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A B S T R A C T   

Assessing the crash risk on bus routes would be pivotal to increasing the transit system safety. All past studies 
largely focused on the proposal of some crash risk indexes, and only one (recent) research has computed the bus 
crash risk in transit services by developing a bivariate (frequency and severity) risk model. Conversely, as far as 
the authors’ knowledge, no research attempted to quantify the probability of bus crash occurrence as a risk 
component and present results by geographic information systems. This study covers these gaps by refining an 
existing framework to better adhere to the original and well-accepted definition of risk. Specifically, it models the 
bus crash risk on (parts of) routes as a function of the probability of having a crash, the related severity, and 
exposure terms. Next, (parts of) routes are ranked according to the risk value and classified by a multilevel scale, 
to show those with the highest risk. Experiments highlight the viability of this framework using 3000+ raw bus 
crash data records. The results are synthesised by straightforward charts and maps. This framework helps support 
public transport companies in enhancing safety performance because it could be implemented in a transit safety 
managerial system for monitoring and certification purposes according to safety norms and EU directives.   

1. Background 

Transit buses are capturing the attention of many administrations, 
being one of the main modes of transport to promote more sustainable 
mobility choices and tackle to the increasing effects of climate change. 
By moving many people, transit buses produce significantly less air 
pollution per passenger kilometre than cars do and can help in 
increasing road safety: the absolute numbers of crashes involving buses 
are much lower (e.g., [1,2]). However, these numbers cannot be 
neglected because (i) the bus (and/or coach) related crashes generate 
about 2 % of fatalities in Europe [3] and even more in developing 
countries (e.g., [4]); (ii) some studies provided evidence that the number 
of passenger-car crashes per million driver kilometres is like crashes per 
million passenger-bus kilometres (e.g., [5]). 

Hence, providing high safety performance for buses is crucial from 
the perspectives of Administrations, Public Transport Companies (PTCs) 
and customers, owing to the significant repercussions they generate. 

As for Administrations, public opinion may be sensible at the occur
rence of bus crashes because they usually capture the attention of media 
more than car crashes and might be seen as being far more severe than 

what the actual statistics indicate (e.g., [6]). For instance, bus crashes 
could generate the feeling that the PTC is not providing a safe service for 
passengers because a single crash can result in several injuries (e.g., [7]). 

From the PTCs’ perspective, the occurrence of any kind of bus crash 
increases the expenses of an industry that faces daily high operation 
costs and low fare revenues, e.g., [8–10]. Studies and reports showed 
that an accident with a third party is the more frequent kind of bus crash 
and provided evidence that outcomes are more severe for third parties 
than for the buses, e.g., [3,11,12]. Therefore, controlling and reducing 
bus-related crashes could improve the attractiveness and status of PTCs 
because it can reduce insurance premiums, property damage repair bills, 
injury claims and the damages of image itself as well [13]. In addition, 
high safety performance means high service reliability. 

As for the passengers’ perspective, increasing bus crash occurrence 
can decrease the confidence of passengers towards buses. Since bus safety 
is a crucial parameter of service quality, providing trips that are safer than 
trips-based cars can affect the perception and usage of the service [14]. 

All the previous reasons should push PTCs and Administrations to
wards wider attention on bus safety than the current one and can 
represent a priority to provide access and use to safe bus transit. 
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1.1. Literature review 

Since transports are complex systems, they frequently undergo 
functional problems that affect their safety and reliability. Therefore, 
many studies proposed theoretical analyses and/or methods aimed at 
the solution of such problems in several transportation fields, such as 
safety. For example, [15] and [16] examined the factors affecting the 
probability and the severity of marine crashes, respectively; [17] 
focused on aviation disasters by examining the causal and dependent 
relationships between several explanatory factors and outcomes in terms 
of aircraft damage and worker injuries. Moreover, other authors pro
posed methods for assessing the risk due to urban pipeline accidents 
considering the occurrence probability and the related consequences in 
terms of economic loss and threats to society and environment, in the 
case of crashes affecting transportation activities (e.g., [18,19]). 

Focusing on road transportation systems, directives, standards, and 
guidelines have been issued to encourage road organisations (e.g., PTCs) 
to improve their safety performance by mainly reducing the risk of fa
talities or serious injuries due to a crash, according to a managerial 
approach (EU Directive 1936/2019 [20,21] and ISO 39001:2012 [22]). 
They suggested a risk-based approach for evaluating safety performance 
as it has proven to return more effective and performing results in this 
field. For instance, a relevant case is [22], which was drafted with the 
intention of promoting a Road Traffic Safety Management System 
(RTSMS) according to a Plan, Do, Check and Act (PDCA) cycle (e.g., 
[23]). Although a key issue of this norm was the setting of a method to 
assess the crash risk, no explicit method was recommended. Conse
quently, without a specific method, other studies investigated the safety 
of road transportation systems in different ways. For example, [24] 
proposed a comprehensive model for assessing the risk of crashes in 
dangerous goods transportation that integrated the probability of 
occurrence of any crash with the related seriousness; [25] and [26] 
explored the factors explaining only the severity component of car and 
cycling crashes, respectively. Conversely, crash occurrence and severity 
should be both considered to describe the safety performance, as they 
help understand and quantify the impact of specific explanatory vari
ables over the expected number of crashes and the expected severity 
outcomes in terms of damage to people, conditional to the crash 
occurrence. 

As for bus safety, which is the focus of this paper, it has received 
much less attention in previous research than other road transport 
modes (e.g., [27]). Maybe some literature usually accepts that buses 
could enhance the safety of roads as they contribute to reducing traffic 
volumes (e.g., [1,28]). Moreover, to the best of our knowledge, unlike 
car crash data, detailed bus crash data are not usually made available 
from PTCs. Probably, PTCs are not eager to give publicity to these facts 
that may affect their image as usually occurs for other annoying issues 
such as fare evasion [29,30]. 

Nevertheless, as detailed in [31], the research on bus safety in 
developed countries can be mainly clustered according to (i) bus crash 
characteristics, (ii) multivariable prediction models of frequency and 
severity of bus crashes and, recently, (iii) risk-evaluation methods. 

As for (i), it represents former research on bus safety. This research 
analysed the type, the frequency, and the related severity of “with 
collision” crashes and “without-collision” crashes1 by frequency distri
butions, cross-tabulation among variables and simple regression 

functions, and identified crash causation factors and patterns (e.g., 
[32–36]). 

As for (ii), a lot of literature investigated the impacts of crucial fac
tors and related sub-factors (variables, determinants, attributes, or 
predictors) on crash occurrence and their severity by means of infer
ential models. Factors include context, infrastructure, vehicle, driver 
and passengers, and organisation variables, as well as exposure attri
butes (e.g., vei*km, pass*km). Depending on the searched output, the 
modelling form to be used changes (e.g., [37]). Specifically, crashes are 
infrequent, non-negative integers, and random events and have a fre
quency distribution skewed towards zero. The literature suggested using 
generalised linear models that adopted Poisson error structure or 
negative binomial regression structure to forecast the frequency of 
crashes (e.g., [38–44]). Conversely, the severity of a crash could be 
measured like an ordered response variable. Therefore, the modelling of 
the severity mainly adopted ordered logistic regression or probit models 
that measure the probability of being subject to severe damage - i.e., 
fatalities, injuries, and property damage only (e.g., [5,45–47]). Details 
on the effects of variables against the frequency and the severity of 
crashes were reported in [31]. Nevertheless, it is worth noting that while 
the frequency of crashes has been modelled a lot, no study modelled the 
likelihood (or probability) that a crash could occur along a route, ac
cording to the authors’ knowledge. Indeed, while the likelihood of crash 
occurrence was assessed from the bus driver’s perspective as a function 
of driving behaviour-related factors only, no investigations were carried 
out at the route level [48,49]. Perhaps the need for a huge amount of 
data could explain this missing evidence in the literature. 

As for (iii), few studies focused on risk assessment methods to eval
uate the safety performance of bus services and related attributes. A 
concise summary of these studies is reported in Table 1, which is briefly 
commented on some main points. 

First, some of the studies used data that were collected by surveying 
specialists (e.g., [50,51]), PTCs’ managers (e.g., [52]) and drivers (e.g., 
[53]). Therefore, these studies were done without using crash data, thus, 
reporting preventive analysis formerly the possible occurrence of the 
crash. 

Second, when crash data were used, the studies usually considered a 
three- and/or five-year period of analysis to have enough time horizon 
and more data, although some works focused only on a few cases of 
study crashes [54]. 

Third, studies were performed at different levels of detail, ranging 
from bus stops to the overall network, and different modelling tools were 
adopted. For instance, old studies considered descriptive statistics such 
as non-parametric statistical analysis, clustering method, and explor
atory factor analysis. Conversely, more recent studies adopted: a) 
inferential statistics, such as binomial logistic regression, to build risk 
functions in which frequency and severity models were integrated; b) 
risk analysis methodologies borrowed from the science of the informa
tion, such as the Tropos framework that was originally developed for 
evaluating the risks during the software development phase. Neverthe
less, none of these studies match the original and well-accepted defini
tion of risk, stating it as a product of three components, i.e., probability 
of crash occurrence, crash severity, and exposure to the hazard (e.g., 
[58]). 

Fourth, findings can be clustered as follows. A single study was 
focused on assessing the risk propagation paths to detect the causes of 
crashes and the underlying mechanisms [54]. Particularly, the authors 
individuated three crash typologies according to leading causes, i.e., bus 
company (e.g., crashes induced by driver’s and vehicle’s failures), pas
senger harassment attack (i.e., cases in which the passengers do not have 
obvious aggressiveness before getting on the bus, but they are influenced 
or stimulated by some undesirable factors leading to aggressive behav
iour during the trip), and terrorist attacks. Half of the reviewed studies 
focused on an index-based approach as they computed a simple safety 
index, including different factors related to bus services, to provide a 
ranking of safer bus services than others. For instance, at bus stop level, 

1 In this paper, a crash “with collision" denotes a bus impact with another 
object, vehicle, obstacle, or person. In other words, this term indicates a direct 
impact between the bus and another entity. Conversely, a crash “without 
collision" is an accident where a bus is engaged in an accident but does not 
directly impact another entity. Instead, this type of crash encompasses accidents 
following boarding, alighting, and in-vehicle operations. For example, it may 
include standing passengers falling during sudden acceleration, braking, or 
steering manoeuvres. 
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[50] identifies six safety categories of bus stops between A (the best) and 
F (the worst) based on a safety index that included conflict points with 
volumes of traffic, signage and marking elements, geometric features, 
lighting conditions and pavement. Rossetti and Tiboni [51] computed an 
index of safety. It incorporated weights and ratings related to qualitative 
and quantitative facets of the bus stops. This index ranged from 0 to 1 (1 
= greatest safety). The findings were shown on a map in a GIS envi
ronment to demonstrate safe (unsafe) bus stops. Law et al. [52] showed 
that bus safety can be explained by three main domains, i.e., bus safety 
situations, bus driver driving behaviour and road environment condi
tions. These domains are clustered according to an aggregate index: 
different intercity bus companies exhibited diversified safety perfor
mance in these domains. Mitsakis et al. [53] computed a risk index 
combining road types, weather, time, and simulation to recommend 
strategies to enhance safety, using stated preference questionnaires at 
the network level. Bentama et al. [55] computed a safety index able to 
highlight the urban perimeters, which are more likely to have a bus 
crash. They showed this index relevant for those perimeters having 300, 
000+ inhabitants. 

The remaining studies focused on routes and provided a general 
framework to evaluate the crash risk by a modelling-based approach. 
Porcu et al. [56,57] developed many univariates (binary) crash models, 
which combined each factor of frequency and severity with the related 
exposure variable before computing the bus crash risk. These studies 
differ in the formulation of the severity function and in the exposure 
variable: the last study modelled the severity function using the direct 
economic cost of each crash, which included medical, legal emergency, 
and property-related damages and used the passenger*km as an expo
sure factor. Nevertheless, in these models, the risk formulation is too 
fragmented: although simple, many binary models of crash frequency 
and severity vs. exposure factors can be difficult to manage. To 

overcome this drawback, [31] adjusted and enlarged the previous 
framework by integrating safety factors, multivariable prediction 
models and a risk method all in one. The results of all these studies 
returned a safety performance ranking among competing city routes. 

1.2. Objective 

Within this context, this paper enhances an existing risk assessment 
framework, embracing ISO 39001 [22] and EU Directive 1936/2019 
[20,21]. Building on [31], this framework clusters variables according 
to the levels provided by [22], i.e., intermediate, final and exposure 
factors and integrates a refined and quantitative crash risk method. 
Unlike [56] and [57], this study considers a bivariate risk model that 
includes two multivariable models of the probability of crash occurrence 
and related severity. The two models are then multiplied with an 
exposure factor to estimate the bus crash risk, restoring the original and 
well-accepted risk definition proposed by [58]. Furthermore, even if this 
study adopts a quite similar risk concept introduced in [31], it differs 
because (i) it models the likelihood of a crash to occur along a specific 
route segment instead of the frequency of its occurrence; (ii) it improves 
the formulations of the severity function by applying some procedures to 
select significant variables only, to enhance the statistical results; and 
(iii) it presents results by adopting risk maps on the transit network that 
were disregarded in the previous study to further help decision makers 
in understanding the critical issues on the bus routes. As for (i), it is 
worth noting that even if probabilities can be derived directly from 
almost any crash frequency models (like in all past research), the like
lihood of bus crash events rather than their frequency is motivated by 
the need for (a) to apply the widely accepted definition of risk index, e. 
g., [58]; (b) to assess the extent each (part of) route has a potential to 
generate even a single bus crash (owing to its, e.g., infrastructural and 

Table 1 
Literature review for studies on bus crash risk assessment methods.  

Sources Location, 
City 

Service 
Type 

Data crash 
source 

Sample 
(years) 

Crash 
collision 

Level of 
analysis 

Analytical tool Findings          

Ye et al.  
[50]. 

China Bus — — — Bus stop Cluster analysis Risk index combining characteristics of 
conflict points, context, and infrastructure 
factors 

Rossetti and 
Tiboni  
[51] 

Italy, 
Brescia 

Bus — — — Bus stop Weighted sum and 
GIS 

Weighted risk index combining context, 
infrastructure, and organisation factors          

Law et al.  
[52] 

Malaysia Bus — — — Network Exploratory factor 
analysis 

Risk index combining context, infrastructure, 
and driver factors          

Mitsakis 
et al.  
[53] 

Italy, 
Bologna 

Bus — — — Network Wilcoxon non- 
parametric test 

Risk index combining context and 
infrastructure factors 

Huang et al. 
[54] 

China Bus Public 
Transport 
Company 

3 crashes With and 
without 

Case 
specific 

Tropos Goal Risk- 
Accident 
Framework 

Risk propagation paths and mechanisms of 
the accidents. 

Bentama 
et al.  
[55] 

France, 
several 
cities 

Bus National/ 
Local crash 
database 

2338 crashes 
(2012–2014) 

With Network Spatial regression Risk index combining context factors          

Porcu et al.  
[56] 

Italy, 
Cagliari 

Bus and 
trolley 

Public 
Transport 
Company 

3457 crashes 
(1997–2001) 

With and 
without 

Route Power regression Framework evaluating the risk of crash. 
Univariate risk index including single 
variable (i.e., context, infrastructure, vehicle, 
and organisation factors) frequency models 
and severity models (injuries) linked to single 
exposure factors          

Porcu et al.  
[57] 

Italy, 
Cagliari 

Bus and 
trolley 

Public 
Transport 
Company 

3457 crashes 
(1997–2001) 

With and 
without 

Route Constrained 
power regression 
and social costs 

Framework evaluating the risk of crash. 
Univariate risk index including single 
variable (i.e., context, infrastructure, vehicle, 
and organisation factors) models of 
frequency and severity (economic) linked to 
single exposure factors 

Table 1 is representative (recent) but not a comprehensive list of references. 
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context characteristics) through a dimensionless indicator that is not 
biased by the specific part-of-route exposure level (e.g., number of 
passengers). Hence, the crash probability makes it easier to discern the 
effect each factor has on bus crash events. 

Finally, this study differs from all the previous literature approaches 
according to a simple crash risk index because it uses an index that 
aggregates the main components of risk in one measure, which was 
partially disregarded in those studies. 

Specifically, the new framework considers the risk components in 
terms of the probability of a crash occurrence, the potential crash con
sequences (vulnerability or severity) and exposure factors that could 
affect crashes in transit service. Next, the probability of a crash occur
rence and its potential consequences are modelled by logistic regression 
models, including intermediate variables and an exposure term to 
compute the bus crash risk index for each route. Finally, each route is 
ranked according to this risk index, and its safety performance is shown 
by easy-to-read dashboards also built into the Geographic Information 
System (GIS) environment. Therefore, this approach would help identify 
the worst safety-performing routes (part of) and, thus, better allocate 
resources accordingly. 

The viability of this framework is proved in a real-world experiment 
on crash data collected for five years from a mid-sized Italian PTC. 

1.3. Implications 

This study sheds light on still unexplored areas both from a theo
retical and a practical perspective. 

From a theoretical perspective, this study refines bus crash risk 
evaluation by restoring the original definition of risk to evaluate the 
safety performance of a bus transit system. Thus, it covers a research 
area partially unaddressed so far. Only a previous work addressed the 
risk concept in public transport according to a cohesive definition. From 
a practical perspective, this study provides PTCs with a former driver to 
implement an RTSMS to assess the bus crash risk on transit routes and 
monitor the safety performance of the overall transit system at hand. 
Although a similar approach to assessing safety performance is not new 

for road networks, it represents a novelty from the perspective of PTCs 
and their specific characteristics. Moreover, this framework complies 
with EU Directive 1936/2019 [20,21] because it faces road safety in 
terms of risk evaluation. In addition, as this framework complies with 
the requirements of [22], PTCs can certify the safety performance of 
routes accordingly. Hence, the system safety can be accomplished ac
cording to a managerial approach to possibly enhance the performance 
of road safety and cut the costs of operations due to fewer road crashes, 
as reported in a handful of big European PTCs (e.g., TFL London, 
STIB-Brussels). Finally, this framework can provide a higher awareness 
towards road safety issues because implementing a standardised and 
systematic process to control each route’s safety performance can pro
duce several benefits for PTCs. 

1.4. Organisation 

The remaining paper is organised as follows. The overall methodo
logical framework is described in Section 2. Its experimentation on a real 
case study, as well as its findings, are described in Section 3. Comparison 
with previous studies and some recommendations are described in 
Section 4. Finally, conclusions and future developments are delineated 
in Section 5. 

2. Methodological framework 

This section describes the framework to evaluate the risk of a crash 
involving buses according to the flowchart illustrated in Fig. 1. Because 
it is adapted from [31], it is briefly summarised in the following sections. 

2.1. Defining safety factors 

According to [22] and [31], three main categories of factors can be 
identified: (i) “intermediate outcome safety factors”, i.e., those reflecting 
safe planning and design, and the use of the transit network as well; (ii) 
“risk exposure factors”, i.e., those encompassing transit supply data (e.g., 
route length, frequency) and passenger volumes data and (iii) “final 

Fig. 1. The new framework for bus crash risk assessment (adapted from [31]).  
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safety outcome factors” i.e., those measuring the number and the severity 
of crashes, as well as additional factors to settle insurance claims and 
asses the crash’s costs with great graininess. Data on all these factors 
could be gathered by PTCs dataset and/or inferred from other sources (e. 
g., digital chartography). 

Specifically, a crash (i.e., a final safety outcome) can be seen as the 
outcome of an interaction between intermediate outcome safety factors 
(Figure 1′s top-dotted arrow) and risk exposure factors (Figure 1′s down- 
dotted arrow). 

Notably, some PTCs could classify some criminal and/or vandalism- 
related damage and/or personal injuries as crashes. These crashes are 
clear acts of damage. They do not connotate as “classical” crashes. 
Hence, they are neglected in this framework [31,33]. Moreover, ac
cording to [31] and [33], only crashes reported by PCT personnel should 
be examined. This is because, even if claims reported by other (third) 
parties could lead to an increase in the number of known crashes, they 
may be uncertain and vague unless they are verified by PCT staff, in 
which case they could be included in the dataset.2 

Finally, the PCT’s dataset includes both "without-collision" and 
"with-collision" crashes. Thus, in the following discussion, the term 
"crash" refers to both types of events. 

2.2. Refining the framework of crash risk 

The crash risk in transit could be evaluated using different methods. 
In this study, we refine the previous risk index proposed in [31] to 
restore the original and well-accepted risk definition. The new index 
models the functions of crash occurrence and crash severity, accounting 
for the exposure variables considering all the intermediate outcome 
factors available. This new formulation gives us the opportunity to 
define each function coherently with the crash data and makes it easier 
for experts to understand the outcomes. The risk index is computed for 
each route both at aggregate and disaggregate levels. Indeed, each route 
is partitioned into small and simple spatial units, in which characteris
tics within a unit are very similar (homogeneous), but units differ from 
each other. We define this unit as a segment. 

More formally, let:  

• T be the period during which the crash risk is assessed (e.g., a year).  
• L be the set of routes and l ∈ L a route.  
• J(l) be the set of homogeneous segments (e.g., the leg showing the 

same road configuration, the leg between two consecutive bus stops, 
other kinds of segmentation) of l ∈ L and j ∈ J(l) a homogeneous 
segment.  

• Ejl be the exposure factor on homogeneous segment j ∈ J(l) during T, 
intended as the rate of occurrence of the hazard event (e.g., it can 
quantify the number of passengers, the number of kilometres trav
elled, the number of passengers per kilometre travelled).  

• Pjl be the probability of a crash occurrence on homogeneous segment 
j ∈ J(l) during T, intended as the likelihood that, once the hazard 
event occurs, the complete crash sequence will follow with the 
necessary timing and coincidence to result in a crash.  

• Sjl be the crash severity on homogeneous segment j ∈ J(l) during T, 
intended as a driver of the possible consequences of the crash. 

Thus, for each route l ∈ L, the risk index (denoted by Rl) referred to T 
is computed as follows: 

Rl =
∑

j∈J(l)

Pjl ∗ Ejl ∗ Sjl ∀l ∈ L (1) 

Each term of Eq. (1) requires to be modelled, estimated and/or 
computed. As detailed in the next sub-sections, some steps are required. 
These steps help build a bivariate (probability of crash occurrence and 
severity) risk model together with all intermediate and exposure vari
ables to return a complete crash risk evaluation. Both the crash occur
rence and the crash severity are modelled as probability functions. It is 
worth noting that existing research on private (individual) transport 
showed that crash frequency and severity models can be classified as 
simultaneous and independent models [59]. The former aims at esti
mating both the frequency and the severity level of crashes by a unique 
model structure, thus, at once. They could be Multivariate and Joint 
[60–62].3 The latter aims at estimating the frequency and severity levels 
of crashes as distinct quantities by separated models. The most common 
independent models are univariate and two-steps models [60–62].4 

According to, e.g., [59,63] and [64], in this study, the crash occurrence 
and the crash severity are estimated separately. A two-stage model is 
applied, and straightforward binomial logistic regression (BLR) and 
site-specific intermediate variables are considered because:  

• According to [62], it is quite challenging to find the “ideal model” (i. 
e., “the one that uncovers causality, has excellent predictive capabilities 
and is scalable to very large data”) so that a trade-off between pre
diction accuracy and inference quality must be met.  

• Crash probability and severity models estimate two sides of the risk. 
Both sides generally require different strategies, namely preventive 
and protection actions, to reduce the number of crashes and their 
consequences respectively. Therefore, independent two-stage 
models better respond to this need as they enable a separated esti
mation of each component and consider a different set of explanatory 
variables for both [61,63,65,66]. In a single model, crash-specific 
and post-crash variables cannot be merged as they are not appli
cable for probability estimation, as they mainly refer to post-crash or 
event-specific conditions.  

• These models are independent; thus, they are more straightforward 
to develop and interpret as opposed to a simultaneous frequency- 
severity model: the development of two separated models helps in 
better understanding the single estimation results in terms of 
parameter estimates and significance magnitude understanding (e. 
g., [67,68]). 

Next, the occurrence and the severity of a crash, as well as the 
exposure term, are multiplied to compute the overall risk of crashes. 
Finally, three further steps occurred to build a ranking scale of risk, 
return some crash risk charts and maps, and provide suggestions on 
some risk management actions. 

2 Note that if a third party claims a possible crash, in many bus transit op
erators, PTC staff verifies it by cross-referencing several information, including 
date, time, location, vehicle number, and route. If the crash did occur, and the 
bus driver (or other PTC staff) did not report it, the crash is included in the 
dataset. However, unless specified otherwise, it is considered a PTC-detected 
crash, not a third-party claim. Therefore, this framework includes only actual 
crashes recorded by PTC staff. 

3 Multivariate models use crash frequency-based structure to estimate the 
expected number of crashes for each severity level at once. They enable the 
response variable to have multiple-level categories (e.g., severity levels) to be 
directly estimated within the frequency model. Joint models still estimate crash 
frequency and severity at once, but they are recognised to be more flexible with 
respect to multivariate model types, as the jointed parameters estimation of 
crash frequency and severity is moderated by the inclusion of a correlation term 
in the model structure.  

4 Univariate models rely on the application of crash frequency regressions to 
separated dataset, each one containing crash observation only related to a 
single severity level (e.g., non-injury, death, etc.). In this way, a set of frequency 
estimations is provided, one for each severity level considered. Two-stage 
models estimate crash frequency and severity separately, by mean of a 
multiple-stage procedure (i.e., two stages) and by including all the observa
tions. The total crash frequency is estimated first, independently from the 
severity level, which is, then, estimated by mean of a probability distribution 
function. 
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Step 1 - Crash data preparation 
Before modelling Pjl and Sjl one should arrange crash data to model 

both the crash probability and the related severity by preparing the 
crash dataset for this purpose. 

To assess crash probability, it is essential to expand the original 
transit crash dataset. This process is crucial to discover when crashes 
occur and when they do not. Therefore, the original crash dataset is 
expanded and integrated, encompassing all the possible combinations of 
context, infrastructure, organisation, vehicle, bus driver, and passenger 
factors. This is achieved by identifying missing circumstances where 
crashes do not occur. To accomplish this, beginning from the original 
crash dataset, a manipulated dataset is built. For each row, this dataset 
presents those combinations of intermediate factors for which at least 
one bus crash occurred. However, for other conceivable combinations of 
intermediate factors, crashes could not have occurred, suggesting safer 
conditions. Consequently, the effort involves identifying all such com
binations resulting in not occurred crashes and expanding the manipu
lated dataset by incorporating these missing records. To illustrate this 
concept, consider the following simplified example (Table 2). Let inde
pendent variables be Var 1 = [A, B]; Var 2 = [Yes, No]; Var 3 = [1, 2 , 3], 
respectively. Additionally, suppose the manipulated dataset includes 7 
combinations for which at least one crash occurred (i.e., the rows cor
responding to the response “Occurred crash”). The manipulated dataset 
is incomplete because it does not encompass all the possible 12 combi
nations of the independent variables. Therefore, the remaining 5 com
binations (i.e., those not associated with any occurred crash) are 
identified, added to the dataset, and matched with the response “Not 
occurred”. 

To estimate the crash severity, each crash is classified by its severity 
level, i.e., severe, and not severe crash. Thus, no expansion is required 
for the severity model, as the dataset already incorporates information 
about both "severe crashes" and "non-severe crashes" records. 

Next, because the crash probability and the severity will return a 
likelihood function, a multinomial logistic regression model is built to 
analyse them as described in the following sub-sections.   

Step 2 - Crash prediction models and refinements 
Bus crash occurrence on segment j ∈ J(l) (i.e., Pjl) can be defined as 

the likelihood a crash may occur in a fixed time interval T (e.g., a year) 
per unit of exposure factors (e.g., vehicles and passengers), for a specific 
combination of intermediate variables. Thus, for some combinations, 
the crash occurs; for others, it does not. Hence, the associated level of 
occurrence could be described by an ordered-response discrete variable. 
In this study, the probability of a crash occurrence is modelled as a bi
nary variable equal to 0 if the crash did not occur and 1 if the crash 
occurred. 

Bus crash severity on segment j ∈ J(l) (i.e., Sjl) can be defined as the 
maximum grade of gravity that passengers and/or third parties can 

experience after a crash has happened. The severity could be modelled 
in many ways. In this study, it is modelled by the highest consequence 
suffered by passengers to exploit the usual availability of these data 
among TAs/PTCs. Clearly, the more severe the consequence, the higher 
the severity. The levels of severity may be measured by a response- 
ordered discrete variable and formulated by ordered logistic re
gressions according to two, three and four levels that depend on the 
dataset available in PTCs. According to the authors’ knowledge, the 
urban bus crash datasets currently accessible in PCTs lack the necessary 
details to extract severity variables with numerous levels. Specifically, 
varying degrees of severity, such as the extent of injuries or property 
damage, are typically not recorded by most PCTs (e.g., [69]). Further
more, most TAs/PTCs often lack an accurate and refined dataset for 
conducting a thorough analysis due to the (thankfully) rarity of fatalities 
in urban bus networks. Consequently, the severity of crashes can be 
effectively modelled as a binary variable, mirroring the approach taken 
for the probability of crash occurrence: assigned a value of 0 for cases 
involving only material damage and 1 for instances involving injuries 
and/or fatalities. Moreover, one could argue that this approach treats 
routes with one severe crash in a similar way as with ten severe crashes. 
However, it is conservative because it follows the recommendations of 
"EU Road Safety: Towards Vision Zero" [70]: having a route with even 
one severe crash is not acceptable. 

Given these premises, both the crash occurrence and the related 
severity can be modelled as a BLR since the binary property of the 
response variable. Additionally, this choice simplifies the interpretation 
of the results. Indeed, the outcomes could be read by analysing the Odds 
Ratio (OR) related to each explanatory variable. Particularly, the OR 
returns the variation in the number of successes (an occurred crash, a 
severe crash) against each failure (a not occurred crash, a not severe – 
only material damage – crash) when the related explanatory variable 
undergoes a unit rise. Moreover, OR can be straightforwardly computed 
by taking the exponent of the coefficient estimate. When OR > 1 (<1), a 
rise in the related predictor leads to an increase (decrease) in the odds of 
crash occurrence and/or crash severity. Therefore, for each unit increase 
in the related predictor, the likelihood increases (decreases) consider
ably. The sign of coefficients is likewise relevant. Indeed, a negative sign 
indicates that a rise in the related explanatory variable leads to a 
decrease in the probability of a crash occurrence and/or crash severity 
and vice versa. 

Let:  

• I be the set of intermediate outcome factors and i ∈ I a generic factor.  
• α, βi be the coefficients to be estimated in the crash occurrence 

model.  
• δ, ϑi be the coefficients to be estimated in the crash severity model.  
• kjl be the response variable related to crash occurrence on j ∈ J(l) 

during T, which assumes 0 if no crashes occur and 1 otherwise.  
• hjl be the response variable related to crash severity on j ∈ J(l) during 

T, which assumes 0 in the case of property-damage-only crashes and 
1 if at least a crash implies injuries and/or deaths.  

• xi,jl be an explanatory variable linked with intermediate factor i ∈ I 
for each j ∈ J(l). This variable accounts for the main intermediate 
outcome factors and related sub-factors, which should influence the 
crash occurrence.  

• yi,jl be an explanatory variable related with intermediate factor i ∈ I 
for each j ∈ J(l). This variable considers the intermediate and final 
safety factors (and related sub-factors) that are assumed to influence 
the severity of crashes. 

According to [71], the conditional likelihood that the response bi
nary variable is equal to 1 given the values of predictors observed during 
T is computed as follows (for the crash occurrence and severity models, 
respectively): 

Table 2 
A simple example of an expanded crash dataset. The added combinations of 
independent variables (i.e., those associated with the response “Not occurred 
crash”) are indicated in bold italic font.  

Combination ID Var 1 Var 2 Var 3 Response 

1 A Yes 1 Not occurred crash 
2 A Yes 2 Occurred crash 
3 A Yes 3 Occurred crash 
4 A No 1 Occurred crash 
5 A No 2 Not occurred crash 
6 A No 3 Not occurred crash 
7 B Yes 1 Occurred crash 
8 B Yes 2 Not occurred crash 
9 B Yes 3 Occurred crash 
10 B No 1 Occurred crash 
11 B No 2 Not occurred crash 
12 B No 3 Occurred crash  
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Pjl = P
(
kjl = 1\

{
xi,jl
})

=

(
e(α+

∑
i∈I

βixi,jl)

1 + e(α+
∑

i∈I
βixi,jl)

)

∀j ∈ J(l) ∀l ∈ L (2)  

Sjl = P
(
hjl = 1\

{
yi,jl
})

=

(
e(δ+

∑
i∈I

θiyi,jl)

1 + e(δ+
∑

i∈I
θiyi,jl)

)

∀j ∈ J(l) ∀l ∈ L (3) 

Eq. (2) returns the probability of a crash occurrence, whereas Eq. (3) 
that of observing a severe crash, for each segment j ∈ J(l) during T, 
respectively. Both models are estimated by the maximum likelihood 
procedure and some stepwise regressions are applied to enhance the 
prediction and inference quality. 

Each model was assessed by analysing the quotient between the 
regression deviance and the degree of freedom (i.e., the deviance ratio - 
d.r.), its statistical significance, and the percentage of right predictions. 
In addition, also the sign of the regression coefficients, their significance, 
and the OR were considered for each model.   

Step 3 Crash risk calculation 
Step 2 estimates Pjl and Sjl, for the computation of the crash risk for 

each route segment j ∈ J(l). Next, the overall crash risk is calculated by 
totalling these outcomes for the whole bus route. Specifically, by 
substituting Eqs. (2) and (3) in (1), the route crash index is determined 
as follows: 

Rl =
∑

j ϵ J(l)

[(
e(α+

∑
i∈I

βixi,jl)

1 + e(α+
∑

i∈I
βixi,jl)

)

∗Ejl ∗

(
e(δ+

∑
i∈I

θiyi,jl)

1 + e(δ+
∑

i∈I
θiyi,jl)

)]

∀ l ∈ L (4) 

It is worth noting that Ejl will not undergo estimation through 
modelling but will be directly incorporated into the risk calculation 
when considering the specific segment j ∈ J(l). This value could be 
quantified, e.g., by multiplying the daily number of bus passengers 
carried along j ∈ J(l) by the associated segment length.   

Step 4- Crash risk priority scale 
By Eq. (4), the bus crash risk index is computed for each route. Next, 

the most unsafe routes can be ranked by adopting a specific risk scale, 
which can be constructed through various methods. In this study, a five- 
level scale is adopted, according to the European Directive (EU) 1936/ 
2019 [20,21]. The aim is to provide guidance to Administrations, PTCs, 
and practitioners in prioritising risk mitigation measures across various 
segments in the transit network, by well-practised tools. Moreover, this 
choice is influenced by the widespread use of four or five-level scales to 
classify, e.g. the severity of bus crashes (e.g., [31,72,73]). To maintain 
consistency with previous literature, the range value limits suggested by 
[74] for road (private) traffic crashes are used as a basis for categorising 
risk predictions into five levels. The adopted scale is based on the dis
tribution quartiles of the bus crash risk index. Specifically, Rl is 
computed for each route and its values are sorted from the lowest to the 
highest. Next, the 25th percentile (Q1) the 50th percentile (Q2), the 75th 
percentile (Q3), and the difference between Q3 and Q1 (i.e., the inter
quartile range - IQR) were set as thresholds. Usually, the IQR is adopted 
to identify and remove outliers from a distribution as follows: Q1 and Q3 
were adjusted by ∓1,5*IQR respectively; thus, a lower and upper 
threshold can be defined, beyond which the values of a distribution are 
considered as outliers. Conversely, in this study, the IQR is used to better 
refine the ranking scale and emphasise those outliers. More precisely, 
the quantity Q3 + 1,5*IQR defines a threshold, which enables identi
fying the routes with the highest bus crash risk. The quantity Q1–1, 
5*IQR does not contribute to the definition of a new level of the ranking 
scale. However, as Eq. (4) returns a non-negative value, the previous 
quantity must be higher or equal to zero. 

Table 3 shows the five-level ranking scale and reports the lower and 
upper limits for each level, which define the range values. The ranking 
scale should be read as an unsafety scale; thus, the lower the crash rate 
value, the safer the route. Therefore, according to the value returned by 

Eq. (4) levels R5, R4 and R3 denote the most unsafe routes, whereas R2 
and R1 those relatively safe. Hence, when defining strategies to improve 
bus safety, routes (segments) that score a crash bus index belong to level 
R5 should be prioritised in safety interventions (i.e., have a “Very High 
Priority” class according to [20] and [21]). 

Notably, although this scale depends on how acceptable ranges are 
defined, using the framework does not require adhering to the prior 
recommendations because acceptable ranges can be determined by 
relying on another basis.   

Step 5 - Crash risk charts and maps 
Once a ranking has been provided, a crucial issue is to build 

comprehensible and usable performance reports for e.g., planners, 
managers, decision makers (hereafter experts), for the effective analysis 
of data. In this context, clear representations of the results can be made 
by charts and maps. Charts provide a simple and clear dashboard of the 
safety ranking of routes at the aggregate level: values show the routes 
belonging to each level of the ranking scale. Hence, experts can have a 
clear picture of the safety performance of the overall route networks. 
Maps show the safety ranking of routes at the disaggregate level: each 
route segment is represented by the colour of the related safety ranking 
level. These maps are produced in a GIS environment and uploaded on a 
base city map to help experts detect the portions of the route needing 
more attention to improve its safety performance.   

Step 6 – Treatment of risk 
Once critical routes and/or segments have been prioritised, actions 

for improving their safety performance should be implemented. This 
task could be performed by analysing more in-depth the crashes to 
reduce and/or possibly eliminate the crash risk. Treatments should 
consider all the risk components and include prevention and protection 
actions. Prevention measures attempt to decrease Pjl while protection 
measures work to decrease Sjl. These actions are primarily addressed 
toward one risk side. Nevertheless, they can positively impact the other 
side; therefore, both actions can suggest a way to decrease the risk of 
crashes. More details were reported in [31]. 

3. Experiments on a real network 

3.1. Study context 

An experiment of this framework was carried out in Greatest Cagliari 
(GC), an Italian metropolitan area on Sardinia Island. This area has 
approximately 0.4 million residents disseminated in several common
alities. Moreover, GC has the highest demographic density in Sardinia, 
represents the principal commercial and administrative pole of Sardinia 
and originates/attracts thousands of commuters daily. The biggest PTC 
in Cagliari is named CTM, runs the transit service by 271 trolley/buses 
and carries 40.8+ million trips a year. Moreover, these vehicles yearly 
travel 12.4+ million kilometres along 34 routes [71]). All routes move 
on varied contexts, i.e., large industrial sites, residential areas, and 
others; the service mainly differs between winter and summer. For 
instance, during summer months, some routes enhance their frequency, 
to the detriment of others. 

3.2. Data type and sources 

Final, intermediate and risk exposure factors were gathered from 
several sources as follows. 

Final safety outcome factors were collected from the transit crash 
dataset of CTM, which was organised by inputting crash5 data reported 

5 CTM documents a ‘crash’ as whatever event happened without collision or 
with a collision in which a person, an object and/or a vehicle were involved. 
This event has induced damage only and/or injuries and/or fatalities. 
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on a paper format within an electronic source in Microsoft Excel. Such a 
source misses from the accurate crash location data: only the street’s 
name where a bus crash occurred was recorded. Thus, plane, or 
geographical coordinates were unreported. The overall dataset contains 
data collected from 1997 to 2001.6 A total of 892 crashes resulted in one 
or a handful of injuries [75]). 

Intermediate safety factors related to vehicle, driver and passenger, 
infrastructure and organisation were collected as follows. 

As for the vehicle, driver, and passenger data, these were available 
from the transit crash dataset of CTM because it gathers crash data to 
settle insurance premium disputes. Moreover, these factors drive de facto 
the crash data collection of CTM. 

As for infrastructure, road type data, number and width of lanes, 
existence of sidewalks, on-street parking, and the application of spatial 
bus priority strategies (if any) were inferred by a digital cartography. 

As for organisation, spatial and temporal features of routes, such as 
the itinerary and headways, are integrated, considering the bus network 
of 2001. The length of each route was computed by Google map, and 
route frequencies and service spans were supposed to be unvaried from 
1997 to 2001. The last assumption is realistic and does not affect the 
framework, because, despite the possibility of modest variations in 
routes and headways over time, the PCT follows a strict service contract, 
thus it can adjust at the best only 1 % on the total bus-km on the overall 
network. Some routes were not in service since 2001; hence, only 23 bus 
routes were considered in this experiment. When data collected among 
these sources are merged, some descriptive statistics of intermediate and 
final factors (and related subfactors) are shown in Table 4, which is self- 
explanatory. 

Noteworthy, three bus crashes over four reported material damages 
only denoting a quite safe bus network (as it happens for most of the 
PTCs running in developed countries – [33,34]) and about one bus crash 
over two happens in a lane, which is not standard for buses, according to 
[76]. 

For modelling purposes, each variable is categorical or binary in 
some cases (e.g., seasonality). Moreover, the dummy variables are edi
ted in italics when they are used as a base to compare models. 

In this study, the exposure factor quantifies the daily number of bus 
passengers per kilometre travelled [(passenger/day)*km] for each 
segment, considering the type, seasonality, and year. Specifically, it was 
computed as follows. First, passenger data were available segment-by- 
segment from surveys conducted by the PCT, along with the distance 
between bus stops that were straightforwardly measured from maps. 
Second, exposure was computed by summing the products of the num
ber of passengers on each segment between two successive stops 
multiplied by the associated distance for each day and type of season 
throughout the period covered by the crash dataset. 

Finally, in this study, despite possible gaps in amenities, segmenta
tion between consecutive stops was chosen for specific reasons: 

1. Exposure Term Collection: The number of passengers is collected 
and provided at consecutive bus stops. Hence, this gives a chance to 
better introduce heterogeneity in the exposure. 

2. Industry Practice: Segmentation between consecutive stops is 
widely adopted by PTCs as the minimum unit of analysis, which re
ported data and performances refer to (e.g., [77–80]). Hence, this en
hances the comprehensibility of results within the PTC community. 

3. Experiment Replicability: Defining the segment as “the leg between 
two consecutive bus stops” helps remove any ambiguity that could arise 
during the segmentation process based on the road configuration. 

4. Results 

According to Step 1 of Section 2.2, individual records of the crash 
dataset were expanded to model the crash occurrence probability. 
Specifically, the original dataset, encompassing all crashes, underwent 
aggregation based on the diverse combinations of intermediate factors 
to identify situations leading to crashes on various segments. However, 
this manipulated dataset represents only a fraction of the total possible 
combinations of factors. Therefore, the complementary combinations 
not resulting in a crash were also derived and considered under the 
category of "No occurred crash". Next, a binary variable is adopted to 
estimate the probability of a crash: it assumes 0 if the combinations of 
intermediate factors did not generate a crash, and 1 in the opposite 
situation. To model the severity, individual crashes are considered, and 
a binary variable is adopted: it takes 0 if the crash leaded to only- 
material damage and 1 if the crash implied injuries. 

According to Step 2 of Section 2.2, both the crash occurrence prob
ability and the severity prediction models were estimated by the sta
tistical software Genstat®. After many attempts at improvement, 
stepwise backward elimination yielded the best results. They are shown 
in Table 5. To enable provide a more general overview, Table 5 shows 
the coefficient, the p-value and the OR for each factor included in the 
prediction models. Finally, in the down, Table 5 shows the summary 
statistics. In Table 5, the positive sign indicates that each predictor rise 
leads to an increase in the probability and/or severity of crashes. 

Overall, these models well fit the data. Both models produce a small 
p-value on their d.r. statistical test (<0.001) and provide an accurate 
prediction having a high percentage of right. All the variables for the 
crash probability model, and several variables for crash severity model 
are highly significant (edited in bold) and significant up to the 0.1 
(edited in underscore italics). An empty entry means that the variable is 
not considered in modelling, whereas the symbol “-“ means variables 
considered in the modelling, but not included in the final model. 

As for the intermediate context factor, the results showed that the 
probability of having a crash significantly increases during daytime (OR 
= 2.001) as opposed to night-time, winter (OR = 3.484) as opposed to 
other seasons, and weekdays (OR = 4.844), whereas it decreases during 
weekends. Specifically, bus crashes on Sundays are 2 times (OR = 2 = 1/ 

Table 3 
–The ranking scale for the bus crash risk ranges.  

6 Because of the secrecy policy of CTM, more recent data cannot be analysed. 
Note that it did not provide a dataset that includes the crash claimed by a third 
party and did not effectively occur, owing to a negative verification of PTC 
personnel. This is also owing to secrecy policy and privacy concerns. 
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0.5) less likely than on Saturday. However, none of these variables was 
significant in the crash severity prediction model. 

As for intermediate infrastructure factors, increasing the number of 
lanes per travel direction reduces the probability of having crashes: bus 
crashes are 11.93 (and 4.835) times more likely on roads with 1 lane (2 
lanes) than on roads with 3 lanes per travel direction. However, crashes 
on roads with one lane per travel direction are 1.33 times less severe 
than those with more lanes. The presence of a sidewalk significantly 
increases the probability of having a crash 5.6 times than not having it. 
Conversely, it reduces the severity of bus crashes (OR = 1.50 = 1/ 
0.665), as expected. The variable Yes parking is the most impactful for 
the probability of bus crashes (OR = 8078), whereas it does not affect 
the severity. Variable urban road also has a large impact on probability 
(OR = 37.03), however, bus crashes that occur on this road type are 1.47 
times less severe than crashes occurring on extra-urban roads. 

As for intermediate organisation factors, buses travelling on mixed 
lanes (No Priority Lane) are 4.13 times more likely to have crashes than 
when they travel on priority lanes. No significant results emerged from 
the severity model. 

As for intermediate vehicles factors, the probability of crashes with 
standard and/or longer buses than 10 m is 2.56 times lower than with 
short buses. Nevertheless, this variable is not significant for the severity 
model. 

As for the intermediate driver factors, age has a noteworthy effect on 
the probability and severity models. As for the probability of a crash, 
being young, under 30 years reduces the likelihood of having a crash as 
opposed to being older. Noteworthy, being a middle-class bus driver (i. 
e., 40–50 years) increases the likelihood of having a bus crash 71.2 times 
more than being a young driver. Conversely, being a young bus driver 

increases the likelihood of having a more serious crash than colleagues 
who are older. 

Next, the risk Rj values were computed for each segment j ∈ J(l) 
according to Step 3 for the most critical travel condition (i.e., Daytime of 
a Weekday in the Winter season) by using Eq. (4)7. 

Next, all routes were categorised in function of the risk scale pre
sented in Step 4 of Section 2.2. 

According to Step 5 of Section 2.2, charts and maps were developed. 
Specifically, charts enable PTC to pinpoint the most critical routes that 
require urgent intervention. These outcomes are shown in Fig. 2 ac
cording to their calculated risk. Specifically, the histogram begins with an 
elevated peak around e8 order of magnitude corresponding to the highest 
risk level (i.e., R5) and points out that L1, L5 and L2 are the most critical 
of the overall network. Hence, the predicted risk settles on a nearly linear 
decrease until e4 order of magnitude, which occurs at R4, R3 and R2 
levels. Finally, the risk index rapidly falls towards e1 order of magnitude 
in the R1 level, corroborating that the routes belonging to this level are 
the safest of the network. Noteworthy, the rating in Fig. 2 supports CTM 
managers’ impressions of the level of safety attained on these routes. 

Finally, bus route risk crash maps for both the overall network and 
each route were built as a useful visualisation tool for managers and 
planners, to make decisions to improve safety on each route. Specif
ically, Fig. 3 shows the map risk of the overall network and highlights 

Table 4 
Descriptive statistics of the full transit crash dataset.  

Final safety outcomes factors (i) Level 1 Level 2 Level 3 Description % Value 

Severity Damage  Damage only Only material damage 76.01 %a;    
Injured At least one injured 23.99 %; 

Third part involved   Car Car involved 71.99 %;    
Heavy vehicle Heavy vehicle involved 4.34 %;    
Object or animal Objects or animals involved 1.04 %    
More vehicle 3 or more vehicles 1.22 %    
2 or 3-wheels vehicle 2 or 3-wheels vehicles involved 2,92 %    
Pedestrian Pedestrian involved 0.38 %;    
None Crashes without collisions 18.11 %; 

Intermediate safety outcomes factors (i) Level 1 Level 2 Level 3 Description % Value 
Context Environment Lighting Day Daytime 72.08 %,    

Night Nighttime 27.92 %   
Seasonality Winter Winter bus frequency (Sep to May) 79,43 %    

Summer Summer bus frequency (Jun to Aug) 20.57 %;   
Type of day Weekday Weekday 82.21 %;    

Saturday Saturday 12.44 %;    
Holiday Sunday or festive 5.35 %; 

Infrastructure Geometry N◦ of lanes 1 lane One lane per travel direction 53.87 %;    
2 lanes Two lanes per travel direction 42.15 %;    
3 lanes Three or more lanes per direction 3.98 %;   

Sidewalk Yes sidewalk Presence of sidewalk 83.62 %;    
No sidewalk Absence of sidewalk 16.38 %   

Lane “width” Standard lane Standard lane width for buses 50.94 %    
No Standard Lane No standard lane width for buses 49.06 %   

On-street parking Yes parking Presence of on-street parking 86.00 %    
No parking Absence of on-street parking 14.00 %  

Road Road type Non-urban road Non-urban road 3.64 %;    
Urban road Urban road 96.36 %; 

Organization Route Dedicated bus lane Yes priority lane Presence of priority lane 19.18 %;    
No priority lane Absence of priority lane 80.82 %; 

Vehicle Bus Bus type Bus length >10 m Buses longer than 10 m 73.71 %;    
Bus length ≤10m Buses shorter than 10 m 26.29 %; 

Driver Socio demographic Bus driver’s age <30 Under 30 years old 0.37 %;    
30–39 Between 30 and 39 years old 44.51 %;    
40–49 Between 40 and 49 years old 50.31 %;    
50+ Above 50 years old 4.81 %;  

a The same dataset was adopted in [31]. 

7 Significant safety variables at least at 0.10 are included in the application of 
equation (4). This is because although <0.001 is much significant than the 
conventional 0.05, it can be claimed that including variables up to 0.10 can lead 
a wider outcomes interpretation. 
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Table 5 
Results of the crash probability and severity prediction models at the best fit.    

Crash probability prediction model Crash severity prediction model 

Level 3 Factor  Coefficient P-value OR Coefficient P-value OR 

Constant  -25.09 <.001 1.27*10-11 -1.080 0.023 0.340 

Third part involved  
Heavy vehicle    0.614 0.008 1.847  
Object or animal    -5.430 0.397 0.004  
2 or 3-wheeled vehicle    0.790 0.054 2.204  
Pedestrian    3.810 <.001 45.030  
None    5.364 <.001 213.500 

Lighting         
Daytime 0.697 <.001 2.001 - - - 

Season         
Winter 1.248 <.001 3.484 - - - 

Type of Day         
Weekday 1.578 <.001 4.844 - - -  
Sunday -0.693 <.001 0.500 - - - 

Number of lanes  
1 lane per travel direction 2.479 <.001 11.930 -0.288 0.126 0.750  
2 lanes per travel direction 1.576 <.001 4.835 - - - 

Sidewalk  
Yes sidewalk 1.728 <.001 5.629 -0.407 0.079 0.665 

Lane width  
Standard lane - - - - - - 

On street parking  
Yes parking 9.000 <.001 8078 - - - 

Road type  
Urban road 3.612 <.001 37.03 -0.486 0.275 0.615 

Dedicated bus lane  
No Priority Lane 1.418 <.001 4.130 - - - 

Bus type  
Bus length ≤10 m -0.939 <.001 0.391 - - - 

Driver age  
30-40 4.135 <.001 63.650 -0.389 0.045 0.678  
40-50 4.265 <.001 71.190 - - -  
> 50 2.267 <.001 9.652 - - - 

Summary Statistics 

Source  Degree of freedom Deviance Mean deviance Degree of freedom Deviance Mean deviance  
Regression 14 3095 221.062 9 759.3 84.362  
Residual 82929 3328 0.040 1376 845.0 0.614  
Total 82943 6423 0.077 1385 1604.3 1.158  

d.r 221.06 84.36  
χ2 <.001 <.001  
% of rights 99.3% 90.4%  

Fig. 2. Bus route risk crash ranking.  
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the safety performance of each segment j ∈ J of each bus route l ∈ L 
computed by Eq. (4). Thus, this map helps detect the most critical areas 
of the bus network in GC. 

Fig. 3 shows that the most critical routes (R5 and R4) are localised in 
the Central Business District (CBD) of GC, even if specific corridors of 
critical routes are observed moving towards North-East and North-West, 
respectively. 

5. Discussion 

5.1. Comparison with past studies 

The previous quantitative analysis showed that each route has its 
ranking risk, and it is combined according to the output provided by the 
probability and severity results of the prediction models. Even if a 
scrupulous comparison is difficult to perform as a similar study has not 
yet been carried out, Table 6 illustrates that some previous findings are 
corroborated while others are denied. Some concise considerations 
follow only for the comparable variables. 

The results of this study largely confirm [31] but, despite this, there 
are more significant variables that increase the inference quality, espe
cially for the crash occurrence probability. Therefore, the new proba
bility model and the stepwise regression approach enable to achieve 
even better results. Moreover, focusing on the significant variables be
sides [31]8 as well as on the results that differ for both probability of 
occurrence and severity models, Table 6 shows what follows. 

As for the intermediate context factor, the results in the probability 
model are expected. Indeed, previous studies showed that nighttime 
conditions are safer for buses (e.g., [33,35]), and buses are more likely to 
get involved in a crash on weekdays and during winter conditions (e.g., 
[83]). This might be attributed to the fact that buses tend to interact 
more with other road users during the daytime, in winter, and on 
weekdays when higher traffic volumes circulate on the road network 
(due to, e.g., work and school activities). Conversely, the results in the 
severity model, in which no variable showed a meaningful effect, 
contradict previous findings. Notably, unlike this study, the variable 
“weekdays” reported from [82] is negatively correlated to the bus crash 
severity. In this case, the different social context might influence the 
results. Indeed, in Ghana, there is a higher likelihood of unlicensed and 
inexperienced drivers being on the road during weekends due to lower 
traffic volumes and less stringent police enforcement and surveillance 
than during weekdays [82]. Consequently, it might lead to an increase in 
the severity of crashes that occur on weekends. 

As for intermediate infrastructure factors, having one or two lanes 
increases the probability of a crash occurrence with respect to having 
three or more. Therefore, the outcome diverges from those reported in 
[39] and from some studies encompassing all types of vehicle typologies 
[84–86]). While this result may be unexpected, it could be justified as 
follows, by drawing support from other studies that include all vehicular 
typologies. First, road sections with fewer lanes limit vehicle manoeu
vres, posing challenges for drivers to react to potential hazards (e.g., 
[87,88]). Second, fewer lanes hinder buses from overtaking other slower 
vehicles (and vice-versa), leading to congestion, increased interactions, 
driver frustration, and fostering aggressive behaviours (e.g., [89,90]). 
Third, fewer lanes pose challenges at intersections where dedicated 
turning lanes are missing (e.g., [91]). Moreover, unlike [39], which 

Fig. 3. Bus crash risk over the overall network.  

8 For the sake of synthesis, some variables are not discussed, as these com
ments were already presented in that study. 
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Table 6 
Literature on bus crash frequency/probability and severity models: a simple comparison.  

Variable type Frequency/probability Severity 
This study 
(Effect) 

Barabino et 
al. [31] 

Chen 
et al.  
[44] 

Huting 
et al. [81] 

Goh 
et al.  
[42] 

Chimba 
et al. [39] 

Strathman 
et al. [40] 

Cheung 
et al. [38] 

Hamed 
et al. [69] 

This study 
(Effect) 

Barabino 
et al. [31] 

Sam 
et al.  
[82] 

Prato and 
Kaplan [45] 

Hamed 
et al. [69] 

Third party 
involved               

Heavy vehicles          + ▴  ▴  
Object or 

animals          
n.s. n.s.  ▾  

2 or 3-wheeled 
vehicle          

+ ▴  ▴  

Pedestrian          + ▴  ▴  
None          + ▴  ▴  
Lighting               
Daytime + ▴       ▴  n.s.    
Season               
Winter + ▴     n.s.    n.s.  n.s.  
Type of day               
Weekday + ▴         n.s. ▾ n.s.  
Sunday – n.s.         n.s.  n.s.  
Number of 

lanes               
1 lane per travel 

direction 
+ n.s.    ▾    n.s. n.s.  n.s.  

2 lanes per 
travel 
direction 

+ n.s.    ▾     n.s.  n.s.  

Sidewalk               
Yes sidewalk + n.s.        – n.s. ▴   
Lane width               
Standard lane n.s. n.s. ▾        n.s.    
On street 

parking               
Yes parking + ▴      ▴   n.s.    
Road Type               
Urban road + ▴  ▴      n.s. ▾    
Dedicated bus 

lane               
No priority lane + ▴ ▴  ▴      n.s.    
Bus type               
Bus Length ≥10 

m 
– ▴  ▾       n.s. ▾   

Driver age               
30–40 + n.s.     ▴  ▴ – n.s.  ▴ ▴ 
40–50 + n.s.  ▴   ▴  ▴  n.s.    
50 + n.s.  ▴   ▴ n.s. ▴  n.s.    

+= An increase in the independent variable leads to an increase in the response variable; - = An increase in the independent variable leads to a decrease in the response variable; n.s = Not Significant; ▴ = According to the 
authors’ findings; ▾ = Contrasting to the authors’ findings. 

B. Barabino et al.                                                                                                                                                                                                                               



Reliability Engineering and System Safety 245 (2024) 110003

13

models crash frequency considering the number of lanes and traffic 
volume per lane, our framework models crash probability independently 
from the exposure level, prescinding from the straightforward correla
tion between crash frequency and the number of lanes. Conversely, the 
number of lanes has no significant effect on the severity model, 
corroborating previous studies. The presence of sidewalks increases the 
probability of occurrence of crashes, whereas it reduces that of severity. 
On the one hand, the observed positive correlation between sidewalks 
and crash probability might potentially result from a higher volume of 
pedestrian traffic, rather than a specific hazard associated with these 
facilities [92]. This increased volume might be significantly associated 
with public transit-related crashes [93]. On the other hand, for a fixed 
volume of pedestrians along a segment, sidewalks guarantee higher 
safety standards by offering pedestrians a safe place to walk outside the 
motorised traffic flow. This, in turn, could lead to lower crash severity 
[94]. 

As for the intermediate vehicle factors, bus length deserves some 
attention. As for the probability model, the result differs from [81]. 
However, it is crucial to emphasise that this latter study exclusively 
examined responsible bus crashes (i.e., crashes where an operator’s 
actions largely explain why a crash occurred). Additionally, it cat
egorised bus types differently, indirectly considering vehicle length by 
distinguishing between articulated and non-articulated buses instead of 
directly considering the vehicle length. Moreover, as already discussed 
in [31], this divergent finding may also be attributed to the more 
adverse infrastructural characteristics of the routes where shorter CTM 
buses operate (i.e., along the historical city centre, where the limited 
manoeuvrability of standard buses prevents them from deploying on 
narrow roads). As for the severity model, these results differ from [82]. 
Even in this case, different conditions could lead to different results: in 
Ghana, minibuses have a lower speed compared to standard buses. 
Furthermore, standard buses are primarily scheduled for nighttime op
erations on long-distance routes, where their ease of movement is 

assumed to be favoured. 
As for the intermediate driver factors, the results on the probability 

model are a bit unexpected. Specifically, even if 50 years old-drivers are 
safer than 30–40- and 40–50-years old drivers (as expected), younger 
bus drivers are less likely to have crashes. Nevertheless, according to 
[40] and [69], this result may be justified as follows: younger drivers 
compensate for less experience by paying more attention to driving; 
their driving style might be generally more careful than their older 
colleagues. The inferior attention paid by older drivers is corroborated 
by [54]. Indeed, they found that among the leading causes of those 
crashes related to bus company blame there was an old driver who was 
not familiar with driving a new type of bus. Conversely, the result of the 
severity model confirms previous research, i.e., [34,45], and [69]. This 
aligns with the common sense that as drivers gain more experience, they 
develop a greater awareness of road hazards and better control over the 
vehicle. Therefore, they become adept at undertaking the necessary 
manoeuvres to mitigate the consequences once a crash sequence has 
been initiated. In summary, although young drivers are less likely to 
have a crash than older drivers, the likelihood of its severity is higher 
than for older drivers. However, it is important to note that the number 
of bus drivers under 30 years old in the investigated sample is lower than 
in other age groups of CTM drivers. Additionally, in CTM, less chal
lenging routes are typically assigned to both young and older drivers 
rather than to middle-aged ones. Therefore, these findings would require 
further studies to be confirmed. 

When the discussion moves towards the risk results, some compari
sons could be made with [31].9 Fig. 4 shows the results of this 
comparison. 

Fig. 4. Bus route risk ranking comparison.  

9 Although a careful comparison could not be conducted owing to the 
different modelling, the bus routes risk values of [31] have been sorted ac
cording to the ranking of this work. 
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The risk values of this study are much higher than [31]. This dif
ference can be explained by the different modelling approaches: in that 
study, the frequency of crashes is estimated using the exposure measures 
and the intermediate outcome safety factors on a GLM with a negative 
binomial regression. Conversely, a BLR that does not include the expo
sure factors is used for the crash probability prediction in this study. 
Therefore, unlike [31], it was considered appropriate to use the ln(R) 
due to the high values obtained and the results were represented ac
cording to different scales. Moreover, the five-level risk scale enabled to 
highlight and emphasise the most critical bus routes: in this study there 
are three routes in the highest risk level (see Fig. 4) compared to the six 
of [31]. Therefore, this classification can help decision makers better 
focus their analysis and the available resources to improve the safety 
performance on these routes. Nevertheless, the use of a logarithmic scale 
makes the differences in risk values less visible. 

Fig. 4 shows that there are some changes in the ranking between 
these studies, but there are no relevant differences for R5 routes. 
Notably, focusing on the three top high-risk level routes, L1 and L5 result 
the most unsafe routes using both risk formulations. L2 gains a position, 
whereas L4 lose a position. Conversely, L14 jumps from the 12th posi
tion in the first study to the 5th position in this new study; therefore, this 
route greatly worsens its safety performance. 

Notwithstanding, R5 routes are still medium-length routes with a 
nominal length of about 10 km, and they have the highest exposure value 
of the bus network. As for itinerary characteristics, almost all R5 routes 
travel exclusively across urban roads, and their path has a relatively high 
percentage of roads with sidewalks and two or three lanes per travel di
rection. Moreover, inside the R5 class, there are all routes with the highest 
number of roads with on-street parking, and only 20 % of their path has, 
on average, a bus priority lane, which is shown to reduce the likelihood of 
crashes. To summarise, results for the R5 route show that even if the 
probability model changes form (crash probability vs. crash frequency) no 
relevant change in the computed risk were observed, but this form is keep 
being closer to the original risk definition. 

5.2. Focusing on single bus routes 

The risk map in Fig. 3 can help better understand the ranking ob
tained by the bus routes and, at the same time, provide valuable insights 
for decision makers. It can be noted that the CBD of GC is the most 
problematic area, as several R5 and R4 routes run. These worrying risk 
values may depend on the infrastructural characteristics of roads crossed 
by these routes: the absence of bus priority lanes on roads with one lane 
per travel direction and on-street parking in the urban context of the old 

Fig. 5. Bus crash risk over the route L1.  
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town negatively impact safety because of the probability and severity 
models. 

A more in-depth analysis can be carried out considering the path of 
single bus routes. Specifically, we focus on the most critical bus route L1 
and select the Eastbound direction from bus stop 0 (the beginning ter
minal) to bus stop 53 (the final terminal): its detailed safety performance 
is shown in Fig. 5. depending on the characteristics of the path, this 
route can be divided into five main parts. This subdivision partially 
draws on a previous study (i.e., [95]) and is backed by the experience of 
CTM operational managers. 

Part I (from the beginning terminal to bus stop 9) has a relatively low 
level of risk (R2-R1) along the greater part of its course, probably owing 
to the low attractiveness of this area. Indeed, this part develops along a 
mainly peripherical area, and the number of passengers who want to 
depart/arrive from/to this area is relatively low. Therefore, the exposure 
value and, consequently, the risk value are lower when the bus terminal 
is approaching. Relatively higher risk levels are recorded on the roads 
between stops 2 and 6. These are roads with one or two lanes per di
rection, with sidewalks, on-street parking, and no bus preferential lane; 
all features increase probability values. Furthermore, exposure values 
are slightly higher compared to the average of section I, ranging from 
600 to 700 (passenger/day)*km. 

In Part II (from bus stop 9 to bus stop 16), there are important con
necting roads from the periphery towards the Cagliari’s CBD, because it 
is a relevant attractor, where many administrative services are concen
trated. The risk value is higher than Part I, due to the infrastructure 
configuration of the roads (urban streets with sidewalks, on-street 
parking, and no bus preferential lanes) and significantly higher expo
sure values (ranging from 1700 to 1900 (passenger/day)*km). 

In Part III (from bus stop 16 to bus stop 27), the route crosses a highly 
attractive area with many services and commercial activities (restau
rants, shops, etc.) This is the Cagliari’s CBD, and here is located the main 
interchange of the overall public transport network (specifically be
tween bus stops 22 and 23). This interchange embraces the most 
important urban transit network point, the regional extra-urban bus 
service station, the main train station, and the Cagliari port. The high 
volumes of passengers and pedestrians and the narrow width of the 
carriageways of the historical downtown (between bus stops 18 and 21) 
do not enable priority lanes and adequate sidewalks. Furthermore, this is 
where the highest exposure value is reached, approximately 2200 
(passenger/day)*km. Thus, they lead to dangerous flow conditions, 
which justify the high-risk values. 

Part IV (from bus stop 27 to bus stop 44) is characterized by a high 
variability in risk levels. In fact, in this section, there are three lanes per 
direction (between bus stops 27 and 35; and between bus stops 38 and 
40), including bus preferential lanes, which, despite having very high 
exposure values (2000 (passenger/day)*km), do not exceed the risk 
level R3. 

Finally, Part V (from bus stop 44 to bus stop 53) is like Part I, being a 
low attractive (peripherical) area. There are roads with one or two lanes 
per travel direction where on-street parking is not allowed and where 
the exposure values are very low (from 100 to 500 (passenger/day) 
*km)). According to our models and as shown in Fig. 5, these conditions 
averagely guarantee lower levels of risk. 

5.3. Recommendations 

For the sake of synthesis, the recommendations will be provided for 
route L1 only, which has achieved the worst safety performance. 
Although the high number of passengers and kilometres inevitably in
crease the risk value on this route, some recommendations (or treat
ments) can be adopted to improve its safety levels, according to Step 6 of 
Section 2.2. 

Specifically, as for infrastructural factors, as shown in Table 3, roads 
with more than one lane per travel direction are safer. Consequently, the 
PTC is particularly recommended to correct the itinerary of route L1 in 

Part III on these roads because the bus size coupled with the high 
pedestrian flow in this part makes transit difficult and unsafe. Sidewalks 
guarantee greater protection despite the increased chance of bus 
crashes. However, paths, where adequate sidewalks are present, should 
be recommended (when possible) to separate bus, and car flows from the 
pedestrian ones. Indeed, when this condition does not occur, as on some 
roads of Part III, the level of risk detected is higher or equal to R4. On- 
street parking has a negative impact on the travel safety of this route. 
However, the new mobility policies adopted by the Municipality are 
partly addressing this problem. Indeed, on-street parking is discouraged 
in favour of better equipped parking areas and public transport, espe
cially on the most attractive areas where the L1 routes also travel. 

Concerning the organisational factors, the right-of-way priority 
policy has a positive influence on the crash probability, because its 
presence reduces it. 

Finally, even if many crashes are caused by factors outside the driver, 
our results showed that younger drivers with fresh driving licenses, and 
over 50 years bus drivers, who have more driving experience, guarantee 
higher level of safety. Therefore, the PTC is suggested: (i) to assign these 
drivers to this route and (ii) provide safety audits and training courses 
for all drivers, making them more aware of the issue of road safety on 
this specific route. However, since simple theoretical learning on the 
improvement of safety would not be so obvious, it should be accompa
nied by simulation and on-the-field learning (e.g., [96–99]). As shown 
by [98], bus operator driving simulators reported noteworthy safety 
advantages from incorporating the simulator in the training of novel 
drivers. The crash rate for drivers trained with the simulator in the 90 
days following completion of training was 18 %, which is slightly less 
than one in five having crashes. In contrast, the crash rate for conven
tionally trained drivers was nearly 32 %. 

6. Conclusions and research perspectives 

Nowadays, providing high safety performance for buses is crucial 
from the perspectives of Administrations, Public Transport Companies 
(PTCs) and passengers owing to the significant consequences they 
generate. Hence, assessing the bus crash risk on routes will enable the 
detection of the worst performing (unsafe) ones to drive for system 
safety improvement. Moreover, this may lead to treatments to gather 
lower insurance premium costs for PTCs. 

Past research in bus safety largely proposed some crash risk indexes 
to help recognise the effects of some factors on the frequency and 
severity of crashes. Only one (recent) research has computed the risk of 
crashes in transit services, using a bivariate risk model that integrated 
two multivariable frequency and severity models with exposure pre
dictors. Nevertheless, as far as the authors know, no previous studies 
match the original and well-accepted definition of risk [100]. Particu
larly, no research has quantified the probability of a crash occurrence as 
a risk component nor presented results on GIS maps as simple tools for 
result visualisation. Thus, these issues are included in this study. 

Specifically, this study enhanced the current knowledge of bus safety 
on routes in a threefold manner:  

• It refines an existing framework for the risk crash assessment on each 
bus transit route. The framework models the bus crash risk on routes 
as the product of the probability and severity of the bus crash and 
exposure terms by restoring the original and well-known risk defi
nition. Thus, each route is ranked according to the values returned by 
this function. Interestingly, no relevant differences are reported in 
the ranking returned by applying the probability models instead of 
the frequency one, as in the previous study. However, the new 
ranking is preferred because it is more consistent with the original 
risk definition, and the probabilistic models provide further insights 
into the effects of each factor on risk predictions.  

• It adopts a multi-level ranking scale based on the quartiles of the 
crash risk values distribution, where the interquartile range is used to 
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emphasise outliers rather than their removal. Thus, each route is 
classified according to this scale.  

• It illustrates in a real-world experiment the effectiveness of this 
framework. Easy-to-read control dashboards with charts and maps 
help diagnose the system’s safety performance and drive for priori
tising interventions on the most unsafe (high-critical) routes. 

This framework results in the following implications. PTCs could:  

• Adopt it for both assessing the crash risk of each route (monitoring 
purpose) and qualifying for safety certification of their services, 
being this framework complies with [22].  

• Predict the risk of crashes in the case of a new (planned) route on the 
network. A planner can calculate the bus crash risk by adopting the 
previous probability and severity models once spatial and temporal 
characteristics are set up. 

Despite these encouraging results, this research presents some 
limitations. 

Firstly, it employs basic Binomial Logistic Regression (BLR) models 
to formulate bus crash probability and severity components. Although 
such fundamental statistical models are suitable for causal analysis, their 
performance may not be optimal in predictive tasks, especially when 
dealing with phenomena characterised by rare events or highly non- 
linear relationships, such as bus crashes, leading to imbalanced data
sets. However, it is crucial to underscore that this study primarily serves 
as a proof-of-concept. The uniqueness of this work stems from the 
sequence of activities undertaken, making it worthwhile to conclude this 
initial endeavour in the current study before exploring further en
hancements or scaling up the process. Second, the crash dataset is 
outdated; thus, several intermediate factors are unavailable. However, 
this is not a strong issue because crash data are only processed for the 
investigation, and the bus crash risk evaluation is within the framework. 
The crash dataset misses several factors that need accurate (plane or 
geographical) crash locations, but this concern is not a strong limitation 
as many PTCs record few intermediate factors. Conversely, it pushes for 
the improvement of the quality of crash datasets in new studies. Third, 
this study is limited in scale of application as crash data are those of a 
mid-sized PTC. Nevertheless, this research could enhance the state-of-art 
of evaluation of the bus crash risk because the framework is general
isable. Therefore, if new data is available, this framework can be 
implemented in every urban environment to investigate the conse
quences that many factors have on the bush crash risk probability and 
severity. 

Besides these limitations, further investigations can be performed to 
enhance this framework as follows. 

First, Zero-Inflated Models (e.g., those employing the zero-inflated 
Poisson distribution) or Imbalanced Machine Learning Approaches (e. 
g., Artificial Neural Networks, Random Forests, XGBoost/AdaBoost, 
Support Vector Modelling) could be integrated into the framework to 
predict bus crash probability and severity components [100,101]. These 
models might be suitable for fitting data with numerous zero counts and 
capture the intricate (often nonlinear) relationship between the fre
quency and the severity of crashes and its influencing factors. 

Second, the exposure factors were not modelled, but they are 
considered a known risk component. Their modelling according to 
specific predictors would provide a more careful assessment of the bus 
crash risk. 

Third, as for intermediate safety outcome factors, additional context 
parameters could be considered in future research to better understand 
the crash risk temporal dependence. For instance, the hour of the day (e. 
g., Peak hour, off-peak hour) and weather conditions (e.g., Sun, Rain, 
Snow, Fog) may be related to different traffic flows on the network, as 
well as to different magnitudes of crash probability and severity. 
Moreover, the reasons behind the partially unexpected effect observed 
for a specific infrastructure factor (road sections with fewer lanes 

leading to a higher probability of bus crashes) should be further 
bolstered by elaborating additional data specific to the context under 
consideration. Additionally, factors related to passenger behaviour 
should be further investigated since recent studies identified harassment 
and terrorist attacks carried out by passengers as among the most 
influential reasons for bus crashes (e.g., [54]). Further analysis will be 
provided to assess the risk of the crash type (e.g., rear-end, sideswipe) 
and causes to tailor countermeasures better accordingly. 

Fourth, exploring alternative ranking scales for bus crash risk is 
suggested. Specifically, one should investigate different bases for setting 
the limits of risk range values. For instance, it might be worthwhile to 
consider adjusting these limits by finding a compromise between the 
paramount need to reduce bus crashes and the inevitable constraints due 
to the limited resources available for implementing risk mitigation 
measures. Additionally, exploring a ranking at the road level instead of 
the route level might offer a more nuanced depiction of crash risk in the 
bus transit network. 

Fifth, regarding the risk mapping, only the most critical temporal 
conditions (i.e., Daytime of a Weekday in the Winter season) were 
considered in this paper for the sake of conciseness. However, because 
the risk model is general, maps can be easily generated for each different 
temporal condition in future works. Therefore, it is possible to have 
several thematic maps depending on the analyst’s specific needs. 

Sixth, existing research in individual (private) transport can predict 
the frequency of crashes at each severity level by simultaneous models; 
therefore, the applicability of these models will be experimented with in 
future safety research of collective (public) transport: only one attempt 
was made to predict the frequency of bus crashes involving pedestrians 
at different level of seriousness by random forests and extreme gradient 
boosting regressions [102]). Moreover, if refined datasets on crashes 
will be available, the severity model could be enhanced by multivariate 
logistic regression to account for different levels of damage. 

Seventh, novel ways of transit network segmentation could be 
explored. 

Finally, in this study, crash data are considered. More challenging 
research will be the evaluation of the risk of missed crashes by consid
ering the trajectory data, which will be investigated in future studies for 
new probabilistic safety assessment. 
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