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A B S T R A C T

In the railway industry, a significant amount of data is stored in the textual format. The advanced development
of natural language processing and text mining techniques enable automatic knowledge extraction and
discovery from such documents. This paper presents a systematic review with quantitative and qualitative
analyses to understand the current state of text-based research in the context of railway transport. The paper
collects 107 relevant publications in the past decade and identifies different channels for researchers to obtain
text data in railways and the corresponding text analysis application use-cases. Moreover, a comprehensive
analysis is performed on the state-of-the-art machine learning and natural language processing methods. Four
key research directions, namely multilingual NLP, digital maintenance, external data integration, and railway-
centred solution pipeline, are identified from Siemens Mobility’s perspective to highlight the most prominent
challenges faced in the railway industry.
. Introduction

Due to increasing interconnectivity and smart automation, the con-
ept of ‘The Fourth Industrial Revolution’ (or ‘Industry 4.0’) has been
ntroduced to mark the phase of significant industrial changes driven
y breakthroughs in emerging technologies in fields such as robotics,
rtificial intelligence, fully autonomous vehicles, the internet of things
IoT), and fifth-generation wireless technologies (Schwab, 2017). It
as since become a global trend and discussions around topics like

digitalisation’, ‘big data’, and ‘machine learning (ML)’ never seem to
ease. The impact of Industry 4.0 across the railway sector is already
ransforming its operations. In recent years, owing to rapid digitali-
ation, a significant amount of data can now be collected, analysed,
nd interpreted in real-time to discover meaningful insights in a way
hat would have been unthinkable a decade ago. Railway companies
ave considerably widened the range of services they can offer: from
mart ticketing, rail analytics, dynamic route scheduling to predictive
nd condition-based maintenance. These IoT applications have enabled
perators to reduce costs, improve service quality and efficiency, opti-
ise physical asset usage, and provide enhanced customer experience.
espite the recent developments, the railway industry remains one of

he least technologically transformed in numerous economies. How-
ver, there has been growing financial and political backing for the
ore comprehensive digitalisation of rail systems since rail transport
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E-mail addresses: kaitai.dong@siemens.com (K. Dong), igor.romanov@siemens.com (I. Romanov), colin.mclellan@siemens.com (C. McLellan),

.f.esen@leeds.ac.uk (A.F. Esen).

is a vital part of smart, reliable, and green mobility solutions. For
example, the European Union aims to increase the transport budget
for 2021 to 2027 by at least €10 billion, in a bid to provide more
robust support for rail digitalisation and research and innovation pro-
grams (Scordamaglia, 2019). Shift2Rail is one of the flagship European
technology and research programs to develop and validate sustainable,
cost-efficient, and competitive railway solutions through research and
collaboration (Furio et al., 2020).

The key to railway digital transformation is the seamless and con-
tinuous sharing and transferring of data across all sensors, devices,
subsystems, and applications. All that data can be sorted into one
of the two categories: structured and unstructured data. Structured
data, typically classified as quantitative data, is highly specific and is
stored in a pre-defined format that can be interpreted by machines. On
the contrary, unstructured data is typically categorised as qualitative
data and is a conglomeration of many varied types of data that are
stored in their native formats (Ambika, 2020). Text and multi-media
are two common types of unstructured data. Critical and valuable
business information is often buried in unstructured data, and a survey
by Forbes has found that more than 95% of businesses cite the need
to manage and capitalise on unstructured data to remain competitive
in the market (Kulkarni, 2019). In the railway industry, a significant
amount of information is stored and accumulated in text format, includ-
ing maintenance records, work logs, performance reports, diagnostic
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messages, passenger reviews, contracts, work orders, close call hazard
reports, and accident reports. It is associated with almost every aspect
of railways and can find applications in sub-domains such as digital
maintenance, inventory management, vehicle health inspection, and
transport planning (Bešinović et al., 2021a). The ability to employ
automated solutions to extract, process, and analyse useful knowledge
from free-format text data is key to enhancing efficiency and cost-
saving for rail operators and increasing the reliability and performance
of railways. The concept that is sitting in the centre of linguistics-
based text analytics is known as natural language processing (NLP).
As a critical component of artificial intelligence (AI), NLP is an in-
terdisciplinary field of study of linguistics and computer science that
aims to enable computer programs to understand human language as
it is spoken and written (Hirschberg and Manning, 2015). It has been
studied for over half a century, however, due to its ambiguous and
fuzzy nature, text-based research remains an intriguing challenge for
many. As Yoav Goldberg put it in his book,

‘‘Human language is highly ambiguous . . . It is also ever-changing and
evolving. People are great at producing language and understanding
language, and are capable of expressing, perceiving, and interpreting very
elaborate and nuanced meanings. At the same time, while we humans are
great users of language, we are also very poor at formally understanding
and describing the rules that govern language’’. (Goldberg, 2017)

Despite the difficulties, numerous breakthroughs have been made
n NLP over the past two decades. Thanks to the vast increase of
omputational power and data connectivity, NLP-based solutions have
een integrated into a wide range of software applications that benefit
usinesses and our daily lives. Fundamental tasks such as language
odelling, text classification, information retrieval, and question an-

wering have been studied extensively and utilised regularly across
ifferent NLP projects (Vajjala et al., 2020). Fig. 1 displays a list
f common NLP tasks ranked by their relative difficulty in terms of
olution development. These tasks enable machines to process and
nderstand textual information in substantial volumes within a much
horter period of time than the manual process. Such applications have
ccelerated the replacement of tedious and error-prone human work to
educe labour costs and improve efficiency Since the railway industry is
nformation-rich and text-heavy, NLP could serve as a powerful tool to
istil this source of information and unlock the digital potential to slash
xpenses, enhance reliability, and remain strong competitiveness in the
ace of the rising digital race. On the other hand, the complexity of free-
ext information in the railway industry provides NLP researchers with

unique opportunity to develop state-of-the-art domain-specialised
olutions. For example, text classification is the process of categoris-
ng texts into defined groups. Typical text classification tasks in the
ailway industry include identifying the root cause of system failure
rom fault diagnosis messages and analysing customers’ opinions in
extual data (e.g., tweets and public reviews) and classifying them into
inary or multi-class labels. Similarly, information extraction and text
ummarisation can help railway operators retrieve useful and essential
nformation from lengthy safety reports, discover hidden safety loop-
oles or bottlenecks, and enhance the efficiency and reliability of the
ervice. As machine learning evolves, deep learning and reinforcement
earning have been the trends for certain NLP tasks. To be more specific,
oth deep learning and reinforcement learning models have shown
uperior performances in dialogue generation, machine translation, as
ell as question answering tasks. These tasks are key to applications

uch as chatbots and enterprise’s user answering systems, which will
mprove current railway services and customer experiences greatly.
oreover, the technical language used in railways will add an extra

ayer of complexity and difficulty for NLP researchers. New adaptions
o the machine learning models and frameworks are needed to capture
he underlying semantic relationships in the railway environment and

eturn reliable performances with strong generalisation ability. It is
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believed that such NLP applications can assist the traditional railway
industry to reap the benefits of automation and digitalisation, as well
as provide a platform for researchers to process, explore, and interpret
technical language-related data for better comprehension.

Text-based research and applications in railways are projected to
increase as NLP and TM technologies advance. Furthermore, due to
the complexity and diversity of its project nature, the railway industry,
as a domain-specific and labour-intensive industry, lags behind other
sectors in text-based solution adoption. Therefore, it is time to review
text-based research and studies that have been done across the whole
railway sector and discuss the research gaps and future directions.

As a result of the rapid growth of ML and NLP applications in
railways, several reviews about this theme have been conducted and
published. Nonetheless, most of them only feature NLP as a sub-area of
broad ML methods used to solve rail challenges. For example, Ghofrani
et al. (2018) reviewed recent big data analytics (BDA) applications in
operations, maintenance, and safety aspects of railway transportation,
among which text-based methods were introduced to tackle main-
tenance and safety problems. Subsequently, Bešinović et al. (2021a)
presented a structured taxonomy to guide researchers to understand
how AI techniques are linked with specific railway applications such as
maintenance, security, autonomous driving, and traffic management.
As another key application of AI/ML in railways, Rad et al. (2021)
and Hadj-Mabrouk (2019b) summarised innovative ML-based methods
for analysing railway accidents and identifying accident causation.
Most recently, Pappaterra et al. (2021) gave a review of AI studies
and research conducted on the publicly available datasets in different
domains of the railway sector. Their articles highlighted various ML
and deep learning (DL) algorithms applied to a wide range of data types
such as numeric-, text-, voice- and image-based data, lacking emphasis
on techniques related to text analysis. There is no comprehensive and
holistic literature review that solely concentrates on text-based research
and applications in the railway industry. The authors aim to produce
an extensive and systematic review of academic publications in the
last 10 years that have applied NLP and other text-based methods
in the domain of railways. Four exploratory research questions are
determined to guide this study.

RQ1. What types of data in railways were used to develop text-based
algorithms?

RQ2. What types of applications have been developed in the previous
studies?

RQ3. What text-based analysis methods were utilised in the previous
studies?

RQ4. What signposts can we identify for future research from the
railway industry’s perspective?

This paper is organised as follows. Section 2 explains the research
methodology for collecting text-based research publications in railways
and extracting keyphrases from these papers. Section 3 analyses the
literature database and the research trend from a data perspective.
Section 4 explains the railway data sources that have been adopted
in the previous research and the corresponding research objectives.
Section 5 lists the main text-based methods and algorithms explored
in these papers. Future research directions are discussed in Section 6
and a conclusion is drawn for this literature review in Section 7.

2. Research methodology

This section presents the method used to collect relevant literature
from publicly accessible research databases. Detailed selection criteria
and explanations are outlined in this section. Furthermore, comprehen-
sive data insight is gained through both qualitative and quantitative
analysis.
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Fig. 1. Relative difficulty levels for common NLP tasks (Vajjala et al., 2020).
.1. Data acquisition and selection criteria

From a methodology perspective, defining boundaries is one of the
ost critical steps for conducting a literature review (Sadeghi and
skarinejad, 2012). Therefore, the following four criteria were adopted

n the three-stage literature retrieval process, as illustrated in Fig. 2, to
efine the search space of peer-reviewed papers.

1. Web of Science (WoS), Scopus, and American Society of Civil
Engineers (ASCE) are selected as the main academic databases
for targeted publications. Additionally, ML and NLP researchers
are inclined to publish research works at major conferences
over the years. Hence, IEEE Xplore and ACM Digital Library are
also included in the database selection to minimise the search
oversight. Suggested by the previous reviews (Bešinović et al.,
2021a; Ghofrani et al., 2018), the development of text-based
analysis in the railway sector emerged in the 2010s and the
volumes of applications have risen sharply ever since. As a result,
this analysis aims only at publications for the last 10 years, from
2013 to 2022, to highlight the most recent developments in the
field. Moreover, two more parameters are used to determine the
scope of publication research, including document type (‘Journal
article’, ‘Conference’) and language (‘English’).

2. To make the search more effective, various keywords and condi-
tions are used to automatically identify the literature relevant to
the text-based research in railways. At the same time, the terms
‘railways’ and ‘text-based research’ represent broad spheres of
study and have specific sub-domains and sub-groups in scientific
publications. As shown in Fig. 1, the field of NLP covers a diverse
collection of tasks and research topics. Similarly, ‘railway’ is
a relatively ‘loose’ concept in rail terminology and it often in-
corporates distinct sub-groups of railways such as underground,
high-speed train, and tram. What is more, it lacks the stan-
dardised use of terminology due to the parallel development of
rail transport systems in different parts of the world, leading
to varied forms of terminology and potential contextual confu-
sion (Anon, 2021a). Also, rail terminology can have different
interpretations outside of the field. For instance, the word ‘train’
has double meanings in research; it can refer to railway carriages
in transportation, as well as the training of machine learning
models in data science topics. Hence, extra caution needs to be
taken to exclude irrelevant papers from the search query choices.

Consequently, this study uses variations such as ‘high-speed

3

train’, ‘freight train’, ‘railway’, ‘railroad’, ‘underground’, ‘tram’,
and ‘metro’ as railways-related domain keywords. Likewise, the
NLP-related search queries use ‘natural language processing’ and
its sub-tasks described in Fig. 1 to ensure all relevant literature
are captured. This review adopts logical operators, as shown in
Fig. 2, to identify candidate papers that contain at least one
match from the railway domain keywords and the NLP-related
technical keywords each.

3. The following literature selection process removes duplicated
papers collected from the academic databases and digital li-
braries by comparing their paper titles and unique digital object
identifiers (DOIs). Furthermore, with the rapid increase in the
number of conferences, conference papers are typically much
less rigorously reviewed, and the screening process is often
fast (Al-Fedaghi, 2007). There are also occasions where similar
papers are submitted to multiple conferences, resulting in the
similarity of publications (Laplante et al., 2009). As a result, an
online file compare tool, CopyLeaks, is employed to cross-check
the selected conference publications, and any literature with a
similarity score of over 50% will be singled out for additional
manual screening.

4. To ensure the relevance and quality of reviewed literature in this
analysis, a manual screening process is introduced at the end to
read through the abstract and body of text. This step attempts
to identify unrelated articles queried from the databases due
to query ambiguity and misinterpretation. Most examples come
from image-based research, in which texts are extracted from
images for recognition and analysis. Although text analysis is
included, such literature does not focus on NLP or text-based al-
gorithms, thus it is considered out of the scope of this review and
is removed from the selection. Moreover, the ‘similar’ conference
proceedings from Step 3 are manually examined to determine
whether they are deemed duplicated. Similarities in dataset,
methodology, and conclusion are the main deciding factors in
this process.

Taking described criteria and conditions into account, a total of
107 papers related to the study area were identified and stored in our
database for further analysis, among them, 61 were journal articles and

46 were conference proceedings.
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2.2. Literature keyword extraction

This section aims to analyse information such as text-based research
applications, trends, and analysis methods in railways. The author key-
words, typically provided by the author to increase the article visibility
in search engines and gain more citations, do not offer an accurate
representation of the key contents of the articles. As a result, this
study extracted keywords from each manuscript using an open-source
unsupervised method named YAKE! and manually labelled key terms
related to the object of this analysis. YAKE!, developed by Campos
et al. (2018a,b, 2020), is a lightweight automatic keyword extraction
approach that relies on text statistical features extracted from sin-
gle documents to select the most important keywords. This method
shows more superior performances, measured by precision, recall, and
F1-score, over other unsupervised keyword extraction algorithms on
academic articles (Miah et al., 2021, 2022), hence it is chosen for
this study. However, it is worth noting that this work concentrates on
exploratory keyword analysis and comparison with other methods and
discussions over its advantages or disadvantages fall out of the scope
of this study. The process of keyword extraction using YAKE! has the
following 6 main steps as shown in Fig. 3:

(1) Text pre-processing and candidate term identification: Text is
firstly extracted from PDF documents using Adobe PDF Extract
API. The text is subsequently cleaned and transformed into a
machine-readable format via sentence splitting, text annotation,
tokenization, and stopwords identification (Campos et al., 2020).
The result of this step is a list of sentences, where each sentence
is divided into chunks formed by annotated terms.

(2) Feature extraction: A statistical analysis is applied to compute
the term frequencies and build the co-occurrence matrix. Subse-
quently, a total of five features, i.e., Casing (𝑇𝐶𝑎𝑠𝑒), Term position
(𝑇𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛), Term frequency normalisation (𝑇𝐹𝑁𝑜𝑟𝑚), Term relat-
edness to context (𝑇𝑅𝑒𝑙), and Term different sentence (𝑇𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒),
are extracted to capture the nature of each candidate term and
are used to quantify how good they are (Campos et al., 2018a).

(3) Computing term score: The term score 𝑆𝑡 is computed based on
the extracted features in Step 2 to reflect the importance of the
term, where the significance of the 1-gram term increases as the
term score decreases.
4

(4) N-gram generation and computing candidate keyword score:
Taking into consideration the possibility that a keyword may
consist of more than one word, a sliding window of size n is used
to create an adjacent sequence of terms ranging from 1-gram to
n-grams (Campos et al., 2018a, 2020). Candidate keywords can
only be formed by sequences of terms if they belong to the same
sentence and same chunk. Each candidate keyword will then
be assigned a final score 𝑆𝑘𝑤, weighted by candidate keyword
frequency 𝐾𝐹 (𝑘𝑤), where a lower score indicates a stronger
relevance.

(5) Data deduplication and ranking: Similar potential candidates
are discarded in this step to improve the ranking result. Three
distance measures, namely the Levenshtein similarity, the Jaro–
Winkler similarity, and the sequence matcher, are applied to
determine the similarity between potential candidate keywords
(Campos et al., 2020). Among the candidates considered similar,
the ones with lower 𝑆𝑘𝑤 will be kept. Afterwards, the keywords
are sorted based on their scores.

(6) Keyword labelling: The candidate keywords extracted from the
Step 5 will be manually examined and classified as application-,
task domain-, or technique-related terms. Moreover, the repre-
sentative abbreviations are merged with their original expres-
sions to avoid repetition.

. Data analysis

This section presents the statistical results obtained from analysing
he literature, author data, and extracted keywords of the reviewed
ublications. The data processing and visualisation were conducted
sing Python programming language.

.1. Literature distribution

In Fig. 4, the distribution of published articles in the field of railway-
elated text-based research is shown from 2013 to 2022. This study
as conducted in February 2022, thus only the literature published
efore this time were included. As can be observed in Fig. 4, there
s a clear indication that text-based research in the railway industry
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Fig. 3. Illustrative keyword extraction process using YAKE!.
as been rising steadily in the past decade, thanks to computational
dvancement and widespread digitalisation in railways. There were
nly a small number of publications on this topic from 2013 to 2017.
owever, a sharp increase of publications, in terms of both conference
nd journal, was seen in 2018, and a total of 15 papers were published
n 2018 alone, nearly the cumulative sum of all previous publications.
ince 2019, more than 20 papers in this field have been published
very year, implying a growing academic and industrial interest in the
pplications of text-based research in railways. Additionally, a small
ip in publication number can be seen in 2020 and this decrease is
articularly noticeable in conference publications. This is likely due
o the severe disruptions brought by COVID-19, during which travel
estrictions have been placed in almost every country, making it ex-
remely challenging to attend conferences in person. Even though most
onferences have been moved online, the number of attendees has not
et reached the pre-pandemic level and this impact is bound to last for
while.

Fig. 5 presents a bivariate map with the number of author contri-
utions and the total length of high-speed rail per country, where the
horopleth map of high-speed rail lengths is overlaid by the bubble
hart of publication numbers. A publication is usually co-written by
esearchers from different institutions and countries. In this study, both
irst authorship and co-authorships are considered equal for determin-
ng the author contributions. The high-speed rail length statistics in-
lude the lines both in service and under construction and are based on
nternational Union of Railways (UIC) figures reported in 2021 (Anon,
021b).

Observed from Fig. 5, text-based publications are more likely pro-
uced in countries with the longer high-speed railway lines. It is

orth noting, however, that there is no direct proportionate association

5

between railway lengths and railway text-based research. For example,
thanks to generous funding from the Chinese government, China’s high-
speed rail (HSR) network is expected to reach over 38000 km by
2025 (Nunno, 2018), far more than the rest of the world combined.
This support can be reflected in the relevant research output, where
a total of 167 researchers from Chinese institutions have contributed
to 55 publications, accounting for 49% of the total literature. Sim-
ilarly, European HSR networks have been upgraded and extended
extensively in the past decade. The investment in educational and
academic development has fostered collaborations between institutions
and led to advanced applications utilised in railway operation and
maintenance (Furio et al., 2020). As a result, 126 researchers from 12
European countries have published 36 articles in this field of study,
among which the UK leads with 44 author contributions alone.

Additionally, a total of 93 universities and institutes across 19 coun-
tries have been involved in and contributed to the literature used in this
study. It would be beneficial for the industry to establish partnerships
and foster collaborations with railway-specialised research institutions
to develop state-of-the-art applications and solve complex problems
faced in the railway sector. Besides the number of publications, another
important metric to measure the impact and influence of the research
output from such institutes is the citation number.

Fig. 6 displays the top 10 universities that produce the greatest
number of text-based railway research papers and their corresponding
citation numbers. For publications authored by more than one re-
searcher, the counting will only be recorded for non-redundant entities,
i.e., in the case of multiple co-authors coming from the same university,
the number will only be counted once. As can be seen, the top 10
universities own 69 papers altogether, whereas three transportation-

focused Chinese universities have contributed to 38 of them, which
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Fig. 4. The total number of annual publications from January 2013 to February 2022.

Fig. 5. Bivariate map of author contributions and length of high-speed rail in (a) the world (b) European countries.
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Fig. 6. Top 10 universities in terms of research output and their corresponding citation numbers.
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akes up approximately 34% of papers in our dataset (‘jiaotong’ in
hinese means ‘transportation’). Beijing Jiaotong University is statis-
ically considered the most prestigious and proficient institute in terms
f text-based research in railways as they lead in both publication
nd citation numbers. In Europe, railway-strong institutes such as the
niversity of Huddersfield, Mälardalen University, and Delft University
f Technology have published 18 highly cited papers in this field
ltogether, with Delft University of Technology amassing 189 citations
rom their 3 influential publications.

There are 45 journals and 36 conferences that have published
ext-based research or applications in railways Table 1 summarises
he top publication sources of reviewed articles. The top 15 sources
ccount for 37% of all publications. IEEE Transactions on Intelligent
ransportation Systems and IEEE Intelligent Transportation Systems
onference are the two leading sources for journal and conference
ublications, respectively, which have together contributed nearly 12%
f published papers focusing on text-based research in railways. Also,
nly 2 of the top 15 sources, i.e., Journal of Rail Transport Planning &
anagement and Proceedings of the Institution of Mechanical Engineers,
art F: Journal of Rail and Rapid Transit, consider railways as the
ain publication scope, whereas the remaining sources comprise more

road themes such as transport, computer science and safety-related
opics. The varied choices of publication sources indicate a wide range
f interdisciplinary research, development, and innovation that are
urrently driving and transforming all aspects of the railway industry.

.2. Keyword distribution

There is a total of unique 296 keywords extracted from 107 pub-
ications using the procedure proposed in the Research Methodology
ection. They are comprised of core terminologies or phrases that
nable to capture the essence of publications.

Fig. 7 provides an intuitive insight into the most prominent phrases
y visualising the keyword occurrence frequency among the selected
ublications in this study. To increase the visibility, only the keywords
hat appear in more than two publications are included. The size of
he treemap and its colour are directly proportionate to the number
f papers containing a certain keyword. The top keywords with the
ighest frequency of occurrence are ’natural language processing’ and

text mining’, which are the two knowledge discovery techniques that
re used in text-based research to unveil non-trivial patterns and un-
erstand natural language. It can be seen that the most frequently
ppeared keywords, such as ‘railway safety’, ‘fault diagnosis’, ‘text
lassification’, and ‘sentiment analysis’, come from wide-ranging topics
nd categories. It signals the diverse applications and tools that are
ost researched and can potentially be adopted in the railway sector.

urthermore, these keywords can be grouped into three main domains:

ata source, research objective, and algorithm/method. A

7

Data source-related keywords represent the document type and text
ource used in railway studies. They are not as frequently mentioned
n the articles as other domain keywords. The most common data
ources used in the railway text-based research are ‘accident report’,
railway system’, ‘social media’, and ‘twitter’. Research objective key-
ords refer to the specific research task or challenge the paper would

ike to address. It focuses on both the academic and industrial val-
es produced by the research projects. ‘text classification’, ‘sentiment
nalysis’, ‘information extraction’ and ‘technical language processing’
re the most popular academic topics in railways. On the other hand,
ndustrial objective keywords, such as ‘railway safety’, ‘fault diagnosis’,
nd ‘maintenance’, describe the use case of the research or the benefit
or the railway industry and can often be used to analyse the trend
f the text-based research in railways. Under the research objective,
arious algorithms or methods are employed to achieve the research
oals. Algorithm-related keywords include pre-processing methods and
tatistical and NLP-based tools and techniques. Such keywords nor-
ally follow the latest development and advancement in computer

cience. For example, ‘Convolutional Neural Network (CNN)’ is a class
f artificial neural network that is used to perform generative or de-
criptive tasks and ‘Bi-LSTM’ is a variant of Recurrent Neural Network
RNN) that allows the information flows both backwards and forwards
o help improve sequence prediction.

Fig. 8 shows the evolution of 67 extracted keywords that occurred
ore than once in our literature database over time. Comparing key-
ord frequency with other keywords vertically can reveal certain key-
ord trends within the same sub-category. However, it is vital to
nderstand that no concrete trend can be concluded from Fig. 8 because
eyword frequency can be raised by an increase in publications in the
ubject or a specific research interest from different institutes. Instead,
t can be used to identify the field’s ’hot subject.’ In the first half of
he decade analysed in this article (2013–2017), exploratory text-based
tudies have been conducted chiefly on railway fault diagnosis and
afety management fields to exploit information from accident reports
nd on-board equipment (Zhao et al., 2013, 2014; Wang et al., 2015;
rown, 2015; Hughes et al., 2015; Lin and Wang, 2017; Williams et al.,
016; Syeda et al., 2017; Yang et al.; Figueres-Esteban et al., 2016a).
n these research projects, traditional statistical and machine learning
ethods and text analysis techniques, including ‘support vector ma-

hine’, ‘neural network’, ‘text mining’, and ‘latent dirichlet allocation’,
ere employed to classify information and extract key features from
nstructured large datasets and significantly simplify the tedious and
esource-consuming process.

Since 2017, the research was no longer limited to knowledge clas-
ification and retrieval from railway datasets and text-based analysis
as been gradually diversified as the interest in this area grows. It
oincides with the booming popularity and development of ML and
I and the paradigm shift to intelligent and advanced automation
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Table 1
Distribution of selected literature amongst the top fifteen publication sources.

Source name Type Articles
Number

Percentage of
articles

Publications

IEEE Intelligent Transportation
Systems Conference

C 7 6.5% Li et al. (2021), Qu et al. (2021), Hua et al.
(2019), Wang et al. (2015), Hu et al. (2019),
Zhao et al. (2014), Ning et al. (2021)

IEEE Transactions on Intelligent
Transportation Systems

J 6 5.6% Bešinović et al. (2021a), Wang et al. (2017),
Chen et al. (2020), Qurashi et al. (2020),
Ding (2016), Brown (2015)

Safety Science J 3 2.8% Figueres-Esteban et al. (2016a), Hughes
et al. (2018), Hughes et al. (2019)

European Conference of the
Prognostics and Health Management
Society

C 2 1.8% Bikaun and Hodkiewicz (2021), Ottermo
et al. (2021)

Procedia Computer Science J 2 1.8% Williams and Betak (2018), Huang and Lin
(2020)

International Journal of Automation
and Computing

J 2 1.8% Zhou et al. (2021a), Zhou et al. (2021b)

Smart and Resilient Transport J 2 1.8% Wang et al. (2021), Liu et al. (2021b)

Applied Sciences J 2 1.8% Yang et al. (2021a), Wu et al. (2020)

Journal of Rail Transport Planning
& Management

J 2 1.8% Myneni and Dandamudi (2020), Gupta et al.
(2021)

Sustainability J 2 1.8% Cho et al. (2021), Shi et al. (2021a)

Journal of Physics J 2 1.8% Gao et al. (2019), Qiu et al. (2021)

Transportation Research Record J 2 1.8% Pender et al. (2014), Hong et al. (2019)

Proceedings of the Institution of
Mechanical Engineers, Part F:
Journal of Rail and Rapid Transit

J 2 1.8% Zhao et al. (2013), Figueres-Esteban et al.
(2017)

US Prognostics and Health
Management Society Annual
Conference

C 2 1.8% Lukens et al. (2019), Sexton et al. (2018)

European Safety and Reliability
Conference

C 2 1.8% Hughes et al. (2015), Gao et al. (2020)

Note: In column ‘Type’, J – Journal and C – Conference.
Fig. 7. Literature database keyword occurrence frequency visualisation.
across the railway industry. Consequently, recent studies (Brundage
et al., 2021; Abbas et al., 2022; Fantoni et al., 2021; Su et al., 2021;
Ranjan and Daniel, 2021, 2020; Liu et al., 2021b; Hu, 2020; Tahvili
et al., 2020, 2018) have expanded railway NLP and text mining (TM)
use-cases to areas such as ‘technical language processing’, ‘sentiment
analysis’, ‘software testing’, and ‘question answering system’ with an
8

upward trend observed in the past few years. Meanwhile, topics on
‘fault diagnosis/analysis’ and ‘railway safety/accident’ has continued to
receive attention from researchers. Advanced DL algorithms, including
CNN, Bi-LSTM, and gated recurrent unit (GRU), have been deployed on
these applications to improve performance since the first appearance
of ‘deep learning’ in 2018 (Wang and Zhao, 2022; Wang et al., 2018;
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Fig. 8. Frequency of extracted keywords by year and categories.
-

Ranjan and Daniel, 2021; Gao et al., 2021, 2019; Su et al., 2021; Zhou
et al., 2021b; Gupta et al., 2021; Qu et al., 2021). Besides the ML/DL
algorithms, NLP-related techniques have also shown increased adoption
and usage. ‘tf–idf’ (term frequency–inverse document frequency) and
word embedding technique ‘doc2vec’ have appeared consistently in
the relevant railway research papers in the last 5 years (Li et al.,
2019b,c; Yang et al.; Kong et al., 2020; Li et al., 2019a). Moreover,
the data source has evolved along with the technical development over
time. Various web-scraping methods have given researchers the key
to the vast amount of data generated on public platforms, which has
greatly expanded channels to access information. Subsequently, recent
research has used data collected from public web pages and social
media platforms to conduct analyses of customer complaints, railway
capacity trends, and passenger sentiment (Wang et al., 2018; Mogaji
and Erkan, 2019; Osorio-Arjona et al., 2021; Depraetere et al., 2021;
Pender et al., 2014).

Further, to investigate the geographical distribution of railway re-
search efforts, Table 2 summarises the most appeared research objective
related keyword in each country and the corresponding publications
around this topic. Authorship and co-authorship are treated as geo-
graphically equal and only keywords associated with at least 2 papers
will be covered in the analysis. It can be noted from Table 2 that
the main research objectives differ from country to country. This is
contributed by various and complex factors, including local railway
development, funding, government policy, research interest and ex-
pertise, and database availability (Momenitabar et al., 2021). As an
example, the Chinese government spent over $1.5 billion to purchase
advanced technology for state-owned enterprises to upgrade their high-
speed railway equipment (Wang, 2018) and this spending has led
to faster digital modernisation and increased capability to harvest a
huge volume of real-time data from trains. Chinese railway institutes
have capitalised on the rich data collected from trains and stations
and dominated the ‘fault diagnosis’ field in railways. In the UK, GB
Railway released open data sources to provide information on their
9

operations as part of the OS OpenData Initiative in 2010. It has piqued
the curiosity of a research team from the University of Huddersfield.
They have since developed machine-assisted methods for interpretation
of text-based safety records and explored the potential benefits of data
analysis in railway safety science (Hughes et al., 2015, 2016, 2018;
Figueres-Esteban et al., 2016a, 2017). Nonetheless, it is important to
note that the analysis is based solely on data observation, with no
indication that a significant number of publications is the result of a
specific activity.

This section investigated the distribution of the previous text-based
research in railways based on factors such as publication time, ge-
ographical location, affiliated research institutes, and keywords ex-
tracted from the literature. However, the analysis solely relied on
extracted keywords tends to be insufficient and inaccurate due to the
limitation of the tools used. For example, certain important keyphrases
might be overlooked because the size of the document is too small.
Therefore, a more comprehensive and in-depth review of the literature
based on whole manuscripts will be given in the following sections.

4. Data sources and objectives for recent text-based research in
railways

Textual data is everywhere in the railway industry. Valuable in-
formation and content are hidden between the lines waiting to be
discovered. Even though the advance of knowledge relies on the open
flow of information, access to practical data is still restricted and
limited due to data legality and sensitivity. Therefore, a large number
of research projects have used documents or reports published by gov-
ernments and institutions. Nonetheless, as the collaboration between
research institutes and the railway industry increases, more practical
railway data is provided to support academic research in this field.
With the urgency to speed up innovation, rail companies have also
started to release open data sources to the public over the last few

years to encourage the development of new products or services in
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Table 2
Summary of the most researched topics from each country.

Country Keyword Relevant paper
number

Paper description category Publications

China Fault diagnosis 24 • TM- and NLP-based fault diagnosis of
railway equipment system for high-speed rail

• Wang et al. (2017), Liu et al. (2021b), Shi
et al. (2021b), Li et al. (2021), Yang et al.
(2019), Wang et al. (2021), Gao et al.
(2021), Zhao et al. (2013), Yang et al.
(2018b), Luo et al. (2020), Li et al. (2019c),
Lin and Wang (2017), Yang et al. (2018a),
Wu (2018), Yuan and Li (2019), Wei and
Zhao (2021), Zhou et al. (2020), Shi et al.
(2021a), Wang et al. (2015), Zhao et al.
(2014), Kong et al. (2020), Chen et al.
(2017), Zhong et al. (2018), Zhou et al.
(2021b)

UK Railway safety 10 • Integrated case-based reasoning (CBR) and
NLP method for metro accident analysis

• Wu et al. (2020)

• NLP and visual analytics techniques to
study close call reports

• Hughes et al. (2018), Hughes et al. (2015),
Figueres-Esteban et al. (2017), Hughes et al.
(2016), Figueres-Esteban et al. (2016a)

• Various methods exploitation for railway
incident analysis and safety information
extraction

• Hughes et al. (2019), Liu et al. (2021a),
Syeda et al. (2017)

• Ontology-based analysis for safety learning
in possession operation

• Figueres-Esteban et al. (2016b)

India Sentiment analysis 7 • ML-, DL- and NLP-based analysis for
passenger complaints on train websites and
social media

• Gupta et al. (2021), Thakur and Deshpande
(2019), Ranjan and Daniel (2021), Myneni
and Dandamudi (2020), Akhtar and Beg
(2021)

• Use case of text-to-speech processing with
sentiment analysis in railway stations

• Shaikh et al. (2019), Sudhakar and Bensraj
(2014)

USA Railway accident 4 • Railway accident event labelling with
Latent Dirichlet Allocation (LDA)

• Williams and Betak (2018), Brown (2015),
Williams et al. (2016)

• Railway accident cause identification by DL
methods and powerful word embedding

• Heidarysafa et al. (2018)

Sweden Maintenance 3 • Analysis of railway maintenance data using
NLP to support decision-making

• Stenström et al. (2015)

• Data quality analysis for railway
maintenance data

• Pappaterra et al. (2021)

• Review of AI-oriented public railway
datasets in sub-domains such as maintenance
and inspection

• Stenström and Söderholm (2019)

Italy Technical language
processing

3 • NLP and TM tools for railway-related
technical specification interpretation and
detection

• Ferrari et al. (2018), Abbas et al. (2022),
Fantoni et al. (2021)

Australia Workorder 4 • Keyword extraction methods for
maintenance workorder records

• Sexton et al. (2018)

• NLP pipeline for event identification and
mapping in maintenance workorder records

• Gao et al. (2020), Bikaun and Hodkiewicz
(2021), Brundage et al. (2021)

France Railway accident 2 • Risk assessment of railway accidents using
AI and ML

• Hadj-Mabrouk (2019b), Hadj-Mabrouk
(2019a)

Netherlands Review 3 • Systematic review of big data and AI
applications in railway transport

• Bešinović et al. (2021b), Ghofrani et al.
(2018), Pappaterra et al. (2021)

NB: The table is ranked by the total number of author contributions from each country.
the railway sector. For example, Network Rail in the UK has created
several operational data feeds available to developers, where live train
and station information can be found. A diverse variety of use-cases
have since been studied and developed given the choice of textual
data. In this study, a total of 4 categories and 13 sub-categories of data
sources were identified from the extracted keywords. 28 research topics
have been derived from the identified data sources. Fig. 9 shows the
links between research objectives and data source categories, where the
numbers in the bracket represent the paper occurrence in the database.

Railway enterprise-based data sources have become the largest
contributor with 47 publications acquiring the data from them. Among
all railway enterprise data, the railway equipment system is the most
used data source. Railway equipment system refers to the on-board
equipment of train control system in the high-speed trains. With the
constant advances in communication and electronic information tech-
nology, such systems can update the operation, maintenance, and fault
10
information on a daily basis, thus playing a vital part in modern railway
transportation. Due to its safety–critical nature, it is of great importance
to perform reliable fault diagnosis and analysis to ensure safe rail opera-
tions and on-time maintenance. For instance, the Chinese Train Control
System Level 3 (CTCS-3) has been installed in most Chinese high-speed
trains to monitor train operation. The maintenance data collected from
CTCS-3 is typically in natural language format and has been shared
with several leading railway institutions in China for further analysis.
Zhao et al. (2014) developed a Bayesian Network (BN) based fault
diagnosis method to extract the fault feature from the maintenance data
recorded on the vehicle on-board equipment (VOBE) of the Wuhan–
Guangzhou high-speed railway signalling system in China. The result
showed the accuracy and efficiency improvement from advanced text-
based analysis and laid the groundwork for future research in this
field. Wang et al. (2015) went on to propose a fault diagnosis method
based on prior LDA and Support Vector Machine (SVM) to improve
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Fig. 9. Summary of main data sources and their corresponding research use cases.
the model performance using the same dataset. Since then, a wide
range of feature extraction and classification methods have been put
forward to address the natural language complexity and unbalanced
class distribution challenges in railway fault diagnosis (Chen et al.,
2017; Kong et al., 2020; Gao et al., 2021; Li et al., 2021; Qu et al., 2021;
Shi et al., 2021b,a; Wang et al., 2021, 2017; Wei and Zhao, 2021; Wu,
2018; Yang et al., 2018b,a; Zhong et al., 2018; Zhou et al., 2021a,b,
2020).

Among the data provided by public organisations, accident-related
reports, including railway accident and close call reports, are the most
investigated resources in railways. A total of 25 research papers used
accident-related public data, accounting for 83% of entire publications
that studied publicly accessible resources. Railway accident reports
typically contain the characteristics of the accidents such as the envi-
ronmental and operational conditions and close call reports represent
near-miss situations in railway operations. Both types of reports in-
corporate complex unstructured text-based data and rich information
relevant to safety and risk. Understanding the contributors to these
incidents is key to improving railway safety. Brown (2015), Williams
and Betak (2018), and Heidarysafa et al. (2018) analysed the US
railway accident reports published by Federal Railroad Administration
(FRA) and proposed different topic modelling methods and natural
11
language processing techniques to mine the text field from the reports.
Williams et al. (2016) also looked into major railroad accident reports
from both the US National Transportation Safety Board (NTSB) and
the Transportation Safety Board of Canada (TSBC), identified the recur-
ring causes in these accidents, and compared the differences between
Canadian and US reports. These studies illustrated how the text mining
tools could help identify problems that required further examination.
The team from the Institute of Railway Research at the University of
Huddersfield capitalised on the British railways close call database and
investigated big data analytics techniques to extract safety knowledge
and effectively identify hazardous conditions for efficient railway safety
and risk management (Figueres-Esteban et al., 2017, 2016b; Hughes
et al., 2015, 2016, 2018; Grossoni et al., 2021). Another UK-based
railway operational accident database was provided by the Rail Ac-
cident Investigation Branch (RAIB) and it was explored by Liu et al.
(2021a) and Syeda et al. (2017) to reveal features and causes of railway
operation incidents. Moreover, accident reports from the French rail
transport systems were reviewed by Hadj-Mabrouk (2019b,a) to assess
the role of AI and ML in streamlining and strengthening safety analysis
and risk assessment of railway accidents. Similarly, there is also a
high demand for accident prevention and response mechanism for
metro and high-speed rail systems in China. Wu et al. (2020) selected
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Fig. 10. Illustrative diagram of text-based analysis steps.
several documents, including metro regulations, emergency plans, and
accident records, to support the development of an ontology model that
integrated case-based reasoning (CBR) and NLP techniques for metro
accident case retrieval. Yang and Li (2020) examined the fire, falling,
and electronic accidents in the Beijing metro and classified accident
causes to provide new insight into safety and risk factors related to
metro lines. Furthermore, Wang et al. (2019), Yang and Li (2020),
Hua et al. (2019), and Cao et al. (2020) applied the data published
by the Railway Bureau of China in their studies to extract accident
contributors and risk factors associated with Chinese railway accidents.

Lately, with the internet changing the way customers engage with
service providers, opinions and feedback are openly shared online.
A growing number of research papers investigated the polarity in
passenger opinions and analysed the correlations between railway ser-
vice changes and customer behaviours. The most common web data
sources are social media platforms and official railway websites, where
customers can leave their opinions and reviews on certain services.
Pender et al. (2014) explored the role that social media could play
in the management of unplanned passenger rail service disruptions.
Mogaji and Erkan (2019), Osorio-Arjona et al. (2021), Myneni and
Dandamudi (2020), Ranjan and Daniel (2021), and Akhtar and Beg
(2021) performed sentiment analysis on railway passenger messages
on Twitter platform in their respective countries and examined the
service indicators and assessment of railway services quality. From the
insights gained from the analysis, railway companies could better plan
future trips and service packages to enhance the passenger experience.
Depraetere et al. (2021) put forward a method to measure the ex-
plicitness of French-language Twitter complaints on railway services
12
and analysed the complaint tweet interactions in two French-speaking
countries, i.e., France and Belgium. It discovered clear Twitter patterns
between the two countries and revealed the relative impact of cultural
differences and company response strategies. Besides the social media
platforms, Gupta et al. (2021), Liu et al. (2019), Su et al. (2021),
Ranjan and Daniel (2020), Li et al. (2019a), and Thakur and Deshpande
(2019) studied the customer reviews on service websites or forums and
applied different ML/NLP algorithms to classify the user sentiment and
understand the level of passenger satisfaction. As people tend to browse
reviews and comments on social media and websites before purchasing
services, the research on web data will provide valuable guidance for
the rail firms and local governments to continuously improve public
transportation services and attract more passengers to choose railway
as the preferred travel tool.

Additionally, several publications reviewed the existing railway-
related research projects and applications in the fields of AI, ML, or big
data (Bešinović et al., 2021a; Ghofrani et al., 2018; Hong et al., 2019;
Pappaterra et al., 2021; Chen et al., 2020). Rad et al. (2021) completed
a survey on the applications of innovative accident analysis methods in
railways, in which publications were categorised into the network- and
AI-based methods. These review papers briefly discussed the NLP use
cases and potentials in railways but lacked comprehension and depth.

5. Text-based algorithms and methods applied in railways

Generally speaking, text-based analysis consists of four main pro-
cesses: text cleaning and pre-processing, feature engineering, data split-
ting, and modelling and evaluation, as shown in Fig. 10. Text cleaning
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and pre-processing refer to the process of extracting raw text from
the input data by removing all the other non-textual information and
converting the text to the required encoding format. Common pre-
processing steps used in the text-based analysis include word tok-
enization, stop word removal, stemming and lemmatization, and part-
of-speech (POS) tagging, just to name a few. Feature engineering
represents a set of methods that capture the characteristics of the
text and turn it into a numeric vector that can be understood by ML
algorithms. The frequency-based feature generation methods, such as
Term Frequency–Inversed Document Frequency (TF–IDF), were domi-
nant in text analysis until ML-based word embedding methods such as
‘word2vec’ and ‘doc2vec’ emerged. Feature engineering is an important
step in text-based research as it determines the quality of information
that is fed to the algorithms. If poor features are used, then one should
expect poor results no matter how good a modelling algorithm is
applied. As a result, it has been one of the most active areas of research
in the past decade. The next step is to split data into training and testing
sets. This is a simple step, and it is listed as a separate process because it
needs to be applied to any machine learning problem. Lastly, modelling
and evaluation is the final process of the text-based analysis. A wide
range of methods and algorithms are employed to extract meaningful
knowledge from text data and tackle different NLP challenges such
as sentiment analysis, text classification, entity extraction, translation,
and topic modelling. In this study, several methods and algorithms are
selected and analysed. Table 3 summarises the main methods applied in
the previous research that solve various NLP problems faced in the rail-
way industry and their corresponding advantages and disadvantages.
Table 3 only includes the deployed methods, whereas methods from
baseline models are not considered in this analysis.

These methods are categorised into two subsets, i.e., classical ML-
based methods, and NN-based methods. Classical ML-based methods
refer to a collection of powerful algorithms that analyse and learn from
data and apply the knowledge to discover patterns or make predictions.
On the other hand, NN-based methods are a set of algorithms that
use human-inspired graphs of neurons to model data. Both groups of
methods are widely and constantly explored, utilised, and improved
by researchers in various text-based applications. A total of 8 repre-
sentative ML-based methods and 5 NN-based methods are listed in
Table 3.

Latent Dirichlet Allocation (LDA) and Support Vector Machine
(SVM) are the two most appeared ML-based methods in the literature
database, with 12 and 9 associated publications respectively. LDA is
a topic modelling technique that extracts topics from a given corpus.
LDA assumes the distribution of topics in a corpus and the distribution
of words in topics follow the Dirichlet distribution and determines the
mixture of topics that a corpus contains (Vajjala et al., 2020; Williams
and Betak, 2018). Its popularity stems from the variety of use-cases it
could fit into. Often LDA is used to identify the contents or themes
of large documents in text mining tasks. It can also be employed
as a pre-processing step for other models by producing additional
features from documents (Vajjala et al., 2020). Due to its robustness and
flexibility, LDA remains one of the most popular text mining tools in
railway-related research (Brown, 2015). SVM is also a popular learning
algorithm for NLP tasks such as text classification, sentiment analysis,
and information extraction (Wang et al., 2015; Thakur and Deshpande,
2019). NLP tasks normally contain high-dimension and sparse feature
vectors; however, such characteristics are suitable for SVM to search
a classification hyperplane in feature space and to map the feature
vector into high dimensional space by using the kernel function (Vajjala
et al., 2020). For this reason, SVM has achieved extraordinary results
in these NLP tasks. Besides LDA and SVM, conditional random field
(CRF) and ensemble method are also explored in the previous text-
based research in railways. CRF is a sequence modelling algorithm that
considers feature dependence and future observations. It has been used
for a wide array of tasks, including named entity recognition (NER)
and POS tagging. The majority of CRF-related models in the extracted
13
literature used a Bi-LSTM-CRF layer for sequence tagging (Gao et al.,
2019; Fan et al., 2021; Hua et al., 2019; Li et al., 2018b). In addition
to all the mentioned methods, ensemble learning is a technique that
combines several ML models into one model to produce improved
results. This method requires training different ML and DL models at
the same time; thus, it is computationally expensive. Nonetheless, it
has shown high accuracy when coping with classification tasks with
imbalanced datasets (Yang et al., 2018a; Li et al., 2019b,c). Moreover,
topic modelling method latent semantic analysis (LSA), classification
model K-means clustering, statistics-based Bayesian method, and case-
based reasoning (CBR) have also been adopted and included in multiple
research papers (Zhong et al., 2018; Williams and Betak, 2018; Wang
et al., 2021; Pramanik et al., 2021; Wu, 2018).

In addition to the classical ML-based approaches described above,
recent text-based research has a growing interest in neural network
architectures such as deep neural network (DNN), CNN, and RNN-
based models. In particular, three variations of RNN-based models
namely, long short-term memory (LSTM), gated recurrent unit (GRU),
and bidirectional-LSTM (Bi-LSTM), have been successfully applied in
many TM and NLP use cases in railways (Li et al., 2018b; Gupta et al.,
2021; Hu, 2020; Heidarysafa et al., 2018; Gao et al., 2019; Ranjan
and Daniel, 2021; Ning et al., 2021; Su et al., 2021). RNNs are a class
of neural networks that are designed to analyse time-series data and
other sequential data, which are capable of capturing all information
stored in sequence in the previous element (LeCun et al., 2015). This
attribute makes the RNNs powerful tools to make use of the information
in a relatively long sequence. For instance, Bi-LSTM is a type of LSTM
model that takes the input in both forward and backward directions. It
effectively increases the amount of information and context available
to the algorithm. This has proven useful in sequence tagging and it is
often combined with CRF to utilise the best of both methods to improve
the tagging accuracy (Gao et al., 2019; Gupta et al., 2021; Ranjan
and Daniel, 2021). GRU resembles the architecture of LSTM models
but has fewer parameters than LSTM. It has been employed in various
NLP tasks such as text classification and sentiment analysis and has
particularly exhibited better performance on smaller and less frequent
datasets (Heidarysafa et al., 2018; Su et al., 2021). Another architecture
commonly employed in text-based analysis is a multi-layered artificial
neural network named CNN. It provides an automated method to
handle large amounts of data and calculations (LeCun et al., 2015). The
research built upon the CNN-based framework include classification,
speech recognition and machine translation and have recorded high
performance in recent studies (Hua et al., 2019; Wang and Zhao, 2022;
Yang et al., 2021). However, it is worth noting that in real applications,
these NN-based models are with certain limitations as they are typically
more computationally expensive and difficult to develop, as well as
are considered ‘black box’ approaches, i.e., lack of transparency and
interpretability of how data are transformed to model output.

In summary, there is no perfect method to solve all text-based
problems. The method should be chosen based on data type, data
characteristics, and research objective. Due to the uniqueness of texts
in railway-related documents, it is often necessary to modify and
customise existing methods to achieve satisfactory performance.

6. Future directions and fields for text-based research in railways

Owing to its huge volume and ubiquity, textual data is regarded as
one of the most important sources to discover business insights, slash
operational costs, and improve efficiency in the railway sector. The
necessity to derive meaning from the vast labyrinth of unstructured text
data makes us look towards NLP technology. The demand for NLP so-
lutions is predicted to rise substantially in the next decade (Liu, 2020).
As a result, companies of all sizes have made considerable investments
in this field to gain a competitive edge. IT giant IBM have been
offering text-based service, Watson Natural Language Understanding,
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Table 3
Modelling-related methods applied in previous railway text-based research.

Method Advantages Disadvantages/Limitations Publications

A. Classical ML-based methods

Latent Dirichlet
Allocation (LDA)

∙ Probabilistic model with interpretable topics
∙ Less prone to overfitting issues
∙ Works better with longer texts

∙ Difficult to know when LDA is working
because there is no objective metrics
∙ Suffers from ‘order effects’, i.e., different
topics are generated if the order of training
data is shuffled

Williams and Betak (2018), Wang et al.
(2017), Wei and Zhao (2021), Shi et al.
(2021b), Hong et al. (2019), Brown (2015),
Syeda et al. (2017), Wang et al. (2015), Li
et al. (2021), Hu (2020), Wu (2018), Zhang
and Zhang (2019)

Latent Semantic
Analysis (LSA)

∙ Efficient and easy to implement
∙ Adopts a reduced representation to remove ‘noise’
data
∙ Returns decent result in comparison to plain vector
space model

∙ Might not perform well on datasets with
non-linear dependencies
∙ Lack of interpretable embeddings
∙ Requires large volumes of documents to
obtain accurate results

Williams and Betak (2018), Zhao et al.
(2014)

K-Means Clustering ∙ Easy to implement
∙ Capable of identifying unknown groups of data
from complex datasets
∙ Adaptive to new examples
∙ Guarantees convergence

∙ Manual modification on k value
∙ Dependent on initial values
∙ Sensitive to outliers

Wang et al. (2021), Williams et al. (2016)

Conditional Random
Field (CRF)

∙ Best fit for NLP tasks such as POS tagging and
NER
∙ High quality of text labelling when using the right
features
∙ Flexible in feature selection and unnecessary for
features to be conditionally independent

∙ High computational complexity in model
training
∙ CRF does not work well with unknown
words. i.e., words not included in the
training sample

Wang and Zhao (2022), Zhou et al. (2021b),
Gao et al. (2019), Qu et al. (2021), Li et al.
(2018b), Hua et al. (2019), Fan et al. (2021)

Case-Based
Reasoning (CBR)

∙ No knowledge elicitation is required to create rules
or methods
∙ Systems learn by acquiring new cases through the
use
∙ Particularly useful in situations where traditional
rule-based reasoning is relatively weak, such as
dealing with incomplete information

∙ Takes large storage space for all the cases
∙ Might not obtain the optimal solution as it
generally gives good or reasonable solutions
∙ Efforts to come up with a good problem
representation could be considerable

Wu et al. (2020), Hadj-Mabrouk (2019a),
Zhong et al. (2018)

Support Vector
Machine (SVM)

∙ Strong generalisation ability for balanced data, thus
the risk of overfitting is less
∙ Works well with unstructured and semi-structured
data
∙ Capable of solving complex problems when using
an appropriate kernel function

∙ Not easy to choose a ‘great’ kernel
function
∙ Difficult to understand and interpret the
final model
∙ Tends to be biased when applying to
imbalanced datasets

Wei and Zhao (2021), Shi et al. (2021b),
Thakur and Deshpande (2019), Pramanik
et al. (2021), Wang et al. (2015), Akhtar and
Beg (2021), Wu (2018), Fan et al. (2021)

Bayesian Method ∙ Suitable for both supervised and unsupervised
clustering
∙ Possesses dynamic properties and non-linear
characteristics and can demonstrate dependency
∙ Widely used for text classification tasks

∙ Only useful when the prior knowledge is
reliable
∙ Requires greater statistical expertise than
other methods

Yang et al. (2021a), Rad et al. (2021), Zhao
et al. (2014), Li et al. (2019a)

Ensemble Learning • Combines a set of models to obtain a more
accurate and reliable outcome

∙ Costs more to train and deploy
∙ Cannot deal with unknown data
∙ Difficult to understand and interpret

Zhou et al. (2020), Li et al. (2019c), Yang
et al. (2018a), Yang et al. (2018b), Li et al.
(2019b)

B. NN-Based ML methods

Deep Neural
Network (DNN)

∙ Great flexibility for different use-cases
∙ Features are automatically deduced and tuned for
the desired result

∙ Requires a very large amount of data to
perform better than other techniques
∙ Expensive to train the model
∙ No standard theory to guide in the
selection of right tools

Shi et al. (2021a), Wang et al. (2018), Zhao
et al. (2013)

Convolutional
Neural Network
(CNN)

∙ Works well when detecting local and
position-invariant patterns is important
∙ Ideal for classification tasks such as sentiment
analysis, spam detection or topic categorisation
∙ Relatively fast to run

∙ Performs badly for POS tagging and entity
extraction
∙ Not suitable for inference and decision
making

Ranjan and Daniel (2021), Wang and Zhao
(2022), Zhou et al. (2021a), Heidarysafa
et al. (2018), Yang et al. (2021), Hua et al.
(2019), Wang et al. (2019), Hu (2020)

Gated Recurrent
Unit (GRU)

∙ Uses less memory and executes faster than other
RNN algorithms
∙ Solves the vanishing gradient problem
∙ Easier to modify

• Less accurate when using datasets with
longer sequences

Gao et al. (2021), Ning et al. (2021),
Heidarysafa et al. (2018), Su et al. (2021)

Long–Short Term
Memory (LSTM)

∙ Addresses the gradient vanishing or exploding
problems by introducing a memory cell
∙ Ideal for text generation tasks

∙ Computationally costly to run
∙ Likely to be affected by different random
weight initialisation
∙ Prone to overfitting and unable to use the
dropout algorithm to avoid this issue

Cao et al. (2020), Heidarysafa et al. (2018),
Li et al. (2018a)

Bidirectional
Long–Short Term
Memory (Bi-LSTM)

∙ Prediction relies on both the previous input and
the future input
∙ Enables additional training by traversing the input
data twice
∙ Great model performance on sequence classification
problems
∙ Suitable for tagging tasks including POS tagging,

∙ Computationally costly to run (double
LSTM cells)
∙ Entire sequence must be available before
making predictions
∙ Not suitable for text generation tasks

Ranjan and Daniel (2021), Wang and Zhao
(2022), Zhou et al. (2021b), Gupta et al.
(2021), Liu et al. (2021b), Gao et al. (2021),
Gao et al. (2019), Qu et al. (2021), Li et al.
(2018b), Fan et al. (2021)
chunking, and named entity recognition (NER)
14
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to customers to create tailored solutions. Such specialised text-based
service is expected to be seen in the railway industry over the next
few years thanks to the railway network expansion and the aspiration
of building intelligent and cost-effective mobility solutions. Despite
the development and deployment of existing NLP applications, text-
based technology is still considered underdeveloped and immature in
railways. Looking ahead, there is certainly a lot of scopes for technology
improvement to tackle laborious and complicated tasks within the
railway domain. Use of substantial amount of text data gathered from
rail assets and operations will be a major contributor to the success
of Siemens Mobility solutions. This study has identified four critical
research directions and fields to focus on from the railway industry’s
perspective. It should be noted that the authors’ proposed research
areas are based on the current literature review and years of experience
with Siemens Mobility and the railway sector in general. Moreover,
Siemens Mobility is currently working on and supporting some of
these identified fields due to their importance and potential benefits
in modernising the railway industry. For this reason, some of the areas
may overlap with the existing applications.

6.1. Multilingual NLP solution

Up until now, most of the representative text pre-processing tools
and language models are based on English. For that reason, the majority
of data sources used in text-based research are also documented in
English. Nevertheless, with the continuous railway expansion around
the globe, railway data in each country has been recorded and collected
in their local language. A fast-growing number of publications in the
text-based railway research have performed analysis based on non-
English languages such as Chinese (Gao et al., 2019; Liu et al., 2021b;
Hu, 2020; Shi et al., 2021a; Wang et al., 2021; Wei and Zhao, 2021;
Zhou et al., 2021b, 2020; Cao et al., 2020), Spanish (Osorio-Arjona
et al., 2021), and French (Depraetere et al., 2021; Hughes et al.,
2019). From chatbot (Punjabi et al., 2019; Satyanarayana and Budihal,
2019; Salvi and Shetty, 2019; Seetharaman et al., 2020) to digital
assistants (Huang and Lin, 2020; Hu, 2020; Liu et al., 2021b) for
railway services, multilingual NLP is already an established component
of the future research trend. For railway service providers, it is of
paramount importance to extend NLP applications’ capability to adapt
to challenges introduced by the language environment the company
operates in.

However, current NLP methods and algorithms predominantly fo-
cus on several high-resource languages such as English, Chinese, and
French. Low-resource languages have been underserved by NLP systems
due to the lack of annotated datasets and support for multiple dialects
of any language (Laumann, 2022). These challenges make the data
examples advanced models require very expensive and time-consuming
and directly affect the model performances. As a result, even NLP
software as a service (SaaS) provided by large corporations can only
support a limited number of languages. In the past few years, break-
throughs have been made in NLP algorithms to break down language
barriers for developers and practitioners. With the innovations in deep
learning, transfer learning and cross-lingual embedding method can
help create multilingual models for new languages. For example, mul-
tilingual BERT (mBERT) is a deep learning model that was trained on
104 languages simultaneously and encodes the combined knowledge
of all these languages together (Delvin et al., 2019). Such a model
provides cross-lingual sentence representation and is proven immensely
useful for multi-lingual tasks. Apart from the improvement in computer
science, it is crucial to support the research projects at the country level
to create NLP applications for domestic languages. Railway text-based
service providers ought to develop the multi-lingual capability for their
products in order to reap the maximum benefits from the substantial
amount of unstructured data in the railway sector. The author can
foresee the forthcoming significant insights, improvements, and values
text-based research will bring to the local railway industry in each
country.
15
6.2. Digital maintenance

Railways are currently experiencing unprecedented growth due to
its ability to ease traffic congestion and tackle pollution that contribute
to climate change and health concerns. However, the railway industry
still faces notable challenges such as disorganised asset management,
cost inefficiencies, and reliability issues, most of which are boiled
down to maintenance. Textual documents account for a large portion
of maintenance data. Possessing the capability to analyse text data is
the key to overcoming these growth obstacles in rail maintenance.

Maintenance data is comprised of valuable asset information and
maintenance actions throughout the asset life cycle. For example,
workorders (WO) depict the health history of an asset and they are
manually entered by technicians or maintainers to record information
relevant to equipment inspections, fault diagnoses, and corrective
actions. Despite its abundant and informative nature, such maintenance
data suffers from drawbacks of unstructured and random text format
as well as inconsistent and error-prone contents. Moreover, different
teams within the same rail company may use maintenance system in
different ways, causing issues on standardisation of WO management
process. These common data quality issues in railways have kept main-
tenance data from being used and analysed in a robust and meaningful
way. With the extensive applications of ML and NLP in railways,
data-driven and text-based models are expected to help remove such
issues and extract asset knowledge from maintenance WOs. As an
example, fault codes and maintenance work type are often recorded
inconsistently or incorrectly (Sexton et al., 2018; Lukens et al., 2019).
NLP related tasks, including single- and multiple-label classification and
named entity recognition (NER), can support mapping inputs to desired
outputs (Brundage et al., 2021).

In addition, railway maintenance data contains many domain-
specific languages and knowledge. Therefore, it is critical to tailor
NLP tools for specific railway business. Technical language processing
(TLP) expands on existing NLP methodologies by using a human-in-
the-loop, iterative approach (Brundage et al., 2021; Ottermo et al.,
2021). It uses comprehensive domain-based taxonomies and dictio-
naries to train the system to interpret all relevant technical terms,
abbreviations, or acronyms. It could uncover the domain-oriented
technical knowledge and provide insights into railway assets. As an
illustration, vehicle instruction manuals (VIM) are commonly used by
railway operators to conduct vehicle inspections and maintenance jobs.
It includes technical details on job review, job recommendation, and
materials required. To make sense of VIMs, proper data representations
need to be understood to avoid not making use of key information.
Besides, the entity types used as annotation and intermediate inputs
must be researched (Brundage et al., 2021). Efforts are required to
create standard entity types for railway use cases. Data dictionaries
like ‘Leak’=’Problem statement’ will make railway-specific tagging and
mapping easier.

The text-based research and development in railway maintenance
data are still at an early stage and a lot of hurdles need to be removed
to fully capture the vast value hidden in maintenance system. Neverthe-
less, it presents an opportunity for railway developers and enterprises
to utilise this untapped resource and make it a key contributor to the
next-generation railway application.

6.3. External data integration

For the field of NLP, training data volume is a potential key to
success. The available volume of data sometimes determines the quality
and performance of models regardless of the algorithms used. There-
fore, consideration and inclusion of external data sources will be of
great benefit for the improvement of text-based research in railways.
In the past, relevant railway open data sources almost did not exist
due to the sensitivity and legality of private data. Nevertheless, there
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has come to the realisation that granting access to rail data will
encourage innovations that are of interest to the rail industry and
passengers, as well as the wider shareholders. Network Rail in the UK
has made several operational data feeds available to developers since
2012, and numerous apps and websites have been created to improve
journeys for passengers across the UK (Anon, 2022). In addition, a UK
government-funded initiative, the Rail Data Marketplace (RDM), has
been announced to begin in an attempt to share railway data via a new
single-access platform (Morris, 2021). This initiative will undoubtedly
expand the streams of available rail information and open up new
opportunities for developers and tech companies to collaborate with
the railway industry and innovate for the benefit of passengers. The
delivery of such open rail data platforms will support the development
of advanced NLP or other data science use cases and unlock the
potential of textual data in railways.

Besides the open data platforms, the web and social media data will
also make a significant difference to text-based research, especially in
customer-facing industries such as railways. As access to the internet
has been made available in all countries around the globe, there is
a massive amount of unstructured data generated online every day,
where customers leave feedback or opinions on various platforms about
the service they receive. Harvesting data from online sources can offer
direct valuable insights from passengers’ angles and help railway com-
panies identify the root cause of their service issue. Online textual data
can be gathered via API or web crawling. However, it is worth noting
that the data collected from the internet normally consists of both
useful information and unvalued information. Systematic and thorough
pre-processing and feature engineering steps are required to clean the
data and extract only useful information for analysis. This process will
be critical to the success of any NLP models.

Integrating external data sources brings numerous benefits to NLP
developments and innovations. Rail companies can capitalise on inter-
nal and external data sources to develop state-of-the-art products and
optimise the passenger service and journey experience. Nonetheless, it
is crucial for rail service providers to establish a reliable data pipeline
to acquire, process, and store the data so that the NLP models or
applications will be constantly updated and maintained with minimal
disruptions. For instance, a change in data format or data structure
on a web platform is likely to lead to technical errors and the mal-
function of the existing model. A comprehensive review of root causes
of potential disruptions, and corresponding countermeasures and re-
sponse plans should be conducted for any integration of external data
sources.

6.4. Railway-centred text-based solution pipeline

With the rapid development of NLP and TM methods, text-based
research and applications in railways are expected to rise. Nonetheless,
as a domain-specific and labour-heavy business, the railway indus-
try finds itself lagging behind other sectors in text-based solution
adoption owing to the complexity and diversity of its project nature.
Different domains of knowledge often relate to one another and are
also interdependent on each other. A successful application should
be able to connect a chain of elements to ensure that the solution
fulfils all aspects of element requirements. Therefore, it is imperative
to integrate NLP and TM techniques with data engineering practices
and rail-specific knowledge to build a full solution pipeline as past
text-based projects largely concentrated on confirming the feasibility
and efficacy of text analysis methods. As an example, several previous
publications studied fault message examples and proposed various fault
diagnosis methods using ML and NLP algorithms. The hidden patterns
and information discovered from these methods are certainly valuable
for railway companies, however, it is still a few steps away from
being automated and implemented in the railway system. A complete
solution pipeline should consist of automatic data acquisition, text-
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based problem-solving, and remedy recommendations (Issad et al.,
2018). Thus, it should allow the fault messages to be sent seamlessly
from the train to the text-based solution and automatically classify or
identify fault information from unstructured text data. Furthermore, the
unveiled information needs to be utilised to develop or guide potential
fault response plans along with other domain knowledge such as fault
severity. In the end, the material and personnel requirements can be
subsequently developed according to the response plan. This example
demonstrates the complexity and interconnectivity within railway text-
based applications. Developing such solution pipelines will help the
overall railway industry save massive operational costs and improve
efficiency and productivity through automation.

7. Conclusion

The past decade has witnessed the rapid growth of ML and AI
applications in the railway industry. As a sub-domain of ML, NLP has
gained notable attention owing to its ability to understand and extract
useful insights from unstructured text data. A diverse range of text-
based research has generated exceptional values in revolutionising the
century-old railway industry, resulting in more efficient, automated,
cost-saving, and reliable rail services. This study presented a systematic
review of 107 text-based railway publications in the past decade.
The paper analysed the literature database and extracted keywords
from the collected papers using an open-source unsupervised method
named YAKE!. The authors captured and summarised the data sources,
algorithms, and research objectives of previous text-based research
in railways, which highlighted the feasibility and benefits of NLP
techniques in providing automated and intelligent solutions to solve
real-world problems. Moreover, this study depicted the future research
directions from rail solution provider Siemens Mobility’s point of view,
which can help researchers to identify the most valuable and prominent
issues faced in the railway industry and seek collaboration and research
opportunities.

The analysis shows that 13 papers are published on IEEE Intel-
ligent Transportation Systems related sources, including both IEEE
conferences and transactions, which makes it the most contributing
publication destination. Over 82% of the papers are published in the
last 5 years, indicating a growing research interest in this field. The
majority of the affiliated research institutions are located in China,
with two railway-specialised universities Beijing Jiaotong University
and China Academy of Railway Sciences contributing 21 and 12 pub-
lications, respectively. Railway safety is the most studied topic in
text-based railway research with over 28% of published papers and
is closely followed by fault diagnosis with 25% of published articles,
most of which come from Chinese institutes. Latent Dirichlet Allocation
(LDA) and Support Vector Machine (SVM) are the two most appeared
machine learning-based methods in the literature database, with 12
and 9 associated publications respectively. Moreover, over 9% of ar-
ticles adopt more advanced Bidirectional Long–Short Term Memory
(Bi-LSTM) as the primary tool for text analysis. More than 75% of
articles published by Chinese institutes use enterprise data, whereas the
number drops to about 30% for publications outside China.

Unstructured data, such as text data, contains rich information
but its potential is yet fully unlocked. Through the results of this
review, it is evident that text-based research in railways is an emerging
field of study. As more text data is collected on various internal or
external platforms and systems, the adoption of advanced NLP and
TM techniques may aid traditional railway engineering projects with
data-driven inputs. This study aims to underscore the importance of
text data in railways, summarise the achievements from previous text-
based research in railway transport, and provide guidance and direction
of future research. Moving forward, text-based research and analysis
are bound to have a meaningful impact on almost every aspect of the
railway sector.



K. Dong, I. Romanov, C. McLellan et al. Engineering Applications of Artificial Intelligence 116 (2022) 105435
CRediT authorship contribution statement

Kaitai Dong: Conceptualization, Methodology, Data analysis, In-
vestigation, Writing – original draft, Writing – review & editing. Igor
Romanov: Conceptualization, Project administration, Writing – review
& editing. Colin McLellan: Conceptualization, Project administration.
Ahmet F. Esen: Resources, Writing – review & editing.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Acknowledgements

This work was supported and funded by Siemens Mobility UK. It was
part of the internal research project with the support from University
of Leeds.

References

Abbas, M., Ferrari, A., Shatnawi, A., Enoiu, E., Saadatm, M., Sundmark, D., 2022. On
the relationship between similar requirements and similar software: A case study
in the railway domain. Requir. Eng. 2022, 1–25.

Akhtar, N., Beg, M., 2021. Railway Complaint Tweets Identification, in Advances in
Intelligent Systems and Computing. Vol. 1174, Springer, pp. 195–207.

Al-Fedaghi, S., 2007. Conferences under scrutiny. Commun. ACM 50 (7), 123–126.
Ambika, P., 2020. Machine learning and deep learning algorithms on the Industrial

Internet of Things (IIoT). Adv. Comput. 117 (1), 321–338.
Anon, 2021a. Glossary of rail transport terms, wikipedia. [Online]. Available: https:

//en.wikipedia.org/wiki/Glossary_of_rail_transport_terms.
Anon, 2021b. High speed lines in the world. In: International Union of Railways. UIC,

Paris, France.
Anon, 2022. Open data feeds case studies. Netw. Rail [Online]. Available: https://

www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-
data-feeds/case-studies/.

Bešinović, N., De Donato, L., Flammini, F., Goverde, R.M.P., Lin, Z., Liu, R., Marrone, S.,
Nardone, R., Tang, T., Vittorini, V., 2021a. Artificial intelligence in railway
transport: Taxonomy, regulations and applications. IEEE Trans. Intell. Transp. Syst.
1–14.

Bešinović, N., De Donato, L., Flammini, F., Goverde, R., Lin, Z., Liu, R., Marrone, S.,
Nardone, R., Tang, T., Vittorini, V., 2021b. Artificial intelligence in railway
transport: Taxonomy, regulations and applications. IEEE Trans. Intell. Transp. Syst.
1–14.

Bikaun, T., Hodkiewicz, M., 2021. Semi-automated estimation of reliability measures
from maintenance work order records. In: PHM Society European Conference.

Brown, D., 2015. Text mining the contributors to rail accidents. IEEE Trans. Intell.
Transp. Syst. 17 (2), 346–355.

Brundage, M., Sexton, T., Hodkiewicz, Dima, A., Lukens, S., 2021. Technical language
processing: Unlocking maintenance knowledge. Manuf. Lett. 27 (2021), 42–46.

Campos, R., Mangaravite, V., Pasquali, A., Jorge, A., Nunes, C., Jatowt, A., 2018a.
A text feature based automatic keyword extraction method for single documents.
ECIR 2018: Advances in Information Retrieval.

Campos, R., Mangaravite, V., Pasquali, A., Jorge, A., Nunes, C., Jatowt, A.,
2018b. YAKE! collection-independent automatic keyword extractor. In: ECIR 2018:
Advances in Information Retrieval.

Campos, R., Mangaravite, V., Pasquali, A., Jorge, A., Nunes, C., Jatowt, A., 2020. YAKE!
Keyword extraction from single documents using multiple local features. Inform.
Sci. 509 (2020), 257–289.

Cao, T., Mu, W., Gou, J., Peng, L., 2020. A study of risk relevance reasoning based on
a context ontology of railway accidents. Risk Anal. 40 (8), 1589–1611.

Chen, B., Cai, B., Wei, S., 2017. Text mining in fault analysis for on-board equipment
of high-speed train control system. Jinan.

Chen, H., Jiang, B., Ding, S., Huang, B., 2020. Data-driven fault diagnosis for traction
systems in high-speed trains: A survey, challenges, and perspectives. IEEE Trans.
Intell. Transp. Syst. 30, 1–17.

Cho, Y., Han, Y., Hwang, J., Yu, J., Kim, S., Lee, C., Lee, S., Yi, K., 2021. Identifying
technology opportunities for electric motors of railway vehicles with patent
analysis. Sustainability 13 (2424), 1–13.

Delvin, J., Change, M., Lee, K., Toutanova, K., 2019. BERT: Pre-training of deep
bidirectional transformers for language understanding. In: Proceedings of the 2019
Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers),
Minneapolis, Minnesota.
17
Depraetere, I., Decock, S., Ruytenbeek, N., 2021. Linguistic (in)directness in twitter
complaints: A contrastive analysis of railway complaint interactions. J. Pragmat.
171, 215–233.

Ding, Z., 2016. Generating Petri net-based behavioral models from textual use cases
and application in railway networks. IEEE Trans. Intell. Transp. Syst. 17 (12),
3330–3344.

Fan, S., Liu, J., Nie, T., Li, X., Dong, X., 2021. Research on Data Processing Method
of Railway Safety Information Based on NLP Technology, Guangzhou.

Fantoni, G., Coli, E., Chiarello, F., Apreda, R., Dell’Orletta, F., Pratelli, G., 2021.
Text mining tool for translating terms of contract into technical specifications:
Development and application in the railway sector. Comput. Ind. 124 (2021), 1–17.

Ferrari, A., Gori, G., Rosadini, B., Trotta, I., Bacherini, S., Fantechi, A., Gnesi, S., 2018.
Detecting requirements defects with NLP patterns: an industrial experience in the
railway domain. Empir. Softw. Eng. 23, 3684–3733.

Figueres-Esteban, M., Hughes, P., van Gulijk, C., 2016a. Visual analytics for text-based
railway incident reports. Saf. Sci. 89, 72–76.

Figueres-Esteban, M., Hughes, P., Van Gulijk, C., 2016b. Ontology network analysis for
safety learning in the railway domain. In: Risk, Reliability and Safety: Innovating
Theory and Practice: Proceedings of ESREL 2016, Glasgow.

Figueres-Esteban, M., Hughes, P., Van Gulijk, C., 2017. Using visual analytics to make
sense of railway close calls. Proc. Inst. Mech. Eng. F 231 (10), 1107–1114.

Furio, N., Wiebe, E., Schettini, B., Guida, U., 2020. European partnership under Horizon
Europe: Transforming Europe’s rail system. European Union Commision Services.

Gao, F., Li, F., Wang, Z., Ge, W., Li, X., 2021. Research on multilevel classification of
high-speed railway signal equipment fault based on text mining. J. Electr. Comput.
Eng. 2021, 1–11.

Gao, F., Wang, S., Li, X., Cao, H., Cai, X., 2019. Research on text mining of railway
safety supervisors performance based on BiLSTM and CRF. J. Phys. 1213 (2019),
1–9.

Gao, Y., Woods, C., Liu, W., French, T., Hodkiewicz, M., 2020. Pipeline for machine
reading of unstructured maintenance work order records. In: European Safety and
Reliability Conference. Venice.

Ghofrani, F., He, Q., M.P.Goverdec, R., Xiang, L., 2018. Recent applications of big data
analytics in railway transportation systems: A survey. Transp. Res. C 90, 226–246.

Goldberg, Y., 2017. Neural Network Methods for Natural Language Processing, first ed.
Morgan & Claypool Publishers, pp. 1–307.

Grossoni, I., Hughes, P., Bezin, Y., Bevan, A., Jaiswal, J., 2021. Observed failures at
railway turnouts: Failure analysis, possible causes and links to current and future
research. Eng. Fail. Anal. 119, 1–19.

Gupta, M., Singh, A., Jain, R., Saxena, A., Ahmed, S., 2021. Multi-class railway
complaints categorization using neural networks: RailNeural. J. Rail Transp. Plan.
Manag. 20, 100265.

Hadj-Mabrouk, H., 2019a. Analysis and prediction of railway accident risks using
machine learning. AIMS Electron. Electr. Eng. 4 (1), 19–46.

Hadj-Mabrouk, H., 2019b. Contribution of artificial intelligence to risk assessment of
railway accidents. Urban Rail Trans. 5 (2), 104–122.

Heidarysafa, M., Kowsari, K., Barnes, L., Brown, D., 2018. Analysis of Railway
Accidents’ Narratives using Deep Learning, Orlando.

Hirschberg, J., Manning, C.D., 2015. Advances in natural language processing. Science
349 (6245), 261–266.

Hong, J., Tamakloe, R., Lee, G., Park, D., 2019. Insight from scientific study in logistics
using text mining. Transp. Res. Rec. 2673 (4), 97–107.

Hu, Z., 2020. Research and implementation of railway technical specification ques-
tion answering system based on deep learning. In: 2020 IEEE 5th Information
Technology and Mechatronics Engineering Conference, pp. 5-9.

Hu, X., Niu, R., Tao, T., 2019. Research on entropy based corrective maintenance
difficulty estimation of metro signaling. In: IEEE Intelligent Transportation Systems
Conference. Auckland.

Hua, L., Zheng, W., Gao, S., 2019. Extraction and analysis of risk factors from Chinese
railway accident reports. In: IEEE Intelligent Transportation Systems Conference.
Auckland.

Huang, D., Lin, H., 2020. Research on vehicle service simulation dispatching telephone
system based on natural language processing. Procedia Comput. Sci. 166, 344–349.

Hughes, P., Figueres-Esteban, M., Van Gulijk, C., 2015. Learning from text-based close
call data. In: European Safety and Reliability Conference. Zurich.

Hughes, P., Figueres-Esteban, M., Van Gulijk, C., 2016. Learning from text-based close
call data. Saf. Reliab. 36 (3), 184–198.

Hughes, P., Robinson, R., Figueres Esteban, M., Van Gulijk, C., 2019. Extracting safety
information from multi-lingual accident reports using an ontology-based approach.
Saf. Sci. 118 (2019), 288–297.

Hughes, P., Shipp, D., Figueres-Esteban, M., Van Gulijk, C., 2018. From free-text
to structured safety management: Introduction of a semi-automated classification
method of railway hazard reports to elements on a bow-tie diagram. Saf. Sci. 110
(2018), 11–19.

Issad, M.K.L., Rauzy, A., Berkani, K., 2018. Modeling the CBTC railway system of
siemens with scola. Int. J. Intell. Transp. Syst. Res. 16, 163–172.

Kong, L., Li, S., Chen, X., Qin, H., 2020. Fault Diagnosis for Vehicle on-Board
Equipments of High-Speed Railway Based on GA-ANFIS Model, Atlanta.

Kulkarni, R., 2019. Big data goes big. [Online]. Available: https://www.forbes.com/
sites/rkulkarni/2019/02/07/big-data-goes-big/. [Accessed 7 February 2019].

http://refhub.elsevier.com/S0952-1976(22)00425-0/sb1
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb1
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb1
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb1
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb1
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb2
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb2
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb2
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb3
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb4
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb4
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb4
https://en.wikipedia.org/wiki/Glossary_of_rail_transport_terms
https://en.wikipedia.org/wiki/Glossary_of_rail_transport_terms
https://en.wikipedia.org/wiki/Glossary_of_rail_transport_terms
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb6
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb6
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb6
https://www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-data-feeds/case-studies/
https://www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-data-feeds/case-studies/
https://www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-data-feeds/case-studies/
https://www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-data-feeds/case-studies/
https://www.networkrail.co.uk/who-we-are/transparency-and-ethics/transparency/open-data-feeds/case-studies/
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb8
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb9
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb11
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb11
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb11
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb12
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb12
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb12
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb13
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb13
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb13
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb13
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb13
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb14
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb14
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb14
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb14
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb14
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb15
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb15
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb15
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb15
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb15
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb16
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb16
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb16
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb17
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb17
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb17
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb18
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb18
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb18
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb18
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb18
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb19
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb19
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb19
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb19
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb19
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb21
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb21
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb21
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb21
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb21
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb22
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb22
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb22
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb22
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb22
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb23
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb23
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb23
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb24
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb24
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb24
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb24
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb24
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb25
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb25
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb25
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb25
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb25
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb26
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb26
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb26
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb28
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb28
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb28
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb29
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb29
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb29
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb30
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb30
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb30
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb30
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb30
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb31
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb31
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb31
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb31
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb31
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb32
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb32
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb32
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb32
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb32
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb33
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb33
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb33
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb34
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb34
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb34
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb35
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb35
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb35
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb35
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb35
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb36
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb36
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb36
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb36
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb36
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb37
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb37
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb37
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb38
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb38
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb38
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb39
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb39
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb39
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb40
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb40
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb40
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb41
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb41
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb41
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb43
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb43
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb43
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb43
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb43
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb44
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb44
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb44
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb44
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb44
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb45
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb45
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb45
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb46
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb46
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb46
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb47
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb47
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb47
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb48
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb48
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb48
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb48
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb48
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb49
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb50
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb50
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb50
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb51
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb51
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb51
https://www.forbes.com/sites/rkulkarni/2019/02/07/big-data-goes-big/
https://www.forbes.com/sites/rkulkarni/2019/02/07/big-data-goes-big/
https://www.forbes.com/sites/rkulkarni/2019/02/07/big-data-goes-big/


K. Dong, I. Romanov, C. McLellan et al. Engineering Applications of Artificial Intelligence 116 (2022) 105435
Laplante, P., Rockne, J., Montuschi, P., Baldwin, T., Hinchey, M., Shafer, L., Voas, J.,
Wang, W., 2009. Quality in conference publishing. IEEE Trans. Prof. Commun. 52
(2), 183–196.

Laumann, F., 2022. Challenges in using NLP for low-resource languages
and how NeuralSpace solves them, Medium. [Online]. Available: https:
//medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-
and-how-neuralspace-solves-them-54a01356a71b.

LeCun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521 (7553), 436–444.
Li, L., Li, W., Gong, D., 2019a. Naive Bayesian automatic classification of railway

service complaint text based on eigenvalue extraction. Tech. Gazette 26 (3),
778–785.

Li, X., Shi, T., Li, P., Gao, F., Xiang, W., 2018a. Application of text mining techniques
in railway safety supervision system. Int. Conf. Civ. Hydraul. Eng. 189, 1–7.

Li, X., Shi, T., Li, P., Wang, Z., Yang, L., 2019b. Intelligent classification of railway
safety hazards based on evolutionary ensemble classifier. J. Transp. Inf. Safety 37
(2), 33–39.

Li, X., Shi, T., Li, P., Yang, L., Ma, X., 2018b. Bilstm-CRF model for named entity recog-
nition in railway accident and fault analysis report. In: International Conference
on Transportation and Traffic Engineering. ACM, pp. 1–5.

Li, X., Shi, T., Li, P., Zhou, W., 2019c. Application of Bagging Ensemble Classifier Based
on Genetic Algorithm in the Text Classification of Railway Fault Hazards, Chengdu.

Li, R., Su, S., Wang, G., Qu, J., Cao, Y., 2021. Rail transit fault text classification
based on the latent dirichlet allocation. In: IEEE Intelligent Transportation Systems
Conference. Indianapolis.

Lin, C., Wang, G., 2017. Failure cause extraction of railway switches based on text
mining. Jakarta.

Liu, S., 2020. Revenues from the natural language processing (NLP) market
worldwide from 2017 to 2025. In: Statista – the Statistics Portal. [On-
line]. Available: https://www.statista.com/statistics/607891/worldwide-natural-
language-processing-market-revenues/.

Liu, Y., Li, Y., Li, W., 2019. Natural language processing approach for appraisal
of passenger satisfaction and service quality of public transportation. IET Intell.
Transp. Syst. 13 (11), 1701–1707.

Liu, J., Schmind, F., Li, K., Zheng, W., 2021a. A knowledge graph-based approach for
exploring railway operational accidents. Relib. Eng. Syst. Saf. 207 (107352), 1–16.

Liu, H., Wang, Y., Zhou, X., Lou, Z., Ye, Y., 2021b. Question answering system for
deterministic fault diagnosis of intelligent railway signal equipment. Smart Resilient
Transp. 3 (2), 202–214.

Lukens, S., Naik, M., Saetia, K., Hu, X., 2019. Best practices framework for improv-
ing maintenance data quality to enable asset performance analytics. In: Annual
Conference of the PHM Society. Scottsdale AZ.

Luo, M., Yu, L., Yao, Y., 2020. Analysis on RAMS information for metro vehicles using
natural language processing algorithm: Evidence from China. Virtual Online.

Miah, M., Awang, S., Azad, S., Rahman, M., 2022. Keyphrases concentrated area
identification from academic articles as feature of keyphrase extraction: A new
unsupervised approach. Int. J. Adv. Comput. Sci. Appl. 13 (1), 789–796.

Miah, M., Sulaiman, J., Azad, S., Zamli, K., Jose, R., 2021. Comparison of doucment
similarity algorithms in extracting document keywords from an academic paper.
In: International Conference on Software Enginereing and Computer Systems.

Mogaji, E., Erkan, I., 2019. Insight into consumer experience on UK train transportation
services. Travel Behav. Soc. 14, 21–33.

Momenitabar, M., Bridgelall, R., Ebrahimi, Z.D., Arani, M., 2021. Literature review
of socioeconomic and environmental impacts of high-speed rail in the world.
Sustainability 13 (21), 1–14.

Morris, S., 2021. UK government announces funding to deliver a rail data revolution.
Global Railw. Rev. [Online]. Available: https://www.globalrailwayreview.com/
news/125717/uk-government-funding-rail-data-revolution/.

Myneni, M., Dandamudi, R., 2020. Harvesting railway passenger opinions on multi
themes by using social graph clustering. J. Rail Transp. Plan. Manag. 13, 100151.

Ning, P., Tang, T., Zhu, L., 2021. A deep learning-based test sequence automatic
generation method for automatic train operation in high-speed railway system. In:
IEEE Intelligent Transportation Systems Conference. Indianapolis.

Nunno, R., 2018. High Speed Rail Development Worldwide, Environmental and Energy
Study Institute: EESI. Washington DC.

Osorio-Arjona, J., Horak, J., Svoboda, R., Garcia-Rui, Y., 2021. Social media semantic
perceptions on madrid metro system: Using Twitter data to link complaints to
space. Sustainable Cities Soc. 64 (102530), 2210–6707.

Ottermo, M.V., Håbrekke, S., Hauge, S., Bodsberg, L., 2021. Technical language
processing for efficient classification of failure events for safety critical equipment.
In: PHM Society European Conference.

Pappaterra, M.J., Flammini, F., Vittorini, V., Bešinovic, N., 2021. A systematic review
of artificial intelligence public datasets for railway applications. Infrastructures 6
(10), 136.

Pender, B., Currie, G., Delbosc, A., Shiwakoti, N., 2014. International study of current
and potential social media applications in unplanned passenger rail disruptions.
Transp. Res. Rec. 2419, 118–127.

Pramanik, A., Sarkar, S., Siddharth, S., Maiti, J., Mitra, P., 2021. Semi-automated
ontology creation and upgradation for rail-road incidents: A case of a steel plant
in India. Emerg. Technol. Data Min. Inf. Secur. 164, 285–295.
18
Punjabi, S., Sethuram, V., Ramachandran, V., Boddu, R., Ravi, S., 2019. Chatbot using
API: Human to machine conversation. In: Global Conference for Advancement in
Technology. IEEE, pp. 1–5.

Qiu, Y., Li, G., An, J., 2021. Application of text dimensionality reduction method in
information filtering on railway transit cloud platform. J. Phys. 1813 (1), 1–9.

Qu, J., Su, S., Li, R., Wang, G., 2021. Adversarial training for named entity recog-
nition of rail fault text. In: IEEE Intelligent Transportation Systems Conference.
Indianapolis.

Qurashi, A.W., Holmes, V., Johnson, A.P., 2020. Document processing: Methods for
semantic text similarity analysis. IEEE Trans. Intell. Transp. Syst. 1–6.

Rad, M.A., Lefsrud, L.M., Hendry, M., 2021. Applications of innovative accident
analysis methods in railways: A review. In: Canadian & Cold Regions Rail Research
Conference. Alberta.

Ranjan, R., Daniel, A., 2020. Intelligent Sentiments Information Systems using Fuzzy
Logic, Ahmedabad.

Ranjan, R., Daniel, A., 2021. A deep learning model for extracting consumer sentiments
using recurrent neural network techniques. Int. J. Comput. Sci. Netw. Secur. 21 (8),
238–246.

Sadeghi, J., Askarinejad, H., 2012. Application of neural networks in evaluation of
railway track quality condition. J. Mech. Sci. Technol. 26 (1), 113–122.

Salvi, S., Shetty, S., 2019. AI based solar powered railway track crack detection and
notification system with chatbot support. In: Proceedings of the Third International
Conference on IoT in Social, Mobile, Analytics and Cloud. IEEE, pp. 565–571.

Satyanarayana, S., Budihal, R., 2019. Chatbot for railway using diloug flow. Int. J.
Trend Sci. Res. Dev. 3 (4), 1618–1620.

Schwab, K., 2017. The Fourth Industrial Revolution: What it Means, How to Respond.
World Economic Forum.

Scordamaglia, D., 2019. Digitalisation in railway transport. In: European Parliamentary
Research Service. EPRS, Brussels.

Seetharaman, K., Geetha, S., Kameshwar, S., Nikash, V., Vaithilingam, B., 2020. A
survey on railway reservation bot using NLP. J. Eng. Res. Appl. 10 (4), 1–4.

Sexton, T., Hodkiewicz, M., Brundage, M., Smoker, T., 2018. Benchmarking for keyword
extraction methodologies in maintenance work orders. In: Annual Conference of the
PHM Society. Philadelphia.

Shaikh, F., Darunde, S., Wahie, N., Mali, S., 2019. Sign Language Translation System
for Railway Station Announcements, Bombay.

Shi, L., Li, A., Zhang, L., 2021a. Sustainable fault diagnosis of imbalanced text mining
for CTCS-3 data preprocessing. Sustainability 13 (2155), 1–14.

Shi, L., Zhu, Y., Zhang, Y., Su, Z., 2021b. Fault diagnosis of signal equipment on the
lanzhou-xinjiang high-speed railway using machine learning for natural language
processing. Complexity 1–13.

Stenström, C., Mustafa, A., Aditya, P., 2015. Natural language processing of
maintenance records data. Int. J. Cond. Monit. Diagn. Eng. Manag. 18 (2), 33–37.

Stenström, C., Söderholm, P., 2019. Applying Eurostat’s ESS Handbook for Quality
Reports on Railway Maintenance Data, Narvik.

Su, C., Jiang, L., Pi, S., 2021. Sentiment classification of Chinese Railway review
text based on multi-feature fusion gated recurrent unit. In: 2021 International
Conference on Information Science, Parallel and Distributed Systems. pp. 197-202.

Sudhakar, B., Bensraj, R., 2014. An efficient sentence-based sentiment analysis for
expressive text-to-speech using fuzzy. Res. J. Appl. Sci. Eng. Technol. 8 (3),
378–386.

Syeda, K., Shirazi, S., Naqvi, S., Parkinson, H., 2017. Exploiting Natural Language
Processing for Analysing Railway Incident Reports, London.

Tahvili, S., Ahlberg, M., Fornander, E., Afzal, W., Saadatmand, M., Bohlin, M.,
Sarabi, M., 2018. Functional dependency detection for integration test cases.
In: IEEE International Conference on Software Quality, Reliability and Security
Companion, pp. 207-214.

Tahvili, S., Hatvani, L., Ramentol, E., Pimentel, R., Afzal, W., Herrera, F., 2020. A
novel methodology to classify test cases using natural language processing and
imbalanced learning. Eng. Appl. Artif. Intell. 95, 103878.

Thakur, R., Deshpande, M., 2019. Kernel optimized-support vector machine and
mapreduce framework for sentiment classification of train reviews. Sadhana 44
(6), 1–13.

Vajjala, S., Majumder, B., Gupta, A., Surana, H., 2020. Practical Natural Language
Processing: A Comprehensive Guide to Building Real-World NLP Systems, first ed.
O’Reilly.

Wang, T., 2018. Railway equipment industry in China. [Online]. Available: https:
//en.wikipedia.org/wiki/Railway_equipment_industry_in_China.

Wang, X., Han, J., Wang, J., 2019. Knowledge graph construction for railway electrical
accident analysis. In: 2019 International Conference on Machine Learning, Big Data
and Business Intelligence, pp. 214-219.

Wang, C., Pan, X., Wang, Y., 2018. Social networks and railway passenger capacityrail-
way passenger capacity: an empirical study based on text mining and deep learning.
In: Proceedings of ACM SIGSPATIAL GIS International Conference on Advances
in Geographic Information International Conference on Advances in Geographic
Information Systems. pp. 1-6.

Wang, B., Wang, G., Wang, Y., Lou, Z., Hu, S., Ye, Y., 2021. A K-means clustering
method with feature learning for unbalanced vehicle fault diagnosis. Smart Resilient
Transp. 3 (2), 162–176.

http://refhub.elsevier.com/S0952-1976(22)00425-0/sb53
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb53
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb53
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb53
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb53
https://medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-and-how-neuralspace-solves-them-54a01356a71b
https://medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-and-how-neuralspace-solves-them-54a01356a71b
https://medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-and-how-neuralspace-solves-them-54a01356a71b
https://medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-and-how-neuralspace-solves-them-54a01356a71b
https://medium.com/neuralspace/challenges-in-using-nlp-for-low-resource-languages-and-how-neuralspace-solves-them-54a01356a71b
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb55
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb56
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb56
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb56
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb56
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb56
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb57
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb57
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb57
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb58
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb58
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb58
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb58
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb58
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb59
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb59
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb59
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb59
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb59
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb60
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb60
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb60
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb61
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb61
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb61
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb61
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb61
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb62
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb62
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb62
https://www.statista.com/statistics/607891/worldwide-natural-language-processing-market-revenues/
https://www.statista.com/statistics/607891/worldwide-natural-language-processing-market-revenues/
https://www.statista.com/statistics/607891/worldwide-natural-language-processing-market-revenues/
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb64
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb64
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb64
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb64
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb64
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb65
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb65
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb65
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb66
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb66
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb66
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb66
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb66
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb67
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb67
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb67
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb67
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb67
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb68
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb68
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb68
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb69
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb69
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb69
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb69
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb69
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb71
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb71
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb71
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb72
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb72
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb72
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb72
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb72
https://www.globalrailwayreview.com/news/125717/uk-government-funding-rail-data-revolution/
https://www.globalrailwayreview.com/news/125717/uk-government-funding-rail-data-revolution/
https://www.globalrailwayreview.com/news/125717/uk-government-funding-rail-data-revolution/
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb74
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb74
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb74
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb75
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb75
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb75
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb75
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb75
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb76
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb76
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb76
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb77
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb77
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb77
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb77
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb77
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb79
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb79
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb79
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb79
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb79
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb80
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb80
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb80
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb80
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb80
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb81
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb81
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb81
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb81
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb81
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb82
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb82
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb82
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb82
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb82
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb83
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb83
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb83
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb84
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb84
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb84
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb84
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb84
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb85
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb85
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb85
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb86
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb86
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb86
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb86
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb86
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb87
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb87
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb87
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb88
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb88
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb88
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb88
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb88
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb89
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb89
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb89
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb90
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb90
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb90
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb90
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb90
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb91
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb91
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb91
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb92
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb92
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb92
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb93
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb93
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb93
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb94
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb94
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb94
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb95
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb95
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb95
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb95
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb95
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb96
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb96
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb96
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb97
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb97
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb97
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb98
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb98
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb98
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb98
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb98
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb99
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb99
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb99
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb100
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb100
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb100
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb102
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb102
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb102
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb102
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb102
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb103
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb103
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb103
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb105
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb105
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb105
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb105
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb105
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb106
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb106
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb106
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb106
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb106
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb107
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb107
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb107
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb107
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb107
https://en.wikipedia.org/wiki/Railway_equipment_industry_in_China
https://en.wikipedia.org/wiki/Railway_equipment_industry_in_China
https://en.wikipedia.org/wiki/Railway_equipment_industry_in_China
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb111
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb111
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb111
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb111
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb111


K. Dong, I. Romanov, C. McLellan et al. Engineering Applications of Artificial Intelligence 116 (2022) 105435
Wang, F., Xu, T., Tang, T., Zhou, M., Wang, H., 2017. Bilevel feature extraction-based
text mining for fault diagnosis of railway systems. IEEE Trans. Intell. Transp. Syst.
18 (1), 49–58.

Wang, F., Xu, T., Zhao, Y., Huang, Y., 2015. Prior LDA and SVM based fault
diagnosis of vehicle on-board equipment for high speed railway. In: IEEE Intelligent
Transportation Systems Conference. Gran Canaria.

Wang, B., Zhao, J., 2022. Automatic frequency estimation of contributory factors for
confined space accidents. Process Saf. Environ. Protection 157, 193–207.

Wei, W., Zhao, X., 2021. Bi-TLLDA and CSSVM based fault diagnosis of vehicle on-board
equipment for high speed railway. Meas. Sci. Technol. 32 (085005), 1–15.

Williams, T., Betak, J., 2018. A comparison of LSA and LDA for the analysis of railroad
accident text. Procedia Comput. Sci. 130, 98–102.

Williams, T., Betak, J., Findley, B., 2016. Text Mining Analysis of Railroad Accident
Investigation Reports, Columbia.

Wu, S., 2018. Short text mining for fault diagnosis of railway system based on
multi-granularity topic model. In: 2018 8th International Conference on Logistics,
Informatics and Service Sciences (LISS), pp. 1–6.

Wu, H., Zhong, B., Medjdoub, Xing, X., Jiao, L., 2020. An ontological metro accident
case retrieval using CBR and NLP. Appl. Sci. 10 (5298), 1–24.

Yang, L., Li, K., 2020. Safety risk analysis of railway accident with text-based bow-
tie model. In: 2020 IEEE 3rd International Conference of Safe Production and
Informatization, pp. 200-204.

Yang, L., Li, P., Ma, X., Li, X., Xue, R., Wang, Z., ES-based full text retrieval and
analysis of railway accident fault tracking report. In: International Symposium on
Microwave, Antenna, Propagation, and EMC Technologies. IEEE, pp. 516–519.

Yang, L., Li, K., Song, G., Khan, F., 2021a. Dynamic railway derailment risk analysis
with text-data-based Bayesian network. Appl. Sci. 11 (994), 1–19.

Yang, L., Li, P., Xue, R., Ma, X., Li, X., Wang, Z., 2018a. Intelligent classification model
for railway signal equipment fault based on SMOTE and ensemble learning. IOP
Conf. Series: Materials Science and Engineering 383, 1–10.
19
Yang, L., Li, P., Xue, R., Ma, X., Wu, Y.Z.D., 2018b. Intelligent classification of faults of
railway signal equipment based on imbalanced text data mining. J. China Railw.
Soc. 40 (2), 59–66.

Yang, L., Li, K., Zhao, D., Gu, S., Yan, D., 2019. A network method for identifying the
root cause of high-speed rail faults based on text data. Energies 12 (1908), 1–17.

Yang, T., Liu, X., Li, G., Dai, M., Tian, L., Xie, Y., 2021. Exploring multi-layer
convolutional neural networks for railway safety text classification. In: IEEE
International Conference on Progress in Informatics and Computing, pp. 206-211.

Yuan, J., Li, K., 2019. The fault diagnosis model for railway system based on an
improved feature selection method. In: 2019 IEEE 9th International Conference
on Electronics Information and Emergency Communication (ICEIEC), pp. 1–4.

Zhang, Y., Zhang, G., 2019. Research on Intelligent Patent Classification Scheme Based
on Title Analysis, Bangkok.

Zhao, Y., Xu, T., Wang, H., 2014. Text mining based fault diagnosis of vehicle on-
board equipment for high speed railway. In: IEEE Intelligent Transportation Systems
Conference. Qingdao.

Zhao, L., Zhang, C., Qiu, K., Li, Q., 2013. A fault diagnosis method for the tuning area
of jointless track circuits based on a neural network. Proc. Inst. Mech. Eng. F 227
(4), 333–343.

Zhong, Z., Xu, T., Wang, F., Tang, T., 2018. Text case-based reasoning framework for
fault diagnosis and predication by cloud computing. Math. Probl. Eng. 2018, 1–10.

Zhou, L., Dang, J., Zhang, Z., 2020. Research on fault diagnosis for on-board equipment
of train control system based on imbalanced text classification. J. Appl. Sci. Eng.
24 (2), 167–175.

Zhou, L., Dang, J., Zhang, Z., 2021a. Fault classification for on-board equipment of
high-speed railway based on attention capsule network. Int. J. Autom. Comput. 18
(5), 814–825.

Zhou, L., Dang, J., Zhang, Z., 2021b. Fault information recognition for on-board
equipment of high-speed railway based on multi-neural network collaboration. Int.
J. Autom. Comput. 18 (6), 935–946.

http://refhub.elsevier.com/S0952-1976(22)00425-0/sb112
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb112
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb112
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb112
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb112
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb113
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb113
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb113
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb113
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb113
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb114
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb114
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb114
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb115
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb115
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb115
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb116
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb116
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb116
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb117
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb117
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb117
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb119
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb119
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb119
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb121
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb121
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb121
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb121
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb121
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb122
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb122
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb122
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb123
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb123
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb123
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb123
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb123
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb124
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb124
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb124
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb124
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb124
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb125
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb125
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb125
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb128
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb128
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb128
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb129
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb129
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb129
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb129
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb129
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb130
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb130
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb130
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb130
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb130
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb131
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb131
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb131
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb132
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb132
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb132
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb132
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb132
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb133
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb133
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb133
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb133
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb133
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb134
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb134
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb134
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb134
http://refhub.elsevier.com/S0952-1976(22)00425-0/sb134

	Recent text-based research and applications in railways: A critical review and future trends
	Introduction
	Research methodology
	Data acquisition and selection criteria
	Literature keyword extraction

	Data analysis
	Literature distribution
	Keyword distribution

	Data sources and objectives for recent text-based research in railways
	Text-based algorithms and methods applied in railways
	Future directions and fields for text-based research in railways
	Multilingual NLP solution
	Digital maintenance
	External data integration
	Railway-centred text-based solution pipeline

	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	References


