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Abstract: Social media, particularly Twitter, has emerged as a vital platform for understanding public opinion on
contemporary issues. This study investigates public attitudes towards UK rail strikes by analyzing Twitter data
and provides a framework to assist policymakers in the RMT Union and the government in managing social media
information. A dataset comprising tweets related to rail strikes from 25 June 2022 to 7 October 2022 was collected
and multidimensional scaling and sentiment analysis techniques were employed to examine public opinions and
sentiments. The analysis revealed that the predominant trends in tweets were dissatisfaction and negativity, with
users expressing inconvenience caused by the rail strikes. Interestingly, the public also questioned the government’s
capabilities, with some suggesting that rail strikes were politically motivated events orchestrated by the government.
Sentiment analysis results indicated that approximately 85% of tweets displayed negative sentiment towards the rail
strikes. This research contributes to the understanding of public attitudes derived from tweet mining and offers
valuable insights for academics and policymakers in interpreting public reactions to current events. Based on the
findings, recommendations for the RMT Union are proposed through the lenses of stakeholder orientation theory
and signaling theory. For instance, fostering public engagement can help reduce information asymmetry between
the RMT Union and the public, enabling the union to better comprehend public sentiment towards rail strikes. The
approach amalgamates these two theories, presenting a novel theoretical perspective for such investigations and
extending their applicability, while also providing clear and in-depth recommendations for the RMT Union.

Keywords: Social media, Text analytics, Rail strikes, Public opinion, Twitter mining, Information asymmetry,
Stakeholder orientation theory

1 Introduction

Social networks, as a prominent type of Internet-based media, have emerged as an increasingly important source
of information for many individuals. Social media platforms such as Facebook and Twitter grant users instant
and open access to news and narratives, allowing them to build networks, interact, and share opinions. Recent
studies have revealed that people are increasingly using social media applications for various purposes, including
making new friends, socializing with old acquaintances, receiving information, and expressing opinions on current
events [1, 2]. Opinions disseminated through social networks play a significant role in influencing public behaviors
and attitudes in various aspects, such as purchasing products, predicting stock market trends, voting for presidents,
and evaluating news [3, 4]. Consequently, academic attention has been drawn to the utilization of social media data
in areas like customer relationship management, opinion tracking, and text filtering [5–7]. However, relatively few
social media studies have concentrated on public attitudes and opinions regarding current events, particularly those
concerning public transport strikes, which are highly sensitive issues.

In the United Kingdom, the National Union of Rail, Maritime and Transport Workers (RMT Union) announced
a rail strike following unsuccessful talks with the government on June 20, 2022. The strike, expected to involve ten
of thousands of workers and cause disruptions or delays on nearly every major line in England, Scotland, and Wales,
commenced on June 21 and is predicted to persist for six months or longer if no agreement is reached. It is crucial for
RMT Union to understand public opinion on this event to timely adjust the direction of activities, reach a consensus
with public opinion, and achieve its ultimate goal. Therefore, analyzing public attitudes towards current affairs using
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social media data and controlling public opinion in a timely manner are essential first steps in determining whether
the RMT Union’s rail strike can succeed.

This study aims to fill gaps in the literature and contribute to RMT Union’s understanding of public opinion
regarding the rail strike by investigating public perceptions and attitudes towards strike-related news on Twitter.
Twitter data has been employed in various fields in past research, mainly for purposes like sentiment analysis [3, 8–
10], market intelligence gathering, topic detection, and stock market insights [11–18]. The number of Twitter users
in the UK is estimated at 15.8 million as of 2021 [19], and given its popularity, Twitter generates a vast amount of
legally available data [20, 21]. This data includes user records, tweets, and metadata that facilitate tracking different
types of tweet activity. Additionally, Twitter’s unique short text format requires users to express their thoughts clearly
and concisely [22–24]. Consequently, Twitter provides a means to explore user opinions [25, 26].

Text mining, which encompasses techniques such as data mining, machine learning, and information retrieval,
is often employed to overcome the challenge of analyzing overloaded unstructured text [27–29]. Sentiment analysis,
for example, enables automatic identification of sentiment in a large number of tweets, classifying them as positive,
neutral, or negative [30, 31]. This study collected Twitter data and applied QDA Miner software to analyze public
attitudes towards the rail strike, offering practical significance for RMT Union to control the event’s direction and
possibly influencing the success of the rail strike. Therefore, the following research questions are posed:

RQ1: What is the public’s attitude toward the rail strike?
RQ2: What are the main concerns and interests of the public about the rail strike?
RQ3: How does text mining provide public opinion insights for RMT Union to better control the course of

action?
The remainder of this study is structured as follows: Section 2 reviews the literature related to social media,

customer and public engagement with social media, and text-mining research; Section 3 presents the research
methods, combining sentiment analysis and clustering techniques; Section 4 provides data analysis and discusses the
research results; Section 5 concludes the study, explaining its practical significance and limitations.

2 Literature Review
2.1 Social Media Research

The increasing utilization of social media by the public has led to its growing application in the business
environment. Social media tools, as defined by Malita [26], facilitate the socialization of content and encourage
collaboration, interaction, and communication through discussion, feedback, voting, comments, and sharing of
information from all interested parties. Typically, social media refers to specific platforms through which people
communicate, such as blogs, social networks, and multimedia websites, with popular examples including Facebook,
Twitter, and YouTube [27, 28]. Due to the advantages of timely response and direct communication, social media
has been extensively studied by practitioners and researchers. Investigations have focused on people’s comments and
interactions on specific platforms to address practical problems, especially the attitudes and communication of the
public and consumers on social networking sites [29, 30]. Oh et al. [16] emphasized the importance of social media
in driving customer engagement, as it transforms online users from passive consumers into active content generators
who share information with others. Chevalier and Mayzlin [31] examined customer feedback on relative book sales
in online stores and found that negative reviews (i.e., one-star reviews) have a greater impact than positive reviews
(i.e., five-star reviews). They concluded that superior book reviews could lead to higher relative sales at the websites.
Furthermore, Ayyub et al. and Snead [32, 33] highlighted that social media, based on the Internet, enables users to
create, share, and exchange information. Since the public’s attitude toward events or things influences their behavior,
understanding their views and emotional tendencies can facilitate a better exploration of public behavior. Thus,
customer and public engagement have been given new impetus with the development of social media platforms.
However, it should be noted that social media data, which can reflect sentiment not captured by traditional data
collection methods (e.g., questionnaires), is mostly limited to English. Moreover, most social media data reflects
results under specific screening conditions, potentially limiting representativeness.
2.1.1 Customer and public engagement with social media

The concept of customer engagement is rooted in service-dominant logic [34]. Customer engagement is defined as
“manifestations from customers toward a firm or a brand beyond purchase, resulting from motivational drivers” [16].
Many companies have shifted promotional resources from traditional media to digital platforms, interacting directly
with customers [35, 36]. Goh et al. [37] determined that engaged customers’ messages were 22 times more valuable
than those of marketers, underscoring the importance of understanding customer engagement. Social media-driven
customer engagement refers to a user’s performance (beyond purchase) toward a company or brand in a social media
environment, driven by social media availability and satisfaction [38–43]. Public engagement, broadly defined as the
participation of citizens in public affairs [12], seeks to establish a relationship between local governments and citizens
that extends beyond simple information exchange. The goal of public engagement is to support public interaction
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and participation, leading to more informed government decisions [44]. The rapid development of social media has
rendered it a powerful tool for reinforcing public engagement. Specifically, users can become active content creators
instead of passive information recipients, stimulating public contribution to public life [45]. Additionally, real-time
communication allows local governments and the public to engage in dialogue on social media platforms, fostering
public engagement [46–48]. Analyses of public engagement in social media campaigns on Facebook, Twitter, and
blogs by Cho et al. and Paek et al. [49, 50] demonstrated that people’s use of each social media platform significantly
affects their interaction with the campaign, which in turn mediates the relationship between social media use and
offline communication behavior patterns.

2.2 Text Mining

Text mining, a form of data mining, has been applied across various disciplines to identify hidden patterns in
large amounts of text data, particularly data from social media sources, such as categorizing negative or positive
comments from consumers [51–53], exploring and tracking public political preferences [54], and determining
customer satisfaction [46]. Text mining focuses on discovering useful models, trends, patterns, or rules from
unstructured textual data, such as text files, HTML files, chat logs, and emails [55, 56]. As an automated technology,
text mining can be employed to “effectively and systematically identify, extract, manage, integrate, and utilize
knowledge in texts” [57]. Unlike traditional content analysis, text mining is primarily data-driven, aiming to
automatically identify hidden patterns or trends in data [58] and subsequently generate explanations or models to
elucidate interesting patterns and trends in text mining [59]. Sentiment analysis, a form of text mining, is widely
used to analyze textual data.
2.2.1 Sentiment analysis

Sentiment analysis is frequently employed to examine language features from a sentiment perspective. This
technique assists researchers in detecting sentiment polarity from textual data, helping to elucidate the relationship
between public opinion formation and events [32]. As public attitudes toward issues influence behavior, it is essential
to understand people’s opinions and emotional tendencies in a timely manner. The proliferation of social media use
has provided researchers with new methods and online resources to further explore public or consumer behavior.
Sentiment analysis has recently been used to extract opinions from consumer product reviews [60], categorize positive
and negative consumer product reviews [61], track emotional trends in online discussion forums [9], and monitor
political views [46, 62]. Kuang and Yu et al. [40, 63] employed sentiment analysis to study the distribution of public
sentiment in news articles during the COVID-19 pandemic. Moreover, numerous researchers have contributed to
news sentiment analysis using various methods. Boudiukh et al. [64] utilized sentiment analysis to identify essential
information in public news. The analysis was conducted at the sentence level, and a dynamic dictionary with
predefined positive and negative words was employed to aid in determining sentiment polarity.
2.2.2 Cluster analysis

Cluster analysis is a crucial tool for automatically organizing and searching for information (such as unexpected
trends) from unstructured text data [65, 66]. Although clustering is a technique used to group similar documents, it
is not based on predefined topic classifications but dynamic clustering groupings [57]. Ying and Feng [67] employed
data mining methods to analyze customers in the securities industry from the perspectives of customer value and
customer behavior. They asserted that the clustering algorithm could serve as a standard customer segmentation
method in data mining. Zhang [68] and Zhao et al. [69] used cluster analysis to classify consumer behavior
characteristics, aiming to achieve intelligent product recommendations. In conclusion, cluster analysis is beneficial
for practitioners and researchers who wish to explore customer segmentation through non-traditional methods.

3 Methodology
3.1 Data Collection and Preprocessing

The data utilized in this study were primarily collected from tweets and comments made by the public in response
to rail strike news on Twitter between 25/06/2022 and 7/10/2022. The focus on this period was due to the heightened
activity of public opinions and attitudes on Twitter within a week following the train strike, providing a large,
effective, and timely dataset. The ExportComments tool was employed to extract 6,738 tweets using the search
format: “Rail Strike” lang: en until: [end date] since: [start date]. As tweets contain abundant information but are
considered unstructured text, data preprocessing was required to transform the text into a format suitable for analysis
by machine learning algorithms.

Initially, URL links in the tweets were removed, and all data were converted to text format. Tokenization was then
performed, dividing the text into discrete words. Subsequently, stop words (e.g., is, and, if, etc.) were filtered out.
The resulting dataset comprised 2,678 eligible tweets. To import the data into QDA Miner software, all lowercase
words were converted to uppercase. Following the data preparation process, QDA Miner software was utilized to
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generate the public’s attitude towards the rail strike event in the tweets and to determine the word frequency in the
opinions.

Ethical considerations were taken into account when handling social media data in this study. Although the data
were collected from Twitter, an open access platform, they were treated confidentially and were accessible only to
the authors of this study. Furthermore, the data will be deleted six months after the conclusion of the study to prevent
any ethical issues.

3.2 Multidimensional Scaling

This study employed a multidimensional scaling method to comprehensively analyze the co-occurrence of
keywords within the dataset. Co-occurrence was defined as the occurrence of two words within the same context. To
quantify the degree of co-occurrence, Jaccard’s coefficient was employed as a measure of similarity between word
pairs (i and j) [69]. The formula for Jaccard’s coefficient is shown as follows:

simJaccard (i, j) =
a

a+ b+ c

In this context, the variable a represents the number of cases in which both words i and j are present, b denotes
the number of cases where only word i is present, and c indicates the number of cases where only word j is present.
Jaccard’s coefficient is utilized as a measure of similarity, assigning equal weight to both matches and non-matches,
while assigning zero weight to instances where neither word occurs (0-0 matches). A Jaccard coefficient of 0
indicates no similarity between the two words, whereas a coefficient of 1 signifies an exact match between them.

The Jaccard coefficient was utilized to measure similarity, and concept maps (as depicted in Figure 1) were
generated as visual representations of the calculated closeness values for keywords using multidimensional scaling.
In the concept map, each node represents a keyword, with its size indicating its frequency of occurrence. The distances
between keywords on the map reflect the likelihood of certain terms appearing together. Keywords positioned close
to each other on the map indicate a higher probability of co-occurrence, whereas keywords that are independent or
have infrequent co-occurrence are placed farther apart.

3.3 Sentiment Analysis

Text mining techniques were applied in this study to automatically identify and classify patterns from large datasets
and generate insights from unstructured text corpora. Sentiment analysis, a method used to extract subjectivity and
polarity from textual data, was employed to analyze the tweets [70]. The Lexicon-based approach, which annotates
tweets using a specific dictionary of words to determine polarity, was selected for this study.

The WordStat sentiment dictionary from QDA Miner software was applied, which was designed by combining
negative and positive words from the “Harvard IV” and the “Linguistic and Word Count” dictionaries [71]. This
general-purpose dictionary, containing over 9,526 negative word patterns and 4,669 positive word patterns, has
been used in various settings, such as corporate sustainability reports [72], academic articles [73], and policy
documents [74]. Separate scores for positive and negative sentiment were provided, each calculated based on terms
containing thousands of word patterns. The semantic orientation value of tweets was calculated by the overall
polarity (polarity = positive counts - negative counts), resulting in the final extreme value. A positive score was
marked as positive, a negative score as negative, and a text with a score of “0” as neutral.

However, the WordStat sentiment dictionary has limitations when applied to specific domains, as some studies
have shown that nearly three-quarters of the negative words in the dictionary are not typically negative in a financial
context [75]. For example, words such as “mine”, “tier”, or “capital” may lead to a high rate of misclassification.
Therefore, when using this dictionary, it is essential to focus on specific industry sectors and adapt it accordingly by
adding domain-specific emotive words or phrases [76].

4 Results

Data from the dataset was input into QDA Miner software for text mining. Following preprocessing of the data
as described in Section 3, a word list was generated. Table 1 displays the frequency of each word, with words
such as “STRIKE”, “RAIL”, “SUPPORT”, and “LABOUR” appearing most frequently in rail strike news. Despite
its simplicity, word count analysis can provide insights into identifying hot topics and predicting key features of
topics [23]. A proximity plot was employed to examine relevant topics related to the research focus and to provide
an overview of the keywords associated with rail strike tweets. Words like “WORKER” and “GOVERNMENT”
also appeared with high frequency, indicating the broad scope of the rail strike and its significance as a news event
that garnered considerable attention. Frequent words such as “PAY”, “COST”, and “BLAME” further reflect public
reactions and concerns regarding the issue. Word frequency analysis may thus assist practitioners (e.g., RMT Union)
in rapidly identifying main topics on social media to investigate public attitudes towards rail strikes. Keywords such
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Table 1. Word frequency

FREQUENCY SHOWN PROCESSED TOTAL
STRIKE 2929 25.06% 8.38% 4.48%

RAIL 2846 24.25% 8.14% 4.35%
PEOPLE 286 2.45% 0.82% 0.44%

SUPPORT 250 2.14% 0.71% 0.38%
LABOUR 217 1.86% 0.62% 0.33%
WORKER 194 1.66% 0.55% 0.30%

TRAIN 178 1.52% 0.51% 0.27%
GOVERNMENT 171 1.46% 0.49% 0.26%

DAY 153 1.31% 0.44% 0.23%
TIME 132 1.13% 0.38% 0.20%
PAY 125 1.07% 0.36% 0.19%

GOOD 112 0.96% 0.32% 0.17%
RMT 102 0.87% 0.29% 0.16%

WORK 102 0.87% 0.29% 0.16%
HOME 98 0.84% 0.28% 0.15%

UK 95 0.81% 0.27% 0.15%
PARTY 89 0.76% 0.25% 0.14%

NATIONAL 86 0.74% 0.25% 0.13%
BREXIT 83 0.71% 0.24% 0.13%
UNION 77 0.66% 0.22% 0.12%
PUBLIC 75 0.64% 0.21% 0.11%
ANOR 74 0.63% 0.21% 0.11%
STAFF 74 0.63% 0.21% 0.11%

COUNTRY 66 0.56% 0.19% 0.10%
COST 64 0.55% 0.18% 0.10%

TOMORROW 61 0.52% 0.17% 0.09%
TRAVEL 58 0.50% 0.17% 0.09%

STOP 57 0.49% 0.16% 0.09%
WEEK 56 0.48% 0.16% 0.09%

NETWORK 55 0.47% 0.16% 0.08%
LINE 54 0.46% 0.15% 0.08%

MORNING 53 0.45% 0.15% 0.08%
YEAR 53 0.45% 0.15% 0.08%

PM 49 0.42% 0.14% 0.07%
YESTERDAY 48 0.41% 0.14% 0.07%

ACTION 47 0.40% 0.13% 0.07%
AFFECTED 47 0.40% 0.13% 0.07%

LIVING 46 0.39% 0.13% 0.07%
SERVICE 46 0.39% 0.13% 0.07%
BLAME 45 0.39% 0.13% 0.07%
CALLED 45 0.39% 0.13% 0.07%

CAR 45 0.39% 0.13% 0.07%
PICKET 45 0.39% 0.13% 0.07%
WRONG 45 0.39% 0.13% 0.07%

AIRPORT 44 0.38% 0.13% 0.07%
GREAT 44 0.38% 0.13% 0.07%
EMPTY 43 0.37% 0.12% 0.07%

JOB 43 0.37% 0.12% 0.07%
LEADER 42 0.36% 0.12% 0.06%

POLITICAL 42 0.36% 0.12% 0.06%
POOR 40 0.34% 0.12% 0.06%

as “STRIKE”, “RAIL”, “LABOUR”, and “SUPPORT” predominantly appeared in tweets related to rail strikes, with
“RMT”, “STOP”, and “MEDIA” also being identified as high-frequency words associated with rail strikes in tweets.

Multidimensional scaling analysis was conducted, considering different units of investigation such as the co-
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occurrence of keywords in paragraphs, sentences, documents, and archives. As this research focus was on tweets,
the investigation unit was defined as a tweet. Concept maps were generated as graphic representations of proximity
values computed using multidimensional scaling for all included keywords. Jaccard’s coefficient was employed to
measure similarity in the concept maps. Figure 1 illustrates the concept maps, where each node represents a keyword,
and the size of the node indicates the frequency of the keyword’s usage [77]. In Figure 1, the distinct clusters of cases
can be identified based on the proximity of circles, represented by their distance and color, as well as the strength of
their relationships, indicated by the number of connecting lines. This allows for the visualization and capturing of
influential tweets. For instance, the focal group containing keywords “rail” and “strike” appears to be closely related
to the “Crisis group”.

Figure 1. Concept map of keywords

In summary, the following clustered groups were determined in this study (see Figure 2 – Figure 8 below):
A. The focal group which has the highest word frequency and contains the greatest number of tweets (59.97%)

— “rail” “strike” — tweet example: Wasn’t the government telling people to work from home cos the rail strike?
Hypocrisy.

B. Neutral group: “non-event” — tweet example: Rail Strike has been a total non-event in my part of the World.
C. Support group: “support” — tweet example: Massive support for rail strikes amongst both rail workers public.
D. Crisis group: “crisis” “pay rise”— tweet example: Rail strike. If there is a rail strike, we are going to see a

supply chain crisis like nothing in our history.
E. Complain group: “annoying” “noise” — tweet example: Very annoying rail strike.
F. Video group: “Video” “slogan” — tweet example: Govt’s argument is a red herring all from empty slogans

and no solutions, against his articulate precise framing of the situation (a video of Mick Lynch).
G. Labour party group: “vote” “labour party” — tweet example: Vote for Labour Party who support Rail strikes

which will put up prices, and cost jobs businesses.

Figure 2. Focal group (average sentiment score: -0.357)

Figure 3. Neutral group (average sentiment score: -0.034)

Figure 4. Support group (average sentiment score: 0.595)

Clustered analysis was chosen for this study as it allows for more precise grouping of words, rather than finding
synonyms for keywords or substitutes for single words. For example, the “Video group” comprises all topics and
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Figure 5. Crisis group (average sentiment score: -0.121)

Figure 6. Complain group (average sentiment score: -0.163)

Figure 7. Video group (average sentiment score: -0.127)

Figure 8. Labour party group (average sentiment score: -0.232)

keywords related to video, enabling more accurate exploration of the relationships among keywords within the group.
In addition, analysis of the seven clustered groups revealed that all but the “Neutral group” reflected part of public
opinions on the rail strike on Twitter. Through in-depth analysis of public tweets, it was found that some members of
the public not only paid close attention to videos related to the rail strike but also expressed dissatisfaction with the
government for not providing practical solutions or offering only “empty slogans” and “no solutions”. Furthermore,
some individuals questioned the government’s problem-solving abilities and viewed the rail strike as a politically
driven event.

For the lexicon-based sentiment analysis, the WordStat sentiment dictionary [77] was employed, which calculates
semantic orientation values by subtracting the number of negative words from the number of positive words in a
tweet. A positive sentiment was assigned to tweets with a semantic orientation value greater than 0, while a negative
sentiment was assigned to those with a value less than 0. Tweets with a value equal to 0 were considered neutral.
Among the 2,687 tweets analyzed in this study, 2,228 were negative, 122 were positive, and 337 were neutral. As
suggested by Li et al. [78], focus can be narrowed to only the number of positive and negative tweets when the
proportion of neutral tweets in the dataset is lower than the number of positive tweets. Figure 9 illustrates the
sentiment analysis results, showing that negative sentiment was far more prevalent than positive sentiment in tweets
about the rail strike.

“Tweet 1: There is a rail strike people like to want to make our lives a misery. -1”
“Tweet 2: Do not support workers in rail strike? A labour leader who does not back workers is no labour leader.

-1”
“Tweet 3: Is not it about time passengers had a rail strike against the most outrageous ticket fares. . . it needs to

happen! -3”
According to the WordStat sentiment dictionary, in “Tweet 1”, there are two negative counts (2) and one positive

count (1). Therefore, the sentiment orientation value = positive count (1) - negative counts (2) = -1, which indicates
that the sentiment of “Tweet 1” is negative. Similarly, in “Tweet 2”, the negative count is 1 and the positive count is
0. Thus, the sentiment orientation value is -1, meaning the sentiment of ”Tweet 2” is negative. In “Tweet 3”, there
are three negative counts and no positive counts. Consequently, “Tweet 3” has a sentiment orientation value of -3,
signifying that the sentiment of “Tweet 3” is negative. The results suggest that, in the context of the rail strike, the
public’s attitude is predominantly negative. We will present the average sentiment score for each cluster group in
Figure 2-Figure 8.

The analysis of the results revealed that nearly 85% of the tweets in the dataset expressed negative sentiment
towards the rail strike. This finding is consistent with previous research indicating that social media users tend
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to express negative emotions when discussing controversial events or crises [79, 80]. The negative sentiment was
particularly evident in the “Crisis group” and “Complain group”. However, it is important to note that the “Support
group” exhibited a higher average positive sentiment score, suggesting that there is still a portion of the public who
supports the rail workers or their demands.

Figure 9. Result of sentiment analysis

5 Discussion

In analyzing the rail strike event, the survey results reveal a predominantly negative public attitude towards the
RMT Union action. The number of negative tweets (2228) significantly outweighs the positive ones (459), indicating
minimal public support for the strike. A multidimensional scaling method was employed to identify seven distinct
groups in the sample, namely “Focal”, “Neutral”, “Support”, “Crisis”, “Complain”, “Video”, and “Labour party”.
These clusters were formed due to the high co-occurrence of elements within each group. The majority of these
groups expressed their negative views on the rail strike directly via Twitter. Notably, the “Focal group” contained the
largest number of tweets (59.97%) and frequently used terms such as “hypocrisy” to convey their negative stance.

5.1 Application of Signalling Theory and Stakeholder Orientation Theory

The application of signalling theory and stakeholder orientation theory was utilized to provide more insightful
suggestions to the RMT Union and address the research question (RQ3). According to Karaman et al. [79], signalling
theory encompasses three subjects: sender, receiver, and signal. Within the context of this study, the sender is the
RMT Union, the signal is news about the rail strike on Twitter, and the public serves as the receiver, providing
feedback through tweets. The focus of signalling theory is on information asymmetries among multiple entities, such
as individuals or organizations. Consequently, public engagement is more likely to reduce information asymmetry
between the RMT Union and the public, assisting the RMT Union in understanding the public’s stance on rail strikes
and garnering greater support.

Stakeholder orientation, as described by Brulhart et al. [81], is a valuable, non-imitable, and irreplaceable
resource that can confer a competitive advantage. It refers to an organization’s capacity to establish and maintain
long-term relationships with various stakeholder categories. In cyberspace, public groups can discuss and influence
each other’s perceptions and opinions on a particular issue, which can be perceived as a resource or knowledge for
the organization. Consequently, organizations should regard the public as stakeholders who can readily share their
ideas and opinions about the company and its activities on social media platforms.

Focusing on the study results, the “Neutral group” exhibited an average sentiment score of -0.034. As they
remained neutral about the signals, it can be inferred that the RMT Union’s signal did not resonate with them. The
“Support group,” although seemingly the most important group identified through data mining, may be the last group
to which the RMT Union should allocate resources for maintaining the signalling process. The average sentiment
score for this group was 0.595, and most Twitter users within it were RMT Union members who openly supported the
rail strike. By examining the content of tweets from this stakeholder group, the RMT Union could potentially extract
valuable information and knowledge to shape its industrial action strategy based on the opinions of key stakeholders
on social media.
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The “Focal group” contained the highest word frequency and had the largest number of tweets (59.97%). With
an average sentiment score of -0.357, this group demonstrated a negative attitude towards rail strikes. This finding
suggests that the “Focal group” was highly responsive to the RMT Union’s signal. Additionally, the average sentiment
score of the “Complain”, “Crisis”, and “Labour party” groups were -0.163, -0.121, and -0.232, respectively. Despite
their complaints and predictions that rail strikes would lead to crises and increased train fares, this information cycle
contributed to a heightened sense of public engagement, attracting more attention and retweets. As a consequence,
the number of signals increased, and these stakeholders generated resources and knowledge regarding the industrial
actions.

According to Donaldson and Preston [82], all stakeholders merit attention, regardless of their ability to create
wealth or the value of the resources they provide. This implies that even if stakeholders bring negative or positive
value to the organization, their opinions and feedback should be acknowledged. Organizational managers should
also consider the influence of stakeholders on broader societal strata. Although five of the seven groups displayed
negative attitudes towards rail strikes, monitoring and managing public sentiment can contribute to the success of
the RMT Union’s actions.

5.2 Suggestions for RMT Union

Social media platforms facilitate stakeholder engagement by offering opportunities for stakeholder groups to
stay informed, identify common interests, express and share opinions and demands, and organize and coordinate
interventions. Stakeholder engagement, characterized by the interaction between a company and its stakeholders,
plays a crucial role in helping organizations obtain information from them. Social media platforms are particularly
effective for stakeholder engagement, as they enable organizations to communicate with stakeholders and receive
feedback through various responses (e.g., likes, shares, and comments).

In a stakeholder-oriented organization, key groups such as employees, customers, governments, unions, share-
holders, and executives are explicitly considered when shaping and determining strategic actions. Moreover, an
organization should serve multiple stakeholders to not only secure their support but also acquire resources, knowl-
edge,and legitimacy. This approach can contribute to the long-term success of the organization. To address the RMT
Union’s current situation, the following suggestions are proposed:

(1) Develop a comprehensive social media strategy: The RMT Union should establish a social media strategy that
encompasses monitoring, engagement, and communication with stakeholders. This strategy should focus on under-
standing public sentiment, addressing concerns, and disseminating accurate information to counter misinformation
and negative perceptions.

(2) Employ social media monitoring tools: Utilizing social media monitoring tools can help the RMT Union
track public sentiment and engagement related to their activities. These tools can aid in identifying trends, influential
users, and popular topics, enabling the Union to efficiently address stakeholders’ concerns and needs.

(3) Create targeted content: The RMT Union should create and share content that specifically targets various
stakeholder groups. This content may include educational materials that explain the reasons for strikes, the Union’s
goals, and the benefits of their actions in the long term. By addressing the concerns of different stakeholder groups,
the Union can foster greater understanding and support.

(4) Engage in transparent dialogue: The RMT Union should actively participate in conversations with stakeholders
on social media platforms. By engaging in transparent and open dialogue, the Union can build trust, address
misconceptions, and clarify its stance on various issues.

(5) Leverage influential supporters: The RMT Union should identify influential supporters within their stake-
holder groups and collaborate with them to amplify their message. These supporters can act as advocates for the
Union’s cause and help counterbalance negative sentiment.

(6) Establish partnerships with other organizations: The RMT Union should seek partnerships with other
organizations that share similar objectives or can provide support in achieving their goals. Such partnerships can
enhance the Union’s credibility and create a united front in addressing stakeholder concerns.

(7) Continuously evaluate and adapt the strategy: The RMT Union should regularly assess the effectiveness of
its social media strategy and adapt it based on stakeholder feedback, public sentiment, and emerging trends. This
iterative process will help the Union stay responsive to stakeholder needs and remain agile in the face of changing
circumstances.

By applying these suggestions, the RMT Union can strengthen its stakeholder engagement and communication
efforts, leading to better understanding and support for its actions. Furthermore, these strategies can contribute to
the long-term success of the organization and its ability to serve multiple stakeholders effectively.

6 Conclusions

In light of the rail strike’s commencement, an analysis of 2687 tweets was conducted to investigate public
opinions and attitudes towards the issue, as expressed on social media platforms. A hybrid text mining approach,
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encompassing sentiment analysis and cluster analysis, was employed. The primary objective of this research was to
elucidate public attitudes and opinions regarding rail strikes. A key finding was that word frequency analysis swiftly
identified potential thematic features, such as “LABOUR”, “CRISIS”, and “PUBLIC”.

Utilizing a multidimensional scaling approach, seven distinct groups were identified, and a novel research
methodology for exploring potential public groups was proposed. Sentiment analysis results indicated a predom-
inantly negative perception of rail strikes, with approximately 85% of the analyzed tweets expressing negative
sentiments. Thus, the RMT Union was able to comprehend the reasons behind this negativity, including concerns
about government competence and potential impacts on employment opportunities, and create an action plan to
further manage the situation by leveraging text mining insights.

This study offers an in-depth understanding of public attitudes towards rail strikes through text mining, providing
valuable insights and a reference basis for scholars interested in employing text mining methods to explore public
opinions on current events and their developmental trends. Furthermore, the integration of signalling theory
and stakeholder orientation theory enhances the interpretation of the study’s results and offers a novel theoretical
perspective for future research. Comprehensive and practical data findings and strategies are provided for the
RMT Union, such as improving communication with various stakeholder groups and addressing public concerns
promptly during rail strikes. Additionally, this study presents insights into government policymaking from a political
perspective based on data analysis results.

Despite its contributions, this study presents some limitations that warrant further exploration. Firstly, the research
focused solely on the opinions of social media users, while neglecting the views of those who do not frequently
use these platforms. Future studies could employ interview methods to capture a more accurate representation of
the population’s opinions. Secondly, the cluster analysis used to identify differing tweet groups did not delve into
the reasons behind the tweets’ content. It is recommended that future research adopt the public group segmentation
and identification method proposed in this study to uncover hidden information within the clusters. Lastly, the
lexicon-based sentiment analysis approach employed in this study has certain shortcomings, such as the difficulty in
accurately annotating specialized words in specific fields [24, 78]. It is suggested that future research should focus
on improving existing dictionaries or utilizing more accurate labeling methods to overcome these limitations.
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