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ABSTRACT
Traffic safety among taxi drivers is a critical concern, particularly in high-density urban environments. This study proposes a quantitative model to predict crash risk by examining the symmetry and asymmetry of various influencing factors, including personal characteristics, workload, risky driving behaviors, and crash history. An anonymous survey was conducted among taxi drivers in four Chinese cities, collecting 1,010 valid responses. Using an ordered logistic regression model, we identified 14 key risk indicators, such as severe sleep problems, high income dissatisfaction, and 12 types of risky driving behaviors. The results indicate asymmetric effects, where some risk factors disproportionately contribute to crash risk, revealing an imbalance in workload distribution and behavioral tendencies.  Additionally, descriptive analysis shows that Chinese taxi drivers face significant workload pressures, with an average of 12-hour workdays, which further disrupts driving stability and safety. To address these asymmetries, the study recommends government regulations to limit working hours and encourages taxi companies to provide targeted safety education. The findings provide valuable insights for policymakers and industry stakeholders to design interventions that restore balance in driver workload and risk exposure, ultimately contributing to a safer urban transportation system.
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INTRODUCTION
Taxis are undoubtedly a vibrant and important part of China's urban public transportation system, and taxi transportation ranks second only to bus transportation in overall usage. According to the Xi'an Municipal Planning Bureau's relevant report, by 2014, there were already 49 companies registered in Xi'an with approximately 12,135 licensed taxis, which comprised 19.1\% of all passengers using the city's system of public transportation, reaching approximately 476 million passenger trips annually. However, a significant fraction of taxi drivers who drive for employment confront an increasing risk of fatal crashes and currently account for a major share of all road accidents globally[1,2]. For example, taxis were involved in approximately 46% of all traffic incidents in South Korea between 2014 and 2018—far higher than other transportation modes [3]. 
Several studies have been conducted to determine the factors that contribute to traffic collisions involving taxi drivers and to identify the characteristics of the drivers and factors connected to their jobs. Particularly, factors such as sex and age, driving experience [1], license status, working conditions and shift patterns [5], workload [6], etc. have been investigated with respect to the crash risk among taxi drivers. According to a study in Xi'an, China, which examined 612 taxi accidents, drivers between the ages of 26 and 40 who had between 3-5 years of experience were much more likely to be in an accident [7]. Also, a survey of taxi drivers in Singapore showed that taxi drivers were frequently overworked and had poor sleeping and eating routines, which could be strongly connected with the likelihood of being engaged in crashes when contrasted to taxi drivers, who can take longer rests during the working day [2]. Notably, taxi drivers sometimes work long shifts in the early morning and late night, putting them in danger of driving while fatigued or asleep [5,8,9].
More recently, personality attributes have been found to have an obvious influence on traffic rule violations and thus can be used to predict the likelihood of road crashes [10]. The drivers’ dislike of driving and thrill-seeking traits was found to directly influence their speeding behavior [11]. Another exhaustive investigation showed that certain personality features, namely driving anger, sensation seeking, impulsiveness, and boredom proneness, were greatly related to aggressive driving[5,12,13] . In addition, An Iranian study of bus drivers found that driver anxiety driving increases the risk of collisions [14]. One survey of 117 taxi drivers in Iran indicated that aggression and emotional regulation could be used to predict risky driving behavior [15]. Another survey showed that taxi drivers' perceptions of traffic violations influence their risky driving behavior [16]. Furthermore, driving anger-related factors were a major factor in increasing the probability of misbehavior and traffic accidents [13]. Despite these findings, the mechanisms through which personality traits influence driving behavior remain insufficiently understood.
[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Driver behavior itself offers another lens for predicting crash involvement. For example, a survey of 235 female taxi drivers in Taiwan found that more than one-quarter had committed at least one major speeding violation in the previous year [17]. Following a cross-sectional survey conducted in the northern Ethiopian town of Mekelle, taxi drivers are substantially more likely to engage in accidents due to speeding, a history of drinking alcohol, and mobile phone usage while driving, but this is decreased by listening to mass media such as TV and FM programs [18]. A survey in Spain similarly highlighted the impact of cell phone use on the occurrence of car accidents [19]. Another survey of Vietnamese taxi drivers revealed that about one-third of drivers have not used seat belts while driving taxis [4]. A further survey found that aggressive and frequent violations were significant predictors of taxi drivers falling into high accident risk categories [20].
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]While previous studies have extensively examined the human, behavioral, and psychological factors contributing to taxi crashes, recent research has shifted toward dynamic, data-driven methods for short-term crash risk prediction in real-world traffic environments. For instance, a recent study proposed a real-time predictive framework integrating conflict indicators and deep learning models to anticipate crash risk at signalized intersections under mixed traffic conditions [31]. Although such high-resolution temporal models are not yet widely applied to taxi operations, their methodological relevance points toward an important research direction in occupational driving risk.
Additionally, the role of infrastructure and environmental features in shaping crash risk has been underscored. A large-scale European project systematically ranked 59 infrastructure risk factors, such as junction deficiencies, misaligned cross-sections, and surface degradation, many of which are particularly relevant to urban taxi routes [32]. Integrating these spatial characteristics with behavioral data could lead to more accurate models of taxi-related crash mechanisms.
Moreover, research on ride-hailing platforms such as Uber and Didi has revealed additional sources of driving risk. Recent evidence shows that crash severity among ride-hailing drivers is modulated by fatigue, phone use, and financial pressure, with differences in impact between full- and part-time drivers [33]. Given the blurring boundary between traditional taxi and ride-hailing services in China, incorporating insights from both domains could enhance the generalizability of crash risk models.
Despite the fact that a great number of previous studies have shown that taxi-related crashes are directly induced by or partially correlated with occupational mental and physical workload and risky driving behaviors, the current situations related to taxi drivers regarding their daily risky driving habits, hazardous working conditions, and the gravity of their traffic crashes remain unknown today in China. In order to fill this gap, we conducted a face-to-face survey in four Chinese cities to collect data on taxi accidents (of which 1010 valid data were collected). The main contribution of this study are as follow: 
1)~Asymmetric Risk Factor Analysis: This study not only identifies key factors influencing taxi drivers' crash risk  but also reveals the asymmetric effects of these factors on crash risk. Certain risk factors contribute disproportionately to crash risk compared to others. This asymmetry provides a new perspective for designing targeted interventions. 
2)~Development of a Quantitative Predictive Model: Using an ordered logisti (e.g., an average of  regression model, the study extracts 14 key risk indicators from a large survey dataset and successfully constructs a quantitative model to predict taxi drivers' crash risk. The model demonstrates high explanatory power , offering a novel methodological contribution to traffic safety research.
3) ~Integration of Policy and Practical Recommendations: The study highlights the extreme workload pressures faced by taxi drivers and their impact on driving safety. It also proposes concrete policy recommendations, such as capping working hours and providing targeted safety education. These recommendations bridge academic research with practical policy-making, offering actionable solutions to improve urban traffic safety.
METHODS
Sampling and recruitment
Between 2015 and 2017, a cross-sectional survey was carried out among taxi drivers from four distinct regions in China: Xining in Qinghai Province (Northwest China), Jilin in Jilin Province (Northeast China), Xi'an in Shaanxi Province (Central China), and Shantou in Guangdong Province (Southeast China). These cities were deliberately selected to ensure broad geographical coverage and to capture diverse operational environments, thereby enhancing the representativeness of the dataset.
Although the data were collected between 2015 and 2017, the core occupational characteristics and risky driving behaviors of taxi drivers have remained largely stable over time, despite ongoing changes in traffic environments. To address the evolving traffic conditions, recent literature and policy changes have been reviewed and integrated into our discussion to contextualize the findings' applicability to the current environment (see Section 5.3). This approach ensures that the conclusions drawn maintain their relevance in informing current road safety strategies.
Taxi companies were selected based on the criterion of operating a fleet of at least 100 vehicles, and 17 eligible firms participated in the study. Taxi drivers were required to meet strict inclusion criteria: a minimum of two years of driving experience, possession of a C1 or higher-level driver’s license, and a driving record exceeding 50,000 kilometers within the past two years. A total of 2,615 questionnaires were distributed, with 1,097 respondents reporting at least one collision. After excluding incomplete or inaccurate responses, 1,010 valid questionnaires were retained for analysis. The final sample consisted of taxi drivers with an average age of 36.2 years, including 79 female drivers.
Trained graduate students administered the survey in person. Taxi drivers were randomly approached, and those who provided written informed consent were invited to complete the anonymous questionnaire at the taxi company office. Each participant received a compensation of 20 CNY upon completing the 20-minute survey.
Instrument and data collection
Table 1 outlines the four primary categories of the questionnaire survey. The table headers include variable abbreviations (Abbr.), full names (Variables), sample size (N), mean values (mean), median (p50), standard deviation (sd), minimum (min), and maximum (max) values. The variables cover four main categories:
1)~Personal Information: This section captured the demographic characteristics of the taxi drivers, including Level (LEV), Age (AGE), and Educational background (EDU).
2)~Workload Status: Data on daily and weekly working hours were collected, along with drivers' levels of satisfaction with their income and sleep quality-related issues, including Average work hours per day (HOUD),Average off-duty days per week (ODUT),Dissatisfaction with income (DCOM),Daily management fee (MFEE), Sleep problems (SLEE).
3)~Driving Risk Behaviors: The study assessed various risky driving behaviors, such as running red lights, speeding, and driving while fatigued. These behaviors were measured using a 7-point Likert scale, where drivers indicated the frequency or severity of their actions,including Crossing red lights (REDL), Aggressively driving (AGGR),Speeding (SPEE),Dangerous overtaking (OVTA), Honking to a slow driver (HONK), Failure to use turn signals (SIGN), Driving while fatigued (FATI), Failure to wear a seat belt (BELT), Parking in forbidden areas (PARK), Cell phone use while driving (PHON), Blocking the merging lane of other drivers (MERG), Driving with one hand (HAND).
4)~Crash History: Drivers with a history of crashes were asked to report details of accidents they had been involved in over the past two years, including Property-damage-only collisions (PDO), and Personal-injury collisions (PI)..
Table 1.  Descriptive statistics for indicator variables
	Abbr.
	Variables
	N
	mean
	p50
	sd
	min
	max

	LEV
	Level
	1010
	1.66
	1
	0.81
	1
	3

	AGE
	Age
	1010
	36.6
	36
	8.14
	20
	57

	EDU
	Education
	1010
	2.38
	2
	0.94
	1
	4

	HOUD
	Average work hours per day
	1010
	9.40
	9
	1.31
	6
	14

	ODUT
	Average off-duty days per week
	1010
	0.31
	0
	0.53
	0
	2

	DCOM
	Dissatisfaction with income
	1010
	3.15
	4
	1.14
	0
	4

	MFEE
	Daily management fee/CNY
	1010
	2.31
	2
	0.73
	1
	4

	SLEE
	Sleep problems
	1010
	1.98
	2
	1.35
	0
	5

	REDL
	Crossing red light
	1010
	2.37
	2
	1.32
	0
	5

	AGGR
	Aggressively driving
	1010
	2.65
	3
	1.05
	0
	5

	SPEE
	Speeding
	1010
	2.56
	3
	1.22
	0
	5

	OVTA
	Dangerous overtaking
	1010
	2.22
	2
	1.18
	0
	5

	HONK
	Honking to a slow driver
	1010
	2.50
	1
	1.12
	0
	4

	SIGN
	Failure to use the turn signals
	1010
	2.08
	2
	1.1
	0
	4

	FATI
	Driving while fatigued
	1010
	3.29
	3
	1.48
	0
	6

	BELT
	Failure to wear a seat belt
	1010
	0.75
	1
	0.88
	0
	4

	PARK
	Parking in forbidden areas
	1010
	2.30
	2
	1.23
	0
	5

	PHON
	Cell phone use in driving
	1010
	2.13
	1
	0.99
	0
	4

	MERG
	blocking the merging lane of other drivers
	1010
	2.09
	2
	1.26
	0
	5

	HAND
	Driving with one hand
	1010
	2.43
	2
	1.28
	0
	5

	PDO
	Property-damage-only collisions
	1010
	3.29
	3
	1.48
	1
	8

	PI
	Personal-injury collisions
	1010
	0.12
	0
	0.34
	0
	3



Model Construction and Statistical Analysis
This section develops an ordinal logistic regression model to investigate the factors influencing taxi drivers' crash risk levels. By incorporating demographic characteristics, occupational workload, and risky driving behaviors, the model quantifies their impact on crash risk. Statistical criteria such as model fit indices and significance tests are used to ensure the reliability of the analysis.
Definition of the Dependent Variable and Classification Criteria
Let yi represent the crash risk of taxi drivers, which is an ordinal categorical variable with three levels: low, moderate, and high. These levels are numerically assigned as 1, 2, and 3, respectively. The classification of crash risk is based on the driving records of taxi drivers over the past two years, with the following criteria:  
· Taxi drivers who had at least one personal-injury (PI) collision were categorized as having high crash risk(yi=3)
· Taxi drivers who had no PI collisions but had four or more property-damage-only (PDO) collisions were classified as having moderate crash risk(yi=2)
· The remaining taxi drivers, who had fewer than four PDO collisions and no PI collisions, were considered to have low crash risk(yi=1)
Based on these criteria, out of a total of 1010 surveyed taxi drivers, 112 were classified as high-risk, 333 as moderate-risk, and 565 as low-risk. 
Ordered Logit Model for Crash Risk Estimation
Given the ordinal nature of the crash risk levels, an ordered logit model was employed to estimate the probability of a driver belonging to each risk category. A latent variable framework was used to model the crash risk as follows: 
[image: wpsoffice]                                       (1)
where xi = {1, xi1, xi2,…, xin}T is a vector of independent explanatory variables representing various factors that may influence crash risk, including demographic information, self-reported occupational workload, and risky driving behaviors. The coefficient vector β = {β0, β1, β2,…, βn}T represents the estimated parameters associated with these explanatory variables. The error term [image: wpsoffice] follows a standard normal distribution.
To link the latent variable yi* to the observed crash risk categories, two threshold parameters, μ1 and μ2, are introduced. The crash risk categories are then determined as follows:
[image: /private/var/folders/qk/v11z3f0s0gbg8p9k76tpb8840000gn/T/com.kingsoft.wpsoffice.mac/wpsoffice.VoWwClwpsoffice]         (2)
Probability Estimation and Model Interpretation
The probability of a taxi driver being classified in a crash risk category greater than j is given by:
[image: /private/var/folders/qk/v11z3f0s0gbg8p9k76tpb8840000gn/T/com.kingsoft.wpsoffice.mac/wpsoffice.deYcDTwpsoffice]       (3)
Alternatively, the probability of an individual belonging to a specific risk category can be expressed in terms of the cumulative probability distribution function F(·):
[image: wpsoffice]  (4a)
[image: wpsoffice]  (4b)
[image: wpsoffice]  (4c)
The model parameters β are estimated using the maximum likelihood estimation (MLE) method. Each β coefficient quantifies the influence of an independent variable on crash risk, with a positive coefficient indicating that an increase in the corresponding variable is associated with a higher likelihood of being in a higher crash risk category.
Model Fit Evaluation
To assess the goodness-of-fit of the ordered logit model, three key statistical measures were employed:
The Akaike Information Criterion (AIC) is used to evaluate model quality, where a lower AIC value indicates a better fit. The AIC is defined as:
[image: wpsoffice] （5）
where K represents the number of estimated parameters, and L is the maximum likelihood of the model given the dataset.
To further assess the overall fit of the model, McFadden's adjusted pseudo-R2 is calculated. This statistic compares the log-likelihood of the fitted model to the log-likelihood of a null model (where all predictors are omitted), and is given by:
[image: wpsoffice] (6)
here LL(0) is the log-likelihood of the null model, and LL(β) is the log-likelihood at convergence. The pseudo-R2  value ranges from 0 to 1, with higher values indicating better model fit.
The likelihood ratio (LR) chi-square test was conducted to determine whether the inclusion of the independent variables significantly improves model performance. The test statistic is given by:
[image: wpsoffice] (7)
A significant chi-square value suggests that the model provides a better fit than the null model.

All statistical analyses were performed using STATA 14. A significance level of 5% (p < 0.05) was adopted to determine statistical significance for model parameters and hypothesis tests.
RESULTS
Self-reported occupational workload status, risky driving behaviors and crash involvement
Table 1 shows that the average age of taxi drivers is 36.6 years old and that they work about 9.40 hours per day with an average of 0.31 days off per week. This is much higher than the 48.7 hours per week that the National Bureau of Statistics of China (NBS) reports as the average work week for Chinese companies. Even worse, their score of 3.15 for income dissatisfaction means that more than half of them are completely dissatisfied with their income in the taxi industry because of the huge financial pressure they are under: they have to pay an average of about 160 RMB per day in administrative fees (2.31 points), while the average disposable income per capita in urban China is only about 100 RMB per day. About 80% of drivers spend more than half of their income on daily company expenses. A large proportion of them have low job satisfaction and low wages.
To contextualize these findings, we present the sample distribution across the four survey cities: Xining (25.1%), Jilin (24.8%), Xi’an (24.5%), and Shantou (25.6%). While the proportion is approximately balanced, each city reflects distinct regional characteristics in urban form, traffic regulation, and taxi fleet structure. For example, Xi’an and Shantou adopt more platform-based taxi operation modes, whereas Xining and Jilin largely rely on traditional dispatch systems. These operational distinctions may influence driving behavior and accident exposure patterns, although the present analysis aggregates results across cities.
Among professional drivers, sleep problems are one of the typical occupational health concerns. In this survey, the mean score for taxi drivers' self-reported sleep problems was (1.98 ± 1.35), which is a relatively poor quality of sleep. This score indicates that the vast majority of taxi drivers have sleep problems, such as having difficulty falling asleep or possibly waking up frequently during the night over the past two years. Moreover, more than one-third of the participants surveyed had problems getting to sleep “quite often” or more frequently.
This finding echoes previous studies linking sleep deficiency with elevated crash involvement, especially when compounded by long shifts and economic pressure. Luo et al. (2024) demonstrated that ride-hailing drivers experiencing sleep disorders, when exposed to high-demand urban conditions, are more likely to engage in violations such as red-light running or speeding, suggesting a multi-dimensional risk pathway involving both physiological fatigue and behavioral adaptation.
Figure 1 shows a box plot of indicator variables based on Table 1. Figure 1  displays the distribution of risky driving behaviors among taxi drivers engaged in regular work on a 7-point Likert scale. In self-reports by taxi drivers. The risky driving behaviors that were most commonly reported were: “driving with one hand”, “speeding”, “aggressive driving”, “parking in forbidden areas”, “driving while fatigued”, “dangerous overtaking” and “running a red-light signal”, while the most serious of the risky driving behaviors were fatigue driving (3.29 ± 1.48), with the other behaviors scoring between 2.1 and 2.6. In particular, more than half of drivers engaged in speeding behaviors (52.77%) “quite often” or more frequently while driving.
[image: table1_plot]
Figure 1. Box plot of indicator variables
Regarding the crash involvement prior to the survey, the respondents had an average of 3.29±1.48 PDO collisions and 0.12±0.34 PI collisions, respectively. Furthermore, 444 (43.96%) taxi drivers had ever been involved in four PDO collisions or more, while 105 (10.40%) and 7 (0.69%) had one and two PI collisions, respectively, but none had more than three PI collisions. 
Table 2 presents the bivariate correlations between self-reported crash involvement and the demographic characteristics, occupational workload status, and risky driving behaviors of taxi drivers surveyed. As expected, the frequency of risky driving behaviors and the involvement of taxi drivers in crashes were positively correlated with age and the severity of their sleep problems (p < 0.05), negatively correlated with the severity of their income dissatisfaction, but not with the amount of the daily management fee (p > 0.05). To assess potential multicollinearity among the predictors, we calculated Variance Inflation Factors (VIFs) for all variables used in Model III. All VIF values were below 5, indicating that multicollinearity did not pose a significant threat to the model's validity.
Furthermore, Figure 2 illustrates the bivariate correlations between self-reported measures of taxi drivers, including demographic characteristics (e.g., AGE, EDU), occupational workload (e.g., ODUT, DCOM), and risky driving behaviors (e.g., SPEE, AGGR). Strong positive correlations are evident among risky driving behaviors, such as speeding (SPEE), aggressive driving (AGGR), and running red lights (REDL), with coefficients ranging from 0.49 to 0.73, indicating these behaviors often co-occur. Sleep problems (SLEE) show significant positive correlations with risky behaviors (e.g., 0.55 with PDO) and age (0.37 with AGE), suggesting older drivers with sleep issues are more prone to risky driving. Conversely, education level (EDU) is negatively correlated with age (-0.60) and risky behaviors, implying higher education may reduce such tendencies. Variables like income dissatisfaction (DCOM) and daily management fees (MFEE) show weaker or non-significant correlations, highlighting their limited influence on other factors. Overall, the heatmap reveals tightly interconnected clusters of risky behaviors and demographic factors, providing critical insights for targeted interventions. 

Table 2. Bivariate correlations between self-reported measures of taxi drivers interviewed
	No.
	Variables
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	12
	13
	14
	15
	16
	17
	18
	19
	20
	21

	1
	AGE
	1
	-0.60***
	-0.30***
	0.39***
	-0.39***
	-0.16***
	0.37***
	0.23***
	0.08*
	0.16***
	0.26***
	0.14***
	0.19***
	0.06*
	-0.05
	0.17***
	0.14***
	0.19***
	0.15***
	0.27***
	0.17***

	2
	EDU
	
	1
	0.27***
	-0.28***
	0.30***
	0.12***
	-0.21***
	-0.13***
	-0.06*
	-0.10**
	-0.18***
	-0.14***
	-0.16***
	-0.06
	0.07*
	-0.09**
	-0.10**
	-0.13***
	-0.10**
	-0.18***
	-0.12***

	3
	HOUD
	
	
	1
	-0.16***
	0.24***
	0.45***
	0.00
	-0.02
	-0.07*
	0.03
	0.07*
	0.00
	-0.07*
	-0.12***
	-0.01
	-0.06
	-0.01
	0.04
	-0.01
	-0.03
	-0.10**

	4
	ODUT
	
	
	
	1
	-0.20***
	-0.19***
	0.28***
	0.11***
	0.03
	0.08**
	0.10**
	0.07*
	0.09**
	0.03
	-0.04
	0.07*
	0.06
	0.14***
	0.08**
	0.14***
	0.08*

	5
	DCOM
	
	
	
	
	1
	0.18***
	-0.18***
	-0.29***
	-0.14***
	-0.10**
	-0.18***
	-0.12***
	-0.26***
	-0.14***
	0.03
	-0.17***
	-0.13***
	-0.16***
	-0.16***
	-0.27***
	-0.17***

	6
	MFEE
	
	
	
	
	
	1
	0.02
	0.06*
	0.04
	0.06*
	0.04
	0.04
	-0.05
	0.04
	-0.08*
	-0.03
	0.02
	0.00
	0.02
	0.03
	-0.05

	7
	SLEE
	
	
	
	
	
	
	1
	0.50***
	0.24***
	0.34***
	0.23***
	0.37***
	0.26***
	0.18***
	-0.15***
	0.34***
	0.28***
	0.40***
	0.39***
	0.55***
	0.37***

	8
	REDL
	
	
	
	
	
	
	
	1
	0.44***
	0.59***
	0.31**
	0.49***
	0.35***
	0.36***
	-0.13***
	0.43***
	0.46***
	0.49***
	0.65***
	0.77***
	0.46***

	9
	AGGR
	
	
	
	
	
	
	
	
	1
	0.49***
	0.34***
	0.55***
	0.31***
	0.38***
	-0.15***
	0.28***
	0.39***
	0.34***
	0.50***
	0.63***
	0.37***

	10
	SPEE
	
	
	
	
	
	
	
	
	
	1
	0.25***
	0.61***
	0.24***
	0.40***
	-0.14***
	0.42***
	0.44***
	0.47***
	0.62***
	0.73***
	0.40***

	11
	OVTA
	
	
	
	
	
	
	
	
	
	
	1
	0.30***
	0.38***
	0.27***
	-0.11***
	0.24***
	0.26***
	0.20***
	0.31***
	0.48***
	0.24***

	12
	HONK
	
	
	
	
	
	
	
	
	
	
	
	1
	0.26***
	0.35***
	-0.12***
	0.38***
	0.46***
	0.49***
	0.62***
	0.71***
	0.43***

	13
	SIGN
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.27***
	-0.12**
	0.39***
	0.32***
	0.38***
	0.34***
	0.54***
	0.36***

	14
	FATI
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	-0.09***
	0.29***
	0.29***
	0.19***
	0.38***
	0.54***
	0.27***

	15
	BELT
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	-0.03
	-0.16***
	-0.13***
	-0.19***
	-0.20***
	-0.10**

	16
	PARK
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.36***
	0.39***
	0.38***
	0.61***
	0.43***

	17
	PHON
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.44***
	0.54***
	0.64***
	0.43***

	18
	MERG
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.51***
	0.66***
	0.45***

	19
	HAND
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.78***
	0.43***

	20
	PDO
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1
	0.57***

	21
	PI
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	1



[image: heatmap]
Figure 2. Bivariate correlations between self-reported measures of taxi drivers
Predictors of crash rate
The frequency of self-reported frequently daily risky driving behaviors, workload condition levels, and demographic characteristics of taxi drivers were used as independent variables in an ordered logistic regression approach analysis to determine the relationship between the risk of taxi accidents and the predictors.  
The results are listed in Table 3~8. It should be noted that the variable of gender was not included in these models, because female interviewees accounted for only 8.22% of the total participants. Demographic factors (Table 3) revealed non-significant trends, such as drivers over 30 having a slight positive association (β = 0.132) and those working >8 hours/day showing a marginal negative effect (β = -0.846), while psychological factors (Table 4) highlighted that income dissatisfaction reduced risk (β ≈ -0.9, p < 0.05) whereas frequent sleep problems increased it (β up to 2.874). High-risk behaviors (Table 5), such as red-light crossing (β = 8.071) and aggressive driving (β ≈ 4.8), were strongly predictive, as were common violations (Table 6) like speeding (β = 3.565) and honking (β = 3.350). Distracted driving (Table 7), including fatigue (β = 5.177) and phone use (β ≈ 3.8***), further elevated risk. Model comparisons (Table 8) showed that Model III, with 14 optimized predictors, achieved the best fit (pseudo R² = 0.832, AIC = 321.187), confirming its superior parsimony and explanatory power over Models I and II while retaining significance across all key variables (p < 0.001).
Table 3. Comparison of Demographic and Basic Characteristics
	Variables
	Model I
	Model II
	Model III

	
	β
	SE
	β
	SE
	β
	SE

	Gender (base: 18~30)
>30
	
0.132
	
0.441
	
0.109
	
0.435
	

	


	Education
(base: Primary school or below)
Middle school or above
	

0.135
	

0.460
	

-0.171
	

0.436
	
	

	Average work hours per day 
(base:8 or less)
>8
	

-0.846
	

0.452
	
	
	
	

	Average off-duty days per week 
(base: 0)
>0
	

-0.139
	

0.417
	

-0.059
	

0.410
	

	


	Daily management fee/CNY 
(base: 0~150)
>150
	

-0.675
	

0.524
	

	

	
	


Table 4. Comparison of Psychological Factors
	Variables
	Model I
	Model II
	Model III

	
	β
	SE
	β
	SE
	β
	SE

	Dissatisfaction with income 
(base: never to often)
Always
	

-0.876*
	

0.406
	

-0.883*
	

0.401
	

-0.925*
	

0.387

	Sleep problems
(base: never to occasionally)
Quite often
Frequently to always
	

1.761**
2.874***
	

0.537
0.626
	

1.849***
2.843***
	

0.530
0.621
	

1.867**
2.864***
	

0.509
0.597



Table 5. Comparison of High-Risk Driving Behaviors
	Variables
	Model I
	Model II
	Model III

	
	β
	SE
	β
	SE
	β
	SE

	Crossing red light 
(base: never or hardly ever)
Occasionally
Quite often
Frequently to always
	

4.326***
4.633***
8.071***
	

1.068
1.074
1.252
	

4.108***
4.284***
7.734***
	

1.035
1.040
1.210
	

4.118***
4.304***
7.750***
	

1.031
1.036
1.207

	Aggressively driving 
(base: never or hardly ever)
Occasionally
Quite often
Frequently to always
	

1.858*
4.412***
4.833***
	

0.914
0.912
0.982
	

1.964*
4.500***
4.797***
	

0.912
0.909
0.972
	

1.974*
4.518***
4.788***
	

0.907
0.901
0.964

	Dangerous overtaking
(base: never)
Hardly ever
Occasionally
Quite often
Frequently to always
	

2.761**
3.648***
4.266***
5.144***
	

1.037
0.758
0.751
0.885
	

2.710**
3.395***
3.855***
4.655***
	

1.030
0.719
0.699
0.811
	

2.715**
3.396***
3.881***
4.705***
	

1.026
0.712
0.689
0.802



Table 6. Comparison of Common Violations
	Variables
	Model I
	Model II
	Model III

	
	β
	SE
	β
	SE
	β
	SE

	Speeding 
(base: never to occasionally)
Quite often
Frequently to always
	

1.743**
3.565***
	

0.567
0.654
	

1.771**
3.404***
	

0.567
0.638
	

1.795**
3.434***
	

0.562
0.632

	Honking to a slow driver
(base: never or hardly ever)
Occasionally
Quite often to always
	

2.800***
3.350***
	

0.519
0.641
	

2.681***
3.176***
	

0.504
0.616
	

2.716***
3.196***
	

0.498
0.612

	Failure to use the turn signals
(base: never or hardly ever)
Occasionally
Quite often
Frequently to always
	

2.427***
2.825***
4.096***
	

0.530
0.560
0.823
	

2.399***
2.776***
4.107***
	

0.517
0.543
0.800
	

2.398***
2.767***
4.134***
	

0.515
0.542
0.800

	Failure to wear a seat belt
(base: never)
Hardly ever to always
	

-0.641
	

0.355
	

-0.700*
	

0.351
	

-0.717*
	

0.346



Table 7. Comparison of Distracted Driving and Model Statistics
	Variables
	Model I
	Model II
	Model III

	
	β
	SE
	β
	SE
	β
	SE

	Driving while fatigued
(base: never to occasionally)
Quite often
Frequently
Nearly all the time or always
	

2.138**
3.685***
5.177***
	

0.729
0.751
0.822
	

2.017***
3.588***
5.189***
	

0.710
0.735
0.807
	

1.991***
3.551***
5.163***
	

0.704
0.726
0.801

	Parking in forbidden areas
(base: never to occasionally)
Quite often
Frequently to always
	

1.908***
3.924***
	

0.528
0.595
	

1.871***
3.759***
	

0.513
0.574
	

1.865***
3.765***
	

0.512
0.571

	Cell phone use in driving
(base: never or hardly ever)
Occasionally
Quite often to always
	

2.103***
3.818***
	

0.481
0.717
	

2.155***
3.824***
	

0.477
0.714
	

2.132***
3.824***
	

0.472
0.713

	blocking the merging lane of other drivers
(base: never or hardly ever)
Occasionally
Quite often to always
	

2.647***
4.640***
	

0.598
0.663
	

2.513***
4.459***
	

0.579
0.650
	

2.537***
4.484***
	

0.578
0.649

	Driving with one hand
(base: never to occasionally)
Quite often
Frequently to always
	

2.436***
3.724***
	

0.585
0.683
	

2.337***
3.560***
	

0.576
0.670
	

2.350***
3.567***
	

0.574
0.668



In Model 1, a total of 19 self-reported variables, including 2 demographic information variables, 5 workload characteristics variables, and 12 risky driving behavior variables, among others, were used together to create predictors of cab driver crash rates. The following results were discovered: χ2(19, N = 1010) = 1641.13, p < 0.001, and explained 83.0% of the variation in crash rate (McFadden's modified pseudo R2 = 0.830), showing that the suggested model I's overall prediction was significant.
Since two factors, the amount of the daily management fee and the number of hours worked per day by taxi drivers, had no significant relationship with the number of PDO and PI collisions of cab drivers, as shown in Table 2. Therefore, we eliminated these two independent variables from Model I and used the remaining 17 independent variables to create Model II, which was used to predict the potential crash rate of cab drivers, in order to make the model more concise and keep the more significant influences on cab crashes. We discovered the following results: χ2(17, N = 1010) = 1635.05, p < 0.001, and can explain 82.9% of the variance (McFadden’s adjusted pseudo R2 = 0.829), indicating that the proposed model II's overall prediction was significant. 
[bookmark: OLE_LINK10][bookmark: OLE_LINK9]In addition, predictors identified as significant in Models I and II were jointly added to Model III as predictors of taxi driver crash risk, including 14 variables such as the taxi driver's level of sleep problems, level of income dissatisfaction, and all daily abnormal driving behaviors. The findings showed that all significant predictors in Models I and II were significant predictors in Model III (p < 0.05), χ2(14, N = 1010) = 1634.80, p < 0.001, which can explain 83.2% of the variance (McFadden’s adjusted pseudo R2 = 0.832). With fewer input independent variables, Model III performed better in terms of fit than Models I and II (AIC = 321.187 vs. 324.860, 326.931). The detailed comparison is shown in Table 8.
Table 8. Summary Comparison of Statistics
	Variables
	Model I
	Model II
	Model III

	μ1
	23.454
	23.610 
	23.730

	μ2
	38.737
	38.357
	38.487

	Number of observations
Number of parameters, K
Log likelihood at zero, LL(0)
Log likelihood at convergence, LL(β)
AIC
McFadden’s adjusted pseudo R2
χ2 = -2[LL(0) - LL(β)]
Significant level
	1010
37
-943.993
-123.430
324.860
0.830
1641.13
<0.001
	1010
35
-943.993
-126.466
326.931
0.829
1635.05
<0.001
	1010
32
-943.993
-126.594
321.187
0.832
1634.80
<0.001


*p< 0.05; **p< 0.01; ***p< 0.001.
The model III is presented in Table 9~12 in the form of odds ratio with 95% CI. In model III, the level of income dissatisfaction of the taxi driver (Wald statistic = -2.39, p = 0.017) was a significant negative predictor of the crash rate of taxi drivers. Its odds ratio is 0.396, so it is reasonable to say that taxi drivers that felt dissatisfied with their income “occasionally” or “less frequently” were 2.525 times (which can be as much as 5.376 times with 95% CI) less likely to cause crashes than those who “always” felt dissatisfied with their current income. Also, the seriousness of sleep problems (“quite often”: Wald statistic = 3.67, p < 0.001; “frequently to always”: Wald statistic = 4.80, p < 0.001) was discovered having a considerable positive impact on taxi drivers' crash rate, and the corresponding odds ratio result indicated that those suffering serious sleeping problems “quite often” and “frequently” or more were 6.468 and 17.536 times, respectively (which can be as much as 17.552 and 56.524 times with 95% CI) more likely to cause crashes than those without or with slight sleep problems. 
Table 9. Predictors of Crash Risk - Psychological and Physical Factors (Model III)
	Variables
	OR
	SE
	Wald
	95% CI

	Dissatisfaction with income 
(base: never to often)
	
	
	
	

	  Always
	0.396*
	0.154
	-2.39
	0.186,0.847

	Sleep problems 
(base: never to occasionally)
	
	
	
	

	Quite often
	6.468***
	3.294
	3.67
	2.384, 17.552

	  Frequently to always
	17.536***
	10.472
	4.8
	5.440, 56.524

	Driving while fatigued
(base: never to occasionally)
	
	
	
	

	Quite often
	7.322**
	5.155
	2.83
	1.843, 29.098

	Frequently
	34.862***
	25.297
	4.89
	8.408, 144.544

	Nearly all the time or always
	174.618***
	139.867
	6.45
	36.332, 839.249

	Failure to wear a seat belt
(base: never)
	
	
	
	

	  Hardly ever to always
	0.488*
	0.169
	-2.08
	0.248, 0.961


Table 10. Predictors of Crash Risk - Traffic Violations (Model III)
	Variables
	OR
	SE
	Wald
	95% CI

	Crossing red light
(base: never or hardly ever)
	
	
	
	

	Occasionally
	61.434***
	63.333
	3.99
	8.145, 463.366

	Quite often
	73.989***
	76.673
	4.15
	9.707, 563.957

	  Frequently to always
	2320.549***
	2800.992
	6.42
	217.850, 24718.600

	Speeding
(base: never to occasionally)
	
	
	
	

	Quite often
	6.022**
	3.385
	3.19
	2.001, 18.123

	  Frequently to always
	30.998***
	19.6
	5.43
	8.977, 107.037

	Parking in forbidden areas
(base: never to occasionally)
	
	
	
	

	Quite often
	6.453***
	3.306
	3.64
	2.364, 17.615

	  Frequently to always
	43.180***
	24.658
	6.59
	14.100, 132.242


Table 11. Predictors of Crash Risk - Aggressive Driving (Model III)
	Variables
	OR
	SE
	Wald
	95% CI

	Aggressively driving
(base: never or hardly ever)
	
	
	
	

	Occasionally
	7.200*
	6.527
	2.18
	1.218, 42.560

	Quite often
	91.688***
	82.622
	5.01
	15.677, 536.230

	  Frequently to always
	120.092***
	115.732
	4.97
	18.164, 793.988

	Dangerous overtaking
(base: never)
	
	
	
	

	Hardly ever
	15.110**
	15.504
	2.65
	2.023, 112.885

	Occasionally
	29.859***
	21.265
	4.77
	7.393, 120.587

	Quite often
	48.493***
	33.42
	5.63
	12.562, 187.197

	Frequently to always
	110.525***
	88.628
	5.87
	22.956, 532.133

	Honking to a slow driver
(base: never or hardly ever)
	
	
	
	

	Occasionally
	15.113***
	7.529
	5.45
	5.692, 40.126

	  Quite often to always
	24.426***
	14.949
	5.22
	7.360, 81.058


Table 12. Predictors of Crash Risk - Distracted Driving (Model III)
	Variables
	OR
	SE
	Wald
	95% CI

	Failure to use the turn signals
(base: never or hardly ever)
	
	
	
	

	Occasionally
	11.005***
	5.664
	4.66
	4.013, 30.179

	Quite often
	15.905***
	8.622
	5.1
	5.497, 46.022

	  Frequently to always
	62.414***
	49.944
	5.17
	13.006, 299.516

	Cell phone use in driving
(base: never or hardly ever)
	
	
	
	

	Occasionally
	8.429***
	3.977
	4.52
	3.343, 21.249

	  Quite often to always
	45.782***
	32.641
	5.36
	11.320, 185.166

	blocking the merging lane of other drivers
(base: never or hardly ever)
	
	
	
	

	Occasionally
	12.638***
	7.308
	4.39
	4.069, 39.252

	Quite often to always
	88.558***
	57.518
	6.9
	24.796, 316.285

	Driving with one hand
(base: never to occasionally)
	
	
	
	

	Quite often
	10.484***
	6.019
	4.09
	3.403, 32.299

	Frequently to always
	35.411***
	23.659
	5.34
	9.559, 131.177

	μ1
	23.730***
	2.69
	
	18.458, 29.002

	μ2
	38.487***
	3.811
	
	31.016, 45.957


*p< 0.05; **p< 0.01; ***p< 0.001.
Furthermore, all risky driving behaviors of the taxi drivers surveyed were significantly associated with positive predictors of the crash rate, indicating that risky driving behaviors were associated with an increased risk of crashes. Among the identified dangerous activities, the taxi drivers engaged in the behavior of “crossing the red light” ranging from “frequently” to “always” were 2320.549 times (which can be as much as 24718.6 times with 95% CI) more likely to cause crashes than those who engaged less in such risky driving behavior than “frequently”. 
Speeding “quite often”, however, was found to be the least significant positive predictor, and its odds ratio was 6.022 with a p-value of 0.001, suggesting that there was a substantial difference between individuals who reportedly engaged in aggressive driving "quite often" and those who engaged in such risky behaviors less frequently than "quite often" in terms of the crash rate. The former was 6.022 times (which can be as much as 18.123 times with 95% CI) more likely to have crashes than the latter. 
Additionally, the failure to wear a seat belt by the taxi driver was the only significant negative predictor of the crash rate among the risky driving behaviors surveyed. Its odds ratio was 0.488 with a p-value of 0.038, indicating that those “always” wearing the seat belt while driving were 2.049 times (which can be as much as 4.032 times with 95% CI) less likely to cause crashes than those who did not “always” wear the seat belt. 
DISCUSSION
What is clear is that cab drivers tend to be more prone to traffic risks than usual when driving at work [2,9,23]. This is confirmed by a questionnaire survey in the United States that included both cab and non-taxi drivers. It was found that cab drivers were more likely to drive distracted compared to non-taxi drivers [24]. Similarly, a survey in Xining found that nearly half of the crashes involved professional drivers of buses, trucks, cabs, etc. [1]. Building on these findings, our study examined Chinese taxi drivers through a large-scale questionnaire survey to quantify how occupational workload influences risky driving behaviors and collision involvement, and to develop a predictive model for estimating their potential crash risk.
Both official statistics and our survey data indicate that the primary reason for taxi drivers’ heightened collision risk is the substantial financial pressure they face. It is well known that cab drivers' income depends largely on the number of orders they take and the miles they carry passengers, which drives their tendency to drive faster and work longer as a way to fulfill more orders and cover more miles. Approximately four out of five surveyed drivers reported paying nearly half of their monthly income to taxi companies as management fees. Cab drivers with lower incomes will be more inclined to do so and are therefore more likely to engage in risky driving behaviors that can cause accidents, such as speeding, fatigue, and dangerous overtaking, resulting in a much higher probability of accidents [22,9].
The survey revealed that nearly half of cab drivers work more than 70 hours per week. A Norwegian study reported that drivers working more than 70 hours per week were at greater risk of neck and lower-back pain than those working fewer hours, and fewer than 10% of Norwegian taxi drivers reached this threshold [25]. This suggests that cab drivers in China have more stressful jobs, and their heavy workload puts their health at risk. Notably, this finding is consistent across the four cities surveyed—Xining, Jilin, Xi'an, and Shantou—despite potential differences in urban scale and transportation infrastructure. The survey further showed no significant regional differences in daily or weekly driving hours among taxi drivers in China.
Existing surveys show that cab drivers have widespread sleep problems, and that poor sleep quality is more likely to lead to involvement in a crash [9,26]. A significant number of people in this survey currently have serious sleep problems. Sleep problems not only increase the physical stress on drivers but also increase driver fatigue. Consequently, more severe sleep problems are associated with a higher probability of crash involvement. Fatigued driving is so harmful that a report from Europe also showed that fatigued people reacted less quickly and adequately than those who were not fatigued. Fatigue also affects mood, which in turn affects behavior. People who are tired are more likely to be irritable and frustrated. On average, about 20% of European drivers reported driving while extremely sleepy at least once in the past month [27]. In another survey from Italy, 41.1% of drivers indicated that they had passed out while driving at least once a month in the past year [28]. As noted in many previous studies, drivers who are sleep-deprived due to mental stress have an increased risk of being involved in a crash while driving [29,30]. Therefore, early diagnosis and treatment of sleep problems or other mental or physical health problems should be emphasized to prevent road traffic accidents.
It can be seen that most of the potential factors for cab drivers to be involved in collisions come from risky driving behaviors (fatigued driving (3.29 ± 1.48), with scores for other behaviors ranging from 2.1 to 2.6), large workloads due to income pressures (nearly half of cab drivers work more than 70 hours per week), and sleep problems due to the large workloads and income pressures (the drivers' self-reported sleep problems with a mean score of (1.98 ± 1.35) and relatively poor sleep quality).      As a result, we make recommendations in three areas: reducing risky driving behavior, increasing cab drivers' income and benefits, and improving management practices. Cab driving driver's behavior when running red lights, speeding, and other risky driving behaviors, most to get more income in a limited time, so it is recommended to take the following measures: 
1) It is suggested in traffic laws and regulations that taxi drivers' fines for illegal driving behavior be increased in order to increase their illegal costs. Administrative penalties such as review, mandatory cessation of driving activities, and detention can also be imposed depending on the severity of taxi-related accidents. 
2) Behaviors such as one-handed driving and driving on the phone have no actual penalties in traffic regulations. It is recommended that such dangerous driving behaviors be identified through road traffic monitoring and other means and that taxi drivers be given appropriate warnings and financial penalties.
Taxi drivers' work fatigue, sleep problems, and dissatisfaction with their income also increase the risk of driving on public roads. Therefore, it is recommended that: 
1) Taxi companies should introduce a regulatory policy to alert drivers with excessive working hours through electronic devices. 
2) the government should introduce regulations to limit the working hours of taxi drivers, especially those with a high number of accidents, to reduce the probability of fatigued driving among taxi drivers. probability of fatigued driving. 
3) The government management and the relevant departments of taxi companies should organize regular traffic safety driving training to strengthen drivers' safety education, and develop health promotion programs to ensure that drivers can get enough rest.
4) Consideration could be given to appropriately reducing the management fees of taxis and increasing the social security of taxi drivers, such as social insurance and housing provident funds, to alleviate their financial pressure. However, we recognize that the feasibility of reducing management fees depends on the internal cost structure of taxi companies, which is beyond the scope of this study. This suggestion is based on the high proportion of income that drivers report spending on these fees, rather than an economic assessment of company finances. Future research is needed to assess this policy’s viability from a company-level perspective. It should also be noted that we have not given our views on the improvement of health problems. On the one hand, the health problems of taxi drivers are difficult for companies and relevant departments to change through the implementation of measures; on the other hand, taxi companies will not allow their drivers to work if they have serious health problems, and the companies will organize medical check-ups for their employees every year. It should also be noted that we have not given our views on the improvement of health problems. On the one hand, the health problems of taxi drivers are difficult for companies and relevant departments to change through the implementation of measures; on the other hand, taxi companies will not allow their drivers to work if they have serious health problems, and the companies will organize medical check-ups for their employees every year.
Additionally, we acknowledge that the self-reported nature of the data may introduce recall and social desirability biases, potentially affecting the accuracy of reported crash involvement and risky driving behaviors. Due to resource constraints, we were unable to cross-validate the questionnaire data against objective data sources such as official traffic police records or vehicle telematics. However, to mitigate these biases, anonymous data collection and trained interviewers were employed to encourage honest and accurate responses. We emphasize that future studies should integrate multiple data sources, including real-time monitoring and official crash databases, to enhance data validity and strengthen the robustness of findings.
Moreover, it is important to recognize that regional variation in traffic regulation, enforcement stringency, and taxi business models (e.g., platform-based vs. traditional dispatch systems) could affect the prevalence and impact of risky behaviors. For example, drivers in Xi’an and Shantou are more frequently integrated into ride-hailing platforms that employ digital monitoring tools and incentive mechanisms, whereas drivers in Jilin and Xining operate more independently under traditional franchise models. These differences may affect behavioral compliance, exposure duration, and driver stress, ultimately shaping crash risks. Future studies should examine these contextual differences more explicitly by stratifying behavior and outcome data by city and considering local traffic policy enforcement regimes.
Notably, some of the odds ratios derived from the ordered logistic regression—such as those for high-frequency red-light violations—were unusually large. This may reflect sparse data in extreme behavior categories, where only a small number of drivers engaged in such behaviors but exhibited disproportionately high crash rates. Although these estimates are statistically significant, they should be interpreted cautiously and viewed primarily as indicators of relative, rather than absolute, crash risk. We also verified that multicollinearity was not a major issue in the final model, with all VIFs remaining below 5.
Although our findings suggest that occupational factors such as long working hours and income dissatisfaction are associated with both risky driving behaviors and increased crash risk, we did not conduct a formal mediation analysis or structural modeling to verify the behavioral pathways underlying these associations. Therefore, the causal interpretation of these associations should be approached with caution. Future studies are encouraged to adopt structural equation modeling (SEM) or path analysis to examine the mediating role of risky behaviors and to construct a more theoretically grounded framework linking occupational stressors to crash outcomes
This study has several limitations that should be acknowledged. First, the study did not account for individual health factors, which may influence taxi drivers’ likelihood of being involved in collisions. Second, there is a chance that the self-reported data may be inaccurate or contain misinformation. It is possible that some taxi drivers failed to report some previous crashes and dangerous driving behaviors on purpose in the questionnaire investigation, which may influence the objectivity of the study. Third, the choice of independent variables relies too much on the survey, in which many subjective variables were collected for modeling, while a number of objective factors, like weather, time of day, pavement condition, traffic condition, etc., which are usually considered in crash prediction, were not covered. Furthermore, basic statistics of crash data (e.g., type, time, location, and severity) that were essential for the following modeling of crash risk were also not included in the survey. In the near future study, therefore, data on traffic accidents involving taxi drivers must be gathered from traffic regulations and determine the corresponding crash risk prediction model, especially for injury crashes that are more likely to be avoided. Finally, the survey focused only on the 12 most frequently observed risky behaviors and a limited set of occupational workload variables, without accounting for cultural or operational differences across regions. Future questionnaires should be adapted to the specific characteristics of each target city. 
Furthermore, we acknowledge that although the data were collected between 2015 and 2017, and some changes in the traffic environment may have occurred since then, the fundamental occupational and behavioral characteristics of taxi drivers have largely remained stable. This supports the continued relevance of our findings to current road safety interventions.
While our study proposes regulatory measures such as limiting working hours and increasing penalties for high-risk behaviors, these recommendations should be interpreted as preliminary and evidence-informed, rather than immediately actionable. We acknowledge that implementation would depend on institutional feasibility, including alignment with existing labor laws, coordination among city-level transport agencies, and engagement with taxi fleet operators. Detailed cost-benefit analysis, stakeholder consultation, and legal review would be essential prerequisites for translating these recommendations into policy. Future studies should investigate these dimensions in collaboration with policymakers and industry stakeholders.
CONCLUSION
This study conducted an in-person interview with taxi drivers in four cities in China to collect their self-reported demographic information, workload attributes, daily risky driving behaviors, and crash involvement on a daily basis over the past two years, and then applied an ordered logistic model to examine the relationship between crash participation rates and other self-reported variables.
The crash rate of taxi drivers were found to be significantly negatively associated with the level of income dissatisfaction and frequency of failure to use a seat belt while driving, but positively associated with the seriousness of sleep problems and other risky driving behaviors, including running a red light, aggressive driving, speeding, dangerously overtaking a vehicle without indicating with the left/right turn signal light, One-handed driving, parking in prohibited areas, honking to urge the car in front of you, changing lanes and turning without turn signals, driving while fatigued, driving while distracted by a cell phone, and intentionally blocking other cars from merging or cutting others off in the lane. The study also found that there was a significant negative correlation between income satisfaction and the performance of sleep problems and that low incomes, which cause taxi drivers to increase their working hours, as well as the sleep problems caused by the stress that comes with them, may make them more susceptible to mental and physical health problems.
The findings of this study provide substantial insights into the key factors contributing to traffic crashes among taxi drivers in China. Self-reporting by taxi drivers not only predicts the level of taxi driver crashes over time in conjunction with built-in features but also warns drivers with sleep problems about health issues. As well as help taxi operators and companies, and traffic safety authorities to develop appropriate policies and formulate appropriate countermeasures to the current situation. This will help to reduce and avoid road traffic accidents and prevent and reduce the number of crashes among high-risk taxi drivers.
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