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ABSTRACT 

With the increasing Social Media presence, people share thoughts and reviews on the Internet of 

their experiences with food, places, brands, travel, or any services, which has made the Internet a 

place full of relevant and irrelevant information. Therefore, it is impossible for businesses to 

manually keep track of every customer feedback present on the Internet. Sentiment Analysis is one 

such panacea to this problem. When it comes to sentiment analysis, the preferable platform is 

Twitter, allowing the extraction of public opinions and performing any possible analysis. My 

research is about understanding the people’s sentiments for popular airlines Delta, American, 

Southwest, and United Airlines with similar intentions. The study aims to provide decision support 

for the customer to select the best fit Airlines and for the business to understand the customer 

feelings, analyzing their feedback, and maneuver to improve customer experience. The 

comprehensive study of Airline reviews with Aspect based sentiment analysis techniques extracts 

the top five aspects and classifies the views positive or negative for each Aspect. The relative 

evaluation of the four Airlines gives an overall perspective about each of them strengths and 

weaknesses and the unexpected discovery of business improvement opinions.  
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INTRODUCTION 

Traditionally, customer feedback or reviews were fetched by asking customers to fill the survey 

and questionnaires to get the perceptions about products or services. The process was not an 

accurate and efficient way to gather insights as customers were not always comfortable or serious 

about their reviews. In today’s world, with the massive social media presence and awareness, 

customers do not hesitate to express their frustrations or honest opinions about the services or 

products they experience. 

In a study by Li and Liu (2014), 81% of Internet users have searched related comments before 

buying a commodity at least once. The search rates for related words before using restaurants, 

hotels, and different services reports from 73% to 87%. Hence, the conclusion is that there is a 

significant impact on the customer’s decisions of the online inspections. The social media platform 

demonstrates a place where people express their thoughts freely. The online platform wields an 

enormous influence in determining the opinion of other consumers. Consumer voices can influence 

brand awareness, brand loyalty, and brand encouragement. So, mining user opinions can help large 

brands and industries to strategize their next moves. The exponential and progressive increase of 

internet usage and public opinion exchange has given rise to the need for research in Sentiment 

Analysis.  

This paper aims to unveil the following questions by performing research on Aspect-based 

Sentiment Analysis techniques. 

1. What are the positive and negative sentiments for each Airline? 

2. What are the frequent topics mentioned by consumers while talking about these Airlines? 

3. What are their sentiments towards those topics? 
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SENTIMENT ANALYSIS  

There are several definitions for Sentiment Analysis, also known as opinion mining, across the 

Web world. One of them is mentioned by Liu in his book as “Sentiment analysis is the field of 

study that analyzes people’s opinions, sentiments, evaluations, appraisals, attitudes, and emotions 

towards entities such as products, services, organizations, individuals, issues, events, topics, and 

their attributes.” (Liu 2012).  

Another significant definition proposed by Saleh et al. (2011) is “The automatic processing of 

documents to detect opinion expressed therein, as a unitary body of research.” 

As shown in the below figure, there are four sentiment analysis levels, i.e., document level, 

sentence level, aspect level, and concept level. The usual sentiment analysis works on the 

document level, where the sentiment summarizes as positive or negative for the whole document. 

The results of document-level sentiment analysis are inaccurate as it the most abstract level of 

study. The sentence-level of opinion mining aims to classify sentiments for each sentence. 

Although the polarity of views for sentence-level is more accurate than document-level sentiment 

analysis, it might not be efficient when there is more than one Aspect in a sentence. And both the 

aspects don't need to have the same polarity. For example, in the sentence “I love the food of this 

restaurant, but I wish they had good staff to serve,” there are two aspects discussed and have two 

different views for each of the Aspect. The aspect level sentiment analysis aims to identify and 

extract the elements irrespective of the levels and then specify the sentiments. Therefore, this level 

provides more accurate results. The concept-level sentiment analysis requires a deep 

understanding and focuses on semantic analysis of text and analyzes the concepts which do not 

explicitly express any emotion. (Poria et al., 2014). This paper is focusing on the Aspect level of 

Sentiment Analysis for the Twitter data about Airlines.  
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Figure 1. Different levels of Sentiment Analysis 

Since Aspect extraction is one of the critical steps for Aspect based sentiment analysis, there are 

four related techniques discussed in the book (Liu 2012). They are: 

• Extraction based on the frequent noun phrases and nouns (Jeyapriya and Selvi 2015, Hu 

and Liu 2004; Li et al. 2015) 

• Extraction based on exploiting opinion and aspect relations (Qiu et al. 2011; Wu et al. 

2009) 

• Extraction based on supervised learning (Jin et al. 2009; Yu et al. 2011) 

• Extraction based on topic modeling (Vuli’c et al. 2015; Mukherjee and Liu 2012) 

This paper's research for Aspect-based sentiment analysis on Twitter data helps understand the 

Airline industry's customer sentiment. It performs using the Topic modeling technique mentioned 

above for aspect extraction.  

Sentiment Analysis Levels  

Document level Sentence level Aspect level Concept level 
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LITERATURE REVIEW 

With advancements in World Wide Web, an enormous data source is currently available and 

generated every minute. The Internet has given a platform for exchanging ideas, sharing opinions, 

and learning. Popular social networking platforms like Twitter, Facebook, Google+, and similar 

others have given people a place to share their thoughts and freely express their views on different 

brands, industries, or communities.  

A few related works discussed in this paper discuss different industries and techniques for 

sentiment analysis. In the case study on Automotive Industry (Shukri, Yaghi, Aljarah, Alsawalqah 

2015), sentiment analysis models are applied to the top three automotive industry companies – 

Audi, BMW, and Mercedes to understand the emotions of their customers. This information is 

helpful for companies to develop marketing strategies and address their customers’ unseen 

interests. The sentiment analysis algorithm used to classify the polarity and emotions is the Naïve 

Bayes classification. The results of their analysis concluded that Audi’s polarity is higher than 

other companies. This research can help the customers with their buying decisions by learning the 

three leading automotive companies’ comparisons.  

In another related case study for Apparel Brands (Abdur Rasool et al. 2019 J. Phys.: Conf. 

Ser. 1176 022015), sentimental analysis is on the top two international brands – Adidas and Nike. 

The Naïve Bayes algorithm for sentiment classification uses to extract the brands’ polarity, 

customer opinion, and emotions. The results concluded that Adidas’s positive polarity is 2.7% 

higher than Nike’s. 

The authors of the case study (Guoning, Bhargava, Fuhrmann, Ellinger, and Nemanja, 2017) 

performed via sentiment analysis algorithms on Twitter opinions about different industries, 
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consumer brands, and relevant topics. The approaches of Deep learning-based classifies the 

sentiments as positive, negative, and neutral. Supervised learning applied to the text with Long 

Short Term Memory (LSTM). The authors of the paper found some exciting results during the 

analysis of 19M unique users with 62 industries and 12898 consumer brands. Based on the 

research, the industries with the most negative opinions are Airlines, Mail and Shipping, and 

Telecommunications, which tend to provide customer services. The industries with the most 

favorable views are the manufacturers and selling consumer goods like Household appliances. And 

the most expected polarized industries include Politics and Sports.  One reason to choose this 

paper’s research topic is to analyze the Airline Sentiment Analysis based on the article’s statistics 

(Guoning, Bhargava, Fuhrmann, Ellinger and Nemanja, 2017). There is a curiosity to know about 

the Airline service industry’s consumers' topics and polarize the sentiments for different aspects.  

The previous works discussed here have either used Naïve Bayes classifier for sentiment analysis 

or supervised learning algorithms. This paper explores the Twitter comments by customers on the 

famous four Airlines using the unsupervised learning method. The aspect-based sentiment analysis 

will detail aspect categorization and polarizing sentiments as positive and negative for each 

Aspect. The information captured with this process will help the business to understand consumer 

expectations and strategize future goals.  
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METHODOLOGY 

Introduction 

In the Web world, sentiment analysis (also called opinion mining) plays a vital role in discovering 

the knowledge from the electronic media's expressed comments. With the advent of new 

programming technologies, the possibilities of exchanging opinions, sharing thoughts, and 

feedback have become prominent, which has increased the opportunities for techniques like 

sentiment analysis.  

The main objective of opinion mining is to discover all sentiments in the documents (Saleh et al., 

2011); in other words, it also uncovers the writer’s attitude towards different aspects of the 

problem. The following figure depicts the process of Aspect-based sentiment analysis.  

 

 

 

 

 

 

 

In this research, the dataset used is already available with tweets from Twitter for the Airlines. The 

Opinion Identification step identifies the phrases representing individual emotions about the 

Airlines. Then in Aspect extraction, aspects are identified and extracted with the Topic Modelling 

technique. Following aspect extraction, respective positive or negative attitude classifies for each 

Aspect. The final summary can be in any form, either text or charts.  

Dataset 
Opinion 

Identification 

Aspect 

Extraction  

Opinion 

Classification 

Positive 

Negative 

Summary  

Data Collection 
Opinion active 

words or phrases 

Aspects 

Figure 1 - Opinion mining process ref. (Hemmatian, F., Sohrabi, M.K., 2019) 
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Data 

The research is on Twitter tweets talking about the selected four Airlines. One of the ways is by 

extracting tweets with their respective handles, as described below in the Table. The limitation of 

this method is that Twitter has a limit on the tweets per day. Also, it counts retweets as Tweets. It 

was challenging to get enough tweets for each Airline unique and provide helpful information with 

these limitations.  

Popular Airlines Twitter Handles 

American Airlines @AmericanAir 

Delta @Delta 

United @united 

Southwest Airlines @SouthwestAir 

Table 1 – Airlines with Twitter handles 

Another option is to use the dataset available on CrowdFlower named Airline Twitter Sentiment 

(Data. World, 2021, March 26). The dataset provides enough information for each Airline to 

perform Aspect-based sentiment analysis. It contains information about sentiments, but the 

research is more than that. It is about extracting aspect categories and finding out the feelings for 

each of them, respectively.  

There are 20 fields included in the dataset, as shown in the following table. The research will only 

use the “airline” and “text” field columns for sentiment analysis.  

# Data Field Data Type 

1 unit_id Integer 

2 golden Boolean 

3 unit_state String 

4 trusted_judgements  Integer 

5 last_judgment_at Datetime 

6 airline_sentiment String 

7 airline_sentiment_confidence  Decimal 

8 negative reason String 
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9 negativereason_confidence decimal 

10 airline string 

11 airline_sentiment_gold  string 

12 name string 

13 negativereason_gold string 

14 retweet_count integer 

15 text string 

16 tweet_coord string 

17 tweet_created DateTime 

18 tweet_id decimal 

19 tweet_location string 

20 user_timezone string 

Table 2- Crowd flower dataset information 

The dataset provides relevant information for six Airlines, but since my focus is on popular 

Airlines, the research analyzes tweets for Delta, Southwest Airlines, United Airlines, and 

American Airlines. The below visualization is to shows the total records for each Airline.  

 

 
Figure 2 – Airlines vs No. of Tweets 
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Data Preprocessing  

As a standard process for unstructured data, I have followed the traditional pre-processing 

techniques in Natural Language Processing (NLP). The steps are listed below. Apart from the 

ordinary automatic pre-processing done using libraries or functions, I manually changed few texts 

that do not significantly contribute to the tweet's meaning. For example, the tweet text says, 

“@united still no refund or word via DM. Please resolve this issue as your Cancelled Flightled 

flight was useless to my assistant’s trip.” OR “@united Cancelled Flighted our flight, didn’t 

rebook us on an added flight, now have to drive from a Denver to KC....thanks!” The words 

“flighted” or “flightled” is not making sense in the sentence. On inputting this type of text in the 

Topic Modelling Algorithm, it is categorizing as two different Aspect. Hence, eliminating these 

words from the ruling makes it easy for the algorithm to classify the aspects.  

Expanding Contractions  

Contractions are words or combinations of shortened words by dropping letters or replacing them 

with an apostrophe. In social media like Facebook, Twitter, Instagram, people prefer using short 

forms of words, primarily by dropping vowels or using apostrophes. For example, “I'll be there in 

a minute," "I'm not gng out tonight," "I’d like to meet me in the evening.” It is essential to remove 

contractions, especially when performing sentiment analysis on Twitter data. 

Install the Contractions library using pip install (GeeksforGeeks. (2020, October 25)).  

 

 



www.manaraa.com

15 
 

Removing hyperlinks and ‘&amp.’ 

The tweet's text contains hyperlinks and ‘&amp,’ which does not contribute to the sentence's 

meaning. So, it must be removed by the replace function has described in the below screenshots.  

 

Converting the text to lowercase, removing punctuations, underscore, whitespaces 

The replace function removes the extra whitespaces, underscore, and punctuations. The lower() 

process helps to convert to lowercase.  

  

Tokenization 

In this step, the text converts into tokens before transforming into vectors. Here, the text tokenizes 

into words. For example, the text “united thanks” is converted to [united, thanks] on tokenizing. 

 

Stopwords Removal 

Stop words are frequently occurring phrases that contain no sentiment and do not provide any 

deeper meaning to the phrase. 



www.manaraa.com

16 
 

 

Lemmatization 

Lemmatization is the algorithmic process of grouping together the word's different modulated 

forms as a single item. It refers to as morphological analysis of words, which helps return the base 

or dictionary form of a lemma term. (Rungta, K. (2021, March 25)) 

 

Vectorization 

This step uses to convert the data into a numerical form for the model to understand. The bag-of-

words approach is used, which generates the word, frequency counts. The CounterVectorizer 

function from Sklearn converts the collection of text to the matrix of word counts, which will be 

feed into the topic model.  
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Topic Modelling – Latent Dirichlet Allocation Technique 

Topic Modelling is a form of text mining employing an unsupervised machine learning approach 

to identify patterns in a corpus or a large amount of unstructured text. The techniques of topic 

modeling use to extract and categorize aspects from a large corpus of information. It provides 

methods to coordinate, recognize, and summarize extensive collections of textual data. One of the 

most used Topics modeling techniques is Latent Dirichlet Allocation (LDA) which uses to 

discover topics from the Airline reviews on Twitter.  

LDA is an iterative algorithm with two main steps: 

• In the initial stage, each word appoints to an arbitrary topic 

• Iteratively, it goes through each word and relocates the word to a topic taking into 

consideration: 

o The possibility of the word belonging to a topic 

o The likelihood of the document to be generated by a topic 

On applying LDA modeling techniques for each Airline Twitter tweet, the model discovered few 

exciting aspects. The visuals for each analysis illustrate the top five aspects frequently discussed 

in the reviews. The sentiments – positive, negative, and neutral for each topic presents the 

following section.  
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EVALUATION & RESULTS  

The Topic Modelling algorithm is applied to each Airline’s reviews separately. The following 

sections summarize Five Dominant topics with sentiment-wise counts and their visualization as a 

bar chart. The first bar chart in each cell shows the counts for positive, negative, and neutral 

sentiment. In the later section, the word cloud for both Positive and Negative tweets displays the 

most frequent words, which indicates the size of the word.  

Delta Airlines   

The Topic modeling LDA technique applied on the Twitter tweets for Delta results with five 

Dominant aspects. They classify into positive, negative, and neutral sentiments. Based on the 

available information after applying the modeling techniques, people are talking more about the 

booking problems, customer service, Employee, timing of flights, and the flawless Delta fleet. 

Since the bar chart in Fig 4 shows that most of the tweets are positive, it is clear that each Dominant 

topic's results will have more positive reviews than negative. It is because the data for negative 

reviews are less than favorable. From Fig 3, out of the five topics, ‘fleet fleek’ has a most negative 

opinion than the other four topics. However, there is a minor disparity among the topic ‘booking 

problem’ and ‘fleet fleek’ in the negative thoughts.  

 
 

 Figure 3 – Five Dominant Topics 

classified sentiment wise for Delta Airlines 
Figure 4 – Sentiment vs Count for Delta Airlines 
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Word cloud of Positive Tweets Word cloud of Negative Tweets 

  
 

Southwest Airlines 

For Southwest Airlines, the scenario remains the same. There are more positive sentiments 

compared to negative. The dominant topics spoken for Southwest Airlines are ‘canceled flight,’ 

‘companion pas,’ ‘customer service,’ ‘flight canceled,’ and ‘follow dm.’ Out of the five topics, the 

maximum positive and negative sentiment is for ‘canceled flight.’ There is a limitation for the 

algorithm to understand that ‘flight canceled’ and ‘canceled flight’ have the same meaning. It is 

considering as two different aspects.  

Figure 5 – Sentiment for each Dominant Topic 

Figure 6 – Word Cloud for positive Tweets Figure 7 – Word Cloud for negative Tweets 
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Positive Word Cloud Negative Word Cloud 

  

 

Figure 8 – Five Dominant Topics classified 

sentiment wise for Southwest Airlines 
Figure 9 – Sentiment vs Count for Southwest Airlines 

Figure 10 – Sentiment for each Dominant Topic 

Figure 11 Figure 12 
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United Airlines 

Unlike Southwest Airlines' case, there are five unique aspects: ‘wait time,’ ‘customer service,’ 

‘canceled flight,’ ‘booking problem’ and ‘late flight.’ The negative sentiments for all the five 

topics are at marginal difference with ‘canceled flight’ with the highest count. 

 
 

 
 
 

 

 

Figure 13 – Five Dominant Topics classified 

sentiment wise for United Airlines Figure 14 – Sentiment vs Count for United Airlines 

Figure 15 – Sentiment for each Dominant Topic 
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Positive Word Cloud Negative Word Cloud 

  
 

American Airlines  

In American Airlines' case, the data for positive and negative sentiment is enough for a good 

comparison. The five dominant topics discovered are ‘canceled flight,’ ‘customer service,’ ‘flight 

canceled,’ ‘gate agent,’ and ‘hold hour.’ As seen in Southwest Airlines' case, the algorithm again 

considers ‘canceled flight’ and ‘flight canceled’ as two different Aspects when we know they mean 

the same. The highest negative sentiment is for the topic ‘flight canceled’ from Fig 18. 

 
 

 
Figure 18 – Five Dominant Topics classified 

sentiment wise for American Airlines 

Figure 16 Figure 17 

Figure 19 – Sentiment vs Count for American Airlines 
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Positive Word Cloud Negative Word Cloud  

  

 

 

  

Figure 20 – Sentiment for each Dominant Topic 

Figure 21 Figure 22 
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CONCLUSION 

The paper's beginning mentions the research questions that answers after analyzing the Twitter 

tweets for four popular Airlines. Using the VADER sentiment analysis library of NLTK, the 

positive, negative, and neutral opinions automatically fetch for each Airline. The frequent topics 

discovery for each Airline using the LDA Topic Modelling technique and the respective sentiment 

for each topic talks about in the above section. Based on aspect extraction and the sentiment 

analysis of aspects for each Airline, it is clear that customer service is the most discussed topic and 

the highest negative opinion it is for American Airlines. The analysis concludes that people are 

more dissatisfied with American Airlines' customer service compared to others. The second most 

discussed topic is the ‘flight canceled’ or ‘canceled flight,’ and the maximum negative views is for 

American Airlines. 

To conclude, American Airlines is not suitable for customer service and has many issues with 

flight cancellation. Airlines can be an excellent way to understand their services and improvise on 

their strategies to have better customer satisfaction.  

LIMITATIONS  

There were more positive sentiments versus negative for each Airline from the visualizations in 

Fig 4,9,14 and 19. It means for each Aspect, and there is more favorable data. In this case, the 

comparison is among the five aspects, which have the highest negative reviews. The VADER 

(Valence Aware Dictionary for sEntiment Reasoning) method is the most common rule-based 

sentiment analyzer and optimized for social media data. The main downside with the rule-based 

approach is that the method only cares about individual words and completely ignores the context 

in which it uses. It sometimes misinterpreted sarcasm and irony. In case of grammatical mistakes, 

it overlooks essential words. There is a chance of misunderstanding or missing the discriminating 
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jargons, memes, or expressions. From Fig 8 and 18, the LDA Topic Modelling technique cannot 

understand that ‘flight canceled’ and ‘canceled flight’ are synonymous. It considers both the topics 

as two different aspects.   
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