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Abstract
Social media has shown powerful impact on various life choices considering that most people refer to their contacts among
other people on various social media platforms for opinion, advice, or reviews. Air travel is not an exception; therefore, people
expression their opinions using social media applications while we focus on analyzing a dataset of tweets, specifically, for US
airline companies, and then classify these tweets according to their sentiment. We apply SMOTE method to solve the
imbalanced challenge of the datasets. Furthermore, we apply different levels of feature selection to speed the sentiment analysis
process. Finally, our proposed methodology is evaluated against the dataset relevance judgment, yielding promising results on
all utilized evaluation metrics.
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1. INTRODUCTION
In the recent years, online social media websites
have been growing widely, and their users
are increasing rapidly. Noticeably, people have a
heavy reliance on the social media where they can
freely express their feedbacks and reviews. It can
also be noticed, that researchers are showing an
increasing amount of interest in the social media
websites such as Facebook, and Twitter. These
websites have huge number of customer
engagements that considered very important source
of information. The purpose of studying these
websites is to extract these reviews and feedbacks to
determine whether the customers like or dislike a
specific product or service. But due to the strict
privacy policy of Facebook and Instagram, it is
difficult to extract the information needed.
Therefore, researchers turn to Twitter to extract and
analyze the customers’ tweets, hashtags, and
reviews related to their field of study.
Sentiment analysis is one of the popular methods
that is used to automatically extract people’s
reactions, opinions and feedbacks towards a specific
product or service. It is based on analyzing text by
applying several text mining and natural language
processing techniques to classify the sentiment
polarity of the text as Positive, Negative or Neutral.
Sentiment analysis plays an important role in many
applications such as e-commerce, transportation,
automotive industry, cloud platforms, marketing and
promoting sales, and many others [14], [15].
Sentiment analysis can be categorized into two main
classes: lexicon-based sentiment and machine

learning sentiment. In the lexicon-based sentiment,
each sentence is observed independently, split into
tokens (words), and then analyzed using a special
language dictionary called lexicon/dictionary to
determine its polarity. The lexicon contains a huge
set of standard words that categorized based on the
polarity score. However, due to humans’ tendencies
to use abbreviations and slang words when
expressing opinion, and because lexicons do not
contain such words, the researchers have found a
need to apply an alternative technique for detecting
sentiment in text. Therefore, machine learning
techniques were used to aid in solving this problem.
On the other hand, machine learning based
sentiment states the fact that the machine learns
when given enough training instances to finally
predict a certain outcome in the future. When using
machine learning-based methods, the problem is
formulated as a classification problem such as each
document is represented by a set of features. After
that, these documents are labeled based on the
polarity (i.e. Positive, Negative, or Neutral), and
finally converted to a matrix such as the matrix’s
rows represent the documents and the matrix’s
columns represent the features. Machine-learning
based
methods have
showed
significant
improvements in detecting sentiment.
Nowadays, air travel is considered one of the most
used transportation methods. Therefore, airline
companies try to gain competitive advantage by
constantly improving their services. Some of airline
companies focus solely on reducing their prices and
some others company focus on the quality of service
and the user experience of their services. Social
media is an important source for keeping track of the

users’ interactions, receiving their feedbacks, and
analyzing their sentiments. This can be through
analyzing the contents of the social media websites
to understand whether customers like or dislike a
specific product or service.
In this research, we analyze a collection of tweets
about six airline companies found in the United
States. The analysis is conducted using traditional
machine learning techniques. In addition, we test the
effect of feature selection and over-sampling
techniques on airline datasets that obtained from the
literature. Finally, we evaluate in terms accuracy and
F1 measure.
The remainder of this paper is organized as follows:
related works is discussed in Section II, and
description of the proposed methodology can be
found in section III. Section IV presents the
experiments and results. Finally, we present our
conclusion and future directions in Section V.

2. RELATED WORKS
Many researchers have shown interest in studying
the overall process of sentiment analysis by
detecting emotions found in text [2, 3]. Others have
proposed evaluating sentiments by observing human
behavior responding to a certain experience [4].
Likewise, some authors have made an overview
about the use of machine learning techniques for
sentiment classification, in which they have
illustrated three classifiers; (Naïve Bayes (NB),
Maximum Entropy (ME), and Support Vector
Machine (SVM)) [7]. The authors in [9] applied the
previously mentioned classifiers (NB, ME, and
SVM) on the Internet Movie Database (IMDB)
consisting of movie reviews either expressed with
stars or as numerical values. Their approach was
evaluated using accuracy and recall measures. The
accuracy results ranged from 77% to 81% whereas,
the recall ranged from 50% to 69%.
In [11], authors tried to investigate the factors
driving the travelers’ loyalty towards an airline
company in China. The authors have determined
travelers’ loyalty based on ten airline attributes
namely; operational factors (punctuality, aircraft,
and safety), attractive factors (food and beverages,
and the staff service), competitive factors (schedule,
tickets prices, reputation, flyer program). The
authors have concluded that the factors driving the
travelers’ loyalty towards a specific airline company
are reputation, staff service, frequent flyer program,
aircraft, and punctuality.

The authors in [8] used statistical methods (Mean,
Standard Deviation, and Chi-Square) to determine
the customers’ engagement on social networking
sites on the airline companies in India. Moreover,
they have studied the post interactions level as well
as the customers’ involvement in supporting the
functions of the airline company. The authors finally
proposed that the airline companies should add more
content on other social media websites in order to
compete with foreign airline companies.
In [6], the authors rated an airline company
according to “Rating Features” where users were
asked to rate the airport, airline, lounge, and their
assigned seats on a scale from 1-10. To that end, they
combined Rating Features with Textual Features to
measure the passengers’ satisfaction. Whereas in
[1], [12], the authors gathered data from the U.S.
Department of Transportation’s monthly Air Travel
Consumer Report to measure what they called
“Airline Quality Rating (AQR)”, to assess the
airline’s overall quality based on a given set of
weights and their impacts. In the case of sentiment
classification, the authors used Naïve Bayes.

3. PROPOSED APPROACH
In this work, the dataset contains various tweets on
different airline companies at the US is used. The
“Twitter Airline Sentiment” dataset was obtained
from Kaggle contains tweets covering six U.S.
airline companies with a total number of (14,640)
tweets, each of which is labelled according to
sentiment polarity as: positive, negative, and neutral.
The dataset was first split into six smaller datasets
each of which corresponds to tweets mentioning a
certain company. Summary of the datasets are
shown in Table 1.
Dataset
(Airline)
Virgin
America
US Airways
United
Southwest
Delta
American

Table 1: Summary of datasets
Number of
Percentage of
Tweets
Positive Negative Neutral
504

30%

35%

33%

2913
2434
4841
2222
2760

13%
12%
23%
24%
12%

77%
68%
48%
43%
71%

10%
18%
27%
32%
16%

All datasets share seven features in addition to the
class label. The original features are described in
Table 2. Furthermore, additional features were
added, such as tweet word counts in addition to the
features (i.e. terms) resulting after the tokenization
process.
All tweets will cleaned by removing stopwords,
lowercasing all terms, and then applying word

stemming. After that, terms were tokenized then
Term frequency – Inverse Document Frequency
(TF-IDF) was used to measure importance weight of
terms. Further, a tweet-term weight matrix is
generated where the terms represent the features,
and weights are the TF-IDF scores calculated earlier.
Table 2 shows the number of features/terms for each
dataset.
Table 2: Airline features list
Original
Description
Feature
Airline
A numeric feature representing the
Sentiment
confidence level of classifying the tweet
Confidence
to one of the (3) classes.
Negative Reason The reason behind considering this tweet
as negative (i.e. bad flight). Positive and
neutral tweets had no negative reasons.
Negative Reason The level of confidence in determining the
Confidence
negative reason behind a negative tweet.
Airline
The name of the airline Company.
Retweet Count
Text
Airline
Sentiment

The number of retweets of a tweet.
The original tweet posted by the user.
A feature containing the class labels for
tweets (positive, negative, neutral).

Table 3: Summary of dataset features
Dataset (Airline)
Virgin America
US Airways
United
Southwest
Delta
American

Number of Features/Terms
1487
3714
4727
3685
3929
3518

Tokenization caused generating a large number of
terms, and therefore term/feature selection is used in
two levels to select small number of terms
representing the best subset of features. At the first
level of feature selection, we used genetic search
[17] as a filter to select the best subset of features
based on the features’ correlation with the class
label. After that, and the second level, a univariate
feature selection was applied which is aiming at
selecting the best subset of features based on
statistical tests. The best K features returned are
selected for further experiments. K is selected
empirically as a percentage of the number of features
resulting from the first level of feature selection,
after experimenting different percentages ranging
between 10% to 70%. The percentage that
effectively boosted our evaluation metrics was
selected and then reported in Table 4.
It can be noticed that sentiment polarity of all the
datasets, except for Virgin America, are not evenly
distributed; therefore, the training process of any
classifier considering the imbalanced datasets will
result in a bias due to the larger number of instances,
sampled for training, and belonging to one class.

Table 4: Summary of dataset features after feature selections
Dataset Before
Level 1
Level 2
(Airline) Feature
Genetic Search
Univariate
Selection
Selection
Number Percentage Number Percentage
of
of dataset
of
of Level 1
features
features features
Virgin
1487
266
18%
187
70 %
America
US
3714
540
15%
270
50 %
Airways
United
4727
238
5%
119
50 %
Southwest

3685

1140

31%

798

50 %

Delta

3929

1224

31%

612

50 %

American

3518

321

9%

192

60 %

To solve the imbalance problem, we used Synthetic
Minority Over-Sampling Technique (SMOTE) [13]
to increase the number of instances used for the
training process from the minority class. SMOTE
method is considered one of the popular methods
used to increase the number of instances sampled for
training from the minority classes, which is adopted
to decrease the skewed class distribution. After
selecting samples from the minority class, the
nearest minority neighbors are identified to generate
more samples in between the samples chosen and the
nearest minority neighbors. Table 5 illustrates the
number of instances before and after SMOTE was
applied. It is important to notice that SMOTE was
not applied on the Virgin America dataset as it is
almost evenly distributed.
Finally, on each of the partial datasets various
classification techniques were applied (i.e.
AdaBoost, Decision Tree, Linear SVM, Naïve
Bayes, Random Forest, K-NN, and Kernel SVM)
which is aiming at predicting the class of each tweet
provided the subset of features obtained after the two
levels of the feature selections and data balancing.
Table 5: Datasets after applying the SMOTE method
Dataset
Number of Instances
Percentage
(Airline)
before
After Positive Negative Neutral
SMOTE SMOTE
2913
6787
33%
34%
33%
US Airways
2434
5176
33%
34%
33%
United
4841
7114
33%
34%
33%
Southwest
2222
2865
33%
34%
33%
Delta
2760
5880
33%
34%
33%
American

4. EXPERIMENT
RESULTS

SETUP

&

As datasets now seem more balanced, classifiers
were applied to evaluate the sentiment classification
(i.e. AdaBoost, Decision Tree, Linear SVM, Naïve
Bayes, Random Forest, K-NN, and Kernel SVM).
Python language are WEKA [16] tool are used to
implement all the used methods.

Classification settings per algorithm were set
empirically after performing experiments with
different settings. For example, number of trees in
the random forest classifier was set to 4 as it showed
the best results. On the other hand, the kernel chosen
for the Kernel SVM was the Radial Basis Function
(RBF). Additionally, for the kNN classifier, the
value of number of neighbors (k) are selected
between 1, 3, and 5.
To compare classification effectiveness: Accuracy
and F1 measures were used. Classification results of
each dataset is shown in Figures 1 through 6, where
the dataset name is shown below each classification
results group, while accuracy and F1 results are
shown in different figures, separated for each feature
selection level. In figures 1 and 2, results reported
for classifying the datasets considering all features,
no feature selection of any level is applied. Further,

in figures 3 and 4, results are reported for
classification after feature selection of level 1.
Finally, in figures 5 and 6, classification results
reported after level 2 feature selection.
A general conclusion is that classifiers’ results vary
according to the dataset, however, it is noticeable
that kNN, RF, and DT were almost better than other
classifiers on the majority of the experiments.
Another major conclusion is that feature selection
(levels 1 and 2) almost enhanced every performed
experiment on any dataset, except for rare cases
where using the whole feature set was better (i.e.
Naïve Bayes, and Adaboost on the “American”
dataset). Another observation that can be made is
that no significant enhancement in classification
accuracy can be observed comparing level-1 term
selection to level-2.
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Fig. 1: Accuracy results on different datasets before level-1 feature selection using various classifiers
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Fig. 2: F1 Measure results on different datasets before level-1 feature selection using various classifiers
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Fig. 3: Accuracy results on different datasets after level-1 feature selection using various classifiers
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Fig. 4: F1 Measure results on different datasets after level-1 feature selection using various classifiers
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Fig. 5: Accuracy results on different datasets after level-2 feature selection using various classifiers
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Fig. 6: F1 Measure results on different datasets after level-2 feature selection using various classifiers
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5. CONCLUSIONS
In this paper we have studied the sentiment analysis
based on the feedbacks of travelers regarding airline
companies. Our proposed approach showed that
both feature selection and over-sampling techniques
are equally important as regards to boosting our
results. The use of feature selection techniques has
returned the best subset of features and reduced the
computations needed to train our classifiers.
Whereas, SMOTE has reduced the skewed
distribution of the classes found in most of our
smaller datasets without causing overfitting. Our
results are a compelling evidence that the proposed
model has high classification accuracy in predicting
instances form the three classes (Positive, Negative,
and Neutral).
As can be seen, some of the applied classifiers have
outperformed the others. For example, Random
Forest and Decision Tree have shown a high
prediction level, and stability when applied on all
datasets. While K-NN and Linear SVM have shown
an acceptable level of performance regarding all the
evaluation metrics. On the other hand, Kernel SVM
has shown poor results in comparison with other
classifiers
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