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Abstract: To study the internal formation mechanisms of risky riding behaviors of takeaway e-bikers
at urban intersections, we designed a takeaway riding risky behavior questionnaire and obtained
605 valid samples. An exploratory factor analysis was then conducted to extract five scales: individual
characteristics, safety attitude, riding confidence, risk perception, and risky riding behavior. On
this basis, a structural equation model was constructed to explore the intrinsic causal relationships
among the variables that affect the risky riding behaviors of takeaway e-bikers. The results show
that the influence of incentive compensation driven by the takeaway platform was the greatest one.
Takeaway riders tend to fight against time to improve punctuality and income by red-light running
and speeding. They usually need to pay attention to order information and the delivery routes and
communicate with customers to pick up meals in real-time, which inevitably lead to the use of cell
phone while riding. Road factors such as “no turnaround at the intersection” and “no non-isolation
facilities between on-motorized and motorized lane” lead riders to riding against the traffic, riding on
the motor lane, and parking outside the stop line. In addition, lax traffic regulations lead to frequent
loopholes for takeaway riders. It means that improving the takeaway platform system, strengthening
traffic safety education, and adopting mandatory restraint measures are extremely important. The
empirical results provide theoretical support for the benign and healthy development of the takeaway
industry, which is significant for preventing and reducing risky behaviors of takeaway riders and
improving safety at urban intersections.

Keywords: delivery electric bike; risky behaviors; urban intersection; takeaway riders; structural
equation model

1. Introduction

With the rapid development of takeaway delivery services, millions of couriers are
serving different companies across different cities in various countries, such as “Uber Eats
and Rakuten delivery” in Japan, “Just Eat Takeaway” in Europe, “Uber Eats, GrubHub,
DoorDash and Postmates” in the USA, iFood in Brazil, Meituan, Ele.me and Baidu Waimai
in China, and Wolt with branches in 20+ countries such as Finland, Japan, Denmark,
Sweden, Norway, Germany, and Israel. Although each order from the thousands of
restaurants and stores could help millions of hard-working restaurant and store owners
and couriers make a living, the dispatching algorithm of each company drives and forces
the couriers to fulfill orders in the expected time. The number of orders completed in a
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timely manner determines the couriers’ income. If the couriers could not complete the
delivery at the specified time, they would be subject to income penalties due to customer
complaints and dissatisfaction. Furthermore, the couriers’ pursuit of faster speed and
more income generates the phenomenon of frequent non-compliance with traffic rules
because of their profit-driven and timely-requirement characteristics. It can be seen that
the couriers are also motorcyclists (Figure 1a) and electric-bicycle (e-bike) riders (Figure 1b)
exposed to relatively long-time and in-time riding, the complex traffic environment, and
the high frequency of risks. Particularly, traffic accidents involving couriers are prevalent,
and their traffic safety situation is a serious issue in China and other countries. According
to the Takeaway Couriers” Employment Report in 2019 and the Annual Report of Traffic
Accidents in China [1], 248,000 road traffic accidents occurred in China in 2019, involving
29,000 e-bike accidents, accounting for 11.7% of the total number of traffic accidents. More
seriously, for takeaway couriers, fatality and injury rates are significantly higher in traffic
accidents than the normal riders. Taking the city of Shanghai as an example, there were
325 traffic accidents involving takeaway couriers in the first quarter of 2019, with a fatality
rate of 1.5% [2]. For Nanjing City, there were 3 fatalities and 2473 injuries in the 3242 traffic
crashes involving delivery couriers during the first half of 2018 [3]. Additionally, most
accidents occur at intersections because the couriers have no patience to endure the crossing
delay and are prone to risky behavior to decrease the delay. Therefore, the risky behaviors
of takeaway riders are more prominent at the intersections, such as red-light running,
riding on the motor lane, riding against the traffic, speeding, using the phone, and other
behaviors. Recent research already focused on the risky behavior characteristics of the
delivery couriers at the intersections [4], but they only observed and analyzed the categories
and quantity of risky behaviors, such as running the red light and riding on the motor lane,
and ignored the formation mechanism of risky behaviors by hidden factors such as being
profit-driven, timeliness-driven, and avoiding customer complaints. Therefore, it is urgent
to study the risky behaviors of takeaway riders at intersections to save more lives.

Figure 1. Typical takeaway couriers. (a) Motorcyclists. (b) Electric-bicycle (e-bike) riders. (The
delivery company marked on the bicycle is Meituan take-away).

In order to explore the intrinsic mechanism of the risky behaviors of takeaway riders,
this study conducted a field survey on the risky behaviors of takeaway riders at urban
intersections and collected data about the behaviors of takeaway riders and their intentions
by means of questionnaires. Then, a structural equation model (SEM) was proposed using
five scales: individual characteristics, safety attitude, riding confidence, risk perception,
and risky riding behavior to analyze the relationship between risky riding behavior and
intentions. Based on the current development and operation process of the takeaway
industry, the risky behavior is mainly attributed to the incentive compensation policy of the
takeaway platform because the riders tend to fight against time to improve punctuality and
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income. The empirical results of this relationship provide theoretical support for the benign

and healthy development of the takeaway industry, which is significant for preventing and

reducing risky behaviors of takeaway riders and improving safety at urban intersections.
We addressed the following research problems:

(1) What are the significant relationships among risky riding behavior, individual charac-
teristics, safety attitude, riding confidence, and risk perception, and their secondary
exogenous variables? We judged the significant relationships between them according
to the fitting results obtained by SEM.

(2) How do we analyze the formation mechanism of risky riding behaviors by hidden
factors such as profit-driven, timeliness-driven, and avoiding customer complaints
and dissatisfaction? We multiplied path coefficients with the loading coefficients of
each component of risky riding behavior and ranked them. The formation mechanism
and influence of factors were analyzed in combination with practice.

(3) How could strategies be implemented for intervening and preventing the risky riding
behaviors of takeaway e-bikers and understanding the psychological mechanism of
takeaway e-bikers based on the SEM results? We proposed improvement strategies
based on the SEM results from the following aspects: education, regulation, non-
motorized infrastructure, reward and punishment system of takeaway platform, and
smart helmets.

2. Literature Review

Studies on the analysis of risky riding behavior at urban intersections have focused on
motorized and non-motorized vehicles, mostly from the perspective of demographic char-
acteristics, perceptions, attitudes, and psychology. Sullman [5] explored the relationship
between risky driving behavior and accidents by using the Risky Driving Behavior Ques-
tionnaire. Mckerma & Horswill [6] found that age and driving experience were important
factors influencing risky driving behavior. Wang Tao [7] proposed that the risky behavior of
e-bike riders is related to their safety attitudes and risk perception while driving confidence
can indirectly influence driving behavior through safety attitudes and risk perception.
Wang [8] demonstrated that safety knowledge and psychological factors are closely related
to the risky riding behavior of e-bike riders. Tang [9] found that gender, age, waiting
position, waiting time, leading violator, overtaking, and length of intersection significantly
influenced their red-light running behavior. A large body of literature has explored the
risky driving behavior of general e-bike users; however, the special group of delivery riders
has rarely been mentioned separately.

Statistics on the risky behaviors of takeaway riders at the intersection mostly applied
the questionnaires to understand their characteristics and explored the correlation models
for analysis and prediction. Bai [10] collected the field data at 13 signalized intersections in
Nanjing and Kunming and classified risky behaviors into three different types: stopping
beyond the stop line, riding in motorized lanes, and riding against the traffic. Wang
Tao [7] used an ordered logit model to estimate the distribution probability of e-bike
traffic accidents, invoked elasticity analysis to quantitatively identify significant influences
on e-bike accident severity, and also constructed structural equation models based on
factor correlation analysis to explore the underlying mechanisms of e-bike drivers’ driving
confidence, safety attitudes, risk perception, and risky driving behaviors. Qin [4] manually
reviewed and analyzed using video playback to mark various types of risky driving
behaviors. He obtained the number and percentage of different types of risky behaviors
and applied Pearson’s chi-square test to learn that the percentages of takeaway riders’ red-
light running and riding on the motor lane were higher. The statistics of risky behaviors
of delivery riders are mainly based on red-light running, using cell phones, riding on the
motor lane, and riding against the traffic. Therefore, the risky behaviors of delivery riders
can be classified more specifically, and the characteristics of driving behaviors of delivery
e-bikes at the intersections can be analyzed in depth.
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Research on the formation mechanism of risky behavior of delivery riders at intersec-
tions has been conducted from the perspective of the delivery riders themselves as well as
the delivery platform. Kudasz [11] found that delivery riders are always under pressure to
complete food deliveries on time. However, the couriers are often not trained well for the
job. Therefore, they often have a higher number of traffic accidents. Ma [12] found that the
risky perceptions of delivery riders do not inhibit their risky behaviors. Atchley [13] found
that delivery riders have persistent risky behaviors despite recognizing the harmful effects
of these behaviors because they believed that the actual or financial benefits outweigh
the associated risky behaviors. Zhang [14] found that 96.3% of delivery riders use cell
phones for checking orders, navigating to delivery locations, or talking to customers for
business rather than for private needs. Qin [4] attributed the observed risky behaviors to
two categories: one is to save time and deliver more orders per day to earn more income,
and the other is a job requirement, as the delivery industry has become increasingly com-
petitive and platforms are gradually shortening delivery times to improve punctuality and
efficiency with the strict penalty. However, the influential factors considered in the existing
research are relatively scattered, and the influence of the combined effect of each factor is
also lacking.

In recent years, the safety of takeaway platforms and riders has also become a serious
concern for domestic and international scholars, who have put forward relevant suggestions
and countermeasures. Van Belleghem & Bourgeor [15] proposed that platforms should
redesign performance evaluation to reduce the time pressure of takeaway riders and reduce
the percentage of revenue associated with delivery completion by increasing the basic
income of delivery riders or helping them optimize their routes to reduce travel time. Eu-
OSHA [16] proposed that the platforms should develop and equip new mobile devices to
reduce phone calls and navigation during the riding and install global positioning system
(GPS) alarms on the e-bikes so that the location and traffic conditions of delivery riders can
be monitored. Wu [17] suggested that the licensing system for takeaway e-bikes should
be implemented to facilitate the enforcement of traffic laws. Ibrahim [18] argued that
platforms should be responsible for providing relevant training modules, including job
preparation and hazard perception trains. Qin [4] proposed that local governments should
strengthen traffic control, enhance supervision of platforms, and introduce traffic violations
part into the performance evaluation, which would accumulate to a certain level, and the
takeaway companies and platforms would lose their business licenses. Therefore, it is
necessary to conduct an in-depth and comprehensive study of safety countermeasures in
this paper to form a more complete system.

From the reviewed literature, a large number of studies have been conducted on risky
riding behaviors at intersections in the domestic and overseas. Since the industry of delivery
riders has grown massively in recent years, the statistical analysis on the categories and
quantity of the risky behavior characteristics of the delivery couriers at the intersections
are observed and analyzed with the field survey [4]. However, the surveys neglected
the formation mechanism of risky behaviors by interactive factors such as profit-driven,
timeliness-driven, and customer complaints. Therefore, this study aims to fill the above-
mentioned research gap, analyze the existing safety hazards from the new perspective of
delivery riders, and propose a new optimization scheme to prevent and reduce the risky
behaviors of delivery riders at intersections.

3. Materials and Methods
3.1. Site Investigation

In this paper, we chose the natural observation method to record the risky riding
behaviors of takeaway riders through the observation points during peak meal times
on weekdays by video. The observation points were selected as the signal-controlled
intersections near the business district of Yinzhou, Ningbo. Katarzyna Ciesla [19] has
shown that cyclists’ behavior is strongly dependent on the existing infrastructure. In places
where infrastructure is inadequate or lacking, the number of abnormal behaviors is higher.
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Therefore, the examined intersections were different from each other in infrastructure
elements. The observation time was during the lunchtime peak (11:00-13:00) and evening
peak (17:00-19:00) on weekdays. Considering the actual situation of the takeaway workers
in the field survey while riding, six risky riding behaviors were observed and recorded in
this paper, including red-light running, speeding, riding against the traffic, riding on the
motor lane, parking outside the stop line, and using cell phones while riding, as shown
in Figure 2, and the specific data are shown in Table 1. Individual takeaway riders had
multiple risky riding behaviors, so we added the six risky riding behaviors separately.

(f)

Figure 2. Typical risky riding behaviors. (a) Using cell phones while riding; (b) riding on the motor
lane; (c) red-light running; (d) riding against the traffic; (e) parking outside the stop line; (f) speeding.
(Blue equipment for ele.me, yellow equipment for Meituan take-away).
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Table 1. Survey of takeaway riders’ risky riding behavior at intersections.

Haiyan North Haiyan North Haiyan North Haiyan North
Road—Ningdong Road Road—Ningchuan Road Road—Zhongshan East Road =~ Road—Baizhang East Road
11:00-13:00
Total number of takeaway riders 1152 946 864 1024

Red-light running 254 22.0% 154 16.3% 161 18.6% 212 20.7%
Speeding 431 37.5% 313 33.1% 250 28.9% 353 34.5%

Riding against the traffic 163 14.2% 103 10.9% 79 9.1% 90 8.8%
Riding-on-the-motor-lane 266 23.1% 204 21.6% 237 27.4% 374 36.5%
Parking outside the stop line 133 11.5% 93 9.8% 71 8.2% 129 12.6%

Using cell phones while riding 64 5.6% 114 12.1% 96 11.1% 87 8.5%
Total 113.9% 103.8% 103.3% 121.6%

17:00-19:00
Total number of takeaway riders 1268 976 912 866

Red-light running 163 12.9% 192 19.7% 120 13.2% 105 12.1%
Speeding 384 30.3% 275 28.2% 233 25.5% 288 33.3%

Riding against the traffic 91 7.2% 76 7.8% 72 7.9% 63 7.3%
Riding-on-the-motor-lane 336 26.5% 189 19.4% 240 26.3% 358 41.3%
Parking outside the stop line 96 7.6% 62 6.4% 86 9.4% 117 13.5%

Using cell phones while riding 120 9.5% 96 9.8% 97 10.6% 76 8.8%
Total 93.8% 91.2% 93.0% 116.3%

As shown in Table 1, the occurrence rates of all six risky riding behaviors at each
intersection are quite high. Speeding, riding on the motor lane, and red-light running are
more significant, which seriously affect traffic safety, so it is necessary to further study the
risky riding behaviors of takeaway riders.

3.2. Questionnaire Scale Design

Based on the reference to the driving behavior questionnaire (DBQ) scale for vehicles,
the scale of safety attitudes, riding confidence, risk perception, and risky riding behavior
for takeaway e-bikes were developed by combining the observed results of real-world
behavior, rider characteristics, with the factors influencing risky riding behavior. The risky
riding behavior scale questionnaire for the takeaway e-bike contains five parts: individual
characteristics, safety attitude, riding confidence, risk perception, and risky riding behavior.

3.2.1. Individual Characteristics

The individual characteristics include three aspects: demographic information (gender,
age, marital status), socioeconomic characteristics (education, employment status), and
work status (working time, daily delivery time, income, etc.). The couriers accept the
lowest-status job and are a socially vulnerable group due to economic and social factors.
Their educational background and employment status are worrisome.

3.2.2. Safety Attitude

The safety attitude scale consists of a total of 27 questions and is divided into 4 imen-
sions: safety responsibility attitude, traffic rule attitude, fluke psychology, and traffic safety
education attitude. Each question was measured using a five-point Likert scale. The lower
the score, the more positive the attitude toward safety, the stronger the sense of obligation
to abide by the traffic rules, and the lower the preference for herd mentality. Do the couri-
ers in the underclass unconsciously neglect their safety responsibility, traffic rules, fluke
psychology, and traffic safety education? Or are they forced by the platform algorithm and
performance evaluation and driven by the profit and timely requirement?

3.2.3. Riding Confidence

The riding confidence scale, which consists of seven questions, measures the riders’
judgment of their riding skills (e.g., “I can handle any emergency while riding”). The source
of confidence is not only the affirmation of technical capacity but also the affirmation of
individual judgment. Therefore, the riding confidence scale is divided into two dimensions:
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technical capacity and judgment ability. Each question was measured using a five-point
Likert scale, and the lower the score, the higher the confidence of the respondents. Ad-
ditionally, the couriers might overweight their riding skills and judgment ability due to
long-time riding.

3.2.4. Risk Perception

Risk perception is defined as an individual’s subjective perception of potential danger.
Existing research has shown that risky perception can be measured through emotional
concerns and cognitive-based evaluation [20].

In this paper, the risk perception scale contains 21 questions and is divided into
3 dimensions: concern degree, danger level, and occurrence frequency. The “concern
degree” is measured by asking respondents to rate the question, “I think I have a high
probability of being involved in a traffic accident when riding”. The subjective perception
of the danger level was measured by asking respondents to evaluate the risk of red-light
running, riding against the traffic, speeding, riding on the motor lane, and other risky
behaviors. The lower the score, the more worried and anxious the rider is about the risk, the
higher the degree of danger of the subjectively perceived risk behaviors. Additionally, the
subjective perception of the occurrence frequency was measured by asking the respondents
to evaluate the frequency of their risky behavior. The higher the score, the higher the
frequency of the riders’ risky behavior.

3.2.5. Risky Riding Behavior

The risky riding behavior scale consists of 21 questions that measure the degree
of influence of risky behaviors. They are divided into four dimensions: the incentive
compensation driven by the incentive compensation driven by the takeaway platform,
traffic violation penalty, traffic status, and self-factor. The “incentive compensation driven
by the takeaway platform” scale was measured by asking respondents to evaluate “Couriers
pursue to ensure the timeliness of delivery”, “complete more orders to increase income”,
“need to pay attention to order’s real-time information”, and so on. The “traffic status” was
measured by asking respondents to evaluate “the red light is too long”, “the speed limit
is unreasonable”, and “no turnaround at the intersection”. Each question was measured
using a five-point Likert scale. The lower the score, the higher the frequency of risky

riding behavior.

4. Results
4.1. Questionnaire Analysis
4.1.1. Questionnaire Sample Size

A simple random sampling method was used to conduct the questionnaire survey. The
survey locations were chosen near the shopping districts in Ningbo because the number
of takeaway riders in these areas was more concentrated. In order to ensure the accuracy
of the questionnaire survey, the investigators guided the riders to clearly complete the
questionnaire through a one-to-one explanation. Finally, a total of 816 questionnaires were
collected. The questionnaires with incomplete answers, omissions, and differences between
the positive and negative answers by more than two scales were deleted. After deletion,
a total of 605 valid questionnaires were obtained. The sample size met the modeling
requirements. At last, the questionnaires were recorded uniformly and converted into an
analyzable data format for further statistical analysis.

4.1.2. Sample Descriptive Statistics

The basic demographic information of the 605 valid samples of respondents is shown
in Table 2. The respondents were mostly male, with 521 people accounting for 86.1%,
indicating that this group is mainly physical output. The age mainly ranged from 18 to
35 years. In terms of marital status, 208 married people accounted for 34.4% of the total,
whereas 397 unmarried riders accounted for the remaining 65.6%. In terms of education,
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307 respondents had education at or below the junior high school level, accounting for
50.7%; 178 people had a high school or secondary school degree, accounting for 29.4%, and
the remainder had a college education or above.

Table 2. Distribution of respondents’ basic information.

Variables Category Frequency Percentage
Gend Male 521 86.1%
ender Female 84 13.9%
18-35 583 96.4%
Age 35-55 16 2.6%
55 or more 6 1.0%
Marital S Unmarried 397 65.6%
arital Status Married 208 34.4%
Junior high or below 307 50.7%
Ed X High school or junior college 178 29.4%
ucation College or bachelor’s degree 108 17.9%
Graduate student and above 12 2.0%
Emplovment status Part-time 66 10.9%
POy Full-time 539 89.1%
Less than six months 72 11.9%
Workine vears Six months to one year 57 9.4%
&Yy One to two years 95 15.7%
More than two years 381 63.0%
Less than2 h 20 3.3%
2-4h 33 5.5%
Daily delivery time 4-6h 36 6.0%
6-8 h 163 26.9%
More than 8 h 353 58.3%
. Base salary + Commission 539 89.1%
Salary calculation method No base salary + Commission 66 10.9%
Under 3000 40 6.6%
I 3000-5000 65 10.7%
neome 5000-8000 77 12.7%
More than 8000 423 69.9%
Extremely satisfied 2 0.3%
Less satisfied 103 17.0%
Satisfaction with income level General 253 41.8%
Less dissatisfied 211 34.9%
Extremely dissatisfied 36 6.0%
Red-light running 328 54.2%
Riding against the traffic 225 37.2%
Has the following failure to comply with traffic Riding-on-the-motor-lane 309 51.1%
laws occurred Speeding 416 68.8%
Parking outside the stop line 266 44.0%
Using cell phones while riding 152 25.1%
Whether there has been a traffic accident due to the Yes 159 26.3%
above actions No 446 73.7%
Uninjured 54 8.9%
If yes, please select the type of accident Vehicle damage 69 11.4%
People injured 36 6.0%
Failure to obey traffic rules 427 70.6%
Using cell phones while riding 332 54.9%
Electric vehicle defects 178 29.4%
The reason for the traffic accident Distracted riding 268 44.3%
Overexertion 212 35.0%
Low self-awareness of safety 94 15.5%
Responsibility of the other party to the accident 165 27.3%
Does the company /platform organize traffic safety Yes 547 90.4%
awareness education for riders No 58 9.6%
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The majority of respondents were full-time, accounting for 89.1%. The average work-
ing years of the delivery riders were mainly distributed over two years, with 381 people
accounting for 63.0%. The average daily delivery time was quite long, with 353 people
accounting for 58.3% working for 8 h or more and 163 people accounting for 26.9% working
for 6-8 h. The salary calculation method corresponded to the employment status, with a
base salary, commission, and bonuses for full-time and no base salary for part-time. Most
of the salary income with insurance is above 8000, accounting for 69.9%, which is closely
related to the average daily delivery time. However, the respondents are less satisfied
with the income level, with 211 people accounting for 34.9% who are less dissatisfied and
36 people accounting for 6% who are extremely satisfied.

All six risky behaviors of the questionnaire were experienced by respondents. The
most common one was speeding, with 416 people accounting for 68.8%, followed by red-
light running accounting for 54.2%. Moreover, the behaviors of riding against the traffic,
riding on the motor lane, parking outside the stop line, and using cell phones while riding
also accounted for a certain percentage. In terms of traffic accidents, 159 respondents expe-
rienced traffic accidents firsthand, accounting for 26.3%, of which 66.2% of the respondents
had e-biker damage or personal injuries. For the reasons for traffic accidents, the primary
reason is failure to comply with traffic rules, accounting for 70.6%, followed by the use
of cell phones, distracted riding, and excessive fatigue, accounting for 54.9%, 44.3%, and
35.0%, respectively. E-bike defects and the responsibility of the other party to the accident
also accounted for the secondary cause. Finally, the question of whether the company or
platform organized traffic safety education for riders was also investigated. Fortunately,
the results show that 547 people chose “yes”, which indicates that traffic safety awareness
education is relatively popular.

4.2. Model Path Analysis

Considering the large number of questionnaires, this paper conducted a factor analysis
and multi-group analysis on the survey samples to extract the common factors from all the
questionnaires of the scale. The results were useful to make preliminary judgments on the
relationships among factors and to provide the basis for assuming SEM paths.

4.2.1. Factor Analysis

The suitability of the questionnaire for factor analysis was analyzed according to the
Kaiser-Meyer—Olkin (KMO) value. The larger the KMO, the more common factors among
the variables and the more suitable for factor analysis. Generally, KMO = 0.8 was taken as
the expected value [21]. Meanwhile, Bartlett’s test was also performed to test the possibility
that the samples have interactive factors [22]. In addition, Cronbach’s  was used to test
the internal consistency and stability of the scale [23]. The results of the factor analysis are
shown in Table 3.

Table 3. Results of factor analysis.

Bartlett’s Test
KMO Py Cronbach’s
X df p
Safety attitude 0.874 8546.08 351 0.000 0.919
Riding confidence 0.803 2408.81 21 0.000 0.932
Risk perception 0.916 7797.19 210 0.000 0.956
Risky riding behavior 0.925 6917.72 231 0.000 0.960

Based on the exploratory factor analysis (EFA) results, the main factors of safety
attitude, riding confidence, risk perception, and risky riding behavior were extracted. For
the safety attitude, four dimensions were determined: safety responsibility attitude, traffic
rule attitude, fluke psychology, and traffic safety education attitude, explaining 70.325%
of the total variance. For riding confidence, two dimensions were determined: technical
capacity and judgment ability, which explain 87.512% of the total variance. Risk perception
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was divided into three dimensions: concern degree, danger level, and occurrence frequency,
which explain 76.699% of the total variance. For risky riding behavior, four dimensions
were determined as incentive compensation driven by the takeaway platform, traffic
violation penalty, road status, and self-factor, explaining 72.245% of the total variance. All
the principal components were consistent with the preliminary scale design. All potential
variables showed an acceptable level of reliability (Cronbach’s « > 0.8). The subdimension
descriptive statistics are shown in Table 4. Tests of normality suggested that kurtosis and
skewness coefficients ranged within the threshold values of -3, and therefore, the data was
normally distributed [24]. The final factor structure and loading are shown in Tables 5-§,

which indicated a high internal reliability [25].

Table 4. Subdimension Descriptive Statistics.

Subdimension Mean S.D. Skewness Kurtosis
Safety responsibility attitude 2.3669 0.75307 0.167 0.485
Traffic rule attitude 2.2479 0.78142 0.496 0.566
Fluke psychology 2.1256 0.73518 0.350 0.276
Traffic safety education attitude 2.3702 0.76672 0.453 0.356
Technical capacity 2.5901 0.84016 0.000 0.036
Judgment ability 2.2860 0.74976 0.329 0.429
Concern degree 2.6579 0.78074 0.430 0.246
Danger level 2.5058 0.76039 0.400 -0.122
Occurrence frequency 2.6050 0.80826 0.251 0.194
Incentive compensation driven 24132 0.76198 0.498 10.042
by the takeaway platform
Traffic violation penalty 2.4331 0.70539 0.665 0.979
Traffic status 2.3074 0.75338 0.382 0.449
Self-factor 2.9488 0.92196 0.191 -0.327
Table 5. Dimension structures of safety attitude.
Dimension Measurement Item Lf)aag;)rfg CronZach S
I try my best to prevent all accidents 0.829
Obeying traffic rules would make me safe 0.832
I feel very guilty after violating traffic rules 0.805
Safe'ty' . Personal compliance with traffic rules has a great impact on bystanders 0.621
respopﬂblhty I'would deliver the order to the customer on time while obeying the traffic rules 0.795 0.914
attitude Wearing helmets, knee pads and other safety precautions are necessary 0.827
It is necessary to slow down before entering an intersection 0.828
It is necessary to maintain a safe distance from other traffic participants 0.588
I can get away with breaking traffic rules by following others 0.575
. Violating traffic rules doesn’t mean I'm an unsafe rider 0.720
Trafflc rule Traffic violations should be allowed as long as safety is ensured 0.836 0.905
attitude Sometimes it is necessary to violate traffic regulations for protecting our interests 0.841
It is necessary to accelerate when the light is yellow 0.796
I think fast riders earn more per month than medium-speed riders 0.734
I think the cost of timeout is higher than the cost of traffic violations 0.834
Even if there is no timeout requirement, I still do not comply with traffic safety laws and regulations 0.623
I'would choose risky riding behavior to ensure on-time performance/good ratings 0.841
Fluke As long as I follow other riders, I want to overtake them 0.684 0.920
psychology Compared to the normal e-bikes around me, I'm faster 0.780 ’
I'have to adopt risky riding behavior to increase my income under the pressure of performance evaluation 0.724
I think traffic safety education is not necessary 0.655
I think traffic violations are both necessary for work and difficult to be caught by the traffic police 0.858
Traffic control departments do not investigate and punish riders for illegal behavior, so I take a chance 0.876
. I think educations on traffic violations and penalty standards are important 0.823
Traffic s "flfety I think it is important to educate the rules of electric bicycles and electric motorcycles on the road 0.815
eduFatlon I think it is important to educate about traffic accident emergency knowledge 0.820 0.918
attitude I think education on the rules of traffic accident handling and compensation standards is important 0.807
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Table 6. Dimension structures of riding confidence.

Dimension Measurement Item Fad.o r Cronbach’s &
Loading
I have the ability to deal with unexpected situations while riding 0.854
Technical I am a good rider so I can ride exceeding the speed limits 0.880 0.846
capacity I am very agile when I ride so I can ride on the motorway 0.889 )
Riding skills would help me get out of the dangerous trouble 0.868
I am familiar with the roads around me and everything is under my control 0.856
Judgment I can accurately judge the movement of nearby vehicles and e-bikes 0.860 0.846
ability I can easily identify whether my riding behavior is dangerous or not based on my experience 0.887
Table 7. Dimension structures of risk perception.
Dimension Measurement Item LFactf) N Cronbach’s «
oading
I am often concerned about accidents when riding 0.757
Concern When riding an e-bike, I consider myself a cautious person 0.534
degree It is unsafe to ride a delivery e-bike 0.741 0.911
& There is a high possibility of traffic accidents on delivery e-bikes happening to me 0.890
Traffic accidents are more likely to happen to me than to others 0.896
Red-light running 0.757
Yellow-light rushing 0.855
Riding-on-the-motor-lane 0.858
Speeding 0.825
Danger level Riding against the traffic 0.834 0.521
Using cell phones while riding 0.845
Parking outside the stop line 0.789
Don’t take a second crossing 0.750
Red-light running 0.796
Yellow-light rushing 0.792
Riding-on-the-motor-lane 0.818
Occurrence Speeding 0.843 0918
frequency Riding against the traffic 0.786 ’
Using cell phones while riding 0.821
Parking outside the stop line 0.814
Don'’t take a second crossing 0.736
Table 8. Dimension structures of risky riding behavior.
Dimension Measurement Item Factf) r Cronbach’s «
Loading
Ensuring the timeliness of delivery 0.946
Reduce users’ bad reviews, complaints and dissatisfaction due to delivery delays 0.921
Incentive compensation Completing more orders to increase income 0.938
driven by the Calling customers to pick up meals while riding 0.917 0.944
takeaway platform Needing to pay attention to order information in real time 0.913
Customer reminder 0.884
Navigate/View /Check Address 0.873
No illegal capture camera 0.638
Traffic violation penalty Lower penalties for traffic violations 0.872 0.912
The deterrent effect of traffic policy and regulations is low 0.810
No surrounding traffic 0.516
The speed limit is unreasonable 0.586
The red light is too long 0.563
. Non-motorized lanes are occupied by on-street parking and illegal parking 0.566
Traffic status Too much traffic on the non-motorized lane 0.749 0.510
Motorway traffic flow is low 0.815
No non-isolation facilities between on-motorized and motorized lane 0.715
No turnaround at the intersection/No shortcut 0.636
My riding skills are good 0.560
Self-factor Low self-awareness of safety 0.362 0.844
Private use of cell phones while riding 0.411
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4.2.2. Multi-Group Analysis

Multi-group analysis is used to test whether the theoretical model is suitable for
different populations. If the model is suitable, it indicates that the sample attribute variable
has a moderating effect. Therefore, in order to further test whether the four variables
of safety attitude, riding confidence, risk perception, and risky riding behavior have
significant differences in different demographic characteristics, AMOS 24 software was
used to conduct multi-group analysis and classification based on six variables: gender,
age, employment status, working years, income, and daily delivery time. As shown in
Table 9, the results show that CMIN/DF < 3, RMR < 0.1, RMSEA < 0.08, GFI > 0.9, TLI > 0.9,
CFI > 0.9, all of which meet the criteria, indicating that the six demographic characteristics
all play a moderating role.

Table 9. Multi-group analysis results.

Factor p CMIN/DF RMR  RMSEA GFI TLI CFI

| Gend Male 0.025 1.159 0.067 0.053 0.951 0.959 0.969
ender Female 0.015 2.199 0.038 0.056 0.944 0.946 0.959

5 Ace 18-35 0.013 1.918 0.025 0.044 0.950 0.953 0.964
& 35 or more 0.024 2.063 0.029 0.053 0.948 0.955 0.966

3 Emolovment status Part-time 0.046 1.755 0.026 0.056 0.961 0.970 0.977
ploy Full-time 0.034 2.310 0.022 0.044 0.928 0.922 0.941

4 Working vears Less than six months 0.029 1.854 0.030 0.057 0.961 0.967 0.975
gy More than six months 0.018 2.956 0.024 0.053 0.948 0.951 0.963

5 Dailv delivery time Less than 6 h 0.028 2.099 0.036 0.056 0.945 0.951 0.962
y y More than 6 h 0.014 1.635 0.027 0.044 0.955 0.968 0.975

61 Under 5000 0.032 1.489 0.027 0.053 0.951 0.959 0.969
ncome More than 5000 0.012 2.199 0.032 0.044 0.944 0.946 0.959

4.3. Structural Equation Model Analysis
4.3.1. Structural Equation Model Theory

The structural equation model (SEM) is widely preferred by researchers of social be-
havior because (a) it identifies possible latent constructs inside the data and (b) it estimates
the multiple and interrelated dependence in a single analysis. Chang Yang [26] aimed at
the relationships among acceptance of a parking app, trust in a parking app, perceived
usefulness, and other related variables. SEM (the structural equation model) methodology
can simultaneously analyze and capture the complex interrelationships among them. SEM
was applied by Xiaofei Ye [27] to analyze the relationships among these variables. Through
SEM results of the intention to use SAVs, the parking choice behavior is relative to the
acceptance of SAVs.

The structural equation model (SEM) is composed of a measurement model and a
structural model. SEM estimates the concepts that cannot be directly observed in the
form of latent variables by using the modeling of observed variables, which provides the
possibility to analyze the relationship between abstract concepts [28].

The measurement model mainly represents the relationship between measurement
variables and latent variables. The formulation of the model is as follows:

X=AG+0 @

Y=Am+e (2)

where X is a column vector composed of exogenous indices, ¢ is a column vector composed
of exogenous latent variables, Ay is the factor loading matrix of X on ¢, and J is the error of
the exogenous variables. Similarly, Y is the vector composed of endogenous indices, 7 is
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the vector composed of endogenous latent variables, A, is the factor loading matrix of Y
on #, and ¢ is the error of the endogenous variables.

The structural model represents the relationship between exogenous latent variables
and endogenous latent variables. The formulation of the model is as follows:

n=Bn+I¢+g 3)

where B is the coefficient parameter matrix of the endogenous latent variables’ vector, I
is the coefficient parameter matrix of the exogenous latent variables’ vector, and ¢ is the
residual vector and represents the unexplainable part of the model.

4.3.2. Model Hypothesis

According to the correlation and factor analysis results, seven hypothetical analysis
paths were determined: riding confidence — risky riding behavior, riding confidence —
risk perception, riding confidence — individual characteristics, risk perception — safety
attitude, risk perception — risky riding behavior, safety attitude — risky riding behavior,
individual characteristics — risky riding behavior.

The SEM constructed in this study included two-layer factor structures: the 18 dimen-
sions, such as the incentive compensation driven by the takeaway platform, were the initial
factors. The five scales, for example, riding confidence, were the higher-order factors. We
took the 18 initial factors as variables for the factor analysis in the preliminary stage of
evaluating the higher-order potential variable and the multi-items of each initial factor as
observable variables. According to the hypothesis of the seven analysis paths, the risky
e-bike riding behavior theoretical model was developed in Figure 3. The observable vari-
ables were not listed in order to simplify the model expression. For higher-order potential
variables to be estimated, a factor path of each higher-order potential variable was set to
one as the reference index [26].

Incentive Compensation i
Driven by the Takeaway
erd4 Platform
1 ! 1
1 Traffic Violation Penalty
Risky Riding 1
4 Behavior Traffic Status
Individual
isti 1
Characteristics Self-factor .

Safety Responsibility

1
: Attitude
1
Safety Traffic Rule Attitude ell
Attitude 1
Fluke Psychology el2
Riding ! Traffic Safety ! .
Confidence er3 Education Attitude
| Risk ! (2
Perception
erl
1
Concem Danger Occurrence
Degree Level Frequency

Figure 3. Theoretical structure model of risky riding behavior.
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4.3.3. Model Calibration and Fit Testing
(1) Goodness of Fit Test

The maximum likelihood estimation method was used to calibrate the parameters
of the established structural model. The results of the standardized path analysis are
shown in Table 10. All the path coefficients between the latent and observed variables
were statistically tested and reached the significant level at the 95% significance level,
i.e., the measurement equations in the SEM passed the test. However, the standardized
factor loadings for the latent variable “risky riding behavior” and its observed variable
“self-factor” were only 0.097, which did not meet the criterion that the factor loadings
should be higher than 0.5 [29]. This suggests that the “self-factor” was not significantly
related to the “risky riding behavior” and should be deleted from the model.

(2) Fit Testing

Table 10. Preliminary estimation results of the model.

Unstandardized Standardized
Dimension Factor Regression S.E. C.R. p Regression

Weights Weights

Gender —0.247 0.014 —17.859 R —0.689

Age —0.075 0.011 —6.642 ok —0.273
Individual Employment status 0.237 0.012 19.741 ook 0.709
Characteristics Working years 1.000 xHE 0.870
Daily delivery time 0.958 0.033 27.451 e 0.863
Income 0.943 0.027 32.677 ok 0.942
Safety responsibility attitude 1.000 i 0.861
Safety attitude Traffic rule attitude 0.493 0.058 8.499 e 0.410
Fluke psychology 0.536 0.051 10.510 o 0472
Traffic safety education attitude 0.639 0.056 11.447 e 0.541
‘s . Technical capacit; 1.000 ok 0.498
Riding Confidence Judgment ability 1253 0155 8.076 0556
Danger level 1.000 ok 0.415
Risk Perception Concern degree 0.728 0.121 6.026 ek 0.315
Occurrence frequency 0.726 0.127 5.701 e 0.321
Incentive compensation driven by the 1.000 ok 0529

. . takeaway platform

Risky Riding Traffic violation penalty 0.800 0.119 6.700 e 0.457
Behavior Traffic status 0.660 0110 5972 0352
Self-factor 0.223 0.122 1.829 0.345 0.097

Note: *** indicates p < 0.001.

An adaptive analysis of the proposed theoretical model was conducted to verify
whether the established path relationships were valid. Table 11 shows the fit index results
of the model. The results showed that the chi-squared value (CMIN) of the preliminary
theoretical model and data fitting was 577.161 (p < 0.001), the degree of freedom (DF) was
128, and CMIN/DF was 4.509, which met the standard (between 1 and 5). RMSEA was
0.076, higher than the highest standard (0.05). This result showed that the gap between the
theoretical model and the saturated model did not meet the standard. The normed fit index
(NFI), comparative fit index (CFI), increasing fit index (IFI), and goodness-of-fit index (GFI)
were 0.841, 0.871, 0.872, and 0.907, respectively, which did not meet the evaluation standard
of 0.90. The theoretical model required further revision because the overall fit of the model
was not within an acceptable range.

(3) Model Estimation

The observed variables were obtained by exploratory factor analysis and might not
actually be independent of each other. For example, the estimated results showed that
there are covariances among the error variables e8 (danger level) and €9 (occurrence
frequency), el7 (traffic violation penalty), and e4 (working years). Thus, we revised the
model according to the order of modification indices (MI). Table 12 shows the fit index
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results of the revised model. The index results indicated that the revised SEM has an
adequate fit for the observable data. The revised SEM with path coefficients and load
coefficients is shown in Figure 4.

Table 11. Comparison of the theoretical model fit index results with the evaluation standard.

Model Definition Index Results Evaluation Standard
DF Degrees of freedom 577.161 -
CMIN Chi-squared 128 -
CMIN/DF - 4.509 1-5
RMSEA Root Mean Square Error 0.076 <0.050
Approximation

CFI Comparative Fit Index 0.871 >0.900

GFI Goodness of Fit Index 0.907 >0.900

NFI Normed Fit Index 0.841 >0.900

IFI Incremental Fit Index 0.872 >0.900

Table 12. Comparison of the revised model fit index results with the evaluation standard.

Model Index Results Evaluation Standard
DF 324.939 -
CMIN 120 -
CMIN/DF 2.708 1-5
RMSEA 0.046 <0.050
CFI 0.941 >0.900
GFI 0.944 >0.900
NFI 0.911 >0.900
IFI 0.942 >0.900
0.42 Incentive Compensation
e = Driven by the Takeaway .8 @
028 e 0.83 Platform
(2) " ”
047 Eoploymest s 32 Rgti:iﬁ'fg | Traffic Violation Penalty — @
Status *~0.69 0.52 0.29
Characteristics e Traffic Status _
-
0.86

== o . -0.43 Ty
e 0.73 Daily Delivery / - Safety Responsibility |  0.38 @
Time : ’ i ’
Attitude
0.89 ! 033 MBUH 0.23
@ _y Traffic Rule Attitude = @
Safety
Attitude 0.64 0.34
0.26 Techmical e Fluke Psychology @
@ Capacity . oy 068 034
= Riding Traffic Safety 0.24 @
@ 0.30 T gr?e::t ol Confidence @ Education Attitude
Ability -

0.16 Risk 0.72 @
Q Perception

0.74 0.57
0.65
Concern Danger Occurrence
Degree Level Frequency

0.24 0.21 ‘ 0.19 ’

Figure 4. Fit results of the revised model.
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4.4. Analysis of Model Results
4.4.1. Analysis of Direct, Indirect, and Total Effects

After the calibration and validation of the model, the paths were tested. The testing
results are shown in Tables 13 and 14. According to the normalized path coefficients and
load coefficients of each component, the results of the model analysis were discussed.

Table 13. Direct and indirect effects of dimensions.

. . Individual .1 . . . .
Dimension Characteristics Riding Confidence Risk Perception Safety Attitude
Direct effect
Riding confidence 0.33
Risk perception —0.82
Safety attitude 0.80
Risky riding behavior 0.32 0.65 —0.28 —0.43
Indirect effect
Riding confidence
Risk perception 0.27
Safety attitude 0.22 —0.66
Risky riding behavior 0.25 0.15 —0.34
Table 14. Weight of each factor.
Latent Variable Observation Variable Path Coefficients = Normalized Weights
Gender 0.64 0.15
Age 0.38 0.09
Empl t stat 0.69 0.16
Individual characteristics m\/}\jfo(l)riﬁznyesass ue 0.87 0.20
Daily delivery time 0.86 0.20
Income 0.94 0.21
1 . Technical capacity 0.67 0.48
Riding confidence Judgment ability 0.74 0.52
Concern degree 0.74 0.38
Risk perception Danger level 0.65 0.33
Occurrence frequency 0.57 0.29
Safety responsibility attitude 0.68 0.28
. Traffic rule attitude 0.51 0.22
Safety attitude Fluke psychology 0.64 0.27
Traffic safety education attitude 0.54 0.23
Incentive compensation driven by the takeaway platform 0.83 0.43
Risky riding behavior Traffic violation penalty 0.59 0.30
Traffic status 0.52 0.27

Individual characteristics and risky riding behavior had significant direct path rela-
tionships. “Working years”, “daily delivery time”, and “income” demonstrated higher
loading values. It can be concluded that the longer the time spent on the job, the more
riding confidence was accumulated. The number of completed orders per day determined
the average daily delivery time and income, which were the primary reasons for the risky
riding behaviors of delivery riders. On the one hand, the income was relative to the number
of completed orders. When the number of orders was bigger, the delivery riders might
increase delivery speed and save time to deliver as many orders as possible, which resulted
in more risky riding behaviors. On the other hand, the delivery speed also affected cus-
tomers’ evaluations and satisfaction with the riders, so when there were more orders but

less time, the riders had to save delivery time by risky riding behaviors.
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Safety attitude is also directly related to risky riding behavior. The consequence of the
coefficients indicated that safety responsibility attitude had the most significant influence
on their safety attitudes. Therefore, more attention should be paid to takeaway e-bikers’
management and education on safety responsibility attitude.

Riding confidence was significantly associated with risky riding behavior, acted on
safety attitude through risk perception, and indirectly influenced risky riding behavior.
From the perspective of the variables of the riding confidence scale, the takeaway riders’
judgment ability had more influence on riding confidence than technical capacity. Ac-
cording to the questionnaire, “judgment ability” mainly referred to the takeaway riders’
confidence in the judgments of their behavior and the surrounding traffic environment,
which could be accumulated through individual riding experience. Since traffic manage-
ment regulations and restrictions on riding behavior were not mandatory, the ability to
judge one’s accumulated behaviors and the environment with self-affirmation could better
explain risky riding behavior.

Risk perception showed a significant negative correlation with risky riding behavior.
According to the respondents, the couriers cognized a higher level of dangerous perception
of the risky behavior. “Concern degree” and “occurrence frequency” also showed higher
loading values. Although the takeaway riders increased awareness of the danger of risky
riding behavior, they also believed that there was a lower probability of experiencing any
accident and being injured themselves.

4.4.2. Key Analysis on the Effect of Incentive Compensation Driven by the Platform of
Risky Riding Behavior

In order to analyze the impact of the observed factors on risky riding behavior, the
effect was obtained by multiplying path coefficients with the loading coefficients of each
component of risky riding behavior. The results are shown in Table 15. The multiplication
results were ranked, corresponding to each risky behavior, as shown in Figure 5.

Table 15. Impact of incentive compensation driven by the platform on risky riding behavior.

Dimension Measurement Item Lf::itiox:g Coelf’f?z}i‘ents Mul;gsl::l.:tlon
Ensuring the timeliness of delivery 0.946 0.785
Incentive Reduce users’ bad reviews, complaints and dissatisfaction due to delivery delays 0.921 0.764
compensation Completing more orders to increase income 0.938 0.779
driven by th Calling customers to pick up meals while riding 0.917 0.83 0.761
y the Needing to pay attention to order information in real time 0.913 0.758

takeaway platform §topay .

Customer reminder 0.884 0.734
Navigate/View/Check Address 0.873 0.725
Traffic violation No illegal capture camera 0.638 0.376
nalt Lower penalties for traffic violations 0.872 0.59 0.514
penatty The deterrent effect of traffic policy and regulations is low 0.81 0.478
No surrounding traffic 0.516 0.268
The speed limit is unreasonable 0.586 0.305
The red light is too long 0.563 0.293
) Non-motorized lanes are occupied by on-street parking and illegal parkin 0.566 0.294
Traffic status Too much traffri)c on ti]le non-motlz')rizedglane Bp 8 0.749 052 0.389
Motorway traffic flow is low 0.815 0.424
No non-isolation facilities between on-motorized and motorized lane 0.715 0.372
No turnaround at the intersection/No shortcut 0.636 0.331

Compared with traffic violation penalty and traffic status, the influence of incentive
compensation driven by the takeaway platform was the greatest one with a normalized
weight of 0.43 (0.83/(0.83 + 0.59 + 0.52), which indicated that the risky riding behavior of
delivery riders was directly linked to the delivery platform. From Figure 5, it can be seen
that “ensuring the timeliness of delivery” had the greatest influence. This indicated that the
performance evaluation system of takeaway companies leads to “fast-fast” delivery, and
the riders have to speed up to ensure the on-time rate. “Complete more orders to increase
income” and “reduce the bad reviews, complaints and dissatisfaction from customers due
to delivery delays” also had a greater impact. That is because the volume of completed
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orders and customer satisfaction from the performance system is directly linked to the
riders’ profits. As a result, “more and faster” became the common value orientation in the
delivery industry. This means the platform is exacerbating dangerous riding behaviors,
especially red-light running and speeding. “The red light is too long” and “the speed limit is
unreasonable” also led to both risky behaviors, respectively. Meanwhile, the riders usually
need to pay attention to order information and the delivery routes and communicate with
customers to pick up meals in real-time, which inevitably leads to the use of cell phones
while riding, resulting in a large number of violations and leading to accidents. Therefore,
the platforms demand the tolerant design of timeliness, delivery completion, incentive
revenue, customer satisfaction, effective navigation equipment, and safety equipment for
saving more lives of the riders. For example, platforms should redesign performance
evaluations to reduce the time pressure of takeaway riders and reduce the percentage of
revenue associated with delivery completion by increasing the basic income of delivery
riders or helping them optimize their routes to reduce travel time.

Influence degree

Ensuring the timeliness of delivery ||| NN - 785%

Completing more orders to increase income - 77.9%
Reduce users’ bad reviews, complaints and
dissatisfaction due to delivery delays

= 76.4%

Calling customers to pick up meals while riding - 76.1%
Needing to pay attention to order
information in real time

= 75.8%
Customer reminder = 73.4%
Navigate/View/Check Address = 72.5%

Lower penalties for traffic violations = 51.4%
The deterrent effect of traffic policy and
regulations is low

Motorway traffic flow is low - 42.4%

= 47.8%

Too much traffic on the non-motorized lane - 38.9%

No illegal capture camera L 37.6%
No non-isolation facilities between on-motorized
and motorized lane

No turnaround at the intersection/No shortcut - 33.1%

The speed limit is unreasonable ~ 30.5%

Non-motorized lanes are occupied by on-street
parking and illegal parking

= 29.4%

The red light is too long - 293%
No surrounding traffic - 268%
Red-light Riding Riding-on- Parking Using cell
nm;A :rg| Speeding against the the-motor- outside the phones
e traffic lane stop line while riding

The darker the color in the figure, the greater the degree of influence
Figure 5. The influence degree of each factor on each risky behavior.

Furthermore, “no turnaround at the intersection/no shortcut” directly causes riders to
ride against the traffic. “No non-isolation facilities between on-motorized and motorized
lane” and “non-motorized lanes are occupied by on-street parking and illegal parking”,
leading riders to ride on the motor lane. It can be seen that road factors were directly linked
to these two risky behaviors. At the same time, subjective factors such as “motorway traffic
flow is low” and “too much traffic on the non-motorized lane” also influenced riders to
ride on the motor lane and park outside the stop line.

In addition, “lower penalties for traffic violations”, “the deterrent effect of traffic policy
and regulations is low”, and “no illegal capture camera” simultaneously influenced riders
to engage in the above risky behaviors. This indicated that lax traffic regulations lead to
frequent loopholes for takeaway riders.

4.5. Improvement Strategy

The SEM results provide some useful information for improving the strategies to
ensure takeaway rider’s safety. The following improvement strategies are proposed based
on the primary influencing factors.
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Based on the results of the latent variable analysis, the following recommendations
were proposed. Firstly, traffic safety education should be strengthened [30], widely
publicizing the hazards and possible serious consequences of traffic violations of
takeaway e-bikes. Second, strict traffic enforcement and the implementation of a
licensing system for takeaway e-bikes should also be enhanced. Third, the government
should increase investment in non-motorized infrastructure to improve the riding
environment, avoiding the mixed traffic conditions between motorized and non-
motorized vehicles. Fourth, appropriately improve the recruitment requirements for
takeaway riders to ensure that riders have basic non-motorized driving licenses. A
traffic safety assessment can be set up during the interview, and only those who pass
can be admitted. Interviewees with poor awareness of personal traffic laws should
not be hired.

The following recommendations are proposed based on the significant influencing
factors of the takeaway platform driven.

(a) The takeaway platform should optimize the reward and punishment system,
matching the performance assessment to balance the gains and losses. First,
the rules of the performance algorithm should be optimized to reasonably
determine the number of orders, on-time rate, and customer satisfaction with
the tolerant design of the delivery right and delivery time limit. For example,
the assessment of the on-time rate should exclude the time consumed outside
the delivery time. Second, the reward and punishment system guides riders
to form safe and civilized delivery habits. The indicators of rewards might be
relative to the lower traffic violation and accident rate. If a serious accident
was caused by a rider who violated the traffic regulations, penalties such
as suspension of delivery qualifications may be taken. Third, for timeout,
cancellation or rejection of orders, bad reviews, etc., the platform should
investigate the actual situation. If it was determined to be the responsibility of
the rider, the amount of the fine was set according to the actual income of the
rider. Fourth, for high temperatures, rainstorms, and other bad weather, the
platform should set subsidies per order.

(b) It has been proposed in the relevant literature to equip delivery riders with
smart helmets to record traffic conditions and automatically receive orders [31].
On this basis, this paper proposes an early warning mechanism for risky rid-
ing behaviors. As shown in Figure 6, the smart helmet can sense the driving
information of delivery riders in real-time through GPS and video modules
and obtain speed information, signal status, real-time lane identification, and
cellphone image features. It would compare with the background map to
discern whether the delivery rider is currently speeding, red-light running,
riding against the traffic, riding on the motor lane, and using a cell phone while
riding. When there is a security risk in the current state, voice or vibration
prompts would be useful to remind the takeaway rider so as to prevent acci-
dents. At the same time, risky riding behaviors can be incorporated into the
reward and punishment assessment. Reasonable rewards and punishments
are given according to the number of risky riding behaviors to achieve effective
inhibition and deterrence.

(c) The government should strengthen the supervision of the takeaway platform
and include traffic violations as part of the performance assessment. When
they are accumulated to a certain level, the takeaway company and platform
might lose their business licenses.

Developing these policies will demonstrate to the public that the government takes

the safety of takeaway e-bikes seriously, which will continually correct takeaway riders’
attitudes toward safe riding.



Sustainability 2023, 15, 13094

20 of 23

GPS Module

Time Module Identification Module

Camera 1

Mic roprocessor
Camera 2

Voice Module

Vibration Module

Data Storage Module

Figure 6. Smart warning helmet for risky behavior of delivery riders.

5. Discussion and Conclusions

In this study, a risky riding behavior scale was designed under delivery riders’” condi-

tions. We used a SEM to evaluate the internal potential relationships between influencing
factors and risky riding behaviors in order to study the internal formation mechanisms of
risky riding behaviors of takeaway e-bikers at urban intersections and propose correspond-
ing improvement strategies. The results showed that individual characteristics, safety
attitude, riding confidence, and risk perception are significantly related to risky riding
behavior. The influence of incentive compensation driven by the takeaway platform was
the greatest.

)

@

®G)

(4)

The risky behaviors of red-light running and speeding are attributed to the incentive
compensation policy of the takeaway platform because the riders tend to fight against
time to improve punctuality and income. “More and faster” became the common
value orientation in the delivery industry. Therefore, the platforms should redesign
performance evaluation to reduce the time pressure of takeaway riders.

The riders usually need to pay attention to order information and the delivery routes
and communicate with customers to pick up meals in real-time, which inevitably
leads to the use of cell phones while riding, resulting in a large number of violations
and leading to accidents. Therefore, the platforms should equip takeaway riders
with smart helmets to improve the framework of early warning mechanisms for risky
riding behaviors.

“No turnaround at the intersection/no shortcut”, “no non-isolation facilities between
on-motorized and motorized lane”, and “non-motorized lanes are occupied by on-
street parking and illegal parking” directly causing riders to ride against the traffic,
ride on the motor lane, and park outside the stop line. Thus, it is significant for the
government to increase investment in non-motorized infrastructure, improve the
riding environment, and avoid the mixed traffic conditions between motorized and
non-motorized vehicles.

“Lower penalties for traffic violations”, “the deterrent effect of traffic policy and
regulations is low”, and “no illegal capture camera” simultaneously influenced riders
to engage in the above risky behaviors. This indicated that strict traffic regulations
are critical to the safety of takeaway riders.
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The empirical results provide theoretical support for the benign and healthy devel-
opment of the takeaway industry, which is significant for preventing and reducing risky
behaviors of takeaway riders and improving safety at urban intersections.

However, several limitations should be noted. Self-reported data may have some bias
with expectations, but other studies confirmed that the social expectation bias has little
impact on participants’ responses [32]. Next, due to the pandemic, the survey samples
were only obtained from Ningbo, which cannot accurately represent the whole of China.
Furthermore, the risky riding behavior model may be further optimized, and additional
considerations will be included, such as weather, road space and so on. Kun Gao [19]
utilizes hybrid choice modeling to quantitatively measure the effect of psychological inertia,
shedding light on heterogeneity in the strength of psychological inertia. Stefano [33],
using the hybrid choice models technique, developed an approach to analyze the mobility
preferences of young people at night time and estimated a model designed to incorporate
three dimensions of the problem simultaneously. It would be an interesting direction to use
hybrid choice modeling to quantitatively model.

In the future, studies of these relationships need to consider the autonomous vehicle
environment [34], while face recognition or automatic extraction technology can be used
to count takeaway risky riding behaviors, and observations can be made during off-peak
hours to compare riders’ risky behaviors at different times of a day. These will provide a
reference for proposing safety countermeasures for takeaway riding.
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