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Abstract 

Recommendation compels in many fields and has become a great immersion in the 

zone of research. Important factor for recommendation system is to recognize user’s 

personalized historic behaviors through analyzing different tweets made by them. 

Recommender systems have become common in the research, where many opinions are 

replenished on the grounds of algorithms. The paper is on comparative study of the 

techniques used for airlines recommendation systems. The basic motives behind this 

paper are 1)To build a model for airlines this performs sentiment analysis on customer 

reviews in order to have an attend concise feedback about the airlines. 2)Encouraging for 

the most important facet of advancement so they can improve the given customers’ 

complaints. Here, we perform Sentimental Analysis on the Twitter Airlines dataset from 

Kaggle. Vital accuracy is achieved, which shows the reliability of the project for future 

prediction. 
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1. Introduction 

Information over loaded on the searching and recommender systems has led to 

increase in challenges for users to obtain a more appropriate searched and 

recommended outcomes, all at a time and under one system. Various recommender 

systems enlisting dissimilar algorithms and methodologies are used to depict some 

challenges. This research paper highlights on graphical model that offers a standard 

data validations and support varied recommendation algorithms. More algorithms 

and models required for Flight Recommender Systems are explored that depicts how 

sentimental analysis can be appealed to airlines recommendation systems to make 

ideal suggestions. A summoning task for recommendation is to enhance the 

efficiency of the recommender system for new users, where usually tweet is 

scrutinized about particular flight and interactions between users are found as an 

outcome. This paper centers on algorithms used by researchers to detect the 

definitiveness of  recommender systems. However, due to the nature of the problem, 

the accuracy of sentiment analysis on single sentence like movie reviews never 

reaches above 80% for the past 7 years [1]. Looking at last year’s project on twitter 

[2],their accuracy was 59.32% to 63.71%, depending on different models. We 

achieved near 20% more than their result, which is a significant improvement. Since 

tweets texts are usually short and verbal, the same problem presents in our dataset as 

well. However, even though the tweets are short, there are strong indicative words. 

Specific words can be used as indicators for spam and achieve good test accuracy. 
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2. Literature Survey  

A large amount of work is done in sentiment analysis, mainly in the areas of product 

reviews, movie reviews, and blogs. [1]Pang and Lee researched the performance of 

various machine learning techniques in the specific domain of movie reviews but these 

approaches were not able to perform as well as traditional sentiment analysis methods. [6] 

AlecGo, Richa Bhayani and Lei Huang used a approach for automatically classifying the 

sentiment of Twitter messages by using NaiveBayes, maximum entropy classification, 

and support vector machines where they were getting the almost same result for all the 

methods. [12] Andrew McCallum, Kamal Nigamdida comparison between two different 

first-order probabilistic classifiers and it was found out that both the methods reduce the 

error by an average of 27% and 50% respectively . [7] Alexander Pak, Patrick Parou used 

twitter data to perform a opinion mining where they used Tree Tagger for POS-tagging 

and observed the difference in distributions among positive, negative and neutral sets. 

[10] Albert Bifet and Eibe Frank used the twitter data for knowledge discovery for this 

they used Kappa statistic for evaluation in time-changing data streams. [2] Mohit Tuteja 

used Flight Recommendation client (FRC) to recommend flights to customers on the basis 

of the feedback provided by the customers. The data is used from each user to provide 

more personalized recommendation. In [16] the author, graphical model based, 

supervised, semi-supervised and unsupervised algorithms was used and a comparison 

between these methods is done, in order to provide efficient flight recommendation for 

the users. In [18] the author, suggested methodology isused on a variety of data mining 

techniques such as web usage mining, decision tree induction, association rule mining and 

the product taxonomy in order to recommend user products based on their past 

shopping pattern. In [4] the author, Association Rule in order to find the patterns 

between various products purchased by the customer and based upon that are 

commendations are generated for each and every customer. Sentimental Analysis has 

been a widely used area over the years and still it leaves a lot to be researched. [Fried, 

Surdeanu, Kobourov, Hingle, Bell] investigated the predictive power behind the language 

of food on social media [14]. They collected a corpus of over three million food-related 

posts from Twitter and demonstrate that many latent population characteristics can be 

directly predicted from this data: overweight rate, diabetes rate, political leaning, and 

homegeographical location of authors. For all tasks, their language-based models 

significantly outperform the majority class baselines [17]. [Logunov, Panchenko] 

generated Twitter sentiment indices by analyzing a stream of Twitter messages and 

categorizing messages in terms of emoticons, pictorial representations of facial 

expressions in messages. Based on emoticons they generated daily indices. Then they 

explored the time-series properties of these indices by focusing on seasonal and cyclical 

patterns, persistence and conditional. They developed a new method that combines existing 

approaches, providing the best coverage results and competitive agreement. [Gomide,Veloso, 

MeiraJ r] analysed how Dengue epidemic is reflected on Twitter and to what extent that 

information can be used for the sake of surveillance. Dengue is a mosquito-borne 

infectious disease that is a leading cause of illness and death in tropical and subtropical 

regions, including Brazil. They proposed an active surveillance methodology that is based 

on four dimensions: volume, location, time and public perception. First they explored the 

public perception dimension by performing sentiment analysis. This analysis enables their 

to filter out content that is not relevant for the sake of Dengue surveillance. [Hong and 

Davison] proposed several schemes to train a standard topic model and compare their 

quality and effectiveness through a set of carefully designed experiments from both 

qualitative and quantitative perspectives. They showed that by training a topic model on 

aggregated messages they could obtain a higher quality of learned model which results in 

significantly better performance in two real world classification  
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3. Motivation 

This field of research has made a wide progress in technology and around. Applying 

data mining algorithms on textual data is yet another concern as there is plenty of 

information which is not stored in facts and figures, rather is not statistical. [11] Whether 

it comes to recommending a particular airline system to the customers based on tweets or 

any other fact that is related to textual data, converting it to facts or a language that the 

machine understands is no less than a hectic task to do. [12] There are many 

recommendations or decisions that are dependent on the responses one gets from the 

individuals using that one particular application. Thus in order to carry on a further study 

and provide a conclusion that is more relatable and easy to understand, a comparative 

study is made on the most commonly used methods and evaluating the score as outcomes 

of the comparisons is presented the paper. 

 

4. Problem Statement 

Airlines are vast industries spreading across large number of continents, countries 

and city. Daily a large number of flights operates between various locations 

covering a large amount of distance and provide services to many people. [9] The 

major problem in the airline industry is the lack of proper recommendation system 

for the user based on the past experience of the customers. We aim to provide a 

proper mechanism which helps the customers to opt for an airline in accordance to 

their comfortable experience. When it comes to evaluating data given in textual 

format, sentimental analysis is serves the best to its purpose. Collecting tweets on a 

large scale analyzing them and categorizing them as positive, negative and neutral 

helps to provide a better rating and reviews which then helps the customers to opt 

for an option as per their convenience. [8] Naïve Bayes here provides a comparative 

platform to the research done through sentimental analysis is so as to recognize how 

accurate there commendations done on airlines using sentimental analysis is are. 

Here, we use the tweets made on six major U.S. Airlines and splitting them as 

positive, negative and neutral, we calculate the score for each airline in order to 

rank each with respect to one another [15]. A comparative study is made with 

another aspect of this field of opinion mining known as Naïve Bayes using which 

there commendations are made to the customer, both statistically as well as 

graphically. 

 

5. Workflow 

Internet plays a vital role in this work as the dataset is collected from 

www.Kaggle.com which contains the tweets for the above mentioned six airlines 

popularly used in the United States. Customer Tweets, refers to the statements given by 

various customers who have travelled through these airlines so far. Referring to the words 

used by them, the tweets are classified as positive, negative and neutral and then in carried 

towards the next step. Applying NaiveBayes and sentimental analysis, After the 

categorization of the tweets in to positive, negative and neutral the two algorithms, i.e. 

NaiveBayes and sentimental analysis is applied in to which the total number of positive, 

negative and neutral tweets are counted. Calculation of Scores and comparisons between 

the methods. 

The individual score for each airline is calculated using both naivebayes and 

sentimental analysis, based on which a comparative study is made leading to chose a 

better algorithm out of the two. The steps are as follows: The tweets recorded are 

imported from the dataset and separated for every in particular airline, Sentimental 

analysis and NaiveBayes algorithm are applied, the positive negative and neutral tweets 
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are calculated and scores are calculated using both methods. Comparisons are performed 

and accuracy is judged accordingly. 

 

 

Figure 1. Series of Activities Undergone 

The second and following pages should begin 1.0 inch (2.54 cm) from the top 

edge. On all pages, the bottom margin should be 1-3/16 inches (2.86 cm) from the 

bottom edge of the page for 8.5 x 11-inch paper; for A4 paper, approximately 1-5/8 

inches (4.13 cm) from the bottom edge of the page. 

 

6. Methodology 

The sentiment analysis tweets are positive, negative, and neutral and are collected 

from kaggle. The negative reason tweets are bad flights and cancelled flights, 

customer services issues, damaged luggage, flight attendant complaints, flight 

booking problems, late flights, long lines, and lost luggage. 

 

 

Figure. 2 Dataset for Analysis 

In the preprocessing step, non-English word, symbols and website links are 

eliminated. Then the whole data set is randomly separated into training set and test 

set. The dictionary is made based on the training data and all sentences are broken 

down in to list of words: Delete common words such as a, an, to, of, on etc. With 
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high frequency but little semantic usage. Stem words, such as “thanks” and “thank” 

as one word. Delete low frequency words that appear once to reduce the size of 

dictionary for calculation efficiency. A feature matrix is built to convert the textual 

information in to numerical information. In the feature matrix, the number of rows 

indicates the number of samples, the number of columns the length of the 

dictionary, and each element indicates whether  the specific word has appeared in 

the current review, 1 for existence and0 for absence. The methodology used is 

sentimental analysis and with the help of Rtool the outcomes are evaluated. 

Recommendations will be made on the basis of the comparisons between various 

airlines in order to help the customers chose best to their concern. 

 

 

Figure. 3 Frequency Matrix of the Tweets Collected  

Sentiment analysis also known as opinion mining or emotion AI concerns to the 

use of natural language processing, text analysis, computational linguistics, and 

biometrics to systematically identify, extract, quantify, and study affective states 

and subjective information. Sentiment analysis is widely put to raise the customer 

materials like reviews and survey responses, online and social media, and health 

care materials for applications ranging from marketing to customer service to 

clinical medicine and so on. Sentiment analysis aims to depict the view point of a 

speaker, writer, or anyone else with respect to some topic or the overall context to a 

document, interaction, or event. The attitude may be a judgment or evaluation, 

affective state, or the intended emotional communication. 

 

Algorithm 
Sentiment Analysis is implemented to analyze the sentiment of social media 

content, like tweets and status updates. Sentimental analys is follows up the 

procedure as follows: Select a string of characters and rate the as positive, negative 

and neutral respectively. NaïveBayes classifiers are referred to as the simple 

probabilistic which works when applied Bayes' theorem with an effective 

independence assumptions between its features (called naive). NaiveBayes 

throughout has been an extensive study since the early 20th century. When made an 

apt pre-processing, it became competitive in this domain with advanced methods 

that included support vector machines. NaiveBayes classifiers are highly scalable as 

they require a number of parameters linear in the number of variables 

(features/predictors) in a learning problem. In the statistics and computer science 

literature, NaiveBayes models are known under a variety of names, including simple 

Bayes and independence Bayes.[4] All these names reference the use of Bayes' 

theorem in the classifier's decision rule, but naiveBayes is not (necessarily) a 

Bayesian method. Score calculation helps in identifying which airlines to chose for 

any customers and  is calculated using the Equation 1 & 2. 

 

100



TweetsofnumberTotal

neutralnegativepositive
Score           (1) 



International Journal of Advanced Science and Technology 

Vol.111 (2018) 

 

 

112  Copyright ⓒ 2018 SERSC Australia 

Sc
o
re
s  

)(

)()|(
)|(

xp

cpcxp
xcp       (2) 

p(c|x) is posterior probability, p(x) is predictor prior probability, p(c) is class 

Prior probability and p(x|c) is Likelihood.  

 

7. Results and Discussions 

The algorithms are applied to each airline individually and the then predicted 

scores are compared as in Figure 4, 5 &6. 
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Figure 4. Plot of Positive Scores 
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Figure 5. Plot of Neutral Scores 
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Figure. 6 Plot of Negative Scores 

Here, x-axis represents the name of each airline and they-axis represents the scores 

calculated using sentiment analysis and Naïvebayes. Sentiment analysis is represented 

using diamonds while Naïvebayes is represented using squares. 

 

8. Conclusion 

The study illustrates how the recommendation systems work based on the customer 

tweets. Textual data collected from Kaggle is streamed and opinion mining techniques are 

carried out which then helps one to choose an option in accordance with their 

convenience. The comparisons made between the two methods are presented in the results 

graphically are generated. Calculating the scores separately relates to the way one can 

predict the efficiency of the airlines based on which one can take the decision that which 

air line should be chosen as per the preferences of each passenger individually. A large 

amount of work is done in sentiment analysis, mainly in the areas of product reviews, 

movie reviews, and blogs etc. In near future, the demand for such techniques are expected 

to only increase with advances in techniques for applying data mining and also in the 

research areas. 
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