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ABSTRACT 

To enhance road traffic safety, this study develops a classification model to assess drivers’ 

tolerance of large vehicle proportions under varying road conditions. It explores how 

personal and socioeconomic factors influence this tolerance. Six road scenarios were 

designed with differences in large vehicle proportion, driving time, vehicle types and road 

types. Behavioural and willingness surveys collected drivers’ demographics and choices. K-

means clustering segmented drivers into “low”, “medium” and “high” tolerance groups, 

accounting for 6.77%, 51.13% and 42.10%, respectively. Based on clustering results, an 

ordered logistic regression model further analysed factors influencing large vehicle tolerance. 

Tolerance correlated positively with household vehicle usage, annual household income, 

driving duration and weekly driving frequency, and negatively with urban GDP, vehicle 

ownership and peak congestion index, with age showing no significant effect. Additionally, 

linear trends were observed for urban peak congestion index, urban vehicle ownership, age 

and driving duration. In contrast, urban GDP, weekly driving frequency, annual household 

income and household vehicle usage showed curvilinear effects with gradually diminishing 

rates of change. 

KEYWORDS 

urban traffic; drivers’ tolerance to vehicles; ordered logistic regression; drivers; K-means 
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1. INTRODUCTION 

With the continuous development of traffic infrastructure, the proportion of large vehicles (such as buses 

and heavy trucks) in road traffic is steadily increasing, especially on urban expressways, motorways and areas 

around logistics hubs. In China, the number of civilian large passenger vehicles and heavy-duty freight vehicles 

grew from 6.73 million in 2014 to 10.25 million in 2023, reflecting a growth rate of 52.4% [1]. The average 

share of trucks on most motorways is around 25%, while in certain regions, this share can reach as high as 60% 

[2]. Due to their substantial size, lower speeds and potential to hinder visibility, large vehicles have a 

significant impact on the driving behaviour and route choices of smaller vehicles. In real-world driving 

situations, drivers tend to prefer routes with fewer large vehicles to avoid the inconveniences and safety risks 

associated with mixed traffic. Therefore, a deeper examination of drivers’ tolerance towards large vehicle 

proportions under different conditions, as well as the factors influencing this tolerance, is essential. 

Despite the increasing research on traffic flow and large vehicles in recent years, studies specifically 

addressing small vehicle drivers’ tolerance to the proportion of large vehicles remain scarce. Existing studies 

have predominantly focused on macro-level issues, with less attention given to individual differences in driving 

behaviour. For instance, prior research has concentrated on the effects of different road sections, types of large 
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vehicles, or specific time periods on traffic flow, overlooking how small vehicle drivers’ tolerance to large 

vehicle proportions varies across different road conditions and traffic patterns. Previous research methods have 

mainly relied on traffic flow models, road capacity analysis and large-scale traffic surveys, with limited focus 

on the factors influencing individual drivers’ tolerance. Therefore, this study aims to fill this gap by exploring 

small vehicle drivers’ tolerance to large vehicle proportions and its influencing factors under varying 

conditions. 

This study aims to investigate the differences in small vehicle drivers’ tolerance towards large vehicle 

proportions, influenced by multiple factors such as road conditions, traffic patterns and driving experience. 

Specifically, we will examine how road type, type of large vehicles and time affect drivers’ attitudes and 

decisions regarding large vehicle proportions. Furthermore, this study will explore tolerance differences across 

various regions and traffic environments, revealing how these differences affect road management and policy 

development. By conducting this research, we aim to deepen our understanding of driving behaviour and route 

choice decisions, ultimately contributing to traffic flow optimisation and providing scientific support for 

improving road service levels. This study will also offer theoretical support for traffic flow optimisation and 

road safety while providing practical insights for the formulation of relevant policies, ultimately advancing 

traffic management practices. 

2. LITERATURE REVIEW 

Numerous studies have thoroughly examined the diverse impacts of large vehicle proportions on road 

capacity and traffic conditions. The use of connected and automated heavy vehicles (CAHV) in construction 

zones has significantly reduced delays and queue lengths, particularly in areas with a high proportion of large 

vehicles. Improving the cooperative efficiency of large vehicles through the application of intelligent 

technologies can enhance overall traffic flow and road capacity in these regions [3]. A refined method has been 

proposed for adjusting saturated flow by examining the interactions between lane width, the proportion of 

large vehicles and the share of left-turning vehicles, leading to improved accuracy in road saturation flow 

predictions [4]. It was observed that an increase in the proportion of large vehicles may lead to a 5% to 11% 

reduction in average saturation headway at intersections under oversaturated conditions. Furthermore, 

regression models have been developed to estimate the reduction in intersection capacity across varying 

proportions of large vehicles, providing valuable insights for traffic management strategies [5]. Advanced deep 

learning models incorporating multi-source data fusion have proven effective in predicting traffic flow patterns 

for various vehicle types. These methods, particularly for predicting large vehicle flow over extended periods, 

contribute to a better understanding of how large vehicle proportions influence traffic conditions and allow for 

improved responses to their effects [6]. Although these studies have highlighted the effects of large vehicle 

proportions on road efficiency, there is still a lack of systematic analysis regarding drivers’ psychological and 

behavioural responses to such changes. 

The increasing proportion of large vehicles is closely linked to road traffic safety risks. Previous research 

has shown that a high mixing ratio of large vehicles not only increases the likelihood of traffic accidents but 

also exacerbates their severity. Studies have identified that the lower braking capabilities of large vehicles 

contribute to an increased likelihood of rear-end collisions within traffic flow [7]. An innovative method has 

been proposed to assess traffic conflict risks by incorporating vehicle weight as a key influencing factor. 

Results indicate that as the proportion of large vehicles rises, the risk of traffic conflicts increases significantly 

[8]. Spatial analysis methods have also been applied to identify high-incidence locations for large vehicle 

accidents by examining accident frequency, the proportion of large vehicles and accident severity. These 

findings provide important insights for traffic management agencies in developing targeted safety 

improvement measures [9]. Concerning accident severity, low-speed driving of large vehicles on inclines has 

been linked to severe rear-end collisions, further increasing accident severity [10]. Further investigations have 

analysed the severity of single-vehicle heavy truck accidents by considering various influencing factors such 

as driver characteristics, vehicle technology and road conditions. Recommendations have been made to address 

these risks through educational, technological and engineering measures [11]. In addition, evidence indicates 

that large pickup trucks, characterised by their elevated and blunt front-end design, pose a significantly higher 

risk of fatal injuries to pedestrians, particularly when compared to other vehicle types [12]. Analysis of large 

vehicle accident data has revealed that the fatality rate in large vehicle accidents is significantly higher than 

that of small vehicles. These findings underscore the elevated risks associated with large vehicles and the 

importance of addressing them in traffic safety management strategies [13]. Although these studies reveal the 
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negative effects of large vehicle proportions on traffic safety, further exploration is needed on how to 

effectively mitigate these risks through optimising driver route choices and adjusting traffic strategies. 

To gain a deeper understanding of drivers’ tolerance for the proportion of large vehicles and the factors 

influencing it, the choice of appropriate analytical methods is essential. For instance, researchers have applied 

logistic regression to explore factors such as individual attributes, travel modes and perceptions of safety that 

influence commuters’ choices [14]. Binary logistic regression has been used to analyse the severity of accidents 

involving large trucks, highlighting factors such as driver fatigue and lane deviations [15]. Multinomial logistic 

regression has been employed to examine travel pattern choices, identifying primary travel modes and their 

effects on distance and reliance [16]. Ordered logistic regression has proven effective in analysing injury 

severity in large truck rollover accidents, showcasing its flexibility in handling ordered outcome variables [17]. 

Additionally, during the pandemic, logistic regression was utilised to study the influence of perceived safety 

on public transportation use, revealing shifts in travel preferences [18]. A study combined classification tree 

models and logistic regression to analyse the acceleration and climbing characteristics of pure electric large 

vehicles. This analysis led to the proposal of new design standards for motorway gradients and lengths to better 

accommodate the specific requirements of electric large vehicles [19]. Although logistic regression models 

perform well in addressing binary choice problems and effectively explaining the relationship between 

individual characteristics and behavioural choices, their data classification is relatively simplistic, making it 

difficult to fully capture the multi-layered characteristics of drivers’ tolerance. Therefore, this study employs 

a K-means clustering model to categorise drivers into three groups based on their tolerance of the proportion 

of large vehicles: “low tolerance”, “medium tolerance” and “high tolerance”. Further analysis using an ordered 

logistic regression model enables effective examination of the associations between continuous variables and 

categorical outcomes. This methodological combination addresses the limitations of traditional models, 

providing new perspectives for understanding and predicting driver behaviour. 

This study utilises K-means clustering and ordered logistic regression models to investigate drivers’ 

tolerance for the proportion of large vehicles, addressing critical gaps overlooked in previous research. The 

research objectives are articulated along two dimensions. From the perspective of the research subject, this 

study examines how drivers’ tolerance for the proportion of large vehicles varies across different driving 

scenarios, aiming to fill a significant gap in this area of research. From the perspective of results analysis, the 

study employs ordered logistic regression models to systematically evaluate the influence of various factors 

on drivers’ tolerance and the magnitude of their effects. Specifically, it explores how factors such as road types, 

time distribution and vehicle classifications impact tolerance levels. By clarifying the core factors shaping 

drivers’ tolerance and uncovering their underlying mechanisms, this study provides a robust scientific basis 

for optimising road design and traffic management strategies, ultimately enhancing traffic efficiency and 

overall safety. 

3. RESEARCH DESIGN 

3.1 Questionnaire design 

The questionnaire consists of two parts: the basic information section and the scenario experimental design. 

The basic information section collects respondents’ personal information, driving habits and socio-economic 

attributes as influencing factors. The scenario experimental design examines the effects of four factors – the 

proportion of large vehicles, types of large vehicles, travel time and road types – on drivers’ tolerance for large 

vehicles. Each factor’s parameter values (levels) are shown in Table 1 below. 

Table 1 – Experimental factors and their levels 

Variable level Proportion of large vehicles Type of large vehicles Travel time Road type 

1 Small Coach 27 minutes Regular road 

2 Moderate Bus 25 minutes Motorway 

3 Large Truck 23 minutes Expressway 

4    Main road 

5    Secondary road 

6    Branch road 
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Considering the differences in respondents’ perceptions of the proportion of large vehicles categorised as 

‘small’, ‘moderate’ and ‘large’, this study adopts a combined scenario design, using a mix of images and text 

to illustrate the proportion of large vehicles under different road conditions. Detailed demographic and personal 

characteristics of the respondents are provided in the descriptive statistics section. The types of large vehicles 

(coach, bus, truck) were selected based on their prevalence and significant impact on traffic flow, as 

documented in previous traffic studies [20]. According to the Guideline on the design of traffic operation of 

urban roads (GB/T 36670-2018) [21] and the Technical Standard of Highway Engineering (JTG B01-2014) 

[22], roads are classified into six categories: regular road, motorway, expressway, main road, secondary road 

and branch road. Finally, the time intervals (27, 25 and 23 minutes) were determined based on route choice 

studies, simulating realistic peak-hour traffic scenarios to facilitate respondent decision-making [23]. The 

specific levels of each influencing factor are depicted through images to enhance respondents’ understanding 

and perception of the presented road conditions. 

The experiment involves four factors, each with levels of 3, 3, 3 and 6, respectively. A full factorial design 

would require 162 trials, whereas an orthogonal experimental combination requires 12 trials. However, 

considering the efficiency and complexity arising from the mixed levels of the road type factor, a mixed-level 

uniform design table U6*(64) was adopted, resulting in an optimised experimental design requiring only 6 

trials. The uniform design has been demonstrated to be effective in capturing the key interactions between 

factors while significantly reducing the number of trials, especially in cases involving mixed-level factors [24]. 

In this study, the selected design ensures an even distribution of experimental points across the factor space, 

optimally balancing experimental efficiency and accuracy, yielding the uniform experimental results shown in 

Table 2.  

When completing the questionnaire, respondents will be presented with road conditions for each travel 

scenario through a combination of images and text. Each scenario is characterised by four key attributes: the 

proportion and types of large vehicles, travel time and road types. Respondents are required to assess their 

tolerance to six different road scenarios using a five-point Likert scale. Figure 1 illustrates the 6 scenarios. 

Table 2 – Uniformly designed experimental scenarios 

Scenario Proportion of large vehicles Type of large vehicles Travel time Road type 

1 Small Bus 25 minutes Branch road 

2 Small Bus 23 minutes Secondary road 

3 Moderate truck 27 minutes Main road 

4 Moderate Coach 23 minutes Motorway 

5 Large Coach 27 minutes Expressway 

6 Large truck 25 minutes Regular road 

 

 
(a) 

 
(b) 

 
(c)  

(d) 
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(e) 

 
(f) 

Figure 1 – Uniformly designed road scenarios: 

a) Route 1; b) Route 2; c) Route 3; d) Route 4; c) Route 5; d) Route 6 

3.2 Survey implementation 

Data were collected through a combination of online and offline surveys. The first part of the questionnaire 

requires drivers to provide basic information based on their circumstances, while the second part presents six 

scenarios of different road attributes through a combination of images and text. The survey was conducted 

from 16 April to 22 April 2022, focusing on licensed drivers in China. Prior to administering the tolerance 

survey on the proportion of large vehicles, respondents were required to confirm possession of a valid driver’s 

licence. Respondents who confirmed their status as licenced drivers proceeded with the survey, while those 

without a valid licence were excluded from participation. This ensures that participants possess practical 

driving experience, which is crucial for the validity of the results. By focusing on licensed drivers, we ensure 

that respondents have the necessary knowledge and experience to accurately assess their tolerance to the 

scenarios, thereby improving the reliability and relevance of the findings. A total of 1,662 responses were 

collected, of which 1,596 were valid, resulting in a response rate of 96.03%. 

4. DATA PROCESSING AND VALIDATION 

4.1 Descriptive statistics 

The basic information from the survey results is presented in Table 3. 

Table 3 – Personal attributes 

Personal factors Variable Percentage 

Occupation 
Employed 63% 

Unemployed 37% 

Age 

(years) 

18~35 28% 

35~45 38% 

45~60 31% 

>60 3% 

Gender 
Male 54% 

Female 46% 

Household annual income (RMB/year) 

<100,000 40% 

100,000~500,000 48% 

500,000~1,000,000 10% 

>1,000,000 2% 

Weekly driving frequency 

(driving occurrences/week) 

0 23% 

1~5 39% 

6~15 29% 

16~30 7% 

> 30 2% 
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Personal factors Variable Percentage 

Driving duration 

(years) 

0 16% 

1~3 29% 

3~6  30% 

6~10 15% 

> 10 10% 

Household vehicle usage 

(vehicles) 

0 58% 

1 34% 

2~4 7% 

Peak congestion index 

Smooth (1~1.2) 31% 

Basically smooth (1.2~1.4) 11% 

Light congestion (1.4~1.6) 19% 

Moderate congestion (1.6~1.8) 25% 

Severe congestion (> 1.8) 14% 

Population 

(persons) 

1~2 million 30% 

2~5 million 12% 

5~10 million 27% 

10~20 million 18% 

> 20 million 13% 

GDP 

(RMB/year) 

< 100 billion 24% 

100~1000 billion 30% 

1000~2000 billion 27% 

> 2000 billion 19% 

Vehicle ownership 

(vehicles) 

Below 1 million 40% 

1~2 million 24% 

2~3 million 26% 

> 3 million 10% 

Gender and occupation were encoded using a binary coding system (0-1), transforming them into binary 

classification variables. Other factors were classified based on their magnitude to form ordinal variables, with 

codes incrementing from 1 to 5. 

In the surveyed population, drivers aged between 36 and 45 years accounted for 38.0%, while the proportion 

of elderly drivers aged over 60 was the lowest, showing the predominance of middle-aged and young drivers 

among road traffic participants. The majority of the sample had driving experiences of 3 to 6 years (30.1%), 

with only 9.8% having over 10 years of experience. Additionally, 91.4% of respondents reported driving 15 

times or fewer per week, which aligns with the commuting and travel needs of drivers who typically drive 1 

to 2 times daily. Socioeconomic data include information about the population, GDP, vehicle ownership and 

peak congestion index of the cities where respondents reside. The distribution of urban populations and GDP 

among the samples is relatively even, with the majority of vehicle ownership in cities being below one million, 

accounting for 39.8%. The most common urban peak congestion index is categorised as generally smooth (1-

1.2), making up 31.2% of responses. This reflects the representation of drivers from various types of cities 

across China. 

4.2 Validity and reliability testing 

Validity testing is used to assess the reliability and validity of the results from the questionnaire survey. 

Reliability analysis commonly employs Cronbach’s α and composite reliability (CR) to measure the correlation 
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and consistency among questionnaire items. Validity analysis generally utilises average variance extracted 

(AVE) to evaluate the measurement validity of the questionnaire. The results of the validity and reliability 

testing for the latent variables related to drivers’ basic information and perceptions are presented in Table 4. 

Table 4 presents the reliability and validity results for these latent variables. The “Driving factors” refer to 

factors directly associated with driving behaviour and vehicle usage, measured through three indicators: 

respondents’ weekly driving frequency, driving duration and household vehicle usage. The “Urban factors” 

capture the influence of urban traffic conditions and socioeconomic attributes, measured by four indicators: 

the peak congestion index, the population, GDP and vehicle ownership in the city where the respondents reside. 

The “Tolerance score” measures the respondents’ tolerance of road attributes, assessed based on their 

evaluations of six road scenarios in the questionnaire. 

Table 4 – Reliability and validity tests for latent variables 

Latent variable Items Cronbach’s α AVE CR 

Driving factors 

Weekly driving frequency 

0.658 0.593 0.811 Driving duration 

Household vehicle usage 

Urban factors 

Peak congestion index 

0.965 0.891 0.970 
Population 

GDP 

Vehicle ownership 

Tolerance score 

Tolerance for Road 1 

0.820 0.521 0.867 

Tolerance for Road 2 

Tolerance for Road 3 

Tolerance for Road 4 

Tolerance for Road 5 

Tolerance for Road 6 

The overall reliability, indicated by Cronbach’s α, was 0.788, which is greater than the acceptable threshold 

of 0.7, suggesting a good internal consistency of the questionnaire. The Cronbach’s α values for the latent 

variables ranged from 0.658 to 0.965, all exceeding 0.6, indicating that the questionnaire design meets the 

established requirements. The composite reliability (CR) values were between 0.811 and 0.970, all above 0.8, 

demonstrating strong consistency among the latent variables. The KMO and Bartlett’s sphericity tests yielded 

a KMO value of 0.821, exceeding the standard value of 0.5, and Bartlett’s test achieved statistical significance 

(p < 0.01), confirming the adequacy of the sample. The AVE values for the latent variables ranged from 0.521 

to 0.891, indicating good content validity of the questionnaire. 

4.3 Correlation analysis 

To identify the factors influencing drivers’ tolerance of the proportion of large vehicles, correlation analysis 

was conducted on eleven selected influencing factors. Given that age and occupation are binary categorical 

variables while the other factors are ordinal variables, Spearman’s correlation coefficient was used to analyse 

the relationships between ordinal and categorical variables, as well as among ordinal variables. Chi-square 

tests were employed to analyse the correlations between categorical variables. The results are shown in Figure 

2. 

The correlation analysis revealed significant correlations between occupation and gender with annual 

household income, household vehicle usage, driving duration and weekly driving frequency. Additionally, a 

strong correlation was observed between urban population and urban GDP, urban vehicle ownership and urban 

peak congestion index, with correlation coefficients exceeding 0.7. The occupation and gender factors exhibit 

considerable overlap with other household characteristics and driving behaviour variables, while the urban 

population factor is highly correlated with other urban-related factors. Including these variables in the model 
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would not enhance its explanatory power; instead, it would exacerbate multicollinearity, which could 

undermine the independent contribution of each factor. To improve the model’s robustness, minimise 

redundancy and ensure the independent effect of each factor on tolerance, these variables were excluded. 

 
Figure 2 – Correlation coefficient of factors influencing the tolerance of large vehicle proportions 

5. CLASSIFICATION OF LARGE VEHICLE PROPORTION TOLERANCE 

5.1  K-means clustering algorithm 

The K-means clustering algorithm is notable for its simplicity, effectiveness, rapid processing speed and 

widespread application in data mining. This study develops a classification model for determining tolerance 

levels of large vehicle proportions based on drivers’ perceptions, employing the K-means clustering algorithm. 

K-means clustering partitions data into a predetermined number of clusters, denoted as k, while minimising 

the sum of squared errors (SSE). The similarity between two objects is evaluated based on the distance between 

them; the smaller the distance, the greater the similarity. The core idea of executing the K-means algorithm is 

to minimise the squared error sum for the clustering partition {𝐸1|𝑙 = 1,2,… , 𝑘} derived from the dataset 𝐷 =

{𝑋1, 𝑋2, …𝑋𝑚}. The formula for calculating SSE is as follows: 

𝑆𝑆𝐸 = ∑ ∑ 𝑑𝑖𝑠𝑡(𝜇𝑙 , 𝑥)
2

𝑥∈𝐸𝑙

𝑘

𝑙=1

 (1) 

where 𝑘 represents the number of clusters; 𝐸𝑙 is the 𝑙th cluster; 𝑥 is the sample; and 𝜇𝑙 is the centroid of cluster 

𝐸𝑙. 

To validate the stability and feasibility of the K-means algorithm, this study incorporates several other 

commonly used clustering algorithms for comparative analysis, including hierarchical clustering and the 

Gaussian mixture model (GMM). These comparisons aid in determining the most appropriate clustering 

method for the dataset, ensuring the robustness of the results. The performance of each algorithm is assessed 

using several evaluation metrics, including the silhouette coefficient and the Davies-Bouldin index (DB index). 

The silhouette coefficient measures the similarity of each point to its own cluster relative to other clusters, 

while the Davies-Bouldin index assesses the average similarity between each cluster and its most similar 

counterpart.  

As shown in Table 5, the K-means method exhibits the highest silhouette coefficient (0.69) and the lowest 

DB index (0.95), indicating clear separation between the clusters. In contrast, the hierarchical clustering and 

GMM methods show lower silhouette coefficients and higher DB indices, suggesting weaker cohesion and 

less distinct separation between clusters. These results indicate that the K-means method is the most suitable 

clustering algorithm for this dataset, ensuring the validity and interpretability of the clustering results and 

providing a robust foundation for further analysis. 
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Table 5 – Comparison of different clustering methods 

Clustering method Silhouette coefficient DB index Number of clusters (k) 

K-means 0.69 0.95 3 

Hierarchical clustering 0.55 2.02 3 

GMM 0.62 1.45 3 

5.2  Driver’s tolerance of large vehicle proportions 

This study utilises the silhouette coefficient to determine the optimal number of clusters for the K-means 

algorithm, as illustrated in Figure 3. The silhouette coefficient is a widely adopted metric for evaluating 

clustering quality, particularly in selecting the most appropriate number of clusters. By calculating the 

silhouette values for various cluster numbers, the optimal number is identified, which maximises intra-cluster 

cohesion and inter-cluster separation. A higher silhouette value is indicative of more effective clustering 

performance, suggesting clearer and better-separated clusters. 

 
Figure 3 – Silhouette coefficient diagram 

The results shown in Figure 3 indicate that the silhouette coefficient reaches its maximum value when K=3, 

signifying optimal clustering performance. Consequently, the K-means clustering algorithm categorises 

drivers’ tolerance levels into three distinct classes. 

The clustering results reveal that among the 1,596 drivers, the three categories account for 6.77%, 51.13% 

and 42.10% of the total population, respectively. Drivers in Category 1 exhibit low tolerance levels across six 

scenarios, indicating sensitivity to the proportion of large vehicles and a preference for routes with fewer or 

no large vehicles to ensure driving safety. Conversely, drivers in Category 3 show high tolerance across all six 

roads, suggesting that this group is less influenced by the proportion of large vehicles and has a broader 

tolerance range. Based on this, and in conjunction with relevant literature [25][26], the three categories are 

defined as follows: 

Low Tolerance: Drivers exhibit a narrow range of tolerance toward large vehicle proportions, preferring 

routes with fewer or no large vehicles when selecting paths. 

Moderate Tolerance: Drivers have a moderate tolerance level of large vehicle proportions, allowing for the 

presence of large vehicles on the road but maintaining a certain ratio with smaller vehicles. 

High Tolerance: Drivers are less influenced by large vehicles, with most able to accept their presence during 

driving. 

This study utilises the Kolmogorov-Smirnov (KS) test and the Kruskal-Wallis (KW) test to further verify 

significant differences in tolerance levels of large vehicle proportions among different categories [27][28]. 

Results from the KS test indicate that the distributions of scores for the six roads are non-normally distributed, 

and the KW test shows significant differences in tolerance of large vehicle proportions scores among categories 

for the six roads (p < 0.05), thereby validating the rationale of the clustering. 

To ensure the accuracy of the clustering results for “tolerance levels of large vehicle proportions”, this study 

employs an experimental design with partially fixed control variables, namely fixing the types of large vehicles, 

temporal distribution and road types while systematically varying the proportion of large vehicles. Repeated 

clustering analyses were conducted to observe the consistency of category divisions, as shown in Table 6. The 

silhouette coefficient remains consistent under these four experimental conditions. The minor fluctuations in 
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the silhouette coefficient values (ranging from 0.62 to 0.67) further validate the consistency and reliability of 

the clustering results. 

Table 6 – Comparison of clustering results under fixed variable conditions 

Experimental design Number of categories Silhouette coefficient Sample proportion 

Original clustering result 

(retain all features) 
3 0.67 100% 

Fixed road type 

(road type: motorway) 
3 0.62 32% 

Fixed travel time 

(travel time: 25 minutes) 
3 0.64 38% 

Fixed type of large vehicles  

(type of large vehicle: bus) 
3 0.66 41% 

6. ANALYSIS OF INFLUENCING FACTORS ON TOLERANCE LEVELS OF LARGE 

VEHICLE PROPORTIONS 

6.1 Ordinal logistic regression model 

This study employs an ordinal logistic regression model to investigate the extent to which various 

influencing factors affect the tolerance levels of large vehicle proportions. The model is represented by Equation 

2. 

𝑃(𝑌 ≤ 𝑖|𝑋1, 𝑋2, … , 𝑋𝑗) =
𝑒𝑥𝑝⁡(𝑎𝑖 + 𝑏1𝑋1 + 𝑏2𝑋2 +⋯𝑏𝑗𝑋𝑗)

1 + 𝑒𝑥𝑝⁡(𝑎𝑖 + 𝑏1𝑋1 + 𝑏2𝑋2 +⋯𝑏𝑗𝑋𝑗)
 (2) 

In the equation, 𝑖 denotes the type of tolerance level for large vehicle proportions; 𝑃(𝑌 ≤ 𝑖|𝑋) represents the 

probability that the tolerance level is less than or equal to 𝑖; 𝑋1, 𝑋2, … , 𝑋𝑗  encompasses 𝑗 influencing factors, 

including annual household income, household vehicle ownership, urban GDP, urban vehicle ownership, urban 

peak congestion index, age, driving duration and weekly driving frequency; 𝑎𝑖 is the corresponding intercept 

of the model; and 𝑏1, 𝑏2, … , 𝑏𝑗 represents the regression coefficients. 

6.2  Regression result analysis 

Based on the results of the correlation analysis, four distinct ordered logistic regression models were 

constructed: Model (1) retains all factors; Model (2) excludes gender and occupation factors based on 

correlation analysis; Model (3) removes demographic factors also based on correlation analysis; and Model (4) 

simultaneously excludes gender, occupation and demographic factors while considering the results of the 

correlation analysis. The fit of the models was compared using the -2 log-likelihood criterion, with the results 

shown in Table 7. The findings indicate that Model (4) exhibits the best fit, demonstrating an enhancement in 

the model’s explanatory power and robustness after the exclusion of gender, occupation and demographic 

factors during the model construction process based on the correlation analysis. 

Table 7 – Comparison of fitting effects of different ordered logistic regression models 

Model Description -2 Log-likelihood 

Model (1) Retain all factors 1192.94 

Model (2) Remove gender and occupation 1155.77 

Model (3) Remove population 1195.57 

Model (4) Remove gender, occupation and population 1147.74 

Table 8 presents the results of the ordered logistic regression model after removing gender, occupation and 

demographic factors, highlighting significant differences in the impact of various factors on drivers’ tolerance 

of large vehicle proportions. 
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Table 8 – Ordinal logistic regression analysis of the tolerance of large vehicle proportion 

 Variable Coefficient p-value 

Threshold 

Low tolerance -8.973 0 

Moderate tolerance -1.106 0 

Influencing 

factors 

Household annual income 5.18 0 

Household vehicle usage 5.122 0 

Urban GDP -7.91 0 

Urban vehicle ownership -1.441 0.001 

Urban peak congestion index -1.918 0 

Age 0.067 0.84 

Driving duration 0.704 0.045 

Weekly driving frequency 2.074 0 

Household annual income and household vehicle usage 

Both household annual income and household vehicle usage show a positive correlation with the tolerance 

of the large vehicle proportion, significant at the 0.01 level. This may be attributed to the fact that drivers with 

higher household incomes and more personal vehicles tend to have a more positive attitude toward travel. They 

are more lenient in assessing road risks, leading to a higher tolerance of the large vehicle proportion. 

Urban GDP, urban vehicle ownership and urban peak congestion index 

Urban GDP, urban vehicle ownership, and the urban peak congestion index exhibit a negative correlation 

with the tolerance of the large vehicle proportion, significant at the 0.01 level. As urban GDP increases, urban 

vehicle ownership rises, leading to increased traffic flow and heightened peak congestion, which exacerbates 

traffic congestion issues. Compared to smaller vehicles, large vehicles occupy more space on the road, 

increasing the risk of collisions with surrounding smaller vehicles and having a greater impact on their 

movement, thereby decreasing drivers’ tolerance of large vehicles. 

For drivers, the growth of urban GDP typically accelerates the pace of life, increasing dependency on urban 

space and the demand for travel efficiency. Consequently, drivers may find large vehicles inconvenient and 

disruptive, further reducing their tolerance of these vehicles. 

Driving duration and weekly driving frequency 

Age, driving duration and weekly driving frequency all show a positive correlation with the tolerance of 

the large vehicle proportion, with weekly driving frequency significant at the 0.01 level and driving duration 

significant at the 0.05 level. As drivers accumulate more time and increase their weekly driving frequency, 

their driving skills become more refined. This allows them to better handle complex traffic situations, thereby 

enhancing their tolerance of the large vehicle proportion and placing greater emphasis on road accessibility 

and driving time costs. 

7. MARGINAL BENEFIT ANALYSIS OF LARGE VEHICLE PROPORTION TOLERANCE 

To explore the changing trends of various factors influencing the tolerance of large vehicle proportions, the 

marginal effects of these factors are analysed based on the results of the ordered logistic regression analysis, 

as shown in Figure 4. Due to the similar coefficients between household annual income, household vehicle 

usage, urban peak congestion index and urban vehicle ownership parameters, the corresponding curves in the 

line graph exhibit overlapping phenomena. 

The results indicate that the speed of influence from each factor on the tolerance of large vehicle proportions 

varies. Based on the probability of changes in large vehicle tolerance, the influencing factors can be roughly 
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categorised into four types. Urban GDP, urban peak congestion index and urban vehicle ownership show a 

negative correlation with large vehicle tolerance; thus, the probability of low tolerance increases as the 

independent variables rise. As GDP increases, the probability of moderate tolerance first increases and then 

decreases, while the probability of high tolerance decreases to zero, with a slowing rate of change. Due to 

differences in coefficient magnitudes, urban vehicle ownership and urban peak, the congestion index exhibits 

variations in the probabilities of moderate and high tolerance compared to GDP. As the urban peak congestion 

index and urban vehicle ownership increase, the probability of moderate tolerance rises while that of high 

tolerance declines, maintaining a constant rate of change. Household annual income, household vehicle usage, 

age, driving duration and weekly driving frequency are positively correlated with large vehicle tolerance. As 

the independent variables increase, the probability of low tolerance approaches zero, while the probabilities of 

moderate tolerance decrease and high tolerance probabilities increase. Specifically, as age and driving duration 

increase, the probability of moderate tolerance shows a linear downward trend, while the probability of high 

tolerance shows a linear upward trend. Increases in household vehicle usage, household annual income and 

weekly driving frequency slow the rate of decrease in the probability of moderate tolerance and also slow the 

rate of increase in the probability of high tolerance. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 4 – Analysis of the magnitude of changes in factors influencing the tolerance of large vehicle proportions: 

a) Low tolerance; b) Moderate tolerance; c) High tolerance 

Furthermore, the interaction effects of two factors on the tolerance of large vehicle proportions are analysed, 

as shown in Figure 4. Based on the marginal effects analysis of individual factors, the factors with the highest 

coefficients in each group (household annual income, urban GDP and weekly driving frequency) were selected 

for interaction analysis. 

The results in Figure 5 indicate that under the interaction of household annual income and weekly driving 

frequency, the probabilities of low and moderate tolerance are relatively low, while the probability of high 

tolerance is relatively high. As household annual income and weekly driving frequency increase, the 

probabilities of low and moderate tolerance decrease towards zero, while the probability of high tolerance 

approaches one, which aligns with the positive correlation between household annual income, weekly driving 

frequency and tolerance. 

The interaction analysis graphs of urban GDP with household annual income and weekly driving frequency 

exhibit similar trends, with the probability of low tolerance approaching zero as GDP decreases and both 

weekly driving frequency and household annual income increase. 

The marginal effects of the dual factors on the tolerance of the large vehicle ratio differ from those of the 

single factors. As shown in Figure 4, as urban GDP increases, the probability of moderate tolerance of the large 

vehicle ratio first increases and then decreases. In the interaction between weekly driving frequency and 

household annual income with urban GDP, both weekly driving frequency and household annual income are 

positively correlated with the tolerance of the large vehicle ratio. Therefore, when both weekly driving 

frequency and household annual income increase, the probability of moderate tolerance of the large vehicle 

ratio changes from initially increasing and then decreasing to consistently increasing as urban GDP rises. 

Similarly, when household annual income and weekly driving frequency are at lower values, the decreasing 

trend of high tolerance probability slows down with increasing urban GDP. Conversely, when household 

annual income and weekly driving frequency are at higher values, the decline in high tolerance probability 

accelerates as urban GDP increases. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

Figure 5 – Two-factor cross-analysis of the tolerance of large vehicles: 

 a) Low tolerance (income & frequency); b) Moderate tolerance (income & frequency); c) High tolerance (income & frequency) 

d) Low tolerance (GDP & income); e) Moderate tolerance (GDP & income); f) High tolerance (GDP & income) 

g) Low tolerance (GDP & frequency); h) Moderate tolerance (GDP & frequency); i) High tolerance (GDP & frequency) 

8. CONCLUSION 

This study constructs a model to classify drivers’ tolerance of large vehicle proportions by examining how 

various factors, including personal information, driving habits, socioeconomic attributes and road traffic 

environment, influence this tolerance. The findings are as follows. 

1) By employing the K-means clustering algorithm, drivers’ tolerance of large vehicle proportions was 

categorised into three levels: “low tolerance”, “medium tolerance” and “high tolerance”, with respective 

proportions of 6.77%, 51.13% and 42.10%. These findings indicate that the majority of drivers exhibit 

medium to high tolerance toward large vehicles, reflecting a general acceptance of higher proportions of 

large vehicles on the road. Nevertheless, the 6.77% of drivers classified in the low-tolerance group 

underscores a non-negligible minority who may experience significant discomfort or inconvenience in 

environments characterised by a high proportion of large vehicles. This heterogeneity underscores the 

importance of implementing tailored strategies in transportation planning to accommodate the varying 

tolerance levels of drivers. Examples of such measures include dedicating specific lanes for large vehicles, 

improving road infrastructure to mitigate congestion and enhancing public awareness of the benefits and 

challenges associated with large vehicles on the road. 
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2) The ordered logistic regression model identified several key factors influencing drivers’ tolerance of large 

vehicle proportions. These factors include household annual income, household vehicle usage, weekly 

driving frequency and driving duration, all of which exert a significant positive impact on tolerance. 

Drivers with higher income, more frequent driving habits and greater driving experience are generally 

more tolerant of large vehicle proportions. Conversely, urban GDP, urban vehicle ownership and the urban 

peak congestion index negatively influence tolerance, with urban vehicle ownership emerging as the most 

influential factor, followed by driving duration. The findings suggest that in cities characterised by high 

vehicle ownership and severe congestion, drivers are likely to face greater challenges in navigating traffic, 

resulting in reduced tolerance for large vehicles. To address these challenges, cities with elevated vehicle 

ownership and congestion levels could adopt policies to alleviate traffic density, such as promoting public 

transportation, implementing congestion pricing mechanisms and encouraging the use of alternative 

transportation modes. 

3) The study further investigated how the impact of various factors on drivers’ tolerance varies across 

different tolerance levels. The findings indicate that as the urban peak congestion index, urban vehicle 

ownership, age and driving duration increase, the probabilities of medium and high tolerance exhibit stable 

linear upward and downward trends, respectively. This suggests that the likelihood of drivers tolerating 

large vehicle proportions changes predictably as these factors rise. In contrast, factors such as urban GDP, 

weekly driving frequency, household annual income and household vehicle usage demonstrate a 

diminishing effect on medium and high tolerance probabilities once certain thresholds are reached. 

Furthermore, the study revealed that the same factor may exert varying influences on different tolerance 

groups, highlighting that tolerance is shaped not only by individual factors but also by their interactions 

with other contextual conditions. 

By analysing travellers’ attitudes toward large vehicle proportions based on various personal attributes and 

travel characteristics, this study identifies key factors influencing drivers’ tolerance of large vehicle 

proportions. These findings hold significant practical implications for road traffic management and contribute 

to enhancing drivers’ travel safety. However, this study has certain limitations. The sample is primarily 

composed of young respondents from the eastern region of China, a demographic group that is more reliant on 

public transportation. Consequently, the proportion of households without a vehicle in this sample is relatively 

high. Furthermore, although this study is geographically focused on China, its findings are not necessarily 

applicable to other countries, due to differences in road conditions, traffic management practices and driving 

cultures. Nonetheless, the methodologies, approaches and conclusions of the study offer valuable insights for 

broader application, particularly in regions with comparable urbanisation trends. Additionally, the data used 

in this study are somewhat limited in terms of coverage, and future research could incorporate a more diverse 

range of data sources. For example, methods such as driving simulators and video-based surveys could be 

employed to further explore drivers’ perceptions and assess the impact of various experimental scenarios. 

These approaches would enhance the reliability and generalisability of the findings. 
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