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A B S T R A C T

Under the Safe System framework, Road Authorities have a responsibility to deliver inherently safe roads and
streets. Addressing this problem depends on knowledge of the road network safety conditions and the number of
funds available for new road safety interventions. It also requires the prioritisation of the various interventions
that may generate benefits, increasing safety, while ensuring that reasonable steps are taken to remedy the
deficiencies detected within a reasonable timeframe. In this context, Road Safety Inspections (RSI) are a
proactive tool for identifying safety issues, consisting of a regular, systematic, on-site inspection of existing
roads, covering the whole road network, carried out by trained safety expert teams.

This paper aims to describe how topic modelling can be effectively used to identify co-occurrence patterns of
attributes related to the run-off-road crashes, as well as the corresponding patterns of road safety interventions,
as described in the RSI reports. We apply latent Dirichlet allocation (LDA), a widespread method for fitting a
topic model, to analyse the topics mentioned in RSI reports, divided into two groups: problems found; and
proposed solutions. For this study, 54 RSI gathered over six years (2012–2017) were analysed, covering 4011 km
of Irish roads.

The results indicate that important keywords relating to the “forgiving roadside” and “clear zone” concepts,
as well as the relevant European technical standards (CEN-EN1317 and EN 12,767), are absent from the ex-
tracted latent topics. We also found that the frequency of topics related to roadside safety is higher in the
problems record set than in the solutions record set, meaning that problems are more easily identified and
related to the roadside area than interventions may be.

This paper presents methodological empirical evidence that the LDA is appropriate for identifying the co-
occurrence patterns of attributes related to the ROR crashes in road safety inspections’ reports, as well as the
interventions’ patterns associated with these crashes. Also, it provides valuable information aimed to determine
the extent to which national road authorities in Europe and their contractors are currently capable of im-
plementing and maintaining compliance with roadside standards and guidelines throughout the life cycle of
roads.

1. Introduction

Under the Safe System framework, Road Authorities have a re-
sponsibility to deliver inherently safe roads and streets (ITF, 2016).
Addressing this problem depends on knowledge of the road network
safety conditions and the amount of funds available for new road safety
interventions. It also requires the prioritisation of the various

interventions that may generate benefits, increasing safety, while en-
suring that judicious steps are taken to remedy the deficiencies detected
within a reasonable timeframe. This process of intervention in road
safety is continuous and recursive, and encompasses it the entire life
cycle of roads – concept, planning, design, build, operate, maintain and
decommission.

Infrastructure related road safety problems may be detected
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proactively (i.e., before crashes occur, also known as a priori) or reac-
tively (i.e., after numerous crashes occur, or a posteriori), depending on
whether site-specific data on crashes are explicitly required or not. A
balanced road infrastructure safety management (RISM) system con-
tains both forms of diagnosis and includes interventions at a network
level, on selected routes or at specific locations. According to Hauer
(1998), when applying a rational approach to such a system, the road
safety manager aims at the efficient mitigation of the road crash burden
through a selection of interventions that seeks to anticipate the con-
sequences of decisions and interventions, to balance costs with benefits
and which takes advantage of lessons learned from experience.

With this general setting, European Union (EU) Member States
agreed under Directive 2008/96/EC (EU, 2008) to implement a Road
Infrastructure Safety Management (RISM) system consisting of five
supporting procedures:

• Road Safety Impact Assessment (RIA)

• Road Safety Audit (RSA)

• Black spot treatment (BST)

• Network Safety Management (NSM)

• Road Safety Inspection (RSI)

At the planning stage, a RIA is performed to assess the impact on the
safety of a future road investment. This can be a new bridge that may or
may not be intended to raise the network safety level; or the assessment
of a wider scheme i.e. the plans for upgrading the safety level of a total
network or area (Eenink et al., 2007). At the design stage, an RSA is
carried out to ensure that new road schemes will operate as safely as
possible for all road user groups. RSA consists of the examination of
road schemes at the different stages of project development (starting
with the preliminary design) until before or shortly after a road is
opened to traffic (Proctor et al., 2003; Matena et al., 2007). Both RIA
and RSA are proactive approaches.

Once fully operational, the safety level of an existing road may be
improved through several types of procedures, including treatment of
hazardous locations, network safety management, and road safety in-
spections. Black spot treatment consists of the identification, analysis,
and treatment of black spots, which are defined as any location that has
a higher number of crashes than other similar sites as a result of local
risk factors. Network safety management is the identification, analysis,
and treatment of hazardous road sections, which are defined as any
section that has a higher expected number and severity of crashes than
other comparable road sections, as a result of local and section based
accident and injury factors (Sørensen and Elvik, 2007). Network safety
management differs from black spot treatment by focusing on longer
road sections of typically two to 10 km, while the black spots seldom
are longer than 0.5 km. Both are reactive procedures.

RSI are a proactive tool for detecting safety issues on existing op-
erating roads, consisting of a regular, systematic, on-site inspection,
covering the whole road network, carried out by trained safety expert
teams. Road hazards and safety issues detected with this activity are
described in a written report, for which a formal response by the re-
levant road authority is required (Cardoso et al., 2008).

Developments in the road network may create a conflict between
the current function of a road and its original intended use, along with
the inadequacy of equipment and design characteristics to the current
use of the road. Furthermore, improvements in road standards may
result in discrepancies between characteristics of newly built or re-
constructed roads and existing ones, interfering with the establishment
of common a priori expectations concerning road use. Due to techno-
logical developments and new technical standards, existing road
equipment may become obsolete, its replacement being necessary.
These and others are hazardous factors emerging during the lifecycle of
a road itinerary and generally unforeseeable during the planning and
design stages. Tackling these hazards to raise the safety level of existing
roads and bring their standards to adequate consistency with the rest of

the road network is the main objective of RSI. A complementary out-
come may also be achieved by RSI: to maintain or restore the original
safety level of an existing road. However, it is recognized that most
issues related to this secondary outcome should be mainly achieved
through regular and more frequent road maintenance inspections.

RSI is a proactive tool for several road operators since its application
to an itinerary or road section is not dependent on knowledge con-
cerning the road specific safety level. Neither the decision for the in-
itiation of a RSI nor the procedures for its execution require knowledge
on the registered safety record of the relevant itinerary. To carry out a
RSI, only general knowledge on road hazards, on safety issues related to
the road environment and on effective infrastructure interventions are
needed. However, some road agencies decided to also assess pro-
spective benefits of proposed interventions using historic crash data
(Cardoso et al., 2008).

The elements to be addressed in these RSI are known crashes or
injuries risk factors, such as the quality of traffic signs, road markings
and road surface characteristics; the adequacy of sight distances; the
presence of roadside traffic hazards; and consistency between road
function and key aspects of traffic operation (Cardoso et al., 2007).

Many EU member countries have already adopted the RSI proce-
dure. An example is Ireland, where RSI was introduced by the Transport
Infrastructure Ireland (TII) to comply with Directive 2008/96/EC,
under TII AM-STY-06044 Road Safety Inspection, part of the Irish
Design Manual for Roads and Bridges (Transport Infrastructure Ireland,
2014). In Ireland, RSI have been carried out on all national roads, since
2012.

An individual RSI report is prepared by each Irish RSI team for each
inspected route, containing a brief description of each safety issue
(hazard), an informal risk assessment of each identified hazard, and
recommendations to deal with it. The final report is submitted to TII
(Transport Infrastructure Ireland, 2014). These RSI reports have a
standardized structure, and the descriptive analysis they follow has a
pre-set methodology. The large number of issues described in the RSI,
and the detailed description of each item, yields a large-scale dataset,
which may support identifying patterns of common conditions and re-
lated interventions. Roadside safety can be improved by identifying
Run-off-road (ROR) crash conditions that tend to co-occur in these
events, followed by evidence-based roadside safety interventions.
However, the reports are generally narrative (written), and thus, it is
difficult to extract hazard patterns from a large set of reports; the same
happens with corrective intervention patterns. With this framework,
the Irish situation was selected as a case study to determine whether a
methodology could be applied with which to extract re-occurring or
common problems and corrective measures. Thus, the focus of this
study is not in analysing the locations where problems were detected,
and interventions proposed, but to identify recurring patterns in RSI
results and to assess their correspondence with safe system principles.

This paper aims to describe how topic modelling can be effectively
used to identify co-occurrence patterns of attributes related to the ROR
crashes, as well as the corresponding patterns of road safety interven-
tions, as described in RSI reports, using those produced for Transport
Infrastructure Ireland (TII) in Ireland as an example. This study was
done within the CEDR research project PROGReSS – Provision of
Guidelines for Road Side Safety which was funded under the 2016
Safety Call. In this project, the results of a status quo review of available
EU roadside safety standards and guidelines are combined with the
experiences from National Road Authorities in applying these in the
design, operation and maintenance phases of EU high-speed roads (with
speed limits higher than 70 km/h). A particular emphasis is put on the
six funding countries (Belgium-Flanders, Ireland, Netherlands,
Slovenia, Sweden, United Kingdom), plus Germany and Portugal which
are included to increase the geographic representation of the results.
For this study, 54 RSI reports produced in Ireland and submitted to TII
over six years (2012 to 2017) were analysed. Other sources of in-
formation produced by road authorities during road inspections that
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might have been used in this study include e-mail communications,
reports to web pages and social media content. The analysed RSI reports
comprise a significant portion of unstructured content in textual format.

One possibility to analyse this huge amount of information is text
mining, which, according to Canito et al. (2018), is a tool for extracting
information from textual data, which can then be used for research or
business purposes. Within PROGReSS a specific data driven approach
was developed in order to identify many-to-many1 associations among
a broad group of conditions associated with ROR crashes and roadside
safety interventions.

In this paper, the following terms are used, as defined by Blei et al.
(2003):

•A Word or Term is the basic unit of discrete data, defined to be an
item from a vocabulary indexed by {1,…, V};

•A Document is a sequence of N words denoted by F = (w1, w2,….,
wN), where wn is the nth word in the sequence;

•A Corpus is a collection of M documents denoted by D = (F1, F2,….,
FN);

•A Topic is a unique distribution over a vocabulary of words that
inspection teams use to identify road safety issues and to describe their
proposed solutions.

Considering the technical requirements of text analysis, this re-
search applies latent Dirichlet allocation (LDA) (Blei et al., 2003), a
particularly common method for fitting a topic model, to analyse the
topics of RSI, divided into two groups: problems found; and proposed
solutions. A topic model allows one to algorithmically identify topics
within a collection of documents based on the words contained in each
document (Ghosh and Guha, 2013). The LDA algorithm is a three-level
hierarchical Bayesian modelling process, which groups a set of items
into topics defined by words or terms, where each of the terms identified
characterizes a topic (Blei et al., 2003).

Underlying the “bag-of-words” assumption (i.e., the order of words
in a document can be neglected) LDA represents a document as a mix-
ture of latent topics in which a topic has a multinomial distribution over
words. Every document will have its own mixing proportion of topics,
and each topic has its own word distribution (Wang et al., 2018).

Based on an unsupervised Bayesian learning algorithm, LDA can
capture the latent topics that represent the opinions of the inspection
teams from unstructured and large written reports. Each topic can be
regarded as a specific feature of the issue or road reported by inspection
team members that represents aspects which are frequently mentioned
in unstructured large written reports developed by these teams.

In this case, LDA was applied to two datasets collected from the RSI
reports, one comprising the issues raised (detected dangers), and the
other the proposed solutions. In both cases, informative, distinct and
tight topics were obtained, which aligned well with known co-occur-
rences among conditions cited in the literature.

The method’s ability to generate meaningful topics from both da-
tasets, where one comprises more common dangerous conditions (is-
sues raised) and the other safety interventions (proposed solutions),
demonstrates its effectiveness in reliably exposing co-occurring attri-
butes.

Notably, the results uncover a few indirect associations among
conditions that have previously gone unreported, suggesting that topic
modelling over RSI reports can expose yet unnoticed associations, in
this case contributing to improved knowledge on roadside safety issues.

2. Methodology

Linguistics and computer science together advanced the empirical
study of language in the field of computational linguistics and natural

language. This field has developed a suite of methods capable of
identifying patterns of language usage in large bodies of text and
communication. These methods include supervised and unsupervised
document classification techniques. The first can be used to auto-
matically assign one of an existing set of labels to new documents,
where some external mechanism, such as personal feedback, provides
information on the correct classification for documents. The latter can
place related documents together, based on the words they possess
without using external label information processing (McFarland et al.,
2013). Both unsupervised and supervised topic models have been re-
cently applied to examine language in road safety (Pereira et al., 2013;
Bao et al., 2018; Qi and Guan, 2019; Zhang et al., 2018).

2.1. Text mining

Word combinations are an important source of information (Arnon
and Snider, 2010). The relationships between two words can be ana-
lysed by counting how often word X is followed by word Y. Two-word
phrases (hereafter bigrams) are more informative than individual words
as they provide some degree of context (Ghosh and Guha, 2013). By
automatically extracting and using phrases, especially bigrams, it is
possible to improve the identification of the road safety issues and in-
terventions described in the RSI reports.

The relationships between two words can also be discovered
through correlation analysis. Correlation analysis seeks to expose the
relationships between words that are found in the same document, but
may not co-occur such as with bigrams (Silge and Robinson, 2017). In
this case, the focus is to determine how often words appear together in
the same document (previously defined as a sequence of N words) re-
lative to how often they appear separately. To implement this for-
mulation, the mean square contingency coefficient (also known as phi
coefficient) was calculated. The mean square contingency coefficient
measures the extent and direction of correlation between two variables
(Selby et al., 2004).

The most basic text mining approach is the tf-idf scheme (Salton and
McGill, 1983), which counts the number of occurrences of each word
for each document and applies appropriate normalization on the fre-
quencies of the words. The result of tf-idf is a document-term matrix
whose columns contain the normalized frequency of the words for each
of the documents in the analysed corpus. According to Bastani et al.
(2019), this approach it is not helpful where the number of unique
words is very large, even if it reduces documents of arbitrary length into
a fixed-length of the unique words in the corpus. Deerwester et al.
(1990) proposed latent semantic analysis (LSA), which is an effective
dimensionality reduction method on the document-term matrix using
singular value decomposition. This approach can achieve significant
compression in large collections while capturing some aspects of basic
linguistic notions. However, the main shortcoming of LSA is the lack of
fitting a model to data to represent the documents into multiple topics
(Bastani et al., 2019).

A significant improvement in this regard was initiated with prob-
abilistic Latent Semantic Indexing (pLSI) from Hofmann (1999). The
pLSI approach assigns a probabilistic mixture model to the words in a
document, where the mixture components represent topics. However,
pLSI is prone to overfitting. Overfitting is a phenomenon where almost
perfect prediction can be made by a classifier on a training data set,
while achieving poor prediction on test data. This can lead to fitting the
noise in the data by learning the details of the training data instead of
finding a global predictive formula (Hamed et al., 2018). LDA has been
introduced to solve overfitting in the original pLSI (probabilistic Latent
Semantic Indexing) (Ihou and Bouguila, 2019).

Recently, several modifications to LDA have been proposed to in-
corporate supervision and enable categorization schemes. One form of
supervision assumes that a single label of metadata is generated from
each document's empirical topic mixture distribution, such as in
Supervised LDA (McAuliffe and Blei, 2008). Roberts et al. (2014)

1 In many-to-many associations each object can be related to multiple objects
of another type. For example, a doctor can have many patients, and a patient
can also have many doctors.
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developed an extension of LDA, known as structural topic modeling
(STM), to take the effect of covariates of interest in documents mod-
elling. Also, advances in nonparametric Bayesian methods resulted in
topic models that use nonparametric Bayesian priors, like the hier-
archical Dirichlet process LDA (HDP-LDA) proposed by Teh et al.
(2006) that can estimate the topic and word priors and to infer the
number of clusters from the data.

2.2. Topic modelling

A method suited to the study of high-level relationships between
documents is a class of probabilistic techniques called “topic models”,
such as the LDA (Blei et al., 2003) applied in this study, which identifies
distinct “bags” of words co-occurring in documents. LDA is called a
“topic model” because the identified sets of words tend to reflect un-
derlying topics that may be combined to characterize every document
in a corpus (Blei et al., 2003). Topic modelling is a method that models
each document as a mixture of topics and each topic as a mixture of
words.

LDA is an unsupervised topic model where the number of topics that
the model discovers is left as a free parameter. Being unsupervised, LDA
does not incorporate manual notation into the learning procedure of
topics. Common to all unsupervised topic models is the idea that lan-
guage is organized by latent dimensions that actors may not even be
aware of (McFarland et al., 2013).

In this study, LDA was employed to model problem and solution
documents as though they were generated by sampling from a mixture
of K topics, where a topic is a multinomial distribution over all words in
our vocabulary (Blei et al., 2003).

The generative process for each file of problems or solutions consists
of the following steps (Bhattacharya et al., 2018):

• First, a multinomial distribution over V words for the tth topic, de-
noted Φt (1 ≤ t ≤ K), is obtained by sampling from a Dirichlet
distribution with parameter α; Φt representing the conditional
probability of a word to occur in the tth topic.

• Next, for each document, Fi, a multinomial distribution over K to-
pics, denoted θi, is sampled from a Dirichlet distribution with
parameter β; θi represents the conditional probability of the file to
be associated with each of the K topics.

• Subsequently, for each word-position, j, in the document, Fi:
○ (1) A topic is drawn by sampling from θi; the selected topic at

position j in Fi, is denoted zj
i ∈ {1,…,K};

○ (2) Given the topic zj
i a word cj

i is drawn by sampling the topic-
word distribution, θzj

i.

The model parameters are set iteratively for different values of K (in
our study K ranges from two to 25), and the data log-likelihood is
calculated for each value of K. To determine the optimal number of
topics, we identify the K value that maximizes the data log-likelihood,
which is defined as:

∫∑ ∑ ∑⎡
⎣

⎤
⎦= ={ }log Pr c z θ Pr z θ Pr θ β dθ( | , ) ( | ) ( | )

i

M

z j
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i

z j
i

i i i1 1
j

j
i

(1)

whereM denotes the number of documents in the corpus and Ni denotes
the total number of words in the ith file. Further details may be obtained
in Grun and Hornik (2011).

The exact parameter inference of the LDA model is intractable, and
thus, approximate estimation methods are needed. The approximate
algorithm Gibbs sampling (Griffiths and Steyvers, 2004) is widely used
for parameter estimation in topic models due to its simplicity under
Dirichlet priors (Wang et al., 2018).

Since the extracted topics, expressed as collections of words, are
inherently latent, they often contain multi-dimensional meanings (se-
mantics).

A parallel understanding can be drawn between topics in LDA and
principal components in Principal Component Analysis (PCA). LDA
turns a text document (represented by word frequencies) into a linear
combination of topics (also represented by word frequencies). This
linear combination of topics are similar to the eigenvectors in PCA. In
PCA, a numerical signal of dimension N can be re-represented by a
combination of K eigenvectors K < N. These dimensionality reductions
lead to a loss of information (unless K=N), and the modeller has to
seek the best compromise. In the case of LDA, given a set of documents
(represented as a vector of word frequencies) and a number of K topics,
the algorithm extracts the set of K topics that minimizes the re-
construction error of the original documents. Each topic is also a vector
of word frequencies (Li et al., 2015).

This characteristic of LDA is useful to efficiently extract from RSI
reports those words and documents which are specifically related to
roadside safety.

To perform the text mining procedure, the statistical open-source
tool R Version 3.4.2 (R Development Core Team, 2011) was adopted.
Specifically, the “tm” (Feinerer et al., 2008) and “topicmodel” packages
(Grun and Hornik, 2011) were chosen. The former provides text mining
functions, while the latter implements the LDA algorithm.

The R “topicmodel” package (Grun and Hornik, 2011) uses Gibbs
sampling. Estimation of the LDA model using Gibbs sampling requires
specification of values for the parameters of the prior distributions.
Griffiths and Steyvers (2004) suggest an initial value of 50/M for α and
0.1 for β. The parameter values used for the parameter β (0.1) and for
the initial value of the parameter α (50/M) were suggested by Griffiths
and Steyvers (2004).

The number of latent topics (K) to be estimated by the LDA algo-
rithm is a problem of model selection, where the number of topics
within a given corpus is initially unknown and must be chosen before
model initialization. While LDA uses Bayesian inference to generatively
estimate the posterior model distribution based only on the words
shown in the texts, it requires K to begin its iteration process.

Since LDA is an unsupervised method, there is no direct measure to
identify the optimum number of topics to include in a model (Robinson,
2019). Researchers have recommended various approaches to establish
the optimal K (Arun et al., 2010; Cao et al., 2009; Deveaud et al., 2014;
Griffiths and Steyvers, 2004; Zhao et al., 2015). These approaches
provide a good range of possible K values that are mathematically
plausible. However, according to DiMaggio et al. (2013), when topic
modelling is used to identify themes and assist in interpretation (like in
the present study), rather than to predict a knowable state or quantity,
there is no statistical test for the optimal number of topics or the quality
of a solution. A simple way to evaluate topic models is to look at the
qualities of each topic and discern whether they are reasonable
(McFarland et al., 2013).

In this paper, two different approaches were used to establish the
optimum number of topics:

• KL-divergence minimization method (Arun et al., 2010);

• Expectation maximization method (Griffiths and Steyvers, 2004).

The R package “ldatuning” (Nikita, 2016) was used to set the op-
timal K.

In addition, the topic number selection was guided by the model’s
ability to identify a number of substantively meaningful and analyti-
cally useful topics. In fact, the increase in fit is sometimes at the expense
of interpretability due to overfitting (Dyer et al., 2017). Increasing the
number of topics, producing ever-finer partitions can result in a less
useful model because it becomes almost impossible for humans to dif-
ferentiate between many of the topics (Chang et al., 2009). Ultimately,
the choice of models must be driven by the questions being analysed.
DiMaggio et al. (2013) suggest that the process is empirically dis-
ciplined, in that, if the data are inappropriate for answering the ana-
lysts’ questions, no topic model will produce a useful reduction of the
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data.

3. Data

The main element of a RSI is the identification of the road safety
issues and associated risks, in this case from a set of RSI reports gen-
erated by the National Road Authority in Ireland (Transport
Infrastructure Ireland, 2014). Each RSI report includes attributes such
as identification number, whether the issues occur on the mainline or
on the roadside, a detailed description of the safety issues, the related
primary collision type, the recommended approach to address each
safety issue, and detailed descriptions of proposed solutions to elim-
inate the safety issues or mitigate their consequences. Each RSI report
also includes an appendix (Appendix A) with a summary spreadsheet of
all issues. A sample report format is contained in the Irish guidance
document NRA HA 17 Road Safety Inspection Guidelines (Transport
Infrastructure Ireland, 2014).

Table 1 shows a summary description of the routes analysed in the
54 investigated RSI.

The topic analyses focused mainly on the spreadsheets containing
the summary of identified safety problems and the corresponding pro-
posed mitigating interventions (Appendix A of the reports).
Furthermore, the content of the inspection teams’ reports, including the
description of safety issues and proposed solutions were tracked, and
two record sets – document-term matrices were constructed.

To create a document-term matrix that can be processed via topic
modelling several data organization and pre-processing choices were
made. The document-term matrix serves as input to the LDA topic
modelling to obtain the most relevant topics (Blei et al., 2003).

Text pre-processing in this study includes word text tokenization
(breaking up a sequence of strings into tokens such as words), con-
verting words to lower-case, removing punctuation characters and
numbers, and removing stop words (highly frequent words contributing
little or no meaning in the text, such as “if”, “and”, etc.).

Stemming (reducing inflected words to their base or root form) was
not considered in pre-processing, since it sometimes combines terms
that would best be considered distinct, and variations of the same word
will usually end up in the same topic.

Fig. 1 shows descriptions of the most frequent words appearing in
each record set, in decreasing order of frequency occurrence. Each bar
represents the number of occurrences of each word in the respective
record set. Examining the words within each record set shows that
words related to roadside issues are part of the most frequent words
present in both record sets. Words like “control”, “loss”, “collision”,
“errant”, “hazard”, in the problems record set, or “side”, “barrier”,
“post”, “relocate” and “remove”, in the solutions record set, point out to
roadside safety issues that can be further examined through topic
modelling.

4. Results and discussion

4.1. Relationships between words

Figs. 2 and 3 present a combination of connected nodes for both the
problems and the solutions record sets, respectively, where it is possible
to visualize some details of the text structure. The relationships here are
directional (marked with an arrow).

In Fig. 2 one can see that words such as “road”, “vehicle”, “sign”,
and “roadside” form common centres of nodes. The word “roadside” is

preceded by “unforgiving” and followed by “hazard”. We also see pairs
and triplets that form common short phrases related to roadside issues
(“safety barrier”, “bridge parapet” or “errant vehicle enters/striking”).
Fig. 2 also shows the more general character of RSI, highlighting visi-
bility and sight distance problems associated with road, vehicle and the
bigram “drivers-inappropriately”.

Fig. 3 shows that the solutions record set is particularly focused
around words such as “sign”, “signs” and “signage”. In terms of road-
side interventions, the phrases “safety barrier board” and “roadside
boundary wall” stand out. Similar to the previous figure, Fig. 3 also
highlights the broader set of remedial actions in RSI (e.g., vulnerable
road users and layout review).

In Figs. 4 and 5, the correlations (through the mean square con-
tingency coefficients) are depicted among words for the problems and
solutions record sets, respectively. Note that unlike the bigram analysis,
the relationships here are symmetrical, rather than directional. It can
also be seen that while pairings of words that dominate bigram pairings
are common, such as “unforgiving/roadside” or “barrier/safety”, pair-
ings of words that appear close to each other are also present, such as
“clear” and “zone”, “working” and “barrier”, “utility” and “pole”, or
“forgiving” and “fence”. The word “kerb” also appears correlated with
several words (e.g. “provision”, “dropped” and “paving”).

It is worth mentioning that aquaplaning stands out as an issue in
non-motorway RSI. Some correlations show the broader scope of RSI
(e.g. “sight”, “distance” and mainline”, in Fig. 4; and “drainage”, “set-
ting” and “need”, in Fig. 5). Vulnerable road users (“vru”) and “surfa-
cing” are at the core of two important correlated nodes in the solutions
record set depicted in Fig. 5.

Compared with the most frequent words appearing in each record
set (Fig. 1), the results extracted by directed graphs of common bigrams
(Figs. 2 and 3) and correlations (Figs. 4 and 5) have better re-
presentation for the given RSI reports, including for roadside issues.
Important words for roadside safety like “vru”, “kerb”, or “unforgiving”
are displayed in Figs. 2 to 5 although they are not part of the most
frequent words presented in Fig. 1.

Finally, in Fig. 6, the words most correlated with “barrier”, “pole”,
“roadside”, and “zone” are presented for the problems and solutions
record sets. The word “barrier” is highly correlated with the words
“working” and “width”, and “terminal” and “P4″ in the problems and
the solutions record sets, respectively. These correlations point out is-
sues regarding the working width of installed safety barriers, as well as
the need for the installation and selection of terminals at the extremities
of highway safety barriers – “P4″ are guardrail end terminals designed
for use on roads with speed limits of 50 mph (80 km/h) and greater.
Also, examining the words correlated with the word “pole”, it is pos-
sible to identify issues regarding utility poles and the need for their
relocation” (through the words “utility” and “relocate”, respectively).
Similarly, the words “roadside” and “zone” are highly correlated with
the words “unforgiving” and “clear”, showing issues regarding the
adoption and application of the “forgiving roadside” and “clear zone”
concepts.

4.2. Models and interpretation

The LDA implementation was applied to both problems and solu-
tions corpora, where each of the resulting topics is a distribution over
words. Different numbers of topics, K, were considered, ranging from
two to 25. To avoid the use of poor initial estimates as part of the Gibbs
sampling process, 4000 samples were discarded in the burn-in period –

Table 1
Summary description of inspected Irish routes length (km).

Urban Rural Motorway Single Carriageway Dual Carriageway National Primary National Secondary Total

626 3361 24 3846 141 1494 2507 4011
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the initial stage of the sampling process in which the Gibbs samples are
poor estimates of the posterior (Bhattacharya et al., 2018). Following
the burn-in period, 2000 iterations were performed, taking every 500th

iteration for further use. This procedure is done to avoid correlations
between samples. Each experiment was repeated five times employing
different initial seeds and calculated an average log-likelihood value.
The initial seeds were saved so that the results can be reproduced.

As shown in Fig. 7, the KL-divergence minimization method (top

charts) and the expectation maximization method (bottom charts)
agree that the ideal number of topics for our sample dataset is 25.
Consequently, two LDA models were estimated by setting the K value
equal to 25.

Tables 2 and 3 show the 25 extracted latent topics for the problems
and solutions record sets (topics directly related to roadside issues are
shaded grey). Each topic contains all words in the corpus, albeit with
different probabilities. The top 10 terms for each record set are listed in

Fig. 1. Number of occurrences of the most frequent words in the problems record set (left), and the solutions record set (right).

Fig. 2. Directed graph of common bigrams in the problems record set.

C. Roque, et al. Accident Analysis and Prevention 131 (2019) 336–349

341



Fig. 3. Directed graph of common bigrams in the solutions record set.

Fig. 4. Pairs of words in the problems record set that show at least a 0.50 correlation of appearing within the same document.
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Table 2 and Table 3.
To provide a better understanding of the LDA’s latent topics, Fig. 8

presents some examples of the topic-specific words probabilities (β) for
the 25 topics of the problems record set. For instance, the word “ha-
zard” has a 13% probability of being generated from Topic 1, whereas
“cyclists” has a 3% probability of being generated from the same topic.
Fig. 9 presents the topic-specific words probabilities (β) for the 25 to-
pics of the solutions record set. Here we can see that the word “hazard”

has an 11% probability of being generated from Topic 11, whereas
“poles” has a 3% probability of being generated from the same topic.

As demonstrated by Table 2 and Table 3, the extracted 25 topics
obtained from both record sets match the typical issues and interven-
tions in road safety reasonably well, suggesting that RSI reports have
been successfully covering most of the relevant state-of-the-practice
road safety aspects.

There are four topics in Table 2 and Fig. 8 directly related to

Fig. 5. Pairs of words in the solutions record set that show at least a 0.50 correlation of appearing within the same document.

Fig. 6. Words most associated with “barrier”, “pole”, “roadside” and “zone” in (left) the problems record set and (right) the solutions record set.
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roadside problems:

• Topic 1, relates to roadside hazards and verges – on the edge of
carriageway;

• Topic 2, corresponds to ROR crashes in bridges;

• Topic 5, is associated with a specific roadside hazard (poles);

• Topic 20 shows patterns of fixed continuous roadside hazards (walls
and fences).

There are three topics in Table 3 and Fig. 9 directly related to
roadside interventions:

• Topic 11, corresponding to mitigating the effects of roadside hazards
and poles;

• Topic 14, addressing fixed roadside hazards;

• Topic 23, referring to roadside issues in bridges.

It should be noted that some words relating to the “forgiving
roadside’’ and “clear zone’’ concepts, as well as the relevant European
technical standards (CEN-EN1317 and EN 12,767), are absent from
these topics. That is, these words are not mentioned often enough to be
extracted as a distinctive topic. The absence of “clear” and “zone’’ in
these topics may reveal a lack of application of this concept on Irish
roads, at least as a specific characteristic deserving to be explicitly
mentioned in the reports. Alternatively, the concept may be referred to
using different words (though this is not evidenced in Figs. 4, 5, and 6),
or there can even be misclassification by human coders. RSI reports
were human-coded and thus might contain errors. In the latter, it is
difficult to differentiate between the origins of misclassification, i.e., it
is not sure whether a problem or solution is misclassified for technical
or conceptual reasons.

It is also worthwhile to point out that the word “cyclists”, not ty-
pically related to roadside safety, appears in Topic 1 of the problems
record set. In fact, several statements in the problems record set relate
cyclists to roadside safety. Some examples are presented below:

• "Safety Barrier. Barrier layout. The pedestrian guardrails are located
too close the carriageway edge resulting in insufficient lateral
clearance and poses a hazard to cyclists."

• "VRU Pedestrian facilities. The location of the gantry signal pole
may cause an obstruction to cyclists using this path."

• "Roadside hazard. Lighting Columns. The lamp column is very close
to the edge of the pavement which may pose a hazard to vehicles,
including cyclists, when meeting oncoming traffic at this location."

• "Roadside hazard. Sign Supports. The traffic lights ahead sign is
located very close to the edge of the pavement. This poses a hazard
to errant vehicles and cyclists."

• "Roadside hazard. Utility poles along carriageway. The telephone
pole is located very close to the edge of the carriageway. Acts as a
potential hazard to errant vehicles and cyclists."

• "Roadside hazard. Boundary walls. The retaining wall and pedes-
trian railings are located very close to the edge of the carriageway.
This poses a hazard to errant vehicles and cyclists."

• "Utility poles along carriageway. The lighting column in the car-
riageway constitutes a hazard to vehicles including cyclists".

The examples shown indicate that vulnerable road users’ safety is-
sues are already considered in Irish RSI, even though issues for vehicle
occupants and drivers are still more frequently mentioned.

While LDA models estimate each topic as a combination of words
(with probabilities of β), it also estimates each Document as a combi-
nation of topics (with probabilities of γ).

To identify the frequency distribution of the topics in both corpus
(problems and solutions record sets), a heuristic assumption was in-
troduced where each Document should be categorized into one, and
only one, topic group. That is, each Document is categorized into the
topic group that shows the highest γ value. With this assumption, the
relative frequencies of the topics are shown in Table 4. The shaded cells
represent the roadside safety topics identified in Table 2 and Table 3 as
most relevant for roadside safety. From Table 4, it is clear that the
frequency of topics related to roadside safety is higher in the problems
record set (topics 1, 2, 5 and 20 which correspond to 20%) than in the
solutions record set (topics 11, 14 and 23 which correspond to 17%),
meaning that problems are more easily identified and related to the
roadside area than interventions may be. This seems reasonable, as
sometimes roadside safety issues may be mitigated by interventions on
the mainline of the roadway itself (e.g. improving road surface char-
acteristics and correcting geometric deficiencies). The relative

Fig. 7. Determining the number of latent topics (K) for the problems record set (left) and the solutions record set (right).
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frequencies per solutions topic are higher than per problems topic, re-
flecting the lower variety of effective tools that road inspectors may
select to address detected problems.

5. Conclusions

In this paper, a framework to identify many-to-many associations
among a broad group of conditions associated with ROR crashes and
roadside safety interventions in plain text standardized road safety in-
spection reports is proposed. The text mining technique was used to

Table 2
Extracted Latent Topics with keywords (problems record set).
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analyse 54 RSI reports, covering 4011 km of roads, and gathered over
six years (2012–2017). The combination of text mining and topic
modelling enables the RSI report problems and solutions to be extracted
and evaluated. LDA was applied to two datasets collected from the
reports, one comprising the issues raised, and the other the proposed
solutions. The results of this study provide evidence that the LDA is
methodologically appropriate for identifying the co-occurrence patterns

of attributes related to the ROR crashes in road safety inspections’ re-
ports, as well as the interventions’ patterns associated with these cra-
shes.

Our results showed that important keywords relating to the “for-
giving roadside” and “clear zone” concepts, as well as the relevant
European technical standards (CEN-EN1317 and EN 12,767) are absent
from the extracted latent topics. That is, these words are not mentioned

Table 3
Extracted Latent Topics with keywords (solutions record set).
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often enough to be extracted as a distinctive topic. The absence of the
“clear zone’’ term in those topics may reveal a lack of application of this
concept in Irish RSI reports, at least as a desirable specific characteristic
deserving to be explicitly mentioned by a technical term in the reports.

It is also worthwhile to point out that the word “cyclists”, which is
not typically related to roadside safety on high speed roads, appears in
one of the topics of the problems record set. In fact, several statements
in that record set relate cyclists to roadside safety. Vulnerable road
users’ safety issues are already considered in Irish RSI, even though they
are still mostly associated with issues specific to vehicle occupants and
drivers.

The frequency of topics related to roadside safety is higher in the
problems record set than in the solutions record set, meaning that
problems are more easily identified and related to the roadside area
than interventions may be. This seems reasonable, as sometimes road-
side safety issues may be mitigated by interventions in the roadway
itself (e.g. improving road surface characteristics and correcting

geometric deficiencies).
The results of these analyses aimed to help to determine the extent

to which national road authorities in Europe and their contractors are
currently capable of implementing and maintaining compliance with
roadside standards and guidelines throughout the life cycle of roads.

The findings of this study may also encourage policy makers to
make the necessary effort to develop recommendations for safe road-
side design and management.

The results of this study confirm the potential of LDA in analysing
roadside safety issues. Yet this study has some limitations that need to
be addressed in future studies.

First, we only focused on Irish RSI, which might have excluded
specific roadside safety issues from other European countries.
Therefore, caution should be exercised when generalizing some of the
study conclusions to different ROR crash scenarios. The investigation of
a more significant number of RSI reports and particularly from a wider
range of countries will be required in future research, to the enable

Fig. 8. Topic-specific word probabilities for the problems record set.

Fig. 9. Topic-specific word probabilities for the solutions record set.
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expansion of the models and the generalization of their interpretation.
Secondly, RSI reports from other road categories could be included in
the analysis (both in aggregated and disaggregated samples). Recent
studies revealed problems in current roadside design, especially with
regard to clear zones criteria, forgiving slopes and warrants for safety
barrier installation (Roque et al., 2015; Roque and Jalayer, 2018).
Future studies might consider more reports regarding dual carriageway
roads and, specifically, motorways (only 0.6% of our sample data) to
further explore these issues and thereby increase roadside safety in the
most efficient way.

Possible extensions of this study may focus on the development of
similar analyses based on data collected for other types of crashes, such
as multi-vehicle crashes. Additionally, surveys may involve National
Road Authorities and practitioners working in roadside safety man-
agement and design, to collect their experiences and to assess if their
opinions are in accordance with the conclusions from this study.

For future work, it would also be interesting to apply models that
have the potential to link the topics with specific roadside problems or
that can avoid the early establishment of the number of topics.
Traditional unsupervised topic models such as LDA are intended only to
use the discrete bag-of-words representation and cannot explore me-
tadata that might be available for each RSI report (Kandemir et al.,
2018). In RSI reports, metadata can represent star ratings for pedes-
trians, cyclists, motorcyclists and vehicle occupants, or document
timestamps. Thus, other modelling approaches can be explored, such
as, structural topic models (Roberts et al., 2014, 2016), which allow
topics to correlate when estimating the model, and graph topic models
(Xuan et al., 2015; Zhang et al., 2019) that releases the assumption of
‘bag of words’ and assume a graph structure for the text. Also, there is
merit in carrying out similar analyses using Bayesian nonparametric
topic models (Blei et al., 2010; Williamson et al., 2010), which can not
only learn the summarised topics in a set of documents but also adapt
the number of learned topics according to the documents in the set
(Xuan et al., 2019).
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