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Abstract: In most cities, discretionary passenger transport by car is predominantly supplied by taxi
services. These services face competition from new digital platforms (UBER, Cabify, etc.) that connect
users with the services offered by authorized drivers with a license for rented vehicles with drivers
(VTC). However, very little is known about the impacts that these services produce in cities where
they operate. So far, most studies on this issue have focused on cities of the United States of America,
and they broadly found a positive impact in terms of road safety. Road safety has become one of
the priority focuses for ensuring social welfare, to the point of being integrated into the Sustainable
Development Goals as a primary value to achieve sustainable, safe and responsible mobility. Within
this context, the objective of this paper is to analyze the impact of ride-hailing platforms on the
frequency of traffic accidents with at least one fatally or seriously injured person in the municipality
of Madrid from 2014 to 2018. To do this, a regression analysis has been carried out using a random
effects negative binomial regression (RENB). The results of the model show that Uber and Cabify
services are associated with a decrease in fatal and serious accidents in Madrid.

Keywords: ride-hailing; killed or several injures; drunk driving; traffic fatalities; Uber; Cabify

1. Introduction

The extraordinary progress in the field of Information and Communication Technolo-
gies (ICT), especially with regard to the internet (access to the network and the development
of its potentialities), has reconfigured the way people access information, the way they offer
goods and services, and ultimately, the way in which people communicate [1–3]. These im-
portant advances, in conjunction with the increase in the speed of internet connections, the
advent of smartphones and the proliferation of smartphone applications, has profoundly
reshaped the mechanisms underlying trade, consumption and social relations. This has
given rise to new economic models where technology is enabling new ways to connect
and to create share value. These new business models employ collaborative platforms that
facilitate that people, often private individuals, offer the temporary use of goods without
modifying their ownership (for example, rooms in a house), or the service delivery, in
exchange, or not, of a consideration. They facilitate the exchange of underused goods,
either by selling them or giving them away for free or by sharing space or time [4]. It is
also worth mentioning the critical role played by User Generated Contents (UGC) which
provide a framework where service quality ratings by users are available to other potential
users [5]. According to the National Markets and Competition Commission, this rapidly
evolving phenomenon, known as the collaborative economy, has experienced exponential
growth in recent years and has enormous future potential, mainly due to the predisposition
of the new generation, the digital native, to trust these exchange and production systems,
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revealing a public and stable identity in digital platforms and ecosystems. Among the top
25 sharing economy platforms worldwide, Uber stands out, with an investment of more
than USD 6 billion [6] and has gained such a notoriety that it is frequent to hear terms such
as “ubernize” or “uberization” to refer to platforms that, thanks to the internet, allow some
people to make availble to others various goods and services.

This platform offers urban and interurban transport solutions, and is based on con-
tacting, through its mobile application, available vehicles and users who demand, instantly,
short-distance urban transport within the town. These new services offer an alternative to
the service traditionally offered by the taxi sector. However, very little is known about the
impact that these ride-hailing services have on the cities where they operate.

In terms of road safety, most of the studies have focused on cities of the United States
where these types of services operate. However, these studies have found mixed results
with respect to their effects. Meyer asserts in his book that, according to a report issued by
Uber and Mothers against Drunk Driving (MADD), young people prefer to use this service
rather than driving their own vehicles if they plan to consume alcohol. The results of the
study are compatible with other data: after the UberX service began operating in cities
in California, the monthly accidents related to alcohol dropped by 6.5% among drivers
under the age of 30 [7]. A study on California found that the advent of UberX resulted in a
3.6–5.6% decrease in the rate of motor vehicle homicides per quarter [8]. Morrison et al. [9]
found a relationship between the 62% reduction in the accident rate related to alcohol and
the implementation of ride-hailing platforms in the city of Portland (Oregon), but not other
three cities considered in the study. In the case of New York, a reduction from 25–35%
(around 40 collisions per month) was observed in the collision rate related to alcohol in the
districts of Manhattan, Bronx, Brooklyn and Queens [10].

On the contrary, and after analyzing data on traffic accident causalities associated with
alcohol consumption in the 100 largest metropolitan areas of the United States between
2005 and 2014, no relationship was found between these deaths and the implementation of
these services [11]. Similarly, Huang et al. [12] analyzed data for some South African cities
and found no evidence of reduction in accident rate after the introduction of Uber.

Road crashes represent today a problem of high economic and social impact. In
economic terms, the annual cost of road crashes in the European Union is 2% of its Gross
Domestic Product (GDP) [13]. In social terms, because it is one of the leading causes of
death globally in children and young people; every 30 s somebody dies in a road crash [14].
So much so that the 2030 Agenda for Sustainable Development has set two goals: target
3.6, which says “by 2020, halve the number of global deaths and injuries from road traffic
accidents”, and target 11.2 that says “by 2030, provide access to safe, affordable, accessible
and sustainable transport systems for all, improving road safety, notably by expanding
public transport, with special attention to the needs of those in vulnerable situations,
women, children, persons with disabilities and older people” [15].

Based on this and studies carried out in the United States, ride-hailing platforms such
as Uber or Cabify (the principal competitor of Uber in Spain, with cheaper services than
taxi) could improve the supply to segments of demand that previously had greater difficulty
accessing taxis or public transport, for example in low-income families or residents of the
periphery of the cities, and may serve to reduce deaths and serious injuries from traffic
accidents.

The aim of this study is to investigate whether there has been a reduction in the rate
of accidents during weekend and public holidays and accidents related to alcohol or drug
consumption in the municipality of Madrid since the implementation of Uber and Cabify.

2. Materials and Methods

To analyze the impact of ride-hailing platforms on traffic accidents in Madrid, the
authors had to face two main challenges.

Firstly, to carry out an in-depth analysis of the accidents that occurred between 2014
and 2018. During these years, a total of 4506 accidents with a fatal or serious injury were
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recorded, with 43% (1942) of these accidents taking place during weekends or public
holydays, and 6.5% (293) of them being related to alcohol or drug consumption (Figure 1).
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Figure 1. Distribution of the total number of road accidents (left bars) and accidents related to alcohol
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period spanning 2014 through 2018. Source: own research.

Conversely, in a big city like Madrid, with more than 3 million inhabitants, there
are large geographical contrasts. Madrid has historically been crossed by a running edge
that goes from the north to the south and from the east to the west. In the east and the
south, there are industrial areas and traditional working-class neighborhoods, and the
north and the west are inhabited by by middle and upper classes. The districts, with their
neighborhoods, seem like small independent cities in which there are a main street, where
the textile and fast-food franchises are located, parks, squares . . . and they have their
own customs and traditions. For this reason, it was necessary to analyze performance by
districts. It is worth highlighting that in this type of analysis which focuses on smaller
zones such as wards, neighborhoods or intersections among others, certain variables exist,
and some estimation methods are difficult to conduct [16–18]. Nevertheless, a small-scale
analysis can reveal other effects which are difficult to assess in a wider area analysis [19].

To assess the impact of Uber and Cabify, along with the evolution of other socio-
economic factors on the rate of road accident, we carried out a spatio-temporal analysis to
compare the accident rate before and after the implementation of Uber and Cabify in the
city of Madrid.

2.1. Division of the Municipality by Districts

We decided to analyze the accident rate by district in order to establish a relationship,
if any, between the frequency of road accidents and urban areas where they occur, each
with its own urban, socio-economic and cultural characteristics.

Dumbaugh and Rae [20] studied how urban form—specifically land use and street
network configurations—may influence the incidence of traffic-related crash injuries and
deaths. They detailed the development of a database of crash incidence and urban form
at the block group level for the City of San Antonio (Texas, USA), the first database of
this kind. They analyzed factors such as road infrastructure, urban design, population
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density or land use at a neighborhood level. They reported a positive association between
the presence of arterial or primary roads and road accidents. In addition, they found
that specific types of commercial land uses, such as big box stores, are related to a higher
risk of accidents. Based on the geospatial analysis proposed by Dumbaugh and Rae, the
municipality of Madrid is divided into the 21 districts of which it is made up (Figure 2). In
this way, the unit of analysis is the district and not the individual street or location of the
accident [18].
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3—Retiro; 4—Salamanca; 5—Chamartín; 6—Tetuán; 7—Chamberí; 8—Fuencarral-El Pardo; 9—
Moncloa-Aravaca; 10—Latina; 11—Carabanchel; 12—Usera; 13—Puente de Vallecas; 14—Moratalaz;
15—Ciudad Lineal; 16—Hortaleza; 17—Villaverde; 18—Villa de Vallecas; 19—Vicálvaro; 20—San
Blas-Canillejas; 21—Barajas.

2.2. Traffic Accidents Data Collection

The City Council of Madrid regularly publishes road accident data of the city produced
by the Municipal Police between 2010 and 2020 [21]. Each file includes a record for each
person involved in an accident (driver, passengers, pedestrians, witnesses, etc.), the type
of accident (double collision, multiple collision, pedestrian impact, etc.), the time of the
accident, district, street, the meteorological factors and the harm caused. In order to classify
the victims in a traffic accident, the methodology of the Spanish Statistical Service of
the Directorate-General for Traffic (DGT) has been followed, which categorizes a traffic
accident victim as being slightly injured when the person only requires the assistance of
emergency services or hospital treatment for less than 24 h, seriously when the victim
needs hospitalization for more than 24 h and as fatal victim the person who, as a result of
the accident dies at the scene of in the following 30 days [22].

As discussed at the beginning of this paper, traffic accidents are one of the leading
causes of death in the world and traffic accidents injuries have become a public health
problem [23]. The principal risk factor is alcohol consumption. In low-income countries, be-
tween 33% and 69% of the drivers who die in traffic accidents had consumed alcohol [24,25].
For this reason, it was decided to collect traffic accidents with at least one serious injury
or fatality in each district of Madrid. In an initial analysis, the dependent variables were
divided into two separate groups. The first group included the traffic accidents with at
least one seriously injured person and the second the traffic accidents with at least one
fatality. Finally, and given that in several districts there had been no accidents with fatal
victims, we decided to consider a single group made up of the sum of the accidents with at
least one death or serious injury in each district. The two dependent variables measured
for each of the 21 districts are listed below:
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• Number of accidents at the weekends and public holidays;
• Number of accidents with alcohol or drugs.

For the case of traffic accidents occurring during weekends, we have considered the
accidents taking place from Friday at 00:00 to Sunday at 23:59. We also considered the local
and national public holidays due to an increase in alcohol consumption [26].

In order to classify the alcohol-related accidents, it was necessary to cross-reference the
road accident information obtained from the Statistical Service of the Directorate-General
for Traffic (DGT) [27] with that reported by the Municipal Police of Madrid which enabled
us to obtain relevant information for each accident such as the district where it occurred or
whether those involved had consumed alcohol or drugs.

2.3. Modeling Urban Traffic Accidents

Count data consist of non-negative integer values and are encountered frequently in
the modeling of transportation-related phenomena. These data are properly modeled by
using a number of methods, the most popular of which are Poisson and negative binomial
regression models. Poisson regression is the more popular of the two, and is applied to
a wide range of transportation count data [28]. However, there are situations in which
observed count data do not meet all of the assumptions of the Poisson regression model.
One of the most commonly situations encountered in practice is the individual counts may
exhibit more variability than is expected from the Poisson model. Recall that the Poisson
distribution has one parameter λi, which characterizes both the mean and the variance of
the distribution. Thus, the Poisson model assumes that the conditional mean and variance
are equal, a condition known as equidispersion. The situation in which the variance is
larger than the mean is known as overdispersion [29].

A number of previous studies pointed out that the crash data are significantly over
dispersed [30,31]. This occurs for two primary reasons in cross sectional data. First, there
may be individual differences in responses that are not accounted for by the regression
model. This problem commonly occurs if an important predictor is omitted from the model.
Second, each count that occurs for an individual may not be an independent event as is
assumed by the Poisson distribution. This situation is known as contagion or state dependence.
In addition, one shortcoming of the Poisson regression model is that it does not contain an
error (disturbance) term that fully parallels the error term found in an ordinary least squares
(OLS) regression equation. Often there is additional heterogeneity between individuals that
is not accounted for by the predictors in the model and the Poisson error function alone,
which results in overdispersion. This can overcome by introducing the negative binomial
model accounts for overdispersion by assuming that there will be unexplained variability
among individuals who have the same predicted value. This additional unexplained
variability between individuals leads to larger variance (than expected by the Poisson
distribution) in the overall outcome distribution but has no effect on the mean. This
additional variability is conceptually similar to the inclusion of an error term in normal
linear regression. The Poisson model assumes that the outcomes for all individuals with the
same values on the predictors are samples from a single Poisson distribution with a given
mean. The negative binomial model, however, allows the observations of individuals with
the same values on the predictors to be modeled by Poisson distributions with different
mean parameters [29]. To this end, the negative binomial model uses another standard
(although less familiar) probability distribution, the gamma distribution to represent the
distribution of means [32]. In the negative binomial model, the error function is a mixture
of two different probability distributions, the Poisson and gamma distributions [29].

Greene defines in his paper that a useful way to motivate the model is through the
introduction of latent heterogeneity in the conditional mean of the Poisson model [33];

E[yi
∣∣xi, εi] = exp

(
α + x,

iβ + εi
)
= hiλi (1)
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where λi = exp (α + xi
’β), xi

’ is a vector of covariates for segment i, and βi is a vector of
estimable regression coefficients, yi and E[yi|xi, εi] are the observed and predicted number
of head-on crashes on road segment i, respectively, and hi = exp (εi) is assumed to have a
one parameter gamma distribution, G(θ,θ) with mean 1 and variance 1/θ = k;

f (hi) =
θθ exp(−θhi)h0−1

i
Γ(θ)

·hi ≥ 0, θ > 0 (2)

After integrating hi out of the joint distribution, we obtain the marginal negative
binomial (NB) distribution,

Prob[Y = yi|xi] =
Γ(θ + yi)·rθ

i (1− ri)
yi

Γ(1 + yi)Γ(θ)
yi = 0, 1, . . . , θ > 0, ri = θ/(θ + λi) (3)

The conditional mean of the outcome, given the values of the predictors, is identical
for the Poisson model and the negative binomial model.

E[yi|xi] = λi (4)

In contrast, the conditional variance of the outcome will be larger in the negative
binomial model than in the Poisson model. The variance for the negative binomial model
is given by;

Var[yi|xi] = λi [1 + (1/θ)λi] = λi [1 + kλi] (5)

where k = Var[hi].
The parameters of the negative binomial model are estimated by standard maximum

likelihood methods through maximizing the logarithm of likelihood function (Equation (3)).
The superiority of negative binomial model over Poisson regression model depends

on the value of dispersion parameter k. If k is not statistically different from zero, the
negative binomial model reduces to the Poisson model [34].

Nevertheless, in this study, temporal analysis has to be included in the modeling.
Naznin et al. [35] explain in their paper, that when crash data is collected from n = 1, . . . ,
N locations for t = 1, . . . , T time periods, as in our case, the negative binomial model
assumes that there are N*T independent observations. The time variant nature in crash
data is being omitted by the NB model and standard error of estimated coefficients may be
underestimated. One way to overcome this limitation is to treat the crash data in a time
series cross sectional panel data structure with N location groups and T time periods, and
by considering individual effects in the NB model, as suggested by Hausman et al. [36].
Hausman et al. examined both fixed and random definitions of the individual effects
and developed random effects (RE) and fixed effects (FE) models. However, fixed effects
models do not allow location specific variations, but random effects models consider
randomly distributed location specific variations. Shankar et al. [37] identified the random
effects negative binomial (RENB) model as being more appropriate for modeling median
crossover crash frequencies in relation to geometric and traffic variables in Washington
State. Another study by Chin and Quddus [38] used the RENB model to investigate the
relationship between crash occurrence and the geometric, traffic and control characteristics
of signalized intersections in Singapore. Both of the studies have found the RENB model
suitable for the variables (i.e., geometric and traffic) which are likely to have location
specific effects. Moreover, from an analytical viewpoint, RENB models offer advantages in
terms of model transferability and updating [28,36,39].

In light of the above, the model that is the most appropriate, and therefore selected for
this study is random effects negative binomial (RENB), as available crash data has a panel
structure, and the variables are likely to have location specific effects.

The structure of the RENB model used in this study is as follows:

E(Yit) = exp (βXit + ui + εit) (6)
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where E(Yit) represents the expected number of accidents in the ith district in year t, Xit is
the vector of explanatory variables, β is the vector of regression parameters, εit is the vector
of residual errors, ui represents the random effect for the ith location, and exp(ui) is gamma
distributed with mean 1 and variance αi, where αi is the parameter of overdispersion in the
negative binominal model. The RENB model allows the overdispersion parameter to vary
randomly from district to district, such that 1/(1 + αi) follows a Beta (r, s) distribution [35–37].

2.4. Variables Analysis

In order to determine the period of analysis for this research, it is necessary to know
when Uber and Cabify began operating in Madrid.

Uber arrived in Madrid in September 2014 through its UberPop version which enabled
anyone of legal age and with a driving license to register as a driver on the platform, and
provide transport services at the request of the users. This service was only in operation
until December 2014, when Madrid Mercantile Court Nº. 2 ordered the precautionary
suspension of the service throughout Spain alluding to “the nature of the commercial
service provided by Uber, its cross-border vocation, its will to sequentially gain a strong
position in the passenger transport market without fulfilling the administrative requisites”.
After the precautionary suspension of its activity, in March 2016 Uber returned to Madrid,
changing its model to adapt to the legislation in force. In this way, since then Uber has been
operating using professional drivers (self-employed or companies) with a VTC license.
Until then, Cabify has been operating in Madrid since 2011.

It would be logical to consider years prior to 2014 for this study, 2016 has been
considered as the first year in which these services have been operating in the city of
Madrid. This is because between January 2000 and September 2015, according to the
National Commission on Markets and Competition, a global investment in initiatives
related to the sharing economy was calculated to amount to 25,972 million dollars. But
this investment was particularly noteworthy between 2013 and 2015, since it grew from
1820 million dollars (2013) to 12,890 million dollars (2015), of which, 62% was invested in
transport related models [5]. In the case of Spain, the companies managing the ride-hailing
platforms of Uber and Cabify also recorded a considerable increase in their revenue from
the year 2015 (Table 1) [40].

Table 1. Evolution of Uber and Cabify income in Spain. Source: own research.

Euros (€)

2011 2012 2013 2014 2015 2016 2017

Uber
System

Spain S.L
- - - 515,864 1,268,657 1,428,545 2,885,186

Maxi
Mobility
Spain S.L
(Cabify)

2000 155,000 364,000 1,972,000 5,512,000 20,447,000 78,088,000

With respect to licenses for rented vehicles with drivers in the Region of Madrid,
which are necessary for these platforms to operate, we can observe a rapid growth from
2015 (Figure 3), with this growth being particularly prominent in 2018 and 2019 [41,42].
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Therefore, the period of analysis chosen for this research is 2014–2018. To indicate the
presence of Uber and Cabify during the years of study, a binary variable has been used
with value 1 and 0 indicating the presence and absence of the service, respectively.

It should be noted that more than 90% of fatal crashes occur in low-income and
middle-income countries (LMIC). Even in high-income countries, people of lower socio-
economic status are most at risk of being involved in these types of accidents [14]. For this
reason, we had to include a variable of socio-economic status. This variable is an indicator
that is calculated based on the average income per household and district (Equation (6)),
following the methodology used in the report conducted by the Area of Government of
Territorial Coordination and Public-Social Cooperation of Madrid for calculating the terri-
torial vulnerability index of neighborhoods and districts of Madrid and the vulnerability
ranking [43]. The annual average income values have been drawn from the “Urban Audit”
conducted by the Spanish National Statistics Institute (INE) [44]. In this case there were no
data available referring to income per household for the year 2017 and this was estimated
using the Consumer Price Index (CPI of Madrid for that year).

Socio− economic Status =
Average income

∑District 21
i=District 1 Average incomei

(7)

where:

Average income = 1−
(

Averag household income

∑District 21
i=Distirct 1 Average household incomei

)
(8)

Per capita income is one of the indicators most used in vulnerability and social
exclusion studies.

The economic well-being of people can be assessed more precisely when focusing on
the part of national income that is directly related to households, that is, the disposable
income, consumption expenditure and net savings added to the portion of public spending
related to health, education, housing, the environment and social welfare [45]. To do this,
average family income is a more reliable indicator as it contemplates not only the individual
incomes of the households, but it analyzes them from a comprehensive perspective of a
group of people who make common economic decisions, share their income and make a
series of expenditures that equally benefit all of the members of the group [46].
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Most of the research on poverty in developed countries focuses on household income
as the most solvent instrument to capture standards of living and distinguish those who
live in a vulnerable situation from those who have a level above the average. As well as
analyzing how many of these households are at risk of poverty, it is not only able to capture
the resource deprivation that puts the people living in the household at risk, but it is also
able to identify and relate it to different groups of households [47].

It has also been considered relevant to take into account the number of leisure es-
tablishments in each district as points of attraction for drivers, particularly at weekends
and on public holidays. These data have been obtained from the census of premises and
activities that the City Council of Madrid publishes in its open data bank. Another variable
included is the total size of the population in each district per year of the study.

It is worth noting that during the years analyzed there were no significant changes in
the traffic regulations or the sanctions for improper driving, so the study does not include
legislative variables.

Three different statistical models have been generated, comparing each one of the
three dependent variables against all of the independent variables in order to find spatial
relationships between socio-economic and urban factors, ride-hailing services and traffic
accidents. These two models are as follows:

• Accidents at the weekends and public holidays (Model 1);
• Accidents with alcohol or drugs (Model 2).

Table 2 shows a summary of the variables considered in this analysis.

Table 2. Variables. Source: own research.

Variables Definition

Accidents at the weekend and public holidays Number of accidents over the weekend and
public holidays in each district of Madrid

Accidents with alcohol or drugs Number of accidents with alcohol or drugs in
each district of Madrid

Population Number of people registered in each district

Leisure Establishments Number of premises dedicated to the catering,
leisure and entertainment activities

Ride-hailing Services
Year dummy variables

1: Uber or Cabify presence
0: neither Uber nor Cabify

Socio-economic status Indicator calculated based on the average
income per household and district

Before inclusion of variables into the model, a correlation matrix was developed
to examine whether the variables of concern are highly correlated with other variables.
The basic idea was to avoid inclusion of both variables which were highly correlated.
Correlation among variables were tested depending on the Pearson’s correlation coefficient.
The correlation was considered as high when the coefficient was more than ±0.7 [35,48,49].

2.5. Model Goodness of Fit and Selection

Model goodness of fit was tested and compared using the McFadden [50] pseudo-R-
squared value, estimated as follow:

R2 = 1− LL(β)

LL(C)
(9)

where LL(β) is the log-likelihood value of the full model, and LL(C) is log-likelihood value
of the constant only model.
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In addition, two information criteria were used to compare both models: the Akaike
information criterion (AIC) and the Bayesian information criterion (BIC). The AIC and BIC
are defined as follows:

AIC = −2LL + 2P (10)

BIC = −2LL + P(ln(n)) (11)

where LL is the logarithm of the maximum likelihood estimation for each model, P is the
number of model parameters, and n is the number of observations (n = 105).

A model with the lowest AIC and BIC values is preferred. To decide whether there is
a statistically significant difference between two models, Hilbe’s AIC and Raftery’s BIC
rule-of-thumb criteria were adopted in this study [51,52].

Table 3 shows the significance levels for both criteria.

Table 3. Significance levels for AIC and BIC. Source: Raftery, 1995 and Hilbe, 2011.

∆AIC for models A
and B Result if A < B ∆BIC for models A

and B Result if A < B

<0.0 & ≤2.5 No difference <0.0 & ≤2.0 Weak difference
<2.5 & ≤6.0 Prefer A if n > 256 <2.0 & ≤6.0 Positive difference
<6.0 & ≤9.0 Prefer A if n > 64 <6.0 & ≤10.0 Strong difference

10+ Prefer A 10+ Very strong difference

In this case study (n = 105), if the difference in the AIC value is greater than 6.0, then
the model with lower AIC is favored over another.

3. Results and Discussion

As previously mentioned, the study was conducted using data corresponding to the
period between 2014 and 2018. Table 4 provides a brief description and summary statistics
about the variables used in crash frequency model for the present study. Key features of
the input are:

• The mean and standard deviation for accidents at the weekends and on public holidays
research 18.50 and 8.96 respectively; and accidents with alcohol or drugs involved,
2.79 and 2.57, respectively. These numbers imply that a NB regression model is more
suitable than a Poisson regression model;

• The average population is 152,670 inhabitants per district, but the ratio of population
goes from a minimum of 45,950 to a maximum of 253,430 inhabitants;

• Madrid has an average of 860 leisure establishments per district;
• The indicator of socio-economic status has a mean value of 4.76 per cent.

Table 4. Descriptive statistics. Source: own research.

Obs. Maximum Minimum Standard
Deviation Mean

Dependent Variables
Accidents at the weekend

and public holidays 105 38 2 8.96 18.50

Accidents with alcohol
or drugs 105 13 0 2.57 2.79

Independent Variables
Population (per 1000) 105 253.43 45.95 54.11 152.67

Leisure Establishments
(per 1000) 105 3.22 0.06 0.61 0.86

Ride-hailing Services 105 1 0 0.49 0.6
Socio-economic status (%) 105 4.85 4.61 0.07 4.76
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Table 5 presents the matrix of the Pearson’s correlation coefficients among all variables
considered for the model. The results show that none of the variables are highly correlated
with other variables as the correlation coefficients are less than ±0.7.

Table 5. Pearson’s correlation coefficients among variables. Source: own research.

Population Leisure
Establishments

Ride-hailing
Services

Socio-Economic
Status

Population 1.0 0.294 * 0.027 0.205 *
Leisure

Establishments 0.294 * 1.0 0.089 0.009

Ride-hailing
Services 0.027 0.089 1.0 0.0

Socio-economic
status 0.205 * 0.009 0.0 1.0

* Significant at 0.05 level.

The dispersion parameter estimated from the NB model was found to be significantly
different from zero, which suggests that the negative binomial model structure was more
suitable than the Poisson structure.

Table 6 presents the comparison results for random effects negative binomial (RENB)
and the negative binomial (NB) models. To develop and select the considered models, the
statistical software package STATA version 16 was used. The results show that the RENB
model results in a significantly better log-likelihood at convergence than the NB model.
Moreover, the RENB model improves overall fit (R2 = 0.17 Model 1 and R2 = 0.14 Model 2)
compared to the NB model (R2 = 0.15 Model 1 and R2 = 0.12 Model 2). The likelihood-ratio
test vs. pooled test result indicates that the panel estimation is significant compared to the
pooled estimation.

Table 6. Results of the fitted models. Source: own research.

Model 1
Accidents at the
Weekends and

Public Holidays

Model 2
Accidents with

Alcohol or Drugs

Models RENB NB RENB NB

Log-Likelihood at
converge −314.4696 −322.7219 −193.5012 −197.5746

Log-likelihood with
constant only −378.6969 −378.6969 −225.3111 −225.3111

McFadden pseudo R2 0.17 0.15 0.14 0.12
AIC 642.9392 657.4439 401.0024 407.1491
BIC 661.5169 673.3676 419.5801 423.0729

LR test vs. pooled:
chibar2(01) 14.90 7.78

Prob ≥ chibar2 0.000 0.003
Hausman Test: chi2(8)

Prob > chi2
6.73

0.15 > 0.05
6.64

0.46 > 0.05

The two information criteria (AIC and BIC) are also used to determine the best model.
Both AIC and BIC give advantage to the RENB model over NB. In terms of AIC, the RENB
model has the lowest value. Based on Hilbe’s rule-of-thumb for this study (n = 105), if
AIC is greater than 6.0, then the model with the lowest AIC is preferred. For this study
sample, the difference in AIC was found for RENB versus NB by nearly 14, in model 1
and 6.15 in model 2, therefore the RENB is strongly preferred over NB. The superiority of
the RENB model was also supported by the BIC. Based on Raftery’s rule-of-thumb, the
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BIC was found to be very strong for the RENB versus NB by 12 in Model 1 and positive
difference in Model 2, which favors the random effect model.

In addition, the Hausman specification test is insignificant, which suggests using the
random effects model instead of the fixed effects model.

The results of RENB model is presented in Table 7. In the case of the city of Madrid,
the variable of rail-hailing services has a negative coefficient and is statistically significant
in two models, meaning that the implementation of Uber and Cabify has reduced accidents
with at least one fatal or seriously injured victim. Moreover, in accordance with Meyer [7]
and Greenwood & Wattal [8], accidents related to alcohol and drugs have also reduced in
the years since Uber and Cabify have been operating.

Table 7. Results of the estimated Model (z-statistics in parentheses). Source: own research.

Dependent Variables

Independents Variables
(Model 1)

Accidents at the Weekends and Public
Holidays

(Model 2)
Accidents with Alcohol or Drugs

Population 0.00517 *** (4.88) 0.00532 * (2.57)
Leisure Establishments 0.413 *** (5.09) 0.432 ** (2.64)

Ride-hailing −0.197 *** (−4.02) −0.982 ***(−7.89)
Socio-economic Status −2.373 *** (−3.24) −1.520 (−1.09)

Log-Likelihood −324.6569 −193.5012
Wald chisq 74.76 70.85

Prob > chisq 0.000 *** 0.000 ***
/ln_r 5.965 ** (2.62) 6.59 (0.54)
/ln_s 3.291 *** (6.23) 2.206 *** (3.65)

LR test vs. pooled: chibar2(01) 14.90 7.78
Prob ≥ chibar2 0.000 0.003

*** Significant at 0.001 level. ** Significant at 0.01 level. * Significant at 0.05 level.

With respect to the influence of the population on traffic accidents, this variable is also
statistically significant with a positive coefficient in the two models, which shows that a
higher level of population generates more traffic and, as a result, gives rise to an increase
in traffic accidents, in the same way as in the study carried out by Casares et al. [19].

Socio-economic status variable is significant and has a negative value in the case of
Model 1 which means that since Uber and Cabify began operating, accidents occurring
at the weekend and on public holidays with seriously injured or fatal victims have fallen
in the most vulnerable districts. As mentioned at the beginning of this article, the most
vulnerable areas are more prone to suffering accidents with fatalities. However, the impact
of this variable for accidents related to alcohol is not significant and, therefore, cannot be
considered as being conclusive data for this study.

With respect to leisure establishments, this variable has a positive coefficient in the
two models and is also significant, which means that there is a close relationship between
the local leisure agglomerations (restaurants, pubs, theaters, cinemas, etc.) and a higher
concentration of accidents with seriously injured or fatal victims.

However, we must acknowledge that this study has certain limitations. First, we do
not have information about the individual use of Uber or Cabify, therefore, we cannot
analyze the direct relationship between these services and the accidents with seriously
injured or fatal victims in the different districts, as we do not know in which districts Uber
and Cabify have a greater presence.

Second, we know the district where the accident occurs but the victim of the fatal or
serious accident does not necessarily have to reside in that district. The traffic accident
could have happened during the course of the journey. For this reason, we cannot relate
the reduction in the accidents in the most vulnerable districts with the reduction of deaths
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per traffic accident in people with a lower socio-economic level and with a greater risk of
being involved in these types of accident.

Finally, the study does not examine the relationship of the ride-hailing services in
traffic accidents with young drivers and traffic accidents with young drivers under the
influence of alcohol. In future research it would be advisable to analyze these relationships
to confirm whether young people do actually prefer to use these types of service when
they plan to go out and drink alcohol.

In spite of these limitations, this study complements the research carried out in cities
in the United States and obtains the first results of the relationship between ride-hailing
services and urban accident rates in the municipality of Madrid.

4. Conclusions

The disruption caused by these platforms and their effects on urban mobility, urban
development or infrastructure planning are still not definitive, although the available
studies have, in general, obtained positive results in those cities that have more experience
in the provision of these services.

The findings of this analysis reveal that the implementation of Uber and Cabify
services in the city of Madrid is related to a reduction of accidents with seriously injured or
fatal victims at weekends and on public holidays, as well as in accidents related to alcohol
and drugs.

This study shows that these services have had a positive impact on the most vulnerable
districts, reducing accidents on weekends and on public holidays, but it is not significant
in the case of accidents related to alcohol. Furthermore, similarly to the presence of leisure
establishments, the population has a significant impact on the concentration of traffic
accidents. This result coincides with that described in the book by Meyer, which indicates
that the entrance of these new competitors gives rise to an increase in the supply which can
make these types of services more accessible to a segment of demand which has difficulty
accessing taxis. When the number of vehicles is lower, they tend to be concentrated in
central areas of the city where the demand is higher. Furthermore, the ride-hailing services
have dynamic prices which vary depending on the demand for drivers, for example, at
Halloween or on New Year’s Eve, where the tariff can be up to three times higher. This
increase in prices encourages more drivers to work at times of high demand and the users
to trust in a service that will guarantee their return home after a night out, even if they live
in the outskirts of the city [6], reducing the need to use private vehicles to go out, and thus
contributing to a reduction of accidents related to alcohol.
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on 2 September 2019); https://www.mitma.gob.es/transporte-terrestre/servicios-al-transportista/
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• Population; http://www-2.munimadrid.es/TSE6/control/seleccionDatosBarrio (accessed on
20 March 2020)
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