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Abstract

This study analyzes customer reviews by applying Sentiment Analysis to test the similarity of expectations in airport
experiences shared by domestic and international travelers in the 3 top busiest airports in Saudi Arabia and measure
the correlation extent of their expectations in each airport. The study's methodology was by first collecting customers'
verbatim comments in English and Arabic on the three major airports in Saudi Arabia, which are King Khalid Int. The
airport in Riyadh, King Abdulaziz Int Airport in Jeddah, and King Fahad Int Airport in Dammam. The existing data
is extracted from Skytrax, a prominent airline and airport reviewing website, and Twitter, the #1 social media platform
used in Saudi Arabia. Second, preprocess the data through data cleaning for analysis preparation. Third, run the
customers' verbatim comments database through Sentiment Analysis to identify the favorable and unfavorable services
provided by the airports. Finally, stratify the data into clusters based on the outputs of the analysis. The expected
outcome of applying SA is to essentially rank the customer's favorable and unfavorable services based on their
verbatim feedback on the website domestic and international travelers.
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1. Introduction

Customers today use a wide range of communication channels to provide feedback on services and products offered
by companies. These include social media pages, customer satisfaction surveys, customer emails, telephone calls, text
messages, product reviews, and CRM (Customer Relationship Management) platforms. Due to the sheer magnitude
of the data collected from these platforms, it has become necessary for experts to develop new efficient ways of
analyzing the data (Fontanella, C., 2020).

In Saudi Arabia, Twitter is the most used social media data source, followed by Facebook and Instagram. Recent
researchers that have also used Twitter as a source of data include (Yuliyanti & Sukoco, 2017), (Martin-Domingo et
al., 2019), (Mansour, 2018), (Mahtab et al. 2018), and (Vishal & Uma, 2018). These studies mainly used machine
learning tools and applications in English, such as RapidMiner, SVM, Python, and R. In general, the studies report a
high success rate in classifying user sentiments.

Most of the research on Opinion Mining is tailored for the English language, and research on Arabic mining reviews
is growing at a prolonged rate. When applying Sentiment Analysis on customer feedback on airport reviews in Saudi
Arabia, there is no doubt that providing services to customers requires distinguished levels of service quality in order
to achieve high satisfaction rates, encourage airlines and airports to optimize their operations, and enhance the
reputation of Saudi Arabian airlines and airports thus supporting the development of the Tourism and National
Heritage Sectors which is the 8th theme of the Kingdom's 2030 vision (Vision 2030 | The Embassy of The Kingdom of
Saudi Arabia, 2016).
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Over the past two years, Saudi Arabia opened its gateways to tourists from all around the world for the first time in its
history as part of the Vision 2030 plan. Therefore, a necessity arises to examine the customer expectations in airport
experiences and determine if Saudi airports may need to optimize the current services provided or introduce new
dimensions of services to better fit both national and international customers' needs. Hence, the problem statement is
to determine if Saudi airports may need to adjust the current services provided or introduce new dimensions of services
to fit customers' needs.

1.1 Objectives
In this study, the research objectives can be regarded as follows:
1. Shed light on customers' unmonitored opinions on services provided.
2. Reduce the gap between customer expectations and the organization's recognition of the level of service
quality.
3. By investigating the reviews from Voice of Customer, the study will recommend new dimensions (if
any) of services to accommodate its travelers better.

2. Literature Review

One of the earliest implementations of Natural Language Processing (NLP) techniques in the analysis of text data was
performed in a study by (Turney, 2001) and (Pang et al., 2002). They were among the first researchers to objectively
classify user-generated opinions into two primary forms: positive and negative. In the study by (Turney, 2001), a
simple unsupervised learning algorithm to analyze reviews was used. The algorithm gave a thumbs up for
recommended reviews and a thumbs down for negative reviews. Both researchers use a PMI-IR (Pointwise Mutual
Information (PMI) and Information Retrieval (IR)) algorithm that estimates the similarity of words and phrases used.
The algorithm's accuracy was reported to be around 84% and 64% for two different types of reviews.

2.1 Sentiment Analysis Application Areas

Today, Sentiment analysis is applied in many industries, especially those driven by customer feedback. Sentiment
analysis in the industry is primarily applied in customer feedback analysis. For instance, Tiwari et al. (2019) research
implemented sentiment analysis for services offered by airlines. The analysis was based on a Twitter dataset.
Association rule mining and BIRCH clustering were used. BIRCH clustering identified a positive and negative
correlation between certain words and provided positive or negative customer feedback. Khan and Urolagin (2018)
also implemented a similar dataset and research methodology, who reported a classification accuracy of 99.05%.
Numerous researchers have used data generated from internal airline departments to assess customers' underlying
sentiments and opinions. In a study by Mohan and Venu (2015), the researchers apply sentiment analysis techniques
to data obtained from an airline's online forum. The researchers used Linear Support Vector and Naive Bayes
algorithms. A total of 2,172 reviews were analyzed. The analysis result was visualized, and a high level of accuracy
(86%) was reported.

2.2 Arabic Sentiment Analysis and its challenges

Most researchers that have performed sentiment analysis for Arabic texts report several challenges. According to
(Alahmary et al., 2019), sentiment analysis of Arabic texts has difficulties compared to other languages like English.
Most of these difficulties are due to the complex rules surrounding Arabic texts and the Arabic language. For instance,
apart from the widely used and standard Modern Standard Arabic (MSA), several other Arabic dialects vary from one
community to another, such as Egyptian, Jordanian, Iraqi, etc., and the local dialects in each country. Local Saudi
Arabian dialects include but are not limited to Najdi, Hijazi, Beduin Hijazi, Qasimi, Janobi, Haili, and Hadrami
(Wikipedia, 2021). An example of word meaning variations based on dialects is illustrated in Table 1. Because of
these differences, words may have different meanings in different native tongues. As well as the challenge of

typological errors or slang Arabic: "Ca « lida ¢ g9 gla etc.
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Table 1. English words translated to Saudi dialects

English word MSA Hijazi dialect Najdi dialect
What 13k matha J4) aish Jis wish
Window 22U nafitha 4l taqa i shobak
Leave it LSl otrukha g2 sebha ¢la khalaha

2.3 Clustering Analysis

Clustering techniques allow companies to determine the opinion of customers from social media data accurately. As
mentioned above, such clustering can be implemented by using both supervised and unsupervised clustering
techniques. A wide range of studies has used clustering techniques to extract Voice of Customer using data obtained
from Facebook, Twitter, TripAdvisor, and other social media websites. These include Munoz et al. (2019), Sezgen
(2019), Aguwa et al. (2017), Pudaruth et al. (2018), and Bai (2011). These studies successfully develop models that
analyze unstructured customer data to extract inherent opinions. Agglomerative clustering is the most common
hierarchical clustering used to group objects in clusters based on their similarity. The ultimate result is a dendrogram,
which is a tree-based representation of the items. (Datanovia,2018). Because of its advantages, hierarchical clustering
is also applied in sentiment analysis. These include studies by Suresh and Raj (2017) and Kumar and Kumar (2019).
In both studies, the researchers use the algorithm to analyze Twitter data. Both studies find the algorithm effective and
efficient. Notably, Kumar and Kumar (2019) report an accuracy level of 79.8%.

while some research was done on Sentiment Analysis of Arabic Dialects, to the best of the author's knowledge, the
only studies that could be identified were on the Egyptian dialect like (Shoukry and Rafea 2012); (El-Beltagy 2013),
the Jordanian dialect like (Abdulla et al. 2013), or on the Emirati dialect (H. AlSuwaidi, 2016). Although some work
was done on the general Saudi dialect (Al-Thubaity et al., 2018), the research has not covered a vast majority of Saudi
dialects, which has not received adequate attention when it comes to Sentiment and Clustering Analysis. Second, to
the best of the author's knowledge, there are no research publications that tackle bilingual sentiment and clustering
analysis on bilingual text corpus in English and Arabic. The closest research to contextually analyze bilingual texts
was done by (Alqgaryouti et al., 2019). They collected data in English and Arabic but only focused on the data written
in English during the sentiment analysis.

3. Research Methodology

The proposed methodology was systematically constructed based on the nature of the data and the aim of the research,
as shown in figure 1. The total data for Saudi and non-Saudi customers was 351 collectively from Skytrax and Twitter
post-cleaning. The reason for choosing these data sources is that non-Saudi customers are more prone to leave reviews
on an airport reviewing website. In contrast, Saudi customers are usually vocal on Twitter regarding reviews for
practically everything (Stats, 2021). Web-scrapping the data required two software, Octoparse, and Python. The data
extracted from Skytrax followed Octoparse as it supported English, Whereas the data extracted from Twitter used the
Selenium library in Python, which supported Arabic. Data cleaning and filtering were used programmatically to
remove duplicates, empty values, and unwanted tags and then saved the data to an excel file. After that, each tweet
was carefully filtered by reading and matching the search topic and deleting the tweets unrelated to the research
objectives. After the dataset became ready, a trial run was implemented using a training data set, and performance was
evaluated based on expert judgment. Once sentiment and clustering analyses were performed, the resulting service
categories were ranked from most favorable to least favorable services provided.
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Figure 1: Methodology framework

4. Data Collection

The study was conducted by first collecting raw verbatim data from customers in Arabic and English of the three
busiest international airports in Saudi Arabia (KKIA in Riyadh, KAIA in Jeddah, and KFIA in Dammam). The
customer reviews were extracted from the organization complaint database, the travel review platform Skytrax, and
the social media platform Twitter using web-scrapper tools Octoparse and Python. Octoparse was used to extract the
customer reviews written in English, whereas Python was used to extract the customer reviews written in Arabic. Both
workflows and code are illustrated in the below Figures 2 and 3.
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Figure 2. Octoparse software web Figure 3. Sample of Python code using Selenium for web
scrapping workflow. scrapping

© IEOM Society International 1950



Proceedings of the International Conference on Industrial Engineering and Operations Management
Monterrey, Mexico, November 3-5, 2021

5.  Sentiment and Clustering Analysis and Results
5.1 Sentiment Analysis

A sample of the customer reviews database in English and Arabic after implementing Sentiment Analysis, with a
sample size of 351 reviews in total, randomly selected from 2017-2021, is shown in Table 2 and Table 3.

Table 2. Sentiment Analysis on English reviews Table 3. Sentiment Analysis on Arabic reviews

DISAGREEMENT SUBJECTIVE 6 NONIRONIC
DISAGREEMENT SUBJECTIVE 92 NONIRONIC
AGREEMENT  SUBJECTIVE 92 NaNRONIC
DISAGREEMENT SUBJECTIVE 24 NONIRONIC
AGREEMENT  SUBJECTIVE 8 HONIRONIC
DISAGREEMENT SUBJECTIVE 85 NONIRONIC
DISAGREEMENT SUBJECTIVE 86 NONIRONIC
DISAGREEMENT SUBJECTIVE 24 NONIRONIC
DISAGREEMENT SUBIECTIVE 94 HONIRONIC

DISAGREEMENT SUBJECTIVE 52 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NONIRONIC
DISAGREEMENT SUBJECTIVE B NONIRONIC
OFSAGREEMENT SURJECTIVE 82 NONIRONIC
AGREEMENT  SUBJECTIVE 8 NONIRONIC
DISAGREEMENT SUBJECTIVE 92 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NOMIRONIC
OISAGREEMENT SUBJECTIVE 94 MONIRONIC
DISAGREEMENT SUBJECTIVE 54 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NONIRONIC
DRSAGREEMENT SUBJECTIVE 22 MONIRONIC
DISAGREEMENT SUBJECTIVE 92 NONIRONIC
DHSAGREEMENT SUBJECTIVE 94 NONIRONIC
DISAGREEMENT SURJECTIVE B3 NONIRONIC
DISAGREEMENT SUBJECTIVE 86 NONIRONIC
DISAGREEMENT SUBJECTIVE B NONIRONIC
AGREEMENT  SUBJECTIVE 28 HONIRONIC
AGREEMENT  SUBJECTIVE 100 NONIRONIC
OISAGREEMENT SUBJECTIVE 94 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NONIRONIC
AGREEMENT  SUBJECTIVE 92 NONIRONIC
OISAGREEMENT SUBJECTIVE 92 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NONIROWIC
DISAGREEMENT SUBJECTIVE 86 NONIRONIC
AGREEMENT  OBJIECTIVE 100 NONIRONIC
DISAGREEMENT SUBJECTIVE B6 NONIRONIC

A total of three expert judges were assigned to each airport to annotate the reviews manually, and the average among
the three was considered. The reasoning behind taking the average is due to the notion that the review interpretation
may vary from one individual to another. For example, if a singular review scored two negatives and one neutral, it
will be considered as negative, and so on. This is true for both English and Arabic databases.

5.2 Clustering Analysis

The expert judges were also asked to cluster the categories based on a drop-down list of the airport's essential services
and a vacant slot labeled as "other" to propose new dimensions of services if necessary. Applying clustering analysis
on the bilingual database resulted in promising statistics. Figure 4, Figure 5, and Figure 6 show a graphical
representation of the number of customers' sentiments based on clusters:

RUH AIRPORT DMM AIRPORT
Other N Other NN
Airport Utilities I S Airport Utilities | S —
Airport Staff e EEEEEEEEE—— Airport Staff I
Airport Shopping — Airport Shopping ]
Foodand Beverages I Foodand Beverages [
Terminal Signs L Terminal Signs (M
Seating L seating [
Cleanliness N Cleanliness NN
0 5 10 15 20 25 30 35 0 10 20 30 40 50
B NEGATIVE ™ POSITIVE ™ NEUTRAL B NEGATIVE MpOSITIVE NEUTRAL
Figure 4. Riyadh airport Clustering Analysis results Figure 5. Dammam’s airport Clustering Analysis results
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Figure 6. Jeddah’s airport Clustering Analysis results

5.3 Sentiment and Clustering Analysis correlation results and discussions

Figure 7 displays the comparison of the number of sentiment and cluster analysis results in each airport per customer
review. The graph shows that in DMM airport, most reviews are about the airport utilities, expressing more negative
than positive reviews. In JED airport, customers express their concerns most with airport staff and an appreciation of
airport utilities. Furthermore, in RUH airport, customers seem to favor the airport's cleanliness and utilities and the
slightest concern with the staff.

Sentiment analysis per airport
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Figure 7. A comparison of the overall sentiments of customers between DMM, JED, & RUH airports.

6. Conclusion

This research provided a method for assessing conversational Arabic and English from social media customer reviews
on selected international airports by enhancing and evaluating the sentiments behind reviews left on social media
platforms such as Skytrax and Twitter. Experiment results in our approach, which worked and were tested on Modern
Arabic language as well as English, show that the approach can detect subjective internet slang in social media, that
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is represented by only one word or by several words as a whole sentence, as well as classifying the polarity of these
subjective terms with a high degree of accuracy. Synthesizing with past research done on Arabic textual analysis, the
challenge of analyzing informal Arabic used in everyday language was remedied by assigning expert judgers to
thoroughly analyze the reviews and annotate each review with its sentiment and classify it based on the airports'
services.

For further research, an algorithm model that can be developed into software could potentially fasten up the bilingual
sentiment and clustering analysis by introducing a bag of words and machine learning. The software could be
developed to also listen to the customer's voice in real-time, prioritize unfavorable remarks, and enhance brand
reputation while preventing customer churn.
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