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Abstract 
 

Traffic accidents are still wide causation for fatalities around the globe. The set of alarm for 

this cause of deaths is still on, since the number of fatalities is still representing an enormous 

issue and a challenge for most governments. In Barcelona, similar to the rest of the world, 

traffic accidents are threatening lives and raising the need to lessen the number of both fatalities 

and severities. This study is conducted to grasp the correlations between different classification 

factors with accident severities and fatalities. A total of 47,153 traffic accident cases that 

occurred between 2016 and 2019 are utilized. Then, a binary probit model and Chi-square 

automatic interaction detector are exploited to grasp the impact of several risk factors. The 

results confirmed that males and 65 years and older injured persons are more exposed to severe 

or fatal injuries compared to other categories. Pedestrians and drivers are found to have higher 

probabilities compared to passengers in being involved in severe or fatal injuries. Weekends, 

afternoon, night timings all have higher odds of having severe or fatal traffic accidents. The 

findings of this study can help road authorities in targeting these risk factors to mitigate their 

impact to achieve Vision Zero. 
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1. Introduction  
 
“Every fatal or serious crash on our roads is a tragedy. It is our moral obligation – our shared 

responsibility – to take road safety seriously.” Violeta Bulc. A traffic accident is still a major 

issue in Europe and the rest of the world. About 25 thousand lives were claimed, while more 

than a million persons were injured as a cause of traffic accidents in 2016 in Europe [1]. A 

report [2] was prepared to provide a performance index for 32 European countries regarding 

road safety. The report showed that there was a 3% decrease in the number of accidents in 2019 

compared to 2018 for the total number of accidents that happened in the EU27. 7,023 road 

fatalities less in 2019 than in 2010 for the total number of EU27. Greece has the highest 

decreasing percentage with -44.4%, while Malta had the highest increasing percentage of 6.7%. 

For Spain, the percentage of road fatalities was 30.4% by comparing the two years 2010 and 
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2019. However, the medium-term target was halving the number of deaths, but as shown, the 

progress of lessening the number in some countries is stagnated. 

 
 
In 2017, the EU transport ministers adopted the Valletta declaration to reduce the number of 

severe injuries, which can be considered as a consistent plan with the EU Commission [3]. The 

European Commission has also set a new target to lessen the number of serious injuries to half 

between 2020 and 2030. Most European countries, therefore, have set this time period for the 

new national road safety strategy that includes a target for death and severe injuries reduction. 

Key Performance Indicators (KPIs) were introduced to assess the performance of meeting the 

targets during the defined period [4]. Those indicators are speed compliance, utilizing the seat 

belt beside the child restraint system, protective equipment using, alcohol influence during 

driving, distractions while driving that include handheld devices, new cars safety, the safety of 

the infrastructure, and lastly, the care for post-crash. The reason for setting such indicators is 

acting in a proactive manner for identifying the problems due to their ability in providing a full 

picture of the status of the level of road safety [5]. Spain has set a strategy between 2011-2020 

[6] to achieve safe and sustainable mobility. This strategy is mainly comprised of five main 

elements. The ecological aspect is one of those elements that is consisted of reducing air and 

noise pollution and improving energy efficiency besides other targets. The second aspect is the 

competitive aspect that aims to improve journeys quality and goods distribution alongside 

guaranteeing the regularity of journeys. For the safe aspect, this element is setting the plan to 

reduce the number of traffic accidents and severe injuries in parallel with enhancing the care 

that is given to road accident victims. Moreover, this aspect is aiming to decrease the rate of 

accidents among vulnerable road users. The healthy element is consisting of promoting cycling 

and walking and enhancing the mental and physical health of people. Lastly, the universal 

aspect that composed of securing an acceptable cost for all social sectors who use public 

transport. Additionally, the accessibility for all modes of transports should be improved for all 

people. The order for elements is negligible as all the aspects are important and part of the plan. 

Some aspects have more categories. However, the most relevant categories are mentioned. The 

vision for the Spanish strategy is “The citizens have the right to a Safe Mobility System in 

which everyone, citizens and agents involved, has a responsibility”. This vision is consisted of 

five different values shape this vision including shared rights and duties, sustainable mobility, 

safe users, roads, environments, and vehicle. 
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Catalonia is, indeed, on the same path of having a strategic plan related to traffic accidents. 

The first strategic plan was established in 1999, and now Catalonia has a total of six strategic 

plans including the last published plan [7]. The target of reducing the number of traffic accident 

severities and fatalities was met in the last three prepared plans, as all of them exceeded the 

planned reduction percentages. Based on the last report [7], the number of fatalities is one of 

the main challenges that still needs improvement in both urban and inter-urban areas. The 

priority for vulnerable road users should be maintained. Campaigns can also be conducted to 

target risky road users. Therefore, pillars were set to pledge the success of the implementation 

of the strategic plan. Law enforcement, search for efficiency and focus results, education and 

training, aspiring to leadership in Europe, shared responsibility in road safety, and lastly, the 

use of technologies associated with road safety are those main pillars. The overall target for the 

last strategic plan is to reach 50 % less in the number of fatalities in 2020 compared to 2010, 

while the overall target for 2050 is to reach zero fatalities and severe injuries with lifelong 

consequences under the Vision Zero.  

 

Barcelona has also set a plan for the period 2019-2022 regarding road safety [8]. A 20 % 

reduction in fatalities is set to be a goal to be accomplished in 2022 compared to the number 

of fatalities in 2018. For severe injuries, a 16 % reduction should be reached in 2022 compared 

also to 2018. Therefore, a number of aspects should be considered in order to achieve those 

goals. The accidents that can lead to severe injuries should have the priority to prevent the 

occurring of similar accidents. Vulnerable users should also have the priority in identifying 

certain measures to protect them. The reasons for causing a high number of accidents including 

accident types and specific road users should be resolved. The causes for fatalities related to 

traffic accidents are also considered so that the fatalities numbers can be decreased. Four main 

action domains are conducted to achieve the proposed goals. Education is one of the four 

spheres that composed of prevention, training, communication, and research action and 

projects related to road safety. Engineering is the second sphere that is considered to sustain 

the proposed targets by involving in the technical measures related to vehicles, roads, and other 

related aspects. The third sphere is enforcement that means the correction of conduct which 

includes the implication of different regulations and the operations planning. Lastly, support 

and patronage measurements for the road accidents victims are under the last sphere which is 

emergency. Identifying the reasons for traffic accident severities and deaths, as mentioned 

earlier, are one of the spheres that are laid to undermine their impacts and reducing the number 
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of fatalities and severities. Several studies were conducted to comprehend the effect of 

different potential factors so that the risk factors can be targeted and neutralized.  

 

A study [9] revealed the economic cost of traffic accidents in Barcelona in 2003. A 367 million 

is estimated for the total accident cost of accidents with 329 million for the direct cost. The 

gender differences in being involved in a risk injury due to traffic accidents by age, mode of 

transport, and severity were studied by research [10]. The data comprised of the time spent by 

people, who are residents and over three years old, in traveling in Catalonia in the period 

between 2004 and 2008. A Poisson regression model was exploited to delve into those 

differences. A significant impact in traffic accident injuries for both gender and age was 

distinguished. Males were found to have a higher risk of having severe and slight injuries amid 

the group of child pedestrians and young drivers. In contrast, females had a higher risk of 

injuries in older groups. Furthermore, the fatalities rate of males was higher than females.  

 

Most of the pedestrian fatality who are hit by a motorized two-wheeled vehicle is found to be 

because of Traumatic Brain Injury [11]. Other predictors that can increase the level of severity 

when examining elderly pedestrians in rural traffic accidents were visibility conditions and the 

distribution of services besides other factors [12]. Another study [13] examined the gender, 

age, and type of user impact on injuries in Barcelona. The data represented the traffic injuries 

cumulative incident rate of disability in 1993. Males were more exposed to the incidence 

compared to females when considering motorcycle and car users. Female pedestrians were 

found to be more involved in incidents compared to males. Consistently, additional research 

[14] showed that males drivers were more engaged in a higher level of severities due to 

motorcycle/moped accidents compared to females.  

 

For age categories, research [15] concluded that drivers who are older than 60 years were found 

to be more exposed to severe or fatal injuries compared to other age categories. Both driver 

age and accident type with also including lighting and the number of injuries resulting from 

the accident were confirmed as risk factors related to severe and fatal injuries [16]. Similarly, 

age, education level, time of the day, roadway condition and its type besides other factors were 

also confirmed to have an impact on the severity of traffic accidents by another study [17]. For 

traffic barrier crash severity, young drivers, driving during adverse weather, and having a turn 

before hitting the barrier were found to lessen the level of the injury severity [18]. Another 

study [19] examined several variables that may influence the level of injury that were resulted 
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from truck crashes. The results revealed that weather condition was considered as a risk factor 

related to severity of injury. For non-fatal accidents, several factors that can affect the severity 

of injuries were found to be speeding, the age of the driver, and different seasons [20]. 

Consistently with factors that can increase the level of severity, a study [21] examined different 

type of vehicles and their consequential risk factors. Beginning with private vehicles, the age 

of the vehicle, driver gender, district board, temporal factor represented by the time when the 

accident happened, and lastly, the light condition were all found to be significant predictors in 

affecting the severity of the accident. Followingly, for goods vehicles, only seatbelt usage, and 

the temporal factor represented by the weekday were found to be the risk factors associated 

with severe injuries. Lastly, for the last type that was examined which was the motorcycle, 

three factors with respect to injury severity were detected including vehicle age and two 

temporal factors including weekday and the accident time. Passengers may also be exposed to 

a different level of severity based on their seats inside the vehicle. A rear left seat was found 

to have the highest risk of severe and moderate injuries followed by a rear right, rear middle, 

and front seat, respectively [22]. 

 

Volume to capacity ratio (v/c) influence on accident rates was explored by a study [23] with 

including different other risk factors. The study exposed that there is an inverse relationship 

between the number of the v/c ratio and the number of traffic accidents. In the case of weekdays 

and weekends comparison related to traffic accidents and when the v/c ratio is high, weekdays 

had a higher number of traffic accidents. Contradictory, a recent study [24] revealed that 

crashes had higher odds of happening on weekends compared to weekdays when the impact of 

a new casino was examined in suburban Another study [25] presented the correlations between 

the spatiotemporal factors and injuries and fatalities related to traffic accidents in Columbia. 

The findings of this study showed that there was a higher risk of being involved in traffic 

accidents from Wednesday to Saturday compared to Sunday. Additionally, Dry and sunny 

weather was found to have an impact on decreasing the odds of having traffic accidents similar 

to the impact of a larger number of traffic lights. In Barcelona, a study [26] found that speed 

limits were not followed by drivers as the average measured speed limits were higher than legal 

speeds. 

 

Therefore, the main objective of this study is to analyze different classification variables that 

are associated with traffic accidents’ severities. The reason for this is to lessen the number of 

these types of traffic accidents by detecting the potential risk factors. Afterward, road 
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authorities can legislate the required laws to undermine their influence on traffic accidents 

severities. Additionally, it can help the authorities to keep in mind these factors while 

constructing new roads to proactively act to prevent them. Eventually, this study can be 

considered as a path for the Vision Zero goal in Barcelona, Spain. Two approaches are utilized 

parametric and non-parametric models including the probit model and Chi-square automatic 

interaction detector model. This study exploited a large number of traffic accidents that 

occurred in Barcelona including 47,153 cases with focusing on five potential risk factors. Till 

now, no similar study is conducted in Barcelona with this amount of data and applying similar 

approaches. This study should highlight those potential independent variables alongside 

validating the models that are exploited for the data provided.  

 
2. Methodology 
 
A. Traffic accidents data in Barcelona 
 
Barcelona province is providing a public access database for different data types which is called 

“Ajuntament de Barcelona's open data service”. The dataset themes include administration, 

city and services, economy and business, population, and territory theme. Traffic accidents are 

classified under the city and services theme [27]. The data that is exploited in this study is 

comprised of 4 years duration from 2016-2019. The data is, also, consisting of different 

categories for the response variable that is the level of injury that consisted of different levels 

of slight injuries, severe injuries, and fatal injuries. In more detail, each category is also divided 

into other subcategories. However, slight injury cases are all merged together to facilitate the 

analysis procedure in this study. For different severe and fatal injuries, both are integrated 

together. Therefore, a total of only two categories are remained, so that that the response 

variable is, now, a binary variable. The reason for this is, both severe and fatal injuries are 

focused on to determine the factors that impact the occurrence for both classes and because of 

the number of fatal injuries cases to have a better statistic estimate. Moreover, the objective of 

this study is help road authorities in achieving the Vision Zero target for both fatalities and 

severe injuries resulting from traffic accidents. Therefore, both severe and fatal injuries are 

focused on in this study. Alongside combining response variable classes, blank and undefined 

data are eliminated from the final data set as a part of the data preparation. Moreover, some 

classification variables categories are combined, as well, based on the data and to have a better 

insight into the dataset.  
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Table 1, as shown, is presenting the classification variables frequencies with respect to 

injuries in the city of Barcelona during 2016-2019. The accidents reported by the Guàrdia 

Urbana in the city of Barcelona. A total of 47,153 report cases are utilized after the data 

preparation has been achieved. A total of five different classification variables are fetched for 

this study in order to apply a model that can exhibit the correlations and how each factor can 

impact the dependent variable. It is worth mentioning that the accidents occurred in the urban 

area as all the reported accidents happened inside the city region. The difference between rural 

and urban accidents can be noticed as higher number of pre-hospitals deaths were found at 

rural areas compared to urban area [28]. The study found that the lower use of seatbelt, helmets 

or other safety precautions were the reasons for the deaths in the rural region. Similarly, the 

accident injury level at a rural area was found to be higher compared to an accident at an urban 

area [29]. Weekends and weekdays are classified under the week which is an independent 

variable. Daytime is another independent variable that is also considered that includes morning, 

afternoon, and night timings. In addition, gender impact is considered. Four different age 

categories are considered in this study including injured who are less than 15 years old, between 

16 and 24 years old, between 25 and 64 years, and lastly, injured who are 65 years and older. 

Three different user types are implicated including pedestrian, passenger, and drivers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table1. Classification variables frequencies. 
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 Injury level  

 Severe or 
fatal injury Slight injury Total 

Week:    
Weekend 246 9359 9,605 
Weekday 693 36,855 37,548 

Daytime:    
Afternoon 488 23274 23762 

Night 160 5215 5375 
Morning 291 17725 18016 

Gender:    
Female 305 18156 18461 
Male 634 28058 28692 

Age:    
0 - 15 25 1513 1538 
16-24 121 6893 7014 
25-64 655 34537 35192 
65 + 138 3271 3409 

User:    
Pedestrian 269 4574 4843 
Passenger 86 8989 9075 

Driver 584 32651 33235 
Total 939 46214 47153 

 
 

 
 
B- Binary probit model 
 
In this study, a binary probit model is a traditional statistical method that lays under the 

parametric approaches that are employed to grasp the correlations between the classification 

variables and the response variable by following previous proceedings [30] [31]. SAS 

University Edition is exploited for employing the binary probit model [32]. The reason for 

choosing the probit model is having the level of injury as a dependent variable and establish, 

later on, a comparison between this traditional model and the data mining technique in the 

overall results and the concluded correlations. The employed data is comprised of a binary 

response variable which consists of the first category which is slight injury, and the second 

category is severe or fatal injury. Assume for each injured 𝑖, 𝑈! is the net utility of injury level. 

The total number of exogenous variables (𝑋!) is 𝐼. 𝑈! 	is related to 𝑋!. 

   
                                                    			𝑈! =	𝑋!𝛽 + 𝜀!                                                             (1)       
  

Where the parameter estimates and explanatory variables vectors are 𝛽 and 𝑋!, respectively. 

The error is	𝜀! 	and it is assumed to follow a standard normal distribution.  
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The latent model is  

                                                    𝑦! =	𝑋!𝛽 + 𝜀!                                                              (2)       
 

 
When the relationship between 𝑈! and the observable injury level	𝑦!  satisfies: 
 

 
                                            						𝑦! = -1											𝑖𝑓		𝑈! > 0

0										𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                   (3) 

 
 

Pr	(𝑦" = 1|𝑥")	is the conditional probability. The change in this conditional probability is 

measured by 𝑗"# which is the coefficients vector element 𝛽, 𝛽$(𝑗𝜖{1,2, … , 𝐼}). This change is 

measured when there is a unit change 𝑥!
$. 𝑗"# is an element in vector 𝑋!. The conditional 

probability is also assumed to have a normal distribution. Then, the standard normal cumulative 

distribution function is 𝜙(. ). The conditional probability function is: 

 
                                                 Pr	(𝑦! = 1|𝑥!) = 	𝜙(𝑋!𝛽)                                                (4) 

 
C- CHAID tree 

 
Decision trees (DTs) models, in general, are considered as a classifier method that uses values 

of attributes to make a discrete prediction. DT is normally a non-parametric technique that does 

not have any dependency on any functional form and no prior probabilistic knowledge 

requirement [33]. Chi-square automatic interaction detector that is abbreviated as CHAID tree 

is part of DT family. This model is developed by [34] as an efficient approach for tree growing. 

[35]. To compare the results that are extracted from the binary probit model with a machine 

learning model, CHAID tree is chosen due to its ability in determining the correlations between 

the independent variables and the dependent variable [36]. Several reasons are behind choosing 

CHAID tree to analyze the data. Firstly, it can develop two levels and more for any tree level. 

This technique can also handle all types of variables and provide a good classification for the 

chosen variables by developing a simple chart that depicts the correlations for the interpretation 

process that follows the deployed model as the interpretation process can be a hideous process 

with other data mining techniques. It has to be mentioned that several other techniques were 

explored before choosing the CHAID tree as the data mining technique in this study. Neural 

network, XGBoost tree, and Linear Support Vector Machine have all provided similar 
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accumulated accuracy with 98.059 accuracy similar to the employed CHAID tree. 

Additionally, CHAID exploits statistical significance test as criterion and evaluate all values 

of independent variables. Similar values are merged that are related to the dependent variable 

and other values that are not homogeneous are maintained. The first branch of the constructed 

tree is formed by the best independent variable. Then, each child node is developed from a 

group of the similar (homogeneous) values. Continually, this process is maintained till the tree 

is developed. Due to the dependent variable that is used in this paper is categorical variable, 

chi-square test is used as a measurement level of this variable.  

 

The type of the dependent variable determines the process of calculating the p-values. In this 

study, the target variable is a categorical variable. Therefore, Pearson chi-square statistic and 

its corresponding p-values are calculated as shown in equation 5 and 6, respectively. Where a 

chi-square distribution 𝑑 = (𝐽 − 1)(𝐼 − 1) degrees of freedom is followed by 𝑋%& . Where X is 

the predictor and Y is the target variable. The observed cell frequency is  𝑛!$, while the expected 

cell frequency (𝑥' = 𝑖	, 	𝑦' = 𝑗)	 is 𝑚K !$.  Categories are compared during the merge process to 

consider only the records that belong to the comparison categories. All the current nodes are 

utilized during the split step as all the categories are considered in p-value calculations. Based 

on the observed and expected frequencies, the likelihood ratio chi-square and its p-value is 

calculated in equation 7 and 8, respectively.  For the expected frequencies it is calculated based 

on two cases. The one with no case weights which is calculated as shown in equation 10 and 

11. For the one with specified weights, the expected frequencies are calculated in equation 12 

and 13. 𝛼!  and  𝛽! are estimated parameters. This model is exploited using IBM Watson with 

using SPSS modeler set. More details and steps for this algorithm can be fround at guide [37]. 

 
																																																			𝑛!$ =M 𝑓'𝐼(𝑥' = 𝑖	⋀	𝑦' = 𝑗)																																																						(5)

'
 

 

																																																	𝑋& = 2MM
(𝑛!$ −𝑚K !$)&

𝑚K !$
																																																								(6)

(

!)*

+

$)*

 

 
																																																		𝑝	 = Pr(𝑋%& > 	𝑋&)																																																																							(7) 

 

																																																		𝐺& = 2MM𝑛!$ ln(
𝑛!$
𝑚K !$

)																																																														(8)
(

!)*

+

$)*
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																																																									𝑝
= Pr(𝑋%& > 	𝐺&)																																																																								(9) 

 
 
																																																												𝑚K !$ =

𝑛!.𝑛.$
𝑛. . 																																																																														(10) 

 
Where  

																																	𝑛!. =M𝑛!$ ,
+

$)*

					𝑛.$ =M𝑛!$ ,
(

!)*

	𝑛.. =MM𝑛!$ .
(

!)*

+

$)*

																																								(11) 

 
 
 
																																																				𝑚K !$ = 𝑤X!$-*𝛼!𝛽! 																																																																																	(12) 
 
 
Where  
																																		𝑤X!$ =

𝑤!$
𝑛!$

,							𝑤!$ = M𝑤'𝑓'𝐼
'∈/

(𝑥' = 𝑖	⋀	𝑦' = 𝑗)																																				(13) 

 
 
 
3. Results and discussions  
 
Table 1 depicts how the model is significant. All likelihood ratio, score, and Wald are 

statistically significant with p-values less than 0.0001 for the applied probit model. Table 2 

presents the significance of the classification variables that are used in the model. This table is 

showing the hypothesis tests for each variable individually. Weekday, the daytime, gender, 

age, and user are significantly improving the model-fit based on their Chi-square test and their 

p-values.  

Table 1. Testing Global Null Hypothesis 
Test Chi-Square DF Pr > ChiSq 

Likelihood 
Ratio 419.0512 9 <.0001 

Score 519.1789 9 <.0001 
Wald 431.3261 9 <.0001 
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Table 2. Type 3 Analysis of Effects 

Effect DF Wald Chi-
Square Pr > ChiSq 

 
Week 1 20.4102 <.0001  

Daytime 2 48.5499 <.0001  

Gender 1 21.2514 <.0001  

Age 3 41.1812 <.0001  

User 2 279.5212 <.0001  

 

 

Table 3 portrays the coefficient estimates for all the classification variables alongside their 

standard errors, Chi-square test statistics, and their p-values. Accidents on weekends compared 

to accidents on weekdays increases the odds of having severe or fatal injuries by 0.1474. In 

Madrid, the probabilities of having traffic accidents, in general, on weekends were found to be 

higher compared to weekdays [38]. Weekends and public holidays were also found to have 

higher odds of severe injuries that are resulted from a traffic accident [39]. Accidents that 

happened in the afternoon and night period compared to accidents that happened in the morning 

period rise the log-odds of having severe or fatal injuries by 0.1263 and 0.3010, respectively. 

In contrast, a study found that the early morning period alongside other factors can lead to 

higher odds of having severe injuries [40]. Females injured decrease the odds by 0.1433 

compared to males injured. This finding is consistent with a previously conducted study that 

found that males were more likely to have severe or fatal injuries compared to females [41]. 

For age categories, injured who was 15 years old and younger, between 16 and 24, and between 

25 and 64, all decrease odds compared to injured who were older than 65 years old with 0.4948, 

0.283, and 0.2282, respectively. To compare this age category, a study concluded that drivers 

who were between the age group of 46-55 were at higher risk compared to older drivers [42]. 

Pedestrians have an increased odd of having fatal or severe injuries with 0.5336 compared to 

drivers, while passengers have reduced the odds of having severe or fatal injuries by 0.2259 

compared to drivers. A study that was conducted in France confirmed that pedestrians are at a 

higher risk compared to car occupants [43]. Besides the chosen and concluded risk factors in 

this study, there are other potential risk factors that can influence traffic accident severity such 

as the vehicle type. For instance, bus accidents were found to increase the odds of having fatal 

injuries when the bus crushed with non-motor vehicles [44]. Another conducted study [45] 

focused on the factors that impact bus-pedestrian accidents and found that intersections, 

darkness, pedestrians walking on carriageway with traffic, high speed zone alongside other 

factors can lead to a higher risk of pedestrian fatality. 
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Table 3. Analysis of the classification variables1. 

Parameter  DF Estimate Standard 
Error 

Wald Chi-
Square Pr > ChiSq 

 
Intercept  1 -1.9796 0.0515 1477.5193 <.0001  

Week 
Weekend 1 0.1474 0.0326 20.4102 <.0001  

Weekday 
(Reference) 0 0 . . .  

Daytime 

Afternoon 1 0.1263 0.0308 16.7993 <.0001  

Night 1 0.301 0.0438 47.2094 <.0001  

Morning 
(Reference) 0 0 . . .  

Gender 
Female 1 -0.1433 0.0311 21.2514 <.0001  

Male 
(Reference) 0 0 . . .  

Age 

0 -15 1 -0.4948 0.0938 27.8364 <.0001  

16-24 1 -0.2833 0.058 23.8553 <.0001  

25-64 1 -0.2282 0.0475 23.0581 <.0001  

65+ 
(Reference) 0 0 . . .  

User 

Pedestrian 1 0.5336 0.0387 190.038 <.0001  

Passenger 1 -0.2259 0.0473 22.8035 <.0001  

Driver 
(Reference) 0 0 . . .  

 
 

Figure 1 is depicting the developed tree for the applied model including all previously 

mentioned independent variables. The tree is presented for the 30 % testing set after the model 

70 % training set. The thickness of the branch is presenting the number of accident injuries. 

The thicker branch means that this branch has a higher number of traffic accident injuries. Each 

node has the number of injuries that it represents including both slight injuries number and the 

severe or fatal injuries number. The categories are only mentioned that are branches of the node 

which represent a different independent variable. The most important variable is the one that 

the model started with which is the user that includes driver, passenger, and the pedestrian. In 

general, and through scanning the developed tree, males have a higher number of severe or 

fatal injuries compared to females during certain conditions for drivers. Older pedestrians are 

also at great risk compared to other age groups. Passengers have higher odds of having severe 

or fatal injuries during the evening or night period compared to the morning period during 

weekends. In contrast, drivers are more likely to have severe or fatal injuries resulting from 

traffic accidents during the morning period.    

 
1 The reference for the response variable is severe or fatal injuries category. 
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Figure 1. Predictors’ classifications based on CHAID tree. 
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4. Conclusions  
 
Traffic accidents are still wide causation for fatalities around the globe. The set of alarm for 

this cause of deaths is still on due to the fact that the number of fatalities is still representing 

an enormous issue and a challenge for most governments. In Barcelona, similar to the rest of 

the world, traffic accidents are threatening lives and raising the need to lessen the number of 

both fatalities and severities. Different strategies and plans are set to meet this target; however, 

the number of deaths is exemplifying a formidable issue as each life counts, alongside the 

impact of traffic accidents in causing severe injuries and disabilities. Eventually, this study is 

conducted to attempt to specify the correlations between certain chosen classification variables 

and locate the areas of high occurrence for traffic accident severities and fatalities. The results 

of this study can be considered as an initiation for future studies that deem traffic accident 

research in Barcelona. A binary probit model is exploited for this reason to determine the 

correlation between the classification variables and the response variable. In this study, five 

different classification variables are considered including temporal factors represented by two 

risk factors, age of the injured, gender, and lastly, user type including the driver, pedestrian, 

and passenger.  

 

 The impact of the selected factors is studied by the binary probit model. The results of the 

model show that females injured have a low probability of being involved in severe or fatal 

injuries compared to males. For the temporal factors, accidents that happen on weekends, 

afternoon, or night have higher odds of having severe or fatal injuries for the involved parties. 

Injured who are 65 years or older are more engaged in severe or fatal accidents compared to 

other age categories. Pedestrians are also more implicated in severe or fatal injuries.  Following 

the results of the applied binary probit model, the results of the applied CHAID tree are 

consistent with the previous results. Driver, passenger, pedestrian are the most important 

predictors based on the applied CHAID. Older pedestrian, male drivers during the evening and 

night period are found to have a higher risk of fatal or severe injuries compared to other 

categories.  These findings can help road planners and road safety auditors to detect these 

factors that can lead to a higher risk of having severe or fatal injuries. Then, legislate rules that 

can alleviate their impact or lessen the number of this type of accidents.
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