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Abstract. Faced with the imminent high fatal cyclist-car 

accident rate in the Guadalajara Metropolitan Area in recent 

years, it is necessary to implement mechanisms to improve 

the safety of cyclist mobility. This research analyzes the 

principal factors and patterns in cyclist-car accidents at 

intersections in the Guadalajara Metropolitan Area through 

machine learning algorithms and statistical methods to 

identify risk scenarios. The data show that the most 

dangerous intersection consists of one main street and a 

street. The type of vehicle most involved in accidents with 

cyclists is public transport. Factors such as the speed limit 

can increase the risk on some roads. Furthermore, with 

relevant factors and patterns, some risk scenarios were 

identified. Also, the scenarios show different interest 

situations. Women might prefer to travel on main streets, 

public transport vehicles are hazardous in secondary streets, 

and cycling infrastructure can decrease the risk at an 

intersection. 
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1 Introduction 
 

One of the premises of a smart city is generating clean and sustainable mobility where the citizens can move 

in an agile and safe way. Cyclist mobility can be part of one solution in clean mobility improvement. However, 

according to the World Health Organization, bikers are part of the most vulnerable sector of the public road 

[1]. Therefore, bikers are likely to die or suffer serious harm to their health in a traffic accident. 

 

There are three different types of cyclist accidents. A single-bicycle accident (when a cyclist falls or crashes 

with an object) [2]. Bicycle-bicycle accidents [3], and cyclist-car accidents [4]. This work focuses on cyclist-

car accidents because those are the most reported and dangerous incidents for the cyclist’s community [4, 5]. 

In the Guadalajara Metropolitan Area (GMA), the governmental and academic authorities are working to 

transform mobility into smart and sustainable mobility. The city of Guadalajara has more than 100km of bike 

paths [6], the same growing ones. Also, the government, academia, and industry are creating mechanisms to 

incentive bicycle mobility; one of them is the IoP (Internet of People) Jalisco [7]. 
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Despite the continuous growth of cycling infrastructure in the GMA, the biker community has many fatal 

accidents yearly. The average of lost lives was 23 per year from 2009 to 2019 [8]. Furthermore, when it seemed 

that the accident rate tended to decrease, the year 2019 compared with 2018 presented an increase of 53.8% 

of deaths [9] (see Fig. 1). Years 2020 and 2021 were atypical because the Covid-19 pandemic caused a strong 

dismissal of mobility in Mexico [10].   

 

  

Fig. 1. Death of cyclists on public roads from 2009 to 2021 [8]. 

This paper reviews the cyclist-car accident literature, emphasizing the intersections of streets and entrances and 

exits of car parks and shops. Since, from different cities globally, the crossroads and intersections are the most 

frequent places for cyclist-car accidents [4, 5, 11], the main driver of this work is to find factors and patterns 

with a high impact on GMA fatal cyclist-car accidents at intersections to identify risk scenarios. For this 

research, we define scenario as a frequent combination of infrastructure, cyclist, and vehicle factors involved 

in a cyclist-car accident. Based on historical data, we propose identifying accident risk cyclist-car scenarios 

with three goals. First, to create tools for the government could identify better how to allocate their resources 

to improve the overall safety for citizens moving on bicycles. Second, provide simple but valuable information 

to citizens to increase awareness of where risk scenarios of accidents are part of their trip through a web 

platform. Third, the possibility of deciding where to place internet of things objects in dangerous crossroads to 

mitigate as accidents as possible. 

 

This work is organized in the following sections: section two mentions the risk factors for the cyclist-car 

accidents at intersections found in the literature. Section three relates the GMA problem, explains the primary 

data, and proposes an analysis with descriptive statistics, contingency tables, and clustering and classification 

machine learning algorithms to identify the most common factors and patterns in the database [8]. Also, section 

3 formulate risk scenarios by integrating relevant found factors and patterns. Section four analyses and discusses 

the important findings of the proposal. Finally, section five concludes and presents the following steps on this 

work. 

 

2 Literature Review 
 

Several factors influence the causality of cyclist-car accidents at intersections. These factors correspond to the 

infrastructure of the streets, type of vehicle involved, drivers maneuver and aptitudes, the time and weather, and 

the density of cyclists and vehicles.  

 

Some works concluded that the most dangerous drivers’ maneuver moving is when a vehicle turns right and 

impacts a cyclist who comes from the right, left, or the same direction [4, 12, 13, 14, 15]. The situation that 

creates the most conflicts is when a vehicle starts to drive after the red light, and a cyclist passes through the 
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intersection without stopping [13]. Also, when the involucre vehicle is a truck or a bus, the risk increase [11, 

13, 14, 15, 16]. Additionally, most accidents with trucks participation are in traffic lights intersections [13, 15]. 

The principal attitudes that promote an accident are breaking the traffic rules [4, 16], particularly ignoring the 

red lights and stop signs. Also, cyclists tend to invade other public road areas such as the pedestrian zone to 

prioritize crossing and avoid the red light, increasing the risk of an accident [17].  

 

The presence of cyclist infrastructure [4, 11, 2] and the distance between the vehicles and cyclists [14] decrease 

the accident risk. This situation allows drivers to see the cyclists with more time and a better angle vision [12]. 

In addition, separating too much the cycle road from the street can cause visual obstacles [13]. Another aspect 

that reduces the visual angle is the geometry of the intersection. The intersections with angle orthogonal 

(85<×<95 grades) are safer than no orthogonal intersections (0<×≤85 or 95≤×<175 grades). Thus, the visual 

angle is lower in no orthogonal intersections, and drivers and cyclists have less time to react and evict a collision 

[11]. Also, the time of the accident affects visibility; accidents at night have a significantly higher risk [11, 16].  

Speed limit and traffic flow are two variables in a constant study for traffic accidents. Cyclist-car accidents are 

not the exception; a speed limit higher than 30 km/h increases the risk [4, 18]. Furthermore, the more significant 

the traffic flow of both vehicles and cyclists increases the risk [12, 18]. 

 

Roundabouts are the intercessions with the highest risk index [18, 19, 20, 21]. That situation is explained by a 

higher concentration of conflict points [21] and a relationship with an unfavorable geometry, especially in small 

roundabouts [18, 21]. Also, the streets’ width, the importance [20], and the number of exits from a roundabout 

[21] are highly relevant to the probability that a cyclist suffers an accident with a motorized vehicle. 

 

Besides traffic density, another essential aspect in collisions between vehicles and cyclists is the density of 

cyclists on the streets. A cyclist is more likely to suffer an accident when traveling alone than in group [22]. 

 

To determine the group of relevant variables, the review works utilized techniques like frequencies analysis [4, 

12, 13, 14, 19], multivariable logistic regression [11, 15, 16, 18, 21, 23], conditional logistic regression [20], 

hierarchical regression and exploratory factor analysis with Varimax Rotation [17], and latent class and 

association rules [23]. With this, we can observe that the most common techniques to determine risk factors in 

cyclist-car accidents in this literature review are frequency analysis and logistic regression in its multiple 

modalities. 

 

It is possible to watch that in regression analysis, the target variables most used are the severity of the accident 

[11, 15, 16, 23] followed by the location [18, 20, 21], and patterns [17, 23]. In some cases, the dependent 

variable is chosen at the beginning of the study [11, 15, 18, 20, 21]. Moreover, in other cases is dieted by the 

process of the analysis [17, 23] like in this research.  

 

3 Proposal 
 

The high rate of fatal accidents with cyclists in the GMA represents a latent problem for cyclists. Of the total 

casualties, 74.1% are at intersections. Therefore, this work proposes to identify frequent risk-fatal cyclist-car 

accident scenarios from the GMA, analyzing the open database of White Bicycle organization. Section 3.1 

describes the structure of the database. Section 3.2 explains the methodology of this work; wherewith the help 

of machine learning algorithms and statistical methods, it identifies risk scenarios. Section 3.3 points out the 

intersections that fit the different fatal cyclist-car accident scenarios for a polygon of the GMA. 

 

3.1 Database description 
 

From January 2009 to January 2022, the White Bicycle organization registered 283 cyclists’ deaths in the 

Guadalajara Metropolitan Area in its open database [8]. Two hundred forty-eight records were identified as a 

cyclist-car accident, six as falls, two collisions with objects, and 27 where the cause is unknown. Of the 248 

fatal cyclist-car accidents, 59 occurred on a stretch without intersections, five times the location was not 

identified, and 184 at an intersection. For the analysis, it’s used 184 cyclist-car accidents at intersections. 
 

The Fatal cyclist-car accidents database initially contains the variables of Sex, Type of road, Age, Type of 

vehicle, and Location of the accident site. Then, to obtain the most significant number of variables found in the 
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literature review, it’s used the street view of Google maps and the map of the Moovit platform for each location. 

With these tools, the variables: Number of lanes per direction, Speed limit and Number of directions of the most 

significant road involved, and the Number of entrances and exits in each intersection were added. In addition, 

the binary variables: Presence of cycling infrastructure, Presence of public transport routes, Orthogonal 

intersection (Fig. 2 explains orthogonal intercessions), Roundabout, and Traffic light intersection were also 

added. Finally, the variable Type of road that described only one road involved in the intersection was modified 

to express two roads and was called "Type of intersection." Table 1 shows the structure of the database records. 

For the variable Type of intersection, avenues, carriageway, peripherals, and highways were classified as “Main 

street“. Also, streets were called to all those secondary access roads that do not fall into the avenues. For the 

variable Type of vehicle, the Private car class includes sedan-type cars, motorcycles, and pickups. The Truck 

class represents cargo vehicles, pipes, and trailers. Finally, the Public transport class contains the public 

transport buses and trains. On the other hand, the variable Speed limit included 30km/h, 50km/h, 60km/h, and 

80km/h classes. Still, because the classes 30km/h and 60 km/h only contained one record for each class, the 

variable Speed limit was discretized to 2 classes. 

Table 1.  Structure of database records [8] 

variable class class meaning 

Sex M Male 

F Female 

Type of vehicle Public transport Public transport 

Private car Private car 

Truck Truck 

Unidentified Unidentified 

Age 0-19 0-19 years old 

20-39 20-39 years old 

40-59 40-59 years old 

60+ 60 or more years old 

Unidentified Unidentified 

Number of lanes per direction 1c One lane 

2c Two lanes 

3c+ Three or more lanes 

Speed limit  50km/h 50 km/h 

80km/h 80 km/h 

Number of directions 1s One direction 

2s Two directions 

Number of entrances and exits 3e Three entrances and exits 

4e Four entrances and exits 

5e+ Five or more entrances and 

exits 

Cycling infrastructure Yes Yes 

No No 

Public transport routes Yes Yes 

No No 

Orthogonal intersection Yes Yes 

No No 

Roundabout  Yes Yes 

No No 

Traffic light intersection Yes Yes 

No No 

Type of intersection Main street-main street Two main streets 

Main street-street Main street and a street 

Street-street Two non-main streets 
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Fig. 2. The intersection is orthogonal when the street angle is between 85 and 95 degrees, and otherwise, the 

intersection is non-orthogonal. The left side of the figure shows orthogonal intersections, while the right side 

contains non-orthogonal intersections [11]. 

3.2 Methodology 
 

In order to identify the most common risk scenarios, the data analysis includes two main steps: find factors and 

patterns and formulate scenarios. First, to find factors and patterns, four techniques are used. A descriptive 

statistical analysis (section 3.2.1) highlights the main characteristics of fatal accidents at intersections from the 

GMA. A contingency tables analysis (section 3.2.2) analyzes the relationship between variables’ classes. A 

clustering algorithm (Section 3.2.3) identifies associations between factors. Also, a classification machine 

learning algorithm (section 3.2.4) selected the variable that can be better explained, and factors with positive 

influence for each classification are determined. 

 

Second, it is identified scenarios integrating found factors and patterns from the previous step results. Fig. 2 

shows the process of the methodology. 

 
 

  

Fig. 2. Diagram of the methodology  
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3.2.1 Descriptive statistics analysis 
 

The descriptive statistics analysis observed that 168 (91.30%) victims are male, and 16 (8.70%) are female 

[8]. This makes sense with the information presented by the Institute of Statistical and Geographical 

Information of Jalisco (IIEG for its acronym in Spanish), which mentions that for the trips of the GMA public 

bicycle sharing system MiBici (from December 2020 to December 2021), only 21.1% were made for females 

[24].  

 

In contrast to what is mentioned in [18, 19, 20, 21], roundabouts are not the most dangerous intersections 

speaking about fatal cyclist-car accidents for the GMA. Because of the 184 incidents, only 7, equivalent to 

3.80%, occurred in a roundabout. Furthermore, it was found that, in contrast to [21], increasing the number of 

entrances and exits from an intersection does not increase the risk of a fatal cyclist-car accident. The 

predominant number of entrances and exits at intersections was 4 with an occurrence of 55.98%, followed by 

3 with 40.22%, intersections with five or more entrances and exits had an event of 3.80%. 

 

On the other hand, it cannot assure that the existence of cycle lanes reduces the number of accidents, as 

mentioned in [13]. However, the records show that 92.39% of fatal accidents occurred at intersections without 

bicycle infrastructure.  

 

As mentioned in [11], fatal accidents involving public transport and trucks are more frequent than accidents 

with small vehicles for the GMA. Accidents with public transport and trucks represent 56.62%. Thus, public 

transport is the enemy number one for cyclists with 42.39% of incidents, followed by private cars with 40.76%. 

Similar to that mentioned in [20], the importance of the streets is of great impact since only 25% of the 

recorded intersections do not contain main roads. The most common intersection consists of one main street 

and a street, present in 50% of the occasions. In addition, 99.27% of the intersections with at least one main 

street have public transport routes, and 97.82% are two-way traffic. Also, the number of lanes per street 

increases according to the importance of the streets in the intersection.  

 

It is detected that cyclists between the ages of 20 and 39 are most vulnerable to fatal accidents. It seems that 

fatal accidents are caused when the motorized vehicle travels at more than 30 km/h, as mentioned [18]. For 

this study, 86.41% of the accidents occurred at intersections with a speed limit of 50 km/h and 13.56% with 

80 km/h. The classes considered as a factor with at least 85% of incidence in the total of records are:   

 

1) No, from Cycling infrastructure. 

2) Yes, from Public transport routes. 

3) No, from Roundabout.  

4) M, from Sex. 

5) 2s, from Number of directions. 

6) 50km/h, from Speed limit. 

 

3.2.2 Contingency tables analysis 
 

A relationship between two or more classes can show a causal factor in increasing or decreasing accidents. It 

used contingency tables with Standardized Pearson Residuals (SPR) to identify the events that occur greater 

or lesser than expected. Standardized Pearson Residuals are calculated for each cell of the contingency tables 

as: 

 

 
𝑆𝑃𝑅𝑖𝑗 = (𝑂𝑖𝑗 − 𝐸𝑖𝑗)/√𝐸𝑖𝑗(1 − 𝑅𝑖/𝑇)(1 − 𝐶𝑗/𝑇) 

 

 

(1) 

where: 

 

𝑆𝑃𝑅𝑖𝑗 = The Pearson residual score for the cell in the i column and j row. 

𝑂𝑖𝑗  = The observed value for the cell in the i column and j row. 



Briseño et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 13(4) 2022, 10-25. 

16 

 

𝐸𝑖𝑗  = The expected value for the cell in the i column and j row. The expected value is calculated with the 

quotient between the product of the row and column totals and the grand total. 

𝑅𝑖= The row total divided by the grand total. 

𝐶𝑗 = The row total divided by the grand total. 

T =  The grand total. 

 

SPRs have a mean of 0 and a standard deviation of 1. To select a deviation as relevant must meet two 

conditions; it has to have an SPR >=2 or SPR<=-2 and show the presence of a phenomenon. For example, 

suppose more accidents than expected are found at intersections type Main Street-main street with a speed 

limit of 80 km/h. The SPR of the cell is 3.1. Also, it is suspected that the most common speed limit is 50 km/h 

at this type of AMG intersection. In that case, the deviation is relevant because the phenomenon is that speed 

could be a risk factor, and the SRP is higher than 2.  

 

The following relevant deviations were found in the contingency table for each combination of two and three 

dependent variables Using Orange software [25]: 

 

1) 6.5 more accidents than expected were found in the type of intersection Main street-main street, where 

the arteries’ speed limit is 80 k/m.  

2) 11.9 more accidents than expected were found in intersections where one street has a speed limit of 80 

km/h and three or more lanes per direction. 

3) 5 more accidents than expected were found in intersections with 5 or more entrances and exits is a 

roundabout 

 

3.2.3 Cluster analysis 

Three groupings were made with the k-means unsupervised algorithm of the Orange software. The algorithm 

aims to find groups of records where the within-group variance is minimized and is based on the least-squares 

principle [26]. Given n observation, K number of clusters (K≤n) and C= {𝐶𝐼 ,  𝐶2, 𝐶3. . . 𝐶𝑘  } groups, the 

principle of the algorithm is: 

 

 

𝐴𝑟𝑔 𝑚𝑖𝑛 𝐶 ∑ ∑(𝑥 − 𝜇𝑖)
2

𝑥𝜖𝐶𝑖

𝐾

𝑖=1

 

 

(2) 

where: 

 

𝐴𝑟𝑔 𝑚𝑖𝑛  = minimum argument 

K = number of clusters 

C = set of clusters 

𝜇 = the mean of points in 𝐶𝑖 

It was chosen to work with 2, 3, and 4 clusters because, according to the silhouette method, the association in 

2 groups has the best scored, followed by 3 and 4 groups. Also, since the variables involved are nominal 

categorical of two, three, and four classes, it was possible to observe how they are distributed and associated 

in the centroids of the clusters. Tables 2, 3, and 4 show the frequency and centroids with variations for each 

cluster of the different grouping. To recognize an association of factors as a pattern, this association must 

show the presence of a phenomenon. Once defining an association of different classes as a pattern, it is 

corroborated that the pattern found has at least a 20% higher incidence than any other combination of classes 

of the variables involved.  

Between the centroids of clusters from the three groupings it was found the following patterns: 

 

1) Public transport, 1 line per direction, orthogonal intersection, traffic light intersection, 4 Entrances and 

exits, and type of intersection Street-street were found together in one cluster for each aggrupation. 

2) Private car, 3 or more lanes per direction, no orthogonal intersection, and type of intersection Main 

street-street were found together in one cluster for each aggrupation.  
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3) Private car, 3 or more lanes per direction, no orthogonal intersection, no traffic lights intersection, 3 

entrances and exits, and type of intersection Main street-street were found together in one cluster for 

the three and four clusters aggrupation. 

4) Public transport, 3 or more lanes per direction, traffic lights intersections, 4 entrances and exits, and 

Type of intersection Main street-main street were found together in one cluster for the three and four 

clusters aggrupation. 

Table 2. Centroids of the variables that present variation in the K-means of 2 clusters 

Attribute Cluster 0 Cluster 1 

Number of records 138 46 

Age 20-39 Unidentified 

Type of vehicle Private car Public transport 

Number of lanes per 

direction 
3c+ 1c 

Orthogonal intersection No Yes 

Traffic light intersection Yes No 

Entrances and exits  4e 4e 

Type of intersection Main street- street Street-street 

Table 3. Centroids of the variables that present variation in the K-means of 3 clusters 

Attribute Cluster 0 Cluster 1 Cluster 2 

Number of records 70 72 42 

Age 40-59 20-39 Unidentified 

Type of vehicle Private car Public transport Public transport 

Number of lanes per 

direction 
3c+ 3c+ 1c 

Orthogonal intersection No Yes Yes 

Traffic light intersection No Yes No 

Entrances and exits  3e 4e 4e 

Type of intersection Main street- street Main street-main street Street-street 

Table 4. Centroids of the variables that present variation in the K-means of 4 clusters 

Attribute Cluster 0 Cluster 1 Cluster 2 Cluster 3 

Number of records 54 31 60 39 

Age 40-59 20-39 20-39 0-19 

Type of vehicle Public transport Public transport Private car Public transport 

Number of lanes per 

direction 
2c 3c+ 3c+ 1c 

Orthogonal intersection Yes No No Yes 

Traffic light intersection Yes Yes No No 

Entrances and exits  4e 4e 3e 4e 

Type of intersection 
Main street- 

street 
Main street-main street 

Main street- 

street 
Street-street 
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3.2.4 Classification analysis 

The classification analysis used a logistic multinomial regression algorithm. The algorithm calculates the 

probability for each class of the dependent variable. The probabilities for each class are associated, which 

means that the sum of class probabilities equals 1, expressed as: 

 

 

∑ 𝑝𝑖

𝐶

𝑖=1

= 1 

 

(3) 

where: 

 

𝑝𝑖= probability of class i. 

C = classes of the dependent variable. 

Also, to calculate the probability for a class, the model implements the function: 

 

 
𝑝𝑖 =

𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐶
𝑗=1

 
 

(4) 

where: 

 

𝑧𝑖 =  𝛼𝑖1𝑥1 + 𝛼𝑖2𝑥2 + 𝛼𝑖3𝑥3+. . . 𝛼𝑖𝑛𝑥𝑛 + 𝛽𝑖  

𝑥 = independent variable. 

n = the number of independent variables. 

 

The variable with the best precision for the classification machine learning algorithm was Type of intersection 

(selected as the dependent variable). The independent variables used to build de model are the Number of lines 

per direction, Public transport routes, Speed limit, Orthogonal Intersection, Traffic light intersection, Number 

of directions, Sex, and Number of entrances and exits. These variables were selected using a backward 

stepping methodology from all the database variables. The algorithm gets a precision of 76%, an area under 

the curve of 85.5%, a recall of 76.7%, and an F1 score of 74.7%. 

 

 
Fig. 3. Classification analysis nomogram. 

 

The followings combination of factors offers a high possibility of good classification for each class of Type 

of intersection: 

 

1) For an intersection type Main street-main street, the following factors influence positively descending 
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order: 2 and 3 or more number of lines per direction, 80 km/h, two directions, 4 and 5 or more entrances 

and exits, no orthogonal intersection, traffic light intersection, Female, and public transport routes. This 

combination of factors gets at least 93% of the probability of classifying an intersection like Main street-

main street (see Fig. 3). 

2) For an intersection type Main street-Street, the following factors influence positively descending order: 

two directions, 2 and 3 or more lines per direction, public transport routes, 4 and 3 entrances and exits, 

without traffic lights, orthogonal intersection, 50 km/h, and Male. This combination of factors gets at 

least 84% of the probability of classifying an intersection like Main street-street (see Fig. 3). 

3) For an intersection type Street-street, the following factors positively influence descending order: 2 and 

1 lane per direction, one direction, 50 km/h, without public transport routes, orthogonal intersection, 

Male, without traffic lights, and 3 and 4 entrances and exits. This combination of factors gets at least 

93% the probability of classifying an intersection like Street-street (see Fig. 3). 

 

3.2.5 Formulate scenarios 
 

To take a series of factors as a scenario, first, collect all factors from each type of intersection’s classification 

and cluster analysis results. Second, it adds factors found by statistic description and corresponding 

contingency tables. It ensures that collected and added factors do not contradict each other. Suppose a factor 

found by descriptive statistics or contingency tables controvert a factor found by clustering or classification. 

In that case, the variable is removed from the scenario. This situation means that the classes of the said variable 

are distributed uniformly in that scenario and do not show a tendency. Fig. 4 shows the formulate scenarios 

process. 

 
Fig. 4. The process to define scenarios 

 

Following the formulate scenarios process, 3 principal scenarios were identified: 

 

1) For Main street-main street type of intersection, it collected the factors 2 and 3 or more number of lines 

per direction, 80 km/h, two directions, 4 and 5 or more entrances and exits, no orthogonal intersection, 

traffic light intersection, Female, and public transport routes by the classification analysis; Public 

transport, 3 or more lanes per direction, traffic lights intersections, and 4 entrances and exits by the 

pattern 4 of cluster analysis. Also, it added no Cycling infrastructure, Public transport routes, no 

Roundabout, Male, two directions, and 50km/h by statistic description and 80 km/h, 3 or more lanes 

per direction, 5 or more entrances and exits, and Roundabout by contingency tables. The variables 

Speed Limit, Roundabout, and Sex were removed from the scenario because their factors found in the 

different analyses controvert each other. Then, the scenario for the Main street-main street intersection 

contains the following factors: 2 and 3 or more lanes per direction, 2 directions, 4 and 5 or more 

entrances and exits, non-orthogonal intersection, traffic light intersection, Public transport routes, and 

No cycling infrastructure. Also, by limiting the variables Entrances and exits to 4 and Number of lanes 
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per direction to 3 or more, it’s possible to add Public transport type of vehicle to the scenario (see table 

5). 

2) For Main street-street type of intersection, it collected the factors two directions, 2 and 3 or more lines 

per direction, public transport routes, 4 and 3 entrances and exits, without traffic lights, orthogonal 

intersection, 50 km/h and Male by the classification analysis; Private car, 3 or more lanes per direction,  

and no orthogonal intersection by pattern 2 of cluster analysis; Private car, 3 or more lanes per 

direction, no orthogonal intersection, no traffic lights intersection and 3 entrances and exits by pattern 

3 of cluster analysis. Also, it added no Cycling infrastructure, Public transport routes, no Roundabout, 

Male, two directions, and 50km/h by statistic description and 80 km/h, and 3 or more lanes per direction 

by contingency tables. The variables Orthogonal intersection and Speed limit were removed from the 

scenario because their factors found in the different analyses controvert each other. Then, the scenario 

for the Main street-street intersection contains the following factors: 2 directions, 2 and 3 o more lines 

per direction, Public transport routes, 4 and 3 entrances and exits, no traffic lights intersection, Male, 

No roundabout, and No cycling infrastructure. Limiting the variables Number of lines per direction to 

3 or more, and Number of entrances and exits to 3 makes it possible to add a Private car type of vehicle 

to the scenario. 

3) For Street-street type of intersection, it collected the factors 2 and 1 lane per direction, one direction, 

50 km/h, without public transport routes, orthogonal intersection, Male, without traffic lights, and 3 

and 4 entrances and exits by the classification analysis; Public transport, 1 line per direction, 

orthogonal intersection, traffic light intersection, 4 Entrances and exits by the pattern 1 of cluster 

analysis. Also, it added no Cycling infrastructure, Public transport routes, no Roundabout, Male, two 

directions, and 50km/h by statistic description. The variables Number of directions, traffic light 

intersection, and Public transport routes were removed from the scenario because their factors found 

in the different analyses controvert each other. Then, the scenario for the Street-street intersection 

contains the following factors: 2 and 1 line per direction, 50 km/h, Male, 3 and 4 entrances and exits, 

Orthogonal intersection, No roundabout, and No cycling infrastructure. Limiting the variables Number 

of lines per direction to 1, and Number of entrances and exits to 4, it’s possible to add the Public 

transport type of vehicle to the scenario.   

Table 5. visual representation of the formulating of scenario 1 for Main street-main street type of intersection. 

      Processes 

 

variables 

Collet factors 

from 

classification 

analysis 

Collet factors 

from cluster 

analysis 

Add factors 

from descriptive 

statistic analysis 

Add factors from 

contingency table 

analysis 

Remove 

controversial 

variables 

Define 

factors as 

scenario 

Sex F - M - Sex - 

Type of vehicle - 
Public 

transport 
- - - 

Public 

transport 

Age - - - - - - 
Number of lanes 

per direction 
2c, 3c+ 3c+ - 3c+ - 2c, 3c+ 

Speed limit 80km/h - 50km/h 80km/h Speed limit - 
Number of 

directions 
2s - 2s - - 2s 

Number of 

entrances and 

exits 
4e, 5e+ 4e - 5e+ - 4e, 5e 

Cycling 

infrastructure 
- - No - - No 

Public transport 

routes 
yes - yes - - Yes 

Orthogonal 

intersection 
No - - - - No 

Roundabout - - No Yes Roundabout - 
Traffic light 

intersection 
Yes Yes - - - Yes 
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Table 6. visual representation of the formulating of scenario 2 for Main street-street type of intersection. 

      Processes 

 

variables 

Collet factors 

from 

classification 

analysis 

Collet factors 

from cluster 

analysis 

Add factors 

from 

descriptive 

statistic analysis 

Add factors 

from 

contingency 

table analysis 

Remove 

controversial 

variables 

Define factors 

as scenario 

Sex M - M - - M 

Type of vehicle - Private car - - - Private car 

Age - - - - - - 

Number of 

lanes per 

direction 

2c, 3c+ 3c+ - 3c+ - 2c, 3c+ 

Speed limit 50km/h - 50km/h 80km/h Speed limit - 

Number of 

directions 
2s - 2s - - 2s 

Number of 

entrances and 

exits 

3e, 4e 3e - - - 3e, 4e 

Cycling 

infrastructure 
- - No - - No 

Public 

transport 

routes 

yes - yes - - Yes 

Orthogonal 

intersection 
Yes No - - 

Orthogonal 

intersection 
- 

Roundabout - - No - - No 

Traffic light 

intersection 
No No - - - No 

Table 7. visual representation of the formulating of scenario 3 for Street-street type of intersection. 

      Processes 

 

variables 

Collet factors 

from 

classification 

analysis 

Collet factors 

from cluster 

analysis 

Add factors 

from 

descriptive 

statistic analysis 

Add factors 

from 

contingency 

table analysis 

Remove 

controversial 

variables 

Define factors 

as scenario 

Sex M - M - - M 

Type of vehicle - 
Public 

transport 
- - - Public transport 

Age - - - - - - 

Number of 

lanes per 

direction 

1c, 2c 1c - - - 1c, 2c 

Speed limit 50km/h - 50km/h - - 50km/h 

Number of 

directions 
1s - 2s - 

Number of 

directions 
- 

Number of 

entrances and 

exits 

3e, 4e 4e - - - 3e, 4e 

Cycling 

infrastructure 
- - No - - No 

Public 

transport 

routes 

No - yes - 
Public transport 

routes 
- 

Orthogonal 

intersection 
Yes Yes - - - Yes 

Roundabout - - No - - No 

Traffic light 

intersection 
No Yes - - 

Traffic light 

intersection 
- 
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3.3 Identification of intersections with risk of fatal cyclist-car accident 
 

The infrastructure and public transport routes variables corresponding to each accident scenario were 

interpolated at 750 intersections of a polygon from the GMA to identify the points where a fatal accident could 

occur. The interpolation identified two intersections for scenario 1 (Main street-main street), 28 intersections 

for scenario 2 (Main street-street), and 45 for scenario 3 (Street-street). Fig. 5 shows the spatial distribution of 

the points identified using QGIS software. 

 

 
 

Fig. 5. Identification of possible fatal cyclist-car accident scenarios in a Polygon of the GMA. 

 

4 Results and Discussion 
 

Based on the descriptive statistics analysis, the analysis with contingency tables, the cluster analysis, and the 

classification analysis, the following relevant results are discussed:  

The descriptive statistics analysis shows that the most frequent type of intersection in fatal cyclist car accidents 

is formed by one main street and a street. Also, enemy number one of the cyclist is the buses and trains. The 

relevant situation since the number of public transport vehicles that travel in the GMA is lower than that of 

private vehicles. Yet they have a greater number of incidents in accidents [27]. 

 

In contingency table analysis, It is observed that speed can trigger the risk of suffering a fatal accident at the 

main streets of 3 or more lines per direction. In addition, although in the review of the literature some works 

[18][21] indicated that small roundabouts are the most dangerous, due to the number of entrances and exits (5 

or more) in intersections with a history of fatal accidents for the GMA indicates that the roundabouts involved 

are large. 

 

By the clustering analysis, in pattern 1, Public transport is the only type of vehicle associated with 

intersections type Street-street and one lane per direction. In patterns 1 and 4, Public transport is associated 

with 4 entrances and exits and traffic lights intersection. The latter could indicate that buses are the ones that 
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least respect traffic lights. On the other hand, in patterns 2 and 3, Private car is related to non-orthogonal, 

Main street-street intersection where at least a road has 3 or more lanes per direction. 

 

Unlike the clustering analysis, the classification analysis did not consider the Type of vehicle as a predictor 

variable. However, it does consider factors of variables such as Sex, Speed limit, and the presence of public 

transport routes that are not explained in the cluster analysis, which shows a clearer trend of what kind of 

intersection we could find these factors. 

 

Finally, the following findings are discussed for each of the 3 scenarios identified with the results of the four 

analyst techniques used: 

 

1) The scenario for the Main street-main street intersection does not define the sex involucrate, considering 

that males are present in 91.30% of casualties, which can mean that women prefer to travel on main 

streets. Also, by the relation found between 5 or more entrances and exits and roundabouts, the major 

concentration of roundabouts is in Main Street-Main street intersections. On the other hand, the speed 

limit is not defined. That means this type of intersection has a significant concentration of records with 

a speed limit of 80 km/h, even though the most common speed limit is 50 km/h with an incidence of 

86.41%.  

2) In the Main street-street intersection scenario, the variable Orthogonal intersection is not defined, which 

means this variable is distributed uniformly in Main street-street intersections. Also, similar to Main 

street-main street type of intersections the speed limit is not defined. That means this type of intersection 

has a significant concentration of records with a speed limit of 80 km/h. 

3) The scenario for the Street-street intersection does not define the variable Number of directions, 

considering that 86.41% of casualties are two directions, which means this scenario presents the mayor’s 

concentration of intersections with one direction. Also, the scenario does not define de variable Public 

transport routes. Considering that 92.39% of records occurred in streets with transport routes, this 

scenario contemplates the major concentration of causalities in streets without transport routes.  In this 

scenario, where intersections have 4 entrances and exits and one line per direction, the Public transport 

type of vehicle is defined even though the factor of public transport routes is not. That situation could 

indicate that buses are the most dangerous vehicle on small secondary streets with public transport 

routes.  Finally, the scenario does not define the variable traffic light intersection, which it is distributed 

uniformly.  

 

The variable Age is not present in the scenarios because it has a considerable dispersion for each type of 

intersection. Class No of the variable cyclist infrastructure is the only constant in the scenarios. It can mean 

that bicycle facilities decrease the risk of fatal cyclist-car accidents at an intersection. 

 

In identifying risk intersections,  Of the 75 intersections indicated, 45 correspond to street-street intersections 

and only two to Main street-main street intersections. Two reasons could explain this phenomenon: one, in 

the selected polygon, many main streets have cycling infrastructure, which reduces the risk of these streets, 

and second, there are more Street-street intersections than Main street-main street and Main street-street in 

the city.  

 

Probably for the intersections found in the polygon studied, the incorporation of cycling infrastructure could 

improve cycling safety. However, other strategies must be taken in the streets where it is impossible to 

incorporate bike lines. Some of which may be to define speed limits or priority signaling. 

 

Other works use analysis of frequencies [4, 28] and clustering of unsupervised machine learning techniques 

[29] for formulating accident scenarios. These techniques efficiently identify frequent events but don't clearly 

show events that appear little in the dataset but show an essential aspect for a scenario. The methodology of 

this work analyzes frequencies and clusters but also adds methods such as contingency tables and multinomial 

logistic regression allowing for identifying events of risk that do not frequently appear in the dataset. For 

example, thanks to these tools were possible to watch the interaction of the woman and roundabouts in 

scenario 1 for Main street-main street intersections and the speed limit in scenarios 1 and 2 for Main street-

main street and Main street-street intersections. 
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5 Concluding Remarks and Future Work 
 
This article described the interaction of infrastructure, vehicle, and bicyclist factors involved in fatal accidents 

occurring at an intersection of the GMA. Likewise, in this work's most important findings, the Type of 

intersection with the highest risk of a fatal accident is formed by one main street and a street. Public transport 

is the vehicle most involved in fatal accidents with cyclists. Roads with a higher speed limit can increase the 

risk of a cyclist-car fatal accident at intersections type Main street-main street, and intersections where at least 

one road has three or more lanes per direction. Also, the following scenarios were identified: in Main-street-

main street type of intersection, 2 and 3 or more lanes per direction, 2 directions, 4 and 5 or more entrances 

and exits, non-orthogonal intersection, traffic light intersection, Public transport routes, and No cycling 

infrastructure form a scenario; For Main-street-street type of intersection, 2 directions, 2 and 3 o more lines 

per direction, Public transport routes, 4 and 3 entrances and exits, no traffic lights intersection, Male, No 

roundabout, and No cycling infrastructure factors form a scenario; in Street-street type of intersection, 2 and 

1 line per direction, 50 km/h, Male, 3 and 4 entrances and exits, Orthogonal intersection, No roundabout, and 

No cycling infrastructure factors form a scenario. Studying the scenarios and their variations in depth shows 

that women might prefer to travel on main streets, the Public transport vehicles are hazardous in secondary 

streets, and bicycle facilities can reduce the risk at an intersection. 

 

Knowing these scenarios will make it possible to detect the conflict points that can lead to a fatal accident 

between a cyclist and motor vehicles in the intersections of the GMA. Thus, making public this information, 

the government can decide better, for example, where to build bicycle infrastructure and where to place bicycle 

sharing program stations. The citizens could plan their trips to avoid conflict points. In academics, researchers 

can create internet of things devices that alert drivers in a dangerous situation. In fact, with the interpolation 

of the scenarios, it was possible to identify 75 of 750 intersections of a polygon from the GMA where a fatal 

accident scenario could occur. 

 

Also, identifying fatal cyclist-car accidents scenarios at intersections is important because, in future work, the 

intention is to predict causalities and classify the intersections of a polygon in the GMA based on the risk of 

suffering a fatal cyclist-car accident. This proposal makes it necessary to take aleatory samples of intersections 

with no accident history like in [18] that match the scenarios found in this work. Furthermore, for the following 

steps of this research, it pretends to add variables such as the traffic index and the flow of cyclists that have 

been predictors for cyclist-car accidents in other studies [4, 18, 30]. 
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