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Abstract

Buses are among the most accessible and frequently used means of transport. Due to its importance, road

safety analysis is frequently conducted to reduce accidents. This paper studied the relationship between weather
conditions and the causes of accidents to improve road safety, focusing on long-distance services between Madrid
and Bilbao (Spain). We employed Latent Class Clustering (LCC) and Hierarchical Ordered Logit models to identify
these factors' relationships. Additionally, Kaplan-Meier survival analysis was adopted to provide temporal insights
into accident occurrences.

The main results show a downward trend in accidents since 2019, with manoeuvres being the most frequent
cause. LCC reveals that “manoeuvres and car invading lanes in the opposite direction” in “clear and cloudy weather”
has the highest probability of occurrence (63%). The hierarchical-ordered logit model indicates that rainy weather
significantly affects all accident causes. Kaplan-Meier survival analysis reveals a vertical initial decline in survival
probability within the first ten days, emphasizing a high initial accident risk.

The integrated approach used in this work provides a thorough understanding of accident hazards, which is its
main contribution. By integrating LCC, Hierarchical Ordered Logit models and Kaplan-Meier survival analysis; we
could offer a comprehensive and nuanced interpretation of the connection between weather and bus accidents.
The findings highlight the need for rapid and sustained safety interventions, enhancing robustness and providing
actionable insights for improving bus safety.

Keywords Bus transport, Road Safety, Weather conditions, Latent class clustering (LCC), Hierarchical ordered logit
method, Kaplan-Meier survival analysis

1 Introduction

Public transportation is safer than other motorized trans-
portation options. Nevertheless, a significant number of
bus-related incidents occur each year. The World Health
Organization stated that 84,500 people died on Europe’s
roadways in 2015 [1]. Road transportation accounts for
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ing these journeys are safe is crucial. Accident data from
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prior years can be analysed to identify the primary causes
of accidents.

Previous research has identified weather, speed, and
accident location as some of the most significant factors
influencing bus accidents [3]. However, the assessment of
bus safety has varied due to differences in data availabil-
ity and the methodologies used [4]. To develop effective
safety measures, it is essential to base analyses on real
accident data, providing concrete foundation for under-
standing and mitigating risks.

Accident data provides empirical evidence essential for
conducting robust and reliable analyses. By examining
real-world data, researchers can uncover trends, corre-
lations, and causative factors that might not be apparent
through theoretical models or simulations alone. Empiri-
cal data, like the “Road Accidents in India-2022” report,
helps identify critical factors contributing to accidents,
enabling detailed examination of trends and demo-
graphic impact.

Analysing real accident data to identify the most rele-
vant explanatory factors associated with traffic accidents,
by examining factors such as weather conditions, driver
behaviour, and road infrastructure, helps us gain valuable
insights into the root causes of accidents. This knowledge
can then be used to develop targeted interventions to
improve road safety and save lives.

For instance, Hammad et al. [5], found that weather
conditions like rainfall, temperature, fog, and windstorms
directly affect road traffic accidents (RTAs). Age, vehicle
size, drivers’ maturity, road conditions, and environmen-
tal impacts were significant factors in RTAs. Another
study analysed the correlation between rainfall intensity
and water depth in Seoul City, Korea, and traffic accident
severity. It found that traffic, environmental, human, rain,
water depth, and road factors correlate with accident
severity [6].

This study aims to analyze the safety of long-distance
bus services in Spain by focusing on the relationship
between weather conditions and accident causes. This
focus is particularly relevant because long-distance buses
are one of the most accessible and used transport modes
in Spain, and ensuring the safety of these trips is essen-
tial. By utilizing real accident data, from long distance
bus services between Madrid and Bilbao, we can accu-
rately identify the primary factors contributing to acci-
dents under different weather conditions. These insights
have the potential to shape the development of more
effective strategies for preventing and responding to bus
accidents. Moreover, the new methodology proposed can
be applied to analyze bus safety not only in other regions
of Spain but also in other countries worldwide, promising
a better future for bus safety.

This paper is structured in six sections. After this
brief introduction, the second section reviews previous
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research on road safety. The third section describes the
case study and data sources. Section four presents the
methodology employed, and the discussion and results
are presented in section five. Finally, the most relevant
findings and conclusions are presented in Sect. 6.

2 Literature review
Traveling by bus is recognized as one of the safest modes
of transport. According to a study published in the Jour-
nal of Public Transportation, public transit travel, includ-
ing bus travel, has about one-tenth the traffic casualty
(injury or death) rate compared to automobile travel [7].
However, bus safety remains a critical issue affecting pas-
sengers, operators, and governments and can have seri-
ous repercussions. Public Transport Companies’ (PTC)
perspective says bus accidents increase the costs of an
industry with high operational costs and low fare rev-
enues daily [8, 9]. Furthermore, it has been demonstrated
that passengers’ travel decisions are influenced by their
sense of bus safety [10]. To capture the effects of the sev-
eral factors that determine their frequency and severity, a
great deal of studies have been done on finding patterns
of bus accidents [11]. Data analysis can assist in deter-
mining the variables, such as traffic, weather, and road
conditions, that contribute to accidents. The research
by Kumar et al. [12]. suggests a technique for examin-
ing Gujarati hourly traffic accident data. The cophe-
netic correlation coefficient chooses the best distance
metric for clustering comparable accident patterns. The
outcomes demonstrate how effectively the suggested
strategy clusters districts with comparable accident pat-
terns, which can be utilized for trend analysis and other
purposes. To determine the primary causes and vari-
ables influencing bus accident data, Goh et al. [13] state
that a literature analysis can be used. Previous research
was based on aggregate data on several bus models and
the current bus accident classifications used in various
nations [14]. Studies have indicated that the number of
accidents is impacted by the type of vehicle, road param-
eters, weather, and traffic [15]. Data on bus accidents in
Denmark from 2002 to 2011 was examined in the study
by Prato & Kaplan [16]. The severity of bus accidents was
analysed using a generalized ordered logit model, and the
likelihood of passenger injuries was investigated using
logistic regression. According to the study, the severity
of bus accidents is positively correlated with the elderly
driver of the third party involved, high-speed restrictions,
nighttime, vulnerable road users, bus drivers, and other
drivers who cross at yellow or red lights. Heavy trucks,
running red or yellow lights at junctions, wide spaces,
fast speed restrictions, and slick roads all correlate posi-
tively with bus passenger injuries.

Weather conditions drastically impact the number of
road accidents and fatalities [17]. Poor weather reduces
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friction and hinders visibility, which contributes signifi-
cantly to crashes. Numerous studies conducted in recent
years have incorporated weather into road safety assess-
ments [18]. The findings indicated that the weather could
account for roughly 5% of the fluctuation in collisions
and fatalities per month [19].

The number of accidents reported has also been
shown to be influenced by road conditions, particularly
when paired with other outside variables like speed and
weather. It has been observed that haul portions, inter-
mediate stations, and intersections are the primary
locations for bus accidents [18]. Another element that
may have an impact on accidents is road infrastructure.
Gitelman et al. [20] assessed the safety efficacy of infra-
structure upgrades on Israel’s non-urban roadways. The
study’s data collection included about 200 sites with
roughly 30 treatments. Accident changes were investi-
gated using after-before comparisons that considered
variations in comparison-group sites and a regression-
to-the-mean. The study generated a weighted efficiency
index value for sites receiving comparable treatments.
The results were compared with prior local and world-
wide experience to determine a final list of safety conse-
quences. Accident reduction factors were obtained for 19
road infrastructure improvements. The study estimated
that the black-spots treatment project was associated
with an annual average saving of 224 injuries and 531
total accidents, which had a tangible economic value.
Overall, the study provides valuable insights into the
effectiveness of infrastructure improvements in reducing
accidents on non-urban roads in Israel.

When evaluating road safety, a causal relationship
between accidents and a set of explanatory variables
— generally discrete ones — must be defined. Once the
nature of the variables is known, different statistical
methods can be used to analyse the data and to identify
the relationship among different factors influencing the
accidents [21]. Through these methods, cluster analysis
(CA) Karlaftis et al. [22]., Latent Class Cluster (LCC) and
Multinomial Logit (MNL) Depaire et al. [23] are the most
used. Once the variables are clustered, the main problem
is to understand the relationship of the influencing fac-
tors. For this, different models such as the Generalized
Ordered Logit model, the Ordered Multilevel Cross-
Classification model, and the Hierarchical Ordered Logit
(HOL) model, have been used by different authors [24,
25].

On the other hand, Kaplan-Meier Survival analysis esti-
mates the probability of survival (i.e., no accidents) over
time, highlighting periods with higher or lower risk of
accidents, aimed to assess survival rates and predictors of
mortality among road traffic accident victims in Kinshasa,
DRC. Using a historical cohort design (2011-2016),
it found a 19.6% mortality rate, with socioeconomic
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status and specific body injuries predicting mortality.
The Kaplan-Meier method analysed survival, with SPSS
21.0 used for statistical analyses. This underscores the
significant toll of road accidents in the DRC and similar
contexts, emphasizing the need to address preventable
causes of death [26]. Another study using data from a
digital tachograph device aimed to evaluate the effects of
traffic safety education on abnormal driving behaviours
among bus drivers. A 9-week survey was conducted on
61 bus drivers, and a survival model was used to analyse
the effects. Results showed that the effects of education
decreased more quickly on acceleration-related abnor-
mal driving behaviours than steering- and deceleration-
related ones. The effects for the dangerous group lasted
longer than the normal group, suggesting that tailored
education could reduce abnormal driving behaviours.
The study recommends specialized education and peri-
odic training to prevent recurrence of abnormal driving
behaviours [27]. In urban transit area the study of Lip-
ton, Cunradi & Chen [28]examines the role of smoking
in all-cause mortality among urban transit operators,
focusing on a minority group. Data from 1,785 work-
ers, including 61% African American and 9% female, was
analysed. The study found that 45% of the workers were
current smokers, 30% were former smokers, and 25% had
never smoked. The probability of survival was lower for
former smokers but not for current smokers. Years of
smoking significantly contributed to mortality, with Afri-
can American and white operators having higher mor-
tality risks than Asian-American operators. Gender and
average weekly number of drinks were not significantly
associated with mortality. Although smoking rates have
declined among blue-collar workers, former smoking
prevalence may contribute to excess mortality [28].

Previous studies have used aggregate data from dif-
ferent types of buses and classifications across coun-
tries. However, the degree of influence and relationship
with other factors in bus accidents has not been thor-
oughly explored. Our study focuses on analyzing acci-
dent patterns in long-distance services between Madrid
and Bilbao, using the LCC methodology and Hierarchi-
cal Ordered Logit method. It seeks to identify the rela-
tionship between weather conditions and bus accident
causes, filling a gap in current understanding. This analy-
sis creates on previous studies and offers an up-date view
of bus safety research.

3 Case study

This study is centered on intercity bus transportation
linking the Spanish cities of Madrid and Bilbao, sepa-
rated by 395 km. The decision to use this road and its bus
services as the case study was made with three key fac-
tors in mind. Firstly, the route links two major Spanish
cities: Madrid, the country’s capital and most populous
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city in the centre, and Bilbao, the largest city in the coun-
try’s north. Second, this corridor is one of Spain’s busiest
roads, carrying a variety of vehicles, including cars, lor-
ries, and buses. And third, the diverse landscapes along
this route, including towns, valleys, and two significant
mountain ranges, present unique challenges for road
safety, making it an ideal case for this study. See Madrid-
Bilbao Road corridor in Fig. 1.

Additionally, the weather in the northern area of the
corridor is marked by cloudy and rainy days, posing an
additional safety hazard. The months that exhibit the best
visibility range from February to December (10 km). Jan-
uary holds the record for the lowest visibility at 9 km. The
yearly mean precipitation in Bilbao is 1200 mm. Through-
out the year, it experiences rainfall, with November being
the wettest month (103 mm) and September the driest
with only 31 mm of rainfall. January is the month that has
the highest level of cloudiness, at 51% while September
and October are the least cloudy months, with a cloudi-
ness of 34%. The State Meteorological Agency (AEMET)
provides all of this meteorological information.

4 Data and methods

In the initial stage, a general descriptive analysis was car-
ried out to obtain a summary of the data. Weather con-
ditions and accident causes were then grouped using
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Latent Class Clustering (LCC). After all variables were
found to be related, a Hierarchical Ordered Logit model
was used to validate the relationships that did not exist
between the variables. Additionally, Kaplan-Meier sur-
vival analysis was included to offer temporal insights into
the risk of accidents over time. Using a survival function
estimate, this method shows when accidents are more
likely and less likely to occur.

4.1 Data

The required data for this work were collected from two
primary sources: the bus operator ALSA and the State
Meteorological Agency (AEMET). The dataset includes
the report of the 115 accidents registered between Janu-
ary 2019 and November 2021. This number of accidents
referred to all services on this route. ALSA ’s bus accident
records contain the following information: date, location,
and causes. The factors considered in this study were
accident characteristics and weather conditions. Acci-
dent characteristics included the year of the accident, the
season in which the accident occurred, and the causes of
the accident. ALSA categorizes those accidents under 9
main causes: Al-Manoeuvres, A2-Car invading lane in
the opposite direction, A3-Others, A4-Spin, A5-Passen-
gers (inside the vehicle), A6-Lane change, A7-Crossing
hit, A8-Fixed objects, and A9-Not respecting preference
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sign. Weather conditions included: W1-Visible (clear),
W2-Cloudy, W3-Rainy and W4-Foggy.

Table 1 shows the total km-driven and the number of
expeditions recorded by the operator ALSA in the three
years of this study. The reduction in the number of expe-
ditions registered in 2020 and 2021 was due to mobility
restrictions caused by the COVID-19 pandemic.

Initially, a general descriptive analysis was conducted
to obtain a summary of the data. This involved categoriz-
ing accident data by year and by the frequency of various
causes. This preliminary step provided and overview of
the accident trends and the predominant causes over the
study period.

4.2 Latent class clustering (LCC) analysis
Cluster analysis was employed to identify patterns
and groupings withing the data. Specifically, LCC was
selected for its ability to handle heterogeneous data and
uncover latent structures. To determine which model
best captures reality, we applied the Bayesian Informa-
tion Criterion (BIC) and the Akaike Information Crite-
rion (AIC) [29]. A lower number for each of these criteria
indicates a better fit, and they are crucial in figuring out
which cluster selection method works best.

As the observations inside a cluster are as similar as
possible and as different from each other [9], it served us
to determine the primary causes of accident occurrences.

4.3 Hierarchical ordered logit method

The data suggests that there is a relationship between
weather and accident causes. Nonetheless, there could
be a connection between two or more meteorological
factors that affect the reasons behind accidents. There
is no correlation to describe this relationship. Therefore,
at several levels, the link between independent variables
(weather) and dependent variables (accident causes)
needs to be assessed.

To further investigate the relationship between weather
conditions and accident causes, a Hierarchical Ordered
Logit model was applied. This method was chosen for
its ability to handle data with a hierarchical structure
and assess the impact of multiple independent vari-
ables (weather conditions) on the dependent variables
(accident causes). It is assumed that there is no asso-
ciation between the samples in the standard regression
approach. The residuals are independent as a result. Since
a hierarchical model can account for both within-group

Table 1 ALSA buses activities 2019-2021

Year Km driven Services
2019 (normal services) 3,958,217 10,021
2020 (Pandemic-4 months block-down) 1,742,009 4,410
2021 (Pandemic-restrictions) 2,374,930 6,012
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and across-group effects simultaneously, the model is
suitable for analysing data with a hierarchical structure.

4.4 Kaplan-Meier survival analysis

To provide temporal insights into accident risks, Kaplan-
Maier Survival Analysis was conducted. The Kaplan-
Meier estimator is a non-parametric statistic used to
estimate the survival function from time-to-event data.
For this study, the time-to-event data consisted of the
duration between the start of the observation period and
the occurrence of an accident. The survival function S(t)
represents the probability that a bus will operate without
an accident up to time t. This method estimates the prob-
ability of no accidents occurring over time and highlights
periods with higher or lower accident risk. The analysis
helps identify high-risk periods and informs the need for
targeted safety interventions.

Researchers obtained temporal insights into accident
dangers by applying Kaplan-Meier survival analysis. The
likelihood of not having an accident over time is esti-
mated using this method. To account for censored data
(individuals who did not have any accidents throughout
the research), accident dates were converted into a time-
to-event format. Although the Kaplan-Meier approach
offers significant insights into trends that vary over time,
complementing models such as LCC and Hierarchical
Ordered Logit models can be employed to investigate
the impact of additional variables on the likelihood of
accidents.

5 Results

The results of the analysis conducted in this study are
summarized in this section. Section 5.1 examines the
general descriptive analysis of the accident data. Sec-
tion 5.2 illustrates the results of the cluster analysis and
the number of clusters gathered by the algorithm. Finally,
the last section shows the relationship between weather
conditions and the cause of the accident obtained with
the Hierarchical Ordered Logit method.

5.1 Descriptive analysis

For the general descriptive analysis, accidents were
grouped by year, and the occurrence of each cause of
accident in these three years is shown to have a first over-
view. Figure 2 shows the number of accidents between
2019 and 2021. A deep exploration shows that the high-
est accident frequency in this timespan was in 2019. Due
to the pandemic lockdown and reduction in the number
of services, the lowest number of accidents occurred in
2020 (see Table 2).

Figure 3 shows the frequency of each of the 9 causes
of accidents considered by the operator in the three
years studied. The most frequent cause of accidents
is “manoeuvres” with a 46% share. Followed by “car
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Table 2 Accidents per km causes” (15%).

Year N° Accident Acci- Weather conditions were divided into four catego-

dentsper  rjes: visible, cloudy, rainy, and foggy. Table 3 shows the

km TN . . .
individual causes of accidents that occurred in different

2019 (normal services) 65 0.0000164 L . .
. weather conditions. As the trends show, manoeuvring is

2020 (Pandemic-4 months block-down) 19 0.0000109 th th ¢ f ident in all t ¢ th

2021 (Pandemic-restrictions) 30 00000126 e most frequent type of accident in all types of weather.

For rainy conditions, spin and car invading lanes in the
opposite direction of an oncoming vehicle have the same
invading lane in opposite direction” (19%) and “other

Causes of Accidents
Not Respecting Preference Sign |}
Fixed Objects |}
Crossing Hit |
Lane Change B |
Passengers (inside the Vehicle) [
Spin [N 11% |
Others |5 |
Car invading lane in opposite direction [ 19% |
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Fig. 3 Percentage of accidents based on causes
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Table 3 Causes of accidents y relation to weather conditions

Causes of accident Visible Cloudy Rainy Foggy
(clear)
Al-Manoeuvres 44% 58% 37%  36%
A2-Carinvading lane in opposite  19% 19% 16% 18%
direction
A3-Others 18% 4% 11% 27%
A4-Spin 12% 4% 16% 9%
A5-Passengers (inside the vehicle) 5% 8% 5% 0%
A6-Lane change 2% 8% 0% 9%
A7-Crossing hit 0% 0% 5% 0%
A8-Fixed objects 0% 0% 5% 0%
A9-Not respecting preference sign 0% 0% 5% 0%

Table 4 BIC and AIC values for Cluster models

Number of Clusters BIC AIC

1 630.57 617.55
2 626.17 597.51
3 642.58 598.29
4 -84.02 -14394
5 -563.29 -63884

Table 5 Contribution of weather condition and causes of
accidents to each cluster (%)

Variables Clus- Clus- Clus-
ter1 ter2 ter3
(C1) (€2) (C3)
Weather W1-Visible (clear) 55% 0% 64%
Conditions  w2-Cloudy 45% 0% 0%
W3-Rainy 0% 100% 0%
W4-Foggy 0% 0%  31%
Causes of Al-Manoeuvres 59%  41%  27%
Accidents A2-Car invading lane in opposite  19%  18%  21%
direction
A3-Others 4% 12%  35%
A4-Spin 6% 18% 14%
A5-Passengers (inside the 9% 0% 0%
vehicle)
A6-Lane change 3% 0% 0%
A7-Crossing hit 0% 0% 3%

percentage. In contrast, spin has a lower percentage in
other types of weather.

5.2 Latent class clustering analysis

An LCC analysis was done using JAMOVI (v.2.2.5). The
optimum number of clusters (3) was obtained by estimat-
ing BIC and AIC criteria evaluating from 1 to 10 clusters.
Table 4 presents the results of the first 5. These clusters
represent different combinations of weather conditions
and accident causes.

Table 5 shows the probability of each variable belong-
ing to each cluster. It is important to note that, due to
negligible correlation, the variables “fixed objects” and
“not respecting preference sign” were excluded from the

Page 7 of 11

Table 6 Probability of assignment of one accident to each
cluster
Cluster

Probability

C1. Manoeuvres and Car invading lane in opposite direc-  63%
tion in Clear and Cloudy weather

C2. Manoeuvres, Car invading lane in opposite direction of 22%
an oncoming and Spin in Rainy
weather

C3. Spin and Other causes in Foggy and Visible weather 15%

analysis. Consequently, the remaining parameters were
grouped into seven accident causes and four weather
conditions, resulting in three distinct clusters.

Cluster 1(C1). In this cluster, accidents happen when
the weather is visible or cloudy. The main causes are
manoeuvres and Car invading lane in the opposite direc-
tion, with 78% of its accidents. Based on these facts,
Clusterl is called: “Manoeuvres and Car invading lane in
opposite direction in clear and cloudy weather”.

Cluster 2(C2). In this cluster, 100% of the accidents cor-
respond to rainy weather, and they are due to “manoeu-
vres’, “car invading lane in opposite direction” and “spin’,
with 77% of the total number of accidents registered.
Because of this reason, Cluster2 is called: “Manoeuvres,
Car invading lane in opposite direction of an oncoming
vehicle and spin in rainy weather”.

Cluster 3(C3). In this cluster, two-thirds of accidents
happen in clear weather, while the other third in foggy
conditions. The causes are mainly “spin” and “other rea-
sons’, with 50% of the total accidents registered. Based
on these frequencies, Cluster3 is called: “Spin and other
causes in foggy and visible weather”.

Table 6 shows the probability of assignment to each
cluster. The table shows that the C1 has the highest likeli-
hood of occurrence of (63%). The two other clusters, with
22% and 15% respectively, are less likely to occur.

5.3 Correlation analysis hierarchical ordered logit

A Hierarchical method is implemented using STATA.
Table 7 shows the summary of p-values for the seven
causes of accident in each weather condition. It is impor-
tant to note that the method in this analysis was based
on four different weather conditions. In each evaluation,
there were seven iterations corresponding to the num-
ber of accident causes. It is important to mention that
two causes of accidents which are namely: fixed objects
and not respecting preference signs were ignored. This
was because they were not significantly related to the
weather. This estimation was done for each weather con-
dition and cause of accident one by one. Each complete
evaluation includes seven p-values plus the last iteration
by total p-value for that group. Also, all-weather condi-
tions were examined together for realizing the disappear-
ing correlation.



Rahnama et al. European Transport Research Review (2024) 16:51 Page 8 of 11
Table 7 Hierarchical results summary

Causes of ac- Manoeuvres Car invading Others Spin Passengers Lane change  Cross-
cident Weather lane in opposite (inside the ing hit
Conditions direction vehicle)

Visible 0.24 0.23 0.16 0.15 0.21 - -

Cloudy 0.04* 0.35 - - - - -

Rainy 0.0071%** 0.001%*** 0.001*** 0.005%** 0.0071%** 0.005%** 0.02%*
Foggy 0.72 0.68 032 0.71 1 1 0.008***

* P-Value“0.1 **P-Value®0.05 ***P-Value0.001

Survival Function of Bus Accidents

—— KM _estimate

0.8 - |
ey
Z 0.6+ -
3
o
Q.
S 0.4 1
2
>
wn

0.2 H

0.0 4 - |

0 10 20 30 40 50 60 70 80

Fig. 4 Kaplan-Meier Survival Function Plot

Table 7 presents the estimation results of regional
effects by weather types. In the analysis, the seven causes
of accident were evaluated to the 95% confidence level.
Rainy conditions have a significant impact on all acci-
dent causes, with p-values less than 0.05 across the
board. Additionally, cloudy conditions significantly affect
manoeuvres (p=0.04) while the analysis did not find sta-
tistically significant correlations for most accident causes
under foggy and visible conditions.

5.4 Kaplan-Meier survival analysis

As previously mentioned, the Kaplan-Meier survival
analysis was conducted to provide temporal insights into
the likelihood of bus accidents occurring over time. This
method is valuable for estimating the survival function,
which in this context represents the probability of no
accidents occurring within a specific time frame. Figure 4
illustrates the probability of no bus accidents occurring
over time in the study period.

Day

Survival probability The y-axis represents the survival
probability or the likelihood of no bus accidents up until a
specific point. The x-axis represents time in days.

Survival curve The blue line represents the estimated
survival function, which illustrates the gradual decrease
in the likelihood of surviving. The dark region surround-
ing the blue line shows the confidence interval for the
estimated survival. The estimate’s degree of uncertainty
increases with the width of the darkened area.

Initial period (0-10 days) The survival probability drops
dramatically during the first ten days. This suggests that
there is a reasonable chance of a bus accident during this
early stage. During the first ten days, the survival prob-
ability decreases from around 1 (100%) to about 0.4 (40%).

Mid Period (10-30 days) Compared to the first Period,
survival probability still drops, but it does so more slowly.
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The survival probability drops to about 0.2 (20%) by day
20.

Later period (30-60 days) As time passes, there are fewer
accidents since the chance of survival declines dramati-
cally. The probability of surviving after 50 days is almost
0.1 (10%).

End period (60-80 days) Almost all intervals have had
at least one accident, as the survival probability stabilizes
and becomes closer to zero.

6 Discussion

The results provide critical perception into the patterns
and causes of bus accidents on the Madrid-Bilbao route.
By integrating Latent Class Clustering (LCC), Hierarchi-
cal Ordered Logit models, and Kaplan-Meier survival
analysis, we achieve a comprehensive understanding of
the influence of weather conditions on accident risks.
These findings highlight the importance of weather-spe-
cific safety protocols and prompt interventions to miti-
gate accident risks.

The analysis of ALSA accidents on the Madrid-Bilbao
bus line between 2019 and 2021 shows significant pat-
terns, causes, and potential modifying factors. These
findings have considerable implications for transport
operators, policymakers, and society.

The initial analysis revealed that accidents occurred
most frequently in 2019, with a significant reduction in
2020, mainly due to pandemic-related mobility restric-
tions. This highlights the influence of external factors
on accident rates and underscores the need for trans-
port operators to adapt safety measures dynamically in
response to changing conditions. The breakdown of acci-
dents into nine types, with “manoeuvring” as the leading
cause, followed by “ Car invading lane in opposite direc-
tion " and “other causes,” provides a clear basis for tar-
geted interventions.

The relationship between weather conditions and
accident causes is particularly noteworthy. The Latent
Class Clustering (LCC) analysis identified three distinct
clusters based on weather and accident causes, reveal-
ing that specific weather conditions significantly influ-
ence the likelihood and types of accidents. For instance,
Cluster 1, associated with clear and cloudy weather, pri-
marily involved “manoeuvring” and " Car invading lanes
in opposite direction” In contrast, Cluster 2, linked to
rainy weather, included “manoeuvring,” “cars entering the
roadway in the opposite direction,” and “spin.” Cluster 3,
involving foggy and clear weather, was characterized by
“spin” and “other causes”

The Hierarchical Ordered Logit model highlights the
significant influence of rainy weather on bus accidents,
affecting all major causes of accidents. This finding aligns
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with previous studies like Malin et al. [18]that have dem-
onstrated the adverse effects of poor weather conditions
on road safety. The significant correlation between cloudy
weather and manoeuvres indicates that even less severe
weather conditions can impact driving safety, necessitat-
ing appropriate measures. The lack of significant corre-
lations in foggy and visible conditions for most accident
causes suggests that these weather conditions may not be
as critical as rainy weather. However, the significant rela-
tionship between foggy weather and crossing hits indi-
cates specific risks that need targeted interventions.

The Kaplan-Meier survival analysis revealed a high ini-
tial risk of accidents within the first ten days, reinforcing
the need for immediate safety interventions. Combined
with the LCC and Hierarchical Ordered Logit findings,
this temporal insight provides a comprehensive under-
standing of accident risks and underscores the impor-
tance of sustained safety measures over time.

Long-term policymaking should focus on weather-
specific safety protocols, driver training, infrastructure
improvements, and data-driven decision-making. These
include developing and implementing stringent protocols
to reduce accident rates, investing in better drainage sys-
tems and clearer road markings, and using advanced data
analytics to monitor and predict accident trends.

The study’s limitations include its focus on accidents
involving the ALSA operator on the Madrid-Bilbao route,
its short data period (2019-2021), its inability to cap-
ture longer-term trends or rare weather events, and its
inability to analyse factors like driver fatigue and road
conditions.

7 Conclusions

This study takes a special approach to analysing traffic
accidents on long-distance bus services between Madrid
and Bilbao. We utilize data from 115 traffic accidents reg-
istered by the ALSA operator between 2019 and 2021,
focusing on the interplay between weather conditions
and accident causes. Our novel approach incorporates
the LCC and Hierarchical methods, providing a fresh
view of this critical issue.

While previous studies have examined the impact of
weather on traffic accidents, our study uniquely inte-
grates temporal insights from Kaplan-Meier analysis with
clustering methods, providing a more nuanced under-
standing of accident risks. This integration allows us to
determine weather conditions significantly influencing
accident causes, offering actionable recommendations
for improving bus safety on long-distance routes.

One of the novel results of this study is the identifica-
tion of rainy weather as the most critical factor associ-
ated with bus accidents, which is consistent across both
LCC and Hierarchical analyses. Road safety measures
should mainly focus on rainy days to mitigate accident
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risks. The clustering analysis further revealed that Cluster
1, characterized by manoeuvres and cars invading lanes
in clear and cloudy weather, has the highest probability
of occurrence (63%), emphasizing the need for targeted
interventions.

Our study also provides significant temporal insights.
We found that 2019 had the highest accident rate, while
2020 saw the lowest, likely due to COVID-19 mobil-
ity restrictions. This temporal variation underscores the
importance of considering external factors when analys-
ing accident trends and the potential impact of such fac-
tors on bus safety.

By integrating multiple analytical techniques, our study
offers a comprehensive approach to understanding the
relationship between weather conditions and bus acci-
dents, thereby contributing significantly to the current
body of literature. Further research could expand on
these findings by incorporating data from multiple opera-
tors across different countries and extending the study
period to identify long-term trends. Additionally, explor-
ing the interaction of weather conditions with other fac-
tors such as driver fatigue, road conditions, and vehicle
maintenance could provide a more holistic understand-
ing of the causes of bus accidents.
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