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Abstract

:

This study explores risk factors influencing the at-fault party in traffic accidents and analyzes their impact on traffic accident severity. Based on the traffic accident data of Shenyang City, Liaoning Province, China, from 2018 to 2020, 19 attribute variables including road attributes, time attributes, environmental attributes, and characteristics of the at-fault parties with either full responsibility, primary responsibility, or equal responsibility of the traffic accidents were extracted and analyzed in conjunction with the built environment attributes, such as road network density and POI (points of interest) density at the sites of traffic accidents. Using the RF-SHAP method to determine the relative importance of risk factors influencing the severity of traffic accidents with either motor vehicles or vulnerable groups at-fault, the top ten risk factors influencing the severity of traffic accidents with vulnerable road users as the at-fault parties are: functional zone, density of shopping POI, density of services POI, cause of accident, travel mode, collision type, season, road type, age of driver, and physical isolation. Travel mode, season, and road speed limit are more important risk factors for traffic accidents, with motor vehicle drivers as the at-fault parties. The density of service POI and cause of the accident are less critical for traffic accidents with motor vehicle drivers than traffic accidents with vulnerable road users who are at-fault. Subsequently, the Apriori algorithm based on association rules is used to analyze the important causal factors of traffic accidents, so as to explore the influence mechanism of multiple causal factors and their implied strong association rules. Our results show that most combined factors are associated with the matched Service and Shopping POI features. This study provides valuable information on the perceived risk of fatal accidents and highlights the built environment’s significant influence on fatal traffic accidents. Management strategies targeting the most typical combinations of accident risk factors are proposed for preventing fatalities and injuries in serious traffic accidents.
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1. Introduction


Road traffic safety have been an ongoing topic of global debate for many years. The number of deaths caused by motor vehicle collisions are increasing, with the World Health Organization reported in 2020 that around 1.35 million people die of road traffic accidents in the world each year [1]. It is important to understand factors influencing the severity of injuries sustained by participants in road traffic crashes. In previous studies, regression models have been widely used in traffic accident research. Mohammad Abrari Vajari et al. [2] analyzed a dataset of 7714 motorcycle crashes which occurred at intersections in Victoria, Australia, between 2006 to 2018, and used the multinomial logit models to study the accident severity. Jiao et al. [3] used latent clustering analysis and stochastic parametric logit models to investigate factors influencing the crash severity of traffic crashes involving elderly pedestrians in North Carolina from 2007 to 2019. For exploring the influencing factors affecting the severity of road traffic accidents, we have mainly referred to the selection of variables in many relevant papers, with the academic literature emphasizing five key dimensions, namely the at-fault party characteristics, road characteristics, crash characteristics, time of day, and environmental conditions [4]. Among these, the at-fault party characteristics include the driver’s age [5], gender [6], driving experience [7], and mode of transport [8]. Road characteristics include physical separation of the road [9], and road type [10]. Crash characteristics include cause of accident [11], cross-sectional location [12], and whether the crash occurred at an intersection [13]. Temporal and environmental conditions include seasonality [14], weather [15], climatic factors [16], and built environment related variables.



With the rapid development of machine learning, more than 20 machine learning-related algorithms have been adopted to explore factors influencing traffic accident severity, such as artificial neural networks, support vector machines, decision trees, Bayesian networks, and K-Nearest Neighbors. Compared with traditional regression models, machine learning can better handle different types of data, and are capable of analyzing the complex nonlinear relationships among variables [17]. In a study by Shakil Ahmed et al. [18], six different machine learning algorithms, namely Random Forest (RF), Decision Jungle (DJ), Adaptive Boost (AdaBoost), Extreme Gradient Boost (XGBoost), Light Gradient Boost Machine (LGBM), and Classification Boost (CatBoost), were used to analyze road accidents in New Zealand from 2016 to 2020, and they showed RF has the best prediction results. Fatma Outay et al. [19] built a dataset of traffic accidents using motorcycle track data from GPS and road accident feature data collected through questionnaires and police inquiries, and ranked and predicted feature importance using a random forest algorithm. Masello et al. [20] investigated the effect of the driving environment on attempted accidents, speeding and distraction events based on RF and XGBoost combined with SHAP, aiming to explore the factors affecting the frequency of road accidents and driving risks. The most important contextual factors in predicting these risky events are identified and ranked through Shapley Additive Explanations. Wen et al. [21] used the LGBM-SHAP methodology was used to explore the impact of the importance of accident risk factors on different types of accidents based on accident data in Texarkana. The SHAP methodology quantified the results and yielded more evident results. Wang et al. [22] used XGboost and SHAP’s LCA-based clustering results to identify the main influencing factors in the potential categories and analyzed the interactions between the factors. The SHAP visualization of their results shows the top 15 accident duration influencing factors regarding importance ranking. All these studies have shown that SHAP is a very effective interpretation method for machine learning and is widely used in various industries.



Most scholars have found that traffic accident severity is influenced by a multitude of factors, hence multi-factor interactions should be explored. Jiang et al. [23] proposed a framework based on association rule mining to identify critical factors influencing motorcycle accident severity, parameter optimization of parameter thresholds in association rule mining is proposed to identify individual key factors from two-item rules and boosting factors from multiple-item rules. Samerei et al. [24] conducted a study on bus accidents which occurred in Victoria, Australia between 2006 and 2019, and discovered effective chains of factors influencing fatalities in bus accidents using association rules. Kong et al. [25] applied an association rule mining method on a natural driving dataset to study the correlations between accidents and road features. The item set frequencies after the Apriori algorithm showed that the accidents were strongly associated with roadways without access control, driving during non-peak hours, roadways without a shoulder or a median, roadways with the minor arterial functional class, and roadways with a speed limit between 30 and 60 mph. Xu et al. [26] applied association rule mining techniques on traffic accidents with high number of casualties that occurred in China between 2009 and 2013, and the results showed that traffic accidents with high casualties are affected by the interactions of different complex factors.



Based on the relevant research by previous scholars, it is clear that the Random Forest algorithm is superior in exploring the influence of a single factor and the association rule algorithm shows advantages in exploring the multi-factor interaction effects. Therefore, this study adopts an integrated approach of RF and Apriori algorithm to explore the mechanisms of single factors and multi-factor interactions. The remainder of this paper is organized as follows: Section 2 provides an overview of the processing of the data and methodology, Section 3 shows and discusses the results, and Section 4 summarizes the implications of the results for decisions on enhancing road traffic safety.




2. Materials and Methods


2.1. Data


This paper is based on data on traffic accidents in Shenyang City, Liaoning Province, China, 2018–2020, extracted from the at-fault parties (full responsibility, main responsibility, and equal responsibility). The Shenyang City Traffic Police provided the data, and certain sensitive data with irrelevant features or privacy implications to this study were removed in advance, such as property damage and driver identification numbers. A total of 2022 accident data were processed after data cleaning. According to the classification of the severity of road traffic accidents by China’s traffic management authorities, traffic accidents are classified into three categories: accidents causing only property damages, accidents causing injuries, and accidents causing fatalities. Many scholars classify road traffic accidents into two categories: fatal and non-fatal. Since the focus of this study is to reduce accident fatalities, the scholars’ definition of accident severity is used. The dependent variable in this study is accident severity, coded as fatal accidents and non-fatal accidents, where non-fatal accidents are coded as 0 and fatal accidents are coded as 1, accounting for 60.4% and 39.6% of the traffic accidents, respectively.



The independent variables include five aspects: Crash Attributes at Fault, Infrastructure Attributes, Road Attributes, Environmental and Time Attributes. The study in this paper considers the characteristics of the land surrounding the road as a potential influence on the severity of accidents as well, and therefore in the context of environmental factors, in addition to the general environmental features provided by the traffic police, such as weather and temperature, this paper uses ArcGIS 10.6 software to establish a buffer zone with a radius of 500 m by combining the latitude and longitude of the accident site and the Point of Interest in Shenyang. It calculates the road network density, commercial and residential density, scientific and cultural density, restaurant and shopping density and living service density in the buffer zone of the accident site as the built environment features. Each data sample contains 24 features, as shown in Table 1.



A total of 401 traffic accidents has vulnerable road users as the at-fault party, including pedestrians, bicycle drivers, electric bicycle drivers, and motorcycle riders. This constitutes 33.9% of all fatal accidents. In this study, we model and analyze traffic accidents with vulnerable road user and motor vehicle drivers as the at-fault parties separately.




2.2. Random Forest


The Random Forest method is a non-parametric supervised learning method that belongs to the Bagging type of ensemble learning. By combining multiple weak classifiers, the final result is averaged by voting or taking the mean, which makes the result of the overall model have high accuracy and generalization performance [27]. Generally, there is no overfitting on noisy data. It can also obtain better results, has better classification accuracy, and does not produce overfitting problems. So, the random forest is chosen as the classification model, often applied in traffic accident injury studies to rank the importance of accident severity risk factors.



When using a dataset to train a model, the database is first divided into a training dataset (70%) and a test dataset (30%) using a stratified sampling approach, which reduces errors due to sample distribution and ensures that the imbalance rate is consistent between the training and test datasets. Random Forest generates a new training set   (  N t  )   by repeatedly randomly selecting  T  samples from the original set  N  by a self-service resampling technique with put-back. Subsequently,  T  new training sets and corresponding decision trees are used to form the random forest model. The random forest involves many parameters, the most important of which are as follows:




	(1)

	
n_estimators: This is the number of decision trees in the random forest, i.e., the number of base evaluators. Theoretically, more trees create better model, but it is also more likely for models with more trees to encounter problems such as model overfitting and long model computation time. Hence, a reasonable number of decision trees will often achieve good results;




	(2)

	
max_depth: this parameter indicates the maximum tree depth. When the decision tree splits and reaches the depth set by this parameter, it will stop splitting, i.e., branches exceeding max_depth will be cut off;




	(3)

	
max_features: this parameter reflects the number of features to be randomly selected by each base evaluator in the random forest when generating the tree, and its default value is the squared-off integer of the total number of features in the dataset;




	(4)

	
min_samples_leaf: in the decision tree splitting process, if the number of samples in a child node generated by a node after splitting is less than this value, the node will not be split;




	(5)

	
min_samples_split: if the number of samples in a node is less than this value, the node is a leaf node and will not be split.









In the actual modeling process, the parameters do not need significant adjustments to achieve good classification prediction results. In this study, two main parameters affecting the tuning performance of random forest are selected, including the total number of decision trees (n_estimators) and the maximum tree depth (max_depth).



The steps of the algorithm are as follows:




	Step 1:

	
For a given sample set N consisting of X1, X2, ..., Xk, construct a set of random vectors N1, N2, ..., NT through T random repeatable samples.




	Step 2:

	
Construct a decision tree based on each random vector Nt.




	Step 3:

	
Repeat steps 1 and 2 to obtain T decision trees.




	Step 4:

	
Use the obtained T decision trees to vote on the input variables Xk.




	Step 5:

	
Calculate all the votes and find out the value with the highest number of votes among all the predictions as the classification label of the input variable Xk. When generating each decision tree, calculate the out-of-bag error rate, denoted as EOOB1, and at the same time, after adding random noise for feature Xk, calculate the value again, denoted as EOOB2, then the importance of feature Xk is:











   I   X k    =  1 T   ∑  (  E  O O B 2     −  E  O O B 1    ) t   



(1)







Repeating Equation (1), then the importance of all features can be calculated and ranked.




2.3. SHAP (Shapley Additive Explanations)


The problem of interpretability still needs to be solved for ensemble learning methods. The game theory-SHAP (SHapley Additive exPlanations) method solves this problem well. For integrated tree models, the model output is a probability value when doing a classification task. Thus, SHAP attributes the output value to the shapely value of each feature to measure the effect of the feature on the final output value.



SHAP value can be used as a unified approach to interpret the output of any machine learning model [28]. Traditional feature importance can find the most influential features among hundreds of features, but it is impossible to know how each feature influences the dependent variable. The most significant advantage of SHAP value is that it can reflect the influence of the features in each sample and indicate the direction of the influence (positive/negative). Therefore, to improve the interpretability of the machine learning model, this study analyzes the risk factors of accident severity using the RF-SHAP method.



In SHAP, the importance of each feature is assigned according to its respective marginal contribution. A positive SHAP value of a feature influences the final prediction result positively; a negative SHAP value of a feature influences the final prediction result negatively. The larger the SHAP value of a feature, the greater its influence.




2.4. Association Rules


Currently, there are two relatively developed association rule mining algorithms: Apriori algorithm and FP-Growth algorithm. This study uses the Apriori algorithm to mine association rules for rear-end accident data.



The association rule algorithm can mine the intrinsic connection between elements, represented by    ( X  ∩  Y )   , where X is the event that occurs in the preceding item and Y is the event that occurs in the following item. Generally, the association rule algorithm has three metrics: support, confidence, and lift. Support is the probability of event X and event Y occurring simultaneously, denoted    Support ( X  ∩  Y )   :


   Support ( X  ∩  Y ) =     Freq ( X  ∩  Y )   N   



(2)




where N is the total number of events and    Freq ( X  ∩  Y )    is used to denote the number of events occurring at the same time as X and Y. Confidence is the probability of Y occurring after the occurrence of event X, denoted    Confidence ( X  ∩  Y )   :


   Confidence ( X  ∩  Y ) =     Freq ( X  ∩  Y )     Freq ( X )     



(3)







The degree of elevation indicates the elevating effect that event X has on the probability of the occurrence of event Y. It is used to determine whether the rule has practical value and is denoted    Lift ( X  ∩  Y )   :


   Lift ( X  ∩  Y ) =     Support ( X  ∩  Y )     Support ( X )  ×  Support ( Y )     



(4)







A higher support indicates a higher probability of occurrence of the antecedent. A higher confidence indicates a higher probability of occurrence of the antecedent and a higher probability of occurrence of the consequent. An elevation greater than one indicates a more positive correlation between the antecedent and the consequent. However, a lift > 2 is a recognizable correlation rule in practice. If lift = 1, it means that there is no significance, A and B are independent of each other and do not affect each other; if lift < 1, it means that there is an opposite effect. If A event occurs, B event is less likely to coincide.





3. Results and Discussion


3.1. Feature Importance Ranking


In this study, we use Python 3.9 software to build and interpret the model through the ‘Random Forest‘ package and ‘SHAP‘ package. The finding ranges of n_estimators and max_depth are determined by grid search and cross-validation, the total number of decision trees in the model and the two parameters of max_tree_depth are optimally tuned, and the rest of the parameters are set as follows: max_features = ‘auto’; min_ samples_leaf = 1; min_samples_split = 2.



The most accurate training set of 0.813 is obtained when max_depth = 6, n_estimators = 25 for the RF model of vulnerable road user. For the RF model on traffic accidents with motor vehicle drivers at-fault, when max_depth = 6 and n_estimators = 50, the most accurate rate of 0.742 is obtained for the training set. The risk factor importance ranking results of accident severity obtained by RF-SHAP method that are ranked according to their average absolute SHAP values.



Figure 1a,b shows the average absolute SHAP values of each characteristic in traffic accidents with either vulnerable road user or motor vehicle driver at-fault. Figure 1a shows that the top ten characteristics with the highest to lowest degree of influence on vulnerable road user are area division, restaurant and shopping POI density, life service POI density, cause of accident, traffic mode, collision type, season, road type, age, and physical separation. Figure 1b shows that the top ten characteristics with the highest to lowest degree of influence on motor vehicle driver are traffic mode, restaurant and shopping POI density, area division, season, road speed limit, crash type, life service POI density, cause of accident, road network density, and driving experience.



The comparison found that for traffic accidents with motor vehicle drivers at-fault, traffic mode, season and road speed limit are more critical, whereas POI density of commercial and residential establishments have minor to negligible importance. The POI densities of living services and cause of accident have lower influence on traffic accidents with motor vehicle drivers at fault than traffic accidents with vulnerable road users at fault. The POI densities of science, education and culture and commercial housing were lower than those of restaurants, shopping and living services, and they also have lesser importance over accident severity.



The SHAP value plot illustrates the positive and negative relationship between the explanatory variable and target variables. Each point represents a sample, and the colors in the plot from blue to red denote low to high SHAP values of the different factors, respectively. The clustering of points with the same color indicates that more data correspond to that characteristic value. The greater the SHAP value corresponding to the eigenvalue, the more serious the traffic accident. Figure 2a,b shows the top ten important risk factors for traffic accidents with either vulnerable road user or motor vehicle driver at fault, and the positive or negative impact of each feature on the severity of traffic accident. From both the perspectives of vulnerable road users and motor vehicle driver, factors such as traffic mode, functional zone, road type, season, cause of accident, collision type, density of shopping POI and density of service POI have significant impact on accident severity. Therefore, the analysis of the impact of each characteristic for the different perspectives shows that:




	(1)

	
For the mode of transport, vulnerable road users are transported on foot, by bicycle (including tricycles and e-bikes), and by motorbike. The aggregation in the image shows that motorbike driving has a higher number of accidents and a positive SHAP value, which corresponds to a higher probability of fatal accidents. At the same time, motor vehicle drivers drive motorcars, minivans, large passenger trucks, or other models. Although more drivers were on the road in minibuses, vehicle type significantly affected fatal accidents when the at-fault driver’s mode of transport was a minivan or large passenger truck than when the at-fault driver was driving a motor vehicle.




	(2)

	
The regional division of the location of the accident point (0 for urban, 1 for peri-urban, and 2 for far-urban), for both vulnerable road user or motor vehicle driver primary responsibility accidents showed that the urban area hurt the severity of the accident, and the far-urban area had a positive effect on it. That may be related to differences in design standards between urban and rural roads. Through the understanding of Shenyang’s urban development, the main urban and peri-urban areas have a higher level of economic development than the far suburban areas, with a relatively high level of infrastructure protection, and thus are more inclined to have minor accidents. However, more non-serious crashes occur on urban roads. The risk of death is higher on rural roads, the same conclusion also obtained by Cabrera-Arnau et al. [29].




	(3)

	
For road types, it can be seen that lower eigenvalues have more significant accident aggregation and hurt accident severity. As its eigenvalue increases, it positively affects accident severity. In other words, more accidents occur on trunk roads or low-grade roads, but their severity is usually lower. In contrast, urban motor and expressway accidents are usually more severe, the same as the results obtained in previous studies from Goswamy et al. [30].




	(4)

	
For seasons, the severity of traffic accidents with vulnerable road user at-fault corresponds to several eigenvalues. Samples with positive SHAP values are mainly composed of red and pink dots, indicating accidents in autumn and winter are usually more severe. Shenyang has a long winter with low temperatures and heavy snowfall lasting from November to March, resulting in icy roads and reduced visibility that leads to more severe traffic accidents.




	(5)

	
As the second most important feature, the higher the value of restaurant and shopping POI density (exceeding 50 pcs/km2), the lower the probability of a fatal accident. The same pattern is observed for life service POI density. This indicates that drivers are more likely to concentrate and drive their vehicles cautiously in densely populated areas.




	(6)

	
For the vulnerable road user, the age of the driver and the setting of physical separation of the road are equally important, whereas road speed limits and the density of the road network have essential influences on traffic accidents with motor vehicle drivers at-fault.










3.2. Association Rules


Association rules are used to identify a set of risk factors that are often present concurrently in traffic accidents and examine how various accident characteristics are related [31]. This study investigated the effects of interactions between different influencing factors on specific outcomes. The top ten characteristic variables from RF-SHAP’s importance ranking results were selected for multifactor interaction analysis. Significant features between different factors were found using association rule analysis.



Our study focuses on reducing fatal accidents; this section selects 137 and 665 fatal accidents with vulnerable road users and motor vehicle drivers as parties of primary responsibility, respectively. The classical Apriori algorithm in association rules is used to perform the analysis and the support, confidence and boosting thresholds were set. According to past research which applied the association rules to analyze traffic safety and in order to improve the strength and accuracy of association rules, the thresholds of the three indicators in this study were set as support ≥ 10%, confidence ≥ 80%, and boost ≥ 1.5, respectively. Two, three and four association rule results of traffic accidents and the corresponding support, confidence, and boost values are calculated. The association rules were ranked according to the elevation values in each table from highest to lowest. It should be emphasized that some association rules may have low support in the bumper-to-bumper database, but they may be necessary because the features contained in the rules are rarely present. This means the elevation value is more important than the other two criteria for determining the strength of association rules.



It can be seen from Table 2a,b that among the dichotomous association rules, significant association rules in traffic accidents with vulnerable road users at-fault are related to road type, road physical isolation, collision type, and functional zone. Rules #1 and #3 have the highest elevation values in Table 2a, which indicate that if a fatal accident occurred on a median-separated road, it is likely to have happened in the urban area and on a trunk road. Rules #2 and #5 indicate that fatal accidents are more likely to occur on a trunk road when the density of life service POI is in the range of 50 to 500 pcs/km2 or in urban areas. Compared with high-grade roads, trunk roads in urban areas are generally connected to residential and commercial areas, with more blind spots for drivers and more chaotic road appurtenances. The higher density of life service POI also equates to more vulnerable road users and more random travel paths, which are likely to result in fatal accidents on roads with only middle separation and no guarantees of motor vehicle right-of-way. Therefore, the road environment should be analyzed, with appropriate additional machine-non-motorized separation zones and clear signage. Traffic control should be strengthened in accident-prone areas, and the safety awareness of non-motorized plans and pedestrians should be enhanced to avoid illegal crossings to prevent fatal accidents.



The essential association rules in Table 2b from the viewpoint of motor vehicle drivers are related to the POI density of shopping, POI density of service, road type, and functional zone. Four association rules are obtained by excluding rules which the preceding and following items are POI density. The rules show that when a fatal accident take place in urban areas or on secondary and tertiary roads, these are also more likely to be areas with POI densities less than 50 pcs/km2 for services and shopping. Motor vehicle drivers are more likely to drive at faster speeds and lower vigilance on high-grade roads due to more space, flatter road surfaces and higher speed limits, which constitute critical reasons for severe and even fatal accidents.



If Lift = 2, indicating that the antecedent has already occurred, the probability of the posterior occurring is twice the probability of the posterior occurring in the database. The higher the Lift value, the more likely it is that the simultaneous occurrence of antecedent and consequent terms in an event is not coincidental. Therefore, to demonstrate that the antecedent and posterior terms of the rules are interdependent, we extracted three association rules with lift values exceeding 2, containing eight and six rules, respectively, in Table 3a,b. All posterior terms are associated with density of Service-POI and Shopping-POI. As shown in Table 3a, for traffic accidents with vulnerable road users at-fault, the posterior terms of rules #1–#4 are the density Service POI area of 50–500 pcs/km2, and the antecedent terms contain the high-density Shopping-POI densities. All four rules have the same confidence and lift values of 1 and 2.46, indicating strong correlation. Thus, several types of traffic accidents are more likely to be fatal, including crashes which occurred in urban areas with high restaurant shopping POI densities, crashes which occurred on trunk roads, crashes where non-motorized vehicles are primarily responsible for vehicle–vehicle collisions, and crashes which occurred in areas with medium to high-density Service POI. It is similar to the conclusion of the two association rules above. Therefore, for traffic accidents where the vulnerable road users are primarily responsible, separating the non-motorized lane from the pavement area in urban areas with high restaurant and shopping POI densities is necessary for minimizing the likelihood of vehicle–pedestrian collisions. Due to the instability of two-wheelers, increased efforts should be made to remind motorbike and electric bike riders to wear helmets on the road. Rules #5 and #6 point out that when the traffic accidents occur in low-density Service POI areas and Rural District or on Secondary and Tertiary Roads, the density of Shopping POI around the site of the fatal accident is low. Therefore, safety signage and surveillance should be enhanced in remote suburban areas and on low-grade roads in areas with low Service and Shopping POI densities. Consideration should be given to reduce speed limit on roads with high accident rates to prevent fatal accidents.



In addition, we show that the number of three-association rules with a lift value above 2.0 is higher than the number of two-association rules with high lift values, which indicates that traffic accidents are the products of multiple influencing factors [32]. Moreover, traffic accidents with vulnerable road users at-fault have more association rules with lift values above 2.0, as vulnerable road users are associated with higher crash rates due to their travel patterns that increase the likelihood of exposure [33]. Therefore, to investigate factors influencing fatal crashes for which the vulnerable road users are primarily responsible, it is more important to emphasize analysis on the mechanisms of multi-factor interactions.





4. Conclusions


This study uses police-reported traffic accident data from Shenyang, Liaoning Province, China. The accidents were separated into two categories based on the at-fault parties: vulnerable road users or motor vehicle drivers. A random forest model was developed to analyze the importance of factors influencing traffic accident severity. Then the association rule analysis is used to study the combination mechanism of traffic accident influencing factors. This paper introduces Random Forest and SHAP to determine the critical risk factors. RF algorithm improves model accuracy using less training time when dealing with categorical variables and about a thousand datasets. Introducing a priori algorithms helps us find the association between different factors more clearly. The main findings are summarized as follows:




	(1)

	
Descriptive statistical analysis and classification of variables were performed on the dataset, and the importance of 24 characteristic factors was assessed using RF-SHAP. The results show that for accidents in the vulnerable road user category, factors such as area division, restaurant and shopping POI density, life service POI density, cause of accident and traffic mode exert a key influence on accident severity. For accidents in the motor vehicle driver group, factors such as mode of transport, the density of restaurant and shopping POIs, zoning, season, road speed limit, and type of collision significantly influence the fatality of traffic accidents.




	(2)

	
This paper focuses on the first ten characteristic variables for the critical influencing factors under the dual perspective of accidents. The Apriori algorithm was used to delve into the mechanism of multi-factor interactions in fatal accidents. Our results show that most combinations of the factors that occur contain Service and Shopping POI density features. Therefore, it is essential to pay more attention to the vital influence of the built environment around the accident site on fatal accidents and to increase the planning and management of land use to propose more detailed measures.




	(3)

	
Areas with High POI density are more common in urban regions, with more non-motorized vehicles and pedestrians. Isolation between motor and non-motor vehicles on high-grade road sections, enhanced management of the road speed limits, and clarifications on the right of way can reduce the likelihood of fatal accidents. For suburban roads, fewer pedestrians and non-motorized vehicles make it easier for drivers to increase their speed and relax their vigilance whilst driving. Therefore, reducing speed limits on roads with high accident rates, and increase efforts on reminding motorbike and electric bike riders to wear helmets can prevent fatal accidents.









Worth noting that article collects data from a single city in Shenyang for three years to analyze the data, and our research framework and methodology are transferable to other time zones. However, the results and conclusions obtained may only apply equally to cities of similar size, population size, and geographic location, which is inconvenient for road managers and policy makers.



For future studies, we can perform multi-year, multi-city comparisons of accident characteristics, consider the heterogeneity of the unobserved factors, and perform cluster segmentation followed by a discussion of the importance ranking of the factors and a combination analysis. In summary, this study uses machine learning techniques to explore the interaction mechanisms of single risk factors on the severity of traffic accidents with different at-fault parties. The poor interpretability of machine learning models was compensated using SHAP, and Apriori algorithm was utilized to explore the combination effects of multiple factors. The integrated use of tree models and association rules should not be seen as a substitute for other modelling techniques, but rather as a complementary descriptive method for conducting road safety research.
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Figure 1. SHAP bar plots. (a) vulnerable road user; (b) motor vehicle driver. 
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Figure 2. SHAP summary plots. (a) vulnerable road user; (b) motor vehicle driver. 
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Table 1. Variable summary.






Table 1. Variable summary.





	
Variable Type

	
Variable

	
Description

	
Description

	
Proportion (%)






	
Dependent Variables

	
Crash Injury levels

	
The severity of a crash based on the most severe injury to any person involved in the crash.

	
0 =  Non-fatal

	
60.4%




	
1 =  Fatal

	
39.6%




	
Crash Attributes at Fault

	
Gender of driver

	
The sex of person involved in a crash.

	
0 =  Male

	
89.3%




	
1 =  Female

	
10.7%




	
Age of driver

	
The age of driver involved in a crash. If it not available, the approximate age.

	
0 ≤ 25 years

	
8.8%




	
1 = 26–45 years

	
56.7%




	
2 = 46–60 years

	
26.7%




	
3 > 60 years

	
7.9%




	
Driving experience

	
The number of years a driver has been licensed to drive

	
0 = 0–6 years

	
45.4%




	
1 = 7–16 years

	
36.8%




	
2 > 16 years

	
17.8%




	
Liability

	
The liability of driver in the accident is determined

	
0 = Full Liability

	
47.7%




	
1 = Primary Liability

	
29.2%




	
2 =Equal Liability

	
23.1%




	
Travel mode

	
The type of vehicle by the driver

	
0 = Pedestrian

	
1.0%




	
1 = Non-Motorized Vehicle

	
12.0%




	
2 = Motorcycle

	
6.8%




	
3 = Motorcar

	
55.0%




	
4 = Buggy

	
7.4%




	
5 = Large Passenger Truck.

	
16.5%




	
6 = Other

	
1.2%




	
Infrastructure Attributes

	
Cause of Accident

	
The cause of the accident (these data are generally determined by the police at the time of the accident determination)

	
0 = Improper operation of the driver

	
11.0%




	
1 = Overspeed or overloading

	
5.8%




	
2 = Drunk or fatigued driving

	
9.3%




	
3 = Failure to give way as required

	
9.4%




	
4 = Hit-and-run

	
1.4%




	
5 = Failure to follow signal instructions

	
4.0%




	
6 = Other violations

	
59.1%




	
Collision Type

	
The types of participants in accident.

	
0 = Single vehicle accident

	
6.8%




	
1 = Person-vehicle accident

	
25.1%




	
2 = Vehicle-vehicle accident

	
68.2%




	
Position

	
The location of the road cross-section of the accident.

	
0 = Non-motor vehicle lane

	
5.6%




	
1 = Motor vehicle lane

	
72.0%




	
2 = Mixed lane of motor vehicles and non-motor vehicles

	
13.9%




	
3 = Other

	
8.5%




	
Crossing or not

	
Whether the accident occurred in intersections.

	
0 = No

	
65.4%




	
1 = Yes

	
34.6%




	
Functional Zone

	
Indicates if the crash occurred within a municipality

(Urban) or in a Rural location.

	
0 = Urban District

	
57.1%




	
1 = Suburban District

	
25.8%




	
2 = Rural District

	
17.1%




	
Road Attributes

	
Road Type

	
Route class of the On Road

	
0 = Other

	
5.0%




	
1 = Trunk Road

	
67.7%




	
2 = Secondary and Tertiary Roads

	
13.8%




	
3 = Primary Roads and Highways.

	
8.0%




	
4 = Urban Expressways

	
5.5%




	
Speed Limit

	
Authorized speed limit for the vehicle at the time of the crash. (km/h)

	
0 ≤ 20 km/h

	
37.9%




	
1 = 20–40 km/h

	
41.8%




	
2 = 40–60 km/h

	
10.3%




	
3 = 60–80 km/h

	
8.4%




	
4 ≥ 80 km/h

	
1.6%




	
Physical Isolation

	
The type of physical isolation facilities set up at the point of accident.

	
0 = No Isolation

	
68.9%




	
1 = Isolation Only Between Motor and Non-motor Vehicle

	
2.3%




	
2 =  Only Central Isolation

	
22.7%




	
3 = Full Isolation

	
6.1%




	
Environmental and Time Attributes

	
Weekday or not

	
Whether the accident occurred on a weekday.

	
0 = No

	
39.4%




	
1 = Yes

	
60.6%




	
Rush Hour or not

	
Whether the accident occurred during rush hour. (Peak hours are set from 7:00–9:00; 17:00–19:00)

	
0 = No

	
65.3%




	
1 = Yes (7:00–9:00; 17:00–19:00)

	
34.7%




	
Night Time or not

	
Whether the accident occurred at night.

	
0 = No

	
80.1%




	
1 = Yes

	
19.9%




	
Extreme Temperatures

	
Whether the temperature is higher than 30 ℃ or lower than 0 ℃ on the day of the accident

	
0 = No (0–30 ℃)

	
78.2%




	
1 = Yes (<0 ℃ or >30 ℃)

	
24.4%




	
Season

	
The season in which the accident occurred. (Due to the special geographical location of Shenyang, spring and autumn are shorter, while winter is longer)

	
0 = Spring (4–5)

	
26.5%




	
1 = Summer (6–8)

	
29.5%




	
2 = Autumn (9–10)

	
8.9%




	
3 = Winter (1–3; 11–12)

	
35.1%




	
Weather

	
The general atmospheric conditions that existed at the time of a crash.

	
0 = Sunny

	
90.8%




	
1 = Cloudy

	
4.4%




	
2 = Rain

	
4.1%




	
3 = Fog

	
0.1%




	
4 = Snow

	
0.6%




	
Network Density

	
The density of road network in the buffer zone (km/km2)

	
0 ≤ 10 km/km2

	
75.0%




	
1 = 10–20 km/km2

	
23.9%




	
2 > 20 km/km2

	
1.1%




	
Shopping-POI

	
The density of restaurant and shopping centers in the buffer zone (pcs/km2)

	
0 ≤ 50 pcs/km2

	
43.0%




	
1 = 50–500 pcs/km2

	
41.9%




	
2 > 500 pcs/km2

	
15.1%




	
Education-POI

	
The density of scientific, educational and cultural facilities in the buffer zone (pcs/km2)

	
0 ≤ 50 pcs/km2

	
80.2%




	
1 = 50–500 pcs/km2

	
19.8%




	
2 > 500 pcs/km2

	
0.0%




	
Commercial-POI

	
The density of commercial and residential facilities in the buffer zone (pcs/km2)

	
0 ≤ 50 pcs/km2

	
97.2%




	
1 = 50–500 pcs/km2

	
2.8%




	
2 > 500 pcs/km2

	
0.0%




	
Service-POI

	
The density of living service in the buffer zone (pcs/km2)

	
0 ≤ 50 pcs/km2

	
57.5%




	
1 = 50–500 pcs/km2

	
42.4%




	
2 > 500 pcs/km2

	
0.1%
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Table 2. Binomial association rules.
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No.

	
head_set

	
tail_set

	
Support

	
Confidence

	
Lift






	
(a) vulnerable road user




	
1

	
[‘Physical Isolation is Only Central Isolation’]

	
[‘Functional Zone is Urban District’]

	
0.132

	
0.857

	
2.199




	
2

	
[‘Service-POI is 50–500 pcs/km2’]

	
[‘Road Type is Trunk Road’]

	
0.199

	
0.9

	
1.827




	
3

	
[‘Physical Isolation is Only Central Isolation’]

	
[‘Road Type is Trunk Road’]

	
0.132

	
0.857

	
1.74




	
4

	
[‘Collision Type is Single vehicle accident’]

	
[‘Road Type is Trunk Road’]

	
0.125

	
0.85

	
1.725




	
5

	
[‘Functional Zone is Urban District’]

	
[‘Road Type is Trunk Road’]

	
0.316

	
0.811

	
1.647




	
(b) motor vehicle driver




	
1

	
[‘Road Type is Secondary and Tertiary Roads’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.145

	
0.892

	
2.022




	
2

	
[‘Functional Zone is Rural District’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.185

	
0.851

	
1.927




	
3

	
[‘Road Type is Secondary and Tertiary Roads’]

	
[‘Service-POI is ≤50 pcs/km2’]

	
0.157

	
0.969

	
1.633




	
4

	
[‘Functional Zone is Rural District’]

	
[‘Service-POI is ≤50 pcs/km2’]

	
0.195

	
0.897

	
1.511
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Table 3. Three association rules.
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No.

	
head_set

	
tail_set

	
Support

	
Confidence

	
Lift






	
(a) vulnerable road user




	
1

	
[‘Collision Type is Vehicle-vehicle accident’ and ‘Shopping-POI is >500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.122

	
1

	
2.46




	
2

	
[‘Functional Zone is Urban District’ and ‘Shopping-POI is >500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.115

	
1

	
2.46




	
3

	
[‘Shopping-POI is >500 pcs/km2’and ‘Road Type is Trunk Road’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.15

	
1

	
2.46




	
4

	
[‘Traffic Mode is Non-Motorized Vehicle’ and ‘Shopping-POI is > 500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.11

	
1

	
2.46




	
5

	
[‘Functional Zone is Rural District’ and ‘Service-POI is ≤50 pcs/km2’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.185

	
0.949

	
2.149




	
6

	
[‘Road Type is Secondary and Tertiary Roads’ and ‘Service-POI is ≤50 pcs/km2’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.145

	
0.921

	
2.086




	
7

	
[‘Traffic Mode is Motorcycle’ and ‘Functional Zone is Rural District’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.12

	
0.906

	
2.052




	
8

	
[‘Physical Isolation is No Isolation’ and ‘Road Type is Secondary and Tertiary Roads’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.145

	
0.892

	
2.022




	
(b) motor vehicle driver




	
1

	
[‘Traffic Mode is Motorcar’ and ‘Shopping-POI is >500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.109

	
0.994

	
2.323




	
2

	
[‘Road Type is Trunk Road’ and ‘Shopping-POI is >500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.141

	
0.991

	
2.315




	
3

	
[‘Functional Zone is Urban District’ and ‘Shopping-POI is >500 pcs/km2’]

	
[‘Service-POI is 50–500 pcs/km2’]

	
0.126

	
0.99

	
2.313




	
4

	
[‘Functional Zone is Rural District’ and ‘Service-POI is ≤50 pcs/km2’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.13

	
0.934

	
2.187




	
5

	
[‘Service-POI is ≤50 pcs/km2’ and ‘Road Type is Secondary and Tertiary Roads’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.112

	
0.879

	
2.06




	
6

	
[‘Road Type is Secondary and Tertiary Roads’ and ‘Network is ≤10 km/km2’]

	
[‘Shopping-POI is ≤50 pcs/km2’]

	
0.11

	
0.861

	
2.016

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
Functional Zone
Shopping-POI
Service-POI
Accicnt Reason
Transportation
Collision Type
Scason

Road Type

Age of driver

Physical Isolation

.*...- © 0o Soo Bat o o
*m bl
S S
. P s s
PPN

05 0.00 0.0 0.10 0.15
SHAP value (impact on model output)

(a)

High

Feature value

Transportation
Shopping-POI
Functional Zone
Scason

Speed Limit
Collision Type
Road Type
Service-POI
Accient Reason

Network

=0.05

0.00
SHAP value (im,

(b

0.05 0.10
pact on model output)

)

0.15

High

Low

Feature value





nav.xhtml


  applsci-13-08559


  
    		
      applsci-13-08559
    


  




  





media/file0.png





media/file2.png
Functional Zone
Cause of Accident
Shopping-POI
Collision Type
Service-POI
Speed Limit
Transportation
Road Type
Age of driver
Night Time
Season
Accident Position
Physical Isolation
Driving experience
Rush Hour
Network Density -

Crossing

Weekday

Extreme

Weather
Education-POI .

Commercial-POI I

Gender of driver I B Non-fatal
I Fatal
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14

mean(|SHAP value|) (average impact on model output magnitude)

(a)

Traffic Mode
Functional Zone
Season
Speed Limit
Shopping-POI
Road Type
Collision Type
Service-POI
Cause of Accident
Driving experience
Night Time
Network Density
Accident Position
Education-POI
Crossing
Physical Isolation
Weather
Extreme
Weekday
Rush Hour
Age of driver

Gender of driver

B Non-fatal
I Fatal

Commercial-POI

002 004 0.06 008 0.10
mean(|SHAP value|) (average impact on model output magnitude)

(b)

e
P
=]





media/file3.jpg





media/file1.jpg
(@





