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Abstract
Vehicle-pedestrian crashes are a major concern in many urban areas. Between 2004 and 2013, about 34 pedestrians have been killed every year in traffic crashes in Melbourne Metropolitan area in Australia and vehicle-pedestrian crashes account for 24% of all fatal crashes. Although many studies have analysed the variables affecting pedestrian crashes at intersections, research on pedestrian crashes at mid-blocks is very limited. Mid-block crashes account for 46% of the total pedestrian crashes in Melbourne metropolitan area and about 50% of the pedestrian fatalities occur at mid-blocks. In addition, there are limited studies that examined the influence of different social and economic parameters in pedestrian crash analysis. This paper aims to develop a model of pedestrian crash severity to identify those influencing social and economic variables. Pedestrian postcode is used to join social and economic characteristics of suburbs to crash dataset. Boosted Decision Tree (BDT) is applied to predict the severity of vehicle-pedestrian crash at mid-blocks. In this paper, the impact of social characteristics such as level of education or type of occupation on pedestrian crash is investigated for first time. The results of this study show that the boosting technique improves the accuracy of individual Decision Tree model by 42%. The results of BDT show that social characteristics such as ethnics and level of education in suburbs are important variables influencing the severity of pedestrian crashes. 
1. Introduction
1.1. Background

Walking is the most basic and active mode of transport in transportation systems. In order to reduce air pollution and obtain better public health outcomes, efforts to encourage non-motorized transport modes have increased in recent years (Wey & Chiu 2013). To increase the number of walking trips, concerns about pedestrian safety has to be addressed. Pedestrians are more likely to be harmed or killed in traffic crashes. They are 23 times more likely to be killed than vehicle occupants (Miranda-Moreno, Morency & El-Geneidy 2011)and more than 22% of traffic deaths in the world are pedestrians (WHO 2013). Every year, 34 pedestrians are killed in traffic crashes in Melbourne metropolitan area, representing 24% of the total traffic fatalities. Mid-block crashes account for 46% of total pedestrian crashes in Melbourne metropolitan area and 49% of pedestrian fatalities occur at mid-blocks.

Owing to its importance, many studies have been conducted to examine the factors contributing to frequency and severity of vehicle-pedestrian crashes 
 ADDIN EN.CITE 
(Agran et al. 1998; Dai 2012; Kim et al. 2008; Lam, WW, Loo & Yao 2013; Tulu et al. 2015; Zajac & Ivan 2003)
. Whereas many of the studies have chosen to focus on crashes at intersections (Lee & Abdel-Aty 2005), there are limited studies on vehicle-pedestrian crashes at mid-blocks. In road network mid-block referred to a segment that connect two intersections (Pande & Abdel-Aty 2009). In VicRoards crash dataset, according to the location of occurrences, crashes divided to two Intersection and Not-intersection categories. In this dataset any accident that occurred within 10 meters of an intersection is defined as an intersection accident, otherwise it is defined as mid-block accident (VicRoads 2013).Since the factors contributing to vehicle crashes at intersections and mid-blocks are significantly different


(Al-Ghamdi 2003; Bennet & Yiannakoulias 2015; Lightstone et al. 2001; Moore et al. 2011; Roudsari, Kaufman & Koepsell 2006) ADDIN EN.CITE , more research needs to be done to develop a model for vehicle-pedestrian crashes at mid-blocks.

In terms of methodologies used to analyse vehicle-pedestrian crashes, our review of the literature shows that different regression techniques, such as logit and probit models, are widely used. However, these statistical models need specific assumptions on the distribution of the random term and the relationship between the dependent and independent variables (Chang & Wang 2006). To circumvent these restrictions, Decision Trees (DTs) have been increasingly used in road safety studies (Lord et al. 2007). One disadvantage of this approach is that the results obtained in standard DTs may be changed significantly with changes in training and testing data (Lord et al. 2007). To increase the stability and robustness, ensemble methods, such as bagging and boosting, have recently been used in some traffic safety studies 


(Abdelwahab & Abdel-Aty 2001; Chong, Abraham & Paprzycki 2005; Lefler & Gabler 2004; Zajac & Ivan 2003) ADDIN EN.CITE . However, the relative performances of these methods have yet to be investigated.

1.2. Objectives and scope of study

The main objective of this research is to identify more accurate machine learning model to find the social and economic characteristics factors contributing to the severity of vehicle-pedestrian crashes at mid-blocks. Whereas previous studies have mainly focussed on pedestrian crashes at intersections or applied a model for crash risk at mid-blocks for special group of pedestrian (e.g. children) or specific study area (e.g. pedestrian crossing), this research will examine all vehicle-pedestrian crashes in Melbourne metropolitan area. In addition, this research will consider different social-economic variables, such as place of birth, level of pedestrian education and percentage of labour force participates. Also, the distance of crash location from/to public transport stops is another variable used in this research as a novel measure to identify the influence of public transport stops on pedestrian crashes. Furthermore, this study the pedestrian postcode is used to find the social and economic variables of pedestrians whom are involved in crashes.  

This paper is structured as follows. The next section of the paper provides a review of previous studies on pedestrian crash severity modelling. Section three describes the available data used in the study while section four presents the methodology of this research. The results are presented and discussed in section five. Finally, the outcomes are summarised and directions for future research are presented in section six.
2. 2.
Literature review
Improving pedestrian safety requires comprehensive exploration and analysis of the factors influencing the probability of pedestrian crash occurrence and pedestrian crash severity levels. According to the literature, many studies try to find 
the impact of specific factors (such as pedestrian age, speed, light condition, etc.) on pedestrian crashes. In addition, there are many studies that develop a specific model (such as binary models, ordered discrete models and unordered multinomial discrete models) to find risk factors affecting severity of pedestrian crashes. For instance, many studies evaluated the impact of pedestrian age on crash severity level demonstrating that pedestrian age can significantly impacts crash severity 


(Eluru, Bhat & Hensher 2008; Kim et al. 2008; Kim et al. 2010; Lee & Abdel-Aty 2005; Oikawa et al. 2016; Sarkar, Tay & Hunt 2011) ADDIN EN.CITE .
These studies indicated that pedestrian crash severity rises by increase in pedestrian age. In addition, a number of studies attempted to identify impacts of driver gender, age and alcohol consumption on crash injury severity levels 


(Kim et al. 2008; Kim et al. 2010; Laflamme et al. 2005; Lee & Abdel-Aty 2005; Miles-Doan 1996) ADDIN EN.CITE . Female pedestrians have found to be the most vulnerable group in pedestrian crashes. For instance, Lee and Abdel-Aty (2005)found that female pedestrians have higher severity levels than male pedestrians. Also, Miles-Doan (1996)and Kim et al. (2008) showed that drinking and driving, and pedestrian alcohol consumption can significantly increase the risk of pedestrian fatal crashes.

Also, some studies have focused on the effects of traffic control type on crash severity levels 


(Eluru, Bhat & Hensher 2008; Lee & Abdel-Aty 2005) ADDIN EN.CITE . The findings indicated that pedestrian crash injury levels increase in absence of traffic control such as traffic signals, signs or pedestrian signals. Furthermore, several studies examined the impacts of vehicle type 


(Aziz, Ukkusuri & Hasan 2013; Ballesteros, Dischinger & Langenberg 2004; Kim et al. 2010; Newstead & D’Elia 2010; Oikawa et al. 2016) ADDIN EN.CITE ,weather condition 


(Eluru, Bhat & Hensher 2008; Kim et al. 2010) ADDIN EN.CITE , and road speed limit 


(Eluru, Bhat & Hensher 2008; Oikawa et al. 2016; Sasidharan & Menéndez 2014) ADDIN EN.CITE on pedestrian crash injury severity levels.

According to the literature, pedestrian studies mainly considered crashes at intersections. However, in recent years mid-block crashes have been examined in some research. For instance, Quistberg et al. (2015)applied multilevel models to estimate the risk of pedestrian crashes at intersections and mid-blacks in Seattle, U.S. In another study, Zheng et al. (2015)modelled the interaction between pedestrian behaviour such as gap acceptance and speed at intersections and mid-blocks. In this study they used the data that is collected from pedestrian crossing roads on the campus of University of Florida. In addition, Bennet and Yiannakoulias (2015)applied a conditional logistic regression to predict the log-odds of child pedestrian collision risk at intersections and mid-blocks in Hamilton, Ontario, Canada. They used limited road condition variables such as existence of bus and bike lane, speed limit, sidewalk and land use characteristics to predict the risk of accidents for child pedestrians.

Considering the model type, different statistical approaches have been applied to analyse pedestrian crash injury severities. Review of the literature showed that the binary models, ordered discrete models and unordered multinomial discrete models are three main statistical techniques that have been widely used to study pedestrian crash severity levels. In binary crash severity models, outcomes are injury against non-injury crashes or fatal against non-fatal crashes. These studies have commonly used discrete models such as binary Logit and binary Probit models. In recent studies, Sarkar et al. (2011) and Ballesteros et al. (2004)developed a logistic regression model for pedestrian crashes to analyse severity for this type of crashes.

According to the ordinal nature of crash severity levels, ordered probability models are very popular in traffic crash studies. Lee and Abdel-Aty used this approach to estimate the likelihood of pedestrian injury severity at intersections (2005). In ordered logit and ordered probit models, it is assumed that the parameter estimates are constant across different severity levels. However, some covariates might increase the probability of one type of crash severity level in practice; while they might decrease the probability of occurrence of other severity levels (Savolainen et al. 2011). To deal with this limitation of ordered logit models, Eluru et al. (2008)developed a generalized ordered probability model to examine the crash injury severity levels of pedestrians and bicyclists in U.S. In this model, they allowed the thresholds in ordered probability model to vary based on both observed and unobserved characteristics.

Limitations of the traditional ordered Logit and Probit models lead to developing unordered models to analyse traffic crash injury severity levels. Multinomial Logit model (MNL), Mix Logit model and random parameter Logit model are the most common unordered models that are applied in many pedestrian crash studies 


(Kim et al. 2008; Kim et al. 2010; Siddiqui, Abdel-Aty & Choi 2012; Wier et al. 2009; Zhang et al. 2012) ADDIN EN.CITE . For instance, Kim et al. (2010)used mixed logit models for pedestrian crashes to identify risk factors that increase the probability of fatal and serious injuries for this road user group. Light condition, road type, speed limit, and driver alcohol use all play important roles in determining the crash severity levels. However, these models have similar limitations to logit models. For instance, all explanatory variables must be independent to each other.

Machine learning is another approach that is widely used in different areas of civil engineering 


(Hung & Jan 1999; Reich 1997) ADDIN EN.CITE , such as construction and structure design, pavement design and traffic engineering 


(Adeli & Balasubramanyam 1988; Aghabayk, Forouzideh & Young 2013; Celikoglu 2013; Herabat & Songchitruksa 2003; Thurston & Sun 1994) ADDIN EN.CITE .
In recent years, non-parametric techniques have become popular and have been used in traffic crash severity modelling. Kuhnert et al. (2000)applied Classification And Regression Trees (CART) and Multivariate Adaptive Regression Splines (MARS) to estimate motor vehicle injuries. Kuhnert et al. (2000)showed that the combined use of MARS and CART can be a useful method to display more detailed analysis compared to traditional methods such as logistic regression. In another work, Chong et al. (2005)and Yu et al. (2014)used different machine learning paradigms to model the traffic crash severity. In that study, Neural Networks was trained using hybrid learning approaches, support vector machines and DTs. Then, concurrent hybrid models using DTs and neural networks have been developed. In other works, CART model was applied to analyse the traffic crash data and find influencing variables on traffic injury and fatal accidents 
 ADDIN EN.CITE 
(Abellán, López & de Oña 2013; Chang & Chien 2013; Chang & Wang 2006; Chung 2013; de Oña, López & Abellán 2013; Kashani & Mohaymany 2011; Kwon, Rhee & Yoon 2015; Peña-garcía et al. 2014; Wang et al. 2015)
. For example, Chang and Chien (2013)applied CART model to explore the relationship between accident injury severity levels and driver/vehicle characteristics, highway geometric variables, environmental characteristics, and accident variables in truck-involved crashes. The results indicated that alcohol consumption, seatbelt use, vehicle type and accident location are the most important predictors in crash injury severity levels of truck accidents.

CART is a simple but powerful approach in data analysis and there is no predefined assumption to develop a CART model. In addition, while the correlation between explanatory and dependent variables are important in regression models, it is not a big concern in CART models (Chang & Wang 2006). Furthermore, CART models provide graphical structure including a tree with many branches and leaves for results. Graphical features assist in better understanding and interpreting the results (Kashani & Mohaymany 2011).
Despite all advantages of CART model for data analysis, instability of this model type is known as the most important disadvantage of this approach in data modelling. The ensemble models that combine two or more models to find a more robust prediction, classification or variable selection are one approach to create stable results (Dean & Wexler 2014). Boosting and Bagging are two ensemble approaches based on DTs. Tree boosting tries to create a more accurate tree by combining many unstable and inaccurate trees. Chung(2013)used Boosted Regression Tree (BRT) to analyse single-vehicle motorcycle crashes in Taiwan. The results showed that BRT models are able to provide improved transferability than other models. Furthermore, other studies showed that boosting multiple simple trees can overcome the instability and poor accuracy of CART models 


(Holubowycz 1995; Kim et al. 2008) ADDIN EN.CITE . Also, bagging technique is a method for generating multiple versions of a predictor and using those to get an aggregated predictor (Pasanen & Salmivaara 1993). Random forest is the most common bagging method that is used in some traffic safety studies to find influencing variables in traffic crashes 


(Anderson et al. 1997; Appel, Stürtz & Gotzen 1975; Davis 2001; Jiang et al. 2016; Yu & Abdel-Aty 2014) ADDIN EN.CITE .
Moreover, literature review shows that there are limited studies in vehicle pedestrian crash modelling in Australia. However, most of these published researches such as Lam (2001), Alavi (2013), Senserrick et al.  (2014), and Amoh-Gyimah et al  (2016) identified contribution factors to vehicle-pedestrian crash risk or injury severity not crash severity. Reviewing the literature, it was found that there are limited studies on pedestrian crashes at mid-blocks. Current studies mainly focus on factors influencing the pedestrian crash risk or investigate the interaction of pedestrians and drivers at mid-blocks. Those studies used limited socio-economic variables and focused on a particular age group (e.g. children). The literature review showed that there are limited studies that considered traffic volume in pedestrian crash severity. In addition, many research used density of public transport stops to identify influence of public transport on vehicle-pedestrian crashes 
 ADDIN EN.CITE 
(Amoh-Gyimaha, Saberia & Sarvib 2016; Loukaitou-Sideris, Liggett & Sung 2007; Ukkusuri et al. 2012)
. However, distance of pedestrian crash location to public transport stops is an importance explanatory variable which was ignored in the previous studies. According to Australian Bureau of statistics 27% of Australian population was born overseas (ABS 2013). Different culture might influence the traffic behaviour. Therefore, distance of the location pedestrian crash to public transport stops as well as originality of suburb residents as a variable which shows the influence of culture on pedestrian crash are used in this research for the first time in pedestrian crash studies.

Literature showed that DT, boosting DT (BDT) have been developed in many studies. However, the accuracy of these models is not discussed in those studies. In this research, individual DT model (CART) and BDT are developed and comprehensively evaluated for pedestrian crash severity at mid-blocks. Then, the results of these two models are compared to identify a more accurate model and factors influencing vehicle-pedestrian crash at mid-blocks. 
3. Data
The primary dataset used in this study is the road Crash Statistics (CrashStats) of Victoria, Australia. It includes data on personal characteristics (e.g. driver/pedestrian age, gender), vehicle characteristics (e.g. vehicle type, weight), road and environment condition (e.g. road surface, light and pavement conditions), and temporal parameters (e.g. date, day and time of the crash). To investigate the variables influencing vehicle-pedestrian crash severity, data for these crashes on public roadways in the Melbourne metropolitan area from 2004 to 2013 are extracted in this study. Of the total of 11,625 vehicle-pedestrian crashes, 5,346 are located at mid-blocks.

In addition, data on the neighbourhood social and economic characteristics are also extracted from the Australian Bureau of Statistics (ABS)(Statistics 2011) .ArcMap GIS 10.3 is used to extract social and economic variables related to each suburb. Postcode of pedestrian that are involved in collisions is used to find these socio-economic variables. ArcMap GIS 10.3 is also used to extract the traffic volume data from the Melbourne road network database for each crash location.

In Victoria State, crashes resulting in some injuries to at least one of the road users involved in that accident are reported to the police. The severity of crash will be determined by the person with the most severe injury. A fatal crash refers to a crash in which at least one person has died within 30 days of a collision while a serious injury crash refers to a crash in which at least one person has been sent to the hospital. Of the 5,346 vehicle-pedestrian crashes included in the study, 4.9% are fatal crashes, 47.7% are serious injury crashes, and 47.4% are minor injury crashes.

Table 1 shows a summary of the categorical variables used in this study. In this study, categorical explanatory variables are grouped into 5 major factors describing the temporal, personal, traffic and road, environment, and socio-economic characteristics. The continuous variables used in this study are shown in Table 2. The continuous are designated into two main groups describing the crash location and the social characteristics of suburbs, according to pedestrian postcode.

4. Methodology
This study applies boosted regression method to examine pedestrian crashes at mid-blocks and compares the effectiveness of boosting in improving the performance of the single DT model in traffic crash analysis. In addition, Cross-Validation (CV) technique is applied to individual and boosted DT (BDT) models to increase the accuracy of DT models. Moreover, in this research postcode of pedestrian that are involved in crashes is used to extract social and economic factors of suburbs and join this factors to other variables.
Table 1: Categorical explanatory variables.
	Variables
	Percent

	Dependent variable
	Crash severity
	Fatal 
	4.9

	
	
	Serious injury
	47.7

	
	
	Minor injury
	47.4

	Temporal


	Season
	Spring
	23.8

	
	
	Summer
	23.9

	
	
	Fall
	26.2

	
	
	Winter
	26.1

	
	Time of crash
	Morning peak (7:00 - 9:00)
	13.6

	
	
	Afternoon peak (16:00 – 18:00)
	3.7

	
	
	Daytime off-peak ( 10:00 – 15:00)
	35.2

	
	
	Other
	47.5

	
	Day
	Weekday
	75.6

	
	
	Weekend
	24.4

	Personal


	Pedestrian gender
	Female
	42.6

	
	
	Male
	57.1

	
	
	Unknown
	0.3

	
	Driver gender
	Female
	29.1

	
	
	Male
	59.5

	
	
	Unknown
	11.4

	
	Pedestrian Age
	0-14 (Children)
	8.6

	
	
	15-65 (Working age)
	74.6

	
	
	> 65 (non-working age) 
	16.7

	
	Driver age
	< 26
	31.3

	
	
	26-65
	61.0

	
	
	> 65
	7.7

	Traffic and road
	Vehicle type
	Passenger cars
	78.7

	
	
	Taxi and van
	8.9

	
	
	Heavy vehicles
	0.8

	
	
	Buses
	1.5

	
	
	Motor and bike
	4.3

	
	
	Tram and Train
	3.0

	
	
	Other
	2.9

	
	Traffic control
	No control
	79.8

	
	
	Stop go light and flashing
	5.4

	
	
	Pedestrian light and cross walk
	7.8

	
	
	Unknown
	4.2

	
	Surface condition
	Dry
	83.2

	
	
	Wet, muddy, snowy and Icy
	12.8

	
	
	Other
	4.0


Table 1: Categorical explanatory variables (Continue).
	Variables
	Percent

	Traffic and road
	Divided road type
	Divided double line (DD) 
	9.5

	
	
	Divided single centreline representation (DS) 
	26.0

	
	
	Not divided (ND)
	40.1

	
	
	Unknown (U)
	24.5

	
	Speed limit
	≤50 km/h
	27.6

	
	
	60-70 km/h
	55.9

	
	
	≥80 km/h
	10.2

	
	
	Other
	6.3

	
	Median 
	Yes
	36.4

	
	
	No
	63.6

	Environment
	Light condition
	Day
	62.0

	
	
	Dusk/dawn
	5.6

	
	
	Dark street light on
	26.4

	
	
	Dark no street light
	4.7

	
	
	Other
	1.4

	
	Atmosphere condition
	Clear
	86.3

	
	
	Raining and snowing
	9.1

	
	
	Fog, smoke, dust and strong winds 
	4.6

	
	Land use
	Residential
	23.1

	
	
	Commercial
	29.4

	
	
	Industrial
	7.3

	
	
	Community and educational
	2.6

	
	
	Sport, recreation and parks
	4.7

	
	
	Undefined
	32.8


Table 2: Descriptive statistics for continuous variables.

	Variable
	Mean
	Std. Deviation

	Crash Location
	Average road slope
	1.35
	3.03

	
	Distance from public transport stops
	139.78
	412.75

	
	Number of lanes
	4.54
	2.16

	
	Road width
	20.05
	10.79

	
	Traffic Volume
	13437.95
	10438.78

	Socio-economic
	Population Density
	Population Density
	2222.21
	1584.41

	
	Ethnic (%)
	Indigenous people 
	.41
	.30

	
	
	Median age
	34.79
	8.47

	
	
	Born in Australia
	58.41
	17.42

	
	
	Born in UK
	3.83
	2.20

	
	
	Born in Asia
	9.22
	8.03

	
	
	Born in India
	2.62
	2.19

	
	
	Born in Middle East
	.66
	1.60

	
	
	Born in South Eastern of  EU
	2.50
	2.27

	
	
	Born in Other countries
	12.80
	5.09

	
	
	Born in not stated
	5.51
	2.61

	
	Education
	Secondary and Under education
	18.79
	6.04

	
	
	Technical or Further Educational
	7.37
	1.65

	
	
	University or other Institution Education
	19.32
	10.45

	
	
	Other Type of Education
	26.60
	8.16


Table 2: Descriptive statistics for continuous variables (continue).

	 
	 
	Variable
	Mean
	Std. Deviation

	Socio-economic
	Employment 
	Employed Rate
	89.98
	19.53

	
	
	Labour Force participant
	59.22
	14.43

	
	
	White Collar job1
	18.42
	6.38

	
	
	Blue Collar job2
	22.70
	9.44

	
	
	Pink Collar job3
	54.39
	12.39

	
	Commute type
	Use Train
	6.59
	4.28

	
	
	Use Bus
	1.34
	1.24

	
	
	Use Tram
	3.35
	5.90

	
	
	Use Other
	3.68
	2.58

	
	
	Use Private
	61.44
	13.52

	
	
	Use Walk
	3.65
	5.71

	
	Income
	Income
	19722.87
	12467.15


1. White-collar work is performed in an office, cubicle, or other administrative setting.

2. Blue-collar refers to manufacturing, construction, mining and agricultural businesses.

3. labour is related to customer interaction, entertainment, sales, or other service-oriented work.

4.1. CART and boosting models
In DT models, predictors in top of the tree (parent node) are divided into several homogeneous nodes using pre-defined rules. This procedure is repeated and each new node (child node) is assumed as a parent node for the following branches. This process is continued until no further split can be made; i.e. all child nodes are homogenous (or a user-defined minimum number of objects in the node are obtained). These final nodes are called terminal nodes or leaves and they have no branches.

BDT is an ensemble technique that tries to find a more accurate model by merging a number of trees in a sequential process. Boosting uses a forward, stage-wise procedure that only uses the results from the previous tree rather than from all other previously fitted trees. In this approach, after the first tree is fitted, the residuals are calculated and observations with high residual values are defined as poor fit observations. In the next step, to minimise the misclassification error rate, the estimated probabilities are adjusted by the following weights for the   case (Equation 1).
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Subsequent trees are fitted to the residual of the previous tree (Matignon 2007). This process is repeated n times and m models adjust the estimated probabilities. Figure 1 shows the flowchart for the BDT method. 

Figure 1: BDT flowchart. 
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4.2. Model development

In this research, the analysis was carried out using different packages of the statistical software R 3.2.3 (Team 2014). CART and BDT models are developed using rpart(Therneau, Atkinson & Ripley 2010), and gbm (Ridgeway 2007) in caret packages (Kuhn 2008). To find more accurate models, CV is applied for all three models. CV is a common method used to evaluate and compare learning algorithm’s performance. In this technique, the data is divided into two sets: a dataset used for learning or training a model and the other dataset is used to validate the model. One of the widely used CV techniques is K-fold CV with repeated rounds. In this method, the data is portioned into k equal size segments or folds. Subsequently, k iterations of training and validation are performed and in each iterations k-1 folds are used to train the data and one fold is used for validation. This procedure is repeated s times to improve the accuracy of model.

To find the most accurate model for each approach, the model parameters have to be optimised. The gbm package is used to optimize shrinkage, tree complexity and number of trees. Shrinkage or learning rate determines the contribution of each tree to the growing model. This parameter is used to decrease the contribution of each tree in the model. Tree complexity or interaction depth represents the depth of a tree and indicates interaction among predictor variables. Tree complexity equal 1 implies an additive model while a tree with complexity 2 has 2-way interactions between variables (Friedman, J, Hastie & Tibshirani 2001). In addition, tree complexity is used as a parameter to optimize the CART model. Finding these model parameters are subjective and different study used different amounts for these parameters 


(Chung 2013; Elith, Leathwick & Hastie 2008; Saha, Alluri & Gan 2015) ADDIN EN.CITE . In this research different interaction depths from 5 to 20 with 5 intervals are used to optimize BDT model. Also, 0.1, 0.01 and 0.001 are assumed for shrinkage in boosting model. In CART model, 30 interaction depths (1 to 30) are analysed. Furthermore, different numbers of iterations are applied in boosting methods (from 50 to 500 with 50 intervals) to find the most accurate models.

4.3. Performance metrics

In this research, Accuracy (ACC), Kappa, and Area Under ROC Curve (AUC) are used to show the performance of CART and BDT models. ACC is the most widely used performance measures in machine learning methods. It is defined as the proportion of correct predictions made by the classifier relative to the size of the dataset and is presented in Equation 2.
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With r being the number of all possible predictions for a given problem, and 
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 is the number of correct predictions by the current method. 

Receiver Operating Characteristics (ROC) curve analysis is a classical methodology that originates from signal detection theory. A ROC curve displays the relationship between sensitivity and specificity for a given classifier. Sensitivity and specificity are calculated from the four basic quantities are elements of the classification matrix, for two-class problems (Table 3). Sensitivity is a relative frequency of correctly classified positive examples (Equation 3).
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Specificity is a relative frequency of correctly classified negative examples (Equation 4).
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Horizontal axis on ROC curve shows false positive ratio (equivalent to 1-specificity), whereas on the vertical axis the positive ratio (sensitivity) is shown. In ROC the classifier with larger AUC is more accurate.

Table 3: Confusion matrix that representing classification quantities for two-class problems.

	Correct class
	Classified as
	(

	
	P (positive class)
	N (negative class)
	

	P
	TP 

(number of true positive examples)
	FN 

(number of false negative examples)
	POS=TP+FN

 (number of positive example)

	N
	FP 

(number of false positive examples)
	TN

 (number of true negative examples)
	NEG=FP+TN 

(number of negative example)

	(
	PP=TP+FP 

(number of predicted positive examples)
	PN=FN+TN 

(number of predicted negative examples)
	n= TP+FP+FN+TN


Cohen’s Kappa is another widely used measure of classifiers’ accuracy in machine learning techniques. Kappa is defined as:
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In Equation 5, 
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 is the agreement probability which is due to randomness (Ben-David 2008).

4.4. Relative importance of variables

In addition to comparing the performance of the three DT methods, this study also examines the relative influence of predictor variables to quantify the importance of predictors on vehicle-pedestrian crashes at mid-blocks. The relative importance of each predictor in CART method is based on the number of times a variable is either selected to split a node in trees or used as a surrogate rules in tree (Friedman, JH & Meulman 2003).

In the BDT model, the final prediction is either a weighted average or the majority vote of all the simple classification models. Thus, the first step is to identify the importance of each variable in every classifier in order to find the relatively important variables in this model. For a classifier T results in a DT with 
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Where, 
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Where, C is the number of classifiers in the BDTs and 
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 indicates the classification tree produced at the kth step.

4.5. Partial dependence plot
Visualisation of results is one of the most important advantages of DT models. Using this visual results make the interpretation of the results of the model very simple. To visualize the results and identify the interaction between variables in BDT model, partial dependencies are used in this research. Partial dependence plots depict the relationship between the response and one predictor variable while takes care of the average effects of all other predictors (Friedman, JH 2001; Friedman, JH & Meulman 2003).
5. Results and discussion
5.1. Optimizing models 

Figure 2 shows the performance of BDT models with different sets of shrinkage factors with fixed tree complexity. According to this figure, the model with larger shrinkage factor (0.1) would fit fewer trees with higher accuracy, whereas models with 0.01 and 0.001 shrinkage factors would fit many trees to gradually reach the maximum accuracy. Therefore, to find more accurate model in this research the shrinkage parameter in gbm package is assumed 0.1 to find the most accurate model.

Figure 2: Impact of shrinkage factor on BRT model performance 
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In addition, Figures 3 and 4 illustrate the performance of BDT and CART models with different sets of tree complexity factors with fixed shrinkage parameter. These two figures indicate that with same shrinkage value (0.1) relatively fewer trees are required with increasing tree complexity to fit model. According to Figure 5 and 6, the tree complexity of 20 and 12 are used in the most accurate model for BDT and CART methods, respectively. 

Figure 3: Impact of tree complexity factor on BRT model performance 
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Figure 4: Impact of tree complexity factor on CART model performance 
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5.2. Model Performance

Table 4 shows the performances of CART and BDT in regards to different metrics for vehicle-pedestrian crash severity at mid-blocks. According to this table, BDT model could improve the accuracy of CART model by 42% (55% to 78%). In addition, the performance of this ensemble tree model was better than CART models regards to Kappa and AUC metrics.

Table 4: Performance of different models

	          Metric

Model
	Accuracy
	Kappa
	AUC
	Sensitivity
	Specificity

	CART
	0.55
	0.31
	0.71
	0.54
	0.77

	BDT
	0.78
	0.65
	0.91
	0.77
	0.88


In addition, Table 4 shows that sensitivity of models, or proportion of true positives. Sensitivity values in this table reflect a model’s ability to detect a severity level in an accident correctly. According to these results, the ability of BDT model to predict exact severity level of an accident is higher than other two models (0.77 for boosted model comparing to 0.54 for CART model). Moreover, this table shows that the specificity of models (proportion of true negatives) reflects a model’s ability to predict an absence where a species does not exist. As Table 4 presents, specificity of BDT is 0.88 and 14% higher than CART models.
5.3. Factors Contributing to Vehicle-Pedestrian Crash Severity

Figure 5 shows the top 20 relatively important predictor variables for BDT (5a), and CART (5b) models. The first and most influencing factor that is identified by the two models is ‘Distance to public transport’. However, there are some differences in the relative importance of the variables identified by these two models. For instance, ‘Pedestrian age’ and ‘Speed limit’ are important factor in CART model, whereas these factors are not identified by the BDT models as one of the first 9 important factors.

The results presented in the previous section indicate that the BDT model has the highest accuracy in this study. Therefore, the important contributing factors that have been identified by this model are highlighted and explained. As shown in the figure (5a), ‘Distance to public transport’ and ‘Average road slope’ are the most important contributing factors to the severity of vehicle-pedestrian crash at mid-blocks with relative scale of 100% and 65%, respectively. This study is the first to show that these variables are a significant influencing variable in vehicle-pedestrian crash severity. However, results of this study show that these factors need to be considered in vehicle-pedestrian crash studies. 

According to Figure (5a), social variables are very important in vehicle-pedestrian crashes at mid-blocks in Melbourne metropolitan area. These factors such as ethnicity, population density, gender, and educational levels of the residents in the suburb where the pedestrian is living are important factors contributing the severity of vehicle-pedestrian crashes. Overall, social-economic-demographic characteristics of the suburbs have been found to play a significant role in determining the severity of vehicle-pedestrian crashes, comprising 14 of the top 20 factors.

Furthermore, Figure 6 shows the partial dependence plots for the top 20 factors for the different levels of vehicle-pedestrian crash severities. In this figure it is possible to identify the influence of different variables on vehicle-pedestrian crash severity levels. For instance, influence of top 6 factors on crash severity is as follow.

Figure5 : Top 20 relatively important predictor variables for BDT (5a), and CART (5b) models.
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The first Figure (6a) shows that the serious vehicle- pedestrian crashes increases with increases in the distances of pedestrian crash locations to public transport stops from 0 to 600m. In addition, fatal vehicle-pedestrian crashes first decrease with increases in distance of pedestrian location to public transport stops from 0 to 100m, however, this trend is upward from 500 to 700m .Using different warning signals and signs around public transport stops could increase the attention given by drivers to pedestrians. More study is required to analyse vehicle-pedestrian crashes in the vicinity of public transport stops and outside this 600m distance to identify appropriate pedestrian safety programs.
The second Figure (6b) shows that an increase in the average road slope to 5% or more will increase the probability of a crash being severe. Road slope (gradient) can influence drivers’ sight distance and braking distance. Lack of adequate sight distance and braking distance could be the reason for increasing severity of crashes in roads with 5% or more gradient. Decreased speed limits on roads with more than 5% gradients could impact on driver reaction time and braking distance. Therefore, this result could be used to identify these roads and apply speed reduction strategies to improve pedestrian safety in these locations.
Furthermore, Figure (6c), illustrates that increase in the number of lanes from 2 lanes to 4 lanes increase the serious vehicle-pedestrian crashes at mid-blocks. This trend is downward after this number till 7 lanes and it remained stable after that. However, the probability of a crash being fatal increases with increase the number of lanes after 8 lanes. People more jaywalked to cross the roads when the number of lanes is less than 4. Moreover, in roads with more than two lanes, drivers have this opportunity to change the lanes if pedestrian decide to cross the road in mid-blocks. 

According to Figures 6, larger traffic volumes will increase the probability of serious vehicle-pedestrian crash. According to Figure (6d) when traffic volume (Average Daily Traffic (ADT)) is more than 10,000 vehicles per day, the probability of severe crash is increased. This indicates that pedestrian crashes are more likely to occur with higher traffic volume that increases the potential conflicts between pedestrians and vehicles at mid-blocks. The figure depicts that the rate of increase in the severity of pedestrian crashes increases rapidly up from ADT value 10,000 till an ADT value of around 20,000, and then the trend is dropped for ADT values between 20,000 and 30,000. Above 30,000 the trend of fatal and serious crash increases, however this trend remain stable after around 35,000. These results suggest that transportation engineers and planners may want to target roads with more than 30,000 vehicles per day to improve the safety of these vulnerable road users. More pedestrian crossings, pedestrian signals and flashing lights on these roads may assist in improving the safety of pedestrians.
Furthermore, the Figure (6e), shows that the influencing of road width on severity of vehicle-pedestrian crashes at mid-blocks is same as number of lanes. This figure indicates that the serious crashes increase from 6 to about 13m road width and after this number it has a downward trend. However, the probability of fatal crash increases in road with more than about 35m width. 

The Figure (6f) shows the influence of average income of suburb where pedestrian was living there. This figure indicates that, pedestrian with low income (less than $600 per week) are more likely to be involve in not sever crashes. According to this figure, Increase in the average suburb income from $600 to around $3,500 per week (middle income) increase the probability of vehicle-pedestrian serious injury crashes and decrease this probability for fatal and other crashes. After $3,500 income per week to about $19,000, the probability of a vehicle-pedestrian crash at mid-blocks being fatal or other severity increase very gentle. However, this trend was slightly downward for serious injury crashes. Low income people maybe prefer to use walking or public transport to commute. Therefore, the probability of pedestrian crash in for people who are living in suburbs with low income is more than other suburbs. This results show that road safety programs and plans should more focus on these suburbs to improve the walking facility and pedestrian safety.    

Figure 6 depicts that, people with different cultures have different influences on crash severity levels. For instance, fatal crashes increases with increase the population of people how were born in UK , other countries, South Eastern of Europe, and Asia (Figures 6g,6i , 6n, 6r, respectively) and serious injury crashes decreases in suburb with Middle-East population higher than 4% (Figure 6m). This result will assist transportation engineers, planners and policy makers to identify the target customer segments for improving pedestrian safety. Knowing the right target audience is critical for the success of safety education and communications programs, such as publishing pedestrian safety bulletins and using warning messages on billboards.
Figure 6: The partial dependence plots for the top 20 factors. 
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Figure 6: The partial dependence plots for the top 20 factors (continue). 
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 Figure (6q) shows how population density can influence on vehicle-pedestrian crash severity. According to this figure, severity of vehicle-pedestrian crash at mid-bocks increases with increasing the population density till about 5,800 populations per sq. Meter. After this amount, the trend of all crash types is remained almost stable.  

According to Figure 6, other social factors such as rate of labour force participants in suburbs (Figure 6h), employed rate (Figure 6l), type of jobs (Figure 6p and 6s), and median age (Figure 6o) have almost fixed influence on vehicle-pedestrian crashes at mid-blocks.

6. Conclusions and future research directions

In this study, machine learning approach was used to develop two models to predict the severity of vehicle-pedestrian crashes at mid-blocks. These models include CART, and BDT. While these models had been used in some traffic crash studies, the accuracy of these models have not been compared. This study applied CV technique to improve the accuracy of DT models, and compared the accuracy of individual DT and ensemble techniques in DT model for pedestrian crashes at mid-blocks in Melbourne metropolitan area. In this study, the vehicle-pedestrian crash severity was used as the target variable and 48 different variables, including 31 different socio-economic variables (e.g. population, income, occupation), environment variables (e.g. light condition, land use, surface condition), location characteristics (e.g. road slope, vehicle type, traffic volume, distance from public transport stops), personal characteristics (e.g. age, gender) and temporal variables (e.g. time, day/date of crash), were used to develop the model.

This study found that applying CV and boosted DT would improve the accuracy of DT models by 42%. This model elevated DT model accuracy from 55 percent to more than 75 precent. Also, the results from this study showed that the boosted DT model improved Kappa and AUC of CART model from 0.31 and 0.71 to 0.65 and 0.91, respectively. 

The results from BDT model showed that the distance of pedestrian crash locations to public transport stops and road slope were the two most significant factors contributing to the vehicle-pedestrian crash severity levels. In addition, this research showed that increases in the distance between pedestrian crash locations and public transport stops increase the severity of vehicle-pedestrian crashes. Furthermore, according to this research, the probability of a vehicle-pedestrian crash being fatal or resulting in serious injury was more on roads with average gradient of more than 5%. Other traffic and road geometry factors, such as number of lanes, traffic volume, and road width were the ranked as next most important factors, respectively.

Interestingly, the remaining 14 of the top 20 contributing factors were related to the social-economic-demographic characteristics of the pedestrian suburbs in which are involved in crashes. According to our results, the social characteristics of the pedestrian postcode were highly significant in influencing pedestrian crash severity. This research shows that how income, culture, population density, and labour force participant rate could influence on severity of vehicle-pedestrian crashes at mid-blocks. Moreover, this research indicates that more research needs to be conducted in the future to provide a better understanding of these social-spatial influences. Furthermore, developing other statistical models for pedestrian crash severity at mid-blocks and comparing the results with BDT model could help to identify more accurate approaches to model this type of crashes. Finally, identify influencing variables on vehicle-pedestrian crash severity at intersections and comparing results of these two researches could assist in identifying contribute factors on vehicle-pedestrian crashes in Australia.   
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