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Abstract

:

Vulnerable road users (VRUs) represent a large portion of fatalities and injuries occurring on European Union roads. It is therefore important to address the safety of VRUs, particularly in urban areas, by identifying which factors may affect the injury severity level that can be used to develop countermeasures. This paper aims to identify the risk factors that affect the severity of a VRU injured when involved in a motor vehicle crash. For that purpose, a comparative evaluation of two machine learning classifiers—decision tree and logistic regression—considering three different resampling techniques (under-, over- and synthetic oversampling) is presented, comparing both imbalanced and balanced datasets. Crash data records were analyzed involving VRUs from three different cities in Portugal and six years (2012–2017). The main conclusion that can be drawn from this study is that oversampling techniques improve the ability of the classifiers to identify risk factors. On the one hand, this analysis revealed that road markings, road conditions and luminosity affect the injury severity of a pedestrian. On the other hand, age group and temporal variables (month, weekday and time period) showed to be relevant to predict the severity of a cyclist injury when involved in a crash.
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1. Introduction


Road crashes are among the leading causes of death, disability, property loss and yield costs to society, representing 1–3% of GDP worldwide [1]. More than one million people lose their lives every year in road crashes and 20 to 50 million people are injured [1]. Pedestrians and cyclists are vulnerable road users (VRUs) since they are unprotected and they represent the majority of people killed and injured on the European Union (EU) roads [2]. Despite long-term trends in reducing death and injury rates, in 2017, 21% of fatalities on European Union roads were pedestrians and 8% were cyclists, decreasing at a lower rate than other fatalities [3]. For Portugal, in 2017, the percentage of VRU fatalities were 25% of the total (21% being pedestrians and 4% being cyclists) [4].



The transportation systems are becoming more sophisticated and confront more risks. This situation increases the difficulty of regulators to ensure safety [5]. There are many factors related to road crash risks, such as human factors, environmental conditions, roadway infrastructure, traffic characteristics and vehicle conditions. However, the identification of risk factors that can contribute to the injury severity of a specific type of road user may be different [6,7]. For that purpose, it is particularly important to give special attention to VRUs’ safety, by providing a better understanding of the factors affecting the outcome in terms of injury severity [8].



Predicting road crashes and finding patterns from crash registrations is an important step to develop safety measures. Among a lot of research into the evaluation of crash likelihood and frequency, several studies have focused on factors affecting the injury severity [9,10,11,12,13,14,15,16,17,18]. Notwithstanding the personal injury, the economic and societal cost of crashes varies substantially based on the severity level of injury. Some of these studies have focused their investigation on identifying which variables can increase the injury severity of a crash involving pedestrians [19,20,21,22,23,24], cyclists [25,26,27,28,29,30] or provide a joint analysis of pedestrian and cyclist risk factors [31,32,33,34,35,36,37,38,39,40]. From these studies, several risk factors have been reported to affect the injury severity of VRUs. For instance, pedestrians’ and cyclists’ age and gender and specific hours (specially related with night-time) were generally identified as risk factors [19,20,23,25,26,34,38]. It has also been recognized that the road environment, in particular vehicle speed, mixed land use and intersections, can affect the level of injury severity of these road users [31,33,41]. Few studies have recognized weather conditions (namely fog and rain) as risk factors considering pedestrians’ injury severity [22,24]. Moreover, the month was considered an important temporal variable to predict the severity of cyclist injury [29].



There exists a variety of methodologies that have been used to investigate injury severity data. The logistic regression and decision trees are two predictive/classification techniques that have been widely explored. In particular, logistic regression is often used for binary response variables and decision trees is a nonparametric method that does not require prior probabilistic knowledge on the phenomena under study [42,43,44]. To predict crash severity, logistic regression is among the most popular techniques [11,19,32,34,37]. This fact can be explained since multinomial logistic regression does not require premises and these model are easily interpreted by their coefficients, giving the influence of the particular input fields and predefined relationships between dependent and independent variables [45,46]. Decision trees have also been a useful methodology for analysing traffic crashes based on the level of injury severity [9,29,47].



Class imbalance problem is one of the most fundamental challenges considering the learning process and has been found in different domains. There are several examples where resampling techniques may improve the performance of a classifier [48,49,50,51,52]. Hence, many resampling techniques can be applied to balance a dataset; the best approach is hardly dependent on the type of dataset and the technique applied [53,54]. A two-class dataset is said to be imbalanced when one of the minority class is underrepresented regarding the majority class. If it is not suitably addressed, the prediction results would be asymmetrically biased by the weight of the majority class and might produce misleading conclusions [54]. In general, road crash databases are limited and imbalanced in terms of injury severity level since the majority of records are non-severe. Due to the inherent complex characteristics of imbalanced data, some studies have been developed considering resampling techniques applied to the prediction of crash severity risk factors. Pei et al. [55] founded a more accurate and reliable prediction model to determine crash risk factors and crash severity factors applying a bootstrap resampling approach to Poisson regression. Mujalli et al. [56] compared three different data balancing techniques—random undersampling, synthetic minority oversampling (SMOTE) and a combination of both sampling techniques—with three different Bayes classifiers. The results show that the classification of a crash according to its severity improved with the use of oversampling techniques [56]. Delen et al. [13] developed a fusion-based sensitivity analysis on several predictive algorithms to identify risk factors that contribute to the injury severity in motor vehicle crashes using an undersampling method for balancing data. On the other hand, Mussone et al. [57] applied an oversampling technique in order to develop a back propagation neural network model and a generalised linear mixed model to identify factors affecting crash severity level. Madhar et al. [58] show that the prediction accuracy of different data-mining techniques improves when using a resampling dataset to bias the accident severity distribution. More recently, Al-Radaideh and Daoud [47] applied down-sample, up-sample and SMOTE functions to a road traffic accidents dataset to perform three classification techniques—decision trees, Artificial Neural Network (ANN) and Support Vector Machine (SVM)—revealing the best performance for decision trees using a hybrid sampling dataset. Jiang et al. [59] introduced three methods to model unbalanced data—random forest, AdaBoost and Gradient Boost—showing that the latter two generate more balanced prediction accuracies.



The novelty of this study is the suggested methodological approach, which applies different resampling techniques to imbalanced pedestrian and cyclist motor vehicle crash datasets to perform a comparative evaluation of two commonly used but different classifiers: decision tree and logistic regression. For that purpose, road crash records involving a motor vehicle and pedestrians/cyclists from six years (2012–2017) and three different cities were used. This database was organized in injury severity level, which is classified into severe (which includes serious injuries and fatalities) and non-severe (light injuries). Since the proportion of the minority class is significantly lower than the majority class, the dataset is imbalanced. Thus, different resampling techniques (under-, over- and synthetic oversampling) were applied. The best resampling method is selected based on the classifier performance through receiver operating characteristics (ROC) curves. The developed models allow the identification of risk factors that can affect pedestrian or cyclist injury severity when involved in a motor vehicle crash. These findings can be used as a tool for local authorities to develop road safety strategies. From the variables under evaluation, we should highlight the road conditions and markings sometimes neglected in the literature.




2. Methodology


This section describes the techniques used for data resampling, followed by a short description of the classifier methods: decision tree and logistic regression. The classifiers will be applied to identify the variables which are statistically significant in predicting the injury severity of a VRU involved in a crash. Lastly, data characteristics and pre-processing as well as case studies are described. The conceptual framework designed for this study is presented in Figure 1. This process was applied for each city individually and a global dataset including all crash and injury information.



In order to perform the proposed methodology, an open-source software for statistical computing, R software [60], is employed to handle the crash dataset using specific packages for resampling imbalanced data and for applying the two classifiers.



2.1. Resampling Techniques


Crash records can be considered an imbalanced dataset, since the target variable (injury severity) is predominantly imbalanced, with the majority of instances belonging to the non-severe class and only a small percentage of the instances in the severe class. Resampling is a commonly used data level approach to deal with class imbalance [53,54]. Resampling methodologies are processes of continuously drawing samples from a dataset and refitting a given model. These methodologies can be divided into undersampling and oversampling [54].



Three resampling techniques are proposed for application to such a dataset in order to construct a more balanced one. In this study, the widely used random undersampling and random oversampling methods as well as a synthetic oversampling method were analysed. Since we are interested in using open-source software to perform our analysis, the ROSE R package [61] was explored, since it has many built-in resampling techniques. The best resampling method was then selected based on the classifier performance (see Section 2.2) through ROC curves.



2.1.1. Undersampling


The undersampling method consists of constructing a balanced dataset by randomly removing instances from the majority class until the desired ratio has been reached in order to adjust a class distribution of a dataset [41]. The main advantage of an undersampling method is the reduction of a training data size when the original data is large. On the other hand, removing instances may imply a loss of valuable information of the majority class [52].




2.1.2. Oversampling


In the oversampling method, the balanced dataset is constructed by randomly duplicating instances from the minority class until the desired ratio has been reached [41]. The advantage of an oversampling technique is that it leads to no information loss [52]. Therefore, although it is widely used, oversampling might be ineffective at improving recognition of the minority class and may lead to overfitting [54].




2.1.3. ROSE


ROSE (bootstrap random oversampling examples technique) is a method that generates a synthetic sample from the feature space around the minority class according to a smoothed-bootstrapping approach. According to this, ROSE combines oversampling and undersampling by generating an augmented sample of the data (mainly belonging to the minority class). Three steps are involved in the development of ROSE methodology: (1) Resampling data of the majority class using a bootstrap resampling technique to remove instances of the majority class considering a ratio of 50%—undersampling; (2) Repeat the same process for the minority class—oversampling; (3) Generate a new synthetic data in its neighbourhood, where the shape is determined by a function provided by the ROSE R package. A new synthetic training sample of approximately equal size to the original dataset is generated [62].



Studies have been showing that generating new synthetic data to balance a skewed dataset is an alternative to the above resampling techniques, and is being associated to a reduction of the risk of overfitting and an improvement of the ability of generalisation compromised by the oversampling methods [63].





2.2. Supervised Learning Classifiers


In order to identify risk factors significantly affecting the VRU injury severity, two classification techniques were explored and the results compared. Classifiers can be trained using historical data with the known outcome to predict an associated class. A trained model aims to be able to classify unseen new data correctly.



In this study, the dependent variable (injury severity) presents a binary classification with two possible outcomes (non-severe or severe). Two widely used supervised classification techniques will be explored, namely decision tree and logistic regression.



A stratified holdout procedure was applied to split data into training and testing sets, which ensures each class is represented in both sets. The training set (70% of instances) is used to build the models, which are then tested over the testing set (the remaining 30% of instances) to evaluate its predictive accuracy [64]. The classifier performance is evaluated through receiver operating characteristics (ROC) curves [65,66]. The ROC curve represents the relationship between both sensitivity and specificity in a graphical representation of the true positive (i.e., a severe injury correctly classified) rate against the false positive rate. The overall performance can be given with the area under the ROC curve (AUC), a summary measure that allows one to quantify how accurately a model can discriminate. In particular, an AUC under 0.50 reflects a poor model. Hence, a higher AUC score represents a better classifier. Moreover, when comparing models, the best model is the one that yields the dominant ROC curve (most significant AUC).



The following sections briefly describe the two classifiers used to develop the models.



2.2.1. Decision Tree


Decision tree methodology is a commonly used nonparametric data-mining method. It classifies instances by sorting them based on attribute values. Each node in a decision tree represents a feature in an instance to be classified and is a test on an attribute. Each branch represents a value that the node can assume and is an outcome of the test. Finally, a leaf node represents a class label. The feature that best divides the training data would be the root node of the tree. At each node, one attribute is chosen to split training examples into disjoint classes as much as possible. This procedure is repeated on each partition of the divided data, resulting in subtrees until the training data is divided into subsets of the same class. Thus, a decision tree classifies an instance as belonging to a specific class by following a suitable path from the root to a leaf node, which represents a classification rule [67]. The advantages of using a decision tree model are threefold: it requires minimal knowledge of the underlying data relationships, provides useful information regarding the most important variables in the dataset that are placed as top nodes and is less sensitive to missing data and outliers [68].




2.2.2. Logistic Regression


Logistic regression is a linear, parametric method for binary classification. The logistic regression method is used to explain the relationship between the dependent variable and the independent variables and has been the most commonly used statistic method for studying injury severity risk factors [13]. The outcomes of the regression equation can vary without limit, but constrain the predictions of the dependent variable to values between 0 and 1. The multiple binary logistic regression model expression [69] is given by:


π(x)=(exp(xTβ))/(1+exp(xTβ)),



(1)




where x is the vector of the explanatory variables, β is the vector of the coefficients of the model and π(x) is the probability of a severe VRU injury. The logistic regression model can be used for continuous and/or categorical explanatory variables as well as interaction terms to investigate potential combined effects of the explanatory variables. In fitting the data, logistic regression fits a straight line to divide the space into two. A single linear boundary can sometimes be limiting for logistic regression.





2.3. Data Description and Case Studies


A crash dataset involving pedestrians and cyclists from three different cities of Portugal was originally acquired from the National Authority of Road Safety (ANSR). Crash registrations correspond to six years (from 2012 to 2017), which gave a total of 6876 observations. These crashes yielded 7155 injured VRUs, 86% corresponding to injured pedestrians and 14% to cyclists. The original dataset contains specific information about the number and severity of injuries, gender and age of the injured, temporal information (year, month, day and hour), location/position by address and geocode, road characteristics, weather conditions, and luminosity information.



The dataset covers three different cities located in the north, centre, and centre-south of Portugal, namely Aveiro, Porto and Lisbon. These case studies were chosen based on their differences in terms of land use, transport demand and demographic contexts, and also due to their relatively high share of walking and cycling modes, which vary between 19% and 22% for pedestrians and 0.2% and 3% for cyclists [70].



The previously described methodology was applied to three different datasets considering each city. Afterward, the same process was applied to a third dataset considering all recorded samples of each city, which yielded an overall perspective.




2.4. Pre-Processing Data


The analysis focused on the injury severity level, which is subdivided into two classes: non-severe (light injuries) and severe (including serious injuries and fatalities). In order to have a representative sample with common characteristics, records with missing information or uninjured VRUs were removed from the dataset. This preliminary step eliminated 1.5% of the records. Hence, the dataset used in this study contains a total of 7048 injured VRUs, 6% being categorised into severe injuries or fatalities and 94% into the non-severe injury class. The crash dataset represents an imbalance of a 1/16 ratio considering non-severe and severe injuries.



In order to identify the main factors that can significantly affect the injury severity of a VRU involved in a crash, 10 independent variables were selected. Table 1 describes all the variables analysed.



The main attributes considered in the forthcoming analyses are:




	
VRU profile: gender and age group;



	
Temporal variables: month, weekday and time period;



	
Weather conditions: subdivided into good or bad (including any adverse situation, e.g., rain, fog, snow, strong winds);



	
Luminosity: subdivided based on the national authority classification as daylight, sun glare, dawn or dusk, night with road lights or night without road lights;



	
Road characteristics: describing the conservation conditions of the pavement (road conditions) and the presence of road surface markings for separating directions or directions and lanes (road markings).








This exploratory step is often crucial for obtaining a good fit of the model and better predictive ability.





3. Results


The results are presented considering two different aims:




	
To evaluate the most efficient prediction model based on three resampling techniques (undersampling, oversampling and ROSE);



	
To explore and compare the results of two supervised classification techniques in order to identify which variables can significantly affect pedestrian and cyclist injury severity when involved in a motor vehicle crash.








The three resampling techniques were applied to the datasets, resulting in six different datasets for each city and the overall perspective. Table 2 shows an overview of the dataset modifications and their distribution amongst the severity classes.



The two classifiers described in Section 2.2 were used to develop injury severity prediction models. Therefore, two models were developed for each dataset considering the different case studies (Aveiro, Porto, Lisbon and overall). For the developed models, the datasets were divided into training and test sets considering a 2/3 ratio, as described in the methodology. A total of 64 models were developed. The performance of the models was examined based on the area under the ROC curve (AUC). Table 3 shows the AUC results for the developed models.



In general, results showed that applying resampling methods in a class-imbalanced dataset tends to improve the classification power of the classifiers to discriminate between severe and non-severe VRU injuries when involved in a motor vehicle crash. Improvement in the classification power can be verified for oversampling techniques for both classifier models; however, this is not always the case regarding the undersampling technique and ROSE.



The best results (highlighted in Table 3) revealed that oversampling is the best resampling technique for Aveiro, independent of the classifier used and the VRU under study. Regarding Porto, for the pedestrians database, the oversampling technique was revealed to improve the classifier power of a decision tree and ROSE yielded the best performance for logistic regression. On the other hand, the cyclist database of Porto revealed ROSE as the best technique when a decision tree is applied and oversampling when the logistic regression is applied. Regarding the Lisbon and overall cases, considering the pedestrian databases, oversampling is the best technique, except in the case of the Lisbon pedestrian database, where the decision tree classifier is applied. Considering the cyclist database for Lisbon, oversampling is the best resampling technique for both classifiers. Besides, this technique also presents the best performance when considering the overall case for the cyclist database, apart from logistic regression, where undersampling is the best approach.



From Table 3, it can be seen that the decision tree performed more accurately for predicting VRU injury severity level for Aveiro and Porto, showing an appropriate predictive ability of 77% to 80% for pedestrians and 84% to 97% for cyclists. The same can be verified for Lisbon and the overall perspective regarding the cyclist database when the decision tree presents a predictive ability between 89% and 93%. Considering the pedestrian database, logistic regression presents a better predictive ability of 66% to 70%.



The comparison between the two different classifiers—decision tree and logistic regression—shows that the decision tree presents the best performance results.



The risk variables that can affect VRU injury severity were identified. To accomplish this goal, decision tree and logistic regression models were developed. In particular, a decision tree has a subprocess with an attribute weighting scheme; this weight (from 0 to 100) provides attribute importance information considering the occurrence of severe injury. Table 4 presents the results of the decision tree model, considering the three variables with higher importance scores (numbers shown in brackets) for each case study and database approach (original, undersampling, oversampling and ROSE). Some models present only one significant variable since the weight of this variable is 100.



The significant variables presented take into account mainly the results of the best classifier’s performance. Regarding Aveiro, the significant variables that present the highest weight considering oversampling (the best classifier performance) are road conditions and road markings. The profile of cyclists (especially age) and temporal variables (such as month, weekday and time) present an important role in identifying severe injuries of cyclists. Regarding the Porto case study, road markings, age and month are the most significant variables considering pedestrians’ severe injury. On the other hand, the variables most significant for cyclists are age, gender and month. For the Lisbon case study, road markings are considered the most important variable concerning pedestrians’ severe injury, and beyond that, age and month also present significant importance. Regarding cyclists, temporal variables (month, weekday and time) present an important role too. Lastly, the overall dataset results clearly show that road markings, gender and age are the main risk factors affecting the injury severity of a pedestrian involved in a motor vehicle crash, while for cyclists, age, road conditions and luminosity are considered the important variables to predict injury severity.



Concerning the possible risk factors identified using the logistic regression, Table 5 and Table 6 present the details of each model. Based on the p-value considered, we can conclude whether or not a variable included in the model is significantly contributing to the model’s ability to predict the injury severity level of a VRU. The coefficients are given, followed by the p-value range. Variables with p-values (p) < 0.1 are considered significant.



Considering the analysis for pedestrians (Table 5), for Aveiro, Lisbon and the overall dataset, oversampling is the best resampling technique applied for the logistic regression model. Only Porto presented ROSE as the best resampling approach when applied to this classifier. Based on this, we can conclude that weather, luminosity and road conditions are statistically significant variables to predict severe injuries of pedestrians for Aveiro. In the Porto case study, gender and age as well as time, luminosity, road conditions and road markings are the risk factors to predict the severity of these VRU injuries. For Lisbon, considering the oversampling approach, we can conclude that VRU profile (gender and age), month, time, weather, luminosity and road markings are the risk factors that contribute to predicting the injury severity of a pedestrian. For the overall case, considering oversampling as the best approach, only weekdays seems not to be considered as a risk factor in predicting pedestrian injury severity.



Similarly, concerning cyclists, oversampling presented the best approach when a logistic regression classifier is applied to the database, except for the overall perspective, when undersampling was shown to be the best approach. Based on this, for the Aveiro case study, only month and weather are variables that are not statistically significant in predicting injury severity of cyclists. Considering the Porto case study, month, weekday and road markings are the risk factors to predict the injury severity for these VRUs. Regarding Lisbon, the variables that were shown to be risk factors are month, weather and luminosity. For the overall case, considering that undersampling is the best approach, we conclude that any variable seems to be a risk factor that contributes to predicting the injury severity of a cyclist; see Table 6.



Comparing the results obtained from the two models—decision tree and logistic regression—variables such as gender, luminosity and road conditions are considered statistically significant for more datasets when logistic regression is applied to the pedestrian datasets. On the other hand, gender and month are more representative variables considering the decision tree models when applied to the cyclist datasets.



Results highlight that an overall perspective is not always the best approach, considering two main reasons: First, the seriousness of the road crash can be affected by the specificities of each city; secondly, the overall perspective results can be biased from the most prominent database (in this case, the Lisbon database).




4. Discussion


In this paper, the performance of two classifiers (decision tree and logistic regression) to predict risk factors that can affect the severity of a VRU’s injury were investigated. To deal with the imbalanced data problem, three resampling techniques were applied: undersamping, oversampling, and ROSE methods. The effectiveness of each resampling method applied to each of two classifiers was evaluated based on AUC as a performance metric.



The results showed that the performance of the classifier can be improved by processing the data with one of those resampling techniques. However, the small samples of VRU crash data may explain why the application of an undersampling technique does not improve the explanatory power of the studied classifiers for almost all the datasets, due to the loss of information related with this resampling technique. Emphasis is given for the Porto case study, where the proportion of severe injuries presented the lowest values (4% for pedestrians and 1% for cyclists).



Regarding the overall performance of the two classifiers, the decision tree slightly outperformed the logistic regression. This can be explained by the fact that the coefficient correlations were not considered and all the variables were analysed. Nevertheless, it is well known that decision tree models are robust to identify outliers, so when a domain problem is given, the decision tree technique naturally captures the relationship between variables, leading to higher classification performance.



Considering the identification of risk factors that can affect the injury severity level of a VRU, having a joint overview of the two classifiers enables finding out some main results. Considering the pedestrian injury severity risk, we can conclude that:




	
Gender and age factors seem to play an important role in this type of VRU;



	
Road markings are a risk factor considering pedestrian injury severity, especially for bigger cities;



	
The luminosity of the road seems to be more important than weather conditions.








On the other hand, considering cyclist databases, the main results allow us to conclude that cyclist age group and month are the main identified risk factors in predicting the injury severity of a cyclist. These results can be related to exposure values, namely the most people of active cycling age and the fluctuation between the number of people cycling in summer and winter. Road conditions seem not to affect the severity of both pedestrian and cyclist injuries in Lisbon and cyclist injuries in Porto.



Although these results are based on a crash database of three cities, the methodology and results can be generalized to small and medium-sized cities, since our results are similar to those reported in the literature review. For instance, the importance of age to most severe outcomes involving pedestrians [19] and the importance of environmental factors, such as time and environmental conditions, are relevant categories to consider in motor vehicle–bicycle collisions [29,40]. Road conditions and surface markings, variables which are sometimes neglected in the literature, are essential factors to be taken into account.



Limitations and Future Research


Due to the complexity of reporting a road crash, our study presents some limitations: (1) more detailed information about vehicle characteristics and drivers are missing in our database; (2) unobserved heterogeneity of data was not considered in the analyses. Future research will try to address these issues. Also, it would be interesting to explore other methods to handle the class imbalance problem, to extend to a national database and to focus our research on some unobserved variables that may affect the prediction models.





5. Conclusions


In this paper, an approach to reveal the most significant risk factors that can possibly affect VRU injury severity when involved in a motor vehicle crash is presented. Since prediction model performance can be biased when imbalanced data is used, three well-known resampling techniques were examined in an attempt to improve the model’s classification performance. Two widely used supervised methods were applied: decision tree and logistic regression.



The machine learning classifiers were able to correctly classify both the majority and the minority classes with relatively high accuracy. It is known that the performance of a resampling method depends on the classifier used, and no method would always outperform the other. Nevertheless, the decision tree model revealed to be a more accurate model considering the crash severity data under evaluation.



Results showed that the oversampling technique (used to balance the dataset) always improves the effectiveness of both classifiers (decision tree and logistic regression) to identify risk factors.



The classifiers were applied considering the original and developed dataset based on three different resampling techniques. Based on an attribute weighting scheme presented by decision tree models and p-values < 0.1 considering the logistic regression model, the risk variables that can significantly affect pedestrians and cyclists injury severity were identified. A joint analysis of the obtained results allows us to conclude that road markings, road conditions and luminosity significantly affect the severity of a pedestrian’s injury when involved in a crash. On the other hand, age group and temporal variables (month, weekday and time period) are the risk factors that were revealed to be the most significant to predict the severity of a cyclist’s injury when involved in a motor vehicle crash.



Furthermore, it should be emphasised that the identification of risk factors is relevant to the development of road safety measures that aim to reduce the injury severity of crashes between VRUs and motor vehicles, which is crucial information to help decision-makers in the definition of road safety policies and strategies.
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Figure 1. Overview of the methodology process. 
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Table 1. Description of the variables and number of reported injuries classified by severity.
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Variable

	
Code

	
Description

	
Aveiro

	
Porto

	
Lisbon




	
NSI

	
SI

	
NSI

	
SI

	
NSI

	
SI






	
Gender

	
0

	
Male

	
245

	
25

	
942

	
44

	
2072

	
178




	
1

	
Female

	
218

	
19

	
1062

	
27

	
2097

	
119




	
Age

	
1

	
≤11 years old

	
22

	
4

	
89

	
3

	
213

	
11




	
2

	
12–17 years old

	
29

	
2

	
146

	
4

	
291

	
14




	
3

	
18–24 years old

	
75

	
4

	
235

	
7

	
544

	
28




	
4

	
25–49 years old

	
140

	
15

	
572

	
11

	
1298

	
87




	
5

	
50–65 years old

	
102

	
8

	
472

	
14

	
820

	
51




	
6

	
>65 years old

	
95

	
11

	
490

	
32

	
1003

	
106




	
Month

	
1

	
January

	
38

	
4

	
159

	
6

	
340

	
30




	
2

	
February

	
33

	
3

	
150

	
8

	
327

	
28




	
3

	
March

	
36

	
3

	
172

	
4

	
325

	
25




	
4

	
April

	
35

	
3

	
133

	
7

	
328

	
10




	
5

	
May

	
35

	
6

	
162

	
4