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Abstract: Queue-jumping is widely acknowledged as one of the most vexing driving behaviors and a 

prevalent traffic violation at urban intersections in China, exerting detrimental effects on both traffic 

operational efficiency and safety. To investigate the motivational factors underlying drivers’ queue-

jumping behavior at urban intersections, a questionnaire was designed to collect data based on an 

extended theory of planned behavior (TPB). A total of 427 valid responses were received through an 

online self-reported questionnaire survey conducted in China. The Pearson’s chi-square test was 

employed to examine potential demographic disparities in self-reported queue-jumping behavior 

among drivers at urban intersections. Covariance-based structural equation modeling (CB-SEM) with 

bootstrapping was utilized to elucidate the impact of various factors on drivers’ engagement in queue-

jumping behavior. The findings revealed significant gender and age differences regarding drivers’ 

propensity for queue-jumping at urban intersections, with male and young drivers exhibiting higher 

inclination compared to female and older counterparts, respectively. Furthermore, the extended TPB 

effectively accounted for both behavioral intention and actual occurrence of queue-jumping among 

drivers at urban intersections. Behavioral intention (β = 0.391, p = 0.002) and perceived behavior 

control (β = 0.282, p = 0.002) emerged as influential determinants of queue-jumping. Among all 

influencing factors shaping drivers’ behavioral intention toward engaging queue-jumping at urban 

intersections, attitude (β = 0.316, p = 0.005) proved to be the most significant factor followed by 

perceived risk (β = 0.230, p = 0.001), moral norms (β = 0.184, p = 0.002), subjective norms (β = 0.175, 
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p = 0.002), and perceived behavior control (β = 0.122, p = 0.05). These results offer valuable insights 

for urban road traffic managers seeking effective strategies for public awareness campaigns as well as 

practical intervention measures aimed at curbing improper driving behavior of queue-jumping at urban 

intersections. 

Keywords: queue-jumping behavior; urban intersection; driver; the theory of planned behavior (TPB); 

covariance-based structural equation modeling (CB-SEM) 

 

1. Introduction 

Globally, road traffic accidents result in approximately 1.3 million fatalities and an estimated 50 

million injuries annually [1]. Road intersections are frequent sites of such accidents. In the United 

States alone, there were 9.14 million vehicle collisions in 2020, with 2.23 million occurring at 

intersections and 2.09 million being intersection-related incidents [2]. In China, around 35% of 

accidents occur at road intersections each year [3]. 

Urban intersections play a crucial role within the road traffic network, serving as crucial hubs for 

distributing traffic flow. Usually, during periods of heavy traffic, vehicles near intersections tend to 

move slowly and form queues. The formation and dissipation process of vehicle queue length at 

intersections is influenced by signal control and varies with the cycle state. Accurate estimation of 

vehicle queuing delay information can assist traffic engineers in effectively evaluating target control 

strategies and identifying issues in traffic management, thereby aiding decision makers in enhancing 

traffic control methods [4,5]. Simultaneously, it enables road users to make optimal travel decisions 

by selecting the best departure time and route to avoid unnecessary delays and wasted travel costs [4,5]. 

As an important indicator, queuing delay not only directly evaluates intersection operational efficiency, 

lane design rationality, fuel consumption, and emissions but also reflects the level of obstruction faced 

by road users as well as their perception of intersection service quality. Consequently, numerous studies 

have been conducted on queue length evaluation models [6–9], queue waiting time models [10–12], 

and queue dissipation time models [13–15] at intersections. 

For an intersection with a vehicle queue present, the intersection clearing speed, which refers to 

the average speed of queued vehicles passing through the intersection from the front to the back, 

determines the duration required for dissipating the queue. Generally, a higher clearing speed during 

queue discharge indicates greater capacity for the intersection [16]. Various factors influence this 

clearing speed; among them is driver’s behavior such as queue-jumping which significantly reduces 

intersection clearance speeds consequently increasing queuing vehicles’ delay time. 

Queue-jumping refers to the act of a vehicle bypassing a parking queue or slow-moving traffic, 

disregarding the established order and forcefully merging into the target lane by abruptly cutting in 

front of another vehicle. During this lane-changing, the queue-jumping vehicle fails to yield to vehicles 

already in the target lane, significantly disrupting their normal flow. Queue-jumping is considered as 

an uncivilized driving behavior and was identified as the most irritating driving habit among 2.52 

million individuals surveyed in China [17]. From a legal standpoint, queue-jumping also constitutes 

an illegal driving behavior. Both China’s Road Traffic Safety Law (RTSL) and Road Traffic Safety 

Law Implementation Regulations (RTSLIR) explicitly prohibit queue-jumping behavior. For instance, 

Article 45 of RTSL stipulates that “When encountering a motor vehicle parked or moving slowly ahead 
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in line, it is prohibited to overtake or occupy the opposite lane or jump the queue.” Similarly, Article 53 

of RTSLIR states that “When a motor vehicle stops or moves slowly ahead in line, vehicles behind 

should wait their turn without interpenetration or overtaking on either side.” 

Despite being prohibited by traffic laws and regulations and provoking annoyance among other 

road users, a significant number of drivers persist in flouting these regulations through engaging in 

queue-jumping behavior. This behavior is particularly prevalent at urban intersections within medium-

sized and small cities across the country in China. The high frequency of drivers’ queue-jumping 

behavior at urban intersections has detrimental effects on road traffic. On the one hand, it can cause 

traffic jams and reduce traffic efficiency, and on the other hand, it can lead to traffic conflicts, which 

increases the probability of accidents and poses a significant safety threat to other traffic participants. 

According to statistics [17], traffic accidents caused by queue-jumping account for approximately 38.5% 

of the total number of minor accidents every year in China. 

In China, the primary focus of traffic managers has been on effectively enforcing regulations 

against illegal driving behaviors observed at urban intersections, such as running red lights, exceeding 

speed limits, crossing solid lines, and disregarding designated guidance lanes. This enforcement is 

facilitated through the utilization of electronic police systems. However, there exist technical 

complexities in accurately detecting instances of queue-jumping behavior via these electronic police 

systems, potentially leading to inadequate penalties being imposed. At the same time, drivers have 

little understanding of the harm of queue-jumping at urban intersections, and they have received 

insufficient publicity and education of relevant laws and regulations. Despite the recognition of 

frequent queue-jumping in China, current management measures have not effectively addressed this 

issue. Therefore, more attention should be paid to such an improper driving behavior. 

The driver plays a crucial role in road accidents as they serve as both the processor and decision-

maker of traffic information. Traffic violations are identified as one of the primary causes of traffic 

accidents, with statistics indicating that approximately 90% of traffic crashes in China can be attributed 

to such violations [18]. Consequently, the driver becomes central to issues related to illegal and unsafe 

driving behavior. Therefore, when investigating queue-jumping behavior at urban intersections, it is 

essential to focus on analyzing drivers’ social psychological factors. This analysis will provide a 

foundation for implementing behavioral interventions at urban intersections. However, previous 

research primarily focused on highlighting the harmfulness and adverse impact of drivers’ queue-

jumping behavior on road traffic [19–31], with only a few studies exploring their motivation. Wang and 

Wang [32] suggested that from a psychological perspective, anxiety arising from prolonged waiting is 

the main influencing factor leading drivers to jump queues. Yang et al. [33] discovered significant 

correlations between queue-jumping behavior and Type A personality traits, cognitions, and driver 

skills. Nevertheless, these studies did not analyze the relationship between queue-jumping behavior and 

drivers’ demographic information while also neglecting certain underlying psychosocial factors. 

In light of the aforementioned issues, we aim to investigate potential demographic differences in 

drivers’ self-reported queue-jumping behavior at urban intersections through the analysis of 

questionnaire data. At the same time, we aim to identify the socio-psychological factors that influence 

such behavior. Furthermore, we aim to propose relevant traffic management, traffic safety education 

and publicity measures based on the above analysis results to promote intervention and mitigate the 

occurrence of this behavior. Specifically, we employ the TPB as an analytical framework to examine 

the determinants of queue-jumping behavior. 

TPB offers a conceptual model that aids decision-makers in identifying influential factors 
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affecting specific behavioral patterns and devising effective intervention strategies [34,35]. Notably, 

TPB has been extensively utilized within the transportation domain, encompassing studies on travel 

mode preference [36,37], satisfaction with bus services [38] and ride-hailing services [39], analysis of 

risky driving behaviors [40–60] among others, yielding promising outcomes. To enhance our 

comprehension of queue-jumping behavior, we extend the TPB model by incorporating two additional 

variables commonly utilized in investigations concerning other driving behaviors: moral norms and 

perceived risk. The contributions of this study are as follows: 

1) This study statistically analyzes and confirms potential demographic differences (gender, age, 

driving experience, driving frequency, etc.) in drivers’ queue-jumping behavior at urban intersections. 

2) This study proposes an extended TPB model by introducing moral norms and perceived risk 

as supplementary factors to determine the significant influences on drivers’ queue-jumping behavior 

and behavioral intention at urban intersections. 

3) Based on the identified factors influencing drivers’ queue-jumping behavior at urban 

intersections, this study presents corresponding coping strategies and management measures from 

three perspectives: traffic management, traffic safety education, and media publicity. 

The following sections of this paper are structured as follows. First, there is a review and summary 

of relevant research work, which mainly includes two aspects: research on drivers’ queue-jumping 

behavior and TPB related research on drivers’ traffic violation behavior. The study framework and 

related research hypotheses are also proposed. Second, the materials and methods used in this paper 

are provided. Third, the results are described. Fourth, the findings and implications for intervention 

are discussed. Finally, the conclusions are summarized. 

2. Literature review and hypothesis development 

2.1. Drivers’ queue-jumping behavior 

2.1.1. Queue-jumping behavior on road sections 

Many scholars have extensively investigated drivers’ queue-jumping behavior on road sections. 

Hallmark et al. [19] and Sun et al. [20] conducted research on drivers’ queue-jumping behavior at work 

zones, revealing that such behavior significantly increased the likelihood of sudden deceleration or 

even braking by vehicles behind, often leading to anger or aggressive responses from other drivers. 

Shang et al. [21] investigated queue-jumping behavior at expressway off-ramps using cellular 

automata simulation, demonstrating its adverse impact on average vehicle delay time. Ren et al. [22] 

demonstrated that queue-jumping behavior was one of the top three direct causes of road rage. The 

likelihood of queue-jumping leading to road rage was associated with the driver’s weekly driving 

frequency and age; those who drove more frequently per week were more prone to experiencing road 

rage as a result of queue-jumping behavior. Ning et al.’s work [23,24] indicated a strong correlation 

between sideswipe collisions in urban expressway traffic accidents and queue-jumping behavior; 

furthermore, collisions related to queue-jumping had the most substantial impact on crash duration. 

Yang et al. [33] developed a questionnaire to investigate drivers’ queue-jumping behavior (both on 

road sections and at intersections), and the findings revealed that attitude, risk perception, driving skill, 

and safety motivation were significant factors. Lajunen et al. [61] employed a British version of a 

driver anger scale that included items related to queue-jumping to examine the association between 
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self-reported general aggressiveness, driver anger, and aggressive driving. The results indicated that 

queue-jumping could cause extreme aggression. Taking into full consideration the unique traffic and 

driving conditions in China, Xie et al. [62], Li et al. [63], and Li et al. [64] incorporated items related 

to queue-jumping behavior when modifying the driver behavior questionnaire (DBQ). Similarly, Abid 

et al. [65] developed an extended DBQ that specifically included items on drivers’ queue-jumping 

behavior in Pakistan. Li et al. [66,67] argued that competitive driving during traffic jams (including 

queue-jumping) aimed at gaining spatial advantage was primarily influenced by social environment 

factors. Liew et al. [68] found no significant difference in terms of gender or driving experience 

regarding queue-jumping; however, male drivers were observed to engage in this practice more 

frequently than female drivers. On conducting a questionnaire survey among adolescents regarding 

their perception of potential causes of traffic accidents, Chee [69] identified that speeding, inattention, 

and queue-jumping ranked in the top three. 

2.1.2. Queue-jumping at urban intersections 

Some studies have focused on queue-jumping behavior at urban intersections. Liu [25] conducted 

a risk assessment study on different types of risky lane-changing behaviors at signalized intersections, 

revealing that sudden queue-jumping when starting up posed the highest level of risk for drivers. Yang 

and Jia [26] investigated queue-jumping behavior among vehicles at urban road-rail crossings, finding 

that larger vehicles exhibited higher rates of this behavior compared to smaller ones. At bottlenecks, 

queue-jumping could significantly impact traffic conditions and lead to rapid declines in capacity. 

Huang [27] demonstrated that both successful and unsuccessful attempts at queue-jumping had adverse 

effects on safe driving for surrounding vehicles, with failed attempts having greater impacts than 

successful ones. Hao et al. [28–30] reported that queue-jumping behavior accounted for 28.79% of the 

total number of risky lane-changing at intersections, and posed a high-risk level. Ahmed et al. [31] 

highlighted how motorbike riders’ tendency toward queue-jumping behavior could affect travel time 

and traffic flow in micro simulations. Wang et al. [32] conducted an analysis of queue-jumping among 

drivers and found that the anxiety while waiting at traffic lights and large gaps between vehicles were 

significant influencing factors. Li et al.’ study [70], which analyzed the queue-jumping behavior at 

signalized intersections based on prospect theory, identified three primary influencing factors: traffic 

management policy, the delayed, and audit probability. Li et al. [71] applied evolutionary game theory 

to analyze drivers’ choice of queuing or queue-jumping strategies over a period of time and found that 

when traffic management departments promptly penalized drivers for illegal actions in a timely manner, 

greater benefits would be brought to all involved parties. Qin et al. [72,73] identified queue-jumping 

as one of the most common forms of aggressive driving at urban intersections, and drivers were more 

likely to engage in this behavior during peak hours than off-peak hours. Li et al. [74] showed that 

drivers with more aggressive tendencies are more likely to engage in high-risk lane-changing 

(including queue-jumping) behaviors at intersections. 

In summary, the aforementioned studies on drivers’ queue-jumping behavior, both on road 

sections and at intersections, indicate a frequent occurrence of this aggressive driving behavior which 

has detrimental effects on traffic flow, safety, and driver emotions. Furthermore, it is influenced by 

various factors; however, the mechanism of its occurrence remains unclear. 

  



1444 

Electronic Research Archive  Volume 32, Issue 3, 1439-1470. 

2.2. Potential factors affecting drivers’ driving violations 

By enhancing the theory of reasoned action (TRA) [75], Azjen [34,35] put forward a well-known 

social cognitive theory called TPB to elucidate behavioral decision-making processes. In TPB (see 

Figure 1), intention can be predicted by attitude (AT), subjective norms (SN), and perceived behavioral 

control (PBC), and behavior can be directly predicted by behavioral intention (BI) and PBC. 

As a comprehensive social theoretical model, TPB has been extensively applied in the field of 

safe driving research. For instance, it has been used to explain behaviors such as phone usage while 

driving [40–52], speeding [53–55], drunk driving [56,57], illegal lane-changing [58,59], and blocking 

ambulances [60], among others. The flexibility of TPB allows for the inclusion of additional factors 

like moral norms (MN) and perceived risk (PR) to enhance its explanatory power for specific behaviors. 

Table 1 summarizes the application of TPB along with these additional factors in studying illegal 

driving behavior. 

Table 1. TPB and additional factors in previous studies. 

Behavior AT SN PBC MN PR Country Sample size Ref. 

Phone usage while 

driving 

√ √# √# — √d# Australia 796 [40] 

× √ × √ — Australia 133 [41] 

√ √ √ √ — Australia 171 [42] 

√ × × √ — UK 150 [43] 

√ √ √ √ — USA 243 [44] 

√ √ √ √ — Australia 114 [45] 

√ √# √# — √c# Poland 298 [46] 

√# ×# √# — √c Australia 551/559 [47] 

√ √ √ √ — Iran 257 [48] 

× √ × √ — USA 259 [49] 

√ √ √ √ — China 286 [50] 

× × √ — √ Ethiopia 155 [51] 

√ × × — √# UK 314 [52] 

Speeding √ √ √# √ — UK 83/303 [53] 

√ √ √ √ √ Australia 126 [54] 

√ × × — √ China 952 [55] 

Drunk driving √ × √ √ — Norway 879 [56] 

√ × √ √ — China 459 [57] 

Illegal lane-changing √ √ √ — — China 506 [58] 

√ √ √ × √ China 515 [59] 

Not giving way to 

ambulances  

√ × √ √ — China 423 [60] 

Note: √: significant;: × non-significant. # Some driving scenarios. c Crash risk; d Apprehension risk. 
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Figure 1. TPB diagram. 

2.3. The current study 

Through literature analysis presented in Table 1, it is evident that attitude, subjective norms, and 

PBC within the fundamental TPB model are closely associated with drivers’ intentions and violations 

of traffic rules. Therefore, this study establishes a model for drivers’ queue-jumping behavior based on 

the basic TPB model. 

As depicted in Table 1, moral norms and perceived risk emerge as two significant factors 

influencing drivers’ violation behavior. Moral norms pertain to an individual’s assessment of whether 

a particular behavior is right or wrong based on societal values [76]. The behavior of queue-jumping 

at urban intersections is generally regarded as an uncivilized driving behavior. When drivers make 

decisions on queue-jumping, they are more or less likely to consider the ethical implications of this 

behavior. In the current study, we hypothesized that moral norms would also play a significant role in 

affecting drivers’ queue-jumping behavior at urban intersections. 

Perceived risk means a person’s awareness of possible risks linked with specific behaviors, 

including crash risk and apprehension risk [40,46,47]. Considering that drivers would have certain 

subjective judgments on the possibility of being involved in a traffic crash and the likelihood of being 

pulled over by law enforcement when deciding to jump the queue at urban intersections, we introduced 

perceived risk as an additional factor. 

Based on the above analysis of potential influencing factors and the summary of existing studies, 

we constructed an extended TPB model to describe drivers’ queue-jumping behavior at urban 

intersections. Figure 2 shows the model framework. 
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Figure 2. The extended TPB model. 

The initial hypotheses to be examined in this study are as follows. 

H1: Behavioral intention affects queue-jumping behavior at urban intersections. 

H2: PBC affects queue-jumping behavior at urban intersections. 

H3: Attitude affects queue-jumping behavioral intention. 

H4: Subjective norms affect queue-jumping behavioral intention. 

H5: PBC affects queue-jumping behavioral intention. 

H6: Moral norms affect queue-jumping behavioral intention. 

H7: Perceived risk affects queue-jumping behavioral intention. 

H8: PBC indirectly affects queue-jumping behavior at urban intersections through behavioral 

intention. 

3. Materials and methods 

3.1. Participants and procedure 

A pilot survey was conducted among 15 drivers to identify items for inclusion in the preliminary 

questionnaire. Detailed participant information and relevant interview materials can be found in 

Supplementary. Open-ended questions were asked regarding participants’ attitudes toward queue-

jumping at urban intersections, including opinions about this behavior from their family members and 

friends, among others. The most frequently provided answers were selected to design corresponding 

items. For instance, concerning the question “Can you think of any advantages of queue-jumping when 

driving near an urban intersection?”, five responses related to saving time or not wasting time while 

six responses mentioned arriving quickly at a destination or passing through the intersection as fast as 

possible. Subsequently, we developed corresponding items based on these responses and previous 

research. Pre-tests were also conducted to assess the items prior to the formal survey. 
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The formal questionnaire comprised three sections. The first section served as an introduction, 

expressing gratitude toward participants and providing information about the purpose, organizer, and 

utilization of relevant data. Participants were informed that their participation was voluntary, they 

could discontinue filling out the questionnaire at any time, and their information would be strictly 

confidential. Additionally, participants were provided with an explanation of queue-jumping at the 

investigated intersection and its regulation measures. 

Personal attributes of participants including gender, age, education level, etc., were collected in 

the second section. The third section consisted of the questions corresponding to observed indexes of 

each latent variable in the model shown in Figure 2. 

The formal questionnaire was administered online through the Wenjuanxing application—a 

professional online platform for questionnaire surveys, examinations, assessments, and voting in China. 

Participants were recruited via various popular social media chat-groups. Participation was limited to 

individuals aged 18 years or above who possessed a valid driver’s license and regularly drove cars. 

Each Internet protocol address was restricted to one participation. The average completion time for the 

online survey was approximately 20 minutes. The survey took place over a duration of one month. 

At the end, out of 550 invited drivers, 456 completed the questionnaire. However, after careful 

screening, 29 responses were deemed invalid. Incomplete responses or those with missing values in 

any questions were excluded. Some participants completed the survey faster than required, some 

participants consistently selected the same option for all questions, some participants’ age was 

obviously inconsistent with their driving experience, some participants’ age was obviously inconsistent 

with their educational background, and so on. The responses of these participants were also excluded. 

Therefore, a total of 427 valid questionnaires were collected. 

The basic information of participants is shown in Table 2. Of the 427 participants, 274 were male 

(64.2%) and 153 were female (35.8%). Additionally, 35.8% of them fell within the age range of 30 to 

39 years old. The majority (32.8%) reported driving a car for 4–6 hours per week, while 70.8% had a 

driving experience ranging from 2 to 10 years. 

Table 2. Demographic information of the participants (N = 427). 

Items Number Percent Items Number Percent 

Gender Male 274 64.2% Education < high school 73 17.1% 

Female 153 35.8% high school 130 30.4% 

Age (years) 18–29 114 26.7% Undergraduate 155 36.3% 

30–39 153 35.8% > Undergraduate 69 16.2% 

40–49 94 22.0% Driving 

Frequency 

(hours/week) 

< 4 84 19.7% 

≥ 50 66 15.5% 4–6 140 32.8% 

Driving 

Experience 

(years) 

< 2 102 23.9% 7–10 86 20.1% 

2–5 151 35.4% 11–15 63 14.8% 

6–10 151 35.4% > 15 54 12.6% 

> 10 23 5.3%     
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3.2. Measures 

In the third section of the questionnaire, 7 constructs and 19 corresponding items are compiled 

on the ground of pilot survey results as well as previous studies (see Table 1). Table 3 provides a 

detailed description of the questionnaire. 

Table 3. Description of the questionnaire. 

Constructs Code Items 

Attitude (AT) AT1 Jumping the queue near an urban intersection gives me a sense of pleasure. 

AT2 Jumping the queue near an urban intersection gives me a sense of accomplishment. 

AT3 It saves me time by jumping the queue near an urban intersection. 

AT4 It makes me get to my destination faster by jumping the queue near an urban 

intersection. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

Subjective 

norms (SN) 

SN1 My family would not stop me from jumping the queue near an urban intersection. 

SN2 My friends would not stop me from jumping the queue near an urban intersection. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

Perceived 

behavior 

control (PBC) 

PBC1 It is an easy driving task for me to jump the queue near an urban intersection. 

PBC2 I am able to respond quickly to all kinds of emergencies when I conduct queue-

jumping behavior near an urban intersection. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

Moral norms 

(MN) 

MN1 I would feel guilty if I jump the queue near an urban intersection. 

MN2 For me, the act of queue-jumping near an urban intersection is within the scope of 

uncivilized driving. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

Perceived risk 

(PR) 

PR1 To what extent do you agree that it is likely you will have a crash if you conduct 

queue-jumping near an urban intersection? 

PR2 To what extent do you agree that it is likely you will encounter an emergency if you 

conduct queue-jumping near an urban intersection? 

PR3 To what extent do you agree that it is likely you will be fined by the police if you 

conduct queue-jumping near an urban intersection? 

PR4 To what extent do you agree that it is likely you will be caught by the police or be 

captured by the video surveillance if you conduct queue-jumping near an urban 

intersection? 

No extent at all ○1 ○2  ○3  ○4  ○5  A great extent 

Behavioral 

intention (BI) 

BI1 In the coming 3 months, I will plan to conduct queue-jumping behavior near an 

urban intersection. 

BI2 In the coming 3 months, if conditions permit, I will plan to conduct queue-jumping 

behavior near an urban intersection. 

BI3 In the coming 3 months, in the event that I need to jump the queue, I will plan to 

conduct queue-jumping behavior near an urban intersection. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

continued on next page 
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Constructs Code Items 

Self-reported 

queue-jumping 

behavior (QJ) 

QJ1 
I used to conduct queue-jumping behavior near an urban intersection when I 

needed to in the past 6 months. 

Strongly disagree ○1 ○2  ○3  ○4  ○5  Strongly agree 

QJ2 
How often have you conducted queue-jumping behavior near an urban intersection 

in the past 6 months? 

Never ○1 ○2  ○3  ○4  ○5  Very often 

3.3. Data analysis 

To examine potential demographic differences in drivers’ self-reported queue-jumping behavior 

at urban intersections, we employed Pearson’s chi-square test after data clearing was performed. We 

used Cronbach’s alpha (α) values to test item consistency. To explore the questionnaire structure, 

explanatory factor analysis (EFA) using principal component factor analysis (PCA) with varimax-

rotation was conducted. All these analyses were performed using SPSS 25.0. 

There are two widely employed SEM methods: Covariance-based structural equation modeling 

(CB-SEM) and partial least squares based structural equation modeling (PLS-SEM). CB-SEM model 

is more suitable for factor-based models, whereas PLS-SEM is better suited for composite-based 

models [77]. In our study, the proposed conceptual model is a factor-based model; hence CB-SEM is 

deemed more appropriate. 

A SEM model consists of two components: the measurement model and structural model [78–83]. 

The measurement model underwent confirmatory factor analysis (CFA) for testing purposes in this 

study. Both CFA and the structural model tests were conducted using AMOS 24.0. Selecting an 

appropriate method is crucial when evaluating CFA and the structural model. Bootstrapping, a non-

parametric resampling technique, evaluates the variability of a statistic by analyzing sample data 

variability instead of relying on parametric assumptions to assess estimate precision [84]. Utilizing 

bootstrapping offers several advantages in this context [85,86]. First, this method is easily 

understandable and does not require extensive knowledge of mathematics or the probability theory. 

Second, the statistical assumptions underlying bootstrapping are quite flexible, which is particularly 

advantageous when dealing with empirical data that often deviate from restrictive assumptions like 

(multivariate) normality in many statistical models. These deviations can affect the validity of 

statistical inferences drawn from the data. Third, bootstrapping has wide-ranging applicability and 

serves as a viable solution in situations where conventional methods may be challenging or even 

unattainable to employ. 

The use of CB-SEM with bootstrapping enables researchers to assess the stability of parameter 

estimates and can be applied in situations where assumptions of large sample size and multivariate 

normality may not hold. Previous research [87] also demonstrated that results obtained from CB-SEM 

with bootstrapping and variance-based SEM (also known under the term PLS-SEM) are essentially 

similar. Therefore, we utilized maximum likelihood estimation method along with bootstrapping 

technique employing 1000 samples to estimate both measurement model and structural model in 

AMOS 24.0. 

Throughout the data analysis process described above, several evaluation criteria were employed. 
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Table 4 lists the relevant evaluation criteria along with their recommended values [78–83]. 

Table 4. A summary of the evaluation criteria required. 

Stage Indices Abbreviation Recommended criteria 

EFA Cronbach’s Alpha α > 0.7 

Bartlett’s Test of Sphericity BTS p–Value < 0.05 

Kaiser-Meyer-Olkin test KOM > 0.6 

Factor Loadings  > 0.6 

CFA Standardized Regression Weights   > 0.6 

Composite Reliability CR > 0.7 

Average Variance Extracted AVE 0.5 < AVE < CR; 

√AVEs > Inter-construct 

correlations 

Maximum Shared Variance MSV MSV < AVE 

Average Shared Variance ASV ASV < AVE  

CFA and 

structural 

model 

Normed Chi-square 𝜒2/df 1 < 𝜒2/df < 3 

Comparative Fit Index CFI > 0.90 

Tucker-Lewis Index TLI > 0.90 

Incremental Fit Index IFI > 0.90 

Root-Mean-Square Error of 

Approximation 

RMSEA < 0.06 

Test of Close Fit PCLOSE > 0.50 

4. Results 

4.1. Demographic differences among queue-jumping behavior 

The analysis involved conducting a Pearson’s chi-square test to explore potential demographic 

variations in drivers’ self-reported queue-jumping behavior at urban intersections. The results indicated 

no significant differences among drivers’ queue-jumping behavior based on their educational 

background, driving experience, or driving frequency. However, as shown in Table 5, significant 

differences were observed when considering the gender and age groups of drivers. Male drivers (M1 = 

2.24, SD1 = 1.07; M2 = 1.92, SD2 = 0.94) exhibited a higher tendency to partake in queue-jumping at 

urban intersections compared to female drivers (M1 = 1.92, SD1 = 0.97; M2 = 1.73, SD2 = 0.89). 

Additionally, it was observed that individuals aged between 18-29 (M1 = 2.27, SD1 = 0.99; M2 = 1.97, 

SD2 = 0.97) exhibited a higher propensity for engaging in this behavior compared to the other three 

age groups. 
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Table 5. Pearson’s chi-square testing results. 

Item QJ1 QJ2 

(1) (2)–(5) M1 SD1 (1) (2)–(5) M2 SD2 

Gender Male 18.1% 46.1% 2.24 1.07 27.2% 37.0% 1.92 0.94 

Female 15.2% 20.6% 1.92 0.97 19.9% 15.9% 1.73 0.89 

Sum 33.3% 66.7%   47.1% 52.9%   
2

  
2

1
 = 13.473**, p = 0.009 

2

2
 = 10.544*, p = 0.032 

Age 18–29 6.6% 20.1% 2.27 0.99 10.8% 15.9% 1.97 0.97 

30–39 10.5% 25.3% 2.21 1.06 14.3% 21.5% 1.87 0.95 

40–49 11.5% 10.5% 1.79 1.03 14.5% 7.5% 1.69 0.89 

≥ 50 4.7% 10.8% 2.17 1.05 7.5% 8.0% 1.83 0.81 

Sum 33.3% 66.7%   47.1% 52.9%   
2

  
2

1
 = 27.234**, p = 0.007 

2

2
 = 22.037*, p = 0.037 

Note: (1) Never/Strongly Disagree; (2) Occasionally/Disagree; (3) Sometimes/Neutral; (4) Often/Agree; (5) Very 

often/Strongly Agree. * p ≤ 0.05, ** p ≤ 0.01. 

4.2. EFA results 

We performed an EFA using PCA with varimax rotation to investigate whether constructs loaded 

as expected, exhibited adequate correlation, and satisfied reliability and validity requirements. Prior to 

conducting the EFA, we assessed the questionnaire’s suitability by employing Bartlett’s test of 

sphericity and Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy. The findings indicated that 

KMO = 0.826 > 0.6 and Bartlett’s test was statistically significant at p = 0.000 with an Approx. Chi-

square = 40673987 and degrees of freedom equal to 171, suggesting that performing a PCA was 

appropriate for our study. 

Table 6 presents the factor loadings for each individual item which all exceeded a threshold of 0.6 

ranging from 0.672 to 0.908 without any cross-loadings among them. Thus, no items required 

elimination from the questionnaire. Ultimately, our comprehensive seven-factor model accounted for 

a substantial proportion (77.45%) of the total variance. Moreover, all seven extracted factors exhibited 

eigenvalues greater than 1.0. 

To assess reliability for each factor, Cronbach’s α coefficient was calculated resulting in values 

ranging from 0.797 to 0.869 as presented in Table 6. All factors exceeded the cutoff criterion of 0.7 for 

reliability values. 
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Table 6. Results of EFA, reliability and factor loadings. 

Constructs Items Loadings Cronbach’s  Variance explained  Cumulative variance explained  

AT AT1 0.672 0.797 13.83% 13.83% 

AT2 0.783 

AT3 0.809 

AT4 0.788 

SN SN1 0.874 0.802 8.92% 22.75% 

SN2 0.869 

MN MN1# 0.908 0.866 9.29% 32.04% 

MN2# 0.883 

PBC PBC1 0.829 0.797 8.51% 40.55% 

PBC2 0.855 

PR PR1# 0.841 0.861 15.44% 55.99% 

PR2# 0.837 

PR3# 0.754 

PR4# 0.797 

BI BI1 0.769 0.869 12.16% 68.15% 

BI2 0.848 

BI3 0.779 

QJ QJ1 0.876 0.868 9.30% 77.45% 

QJ2 0.873 

Note: # The scores were reversed (the same below). 

4.3. CFA results 

 

Figure 3. Measurement model of the extended TPB. 
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Figure 3 and Table 7 depict both the measurement model and the evaluation results. It showed that all 

fit indexes of the measurement model (see Figure 3) met the recommended criteria, which provided 

evidence of good model fit. Each construct in the measurement model exhibited significant associations 

with all of its items, and the standardized regression weight of each item exceeded 0.6 (see Table 7). 

Table 7. Results of CFA. 

Constructs Items β Std. Error 95% Confidence Intervals p 

Lower Upper 

AT AT1 0.680** 0.039 0.592 0.749 0.003 

AT2 0.704** 0.036 0.635 0.779 0.002 

AT3 0.824** 0.034 0.748 0.889 0.003 

AT4 0.757*** 0.036 0.690 0.828 0.001 

SN SN1 0.785** 0.043 0.694 0.866 0.002 

SN2 0.853** 0.046 0.770 0.954 0.002 

MN MN1 0.821** 0.038 0.743 0.899 0.002 

MN2 0.930** 0.040 0.853 1.009 0.003 

PBC PBC1 0.853** 0.038 0.773 0.926 0.003 

PBC2 0.779** 0.036 0.700 0.846 0.003 

PR PR1 0.830** 0.019 0.791 0.866 0.002 

PR2 0.873** 0.018 0.834 0.905 0.002 

PR3 0.712** 0.030 0.649 0.768 0.002 

PR4 0.743*** 0.027 0.692 0.792 0.001 

BI BI1 0.836** 0.019 0.797 0.874 0.002 

BI2 0.901** 0.016 0.864 0.928 0.004 

BI3 0.772** 0.023 0.722 0.812 0.002 

QJ QJ1 0.869** 0.030 0.806 0.929 0.002 

QJ2 0.888** 0.031 0.828 0.952 0.002 

Note: p≤0.01; *** p≤0.001. β (Standardized regression weight); Std. Error (Standardized error). 

To assess the convergent validity, we computed CR and AVE values. As depicted in Table 8, all 

CR values ranged from 0.800 to 0.876, consistently surpassing the minimum threshold value of 0.70, 

thereby indicating reliable measures. AVEs ranged from 0.553 to 0.772, exceeding the recommended 

level of 0.50, and confirming the convergent validity of the measurement model. 

Table 8. Convergent and discriminant validity assessing results. 

Constructs CR AVE MSV ASV AT SN MN PBC PR BI QJ 

AT 0.831 0.553 0.204 0.093 0.744 a       

SN 0.804 0.672 0.142 0.087 0.185 b 0.820 a      

MN 0.869 0.770 0.149 0.089 0.253 b 0.243 b 0.877 a     

PBC 0.800 0.667 0.169 0.124 0.366 b 0.266 b 0.274 b 0.817 a    

PR 0.870 0.628 0.175 0.112 0.212 b 0.377 b 0.274 b 0.373 b 0.792 a   

BI 0.876 0.702 0.204 0.169 0.452 b 0.364 b 0.386 b 0.411 b 0.418 b 0.838 a  

QJ 0.871 0.772 0.187 0.114 0.275 b 0.236 b 0.334 b 0.394 b 0.310 b 0.433 b 0.879 a 

Note: a √AVEs; b Inter-construct correlations. 
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To effectively evaluate discriminant validity, the square root of AVE (on diagonal in Table 8) was 

compared with inter-construct correlations for each construct pairwise comparison. This analysis 

revealed that √AVE for each construct was greater than its corresponding inter-construct correlation 

coefficient, suggesting good discrimination validity. The MSV and ASV values were also calculated. 

As shown in Table 8, the results indicated that both MSV and ASV were lower than AVE values, further 

confirming good discrimination validity. 

Taken together, both the obtained strong convergent and discriminative validities of the 

measurement model support further evaluation of the structural model. 

4.4. Structural model evaluation results 

4.4.1. Multivariate assumptions 

The first step in structural evaluation is assessing collinearity within the structural model [88]. To 

test linearity, a regression analysis was conducted to examine relationships between variables directly 

connected by a path. As shown in Table 9, our findings demonstrated that both BI (β = 0.326, p = 0.000) 

and PBC (β = 0.260, p = 0.000) were positively related to QJ. Additionally, AT (β = 0.282, p = 0.000), 

SN (β= 0.163, p = 0.000), PBC (β = 0.139, p = 0.002), MN (β = 0.182, p = 0.000), and PR (β = 0.202, 

p = 0.000) were all positively correlated with BI. 

We also assessed whether multicollinearity was an issue by calculating variance inflation factor 

(VIF) values. Results showed that all VIF values were below 5.0, very close to 1.0, suggesting no 

presence of multilinearity. 

Table 9. Multivariate assumptions testing results. 

Independent Variables 𝛽 t p VIF 

 Dependent Variable: QJ 

Intercept 0.717*** 5.849 0.000  

PBC 0.260*** 5.620 0.000 1.203 

BI 0.326*** 7.041 0.000 1.203 

 Dependent Variable: BI 

Intercept –0.627*** -3.879 0.000  

AT 0.282*** 6.819 0.000 1.197 

SN 0.163*** 3.965 0.000 1.185 

PBC 0.139** 3.178 0.002 1.332 

MN 0.182*** 4.455 0.000 1.171 

PR 0.202*** 4.722 0.000 1.282 

Note: β (Standardized regression coefficients); VIF (Variance inflation factor). ** p≤0.01; *** p≤0.001. 

4.4.2. Structural model analysis results 

The structural model is depicted in Figure 4, which demonstrates that all fit indices meet the 

recommended criteria, indicating a satisfactory fit of the data to the model. Path analysis was 

conducted to test all proposed hypotheses, as presented in Table 10. 
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Figure 4. Structural model of the extended TPB. 

Table 10. Hypothesis testing results. 

Hypotheses Paths β 95% Confidence Intervals p Results 

Lower Upper 

H1 QJ←BI 0.391** 0.265 0.508 0.002 Supported 

H2 QJ←PBC 0.282** 0.146 0.418 0.002 Supported 

H3 BI←AT 0.316** 0.202 0.403 0.005 Supported 

H4 BI←SN 0.175** 0.060 0.282 0.002 Supported 

H5 BI←PBC 0.122* 0.031 0.252 0.05 Supported 

H6 BI←MN 0.184** 0.078 0.284 0.002 Supported 

H7 BI←PR 0.230*** 0.128 0.349 0.001 Supported 

H8 QJ←PBC (Total) 0.330** 0.188 0.458 0.002 Supported 

QJ←BI←PBC (Indirect) 0.048* 0.001 0.102 0.037 

QJ←PBC (Direct) 0.282** 0.146 0.418 0.002 

Note: * p≤0.05; ** p≤0.01; *** p≤0.001. 

According to Table 10, it was found that all paths were statistically significant, providing support 

for all proposed hypotheses. 

The standardized regression weight value between BI and QJ was 0.391 (p = 0.002), which was 

the largest value, suggesting that drivers’ intention toward queue-jumping at urban intersections was 

the strongest predictor of this behavior. This confirmed that hypothesis H1 was supported. Another 
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predictor of QJ was PBC with a path coefficient of 0.282 (p = 0.002). PBC was also positively 

associated with QJ, which supported hypothesis H2. 

As hypothesized, AT (β = 0.316, p = 0.005), SN (β = 0.175, p = 0.002), PBC (β = 0.122, p = 0.05), 

MN (β = 0.184, p = 0.002), and PR (β = 0.230, p = 0.001) were all found to have a positive association 

with BI. Consequently, hypotheses H3-H7 were supported as well. 

To test hypothesis H8, we conducted a mediation analysis using the bootstrapping method to 

examine whether PBC had an indirect effect on QJ through BI. As presented in Table 10, the total 

effect (β = 0.330, p = 0.002), indirect effect (β = 0.048, p = 0.037), and direct effect (β = 0.282, p = 

0.002) were all statistically significant, confirming support for hypothesis H8. 

Additionally, we also assessed the explanatory power of the structural model by calculating 

squared multiple correlations. The results indicated that the structural model explained 48.9% of the 

variance in behavioral intention (R2 = 0.489, p = 0.009) and 33.8% of the variance in queue-jumping 

behavior (R2 = 0338, p = 0.004). Therefore, the extended TPB model proposed could effectively 

explain drivers’ behavioral intentions and behaviors related to queue-jumping at urban intersections. 

5. Discussion 

Urban intersections are susceptible to traffic congestion and accidents, with drivers’ queue-

jumping behavior exacerbating the disorder of traffic operation and creating new safety hazards. 

Queue-jumping is an uncivilized and illegal conduct that disrupts normal traffic order, negatively 

impacts other road users, and undermines fairness in travel. This behavior has a high prevalence in 

many small and medium-sized cities in China, with studies [19–31] confirming its detrimental effects. 

The objective of this study was to investigate the influencing factors of queue-jumping at urban 

intersections from the perspective of drivers’ social psychology based on an extended TPB. These 

findings can help traffic managers to better understand the causes behind this behavior to some extent, 

enabling them to implement targeted management strategies and interventions. 

5.1. Gender and age differences in queue-jumping behavior 

Previous studies [89–98] have demonstrated a correlation between drivers’ age, gender, and other 

demographic factors with risky driving behaviors, traffic offences, and traffic accidents. In our study, 

we identified that gender and age as significant influencing factors for queue-jumping at urban 

intersections. 

Liew et al. [68] reported that male drivers were more inclined toward queue-jumping compared 

to female drivers; however, the gender difference was not found to be statistically significant. Contrary 

to their findings, our study revealed significant disparities between male and female drivers in 

engaging in queue-jumping behavior. This discrepancy may stem from variations in social psychology 

between males and females. Specifically, research [99] has shown that males tend to exhibit a higher 

propensity for risk-taking than females. Moreover, males demonstrate greater competitiveness [100], 

lower inclination toward altruistic behavior [101,102], and less cooperation compared to their female 

counterparts [103]. Females also exhibit higher levels of integrity when it comes to honesty relative to 

males [104]. Lastly, when faced with moral dilemmas, females display a stronger aversion toward 

causing harm than males do [105]. 

Previous research has consistently demonstrated that young drivers are more prone to engaging 
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in risky driving behaviors, including distracted driving [41,42,44,45,47,49], speeding [54,106–108], 

risky lane-changing [58,59], driving while intoxicated [109,110], driving while drowsy [111], driving 

without seat belts [112]. Consequently, they have a higher likelihood of being involved in traffic 

accidents. In our study, we observed a significant age disparity regarding queue-jumping behavior at 

intersections. Specifically, drivers aged between 18 and 29 exhibited a greater propensity for this 

improper behavior compared to other age groups. It is worth noting that young drivers generally engage 

in riskier driving behaviors [113] and possess an elevated level of confidence in their driving abilities [90]. 

Furthermore, they tend to hold more favorable attitudes toward violating lane change regulations [58,59]. 

Overall, the male and young driver group should be the focus of attention in the management of 

queue-jumping behavior at urban intersections. 

5.2. TPB and additional factors 

As expected, the extended TPB was confirmed to be a model with high efficiency. It explained 

48.9% of the variance in behavioral intention and 33.8% of the variance in the queue-jumping behavior 

at urban intersections. All the basic TPB factors and the additional TPB factors were significantly 

associated with drivers’ behavioral intention and the behavior. 

In our study, intention (β = 0.391, p = 0.002) emerged as the strongest predictor of the queue-

jumping behavior in our study. Drivers who had a strong intention to conduct queue-jumping at urban 

intersections were more likely to do so. However, behavioral intention was more explained than queue-

jumping behavior in our model. This is a common result that has been found in the application of TPB, 

which is taken as “the intention-behavior gap” [114,115]. Although research [116] argued that TPB 

could better explain behavioral intention than behavior, a strong intention could be also likely to predict 

the behavior. 

PBC was a significant predictor of queue-jumping behavior (β = 0.282, p = 0.002) as well as 

behavioral intention (β = 0.122, p = 0.05). Drivers who viewed queue-jumping as easier to implement 

and easier to deal with unexpected situations were more inclined toward intending and engaging in 

such behavior. PBC reflects the driver’s confidence in his/her driving skills. When the driver is too 

confident in his/her driving skills, he/she is more likely to underestimate the risk of driving violations. 

In our study, PBC could not only directly affect the queue-jumping behavior at urban intersections, but 

also indirectly affect the behavior through behavioral intention, which supported hypothesis H8. 

Therefore, the intervention measures for queue-jumping behavior at urban intersections should also 

fully consider the PBC. 

Studies [33,40,42–46,48,50,52–60] showed that attitude was an important influencing factor of 

illegal driving. In our study, attitude (β = 0.316, p = 0.005) was the best predictor of behavioral 

intention. Attitude also had an indirect effect on queue-jumping behavior by behavioral intention. The 

drivers who hold a more positive attitude toward queue-jumping behavior at urban intersections, that 

was, they thought that it could bring them convenience and achievement, then the more inclined they 

were to plan to implement this behavior. Therefore, it was very important to help drivers establish a 

good and correct attitude toward the behavior of queue-jumping at urban intersections. 

Subjective norms are considered to be the weakest predictors in the TPB [41]. Contrary to some 

studies [43,51–52,55–57,60 ] on risky driving behavior that showed that subjective norms were not a 

significant influencing factor, in our study, subjective norms (β = 0.175, p = 0.002) demonstrated 

significant association with behavioral intention and had an indirect effect on queue-jumping behavior 



1458 

Electronic Research Archive  Volume 32, Issue 3, 1439-1470. 

at urban intersections. It meant that the attitudes or opinions of drivers’ family members or friends 

more or less played a role in their queue-jumping decision-making. 

Along with the factors mentioned above, we introduced two additional influencing factors. 

Previous studies have not considered the role of moral norms in drivers’ queue-jumping behavior. 

However, our study found that moral norms (β = 0.184, p = 0.002) exhibited significant correlation 

with behavioral intention. The more a driver perceived queue-jumping was wrong, the less likely he/she 

planned to do so. Our findings also demonstrated that moral norms played an important role in decision-

making in terms of social morality and behavior related to social merit and civilization [76]. 

According to previous studies [51,54,55,59], drivers’ risky driving behavior could be predicted 

by perceived risk. Yang et al. [33] showed that risk perception could affect drivers’ queue-jumping 

behavior. However, they only considered the crash risk and did not consider the apprehension risk. In 

fact, both types of the perceived risk would affect driving behavior [40,46,47]. Different from previous 

studies, in our study, both crash risk and apprehension risk were included in the questionnaire, and the 

results indicated that they both had a substantial impact (β = 0.230, p = 0.001) on behavioral intention 

toward queue-jumping. The less risk drivers were aware of, the more willing they were to jump the 

queue at urban intersections. 

5.3. Implications for intervention 

Numerous studies have proposed variety of methods to address risky driving behaviors such as 

traffic law enforcement [117–120], media publicity [121–124], and public education [125–127]. Our 

findings suggested that intervention strategies should target all fundamental TPB factors as well as the 

two additional TPB factors identified in this study. Additionally, particular attention should be given 

to male drivers and young drivers. Based on these findings, we proposed relevant intervention and 

coping strategies from three perspectives: traffic management, traffic safety education, and media 

publicity. 

⚫ Traffic management 

Li et al. [71] showed that timely punishment by traffic management departments of queue-

jumping at urban intersections could discourage drivers from this behavior. In China, traffic managers 

have primarily focused on strict enforcement of illegal driving behaviors at urban intersections such 

as red-light running, speeding, crossing solid lines, and not using designated guidance lanes with the 

assistance of the electronic police systems. However, there are technical challenges involved in 

identifying queue-jumping behavior through electronic police systems, which may result in 

insufficient punishment being imposed. Traffic management departments can enhance the deterrent 

effect on queue-jumping behavior by strengthening on-site patrol and law enforcement, installing 

dedicated cameras, and implementing other measures. 

In addition, traffic management departments can install warning signs near some intersections 

where queue-jumping behavior is serious to remind drivers. There are usually two types of lane-

changing near intersections for drivers: co-directional lane-changing and turning lane-changing [128]. 

In general, the frequency of queue-jumping behavior is higher due to turning lane-changing than co-

directional lane-changing at urban intersections. Therefore, it is crucial for traffic management 

departments to enhance the existing lane selection guidance system, enabling drivers to promptly 

choose the appropriate lane at the correct place, which has been proven effective [129]. 

⚫ Traffic safety education 
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In China, driver training primarily focuses on driving skills within driving schools. Although there 

is some traffic safety education provided, it requires further strengthening. Driving schools and 

instructors should employ various methods, such as simulation driving lessons, to raise students’ 

awareness of the hazards associated with queue-jumping. Traffic management departments should also 

reinforce re-learning and retraining programs for drivers who have been punished for this offense in 

order to prevent recurrences. 

Our findings indicated that family members and friends exert influence over drivers. Therefore, 

safety education should encompass not only drivers but also their relatives and friends. A positive 

family safety climate will significantly impact drivers in a beneficial manner [130]. Furthermore, 

previous studies [131–133] have demonstrated the positive impact of peer education on young drivers, 

making it a valuable component in education programs. 

⚫ Media publicity 

To enhance its effectiveness, it is recommended to employ new media platforms such as micro-

video to actively disseminate information about the dangers of queue-jumping behavior through 

reporting real-life traffic accident cases. Additionally, efforts should be made to strengthen public 

awareness regarding the penalties associated with queue-jumping by promoting RTSL and RTSLIR. 

This multifaceted approach aims to increase drivers’ understanding of both the crash risk and 

apprehension risk from authorities, as well as the consequences and costs associated with engaging in 

such an improper behavior. Furthermore, traffic management departments can establish an online 

platform for exposing illegal driving behaviors, and regularly publish punishment cases related to 

queue-jumping incidents. Moreover, these departments can also set up positive role models to foster a 

favorable social atmosphere that promotes safe and civilized driving practices. 

6. Conclusions 

This study examined the factors that contributed to drivers’ tendency to jump the queue at urban 

intersections, using an expanded TPB framework. The results revealed significant differences based 

on gender and age regarding this behavior. Specifically, male drivers and younger drivers were found 

to be more inclined toward queue-jumping compared to their female counterparts and older drivers, 

respectively. By incorporating moral norms and perceived risk as additional factors, the extended TPB 

model effectively accounted for drivers’ queue-jumping behavior at urban intersections. Attitude, 

subjective norms, perceived behavioral control, moral norms, perceived risk, and behavioral intention 

all emerged as significant predictors of self-reported queue-jumping among drivers at urban 

intersections. 

Our findings have some important implications for interventions aimed at reducing such behavior 

among drivers for traffic management departments and driving schools. It is recommended that traffic 

management departments should enhance the enforcement of queue-jumping behavior at urban 

intersections, optimize the design of relevant warning facilities and lane selection guidance systems, 

and intensify safety education for drivers while promoting awareness of pertinent laws and regulations 

through diverse means. Additionally, driving schools should improve training and educational content 

on queue-jumping behavior to ensure comprehensive understanding among driving students regarding 

its associated risks. 

Several limitations exist in this study. First, expanding the sample size is necessary to ensure 

greater representation among respondents. Second, in the questionnaire, we did not collect the income, 
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occupation and other relevant personal information of the participants. However, these factors may 

also influence drivers’ queue-jumping behavior. Third, while moral norms and perceived risk were 

included as additional factors within the TPB, other potential significant predictors such as anticipated 

regret [42,45,47,53,76], social environment [66,67],driving habits [110,112,134] identified in previous 

research should be considered in future investigations. Finally, although TPB partially explains drivers’ 

risky driving behavior, according to some studies [135,136], it has certain limitations due to its 

assumption that driver decisions are entirely rational and planned. Drivers not only engage in 

deliberative decision-making during actual driving but also make reactive decisions based on different 

situations. Therefore, it is crucial to consider drivers’ reactive decisions regarding queue-jumping 

behavior at urban intersections in further research. 
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Supplementary 

Table S1. Participants’ demographic information of the pilot survey (N = 15). 

No. Gender Age Education Driving experience 

(years) 

Driving frequency 

（hours per week） 

Queue-jumping 

behavior 

1 Male 28 3 6 3 3 

2 Male 26 2 3 4 5 

3 Female 34 4 5 2 1 

4 Male 55 1 12 5 4 

5 Male 24 2 4 3 4 

6 Female 27 3 2 1 1 

7 Male 46 2 8 2 2 

8 Female 57 4 13 3 2 

9 Male 38 2 7 3 2 

10 Female 22 2 1 1 1 

11 Female 41 3 2 2 1 

12 Male 62 1 15 2 3 

13 Male 27 3 3 2 2 

14 Male 36 3 6 3 3 

15 Female 24 3 2 1 1 

Note: Education (1 = “Below high school”, 2 = “High school”, 3= “Undergraduate”, 4 = “Above undergraduate”); 

Driving frequency (1 = “< 4”, 2 = “4-6”, 3 = “7-10”, 4 = “11-15”, 5 = “> 15”/hours per week); Past queue-jumping 

behavior experience in the last 6 months  (1 = “Never”, 2 = “Occasionally”, 3 = “Sometimes”, 4 = “Often”, 5 = 

“Very often”). 

Pilot survey related materials 

 Q1. Gender       □ Male      □ Female 

 Q2. Your age: ________. 

 Q3. Your education level:   

□ Below high school □ High school □ Undergraduate □ Above undergraduate 

 Q4. Your driving experience (the time from you getting a driving license):    years. 

 Q5. How many hours do you drive on average per week? 

     □ 0-4 h   □ 4-6 h   □ 7-10 h   □ 11-15 h   □ above 15 h 

https://doi.org/10.1177/0361198120953157
https://doi.org/10.1016/j.dr.2007.10.001
https://doi.org/10.1016/j.trf.2018.11.012
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 Q6. Your queue-jumping behavior experience at urban intersections in the past 6 months? 

Never ○ 1 ○ 2 ○ 3 ○ 4 ○ 5 Very often 

 Q7. What do you think about queue-jumping when driving near an urban intersection? 

 Q8. Can you think of any advantages of queue-jumping when driving near an urban intersection? 

 Q9. Can you think of any disadvantages of queue-jumping when driving near an urban 

intersection? 

 Q10. Can you think of anyone who would approve of your behavior of queue-jumping when 

driving near an urban intersection? 

 Q11. Can you think of anyone who would disapprove of your behavior of queue-jumping when 

driving near an urban intersection? 

 Q12. Can you think of the challenge to driving skills during queue-jumping when driving near 

an urban intersection? 

 Q13. Can you think of the challenge to emergency response capability of driving during queue-

jumping near an urban intersection? 

 Q14. What are your thoughts about the impact of queue-jumping near an urban intersection on 

the other drivers? 

 Q15. What do you think about the impact of queue-jumping near an urban intersection on the 

society? 

 Q16. What are your thoughts about the risk factors for traffic accidents of queue-jumping near 

an urban intersection? 

 Q17. Do you think people should be punished for queue-jumping near an urban intersection? Is 

it likely? 

 Q18. Have you ever been punished for queue-jumping near an urban intersection? 

 Q19. In what type of situation might a person conduct queue-jumping near an urban 

intersection? 

 Q20. Can you think of any reasons or circumstances that would motivate you to conduct queue-

jumping near an urban intersection? 

 Q21. Can you think of any reasons or circumstances that would refrain you from queue-jumping 

near an urban intersection? 
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