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Abstract—There are several advantages to traveling when it
comes to crossing international boundaries. People have the
right to write reviews on websites or online platforms to
express their opinions. Reviews have a direct impact on
consumer relationships. These opinions could be expressed
within a single review (positive or negative) or across reviews
(conflicting). Conflicting online reviews, a little-studied topic,
have exploded in prominence in recent years. These reviews
not only offer assistance to customers in selecting a suitable
airline, but also assist airline firms in identifying and
correcting flaws in their service. We address this gap by
proposing a research paradigm that conceptualizes the
characteristics of conflicting airline reviews, which identify
the traveler perceptions that cause their attitudinal
ambivalence or uncertainty in developing their actions. We
examined how conflicting attributes of airline reviews trigger
travelers' attitudinal ambivalence, which leads to
indecisiveness. In this work, we suggested different ways to
remove this ambivalence and provide recommendations to
customers and airlines. The contribution of this work is
twofold: first, we used NLP (Natural Language Processing)
techniques to preprocess traveler reviews in the recommender
system. Second, the Convolutional Neural Network model was
implemented, which proposes data collection on different
social networks. This machine learning approach
recommends an appropriate airline to travelers. This unique
strategy to utilize online social networks, promote low-cost
airlines to travelers, and machine learning model increases
the CNN model's recommendation accuracy.

Keywords—Scraping, Natural Language Processing,
EDA, CNN Model.

I.INTRODUCTION

In terms of maintaining passenger contentment and
produce future income, the air transport industry's severe
competition obligation effective online and offline client
relationship management [1]. In recent years, the airlines
have made a substantial contribution to the global
economy's growth and development. In recent years, the
travel and tourism sector has grown significantly, with
airlines serving as the industry's primary sponsor. Air
travel is the fastest mode of transportation and competes
with buses, trains, and other modes of transportation

around the world [2]. Flying enables planes to avoid
natural and man-made obstacles including seas, rivers,
and mountains. Flying was regarded as a costly luxury
until the latter half of the twentieth century. Thanks to
larger passenger aircraft and technological developments,
it's now a rather inexpensive mode of transportation, and
prices are continually reducing in some locations.
Travelers are also provided with safety, Wi-Fi, food
beverage, seat comfort) economic rewards, and
employment  opportunities, and a comfortable
environment is maintained throughout airplane travel.

Air travel is preferred by travellers because it is
speedier and less prone to accidents than other modes of
transportation [3]. Air travel is the quickest means of
transportation, saving you hours or even days on a trip.
The speed of air travel also allows for the delivery of
critical commodities like organs and drugs to patients in
need. The aviation industry employs mechanics, pilots,
stewards, customer service agents, and designers.

Travelers use blogs, tweets, emotive analysis, and
reviews to communicate their ideas and facts. It benefits
the industry, company, and organization, as well as those
who want to shop their brand, travel their firm, and utilize
their application, among other things. They have the
ability to boost retailer trustworthiness and help shoppers
compare shopping results. End user Benefits (Increased
trust in the product and the firm, Gives consumer a voice).
Ecommerce Advantages (valuable market research, profit

gain).

Different types of airlines are Qatar airways, Turkish,
PIA, Emirates and so on. All airline is working good
compared to each other. Traveller is confused to select
airline. Currently, social media play an important role to
provide reviews or comments. According to prior study on
an average day, just 15% of flights (out of a maximum of
34%) produced contrail [4]. The bulk of contrails were
made in the southeast and along the Pacific coast, and
between June and September, 63 percent of total Contrail
Along Track Distance was generated.



When a traveller wishes to secure a seat, they
confront numerous challenges because not everyone
understands how to utilize websites, apps, or social media.
The field of social media is vast. Companies provide
access to their websites or webpages to their users,
customers, and travellers. Customers are constantly
turning to social media to leave company reviews and
discuss their thoughts on specific services [4]. Consumer
feedback is a critical component of any business owner's
economic success in competitive markets. These online
pages often have a shoer blog or comment box

[2], and sometimes reviews are written forms or
present in the feeling’s forms. These reviews help other
travellers who desire to travel with airlines.

A review is a tool for us to communicate our thoughts,
opinions, and inspiration to the company or consumer.
These are not simple reviews. Different types of reviews
exist, but we'll focus on two of them. People are
commenting as a result of rapidly expanding online
resources, online discussion groups, forums, and blogs,
which generate a massive quantity of new data in the form
of consumer evaluations, comments, and thoughts about a
product, events, and entities. Reviews of any institution,
banking, hotels, airlines, and online shopping products
including books, image sensors, mobile phones, and
notebooks benefit both customers and decision-makers
[5]- The first is internal reviews, which include both good
and negative feedback. The second is across reviews,
where there are different opinions. These reviews are
essentially a mash-up of reviews. For example, "This
chocolate is amazing, but the sentiments | get after eating
it are not good."

Domestic and international airline flights are
estimated to reach 22.2 million in 2021. There will be
approximately 16 million foreign flights in 2020The
Federal Aviation Administration formerly said that its Air
Traffic Organization (ATO) managed 45,000 localized
flights per day, or more than 16,405,000 per year, prior to
COVID-19. With growing awareness of transportation
competition, airlines must recognize that their most
valuable competitive asset is their client base, and they
must do everything possible to suit their needs if they are
to survive and profit [6]. Airlines offer the most relevant
material, such as products, services, advice, notices,
feature introductions, and information sharing, to improve
passengers' travel experience, contentment, and loyalty.

After covid social media has more popular and rating
is higher because of social distance everyone prefers
online boking, shopping, entertainment etc. The globe is
not interconnected at the same moment. eWOM includes
things like views, recommendations, ratings, video
testimonials, tweets, photographs, and blog posts [7].
Today Filieri et al with the extensive use of internet
Individuals rely significantly on electronic word-of-mouth
to spread information (eWOM) while planning their trips
[8],[9]. According to a recent report of Forbes90percent of
consumers view eWOM information before making a
purchase choice. The eWOM is a key source of electronic
information that refers peer generated evaluations spread
existing, future, and previous customers on third-party
websites about a particular firm, product, or service [10].
Therefore, eWOM is a type of online review., which is one

the important influential form of eWOM. Different type
of benefits is provided but with the passage of time online
working are more than manual so is providing a lot
benefits to the world. Online reservation is also providing
the eWOM.

However, increasingly online reviews contain within
reviews (polar Reviews), and across reviews
contradictory, conflicting word-of-mouth about product
or service attributes that influences consumer attitude
[11]. Ruiz at al conducted study, a total of 14000
consumers reviews on TripAdvisor deceive, complaining,
and praising comments. All the review comment and
recommendation area present in the blogs and sites. Wang
et al. Customer are use online platform to express their
feelings these feelings are positive or negative and
sometimes are both mixed/conflicting reviews. Customers
can contribute information, ideas, and information on
products, services, and businesses through Online
platforms include Twitter, Instagram, and e-commerce
sites [12].

From the perspective of research, the Reviews that are
bivalent (e.g., positive and negative), inconsistent, or
conflicted practices by airlines firms and consumers,
there’s a higher chance that customers will process
information incorrectly. which develop feelings of
uncertainty and ambivalence in their attitude [13].
Therefore, we argue that paradoxes coexisting at the same
time in object (e.g., online reviews) create attitudinal
ambivalence in customers by instilling in them an
ambiguous and contradictory attitude regarding the object,
and the consumers not take any decision and confused.

Since it has been well established that few studies on
online airline reviews have examined information
processing of univalent message-based qualities (e.g.,
positively or negatively) and their influences on
consumers attitude [14]. However, few studies in
examining of airline reviews have bivalent (e.g., good and
bad) and contradicting qualities.

Previous literature mentioned the reasons, readers of
airline reviews, it is hypothesized are prone to attitudinal
ambivalence as a result of contrasting aspects of internet
airline evaluations.

Therefore, scholars should conduct additional
research. the questions of what regarding the causes of
ambiguous attitudes in online airline reviews
recommendation recipients, what can be done to reduce
this attitude ambivalence, and how to persuade reluctant
customers to read contradicting airline ratings online.
Furthermore, hospitality businesses are eager to
comprehend the reasons why consumers are feeling
attitudinal ambivalence when they are using conflicting
airlines reviews. Hence, present study findings will assist
airline firms and they can create effective techniques to
reduce ambivalence in attitudes and improve overall
performance. more chance of recommending an airline
based on contradicting internet airline reviews [15].

It's worth noting that the current study uses a unique
method and examine airline consumers’ perception for
conflicting online airline reviews from the perspectives of
informativeness, persuasiveness, font diagnostic and
understanding of the language. Thus, our study's main



goal is to address a vacuum in the literature by proposing
a research paradigm for examining attitude ambivalence
in the face of contradictory information processing and
related outcomes for conflicting online airline reviews
recommendation. In present research model, we aim to
investigate some textual or non- textual data,
prepossessing, sentimental analysis etc. In several ways,
our research adds to the body of knowledge. The reviews
are helpful for other to select airline in an easy manner.
Read the reviews then see and goes to rating direction
three or four stars are appearing. The airline sector
operates in a highly competitive environment where
enterprises must overcome a variety of obstacles in order
to flourish. This research examines and infers
recommendations reviewers' comments in internet
reviews of tourism services, notably airline services, from
several points of view. We are collected data/reviews from
top 10 airlines websites. Applying in dataset pre-
processing method then find out textual and non-textual
data. Then we applying it pre-processing. We construct a
single base classifier by using machine learning algorithm
Convolutional neural network (CNN). The most typical
application is for analysing visual imagery. As a result, in
this paper, we look at how well the Our new suggested
model for airline systems that rely on suggestion uses a
convolution neural network model [4].

Il.LITRATURE REVIEW

A. Online reviews

Online platforms are defined in a variety of ways [4].
Online commerce websites, Forums, blogs, social media
sites, and online review sites are all examples of online
communities have all received online reviews. In most
cases, online customer ratings and reviews (OCRs) are
provided by consumers who have had first-hand (and
usually recent) experience with a product or service (e.g.,
opinion in text format) [16]. Customer reviews on the
internet have also been discovered to have a significant
influence on customer-cantered product development
[17].

According to Zhang et al.,[18] there are substantial
links between changes in smart phone functionality and
online reviews. Researchers have noticed the relevance of
online consumer evaluations in product creation, and
more studies are focusing on product-related concerns.
Qiao and colleagues [19] developed a sophisticated LDA
model to discover and collect critical information about
product problems from internet reviews. Most individuals
in the United States have read (82%) and written (61
percent) internet evaluations [20].

A flaw, according to Merriam-Webster, is a lack of
anything that is required for completeness, sufficiency,
perfection. As a result, recognizing a need is not the same
as producing innovative ideas or creative thinking.

Another line of study tries to create various approaches
for understanding consumer demands from customer
reviews on the internet, such as perceived advantages and
requested product features.

Timoshenko and Hauser [21] used Amazon reviews to
extract client demands. Consumers' needs are a statement
explaining the advantages that customers desire, which
includes both complaining about present features and

advocating new improvements. On the other side,
innovation ideas are new ideas or proposals for meeting
client demands. The most important of the various aspects
associated to customers' online product reviews is review
helpfulness (Malik and Hussain [22]. Because online
reviews with more review votes have higher sales
correlations, this is most likely the case. Online
assessments are divided into numerous pieces such as
linguistic traits, views, semantic factors, and other
portions as a source of information. [23].

In this study Dooms purposed a study [24] Content
information about persons or objects does not have to be
machine identifiable in collaborative filtering systems.
Pure Collaborative Filtering approaches rely solely on
ratings and don't require any other user or item
information, because they consider the experiences of
others and base their recommendations on that
knowledge. The user modelling method is at the heart of
content-based filtering (Content Based Filtering). We are
defined are as following table.

The interests of the target user are derived from those
with whom other users have interacted. One of the most
popular content-based filtering techniques is Inverse
Document Frequency-Term Frequency (TF-IDF). In
comparison to the other ways, Content Based Filtering is
advantageous since it allows for a user-based
recommendation approach that may create accurate
recommendations based on specific characteristics.

The pseudo-code illustrates the operation of the
proposed system by Saurabh Bahulikar [25]. We had to
create our own training dataset with the necessary criteria
for filtering and, as a result, generating suggestions to
finish the project, no currently accessible datasets were
able to supply all the needed tuples inside the dataset, there
are 480 flights in the dataset, each with its own set of
content-based indicators. Google provides coordinates
validation as part of the ‘google APIL. The findings are
determined using precision, recall, or the F measure, and
they have a high level of accuracy.”

In this study Wagh [26] purposed a theory is the lack
of a proper recommendation system for the user based on
previous customer experience is a big issue in the airline
sector. We want to develop a system that allows users to
choose an airline based on their preferred level of comfort.
When it comes to analysing data in a textual format,
emotional analysis is the most effective method.
Collecting vast numbers of tweets, evaluating them, and
categorizing them as positive, negative, or neutral results
in better ratings and reviews, allowing customers to
choose the best option for them. Here, Nave Bayes
presents a comparative platform to the sentimental
analysis research in order to determine how accurate the
recommendations made on airlines utilizing sentimental
analysis are. We use tweets from six major US airlines and
divide them into good, negative, and neutral categories to
create a score for each airline in order to evaluate them
against one another.

The tweets for the six airlines mentioned above are
taken from www.Kaggle.com. Customer Tweets are
statements made by consumers who have previously
travelled with certain airlines. Based on the phrases used
in the tweets, they are evaluated as positive, bad, or
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neutral, and then passed to the next phase. Naive Bayes
and emotional analysis were used. Following the
categorization of tweets into positive, negative, and
neutral categories, the total number of positive, negative,
and neutral tweets is calculated using two algorithms;
Naive Bayes and sentimental analysis. Scores and method
comparisons.

From different viewpoints, this study examines and
infers recommendations asserted by critics of travel
services, particularly airline services, in internet reviews.
This explanatory study is especially valuable for service
companies in determining which components of their
services influence consumer e WOM promotion via online
reviews. The research builds on the previous study's
conclusions. to see if the contents conveyed in online
reviews can predict reviewers' service recommendations.
In the realm of obtaining customer recommendations from
online evaluations, there is a research gap. We pay
particular attention to the word lists for positive (pos) and
negative (neg) terms, which are used to identify the
polarity of emotion portrayed in the various evaluations.
NB (Nave Bayes) is a relatively simple learning
algorithm, while more sophisticated learning techniques
include NN (Neural Network) and SVM (Support Vector
Machine) [27].

Another line of the study focuses on price and
marketing techniques that businesses may use in a multi-
period game to build favourable online evaluations in first
phase in the second quarter, capitalize on the positive
influence of those reviews on their pricing, sales, and
profitability [28].

In this study Dr Swagato [29] focuses on pricing and
marketing methods that businesses may employ in a
multi-period game, they generate good online reviews in
the first period and then capitalize on the beneficial
influence of those reviews on their pricing, sales, and
profits in the second period. (Pos neg) / (pos + neg) was
used to compute overall sentiment, with pos representing
the frequency of positive terms and neg reflecting the
frequency of negative keywords in the text. Consumer
satisfaction is a powerful determinant of both consumer
outcomes and service settings. The proportional relevance
of good and negative emotions has also been discovered.

Detrimental emotions including disgust, fear, and rage
have been shown to have a negative impact on customer
outcomes.

In this study [4] we used Bidirectional Encoder
Representations from Transformers to develop a
Convolutional Neural Network model that can suggest
airline tickets based on the sentiment of online reviews
(BERT). Using reviews online from six social media sites,
several sentiment categorization systems are examined.
Based on a range of characteristics such as airline
consumer happiness, as well as travel destinations, hotel
details, restaurants, and tourist trap the new model may
categorize airline tickets as inexpensive or not affordable.
Data is gathered from several airlines. The model's first
component is the classification of Tweet sentiment. In the
first part of this investigation, BERT categorizes tweets
into positive and negative categories. 50,000 movie
reviews were used to teach BERT at first. The BERT
model is SST2 [12] is based on the Stanford Sentiment

Treebank. SST2 is a human-annotated movie review-
based single-sentence categorization job. The data set was
divided into two sections: Training accounts for 70% of
the budget, while testing accounts for 30% CNN model
accuracy performance is good.

In this study Amine Dadoun [30] purposed a study as
in which During the data collection and preparation
stages, the received material is examined for recognizing
opinions. It is very dependent on the unique technique
taken as well as the words chosen to express emotions.
This is where superfluous opinions are removed by pre-
processing. Positive, negative, and neutral orders are the
most common classifications. There are three basic
machine learning models to consider. SVM, KNN, and
decision tree are three types of support vector machines
(DT). These models' performance is compared using
accuracy, precision, recall, and measure.

Praphula Kumar Jain purposed a study [31]. Our data
comes from internet Skytrax is a website that provides
airline evaluations and ratings, which can be found at
www.airlinequality.com. To enhance the efficiency of the
study, some factors that provide less influence are deleted
during the pre-processing step. The reviews' text is
subdivided, and each one is characterized by a vector of
standard word weightings that indicate the value of each
word in the review. Tf-idf is the most common weighting
used here. All these characteristics are used to predict
consumer recommendations. Logistic regression is
demonstrated via SVM, Decision Tree, and Random
Forest. For prediction based on algorithms, we used four
machine learning techniques: are all examples of logistic
regression. The models are tested and validated using
Stratified K- fold cross-validation. All four models are
produced and evaluated in each of the feature kinds. The
performance of all the models is shown. The highest
accuracy (91%) is achieved by Logistic Regression, while
the lowest accuracy is achieved by decision tree (87%).

Praphula Kumar Jain [32] was purposed a study
viewer material in internet reviews provides a rich supply
of customer feelings that may be used to evaluate services.
For our experimental research, we collect online review
data from the Skytrax website. 1 Skytrax is a travel
consultancy company in the United Kingdom. The
website offers airline passengers a free and open forum to
share their experiences with various services. Customer
polarity may be determined using sentiment analysis
algorithms feedback, i.e., measuring whether consumers
felt happy, negative, or neutral about an airline's overall
service. To address this, the Valence Aware Dictionary for
Sentiment Reasoning was used. The Cuckoo Search (CS)
algorithm, created by scholars, a meta-heuristic algorithm
is a computer program that uses a set of rules to solve a
problem. The technique for parameter optimization is
stated as an optimization problem, and the optimal
parameters are generated using the CS algorithm. Our
suggested CS method is used in this study to SVM, DT,
LGB, and XGB are four classification techniques that can
be used [22]. we prudently defined the hyper- parameter
range space for the four separate classifications based on
the expertise of specialists in the subject. The data was
split into two groups: training (80%) and testing (20%).
(20 percent). On the training set, -fold cross-validation
with CS-based hyper- parameter adjustment is used for


http://www.airlinequality.com/

validation. The accuracy of results was much better and
above 90%.

In another research by Liau and Tan [33] mentioned
10,895 tweets from Malaysian low- cost airline customers.
In order to examine the thoughts of airline passengers, two
algorithms for subject recognition and two algorithms for
sentiment analysis were evaluated. According to the data,
client service, ticket sales, aircraft cancellation and delays,
and post-booking management were among the subjects
cited by customers on Twitter. Regarding sentiment
analysis, clients' attitudes toward the four key issues were
more favourable than negative. Customers were more
likely to tweet favourable things about customer service,
booking managing, and ticket promotions than they were
to post bad things about airline cancellations and delays.

Filipe R. Lucini was purposed a study [34] We used
data from the Air Travel Review (ATR) website, which
was developed and is currently administered by Skytrax
and can be accessed at airlinequality.com. ATR is a non-
profit consumer forum that has evolved to become the
most popular website for user reviews of airlines, airports,
and air travel. Individual OCRs are recorded in ATR,
allowing us to evaluate and aggregate individual
evaluations for analysis. On August 11, 2016, we created
a web crawler for this purpose, which gathered all ATR
OCRs. The Python-based web crawler visited the
webpage and grabbed the HTML code. The pre-
processing processes used in this study are similar to those
used in other studies. To offer -fold cross-validation for
models trained to a range of 2 to 100 topics, the dataset
was split into train and test sets. The Nave Bayes Classifier
is based on the supervised Bayes theorem. If the adjective
has been used in a review, the emotion intensity of an
adjective is determined by the likelihood of a class
occurring (e.g., positive or negative sensation). For the
five perplexity values obtained, we estimated the mean,
standard deviation, and 95 % confidence interval.

Aditi Saxena [35] The Internet plays a crucial part in
this study, as the dataset was acquired from
www.kaggle.com, which comprises tweets for the six U.S.
airlines listed above. Tweets from Consumers refers to the
remarks made by numerous customers who have travelled
with these airlines. The tweets are classified as favourable,
negative, or neutral based on the terms they include, and
then the following step is taken. Using Naive Bayes and
emotional analysis, after tweets are categorized as
positive, negative, or neutral, two algorithms, Naive
Bayes and sentimental analysis, are employed to
determine the overall quantity of positive, negative, and
neutral tweets. Utilizing Sentiment Analysis, social media
items such as tweets and status updates are analysed for
their sentiment. Sentimental analysis uses the following
procedure: Select a sequence of characters and evaluate
them as favourable, bad, or neutral. Nave Bayes classifiers
are basic probabilistic classifiers that function when
Bayes' theorem is applied with effective independence
requirements between their features (called naive). Since
the early 20th century, Naive Bayes has been the subject
of much research. Here, the x-axis indicates the name of
each airline and the y-axis reflects the sentiment analysis
and Nave Bayes-calculated ratings. The examination of
sentiment is represented by diamonds, whereas Nave
Bayes is represented by squares.

Nikkkolao Korfiats [36] the dataset was consisted of
publicly accessible reviews from the prominent travel
website Booking.com1 that were obtained with the help of
a web crawler. We validate the homogeneity of the data
before proceeding with data processing for suggestion
provision by learning individual user profiles. The point
cluster indices are returned by the k-means algorithm as
an i-by-1 vector. K-means uses squared Euclidean
distances by default. The method of iterative clustering
described in Section 3.2 was used. The first clustering,
which is the outcome of 14 rounds, serves as an example
of this procedure.

B. eWOM

Lobel trong Thuy Tran [37] have sought to create
advanced automation data- driven prediction algorithms
that identify critical patterns and insights from vast online
consumer assessments, eventually assisting travellers and
marketers in making successful judgments. Although the
aims and techniques of these research varied, they were all
focused on using internet reviews to gather, analyze, and
understand user experiences A. Navitha Sulthana [10]
purposed a study they contrasted the significance eWOM
marketing to conventional marketing. eWOM improves
the amount of people who join online social networking
sites [38]. Current members exchange referrals and
recommendations using social media in addition to
traditional marketing. Consequently, new members are
linked to social networking sites and exchange eWOM
information. The greater the reach of eWOM
recommendations, the greater the acquisition of new
customers. With the computerized tracking of WOM
referrals, the acquisition of new customers in social
network sites may be monitored. With the aid of eWOM
posted on social media websites, prior to making a
purchase, customers gather information about a product or
service.

P. Yu. Michell [38] The author examined | customer
reviews, (ii) reviewer personality, (iii) review website
characteristics, (iv) product review characteristics, (v)
environmental influence, and (vi) interpersonal to
determine which component had the most impact on buy
intent. Three hundred and thirty-seven university students
were polled for information. The author discovered that
six eWOM characteristics had a favourable effect on
purchasing intent. Customer reviews are the most
influential aspect on a consumer's buying intent.
According to Francesca Di Virgilio and Gilda Antonelli
[39] eWOM and Trust serve as a moderating variable for
online purchasing intent. On social networking websites,
consumers are becoming more familiar with products and
product-related information. Trust and electronic WOM
communication have an effect on buying intent. Users
may produce and distribute user-generated content using
Web 2.0 technologies. The sharing of product and service
material in multiple online venues is known as online
word of mouth/eWOM.

Francesca Di Virgilio and Gilda Antonelli [10] Web
2.0 technology has been identified that enable users to
produce and exchange user-generated content. The
spreading of information about a product or service across
many online contexts is known as online word of mouth
(eWOM). eWOM and Trust serve as a moderating
variable for the intention of online purchase behaviour of


http://www.kaggle.com/

users. On social networking sites, consumers are
becoming more familiar with products and product-
related information. Social media, electronic WOM
communication, and trust all impact purchase intent.

C. Polar Reviews on Airlines

Positive sentiment exposure can also predict higher
negative sentiment expression [40]. Customers' positive
and negative reviews of a product or service, made public
to a huge number of individuals and organizations through
the Internet, are an effective marketing tool [41].
Consumers' perceptions of utility and ease of use are
positively influenced by the quality, quantity, and
timeliness of unfavourable internet reviews [42]. Positive
(firms grow and invest in resources and capabilities,
resulting in benefits for consumers, workers, regions, and
other firms) or negative (firms shrink and invest in
resources and capabilities, resulting in benefits for
consumers, workers, regions, and other firms) or negative
(firms shrink and invest in resources and capabilities,
resulting in benefits for consumers, workers, regions, and
other firms) or negative (firms shrink and invest in
resources and capabilities, resulting in benefits for
consumers, workers, regions, and other firms) (i.e., the
negative effects of these investments on these subjects).

Rajesh Tolety [43] Using import.io, we were able to
retrieve the dataset from three distinct websites, namely
Trip Advisor, Consumer Affair, and Airline quality. We
attempted to collect data from Twitter but discovered that
it only supplies the last weeks” worth of information. The
Text Parsing node analyses a collection of documents in
order to quantify information about the words. The node
is used to parse text data using several grammatical
categories and noun groupings. Fewer words are issued by
examining the significance of the words. Text Filter node
is utilized to further decrease the number of parsed phrases
to be evaluated. The objective is to reduce unnecessary
information so that only the most useful and pertinent data
are examined. The text rule builder node is used to
produce a collection of rules that predict a target variable
using subsets of phrases. In this situation, the goal variable
is binary, indicating whether the feedback is favourable or
negative. While collecting the data, based on the value of
the customer rating, we classified it as positive or
negative.

D. Conflicting reviews

According to Wang et al. [44] product or service-
related information that contains both favourable and
unfavourable information at the same time, or just positive
information, will have boring effects on attitudes. Mixed
information, such as contradicting evaluations, has been
demonstrated to contribute to favourable, negative, or
inconclusive sentiments in the past [45]. According to Lee
[46]. Online reviews are subjective and may contain
contradictory information Previous study has found that
mixed information, such as contradicting appraisals, leads
to positive, negative, or ambiguous sentiments. As a result
of these reviews, a consumer develops a mixed and
bivalent subjective state known as attitude ambivalence.
According to Jacoby [47], subconscious processing occurs
as a result of exposure to stimuli (conflicting internet
reviews). Working memory's limited capacity drives

humans to select stimuli in a competitive manner,
according to attention researchers [48].

E. Attitude Ambivalence

The existing work ignores the impact of online and
offline elements on ambiguous attitudes that affect
customer behaviour, and on contradictory internet reviews
Unlike attitude, which records attitude ambivalence,
univalent (i.e. positive or negative) assessments records
conflicting or conflicted sentiments about a stimulus. [49].
In another significant study, Boukamcha [54] alleged that
attitude ambivalence causes contradiction between
attitude and behaviour requiring additional cognitive
effort and motivation to repair the research gap. The
antecedents of attitude ambivalence and its influence on
consumer behaviour have been widely addressed in the
information processing literature. Individuals' perceptions
of the legitimacy of content are influenced by the star
ratings of contradicting evaluations from several
reviewers, resulting in attitude ambivalence [47]. When
consumers are exposed to contradictory online
information (i.e., good and negative information at the
same time), they are likely to become confused and rate
the information's dependability as lower.) [50].
Ambivalence has been used in significant study issues like
recall and cognition, as well as green marketing.
Uncomfortable tension will result from cognitive
dissonance [51] discovered that French customers who
hold both good and negative opinions of the United States
had a more ambivalent attitude toward American brands.
When important persons hold strongly opposing
viewpoints to the focus person's, the latter is likely to have
conflicted feelings about the topic at hand. Furthermore,
Roster and Richins [52] discovered that a shopper's
personal view, as well as the opinions of crucial persons,
contribute to ambiguity in product replacement decisions
as opposed to cognitive dissonance, ambivalence is also
regarded an intra-attitudinal discrepancy [53]. A customer
develops a confused and bivalent subjective state known
as attitude ambivalence as a result of these reviews [50].
In another significant research, Boukamcha [54] claimed
that attitude ambivalence generates contradiction between
attitude and conduct. To narrow the research gap, greater
cognitive effort and motivation are required. In a decision-
making scenario, Ambivalence is defined as the presence
of both positive and negative evaluations of an attitude
object. Which can lead to an uncomfortable emotional
state [55, 56].

I.LMATERIALS AND METHODS

We are constructing a recommendation system for
tourists' convenience based on their internet reviews in
this study. We are developing a methodology for this aim,
which is detailed below.

Top 10 airlines

| Preprocessing
EDA Reviews d
| Tokenization

i | Stop word removal

| Lematization

{ Recommendation H CNN Based Model }—{ Feature Extraction }7




Fig. 1. Proposed Model

The process of acquiring data is known as data
collection, measuring, and assessing correct insights for
research following defined, accepted techniques. The data
collection process is based on the answers to the following
key question: What are customers' impressions of airline
service quality, both in terms of the airline and the
destination? In order to increase service quality and fulfil
customer expectations, the airline sector must first define
their problem. To do so, companies must first figure out
which tourist locations cause unfavourable publicity for
their enterprises. Data is scraped from top ten websites.
These websites are as followings Cheapair, Priceline,
TripAdvisor Flights, Kayak, Expedia, Orbitz, Skyscanner,
Travelocity, Hotwire, Momondo.

A. Dataset

collected information from many airline websites. The
amount of data here is enormous for this recommender
system. As a result, we're eliminating all the unnecessary
information and simplifying it to meet our needs paper
following the 14 parameters that are chosen based on the
state of the art. In order to construct the dataset, we are
using the information above. This dataset is shown as in
figure below.
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Fig. 2. Dataset
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B. Data scraping

With the widespread use of the internet, the idea of
utilizing its resources to aid in the recommending process
has gained traction in recent years. On the web, you may
find almost any type of information in a variety of formats.
Web scraping is the process of extracting data from the
internet. It is a sort of retrieval of web content. Web
scraping has been present since the dawn of the Internet
but scraping modern sites that rely heavily on new
technology is far from simple. Web scrapping is need
because we are collected dataset from different websites.
This dataset is not refined form. Use of the csv, xIs scrap
the data. Almost all best airlines in the world are included
to extract the data. This data is unstructured form. This
dataset Different type of websites collected data and then
scraped convert into a csv file. For data scrapping different
libraries are used as beautiful soap 4, selenium.

Scrap data convert into Dataset

Data is scraped from several websites as described
above, and then converted into a dataset format. Then
create a CSV file. We are not using this junk data because
it has various properties and raw materials, thus we are
transforming it to a usable data format. Dataset contain 14
features and the target attribute is “Recommendation” the
others are independent variables.as shown in figure below.

No Attributes Description

1 Review Data Eri(z\r/(lJeS\S/vs are within or review or

2 Customer reaction | ignore or select the airline

3 Aircraft Type The Jets. Jets of light. Jets of med
4 Compartment Good or bad

5 Route of plan Airline routes, destination

6 Date of Flight date of your booking flights

7 Seat comfort comfort or safety

8 Cabin service Good or bad

9 Food Beverage :‘liziefrood, soft drink, drink

watch a film, write a journal, paly

10 Entertainment listen to a music

socially conscious, education plat

11 Traveler kind -
enjoy

Executive
lounges cabin
presentation
baggage

12 Ground service

13 Value for money | Business class or economy

14 Recommendation | Yes or no

C. Data description

The dataset used in this study comprises information
on different websites. Dataset is not publicly available.
Datasets contain many features like as airline,
compartment, value of money, food beverage and many
others shown as in figure below .It contain 131.895
records and 14 attributes. Description of features are as
following.

Table 1 Table of Attributes

D. Data preprocessing

The Pre-Processing step comes next. This is one of
the most crucial aspects of the process. Data pre-
processing is an important stage in developing a Machine
Learning model, and the quality of the data depends on
how well it was pre-processed. When data is pre-
processed, machine learning models demonstrate
enhanced categorization accuracy. Python's natural
language toolkit was used to perform the pre-processing.
Punctuation, stop words, and the use of lower- and capital
words in reviews can all impair the model's capacity to
learn. The data collected for any experiment is usually not
in an appropriate format.

Tokenization
During this step, the text is subdivided into smaller

sections. Sentence tokenization or word tokenization may
be an option, depending on the details of the situation.



Stemming

The text standardization step is the process of
stemming or reducing words to their root/base form. For
example, the words ‘programmer,’ ‘programming,’ and
‘programmed" will be stemmed to 'programmed.’

Stop word removal

Stop words are words that are removed from a
document because they provide no value to the analysis.
These words are ambiguous at best. A collection of terms
deemed stop words in English is included in the NLTK
library. I, we, they, you, would, now, should, our, yours,
other, will, very, then, not, only, some, ourselves, so, he,
yourself, don’t, can, nor most, myself, should have, own,
she, you, will, such.

E. Data analysis

Data analysis is the first and most critical stage in any
forecast, recommendation (DA). DA is the process of
identifying patterns, anomalies, testing ideas, and
verifying assumptions using summary statistics and
graphical representations. We are analysing the frequency
or values of airlines shown as below.

Data analysis is the process of extracting usable
information from data and then depending only on that
data. In order to find relevant information for business
decision-making, data must be cleaned, transformed, and
modelled. This is nothing more than looking backwards or
forwards in time and making judgments depending on our
findings in our daily lives, when we make a decision, we
examine what has happened previously or what will
happen if we make that option. We accomplish this
through recalling past events or speculating about the
future. So that's the end of data analysis. An analyst
currently does data analysis. For commercial goals
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alysis

Figure 3. Data.An
F. EDA

Exploratory dataset analysis (EDA). It's possible to
utilize EDA in conjunction with or without a statistical
methodology, although it's most often used to see what
data can tell us without resorting to formal modelling or
hypothesis testing. Exploratory data analysis is required
while working with data. It's common for exploratory data
analysis to include the use of statistical graphics and other
data visual analytics to summarize essential aspects of a
data collection. Exploratory Data Analysis can help with
all of this. It removes abnormalities and extraneous values
from data, allowing you to gain insights and make better
sense of it.

Steps involve in EDA are as following:

e Assist in the preparation of your dataset for
analysis.

e |t also assists us in selecting a more appropriate
machine learning model.

e This enables a machine learning model to better
forecast our dataset.

e Provides more precise results.

Data cleaning

The process of cleaning data is known as data
cleansing eliminating unwanted variables and values from
your dataset, as well as any anomalies. Such anomalies
can distort the data excessively, affecting the outcomes
negatively. Cleaning data can include the following steps:

Null values removal

What is the meaning of a NULL value? ANULL value
is a particular SQL marker that indicates that a data value
in the database does not exist. In other words, it's only a
placeholder for values that aren't known or are missing. In
our dataset has many null values we are removing these
values using the technique of cleansing values. In our
dataset 65,947 null values.

Figure 4. Null Values Removal

Missing values

In the EDA approach, we employ missing values.
Missing data reduces the sample's generalization, which
might lead to incorrect population inferences. There are
three primary approaches to dealing with missing data in
general: (1) imputation, which substitutes values for
missing data, (2) omission, which excludes samples with
erroneous data from further analysis, and (3) analysis,




which uses processes unafected by missing values
directly. Missing values are eliminated, as seen below.

Figure 5. Missing Values

Outliers

An outlier is a value that deviates significantly from
other values in a random sample from a population. In
some sense, this term outsourced to the analyst the
judgement of what constituted abnormality (or a
consensus procedure). Normal observations must be
characterized before aberrant data may be discovered.
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Figure 6. Outliers

Descriptive Statistical Analysis

Descriptive analytics and inferential statistics were
distinct in some circumstances. Descriptive statistics
simply describe what the data is or indicates. The mean,
the standard deviation, and the frequency of a variable are
examples of descriptive statistics. Descriptive statistics
are used to define or summarize the features of a sample
or data collection. Inferential statistics can help us grasp
the collective properties of a data set's components.
Inferential statistics are used to draw inferences based on
incomplete data. For instance, on the basis of sample data,
inferential statistics are used to try to determine what the
overall population believes. To establish whether a
difference between groups found in this study is reliable
or just coincidental, we may apply inferential statistical
techniques. In order to estimate general conditions from
our data, inferential statistics are needed, while descriptive
statistical analysis is only utilized to describe what is
happening in the data.

Heat map

Visualizations of two-dimensional data using color to
depict magnitude are known as "heat maps" or
"heatmaps.” The change in color could be in hue or
intensity, and it would show the reader how the event is
set up or how it happens over time. The size of each cell

in a matrix is set, and each row and column represent a
different phenomenon or category.
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The order of rows and columns is both planned
and random, with the goal of finding or showing clusters
found by statistical analysis. This shows the relationship
between each feature and each feature. There are two
kinds of heat maps: the clustered heat map and the spatial
heat map.
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Bar chart

The bar chart, which is also referred to as a bar graph,
is a kind of chart or graph that utilizes rectangular bars
with heights or lengths that match the values they
represent in order to depict categorical data. Bar charts and
bar graphs are commonly used interchangeably. There are
two possible ways to layout the bars: horizontally or
vertically. A vertical bar chart may also be referred to by
its alternative term, a column chart. A bar chart, like the
one that can be seen below, illustrates the relationship that
exists between each characteristic.



Figure 8. Bar Chart

Histogram

Histograms are visual representations of a set of data
points that have been divided into user-specified ranges by
the user. Data series may be condensed into an easily
understandable visual using the histogram, which
resembles the bar graph.

Figure 9. Histogram

Dataset after preprocessing

Dataset after preprocessing look like as null values
remove, nan, missing values etc. All raw data has been
eliminated, and we are just keeping the true data, or the
data that we have chosen for accuracy.
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Figure 10. Dataset after Pre-Processing

IV.RESULTS

In this paper CNN model is used for good accuracy.
Convolutional neural networks, or convnets, are one of the
most intriguing new advancements in machine learning.
By extracting features from photos and using them in
neural networks, they have revolutionized image
categorization and computer vision. They have the same
qualities that make them valuable for image processing
that also make them useful for sequence processing. A
CNN can be thought of as a customized neural network
capable of detecting certain patterns. Convolutional layers
are hidden layers seen in CNNs.

Training or testing Data

The method of picking data from the real data set for
splitting is the key distinction between all these strategies.
The data for this model is created using a 5- fold cross
validation procedure. The 5-fold approach divides the

dataset into five equal- sized subgroups at random. A fold
is a phrase used to describe a gathering of people. The first
four folds are used to build the ensemble model, which is
then applied to the fifth fold. This procedure is done five
times, with each fold of the dataset serving as a validation
set once. As a result, no patient is employed in the
development and testing of the model.

Figure 11. Training or Testing Data

Evaluation Matrix

Results are created through F measure, precision,
Recall and find out the verification score,

9.6e+02

0 1

Figure 12. Evaluation Matrix

Using CNN model, the accuracy rate is 95%.

Table 2 Table of Results

precision recall Fl-score
0 0.94 0.94 0.94
1 095 0.95 0.95
accuracy 095
Macro avg 095 095 0.95
Weighted avg 095 095 095
V. CONLUSION

Research purpose is to, as stated the reviews from
different travelers and applying these , was to investigate
the travelers’ recommendation system. The CNN model is
used to calculate the findings. F-measure, Precision, and
Recall are examples of evaluation matrixes that are
utilized to get better results. We looked at how the
recommendation system works, how feature extraction
works, and how the quantity of features extracted affects
performance
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