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Abstract—In today’s business world, most companies have
realized that consumer feedback evaluations play a crucial part in
shaping the company’s future activities. The hotel and tourism
industries are well-known examples of where the use of user
feedback has become crucial. Even though most accommoda-
tions want their clients to express their opinions about their
services, these reviews are nevertheless carefully reviewed by
them. This manual approach is time demanding and error
prone, and the level of expertise of the individual analyzing the
evaluations determines the quality of the manual analysis.

This research focuses on the development of a tool-based
support system that analyzes text-based customer evaluations
and then highlights the maintenance issues identified in the
reviews, removing the need to manually evaluate and analyze
the customer reviews. The process includes data preparation,
sentiment analysis, and a fully trained deep learning model
to extract critical insights. Using sentiment analysis techniques
after data preprocessing and the trained deep learning model,
an accuracy of 96% was achieved, and this paper discusses
how this technology helps to meet the needs of accommodation
management by completing activities efficiently. This might save
management time while also allowing them to save money without
losing clients, allowing them to enhance their additional sales.

Index Terms—Machine Learning, Classification, Natural Lan-
guage Processing, Text-based Customer Review Analysis, Senti-
ment Analysis, Deep Learning

I. INTRODUCTION

As technology today covers every industry, the impact
it may have on businesses is immense. Online consumer
feedback is one aspect of this technological impact that has
been critical to the company’s success. The hospitality and
tourism industry is one well-known area where the usage
of technology is critical. Furthermore, customer feedback
is information offered by customers who share their ideas
regarding a certain item or service of an organization. They
are largely recorded these days through user-generated in-
formation seen in online customer reviews posted on review
websites. Customer feedback may have a substantial influence
on a company’s performance since the opinion of customers
is so crucial in a company’s competitive markets. [1]

A. Accommodations And Review Statements

After staying at an accommodation, a guest can rate it
and leave a comment about their experience. Customers can
provide both good and negative feedback. Some of the reviews

have conflicting opinions. Users write numerous evaluations,
many of which mention flaws that have to be addressed
by management. According to a customer review, customers
would be incredibly delighted the next time they stay at the
accommodation/guest house if management is able to listen
to the guest and ensure that any concerns are rectified and
addressed. This reflects the accommodation’s administration’s
concern for its visitors.In the hospitality and tourist industries,
online portals are rapidly being used for reservations and
bookings.

Many of these customers routinely utilize these websites
to book reservations. More than 140 million reservations
are made online each year, with the majority of customers
researching their travel alternatives on existing websites [2]

In order for any concerns brought up in the reviews to be
addressed, the relevant management must be made aware of
them. Customer reviews might be evaluated here to identify
such issues. Maintenance problems are unavoidable. This is
why it’s vital to be informed and watch for reviews and com-
plaints at all times. It may be challenging to keep track of guest
comments and improvement recommendations, especially for
major accommodation chains with a high volume of daily
guests. [3]

B. NLP And Sentiment Analysis Of Review Statements

Methods, strategies, and tools for analyzing, detecting, and
extracting subjective information from text, such as views and
attitudes, can be referred to as sentiment analysis [4] Accord-
ing to, sentiment analysis is the most popular study subject in
Natural Language Processing (NLP) [5]. Sentiment analysis
or opinion mining, according to the preceding description, is
the study of extracting or mining the sentiment value from a
customer’s comment, notion, or information towards a certain
area of interest. Nonetheless, the vast majority of existing
sentiment analysis algorithms are primarily concerned with
classifying sentiments as positive, neutral, or negative. It’s
possible to further broaden this system by classifying mainte-
nance issues into relevant categories such as food, electricity,
washroom, room, etc. This spectrum may be further refined
and fine-grained to include specific maintenance concerns such
as pool, kitchen, entertainment, service, bar, parking, and
miscellaneous, among others [6].
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II. DOMAIN BACKGROUND

A. Customer Feedback

A customer review, also known as customer feedback,
is information, an issue, or input provided by a consumer
regarding their experience with a certain product or service.
These customer ratings are significant in everyday life since
human decisions are constantly influenced by the thoughts and
perspectives of others [7]. As a result, these client reviews
have a substantial influence on a company’s or service’s
performance. As a result, in order to run a successful business,
customer reviews might be of aid. In the hospitality sector,
consumer feedback is a significant component of the decision-
making process for accommodation management, as well as a
decisive factor in the company’s future.

B. What is Sentiment Analysis and Its Benefits

Sentiment analysis [8] is the computer evaluation of a per-
son’s feelings, emotions, or attitudes toward a product, service,
or other item. It might be either favorable, neutral, or negative.
Although there was substantial interest in study in this field
in the early twentieth century with studies on public opinion
analysis, the beginning of computer-based sentiment analysis
did not emerge until the availability of subjective writings on
the Web [9]. Because sentiment analysis is a popular area of
study, recognizing and categorizing classification outcomes as
positive, negative, or neutral is already in use.

As many organizations struggle with information overload
these days, they routinely keep massive amounts of client input
that are difficult to manually sift and evaluate. Similarly, if a
certain lodging receives more than 5000 consumer evaluations
each month, that is more than 150 reviews left per day. It
would be a nightmare for employees to read and categorize
the responses for analysis, and by the time it is completed,
the information may be out of date. Furthermore, by rapidly
and properly assessing feedback, customer experience may be
improved by taking the appropriate measures to fix current
concerns while focusing on driving further sales to the com-
pany.

III. MACHINE LEARNING-BASED CLASSIFICATION AND
EXTRACTION TECHNIQUES

Text polarity is selected via classifiers. Support Vector Ma-
chine (SVM), Naive Bayes, and maximum entropy classifiers
are often used models [10]. Several models, including logistic
regression and random forest, can be used in conjunction with
the machine learning approach for classification problems. A
labeled dataset is used in the supervised learning technique
to deliver an appropriate output [11]. If there is unlabeled
data, a clustering approach must be performed before utilizing
supervised learning. Unsupervised learning requires no labeled
data. Because the user reviews are labeled, supervised learning
classification is a better fit for this, leading in higher accuracy
and performance.

IV. DEEP LEARNING-BASED CLASSIFICATION AND
EXTRACTION TECHNIQUES

Deep learning is an early subset of Machine Learning that
acts similarly to Machine Learning but can do better on more
complex data than Machine Learning and can extract features
without human involvement [12]. Deep learning allows com-
puter models composed of several processing layers to learn
data representations with varying degrees of abstraction [13].
Deep Learning is a complicated science, yet the possibilities
are limitless.

Deep learning models demand a lot of resources, thus a
system with more cores and a good GPU is essential for
the model to function well. Deep Learning is utilized in this
research, together with NLP and text preparation techniques,
to develop a model for the problem that this project is seeking
to solve.

V. EXISTING WORK

This section takes a look at the most relevant existing solu-
tions for reviewing, assessing, and classifying in the hospitality
sector. And the author evaluates their benefits and drawbacks
in order to determine how far existing solutions go in resolving
challenges linked to this area and similar domains.

A. Existing Work on Rule-based approaches

This technique extracts polarity from sentiment lexicons, ag-
gregates those scores, and then estimates the overall sentiment
of a phrase. This approach is frequently used when sentiment
tagged data is not available or the algorithm performs well
across domains. The effectiveness of this method might be
increased by POS tagging, phrase co-occurrence analysis, and
NLP [14].

[15] The authors of the research developed a contextual
technique to increase the effectiveness of Lexicon-based Sen-
timent Analysis. Furthermore, the authors considered the pos-
sibility of Sentiment Analysis performance degradation caused
by both the local and global environment. This technique
enhanced precision, recall, and accuracy when compared to the
baseline method. The key drawback is that the focus should
be on establishing the sentiment value of reviews at the aspect
level.

The authors implemented an enhanced sentiment classifier
[16] based on the lexicon-based approach, using four-way clas-
sification methods such as modifiers and negation classifiers,
emoticons classifier, domain specific classifier, and SWN-
based classifier to achieve sentiment analysis effectively and
accurately. As a consequence, the authors were able to improve
the accuracy and efficiency of sentiment categorization in a
variety of domains while also reducing the amount of neutral
evaluations discovered. The time required to manually assign
ratings to domain-specific terms was their system’s largest
flaw.

B. Existing Work on Machine Learning approaches

[17] The authors describe how they created a model for
sentiment analysis of reviews using Naive Bayes, Support
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Vector Machine, and Decision Tree. They utilized Ama-
zon.com reviews to recommend that supervised learning be
utilized for implementation. Cross-validation of the classifier
findings was also done to justify the best classifier for the pur-
pose. Using cross-validations and performance comparisons of
the three classifiers used, Support Vector Machine was the
best classifier with 81.75% accuracy. As previously mentioned,
the project may be developed to categorize reviews other
than positive and negative, as well as produce product ratings
depending on the reviews.

In this research work, the Random Forest approach [18]
is used to give a sentiment analysis approach in Indonesian
language. Furthermore, as stated by the authors, they employed
a number of weighting methods, including Binary TF, Raq
TF, TF-IDF, and Logarithmic TF, as well as bag of words
(BOW) features, and they were able to reach an accuracy of
82

Fig. 1. A prototype feature diagram of the proposed system (self-composed)

C. Existing Work on Hybrid approaches

This research [19] uses a range of machine learning and
deep learning approaches to analyze and predict positive and
negative views in a Twitter tweet dataset, including CNN,
RNN, Decision Trees, Naive Bayes, Random Forest, and
LSTM. The techniques are then compared to determine which
algorithm is superior. Then, to develop a hybrid model, CNN
classifier, CNN (with Word2Vec), and RNN classifier (with
LSTM and Word2Vec) are utilized.

This research [20] is being conducted to create a model for
sentiment analysis of tweets using a hybrid technique. The au-
thors used SentiWordNet-based feature vectors as input and
Support vector machine (SVM) as the classification model.
Tokenization and part of speech tagging were also utilized in
data preparation. The authors picked Support Vector Machine
because it outperforms other classifiers in terms of accuracy
and precision. The author’s major purpose in implementing a
hybrid method was to improve classification performance by
using SWN to manage lexicon modifier negation during score
calculation.

VI. PROPOSED APPROACH AND ARCHITECTURE

Figure 1 depicts a similar prototype feature diagram of the
suggested prototype created as well as its functionality linked
to the proposed research.

As seen in the figure 2, the author choose tiered architecture
as the high-level architecture for the system. This is more
scalable than the layered design, suggesting that each level of
the architecture may be grown separately without affecting the
other layers.

Generally, if a web application is used to show the outcome
of the Classification and Extraction System after deploying the
model built. In a scenario like that, it would make more sense
to showcase how the components of the system depicts their
relationships and their data flows.

Fig. 2. Component diagram of the proposed system (self-composed)
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1) Presentation Tier - In this case, the web interface acts as
the presentation tier. The online interface is used by the
user to write and search for reviews, while management
may search, assess, and categorize comments based on
a variety of maintenance categories.

2) Logic Tier - This logic layer would be in charge of
searching and interpreting guest reviews, recognizing
maintenance concerns, and monitoring their status. This
layer communicates with the data storage layer to re-
trieve and store information, as well as with the presen-
tation layer to transmit data to the guest / management.

3) Data Tier -The data layer may be used to record both
visitor comments and information about maintenance
issues. The data storage layer communicates with the
application layer, supplying data for processing and
storing any information generated by processing.

During a requirement survey conducted prior to developing
the prototype, the author realized that there was an obvious
need for the public and accommodation managements to
classify and extract reviews based on several categories.

The author’s first objective was to use Machine Learning
techniques in conjunction with Natural Language Processing
(NLP) and integrate them into the system in order to construct
the model. However, due to the reduced accuracy and poor
results produced by using Machine Learning Algorithms, the
author investigated numerous Deep Learning approaches and
finally MLP (Multilayer Perceptron) is used to construct a
superior model with great accuracy above 95%. Furthermore,
using deep learning and NLP, which are not available in any
existing platform, it is possible to detect the maintenance-
related problems arising from these challenges with high
accuracy [21].

VII. TESTING AND EVALUATION

A. Testing

This author discusses the model’s key testing objectives.
The prototype will be thoroughly tested using these processes
in order to eliminate any potential defects and improve the
overall system.

1) Confusion Matrix: -
The confusion matrix is a table that summarizes classifica-

tion model performance. To comprehend a confusion matrix,
the following terminology must be understood.

• True Positives - Values that have been specified as true
and are expected to be true by the system.

• True Negatives - Values that have been designated as
negative and predicted as negative by the system.

• False Positives - Values declared as true but predicted by
the system as negative.

• False Negatives - Values set as negative but predicted by
the system as positive.

2) Accuracy: -
The average accuracy of the model obtained is 95%.
Accuracy of the Model = (number of statements with correct

positive outputs + number of statements with correct negative
outputs) / (number of statements tested) * 100%.

3) F1 score: -
F1 Score is a measurement used to compare two models,

such as two models with low precision and good recall, or
vice versa. Thus, the F1 Score is introduced to capture both
accuracy and recall simultaneously.

4) Precision: -
This is the proportion of accurate predictions that were

successful, and the prototype has a precision of 0.94.

5) Recall: -
The prototype was successful in making 0.94 real positive

predictions, which is the measurement used to determine
’Recall’.

Testing done for some of the review statements based on
the model is presented in the table I

TABLE I
CONFIDENCE SCORE RESULTS FOR TESTED REVIEWS

Review Expected
Result

Actual
Result

Confidence
score

The services that you are provid-
ing in here is appreciable. I really
like this place.

Positive
review

Positive
review

87.30%

The pool at this hotel was dirty
and stingy. I wouldn’t even let my
dog swim in it.

Negative
review

Negative
review

99.85%

The hotel was absolutely beauti-
ful, with stunning decor and atten-
tion to detail in every corner.

Positive
review

Positive
review

87.17%

My stay at this hotel was a night-
mare. The room was dirty.

Negative
review

Negative
review

85.16%

The air conditioning in the room
was broken and it was sweltering
hot. I couldn’t get any relief.

Negative
review

Negative
review

98.59%

The food wasn’t cooked well and
customer service is horrible.

Negative
review

Negative
review

97.13%

We were blown away by the qual-
ity of the food at the hotel’s
restaurant - everything was deli-
cious and expertly prepared.

Positive
review

Positive
review

87.03%

The restaurant was overpriced and
the portions were small. I didn’t
feel like I got my money’s worth.

Negative
review

Negative
review

89.98%

B. Evaluation of the System

Evaluation is the most important stage in the software
development cycle since feedback and professional evaluations
are crucial in deciding the system’s success or failure. The
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system’s limitations can also be clearly identified . Addition-
ally, the performance and success of the project are more
meaningful and productive.

The project’s outcome will improve the manual process
that the majority of lodgings now utilize for examining text-
based feedback from customers. The suggested system can
assess hundreds of reviews in a matter of seconds and identify
maintenance-related issues from them, saving a lot of time
and eliminating the need for a person to examine the reviews,
which is a labor-intensive and error-prone operation.The au-
thor was able to achieve the research goal by employing recog-
nized text mining techniques in Natural Language Processing,
sentiment analysis approaches from the literature review, as
well as using Deep Learning to create the model.

The development of models and data pre-processing have
taken a lot of effort in order to get the best results with the data
currently available. Enterprise-level tools, technologies, and
processes were used to construct the recommended solution.
The system was developed taking into account both the
requirements that had already been identified using efficient
qualitative and quantitative fact collecting techniques, as well
as any potential future requirements. In order to choose the
mean accuracy for classification measures, the F1 score was
predominantly employed. They were investigated using the
confusion matrix. Recall and precision were also taken into
account. They were chosen after reviewing over the exist-
ing literature.

By completely eliminating the human process of evalu-
ating text-based customer feedback, the suggested approach
attempts to provide more accurate and important data. While
the management of the accommodation can notify guests of
maintenance-related issues that have already been rectified and
take note of them, this would also increase guest satisfaction
[22].

VIII. FUTURE ENHANCEMENTS

Although the method was developed for the hospitality and
tourist industry, it may be used to any industry. The system
has been designed and constructed such that it may be utilized
with any other domain, such as the restaurant business, to
analyze any kind of issue. The hospitality and tourist sectors
were chosen as the focus of this initiative. The new domain
will need the utilization of new datasets.

The system will need multi-language support in order to
become a widely utilized system on a worldwide scale, which
was not taken into consideration. This might be accomplished
by training them on distinct datasets for each language, but
it will be necessary to employ libraries that are designed
for these languages. It will be difficult to implement some
languages since certain libraries do not support them.

The categorization accuracy of the model can be further
enhanced, which will provide more accurate information.

Slang, irony, and sarcasm are three examples of semantics
that have the power to drastically alter a person’s perspective,
however this system has been criticized for not taking them
into account which is another limitation.

IX. CONCLUSION

The research was to categorize a variety of maintenance
issues found in lodgings, and it was determined that they were
electrical, bathroom, and room-related. The recurrent problems
in reviews were also found to be related to food or other
categories.

Secondly, examined the viability of employing Deep Learn-
ing and Natural Language Processing approaches to detect
maintenance concerns in the hospitality and tourist industry.

Hence, this research offers a method for accommodations to
automatically categorize and analyze customer reviews using
Deep Learning and Natural Language Processing to find issues
with maintenance. This research describes how a workable
strategy was found by evaluating the solutions, technologies,
approaches, and tools already in use. To ensure that the
model’s performance is acceptable, extensive testing was con-
ducted.
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