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Abstract
Introduction
With the expansion of the internet and the rise of social media,

companies across various industries, particularly the aviation sector,
have gained unprecedented opportunities for direct interaction with
customers. Social media platforms, especially microblogging sites
such as Twitter, enable companies to receive immediate user feedback
and to monitor passengers’ sentiments, attitudes, and concerns
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closely. Iranian airlines, given market developments and increasing
competition, require modern tools to analyze customer data in order
to optimize their services and communication strategies. Sentiment
analysis of users on social media, particularly on platforms like
Twitter, is both a major challenge and a valuable opportunity due to
the large volume of data, diversity of opinions, and extensive use of
nonverbal cues such as emojis. This study aims to analyze sentiment
and identify prominent user topics about Iranian airlines on Twitter,
providing valuable insights to improve service quality and support
managerial decision-making.

Methodology

For data collection, 2,876 English tweets published between April
2008 and March 2024 were extracted using the Playwright tool. The
dataset included short texts, hashtags, mentions, and emojis. Data
preprocessing involved noise removal, elimination of irrelevant
characters, emoji standardization, and text labeling. In the emoji
analysis stage, 230 emojis were interpreted using artificial intelligence
to identify their meanings and emotional connotations. This stage was
especially important given the significant role of nonverbal cues in
expressing user sentiments. Sentiment labeling of the data was
performed using two main approaches: a lexicon-based method and a
machine-learning approach based on the RoBERTa model. In this
process, five machine learning algorithms, being logistic regression,
decision trees, SVMs, artificial neural networks, and transformer-
based models, were evaluated. Model performance was assessed using
standard scientific metrics, including accuracy, recall, and F1 score.

Results and Findings

The results demonstrated that the lexicon-based logistic regression
model, achieving an F1 score of 0.81, outperformed all other models.
Additionally, incorporating emoji data into the dataset significantly
improved model accuracy, highlighting the importance of interpreting
nonverbal signals and user interactions in sentiment analysis. Beyond
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sentiment analysis, this study also conducted topic modeling to
identify users’ main concerns and topics. The Latent Dirichlet
Allocation (LDA) algorithm was employed for this purpose. Topic
modeling results revealed that flight safety was the primary concern
of users and accounted for the largest share of discussions related to
Iranian airlines. Other significant topics included service quality,
flight health, passenger experience, and staff behavior. A more
detailed analysis indicated that users’ concerns regarding flight safety
primarily encompassed technical issues, adherence to safety
protocols, and emergency management. Service quality concerns
included satisfaction with in-flight services, flight punctuality, and
staff responsiveness, while flight health concerns focused on
compliance with hygiene protocols and cabin cleanliness.

Conclusion

These findings suggest that Iranian airlines should prioritize
improving flight safety, enhancing service quality, and implementing
hygiene protocols to increase passenger satisfaction and strengthen
their market position. Moreover, analyzing social data and user
behavior enables companies to provide managers with rapid, accurate
feedback, enabling strategic decisions to be made based on real user
concerns. This approach can support marketing planning, service
development, and crisis management within the aviation industry.
Another innovative aspect of this study is the combination of
sentiment analysis with topic modeling and the use of emoji data. This
approach enables for a more precise identification of users’ attitudes
and sentiments toward airlines, underscoring the crucial role of
nonverbal cues in understanding social data accurately. Furthermore,
the utilization of machine learning algorithms, specifically advanced
models like RoBERTa, proved effective in addressing the
complexities of natural language and delivering reliable results.

This study has some limitations. The data used consists only of
English tweets about Iranian airlines, which may not reflect the
opinions of Persian-speaking users or those on other social media
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platforms. Furthermore, the analysis was limited to textual data and
emojis, excluding multimedia content such as images or videos.
Nonetheless, these limitations also highlight opportunities for future
research. For future studies, it is recommended to employ more
advanced natural language processing models, such as BERT and
other transformer-based models, to improve sentiment analysis
accuracy. The application of data augmentation techniques and
multimodal analysis could provide a more comprehensive
understanding of user behavior. Additionally, examining data from
other social media platforms and related domains, such as health,
transportation, and public services, could help generalize the findings.
In conclusion, this study demonstrates that analyzing user sentiments
and topics on social media, particularly Twitter, can help Iranian
airlines improve service quality and communication strategies by
better understanding their customers’ concerns. The findings also
emphasize the importance of incorporating emoji and nonverbal data
into sentiment analysis, showing that combining lexicon-based and
machine-learning approaches can yield optimal results. The practical
applications of this study include designing service strategies,
managing passenger experiences, and enhancing flight safety and
quality. This approach can help managers make precise, data-driven
decisions and improve passenger satisfaction.

Keywords: Sentiment analysis, topic modeling, Twitter, deep
learning, lexicon-based approach
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