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ABSTRACT: The main focus of this study was to investigate self-reported road traffic
crashes (RTC) among drivers from Loja, Ecuador, and to illustrate the applicability
of multiple correspondence analysis (MCA) in detecting and representing typologies
of individuals who have experienced an RTC as well as the typology of RTC events,
upon information collected through a web-based survey carried in 2021. Overall, 754
drivers were investigated, and we estimated a life prevalence (LP) of RTC of 41.5%
(95% CI 36.9 to 46.2). The typology of drivers who reported involvement in an RTC is
characterized by a predominance of people between 25 to 40 years of age, who drive
mainly cars and frequently experience distraction and use of a mobile phone when
driving. Additionally, MCA indicated two distinctive typologies of RTC events. One
is characterized by vehicle-to-vehicle collisions, due to behavioral factors, occurring
at low-speed limit roads during the afternoon. The second one is characterized by
collision with fixed objects or animals occurring at average-speed limit roads during the
evening and late evening. Our study revealed major determinants of RTC are modifiable
behavioral factors and that MCA is both a valid exploratory tool to identify individual and
event typologies of under at most risk to suffer an RTC and a feasible technique to be
implemented in low-income countries such as Ecuador.

RESUMEN: El objetivo del estudio fue investigar los accidentes de tránsito (AT)
auto-reportados en una muestra de conductores de Loja Ecuador e ilustrar la
aplicabilidad del análisis de correspondencia múltiple (ACM) en la detección y
representación de las tipologías de individuos que han experimentado un AT, así como
la tipología de dichos eventos, a través de la realización de una encuesta online en el
2021. Se investigaron 754 conductores, estimándose una prevalencia de vida de AT del
41.5% (IC 95%: 36.9-46.2). La tipología de conductores que reportan haber participado
en un AT se caracteriza por un predominio de personas de 25 a 40 años de edad, que
conducen principalmente coches y que experimentan con frecuencia distracción y uso de
teléfonos móvil mientras conducen. El ACM indicó dos tipologías distintivas de AT. Una
se caracteriza por colisión vehículo-vehículo, causada por factores de comportamiento, y
que se produce en carreteras con límites de velocidad bajos durante la tarde. La segunda
se caracteriza por la colisión vehículo-entorno, producido en carreteras de límite de
velocidad intermedios durante la noche.

Nuestro estudio sugiere que los principales determinantes
de AT son factores de comportamiento modificables y
que el ACM es una herramienta exploratoria válida para
identificar las tipologías de las personas con mayor
riesgo de sufrir un AT, así como una técnica factible de
implementar en países de bajos ingresos como Ecuador.
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1. Introduction

Road traffic accidents (RTA) represent one of the most
important health and social policy issues around the
world. Approximately 1.35 million people die annually due
to RTA, and between 20 and 50 million people are seriously
injured, requiring costly and long-term treatment [1].
WHO predicts RTA will be the fifth leading cause of
death worldwide in all age intervals by 2030. RTA also
causes enormous social and economic losses, absorbing
between 1% and 3% of the gross domestic product of most
countries. Moreover, about 93% of road traffic fatalities
(RTF) occurred in low andmiddle-income countries, where
reported road traffic mortality rates are three times higher
compared to high-income countries [1].

According to the WHO, more than 100,000 deaths occur
in Latin America every year, and approximately more
than 5 million people are injured due to traffic accidents.
Multiple studies have shown a significant increase in
traffic accidents in the region. A study that explored the
epidemiology of traffic accidents in Medellin, Colombia,
evidenced that between 2010-2015 an average of 45,000
accidents per year were reported, approximately 135
accidents per day, with 50% of the accidents associated
with injuries, and that the number of unreported accidents
maybe even 4 times higher than the official Figures [2].

Evidence from road safety research is very limited in
America Latina. Although there are official accident
Figures available for most countries in the region,
regulatory institutions usually do not delve into the
information and generally only carry out descriptive
analysis [1, 3, 4]. Also, in many Latin-American countries,
there may be a serious underreporting of RTA [1, 5].
Indeed, many RTA are excluded from or not captured by
official surveillance systems, especially when, during the
event, the persons involved did not suffer any injury or
only mild injures, or when they did not have the resources
to receive private medical care or had limited access to
public health care [6, 7]. Furthermore, published research
findings, within the field of road safety, are available
mostly from gray literature (project reports, academic
thesis, and papers published in non-peer-reviewed
journals). Very few studies from the region are published
in peer-review journals [1, 4], and there is a lack of
studies focused on identifying traffic accident typologies
in Latin America. This type of information is relevant to
designing, implementing, and evaluating community and
country-level interventions.

Over the years, researchers have used a wide range
of methodological tools to assess RTA occurrence and
risk factors [8]. Most frequently, regression techniques
like linear, multi-linear, logit, and Poisson regression

have been used for statistical modeling [9]. Recent
methodological advances have enabled the development
of more sophisticated models [10]. The feasibility of
applying these approaches for RTA research in Latin
American countries and the validity of their results are
limited or affected by several factors such as deficiencies
of the existing registry and data collection systems at
local and national levels, nature and characteristics of
measured variables, research infrastructure, and funding,
and lack of trained personnel [6, 11, 12]. Therefore, there
is a need to identify statistical tools and technics that
are both valid and feasible to be implemented in low
resource settings, focusing not only on assessing RTA
occurrence and risk factors but on identifying individual
typologies of those at most risk of suffering an RTC.
Previous studies from Latin America have proved the value
of using exploratory tools to investigate RTA patterns;
For instance, a study carried out in Medellin, Colombia,
implemented a geographical approach to perform spatial
and exploratory analysis to identify RTC patterns based
upon a K-means clustering model [13].

Over the years, one of the techniques that have proved to be
useful in identifying RTC patterns and typologies in several
regions of the world is the multiple correspondence
analysis (MCA) [14, 15]. MCA is a statistical visualization
method for picturing the association between the levels
of categorical variables (CVs). Specifically, MCA is used
to analyze multiway data, contributing to detecting and
representing underlying structures in a data set. In social
sciences [16], marketing [17], economy [18], and health
sciences [19], MCA has been used to detect individual and
event profiles or typologies, alone or in combination with
another technic such as hierarchical clustering. Several
studies on road safety have highlighted the value of MCA
in studying persons and events (accidents) typologies
[14, 15]. Some of the advantages of MCA that make it
suitable for RTA research in low resource settings are the
following: 1) it is specifically designed to deal with nominal
or ordinal categorical data, the type of information usually
collected in community-based surveys; 2) the availability of
several low-cost or even free licensed statistical software
that allows its application, and 3) the MCA low learning
curve. Moreover, from the statistical point of view, MCA
represents an unsupervised (driven by data) approach
relatively free from assumptions, and it may represent
linear and non-linear relationships equally well [20].

Toward addressing the aforementioned issues, we
investigated self-reported RTA and associated factors
among drivers from Ecuador, where RTA represents the
sixth leading cause of death (Between 2008 and 2019,
327,154 traffic accidents were registered in Ecuador,
causing 242,767 injuries and 25,133 deaths). WHO
estimates RTF rate for Ecuador (21.3 deaths per 100,000
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inhabitants) is significantly higher than the overall rate
estimated for Latin America (15.6 deaths per 100,000
inhabitants) [1]. We selected as a case study the city of
Loja, capital of Loja province, located in southern Ecuador,
and conducted a web-based survey aimed to estimate the
proportion of drivers who have been involved in a traffic
accident at least once at any time in life (accident rate)
and to explore the typology of both the people involved in
the accidents and the events through MCA. Additionally,
we studied selected relevant factors that may significantly
increase the risk of being involved in a traffic accident.

2. Method

2.1 Study design, setting, and source
population

We carried out a descriptive cross-sectional study by
implementing a web-based survey on self-reported traffic
accidents among people with a valid driver’s license, from
the city of Loja, the most populated and largest city of the
province of Loja, with an estimated population of 181,000
inhabitants [21] and 745,93 km of road infrastructure [22].
According to data provided by authorities of the National
Transit Agency (ANT in Spanish) in Loja, the current
number of people residing in the city with a valid driving
license is 95,973 [23].

2.2 Sample size and participant enrollment

The required number of respondents was established by
multiplying the sample size needed under simple random
sampling by a design effect factor of 2, for prevalence
estimate since there is evidence that for studies using
respondent-driven sampling or snowball sampling, a
sample size twice as large as would be needed under
simple random sampling, would approximate an unbiased
prevalence estimate [24]. The study sample size was
calculated using the following equation 2.2 for estimating
a population proportion, with a finite population correction.

n =
N × (Zα)2 × p× (1− p)

d2 × (N − 1) + (Zα)2 × p× (1− p)
(1)

The survey’s margin of error (d) and confidence level
(Zα) were set at 0.05 and 95% (Zα = 1.96), respectively.
The expected proportion of the event of interest (p),
corresponding to the expected life prevalence of RTC
was set at 0.35 based on previous reports for a similar
population [1, 25, 26]. After applying a design effect of
2, a sample size of 696 was obtained as the minimum
number of individuals required to estimate the prevalence
of self-reported RTC. All calculations were done using the
sample size calculator for population surveys contained
within the module STATCAL of the software Epi Info™

7.2.5.0.[27] StatCalc algorithms and formulas were
provided by www.OpenEpi.com [28].

Potential subjects were identified and invited to participate
by non-probability virtual snowball sampling [29, 30], a
sampling method frequently applied for online surveys
through social networks (Facebook, WhatsApp, Instagram,
LinkedIn), which consisted of inviting a core group of
participants, whom then invited another second-level
core of individual and then each member of the second
level invited another core group until the required number
of positive responses was reached. This procedure was
carried out through a specific invitation algorithm for
social networks known as online advertising directed to
an interest group (online targeted advertising) by using
Facebook’s advertising ads and Google Ads, a method
described elsewhere [31–33].

Everyone who met the following criteria was invited
to participate in the study: 1) age ≥ 16 years; 2) regularly
residing in the city of Loja; 3) having a valid driver’s
license issued by the ANT; 4) having access to the internet
services; and 5) participating in a web-based social
network (Facebook, WhatsApp, Instagram, LinkedIn).
Overall, 83 questionnaires were excluded (21 did not
reside in the city of Loja, 43 did not fully complete it
and 19 reported not having a currently valid driving
license) and 754 respondents completed the questionnaire
satisfactorily.

The sex and age distribution of the study sample were
compared to demographic information reported by the
National Transit Agency (ANT) in Loja. This comparison
suggested that the sample was representative of the
population of drivers from Loja concerning age and sex
distribution.

2.3 Data collection method and
questionnaire

Data collection was conducted from April to June 2021.
Subjects were asked to answer in a single occasion an
online self-administered questionnaire, which was made
available on Google Forms and distributed through popular
online social networks (Facebook, WhatsApp, Instagram,
LinkedIn), following procedures, previously described.

A structured 15-items questionnaire was constructed
based on the literature review as well as on selected
questions adapted from The Road Risk Perception
Survey in the City of Bogotá carried out in 2019 [34]
and from the E-Survey of Road Users Attitudes (ESRA
2018) [35]. The questionnaire addressed questions about
respondent involvement in traffic accidents, demographic
characteristics, driving habits, self-perception of roads
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infrastructure conditions, event-related characteristics,
and perception of causal factors of the accident.

Once respondents completed the questionnaire,
information was exported in real-time to a database
in a csv file in the cloud and stored in a Google Drive
account for further processing.

2.4 Study variables

Self-reported participation or involvement in RTC at least
once at any time in life (yes/no) was considered the primary
outcome variable, regardless of the type of participation
during the event (driver, passenger, or pedestrian). Based
on this variable, we determined the lifetime prevalence of
RTC (accident rate), which corresponds to the proportion
of a population that, at some point in their life, has
experienced a particular life event, risk factor, or disease
[1, 36].

The secondary outcome variable was the type of accident
(Table 1). Major categories of types of accidents were
extracted and adapted from the glossary for transport
statistics developed by the United Nations Economic
Commission for Europe (UNECE), the International
Transport Forum (ITF) and the Statistical Office of the
European Union (Eurostat) [36].

Three groups of exposure (independent) variables or
factors potentially associated with the occurrence of RTC
were investigated in all respondents: 1) sociodemographic
characteristics; 2) driving habits (behavioral factors), and
3) perception of road infrastructure conditions.

Those respondents who reported participation or
involvement in RTC provided information on circumstantial
or event-related factors. When respondents sufferedmore
than one accident, they were asked to provide information
only regarding the most recent accident or event (Table 1).

2.5 Statistical analysis

All statistical analyses were carried out with IBM®
SPSS® Statistics version 25. Descriptive statistics,
including frequencies and proportions, were used to
summarize the data. The lifetime prevalence (LP) of RTC
and its respective 95% confidence interval (CI), were also
estimated. We explored potential relationships between
multiple categorical variables through MCA, to identify
a typical person who would likely be involved in RTC at
least once in life and a typical road traffic crash. MCA
is used to represent and model data sets as ”clouds” of
points in multidimensional Euclidean space by locating
each variable, category, or unit of analysis as a point in

a low-dimensional space (MCA plot) [20]. The results
are interpreted based on the relative positions of the
points and their distribution along the dimensions. Points
(categories) that are close to the mean are plotted near
the MCA plot’s origin, and those that are more distant are
plotted farther away. Categories with a similar distribution
are near one another on the map as groups, while those
with different distributions stay farther apart [20, 37]. In a
two-dimensional graphical display of the data, categories
sharing similar characteristics are located close together,
forming point clouds. In other words, points located in the
same direction of the origin and the same region of the
space present more chances of being associated with each
other [20]. A detailed discussion of principles, concepts,
and procedures are published elsewhere [20, 37, 38].
Here we performed two MCA, one to explore the typology
(profile) of people who have suffered an RTC, including
in the analysis all respondents (n=754) (MAC1), and
another one to explore the typology of RTC (based on event
characteristic) including in the analysis only those who
reported involvement in an RTC (n=313) (MCA2). For MCA1,
the following variables were included as active variables
in the MCA: 1) Participation in a RTC 2) age; 3) gender; 4)
principal mean of transportation; 5) habit of speeding; 6)
alcohol consumption; 7) frequent sensation of distraction
when driving; 8) frequent sensation of urgency when
driving; 9) frequent use of the mobile phone when driving;
9) lack of use of seat belts and other safety restraints,
and 10) perception of road infrastructure condition at
the municipality. For MCA2, the following variables were
included as active variables:1) type of RTC; 2) Location of
the accident (according to the road speed limit), 3) time of
the accident; and 4) aggregated (grouped) categories of
reported RTC causal factors. No supplementary variables
were included as part of the MCA, neither for MCA1 nor
MCA2.

In both MCA1 and MCA2, all variables have multiple
nominal scaling levels, and we used variable principal
as the normalization method and grouping as the
discretization method. The discretization option
automatically categorizes a fractional-valued variable by
grouping its values into categories with a close-to-normal
distribution. For MCA1 and MCA2, the first solution
included the maximum number of possible MCA
dimensions, calculated from the difference between
the sum of variables categories and the number of
variables. For MCA1 it corresponds to 27 minus 12, to yield
15 MCA dimensions. For MCA2 it corresponds to 16 minus
4, to yield 12MCA dimensions [39]. To define the number of
dimensions to retain, the following criteria/considerations
were employed: 1) scree test; 2) eigenvalue (inclusion of
MCA dimensions with inertia above 0.2); and 4) although
no defined number of dimensions is firmly established,
some authors recommend two-dimensional pictures of
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Table 1 List of variables and corresponding categories

Sociodemographic
1. Age
2. Sex
Mean of transportation
1. Principal means of transportation (walking, public transportation, bicycle, motorcycle, and car)
Driving habits (behavioral factors)
1. Speeding or habit of driving a vehicle at high speed or over the speed limit (yes/no)
2. Alcohol consumption ever (report of consumption of alcohol at least once a week for a certain period,
regardless of the moment, past or present, or duration of the consumption period)
3. Frequent sensation of distraction when driving (yes/no)
4. Frequent sensation of urgency (need to reach a destination rapidly) when driving (yes/no)
5. Frequent use of the mobile phone when driving (yes/no)
6. Frequent lack of use of seat belts and other safety restraints (yes/no)
Perception of road infrastructure
1. Condition of road infrastructure perceived by the respondent (adequate/poor or bad)
Participation in a road traffic crash (RTC)
1. Self-reported participation or involvement in a road traffic crash, at least once at any time in life
(at least once / never)
Circumstantial or event-related factors1

1. Type of accident (expressed into five categories: 1) collision between vehicles [or vehicle-to
vehicle collision]; 2) collision between a vehicle and physical surrounding [or collision with fixed
objects or animals]; 3) run-over accident; 4) vehicle rollover; and 5) others.
2. Time or moment of occurrence (Morning [06:00 / 11:59], afternoon [12:00 / 17:59], evening and late
evening [18:00 / 23:59], late night and early morning [00:00 / 05:59]
3. Type of road (High-speed limit road [> 90 km / h], average-speed limit road [from 50 km / h to 90 km
/ h] and low-speed limit road [up to 50 km / h])
4. Aggregated (grouped) categories of perception of RTC causal factors
• Causes by behavioral factors (BF)
• Causes by the perceived condition of road infrastructure (CRI)
• Combination of BF and CRI
• Other causes
5. Perception of main RTC causal factor
• Distractions (yes/no)
• Speeding (yes/no)
• Ignoring or disregarding traffic Signs (yes/no)
• Consumption of alcohol and/or drugs (yes/no)
• Bad road conditions (yes/no)
• Inadequate road and highway facilities (yes/no)
• Presence of road obstacles (yes/no)
• Absence or deficiency of road lighting (yes/no)
• Inadequate road design (yes/no)
• Absence or inadequate pedestrian sidewalk (yes/no)
• Others (yes/no)
6. Cause of distraction
• Confusion (yes/no)
• External environment (yes/no)
• Cell phone (yes/no)
• Music (yes/no)
• Fatigue (yes/no)
• Others (yes/no)
• Not remember
1Corresponds to the latest event or RTC reported.

data (which facilitates and allows for data interpretation).
Based on these criteria, we obtained a second solution
with just two dimensions for both MCA1 and MCA2. We
report model summary and discrimination measures for

each MCA with a two-dimension solution. The results are
illustrated through two plots: 1) discrimination measures
plots that represent the proportion of the variance that
is explained by the variable in each dimension, reflecting
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Figure 1 Lifetime prevalence of self-reported road traffic
crashes among drivers from Loja, Ecuador.

how much each variable discriminates in each dimension,
indicating thus the importance of variables for each of the
dimensions; and 2) joint category plots, to represent the
position of variable categories with respect to the point
of origin and the axes of the coordinate plane, here the
distance between the categories suggest the presence or
absence of association between the categories.

We additionally explored factors that may be associated
with the lifetime prevalence of Self-reported RTC among
drivers through bivariate and multivariate binary logistic
regression to further evaluate the consistency of MCA
findings. The Chi-square test was used to assess
statistical significance for all potential predictors. Next,
we performed a binary logistic regression analysis to
estimate unadjusted odds ratios (OR) for all variables,
including in the model one variable at a time. Then we
estimated adjusted OR, introducing all variables in the
model, simultaneously (enter method). We reported p
values (based on the Wald test) and 95% CI for all OR.
Assumption and procedures for binary logistic regression
are described elsewhere [40, 41].

3. Results

3.1 Lifetime prevalence of self-reported RTC

A total of 754 drivers with a valid license from the city of
Loja agreed to participate in the study and satisfactorily
completed the questionnaire. Overall, 313 respondents
reported participation or involvement in an RTC at least
once at any time in life, corresponding to a lifetime
prevalence of self-reported RTC of 41.5% (95% CI 36.9 to
46.2) (Figure 1).

3.2 Typology (profile) of people who have
suffered an RTC (MCA1)

Table 2 summarizes the frequency distributions of selected
variables (demographic characteristics, principal means
of transportation, driving habits, and perceived condition
of road infrastructure) that are included in the MCA1
model aimed at identifying the typology of people who
have suffered an RTC among drivers from Loja, Ecuador.
Participation of both women (51.5%) and men (48.5%)
were similar. Most of the participants belonged to 25 to 60
years (72%). Principal means of transportation were car
(69%), public transportation (17.1%), and walking (8,6%).
A considerable proportion of drivers reported risky habits
such as driving above the speed limit (39.4%), distraction
when driving (27.7%), urgency (19.1%), use of the mobile
(11.3%), consumption of alcohol (7.6%) and lack of use of
safety restraints (5.6%). Also, most of the respondents
considered road conditions in Loja are deficient (70.6%).
The joint plot of category points of MCA1 suggests the
presence of 4 category clouds (Figure 2):

• The First cloud corresponds to the association of
the following categories: Experience an RTC at least
once, 25 to 40 years of age, frequent sensation of
distraction when driving (yes), frequent use of the
mobile phone when driving (yes), car as the principal
mean of transportation, and perceived condition of
road infrastructure as poor.

• The Second cloud corresponds to the association
of the following categories: male sex, the habit of
driving a vehicle at high speed or over the speed limit
(yes), alcohol consumption ever (yes), and frequent
sensation of urgency when driving (yes).

• The Third cloud corresponds to the association of the
following categories: never experience an RTC, 16 to
24 and > 60 years of age, no frequent sensation of
distraction when driving (yes), walking as In Table 3,
we present variables included in the model, model
summary and discrimination measures of the MCA
carried out to identify a typology of people who
have suffered a RTC, at least once, at any time in
the principal mean of transportation, and perceived
condition of road infrastructure as adequate.

• The Fourth cloud corresponds to the association of
the following categories: female sex, no habit of
driving a vehicle at high speed or above the speed
limit, and no frequent sensation of urgency when
driving.

In Table 3, we present variables included in the model,
model summary and discrimination measures of the
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Table 2 Frequency distributions1 of selected variables that are included in theMCA12 model.

Variable Category n % Variable Category n %
Age > 60 y 18 2.4 Driving habits Speeding3 297 39.4

41-60 y 252 33.4 Alcoholconsumption4 57 7.6
25-40 y 288 38.2 Distraction5 209 27.7
16-24 y 196 26 Urgency6 144 19.1

Sex Male 366 48.5 Use of mobile phone7 85 11.3
Female 388 51.5 Lack of safety restraints8 42 5.6

Principal Car 521 69.1 PCRI9 Poor 532 70.6
means of Motorcycle 21 2.8 Adequate 222 29.4
transportation Bicycle 18 2.4

Public transportation 129 17.1
Walking 65 8.6

1Frequencies are based on information provided by all surveyed drivers from Loja Ecuador (n = 754).
2The multiple correspondence analysis 1 (MCA1) aimed at identifying the typology of people who have suffered a road traffic crash (RTC).
3Habit of driving a vehicle at high speed or above the speed limit.
4Report of consuming alcohol at least once a week for a certain period, regardless of the moment, past or present, or duration of the
consumption period (consumption ever).
5Frequent sensation of distraction when driving.
6Frequent sensation of urgency when driving (need to reach a destination rapidly).
7Frequent use of the mobile phone when driving.
8Lack of use of seat belts and other safety restraints.
9Perceived condition of road infrastructure (PCRI) at the municipality, referred by the respondent.

MCA carried out to identify a typology of people who have
suffered a RTC, at least once, at any time in life (MCA1).
In MCA1, we included information from all respondents
(n = 754). The total inertia of our model was 33.6%,
the first dimension explained 20.7% of the variance, and
the second dimension was 12.9%. The ACM revealed
an average Cronbach’s alpha coefficient for the model
of 0.505. Cronbach’s alpha for the first and second
dimensions were 0.616 and 0.327, respectively. Based
upon eigenvalues, the variables that best discriminate
dimension 1 are: 1) self-reported RTC (0.254); 2) sex
(0.279); 3) speeding (0.626) and 4) frequent sensation of
urgency when driving (0.383). The variables that best
discriminate dimension 2 are: 1) age (0.335); 2) principal
means of transportation (0.334); and 3) lack of use of seat
belts and other safety restraints (0.127).

We can observe in the discrimination measures plot,
that the variable representing RTC occurrence is close
to the following variables: alcohol consumption, use of
mobile phone, speeding, frequent sensation of urgency,
and distraction (Figure 3).

3.3 Typology of RTC (based on event
characteristics)

Table 4 shows RTC or event-related characteristics
referred by those reported having been involved in an
RTC (n = 313). Type of accident, time of occurrence,
location, and cause category of RTC were included in
the MCA2 to explore the typology of RTC (based on

event characteristics) among drivers from Loja, Ecuador.
Collision vehicle-to-vehicle (71.6%) and collision with
fixed objects or animals (20.8%) were the most common
type of RTC. The most frequent places and times of
event occurrence were low-speed limit roads (59.7%) and
afternoon hours (39.9%), respectively.

Additionally, we summarize in table 4 specific causes
of RTC and causes of distraction, reported by the
drivers. However, these variables were not included
in the MCA2 analysis. The most common causes of
accidents were distractions (42.5%), ignoring traffic signs
(26.5%), speeding (20.4%), and consumption of alcohol
or drugs (15%). Likewise, in relation to ”reason for
distraction” section, respondents indicated confusion
(73.7%), external environment (44.4%), mobile phone
(25.6%), music (12.8%) and fatigue (9.0%), as the most
frequent ones. The joint plot of category points suggests
the presence of 2 distinctive category clouds (Figure
4). The first cloud suggests an association between
the following categories: collision vehicle-vehicle as
the type of RTC, behavioral factors as the group of
causes of RTC, low-speed limit roads as the location of
occurrence, and afternoon as the moment of occurrence.
The second cloud indicates an association between
the following categories: collision with fixed objects or
animals as the type of RTC, average-speed limit roads
as the location of occurrence, and evening/late evening
as the moment of occurrence (Figure 4). We can observe
in the discrimination measures plot that the variables
representing the time of occurrence and type of RTC are
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Figure 2 MCA1 joint plot of category points. MCA1 aimed at identifying the typology of people who have suffered a road traffic crash
(RTC). Clouds represent groups of potentially associated categories.

close to each other (and probably associated), while cause
and location seem to be associated (Figure 5).

In Table 5, we report model summary and discrimination
measures of the MCA carried out to identify a typology of
event or road traffic crash (MCA2). Here we included in
the model information only from respondents who have
suffered a RTC, at least once, at any time in life (n = 313).
Results correspond to a 2-dimensional solution. The
total inertia of our model was 72.9%, the first dimension
explained 40.9% of the variance and the second dimension
was 32%. The ACM revealed an average Cronbach’s alpha
coefficient for the model of 0.419. Cronbach’s alpha for
the first and second dimensions were 0.519 and 0.292,
respectively. Based upon eigenvalues, the variables
that best discriminate dimension 1 are the location of
occurrence (0.470), and the cause of RTC (0.371). The
variable that best discriminates dimension 2 is the time
of occurrence (0.496). Type of RTC contributes similarly

to dimensions 1 (0.546) and 2 (0.539) (Table 5). Table 6
shows the results of crude and adjusted odds ratios (OR)
estimation carried out by bivariate and multivariate binary
logistic regression analysis.

The model suggested that age between 25 and 40
(OR 2.3; 95% CI 1.5-3.6; p < 0.0001) and 41 to 60 (OR
2.4; 95% CI 1.5 – 3.9; p < 0.0001) of age, the habit of
speeding (OR 2.3; 95% CI 1.4-3.6; p =< 0.0001), alcohol
consumption (OR 7.9; 95% CI 3.7-16.8;< 0.0001), frequent
sensation of distraction (OR 2.9; 95% CI 2- 4.2; p < 0.0001)
and frequent use of mobile phone (OR 4.4; 95% CI 2.5-7.7;
p < 0.0001), are associated with a significant increase in
self-report RTC, among drivers from the city of Loja.

4. Discussion
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Table 3 Model summary and discrimination measures of the MCA1model.1

MCA1 - Model Summary
Dimension2 Cronbach’s Alpha Variance accounted for3

Total (Eigenvalue) Inertia
1 0.616 2.273 0.207
2 0.327 1.423 0.129
Total 3.696 0.336
Mean 0.5054 1.848 0.168

MCA1- Discrimination Measures
Active variable in the model Eigenvalue5 - Dimension 1 Eigenvalue5 - Dimension 2 Mean
Self-reported RTC 0.254 0.048 0.151
Age 0.100 0.335 0.217
Sex 0.279 0.185 0.232
Means of transportation 0.260 0.334 0.297
Speeding6 0.626 0.104 0.365
Alcohol consumption7 0.063 0.011 0.037
Distraction8 0.152 0.089 0.121
Urgency9 0.383 0.113 0.248
Use of mobile phone10 0.034 0.0001 0.017
Lack of safety restraints11 0.040 0.127 0.083
PCRI12 0.082 0.077 0.080
Active total 2.273 1.423 1.848
% of variance 20.666 12.938 16.802

1The multiple correspondence analysis 1 (MCA1) aimed at identifying the typology of people who have suffered a
road traffic crash (RTC). Here, information from all respondents (n = 754) was included in the model.
2This model represents a 2-dimensions solution for the MCA.
3The eigenvalue and inertia describe the amount of variation the dimension explains, therefore allowing us to
evaluate which dimension accounts for most of the variability in the data. Dimension 1 explained 20.7% of the
variance and dimension 2 explained 12.9% of the variance.
4Mean Cronbach’s Alpha is based on the mean Eigenvalue.
5The eigenvalue of each variable active in the model represents the contribution to the variance in each dimension.
6Habit of driving a vehicle at high speed or over the speed limit.
7Report of alcohol consumption at least once a week for a certain period, regardless of the moment, past or
present, or duration.
8Frequent sensation of distraction when driving.
9Frequent sensation of urgency when driving (need to reach a destination rapidly).
10Frequent use of the mobile phone when driving.
11Lack of use of seat belts and other safety restraints.
12Perceived condition of road infrastructure (PCRI).

4.1 Key results

The main focus of this study was to investigate
self-reported RTC among drivers from Loja Ecuador
and to illustrate the applicability of MCA in detecting
and representing typologies of individuals who have
experienced an RTC as well as the typology of RTC events,
upon information collected through a web-based survey
carried in 2021.

First of all, the estimated lifetime prevalence of
self-reported RTC ranged between 37% and 46%. Second
of all, MCA allowed us to extract meaningful RTC-related
typologies or profiles, for both the drivers and the events.

Based on MCA results, we identified a typology of
drivers who reported participation or involvement in an
RTC, characterized by a predominance of people between

25 and 40 years of age, who drivemainly automobiles (cars)
and experience frequent sensations of distraction and
frequently use a mobile phone when driving. Additionally,
MCA indicated two distinctive typologies of RTC events.
One is characterized by collision vehicle to vehicle,
behavioral factors as a main group of causes, and RTC
occurring on low-speed limit roads during the afternoon.
The second one is characterized by collision with fixed
objects or animals as the type of RTC, average-speed
limit roads as the location of occurrence, and evening/late
evening as the moment of occurrence.

In general, MCA findings indicate that age and certain
driving habits such as speeding, alcohol consumption,
the frequent sensation of distraction, and use of mobile
phones when driving, are associated with an increased
occurrence of self-reported RTC.
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Figure 3 MCA1 discrimination measures plot. MCA1 aimed at identifying the typology of people who have suffered a road traffic
crash (RTC).

4.2 Methodological issues and study
limitations

Most of the available studies in the field of road safety
investigate RTA and risk factors, defining traffic accidents
as an accident, involving at least one vehicle on a road open
to public traffic in which at least one person is injured or
killed [6]. Therefore accidents that do not cause injuries to
people or cause only minor injuries are underrepresented
[42]. In our study, we investigated as outcome variable
RTC which may allow us to capture more cases and events
among the study population since this indicator includes
any accident regardless of the presence of an injured
person.

A critical limitation of our study is the fact we
assessed the lifetime prevalence of RTC, a cumulative
indicator of event frequency that does not consider the
number of events suffered by an individual over time
[1, 36]. We decided not to add more complexity to the
questionnaire by characterizing each event (RTC) suffered
by the respondents. We focused on the most recent
event. Therefore, our results represent the current
characterization of individuals and events.

Subjects were enrolled by a non-probabilistic sampling
technique, known as online (virtual) snowball sampling
[43, 44], a sampling method frequently applied for online
surveys through social networks (Facebook, WhatsApp,
Instagram, LinkedIn), which required people had access
to the internet and smart devices. Such sampling
may have produced a non-representative sample, and

therefore, it may hamper the generalization of results.
However, there is abundant evidence [43, 44] that shows
that this type of sampling strategy allows reaching
approximately representative samples of the target
population, comparable with traditional survey methods,
achieving high rates of positive responses, large sample
sizes, and diversity of participants. This type of strategy
has proven to be very useful, especially within the context
of the COVID-19 pandemic [45, 46].

Recent studies [43, 44, 47–49] have indicated that Facebook
or other popular social networks are valuable sources of
information for the establishment of efficient sampling
frames that facilitate the expansion of the sample size in
studies that use ascending methodologies, and also there
is evidence that the use of a random selection of virtual
groups (a typical algorithm of social networks) reduces
the selection bias observed in convenience sampling
and increases the representativeness of exploratory
studies that use non-probability samples. Even more,
other studies [47, 48, 50–53] have shown that combining
Facebook recruitment with an online survey reduces
time, and monetary costs, and minimizes response bias.
[47, 48, 50–53]

A relevant aspect to discuss within the framework of
MCA is the stability of the model [38]. We carried out
an MCA stability assessment by reviewing the influence
of each row or column (considering the underlying
contingency Table) and analyzing their contribution to
the principal axes. Then, we performed several MCA
eliminating certain points or groups of points, to see
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Table 4 Characterization of self-reported RTC among drivers from Loja, Ecuador (n = 313).1

n %
Type of Collision between vehicles (or vehicle-to-vehicle collision) 224 71.6
accident Collision between vehicle and physical surrounding 65 20.8
(n = 313) (or collision with fixed objects or animals)

Run-over accident 15 4.8
Vehicle rollover 5 1.6
Others 4 1.3

Accident High-speed limit road (> 90km/h) 15 4.8
location Average-speed limit road (from 50 km / h to 90 km / h) 99 31.6
(n = 313) Low-speed limit roads (up to 50 km / h) 187 59.7
Time of the Morning (06:00 / 11:59) 81 25.9
accident Afternoon (12:00 / 17:59) 125 39.9
(n = 313) Evening and late evening (18:00 / 23:59) 88 28.1

Late night and early morning (00:00 / 05:59) 19 6.1
Cause Causes by behavioral factors (BF) 202 64.5
category of Causes by the condition of road infrastructure (CRI)(perceived) 50 16.0
(RTC) Combination of BF and CRI 40 12.8
(n=313) Other causes 21 6.7
Specific Distractions 133 42.5
Cause of Speeding 64 20.4
(RTC) Ignoring or disregarding traffic Signs 83 26.5
(n = 3132) Consumption of alcohol and/or drugs 47 15.0

Bad road conditions 38 12.1
Inadequate road and highway facilities 34 10.9
Presence of road obstacles 19 6.1
Absence or deficiency of road lighting 22 7.0
Inadequate road design 20 6.4
Absence or inadequate pedestrian sidewalk 5 1.6
Others 32 10.2

Cause of Confusion 98 73.7
distraction2 External environment 59 44.4
(n = 133)3 Cell phone 34 25.6

Music 17 12.8
Fatigue 12 9.0
Others 4 3.0
Not remember 19 14.3

1Only information from drivers who reported having been involved in a road traffic crash (RTC) (n = 313) was
requested. When a respondent sufferedmore than one RTC, he/her was asked to provide information only regarding
the most recent accident or event.
2Respondents could indicate more than one causal factor for the event if they considered it appropriate
(multi-response question).
3Percentages are based on the total number of respondents indicating distraction as a cause of the RTC.

the effect of their elimination on the configuration and
graphic representation of the ACM [38]. Considering only
the criterion of observed changes in the inertia values,
eigenvalues, and Cronbach’s alpha, as well as in the
configuration of the discrimination measures plot and the
joint plot of category points, the results suggest adequate
stability of the ACM with a two-dimensional solution for
both the study of the typology of the individuals who
suffered RTC (MCA1) and the study of RTC event typology
(MCA2).

4.3 Interpretations of findings and
comparison with other studies

The estimated lifetime prevalence of RTC among surveyed
drivers from the city of Loja was within the range reported
by studies published in other countries in Latin America.
For example, a study carried out in the municipality of Rio
Branco, located in northern Brazil [25], estimated a rate
of 36% from a sample of 1,516 people 18 years old and
older, surveyed through a multistage random sampling
of clusters between 2007 and 2008. Loja and Rio Braco
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Figure 4 MCA2 joint plot of category points. MCA2 aimed at identifying the typology of events or RTC. Clouds represent groups of
potentially associated categories.

share certain similarities; both are the major cities within
their respective provinces, and have similar average
numbers of circulating vehicles, population density, and
road infrastructure accessibility (road kilometers per
person). Our results were also consistent with findings
from a national-level study performed in Mexico [54] in
which a 47% prevalence of RTC was estimated.

Even though the estimated lifetime prevalence of
RTC in Loja could be considered high, higher rates
have been reported from regions with more pronounced
urbanization processes. A study conducted in one of the
main cities in Saudi Arabia [55] estimated a significantly
higher prevalence of RTC (63%). Similarly, another study
reported a prevalence of 64% in the city of Adidome in
Ghana [56]. Authors from both of the aforementioned
studies stated in their articles that these cities have been
characterized by accelerated growth of road infrastructure
and vehicle fleet during the last decade.

An essential result of our study is that MCA allowed
us to identify 4 typologies based on cloud categories
plotting, previously described in the result section. The
first cloud would represent the typology of those who
ever experiences an RTC. In the second cloud, categories
are less associated with RTC but are represented farther
away from the category of “no RTC” and still closer to
the category of “RTC (yes)”, therefore, this cloud might
be considered a group of interest since an individual with
such characteristic may be in a higher risk of experience
an RTC ever. The third cloud would represent the typology
of those individuals who have never experienced an RTC.
And finally, the fourth cloud is relatively closer to the third
cloud and is located in the opposite region compared to
the third cloud. This cloud could represent a low-risk
group. Few studies have been carried out in the Latin
American region aimed to explore the value of MCA
for the identification of RTC profiles, and there is great
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Figure 5 MCA2 discrimination measures plot. MCA2 aimed at identifying the typology of events or road traffic crashes (RTC).

Table 5 Model summary and discrimination measures of theMCA2.1

MCA2 - Model Summary
Dimension2 Cronbach’s Alpha Variance accounted for3

Total (Eigenvalue) Inertia
1 0.519 1.637 0.409
2 0.292 1.280 0.320
Total 2.917 0.729
Mean 0.4194 1.458 0.365

MCA2- Discrimination Measures
Active variable in the model Eigenvalue Eigenvalue Mean

Dimension 1 Dimension 2
Type of RTC 0.546 0.539 0.543
RTC location of occurrence 0.470 0.149 0.310
RTC time of occurrence 0.249 0.496 0.372
RTC cause 0.371 0.096 0.234
Active Total 1.637 1.280 1.458
% of Variance 40.925 31.998 36.462

1The multiple correspondence analysis 2 (MCA2) aimed to identify the typology of events or road traffic crashes
(RTC). Here, MCA2 was based on information provided only by respondents who have suffered a RTC at least once,
at any time in life was included in the model (n=313).
2This model represents a 2-dimensions solution for the MCA.
3The eigenvalue and inertia describe the amount of variation the dimension explains, therefore allowing us to
evaluate which dimension accounts for most of the variability in the data. Dimension 1 explained 40.9% of the
variance and dimension 2 explained 32% of the variance.
4Mean Cronbach’s Alpha is based on the mean Eigenvalue.

variability among the available studies regarding the
specific factors evaluated. This situation makes it difficult
to compare our results with other studies. Despite this

limitation, there is evidence of the usefulness of MCA for
the identification of RTC profiles. In one of the very few
studies implemented in Latin America and available in
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Table 6 Factors associated with self-reported road traffic crashes (RTC) among drivers from Loja, Ecuador (n = 754)

Self-reported road traffic crash Unadjusted (crude) odd ratios1 Adjusted odds ratios1

(RTC)
Never At least once p OR 95%CI p OR 95%CI

n % n % LL UL LL UL
Age > 60 y 9 2 9 2.9 0.046 2.7 1.0 7.2 0.188 2.2 0.7 6.8

41-60 y 136 30.8 116 37.1 < 0.0001 2.3 1.5 3.4 < 0.0001 2.4 1.5 3.9
25-40 y 153 34.7 135 43.1 < 0.0001 2.4 1.6 3.5 < 0.0001 2.3 1.5 3.6
16-24 y 143 32.4 53 16.9 - - - - - - - -

Sex Male 192 43.5 174 55.6 0.001 1.6 1.2 2.2 0.880 1.0 0.7 1.5
Female (ref) 249 56.5 139 44.4 - - - - - - - -

Means of Car 279 63.3 242 77.3 0.018 2.0 1.1 3.4 0.464 1.3 0.7 2.4
transport Motorcycle 9 2 12 3.8 0.033 3.0 1.1 8.3 0.216 2.0 0.7 6.0

Bicycle 11 2.5 7 2.2 0.516 1.4 0.5 4.2 0.318 1.9 0.5 6.4
Public transportation 97 22 32 10.2 0.033 3.0 1.1 8.3 0.376 0.7 0.3 1.5

Walking (ref) 45 10.2 20 6.4 0.018 2.0 1.1 3.4
Driving Speeding2 134 30.4 163 52.1 < 0.0001 2.5 1.8 3.4 < 0.0001 2.3 1.4 3.6
habits Alcohol consumption3 10 2.3 47 15 < 0.0001 7.6 3.8 15.3 < 0.0001 7.9 3.7 16.8

Distraction4 78 17.7 131 41.9 < 0.0001 3.3 2.4 4.7 < 0.0001 2.9 2.0 4.2
Urgency5 76 17.2 68 21.7 0.123 1.3 0.9 1.9 0.057 0.6 0.4 1.0

Use of mobile phone6 25 5.7 60 19.2 < 0.0001 3.9 2.4 6.5 < 0.0001 4.4 2.5 7.7
Lack of safety restraints7 25 5.7 60 19.2 0.271 0.7 0.4 1.3 0.882 0.9 0.4 2.1

PCRI8 Poor 300 68 232 74.1 0.071 1.3 1.0 1.9 0.771 1.1 0.7 1.5
Adequate (ref) 141 32 81 25.9 - - - - - - - -

CI: confidence interval; OR: odd ratio; LL: lower limit; UL: upper limit; p: significance value (a result was considered significant if p < 0.05).
1 Unadjusted and adjusted OR were calculated by bivariate and multivariate binary logistic regression.
2Habit of driving a vehicle at high speed or over the speed limit.
3Report of alcohol consumption at least once a week for a certain period, regardless of the moment, past or present, or duration.
4Frequent sensation of distraction when driving.
5Frequent sensation of urgency when driving (need to reach a destination rapidly).
6Frequent use of the mobile phone when driving.
7Lack of use of seat belts and other safety restraints.
8Perceived condition of road infrastructure (PCRI).

the peer-reviewed literature, the researchers explored
the relationships between the parameters associated
with participation in traffic accidents, in a sample of
205 Brazilian truck drivers who worked shifts [57]. The
researchers identified two different profiles of truck
drivers. The first profile consisted of drivers who reported
being involved in accidents, being users of alcohol and
other drugs, driving more than 14 hours without rest
with excessive drowsiness, and having fallen asleep while
driving. In contrast, the second profile showed that the
subjects who were not involved in accidents did not report
excessive sleepiness, did not fall asleep while driving, and
did not use drugs. The authors also observed that the
variables that contributed the most to these two profiles
were nighttime displacement, followed by falling asleep
while driving, and sleep complaints [57].

Results from a secondary analysis of our data set
using multivariate binary logistic regression suggested
that age between 25 and 60, alcohol consumption, the
frequent sensation of distraction, and frequent use of
mobile phones, are associated with a significant increase
in self-report road traffic crashes (RTC) among drivers
from the city of Loja, which is in line with the findings
derived from the MCA. These results are also consistent
with the data reported by the World Health Organization
in its world report on road safety 2018, which reflects that
age, alcohol/drug use, speeding, and distractions while

driving are major and independent risk factors of RTC [1].

Regarding the analysis of RTC event typology, our study
highlights the presence of two well-differentiated types
of events. One corresponds to accidents characterized
by collision vehicle-vehicle caused by behavioral factors
that occur at low-speed limit roads, especially during the
afternoon. The second type is represented by collision with
fixed objects or animals, which occurs at average-speed
limit roads during the evening/late evening. In general, it is
difficult to establish a direct comparison with other studies
due to the scarcity of studies focused on the identification
of RTC event typology derived from multivariate reduction
techniques, and due to the variability of assessed variables.
Despite this situation, some relevant comparisons can be
made.

When comparing the characteristics of RTC events
reported in our study with those observed in other studies
carried out in Ecuador and other countries in Latin
America, it is possible to notice similarities regarding
the cause and type of accident, but not regarding the
place and time of occurrence. The majority of surveyed
drivers from the city of Loja agreed that distraction
represented the most frequent type of cause, followed
by ignoring traffic signs and speeding. These findings
are similar to those reported in a recent study published
in 2020 [58], in which the main causes of fatal accidents
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nationwide in Ecuador are driving inattentive to traffic
conditions and driving over speed limits. In our study,
the most frequent types of RTC were vehicle-to-vehicle
collision, collision with fixed objects or animals, and
run-over accident. A study conducted in Brazil cite60
remarked that collision vehicle-to-vehicles represented
the most frequent typology in an urban area of Brazil, even
though the frequency of run-over was significantly lower
compared to our study.

Our study indicates that accidents occurred in order
of frequency from highest to lowest, first on low-speed
roads, where the speed limit is 50km / h, second on
average-speed roads, which allow circulation from 50km /
h to 90km / h, and finally and less frequently on high-speed
highways. These findings contrast with results published
in the United States of America cite61 suggesting the
probability of accidents increases in high-speed areas
such as interstate and rural highways and less frequently
in urban areas. It is relevant to note that Loja is a
city that does not have a large number of average and
high-speed roads, due to the geography of the region
and this fact could partly explain the low frequency of
accidents reported on this type of road in Loja. However,
the multiple correspondence analysis for the construction
of RTC typology suggests that in Loja accidents are
associated with driving above the speed limit on roads
where the speed limit is low. In other words, the typology
is conditioned by behavioral-related factors. One aspect to
highlight is that in Loja most of the accidents occurred in
the afternoon, while another study carried out in Ecuador
cite62 showed that at the national level, accidents occur
mainly at night. Differences between both studies may
be explained by the fact that in our study, most of the
accidents we investigated were likely non-fatal, while the
other study [59] analyzed both fatal and non-fatal road
traffic crashes that are reported in official registries,
where mainly severe accidents are accounted for (road
traffic accidents that caused fatalities or major injuries).

In general, we can observe that available studies on
traffic accidents that explore the typology of accidents
show a high degree of variability in terms of the results.
This variability could be explained by differences between
the studies concerning the source population, sampling
methods, the criteria, and definitions of the events and
related factors, as well as differences regarding the
implemented methodological approaches, data collection
tools and instruments, and statistical analysis strategies.
This situation emphasizes the need to standardize
definitions and criteria to assess and measure RTC, to
increase the comparability of the results between the
different studies.

4.4 Future research

The results of this research emphasize the need to
consider the study of road traffic accidents as a priority
research problem, due to the complexity of the elements
that determine accidents occurrence and their detrimental
impact on individuals, families, and society in general.
Future research must focus on the following areas: 1)
identification of risk factors according to accident typology;
2) evaluation of RTC severity and associated mortality;
and 3) comparison analysis of feasibility and effectiveness
of different statistical tools and techniques as well as
study design alternative, to study the occurrence, patterns
and determinants of RTC in low-resource settings. Some
of the statistical techniques that could be evaluated in
future research are clustering techniques [13], component
analysis [60], neural network [61], machine learning
[62], and some more conventional approaches such
as generalized linear models [63]. Future studies
must also assess technical, logistical, and cost-benefit
issues to provide relevant information to the scientific
community and regulatory authorities and support their
decision-making processes to select a suitable as well as
a scientifically valid research approach.

5. Conclusions

The lifetime prevalence of self-reported RTC among
drivers from Loja, Ecuador is high. Approximately 4 out of
10 drivers reported participation in an RTC at least once
in life. It was evident that the multiple correspondence
analysis, as an exploratory tool, contributed to the
visualization of potential factors associated with the
occurrence of RTC and to the identification of individual
profiles, discriminating the attributes associated with
those individuals who have suffered RTC from the
attributes associated with individuals who have not
suffered RTC. Overall, the principal determinants of RTC
identified in this study are modifiable, mainly related to
behavioral factors. Although, what is important here, is
not the identification of specific RTC-related determinants,
since there is a great deal of evidence in that regard, but
the value of MCA in identifying such factors, and its
strength as a preliminary exploratory tool. The present
study remarks on the importance and validity of MCA as a
relevant addition to the list of techniques that can be used
for road traffic accident research in low-income countries
with limited resources, such as Ecuador.

6. Declaration of competing interest

Wedeclare that we have no significant competing interests,
including financial or non-financial, professional, or
personal interests interfering with the full and objective

127



C. Domínguez et al., Revista Facultad de Ingeniería, Universidad de Antioquia, No. 107, pp. 113-130, 2023

presentation of the work described in this manuscript. We
have described our financial or non-financial interests in
the space below: (list all competing interests relevant to
the submitted manuscript).

7. Acknowledgements

Special thanks to Engr. Juan Maldonado, appointed
director of the National Traffic Agency in Loja from May
2020 to May 2021, and MSc. Mauricio Falconi, manager
of labor relations at the Private Technical University of
Loja, for their collaboration and contribution of relevant
information to carry out this investigation.

8. Funding

The authors did not receive financial support from external
sources to conduct this research project. This study was
carried out as academic work within the frame of graduate
study in industrial engineering at the Universidad Técnica
Particular in Ecuador.

9. Author contributions

C.D conceived and designed the analysis, collected the
data, conceptualized the methodology and validated the
results, and reviewed and wrote the paper. J.D.F conceived
and designed the analysis, reviewed and edited the paper,
and supervised. S.N.C conceived and designed the
analysis, performed the analysis, and reviewed and wrote
the paper.

10. Data availability statement

The database used in this research is in the possession
of the authors and can be accessed through the
corresponding authorization of the mentioned authors.

References

[1] Global status report on road safety, On road safety, World Health
Organization, Geneva, SH, 2018.

[2] A. Espinosa, G. Cabrera, and N. Velásquez, “Epidemiología de
incidentes viales medellín-colombia, 2010-2015,” Revista Facultad
Nacional de Salud Pública, vol. 35, no. 1, Nov. 25, 2017. [Online].
Available: https://doi.org/10.17533/udea.rfnsp.v35n1a02

[3] H. Huang, Q. Yin, D. C. Schwebel, P. Ning, and G. Hu, “Availability
and consistency of health and non-health data for road traffic
fatality: Analysis of data from 195 countries, 1985–2013,” Accident
Analysis /Prevention, vol. 108, 2017. [Online]. Available: https:
//doi.org/10.1016/j.aap.2017.08.033

[4] S. Martínez, R. Sánchez, and P. Yañéz-Pagans, “Road safety:
challenges and opportunities in latin america and the caribbean,”
Latin American Economic Review, vol. 28, no. 17, Nov. 18,

2019. [Online]. Available: https://link.springer.com/article/10.1186/
s40503-019-0078-0

[5] A. Ahmed, A. F. M. Sadullah, and A. S. Yahya, “Errors in accident
data, its types, causes and methods of rectification-analysis of
the literature,” Accid Anal Prev, vol. 130, 2019. [Online]. Available:
https://doi.org/10.1016/j.aap.2017.07.018

[6] F. R. Chang, H. L. Huang, D. C. Schwebel, A. H. S. Chan, and G. Q. Hu,
“Global road traffic injury statistics: Challenges, mechanisms and
solutions,” Chinese Journal of Traumatology, vol. 23, 2020. [Online].
Available: https://doi.org/10.1016/j.cjtee.2020.06.001

[7] Benchmarking Road Safety in Latin America, International Transport
Forum, Los Angeles, CA, 2017.

[8] F. L. Mannering and C. R. Bhat, “Analytic methods in accident
research: Methodological frontier and future directions,” Analytic
Methods in Accident Research, vol. 1, Jan. 2014. [Online]. Available:
https://doi.org/10.1016/j.amar.2013.09.001

[9] E. Hauer, The Art of Regression Modeling in Road Safety. Springer,
2015.

[10] A. Mehdizadeh, M. Cai, Q. Hu, M. A. A. Yazdi, N. Mohabbati-Kalejahi,
and et al., “A review of data analytic applications in road traffic safety.
part 1: Descriptive and predictive modeling,” Sensors, vol. 20, no. 4,
Jan. 5, 2020. [Online]. Available: https://doi.org/10.3390/s20041107

[11] M. Mohanty and A. Gupta, “Factors affecting road crash modeling,”
Journal of transport literature, vol. 9, no. 2, 2015. [Online]. Available:
https://doi.org/10.1590/2238-1031.jtl.v9n2a3

[12] A. P. Taddia, A. M. P. Ayala, E. Café, M. Rodríguez, M. Viegas, and et
al., “Fortaleciendo el sector académico para reducir los siniestros
de tránsito en américa latina: Investigaciones y casos de estudio en
seguridad vial,” Banco Inter-Americano de Desarrollo, Tech. Rep.,
May. 2014.

[13] J. P. Jaramillo and O. Arbeláez, “Modelling road traffic collisions
using clustered zones based on foursquare data in medellín,” Case
Studies on Transport Policy, vol. 9, no. 2, 2021. [Online]. Available:
https://doi.org/10.1016/j.cstp.2021.04.016

[14] M. Jalayer and H. Zhou, “A multiple correspondence analysis
of at-fault motorcycle-involved crashes in alabama,” Journal of
Advanced Transportation, vol. 50, no. 8, Feb. 08, 2017. [Online].
Available: https://doi.org/10.1002/atr.1447

[15] P. Natarajan, S. K. Sivasakaran, and V. Balasubramanian,
“Identification of contributing factors in vehicle pedestrian
crashes in chennai using multiple correspondence analysis,”
Transportation Research Procedia, vol. 48, 2020. [Online]. Available:
https://doi.org/10.1016/j.trpro.2020.08.104

[16] J. Hjellbrekke. (2018) Multiple correspondence analysis for the
social sciences. [Online]. Available: https://cutt.ly/fG3n684

[17] G. Richards and L. A. van der Ark, “Dimensions of cultural
consumption among tourists: Multiple correspondence analysis,”
Tourism Management, vol. 37, Aug. 2013. [Online]. Available:
https://doi.org/10.1016/j.tourman.2013.01.007

[18] M. Dungey, F. D. Tchatokab, and M. B.Yanotti, “Using multiple
correspondence analysis for finance: A tool for assessing financial
inclusion,” International Review of Financial Analysis, vol. 59, Oct.
2018. [Online]. Available: https://doi.org/10.1016/j.irfa.2018.08.007

[19] D. Ayele, T. Zewotir, and H. Mwambi, “Multiple correspondence
analysis as a tool for analysis of large health surveys in african
settings,” African Health Sciences, vol. 14, no. 4, 2014. [Online].
Available: https://doi.org/10.4314/ahs.v14i4.35

[20] M. Greenacre, Correspondence Analysis in Practice, 3rd ed. New
York, USA: Chapman and Hall/CRC, 2016.

[21] (2014, Dec.) Proyecciones poblacionales ecuador 2010 -
2020. Instituto Nacional de estadísticas y Censos (INEC) de
Ecuador. [Online]. Available: https://www.ecuadorencifras.gob.ec/
proyecciones-poblacionales/

[22] W. E. Jaramillo-Sangurima. (2016) Movilidad urbana en la ciudad
de loja. Imprenta master offset. [Online]. Available: https://issuu.
com/wilsoneduardojaramillosangurima/docs/movilidad_loja

[23] J. Maldonado, Report of issued driver licenses from city of Loja
bewteen 2016-2020, 2021.

[24] M. J. Salganik, “Variance estimation, design effects, and sample
size calculations for respondent-driven sampling,” Journal of Urban

128

https://doi.org/10.17533/udea.rfnsp.v35n1a02
https://doi.org/10.1016/j.aap.2017.08.033
https://doi.org/10.1016/j.aap.2017.08.033
https://link.springer.com/article/10.1186/s40503-019-0078-0
https://link.springer.com/article/10.1186/s40503-019-0078-0
https://doi.org/10.1016/j.aap.2017.07.018
https://doi.org/10.1016/j.cjtee.2020.06.001
https://doi.org/10.1016/j.amar.2013.09.001
https://doi.org/10.3390/s20041107
https://doi.org/10.1590/2238-1031.jtl.v9n2a3
https://doi.org/10.1016/j.cstp.2021.04.016
https://doi.org/10.1002/atr.1447
https://doi.org/10.1016/j.trpro.2020.08.104
https://cutt.ly/fG3n684
https://doi.org/10.1016/j.tourman.2013.01.007
https://doi.org/10.1016/j.irfa.2018.08.007
https://doi.org/10.4314/ahs.v14i4.35
https://www.ecuadorencifras.gob.ec/proyecciones-poblacionales/
https://www.ecuadorencifras.gob.ec/proyecciones-poblacionales/
https://issuu.com/wilsoneduardojaramillosangurima/docs/movilidad_loja
https://issuu.com/wilsoneduardojaramillosangurima/docs/movilidad_loja


C. Domínguez et al., Revista Facultad de Ingeniería, Universidad de Antioquia, No. 107, pp. 113-130, 2023

Health volume, vol. 83, no. 1, Aug. 26, 2006. [Online]. Available:
https://link.springer.com/article/10.1007/s11524-006-9106-x

[25] A. database and statistics program for public health professionals.
Division of Health Informatics. [Online]. Available: https://www.cdc.
gov/epiinfo/

[26] A. F. Magalhães, C. M. Lopes, R. J. Koifman, and P. T. Muniz,
“Prevalência de acidentes de trânsito auto-referidos em rio branco,
acre,” Revista de Saúde Pública, vol. 45, no. 4, Aug. 2011. [Online].
Available: https://doi.org/10.1590/S0034-89102011005000031

[27] M. Semilof and et al., “A. m. adejugbagbe and a. a. fatiregun and a.
rukewe and t. alonge,” African Health Sciences, vol. 15, no. 2, 2015.
[Online]. Available: https://doi.org/10.4314/ahs.v15i2.22

[28] Epidemiologic Statistics for Public Health, OpenEpi, Hills,GA, 2022.
[29] C. Parker, S. Scott, and A. Geddes. (2019) Snowball sampling.

SAGE research methods foundations. [Online]. Available: https:
//eprints.glos.ac.uk/id/eprint/6781

[30] R. W. Emerson, “Convenience sampling, random sampling, and
snowball sampling: How does sampling affect the validity of
research?” Journal of Visual Impairment Blindness, vol. 109,
no. 2, Mar. 1, 2015. [Online]. Available: https://doi.org/10.1177/
0145482X1510900215

[31] M. Semilof and et al., “F. baltar and i. brunet,” Internet Research,
vol. 22, no. 1, 2012. [Online]. Available: https://doi.org/10.1108/
10662241211199960

[32] G. A. Dusek, Y. V. Yurova, and C. P. Ruppel, “Using social media and
targeted snowball sampling to survey a hard-to-reach population:
A case study,” International Journal of Doctoral Studies, vol. 10,
no. 1, 2015. [Online]. Available: http://www.informingscience.com/
ijds/Volume10/IJDSv10p279-299Dusek0717.pdf

[33] T. Dosek, “Snowball sampling and facebook: How social media
can help access hard-to-reach populations,” PS: Political Science
Politics, vol. 54, no. 4, May. 18, 2021. [Online]. Available: https:
//doi.org/10.1017/S104909652100041X

[34] Encuesta de percepción de riesgo vial en la ciudad de Bogotá 2019,
Alcaldía Mayor de Bogotá, Bogotá, CO, 2019.

[35] U. Meesmann, K. Torfs, H. Nguyen, W. V. den Berghe, and W. V. den
Berghe, “¿ nos preocupa la seguridad vial? principales resultados
del proyecto esra1 en 38 paises,” ESRA (E-Survey of Road users’
Attitudes) Vias institute, Bruselas, Bélgica, Tech. Rep., 2018.

[36] I. Trans, “Glossary for transport statistics,” European Union
(EU) Statistical Office (EUROSTAT) and United Nation Economic
Commission for Europe (UNECE) and the International Transport
Forum (ITF) at the OECD, Tech. Rep., 2019.

[37] J. Quail, M. Osman, and G. Teare, “Multiple correspondence analysis
is a useful tool to visualize complex categorical correlated data,”
International Journal of Population Data Science, vol. 1, no. 1, 2017.
[Online]. Available: https://doi.org/10.23889/ijpds.v1i1.118

[38] E. J. Beh andR. Lombardo. (2021) An introduction to correspondence
analysis. John Wiley Sons. [Online]. Available: https://bit.ly/
3FoUVKW

[39] N. Sourial, C. Wolfson, B. Zhu, J. Quail, and J. F. et al.,
“Correspondence analysis is a useful tool to uncover the
relationships among categorical variables,” Journal of Clinical
Epidemiology, vol. 63, no. 6, Jun. 2010. [Online]. Available:
https://doi.org/10.1016/j.jclinepi.2009.08.008

[40] F. C. Pampel, Logistic regression: A primer, 1st ed. Sage
publications, 2020.

[41] J. W. Osborne. (2014) Best practices in logistic regression. Sage
Publications. [Online]. Available: https://bit.ly/3kRkv1W

[42] T. Yamamoto, J. Hashiji, and V. N. Shankar, “Underreporting in
traffic accident data, bias in parameters and the structure of injury
severity models,” Accident Analysis Prevention, vol. 40, no. 4, Jul.
2008. [Online]. Available: https://doi.org/10.1016/j.aap.2007.10.016

[43] C. Whitaker, S. Stevelink, and N. Fear, “The use of facebook in
recruiting participants for health research purposes: A systematic
review,” Journal of medical Internet research, vol. 19, no. 8, Aug. 28,
2017. [Online]. Available: https://doi.org/10.2196/jmir.7071

[44] L. Thornton, P. J. Batterham, D. B. Fassnacht, F. Kay-Lambkin, A. L.
Calear, and et al., “Recruiting for health, medical or psychosocial
research using facebook: systematic review,” Internet Interventions,

vol. 4, May. 2016. [Online]. Available: https://doi.org/10.1016/j.
invent.2016.02.001

[45] J. F. Ebert, L. Huibers, B. Christensen, and M. B. Christensen,
“Paper- or web-based questionnaire invitations as a method for
data collection: Cross-sectional comparative study of differences in
response rate, completeness of data, and financial cost,” Journal
of medical Internet research, vol. 20, no. 1, Jan. 23, 2018. [Online].
Available: https://doi.10.2196/jmir.8353

[46] B. Hensen, C. Mackworth-Young, M. Simwinga, N. Abdelmagid,
J. Banda, and et al., “Remote data collection for public health
research in a covid-19 era: ethical implications, challenges and
opportunities,” Health Policy and Planning, vol. 36, no. 3, Feb. 07,
2021. [Online]. Available: https://doi.org/10.1093/heapol/czaa158

[47] H. Forgasz, H. Tan, G. Leder, and A. McLeod, “Enhancing
survey participation: Facebook advertisements for recruitment in
educational research,” International Journal of Research Method
in Education, vol. 42, no. 3, Feb. 22, 2017. [Online]. Available:
https://doi.org/10.1080/1743727X.2017.1295939

[48] S. Lee, M. Torok, F. Shand, N. Chen, L. McGillivray, and et
al., “Performance, cost-effectiveness, and representativeness of
facebook recruitment to suicide prevention research: Online survey
study,” JMIR mental health, vol. 7, no. 10, Oct. 22, 2020. [Online].
Available: https://doi.org/10.2196/18762

[49] E. R. Pedersen and J. Kurz, “Using facebook for health-related
research study recruitment and program delivery,” Current Opinion
in Psychology, vol. 9, Jun. 2016. [Online]. Available: https:
//doi.org/10.1016/j.copsyc.2015.09.011

[50] L. M. Adam, D. P. Manca, and R. C. Bell, “Can facebook be used
for research? experiences using facebook to recruit pregnant
women for a randomized controlled trial,” Journal of Medical
Internet Research, vol. 18, no. 9, Sep. 21, 2016. [Online]. Available:
https://doi.10.2196/jmir.6404

[51] T. Christensen, A. H. Riis, E. E. Escotilla, L. un sabio, M. G.
Nielsen, and et al., “Costs and efficiency of online and offline
recruitment methods: A web-based cohort study,” Journal of
Medical Internet Research, vol. 19, no. 3, Mar. 1, 2017. [Online].
Available: https://doi.10.2196/jmir.6716

[52] L. Iannelli, F. Giglietto, L. Rossi, and E. Zurovac, “Facebook
digital traces for survey research: Assessing the efficiency and
effectiveness of a facebook ad–based procedure for recruiting online
survey respondents in niche and difficult-to-reach populations,”
Social Science Computer Review, vol. 38, no. 4, Dec. 11, 2018.
[Online]. Available: https://doi.org/10.1177/0894439318816638

[53] E. J. Nelson, T. Loux, L. D. Arnold, S. T. Siddiqui, and M. Schootman,
“Obtaining contextually relevant geographic data using facebook
recruitment in public health studies,” Health Place, vol. 55,
Jan. 2019. [Online]. Available: https://doi.org/10.1016/j.healthplace.
2018.11.002

[54] R. Pérez-Núñez, M. Híjar, A. Celis, , and E. Hidalgo-Solórzano,
“El estado de las lesiones causadas por el tránsito en méxico:
evidencias para fortalecer la estrategia mexicana de seguridad
vial,” Cadernos de Saúde Pública, vol. 30, 2014. [Online]. Available:
https://doi.org/10.1590/0102-311X00026113

[55] M. Touahmia, “Identification of risk factors influencing road traffic
accidents,” Engineering, Technology and Applied Science Research,
vol. 8, no. 1, 2018. [Online]. Available: https://bit.ly/3LXX6Ye

[56] K. D. Konlan, A. R. Doat, I. Mohammed, R. M. Amoad, J. A. Saah,
and et al., “Prevalence and pattern of road traffic accidents among
commercial motorcyclists in the central tongu district, ghana,” The
Scientific World Journal, vol. 2020, Jun. 1, 2020. [Online]. Available:
https://doi.org/10.1155/2020/9493718

[57] F. S. Ruiz, , J. C. Souza, F. V. Narciso, A. M. Esteves, R. da Cunha
Soares Junior, and et al., “Accident risk factors among brazilian
shift-working truck drivers,” Health Science Journal, vol. 9, no. 6,
Oct. 30, 2015. [Online]. Available: https://bit.ly/38e1SCu

[58] E. Barrera-Sánchez and R. Pazmiño-Maji, “Determinación de las
principales causas de accidentes de tránsito en el ecuador desde
el 2016 hasta 2018,” KnE Engineering, Tech. Rep., 2020.

[59] A. R. G. García, M. R. Puga, P. R. S. Bermúdez,
F. A. C. Ortega, M. C. C. Miño, and L. A. G. Jijón,

129

https://link.springer.com/article/10.1007/s11524-006-9106-x
https://www.cdc.gov/epiinfo/
https://www.cdc.gov/epiinfo/
https://doi.org/10.1590/S0034-89102011005000031
https://doi.org/10.4314/ahs.v15i2.22
https://eprints.glos.ac.uk/id/eprint/6781
https://eprints.glos.ac.uk/id/eprint/6781
https://doi.org/10.1177/0145482X1510900215
https://doi.org/10.1177/0145482X1510900215
https://doi.org/10.1108/10662241211199960
https://doi.org/10.1108/10662241211199960
http://www.informingscience.com/ijds/Volume10/IJDSv10p279-299Dusek0717.pdf
http://www.informingscience.com/ijds/Volume10/IJDSv10p279-299Dusek0717.pdf
https://doi.org/10.1017/S104909652100041X
https://doi.org/10.1017/S104909652100041X
https://doi.org/10.23889/ijpds.v1i1.118
https://bit.ly/3FoUVKW
https://bit.ly/3FoUVKW
https://doi.org/10.1016/j.jclinepi.2009.08.008
https://bit.ly/3kRkv1W
https://doi.org/10.1016/j.aap.2007.10.016
https://doi.org/10.2196/jmir.7071
https://doi.org/10.1016/j.invent.2016.02.001
https://doi.org/10.1016/j.invent.2016.02.001
https://doi.10.2196/jmir.8353
https://doi.org/10.1093/heapol/czaa158
https://doi.org/10.1080/1743727X.2017.1295939
https://doi.org/10.2196/18762
https://doi.org/10.1016/j.copsyc.2015.09.011
https://doi.org/10.1016/j.copsyc.2015.09.011
https://doi.10.2196/jmir.6404
https://doi.10.2196/jmir.6716
https://doi.org/10.1177/0894439318816638
https://doi.org/10.1016/j.healthplace.2018.11.002
https://doi.org/10.1016/j.healthplace.2018.11.002
https://doi.org/10.1590/0102-311X00026113
https://bit.ly/3LXX6Ye
https://doi.org/10.1155/2020/9493718
https://bit.ly/38e1SCu


C. Domínguez et al., Revista Facultad de Ingeniería, Universidad de Antioquia, No. 107, pp. 113-130, 2023

“Caracterización de la mortalidad por accidentes de tránsito
en ecuador,” Cienciamerica, vol. 5, Dec. 2016. [Online].
Available: https://repositorio.uisek.edu.ec/bitstream/123456789/
3003/1/19.%201390-9592%20GOMEZ%20ANTONIO%202015-02.pdf

[60] J. J. Rolison and S. Moutari, “Combinations of factors contribute to
young driver crashes,” Journal of Safety Research, vol. 73, Jun. 2020.
[Online]. Available: https://doi.org/10.1016/j.jsr.2020.02.017

[61] F. Gómez and J. P. Bocarejo, “Accident prediction models for bus
rapid transit systems: Generalized linear models compared with
a neural network,” Transportation research record, vol. 2512, no. 1,
Jan. 1, 2015. [Online]. Available: https://doi.org/10.3141/2512-05

[62] Z. Fan, C. Liu, D. Cai, and S. Yue, “Research on black spot
identification of safety in urban traffic accidents based on machine
learning method,” Safety Science, vol. 118, Oct. 2019. [Online].
Available: https://doi.org/10.1016/j.ssci.2019.05.039

[63] O. S. Balogun, S. A. Olaleye, X. Z. Gao, and P. Toivanen, “Concomitant
with nigerian road traffic accidents: an application of a generalized

linearmodel,” in 37th International Business InformationManagement
Association (IBIMA), Cordoba, España, 2021, pp. 1040–1055.

[64] M. Das, P. Ester, and L. Kaczmirek. (2018) Social and behavioral
research and the internet: Advances in applied methods and
research strategies. Routledge. [Online]. Available: https://bit.ly/
3FqLpXD

[65] R. L. F. de Almeida, J. G. B. Filho, J. U. Braga, F. B. Magalhaes,
M. C. M. Macedo, and K. A. Silva, “Via, homem e veículo: fatores de
risco associados à gravidade dos acidentes de trânsito,” Revista de
Saúde Pública, vol. 47, no. 4, Aug. 2013. [Online]. Available: https:
//pesquisa.bvsalud.org/portal/resource/pt/lil-695413?lang=es

[66] Y. Wang and W. Zhang, “Driving commerce to the web-corporate
intranets and the internet: Lines bluranalysis of roadway
and environmental factors affecting traffic crash severities,”
Transportation Research Procedia, vol. 25, 2017. [Online]. Available:
https://doi.org/10.1016/j.trpro.2017.05.407

130

https://repositorio.uisek.edu.ec/bitstream/123456789/3003/1/19.%201390-9592%20GOMEZ%20ANTONIO%202015-02.pdf
https://repositorio.uisek.edu.ec/bitstream/123456789/3003/1/19.%201390-9592%20GOMEZ%20ANTONIO%202015-02.pdf
https://doi.org/10.1016/j.jsr.2020.02.017
https://doi.org/10.3141/2512-05
https://doi.org/10.1016/j.ssci.2019.05.039
https://bit.ly/3FqLpXD
https://bit.ly/3FqLpXD
https://pesquisa.bvsalud.org/portal/resource/pt/lil-695413?lang=es
https://pesquisa.bvsalud.org/portal/resource/pt/lil-695413?lang=es
https://doi.org/10.1016/j.trpro.2017.05.407

	Introduction
	Method
	Study design, setting, and source population
	Sample size and participant enrollment
	Data collection method and questionnaire
	Study variables
	Statistical analysis

	Results
	Lifetime prevalence of self-reported RTC
	Typology (profile) of people who have suffered an RTC (MCA1)
	Typology of RTC (based on event characteristics)

	Discussion
	Key results
	Methodological issues and study limitations
	Interpretations of findings and comparison with other studies
	Future research

	Conclusions
	Declaration of competing interest
	Acknowledgements
	Funding
	Author contributions
	Data availability statement

