level, is shown
in Figure 2.

S(k | X)=1=8,(k)™*”

—1-8,( k)exp(—0.829X1+04046X2+04073X3—0.051X4+0.005X5—0.140X6+0.011X7+4.115X8—0A008X9—16.O66X10— )
0
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Figure 2. Survival function curve of covariate means.

According to Figure 2, the corresponding relationship among the cumulative probability of
survival, K value and risk perception score can be obtained in the case of the covariate means. The
classification of risk perception sensitivity is shown in Table 11.

Table 11. Sensitivity of risk perception in the case of the covariate means.

Cumulative Probability of Survival K Value Risk Perception Score
(80%,100%] [0,0.39) (2.564,5]
(60%,80%] [0.39,0.53) (1.887,2.564]
(40%,60%] [0.53,0.71) (1.408,1.887]
(20%,40%] [0.71,0.88) (1.136,1.408]
(0%,20%] [0.88,+<) (0,1.136]

The data in Table 11 show a strong positive correlation between the cumulative probability of
survival and the risk perception score; however, dividing the risk perception score into 1-5 points on
average is not simple. This is because the risk perception score reflects only the risk perception degree
of the cyclists, while the cyclists themselves cannot take the road traffic condition and traffic facilities
into comprehensive consideration. The scientific risk perception sensitivity measurement index
should be integrated with the external influencing factors. Therefore, in practical applications, the
cumulative probability of survival can be used to reflect the risk perception level of cyclists, and the
classification criteria of risk perception sensitivity can be determined according to the distribution of
the survival function as follows:

{[100%, 80%), [80%, 60%), [60%, 40%), [40%, 20%), [20%, 0%)}
= {Excellent, Good, Average, Fair, Poor}

©)

To ensure the safety of cyclists during a trip, when the cumulative probability of survival ranges
from 60%—-80%, the adverse factors affecting risk perception should be analyzed and improved. When
the cumulative probability of survival is less than 60%, the risk perception sensitivity of cyclists is
below average. At this time, a detailed investigation should be performed to analyze the distribution
of different factors, and timely measures should be taken to improve the conditions.

The estimation results of the model show the degree of influence on the traffic conflict of middle
school cyclists when all the influencing factors are at their mean values. But the sensitivity of risk
perception changes with the change in the covariates and affects the probability of conflict. Therefore,
the value of any covariate can be changed while keeping the other covariates at their means to
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quantitatively analyze the survival function curve of the variable under different values, assess the
change in risk perception sensitivity by analyzing the change in cumulative survival rate, and
quantify the influence degrees of different covariates. According to the selection of covariates, the
influencing factors of risk perception are summarized from three aspects: personal characteristics,
road traffic flow conditions and road traffic facilities. When analyzing the influence of different
covariates on the risk perception sensitivity, K is fixed at 0.53 (the observed value corresponds to the
cumulative probability of survival of 60% in the case of the covariate means), and the value of the
covariate is changed to assess the change in the survival function.

4.1. Impact of Personal Characteristics

The survival function curves of personal characteristics with different scores are shown in Figure
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Figure 3. The survival function curves of personal characteristics with different scores. (a) The
survival function curves of Xi; (b) The survival function curves of X4; (c) The survival function
curves of Xe; (d) The survival function curves of Xz; (e) The survival function curves of X3; (f) The
survival function curves of Xs

As shown in Figure 3(a)—(c), the cumulative probability of survival decreased with an increase
in the covariate value while maintaining the same K value. When the score of the personality
characteristics (X1) factor increased from 1 to 4, the cumulative probability of survival decreased by
43.25%. When the score of the peer influence (Xs4) factor increased from 1 to 5, the cumulative
probability of survival decreased by 13.9%. When the score of the riding behavior intention (Xs) factor
increased from 1 to 5, the cumulative probability of survival decreased by 20.9%. As the cumulative
probability of survival decreases, the sensitivity of risk perception decreases, and the possibility of
traffic conflict increases. Personality characteristics (X1) have the greatest correlation with the risk
perception sensitivity. This analysis showed that the active and extroverted personality, negative
peer influence and unsafe riding behavior intention of middle school cyclists have negative
correlations with their risk perception sensitivity. The reasons are detailed as follows. (1) Middle
school students are in a special stage of personality development, which is characterized as having
poor self-control, along with being impulsive and aggressive. These students are not calm enough
during the process of cycling, and their speed of cycling is relatively fast. In addition, due to their
lively and active character, the cycling behaviors of middle school students are not standardized. (2)
Most middle school students have a serious herd mentality [32]. The incorrect riding styles of friends
will affect the riding behaviors of middle school students, especially running red signals, driving in
the wrong direction and other violations of traffic rules. The more serious are the incorrect riding
behaviors of friends, the lower is the risk perception sensitivity of middle school cyclists. (3) When
cyclists are more prone to unsafe behaviors, their subjective risk perception sensitivity decreases, and
unsafe riding behaviors such as chasing, arbitrarily changing lanes, and driving in the wrong
direction often occur during cycling.

As shown in Figure 3(d)—(f), the cumulative probability of survival increased with an increase
in the covariate value while maintaining the same K value. When the score of the attitude towards
traffic rules (X2) factor increased from 1 to 5, the cumulative probability of survival increased by
23.8%. When the score of the family education (Xs) factor increased from 1 to 4, the cumulative
probability of survival increased by 14.8%. When the score of the traffic safety awareness (Xs) factor
increased from 1 to 5, the cumulative probability of survival increased by 24.3%. As the cumulative
survival rate increases, the sensitivity of risk perception increases, and the possibility of traffic conflict

b3 X3 ] [ X5

[P
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decreases. Cyclists' traffic safety awareness (Xs) has the greatest correlation with risk perception
sensitivity. This analysis showed that positive attitude towards traffic rules, good family education
and heightened traffic safety awareness of middle school cyclists have positive correlations with their
risk perception sensitivity. The reasons are detailed as follows. (1) Being able to follow traffic safety-
related reports via media, such as newspapers, television, and the Internet, seriously participating in
traffic safety education activities organized by the school, regularly checking whether their vehicle
performance is normal, and obeying traffic rules can help improve the risk perception sensitivity of
middle school cyclists. (2) Family education, especially concerning parents' riding behaviors, can
deeply affect middle school students. Parents' standard riding behaviors and correct riding concepts
can improve the risk perception sensitivity of middle school cyclists. (3) The attitude of recognizing
and following traffic rules can cultivate the awareness of risk perception of middle school cyclists
and improve their sensitivity of risk perception.

4.2. Impact of Road Traffic Flow Conditions

The survival function curves of road traffic flow with different scores are shown in Figure 4.
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Figure 4. The survival function curves of road traffic flow with different scores. (a) The survival
function curves of X7; (b) The survival function curves of Xs; (c) The survival function curves of Xiz;
(d) The survival function curves of Xo; (e) The survival function curves of Xio

The 5-minute motor vehicle flow (X7) is divided into five levels: 20 vehicles/5 min, 60 vehicles/5
min, 90 vehicles/5 min, 110 vehicles/5 min and 140 vehicles/5 min. The motor vehicle speed (Xs) is
divided into four levels: 6 m/s, 8 m/s, 10 m/s and 12 m/s. The 5-minute pedestrian flow (X12) is divided
into four levels: 5 person/5 min, 15 person/5 min, 30 person/5 min and 45 person/5 min. As shown in
Figure 4(a)-(c), the cumulative probability of survival increased with an increase in the covariate
value while maintaining the same K value. As the 5-minute motor vehicle flow (X7) increased, the
cumulative probability of survival increased by 32.8%. The cumulative probability of survival of the
group (Xs) with the highest motor vehicle speed (12 m/s) was 21.0% higher than that of the group
with the lowest speed (6 m/s). The cumulative probability of survival of the highest 5-minute
pedestrian flow (Xi2) group (45 person/5 min) was 21.7% higher than that of the lowest group (5
person/5 min). As the cumulative probability of survival increases, the sensitivity of risk perception
increases, and the possibility of traffic conflict decreases. This analysis showed that motor vehicle
flow, motor vehicle speed and pedestrian flow have positive correlations with their risk perception
sensitivity. The reasons are detailed as follows. (1) When the motor vehicle flow or the motor vehicle
speed is high, the fear of middle school cyclists makes their risk perception sensitivity increase.
Cyclists will reduce their speeds or maintain enough safety distance from motor vehicles to decrease
the possibility of a traffic conflict. (2) When the pedestrian flow is high, middle school cyclists regard
pedestrians as a vulnerable traffic group with a high sensitivity of risk perception. They will reduce
their speeds or maintain enough safety distance from pedestrians. In contrast, when the pedestrian
flow is low, they will increase their speeds because most middle school cyclists are impulsive and
adventurous, which renders them prone to traffic conflict.

The 5-minute non-motor vehicle flow (X¢) is divided into five levels: 80 vehicles/5 min, 100
vehicles/5 min, 120 vehicles/5 min, 140 vehicles/5 min and 160 vehicles/5 min. The non-motor vehicle
speed (Xw) is divided into four levels: 3 m/s, 5 m/s, 7 m/s and 9 m/s. As shown in Figure 4(d)—(e), the
cumulative probability of survival decreased with an increase of the covariate value while
maintaining the same K value. The cumulative probability of survival of the highest 5-minute non-
motor vehicle flow (Xo) group (160 vehicles/5 min) was 24.6% lower than that of the lowest group (80
vehicles/5 min). The cumulative probability of survival of the highest non-motor vehicle speed (Xuo)
group (9 m/s) was 25% lower than that of the lowest group (3 m/s). As the cumulative probability of
survival decreases, the sensitivity of risk perception decreases, and the possibility of traffic conflict
increases. This analysis showed that non-motor vehicle flow and non-motor vehicle speed have
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negative correlations with the risk perception sensitivity. The reasons are listed as follows. (1) When
the non-motor vehicle flow is high, cyclists ride slowly and easily relax their vigilance, which reduces
the risk perception sensitivity and increases the risk of traffic conflicts. (2) When non-motor vehicle
speeds are fast, cyclists do not have enough time for risk perception and lack observations of the
surrounding environment, which contributes to traffic conflicts.

4.3. Impact of Road Traffic Facilities

The survival function curves of road traffic facilities with different scores are shown in Figure 5.
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Figure 5. The survival function curves of road traffic facilities with different scores. (a) The survival
function curves of Xi3; (b) The survival function curves of Xi4

The non-motorized lane width (X13) includes 1.0 m, 2.0 m, 2.8 m and 5.0 m. The separation of
motor vehicle and non-motor vehicle (X14) factor is set to 0 when motor vehicles and non-motor
vehicles are separated, and set to 1 when motor vehicles and non-motor vehicles are mixed. As shown
in Figure 5(a)-(b), when the non-motorized lane width (X13) increased from 1.0 m to 5.0 m, the
cumulative probability of survival increased by 12.4%. When motor vehicles and non-motor vehicles
were separated, the cumulative probability of survival was 14.6% higher than that when motor
vehicles and non-motor vehicles were mixed. As the non-motorized lane width and use of isolation
facilities increases, the cumulative probability of survival increases, sensitivity of risk perception
increases, and possibility of traffic conflict increases. These analyses showed that non-motorized lane
width and separation facilities have positive correlations with their risk perception sensitivity. The
reasons are listed as follows. (1) With a decrease in the width of a non-motor vehicle lane, traffic
conflicts such as friction and rear end collisions with non-motor vehicles in the same direction become
possible. (2) After separation facilities are installed, the conflict between motor vehicles and non-
motor vehicles is reduced.

5. Conclusions

This paper proposes that survival analysis can be used to study cyclists' risk perception due to
a certain commonality between survival analysis and risk perception analysis. The cumulative
probability of survival is employed as an index to reflect the risk perception sensitivity, and a Cox
regression model is established. The proposed method is applied to a group of middle school cyclists,
and the factors affecting their risk perception are analyzed. Data are collected by questionnaires and
traffic conflict surveys. As the cyclist factors are personal subjective factors, the questionnaire
contains many question items. To ensure the integrity of the questionnaire information and reduce

X14
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the number of factors, a factor analysis method is applied to quantify the cyclist factors, which are
categorized into six key factors: personality characteristics, attitude towards traffic rules, family
education, peer influence, traffic safety awareness and riding behavior intention.

Three types of covariates—personal characteristics, condition of road traffic and condition of
road facilities—were determined in combination with the risk perception influencing factors.
Correlation analysis of the covariates was performed. After satisfying the correlation verification,
parameters in the model were estimated based on the processed data. The cumulative survival
probability distribution of the risk perception factors at the mean level was obtained, and the
sensitivity level of risk perception was classified according to the cumulative survival rate. The model
results showed that active and extroverted personality, negative peer influence, unsafe riding
behavior intention, non-motor vehicle flow, non-motor vehicle speed, and a lack of separation
facilities have negative correlations with risk perception sensitivity. With an increase in the covariate
value, the cumulative probability of survival decreased. Meanwhile, the sensitivity of risk perception
decreased, and the possibility of traffic conflict increased. Positive attitude towards traffic rules, good
family education, heightened traffic safety awareness, motor vehicle flow, motor vehicle speed,
pedestrian flow, and non-motorized lane width have positive correlations with the risk perception
sensitivity. With an increase in the covariate value, the cumulative probability of survival increases.
Meanwhile, the sensitivity of risk perception increased, and the possibility of traffic conflict
decreased. The conflict type has no correlation with the risk perception sensitivity. In addition, the
value of a single factor was changed while maintaining the remaining factors at their means to
quantitatively analyze the single factor impact on risk perception sensitivity. The findings of this
study can be employed as a basis to improve the sensitivity of risk perception, prevent traffic conflicts
and provide a theoretical basis for risk perception research on vulnerable traffic participants.

According to the method proposed in this paper, risk perception research for other groups, such
as commuter cyclists, sharing cyclists, and electric cyclists, can be considered in the future. The
method can be employed to analyze their risk perception factors and propose improvement measures
and suggestions to promote the sustainable development of bicycle traffic.
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Appendix A

Table A1. Questionnaire on the risk perception of cyclists.

Personal Information

Education: pjunior high school

Gender: oman owoman ohigh school

Age: 011-13 0l4-16 o0l7-19 020-22

Do you go to school by bike: oY oN

Average cycling times per day: 01l 02 o3 o4 o5

Have you been punished for violating traffic rules: oY oN

Have you ever had a traffic accident while cycling: oY oN

Personality characteristics
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Strongl
' ' y Disagr  Unsur Agree Strongl
Code Questions disagr ee e y agree
ee
1score 2score 3score 4score 5 score
A 1. Sometimes do something just for adventure and
excitement
Ax 2. Like to watch shocking and scary movies
As 3. Like the thrill of roller coasters
A4 4. Like to sit in the audience and watch a game
As 5. Gorgeous colors and exaggerated things can
attract me
Ac 6. To improve efficiency, the correctness of the
method can be ignored
External influences
Strongl
. y Disagr  Unsur Agree Strongl
Code Questions disagr ee e y agree
ee
l1score 2score 3score 4score 5 score
B: 1. My parents obey the traffic rules
B, 2. My parents taught me to obey the traffic rules and
ride safely
Bs 3. My parents' attitude towards traffic rules affects
me
B 4. To gain the attention of my peers, I will make
myself conspicuous
Bs 5. Our classmates never discuss the experience of
safe cycling
Be 6. The cycling habits of my classmates and friends
will affect me
B 7. Pay more attention to safe cycling after seeing
traffic accident reports
Traffic safety awareness
Strongl
. y Disagr  Unsur Agree Strongl
Code Questions disagr ee e y agree
ee
l1score 2score 3score 4score 5 score
C 1. Need to obey the traffic rules when cycling
G 2. Carrying a companion when cycling affects traffic
safety
Cs 3. Regular traffic safety education held by the school
is necessary
Cs 4. Even if I am skilled in cycling, I cannot ride fast
on roads with heavy traffic
Riding behaviors
Strongl
' ' y Disagr  Unsur Agree Strongl
Code Questions disagr ee e y agree
ee
1score 2score 3score 4score 5 score
1. When I cycle through the intersection and the
D1 signal light turns yellow, I will not slow down but
will speed up
D: 2. I change lanes at will when cycling
Ds 3.1 often chase with my companions when cycling
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4. When the bicycle brake breaks, I will repair it in

Da .
time
D 5. I don't ride my bike while listening to music after
5
school
Ds 6. To save time, I often ride in the reverse direction
7. When passing the crosswalk at an intersection, it
D is considered that there is no safety threat for
7 . .. . .
pedestrians, so it is allowed to ride through without
having to stop
Risk perception
Extrem
Not Very
ely Unsur  Dange
. danger danger
Code Questions danger e rous
ous ous
ous
145 24y 34y 45y 5%
1. When I ride my bike, large vehicles (turning,
E: accelerating, or changing lanes) don't keep a safe
distance from me
E 2. I don’t slow down my bike when I turn on rainy
2
days
3. When a car occupies the lane ahead, I will not
Es slow down to prevent a car door from suddenly
opening
4. When I am carried by a bicycle, I will not pay
E4 attention to the surrounding traffic conditions at
any time because I am not a cyclist
5. When I was riding side by side with my partner,
Es the non-motorized lane was almost used up, and
other bicycles barely passed by
Appendix B
Table A2. Correlation coefficient matrix between covariates.
x] XZ X3 X4 x5 Xe X7 XB x? X10 X11 XIZ X13 XM
X1 1.000 0.012 0.023 -0.220 0.093 0.171 0.014 0.020 0.020 0.019 0.066 -0.030 0.012 -0.013
X2 0012 1000 -0.002 0.003 0034 -0099 -0521 -0290 -0.057 -0.187 0.097 0102 -0.161 0.135
Xs 0.023 -0.002 1.000 0.035 -0.006 0.010 -0.041 0.044 0.012 -0.026 0.017 0.017 -0.027 0.051
X -0.220 0.003 0.035 1.000 -0.009 -0.165 0.045 0.064 0.100 0.074 -0.265 -0.130 0.044 -0.026
Xs 0093 0034 -0.006 -0.009 1.000 0254 0.039 0054 -0.003 0030 0070 -0.050 0.022 -0.051
Xe 0.171 -0.099 0.010 -0.165 0.054 1.000 -0.008  -0.002 0.001 0.000 0.094 -0.048 -0.018 0.020
X7 0.014 -0.221 -0.041 -0.045 0.039 -0.008 1.000 0.014 0.188 0.077 -0.002 -0.590 0.166 -0.088
Xs 0020 -0290 -0.044 0064 0054 -0.002 0014 1.000 0059 0016 0031 -0.012 0051 -0.166
Xo 0.020 -0.057 0.012 0.100 -0.003 0.001 0.188 0.059 1.000 0.091 -0.062  -0.083 0.087 -0.078
X1o 0.019 -0.187  -0.026 0.074 0.030 0.000 0.077 0.016 0.091 1.000 -0.025 -0.045 0.067 -0.102
Xu 0066 0097 0017 -0256 0070  0.094 -0.002 0031 -0.062 -0.025 1.000 0.027 -0.009 -0.056
X2 —=0.030 0.102 0.017 -0.130 -0.050 -0.048 -0.090 -0.012 -0.083 -0.045 0.027 1.000 -0.044 0.026
X13 0.012 -0.161  -0.027 0.044 0.022 -0.018 0.166 0.051 0.087 0.067 -0.009 -0.044 1.000 -0.049
Xu -0013 0135 0051 -0.026 -0051 0.020 -0.088 -0.166 -0.078 -0.102 -0.056 0.026 -0.049  1.000
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