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ABSTRACT

The objective of sentiment analysis is to discover the positive and negative reviews. Hotel reviews
have been analyzed in this paper, we have developed a binary text classifier. To prepare the data for
the text classifier, we employ several natural language processing (NLP) preprocessing techniques
and rely on LSTM layers. There are more than 38932 data samples in the dataset, split evenly
between good and negative comments on the hotel's services and general atmosphere. A situation's
underlying perspective or sentiment can be uncovered with the use of sentiment analysis.
Understanding the tone or motivation of a message through text, audio, or any other medium. Text
analysis and natural language processing (NLP) technologies are used to determine the potential
subjectivity of data. In order to classify and work with the data more easily, we need to detect,

extract, and measure such details from the text.

Keywords: NLP, sentiment analysis, hotel reviews, emotions, text analysis, EDA

INTRODUCTION piece of text is the focus of natural language

processing, which is a subfield of sentiment

Natural language processing, also known as analysis that encompasses the broader field of

NLP, is the foundational principle upon which sentiment analysis. The field of artificial

sentiment analysis 18 constructed. intelligence known as natural language

tandi i . .
Understanding a variety of concepts from a processing (NLP) focuses on texts and aims to
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give computers the ability to comprehend and
draw meaning from written material. It
includes everything from counting the number
of words to a machine writing a story that is
indistinguishable from texts written by humans
and can be used for tasks such as virtual
creating and

assistant, solving,

query

maintaining human-like conversations,
summarizing texts, spam detection, sentiment
analysis, and other similar tasks. The field of
sentiment analysis can be broken down into a
wide variety of subfields according to a wide
range of criteria. It is possible to categorize it
as  document-level sentiment analysis,
sentence-level sentiment analysis, and sub-
sentence level or phrase-level sentiment
analysis, depending on the scope. Models of
LSTM, also known as extended short term
memory, are utilized in order to resolve these
issues. LSTMs are a subcategory of rnn models
that are distinguished by their capacity to
acquire knowledge of long-term dependencies.
They are trained to remember information over
the long term. The inclusion of a memory cell,
which i1s an additional recurrent state, and
several gates, one on each cell, which are
responsible for controlling the flow of
information into and out of the memory cell, is

what distinguishes LSTM models from other
types.
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LITERATURE REVIEW
Luxury hotels with pricey facilities offer more

premium service and achieve greater customer
loyalty than mid-range hotels and budget
hotels. Luxury hotels are distinguished by their
expensive facilities (Liu et al., 2017). When
high-end furnishings and facilities become the
norm and usual in practically all luxury hotels,
guests tend to become more particular about the
finer points of their stay and demand more
attentive care. When compared to low- and
middle-priced hotels, luxury hotels place a
greater emphasis on the feedback and opinions
of its clients. This is due to the fact that clients
of luxury hotels are significantly more loyal
than clients of other types of hotels (Knutson et
al., 1993) and a higher level of brand loyalty
can lead to an increase in sales as well as a
to buy (Chaudhuri &
Holbrook, 2001). Hotels should pay attention

greater intention
to even the smallest requests made by guests
and be prepared to fulfill them in advance if
they want to keep their consumers coming
back. In this scenario, managers have an
obligation to place a high priority on receiving
input from customers. There are a variety of
methods that luxury hotels use to gather
feedback from guests. The conventional
approach is gathering feedback in the form of
book,

written comments on a customer

examining the results of

| Page 2


https://ijsrem.com/

.__gjy \&*‘
) .
@5“ International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 09 Issue: 11 | Nov - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

customer questionnaires, and having direct

conversations with customers.

Customers today have the option of providing
comments via the hotel's app on their cell
phones, as well as giving reviews on the hotel's
official website and hotel review website. They
are able to submit feedback regarding their stay
at the hotel and rate various features of the
establishment, such as the hospitality of the
employees, the convenience of the location,
and the quality of the breakfast. Apps and
websites provide hotels with opportunities to
engage in two- way communication with guests
and to amass the feedback essential to
enhancing the standard of their services.
Customers have access to a forum where they
may voice their opinions and suggestions
regarding the hotels they have been at on
websites that specialize in tourism and hotel
reservations, such as Agoda, TripAdvisor, and
Booking.com. Customer feedback on hotels
provides insight into the products and services
that customers value (Xie, Zhang, & Zhang,
2014; Giachanou & Crestani, 2016).

For instance, the images of hotel rooms that

reviewers submit present the sanitary

conditions of the hotel, and the remarks
concerning parking demonstrate whether or not

this hotel is accommodating to travelers

© 2025, IJSREM | https://ijsrem.com

who drive themselves. As a result, traveler
reviews are a crucial source of tourism
information, and they also play a significant
part in the selection process for hotels. In
addition, several websites that assess tourism
destinations also analyze user reviews and then
rank or recommend hotels for travelers
depending on the results of the analysis. When
it comes to collecting, comprehending, and
responding to the concerns of hotel guests,
online review is also a very important tool for
hotel management. Because of developments
in many forms of technology as well as shifts
in the preferences of consumers (Nieves &
Segarra-Ciprés, 2015), The management of
hotels need keen observation skills in order to
keep up with the ever-evolving expectations of
their guests. In this scenario, management can
benefit from using an online review platform
that includes real-time feedback from
customers (Mauri & Minazzi, 2013). Customer
evaluations are becoming an increasingly
prominent subject of research in the field of
business as a consequence of the value that they
provide to hotels as well as to travellers. In the
recent years, a significant number of
researchers have been conducting sentiment
analysis on customer evaluations (Geetha,
Singha, & Sinha, 2017). When conducting this
kind of research, various approaches are

typically taken. Conducting
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surveys is one of the most used methods. In
order to determine the factors that contribute to
customers' trust in online reviews, researchers
create online questionnaires for customers to

fill out (Filieri, Alguezaui, & McLeay, 2015).

Researchers offer guidance to hotels based on
the results of the study regarding how these
reviews can be used by hotels to increase both
their income and the quality of their customer
service. The econometric method has also been
utilised by a number of research to investigate
the financial value of customer evaluations

(Xie, Zhang, & Zhang, 2014).

This strategy relies on statistical and
mathematical models to make predictions
about the utility and credibility of internet
reviews. Insights into hotel administration can
be gained through of the

any one

aforementioned  approaches.  Traditional
methods, on the other hand, have a difficult
time making full use of the huge volumes of

data that can be provided by online reviews.

Therefore, technologies such as opinion mining
and sentiment analysis appear to deal with
scenarios involving large amounts of data (Liu,
2012). A number of research have made use of
various computer technologies in order to

extract emotions and analyse textual aspects

© 2025, IJSREM | https://ijsrem.com

from online customer evaluations (Barreda &
Bilgihan, 2013). Crotts et al. (2009) conducted

research on three hotels located in New York

City and compiled a list of fifteen
characteristics associated  with  each
establishment. They ranked all of the

characteristics and discovered that customers
were most dissatisfied with the pricing and the
staff. It has been determined that using a tool
that is supported by a computer tends to lessen
interpretation bias and more thoroughly
identify products and service features. At the
moment, review data for a large scale analysis
is obtained from the Internet, and researchers

use an NLP technique in order to carry out

sentiment analysis (Shi & Li, 2011).
SENTIMENT ANALYSIS

Using a specialized Natural Language
Processing tool called Sentiment Analysis,
often known as opinion mining, we can
determine whether or not a set of data carries a
positive, negative, or neutral tone. There are a
few ways to go about this, the most common
being machine learning and lexicon-based
strategies. Sentiment analysis has several
applications, including but not limited to
enhancing the customer service process,
lowering employee turnover, and developing
superior products. Sentiment analysis is used

by virtually every large and expanding
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company today to streamline operations and
increase revenue. From facial expression
analysis to text categorization, sentiment

analysis has many uses.

One of the most common applications of
sentiment analysis is in the field of business
intelligence, where it is used to assist hotels
track how their guests feel about the services
they provide. It's also used by several social
networking sites to determine whether or not a
post's sentiment is particularly strong or
aggressive, at which point the message is either

removed or hidden.

Business executives have found it more useful
to use feedback automation tools since the rise
of ecommerce and social media. The retail
industry is one where sentiment analysis is
commonly used. Customers are increasingly
vocal about their wants, needs, preferences, and
complaints in the digital realm, which is
driving the rise in popularity of sentiment

analysis in the retail and technology sectors.

Sentiment analysis is a wuseful tool for
entrepreneurs looking to gauge consumer
reaction to their products. By monitoring
customer reactions to advertisements, shop
layouts, and in-store merchandise in real time,

retailers and tech businesses may better cater to

their customers' needs.
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Using a sentiment analysis tool, we could
immediately assess how satisfied consumers
were with the product as a whole. Insurance
businesses can use sentiment analysis to
identify recurring themes in customer
feedback, claim details, settlement letters, and

other documents.
OBJECTIVE OF THE STUDY

The end goal of the research is to construct a
hotel review prediction model that is capable of
reliably forecasting hotel reviews, regardless of

whether those reviews are good or negative.

EDA places a stronger emphasis on addressing
missing data and changing variables as
appropriate, in addition to analyzing the
assumptions that are important for the process
of model fitting. In the EDA report, the number
of rows and columns in the data set, as well as
any missing data, the types of data, and a

preview of the feature's significance, are briefly

described.
DATA AND METHODOLOGY

The dataset on Hotel Reviews that can be found
on Kaggle provides us with the information that
we make use of. There are a total of 38932
unique data points for numerous hotels. In

addition to the reviews of
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hotels, the collection includes information sentiment label = df.label.factorize()
. . . . sentiment label

regarding the categorization of the reviews as =
. . . (array([e, o, @, ..., @, 8, 1], diype=int6d),
either positive or negative. Index([ "Megative®, 'Positive'], dtype='object))

We will be utilizing EDA in order to perform Figure 2: Factorization

analysis on this dataset. The dataset, in addition
to the values that correlate to it, is shown in the It would be beneficial for us to convert our text

following table. data into a format that can be understood by our

machine learning model. In essence, we are

. going to have to transform the text into a list of
0 The room was kind of clean but had a VERY stro Negative
1 I stayed at the Crown Plaza Aprd — - April - Negative vector embedding. The connection that exists
2 | booked thes hote! through Hotwere at the low Negative .
3. Stayed here with tusband and sons onthe way ¢ Positive between the words in the text can be elegantly
4 My girlinends and | stayed here 1o celetvate Negative

represented through the wuse of word

Jsoz7 We armved late at night and walked in to 2 ch Positive embeddlng. In Order to aCCOInphSh thlS, we Wlll

Jgozs The only positive impeession is location and p Negative

38029 Traveling with friends for shopping and a shaw Negative ﬁI‘St aSSign a One—Of—a—kil’ld l’lumber to eaCh Of
38030 The expenence was just ok. We paid extra for Negative . .
38831  The Westin is a wonderfidly restored grande da Positive the One_Of_a_klnd WOI‘dS, and then we WIH
38932 rows x 2 columns replace that word with the number that we

assigned. Tokenizing each and every word in

Figure I: Dataset on Hotel Reviews the document with the assistance of the

DATA PREPROCESSING Tokenizer. Tokenization is the process of

reducing all of the words and phrases in a given

This dataset uses categorical labels for its  text to smaller units known as tokens.

features. Data in numeric form is the only kind

that machines can comprehend. Therefore, we from tensorflow.keras.preprocessing.text import Tokenizer

. . tokenizer = Tokenizer(num words=5200)
need to use the factorise() technique to tokenizer. it on texts(df new)

transform the category variables to their
numeric equivalents. This gives back an array Figure 3: Tokenization
of numeric values as well as an index of the
] The fit on texts() method establishes a
categories. )
connection between the words and the
numbered identifiers that are assigned to them.

Within the Tokenizer, there is an attribute
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called word index that stores this association in  form of Recurrent Neural Networks that has

the form of a dictionary. Using the text to been modified. The usage of sequential data,

sequence() method, we will now replace the such as text and audio, is the most common

words with the numbers that have been application for recurrent neural networks.

allocated to them.
During the process of generating an embedding

. matrix, the meaning of each word and the
encoded docs = tokenizer.texts to sequences{df new)

calculations associated with it are often saved.

These are referred to as hidden states. When

The length of the sentences included in the
) dealing with time-series data, LSTM networks

dataset does not vary uniformly from one to the
) perform quite well. Dropout is one of the

next. To ensure that each sentence is the same
) methods that are used to regularize the

length, we should use padding.

population. It is utilized in order to prevent

overfitting. As part of the dropout mechanism,

from tensorflow. keras.preprocessing.sequence dmport pad sequences
pacded sequence = pad sequences(encoded docs, maxlen=200) . .
we choose to eliminate certain neurons at

pacded sequence

random. The layer accepts an argument, which
dmmi B % S lrl m: f‘h} is a number in the range of 0 to 1 that denotes
s B the probability that the neurons will be
[ 8 8 0 .., 165, o ﬁii dropped. This results in a reliable model that is
' 25, 11, 22]))

free from overfitting.

BUILDING TEXT CLASSIFIER

In the machine learning model, we make use of
LSTM layers in order to do sentiment analysis
projects. An embedding layer, an LSTM layer,
and a Dense layer make up the architecture of
our model. The Dense layer is located at the
very end. We included the Dropout mechanism
in-between the LSTM layers to prevent the
problem of overfitting the data. Long Short-
Term Memory Networks 1is what the

abbreviation LSTM stands for. It is a
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Sl | : : On the training set, the sentiment analysis
beddLog(votab size, embeddleg vector fergth, lrput lengthaivn))

w1, addi Spatialoropost e, 25))

mode]. ad{1STH 50, drogoutsd, 5, recurreat dropaut=d 5))

model achieved an accuracy of 89%, while on

guid')) the test set, it achieved an accuracy of 87%.

VISUALIZATION OF MODEL METRICS

Model: “sequestial 2*

Utilizing the matplotlib package to create plots

of the created model's metric values The plot of

spatial dropoutia 1 (Spatia (Mee, 200, 32) ]

bt | the accuracy allows us to observe that the
PO R -~ model could definitely be trained a little bit
mW'I_ e im' " e more, as the trend for accuracy on both datasets
l}"mlll ________ is still rising during the last few epochs, despite
wol grasiy the fact that the plot shows that the accuracy

Trainatle parass: 841,227
Won-trainabie params: §

has been climbing for quite some time.

Hoae

TRAINING ~ SENTIMENT ~ ANALYSIS ¢ cap also observe that the model has not yet

MODEL become very proficient with the training

. . ) dataset, as it demonstrates skills that are
Train the sentiment analysis model for five

) . . . ) comparable across both datasets.
iterations using the entire dataset, with a batch P

size of 32 records and a validation split of 20 model accuracy
. . 089 | — wain e
percent. What the output looks like while et it
training is shown below: 087
§ s
= i 0ss
¥ /"‘/
183
aal
— o 0 10 15 20 25 3 5 40
poch

Figure 4: Accuracy Plot

The plot of the loss allows us to observe that
the model achieves results that are comparable

whether it is applied to the train dataset or the
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validation dataset (labeled test). If these
parallel plots begin to deviate from one another
in a regular manner, it may be a hint that

training should be stopped at an earlier epoch.

model loss

—— ain

wst

Figure 5: Loss Plot

SENTIMENT CLASSIFICATION
PREDICTION MODEL OUTPUT

Define a function that takes a text as input and

outputs its prediction label.

def predict sentiment(text):
r = tokenizer.texts to_sequences([text])
r = pad_seguences{r,maxlen=208)
predicti int{model.predict(r).round().iten())
P lat ", sentiment label[1][prediction])

print("Pradicted label

- "3 e Y e P G s¥h £
10Tel was Jquite g0dd 10 Sigy Wit 3

Reviewl

precict sentiment(Reviewl)

1/1 | == ====] - @5 117ms/ste
Predicted label: Positiw
Revisw? = "The se - t e
predict_sentiment(Review?)
1/1 | ====] - @s 183ms/step
Predicted Iabel: Hegative
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CONCLUSION

As network technology gets better, more and
more people like to talk about hotels on the
Internet. And the emotional classification of
hotel reviews can not only show how satisfied
the public is with the hotel, but it can also help
businesses make suggestions to customers
about how to improve service and better meet
their needs. So, it's important to look at how
people feel in hotel reviews. Emotional
analysis is figuring out what kind of emotion
the text is about based on the comments,
whether they are positive or negative. But
computers are not like humans. LSTM has been
used to make a successful model for analyzing
how people feel. In this machine learning
model, we made a binary text classifier that
divides hotel reviews into positive and negative
reviews based on how they make you feel.
During validation, we got more than 89% right.
The best way to decide if a hotel is right for
you is to find out what other people who have
stayed there have to say about it. This is where
the task of analyzing the tone of hotel reviews
can help hotel businesses decide if a hotel is
good for a trip or not. This is an interesting
piece of information that helps businesses in

the Hotel industry figure out how their

customers feel about their service.
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