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ABSTRACT

Modern business and trade are greatly impacted by online reviews. The majority of the
decision-making process when buying things online is influenced by user reviews. Because of
this, shady people or organizations attempt to influence product reviews in order to forward
their own agendas. Online reviews have emerged as the most significant source of consumer
feedback in recent years. More and more people and businesses are using these reviews to
guide their business and buying decisions. Unfortunately, scammers have created false (spam)
evaluations because they are motivated by the need for money or attention. Because of the
fraudsters' actions, enterprises that are restructuring their businesses and prospective clients are
misled, and opinion-mining tools are unable to draw reliable findings. There are two basic
methods for producing fake reviews. First, via the use of human content writers who are paid
to create evaluations of things that look legitimate but are really written by someone who has
never seen the products in question. Secondly, in a (b) computer-generated manner by
automating the construction of the fictitious review utilizing text-generation algorithms. In the
past, human-generated fake reviews were exchanged on an internet platform like commodities
in a "market of fakes"; buyers could order reviews in any amount, and human authors would
do the task. But as text generation technology has advanced, particularly in natural language
processing (NLP) and machine learning (ML), automated fake reviews have become more and
more attractive. With generative language models, for example, fake reviews can now be
produced at a much lower cost than those created by humans, and at a larger scale. In order to
identify fraudulent online reviews, this study presents a few semi-supervised and supervised
text mining algorithms and evaluates the effectiveness of each method using a dataset of hotel
reviews.

Keywords: NLP, SVM, Tokenization, Hotel review analysis.
1. INTRODUCTION

In this era of the internet, customers can post their reviews or opinions on several websites.
These reviews are helpful for the organizations and for future consumers, who get an idea about
products or services before making a selection. In recent years, it has been observed that the
number of customer reviews has increased significantly [1]. Customer reviews affect the
decision of potential buyers. In other words, when customers see reviews on social media, they
determine whether to buy the product or reverse their purchasing decisions. Therefore,
consumer reviews offer an invaluable service for individuals [2]. Positive reviews bring big
financial gains, while negative reviews often exert a negative financial effect. Consequently,
with customers becoming increasingly influential to the marketplace, there is a growing trend
towards relying on customers’ opinions to reshape businesses by enhancing products, services,
and marketing [3]. For example, when several customers who purchased a specific model of
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Acer laptop posted reviews complaining about the low display quality, the manufacturer was
inspired to produce a higher-resolution version of the laptop.

Fake reviews can be created in two main ways. First, in a (a) human-generated way by paying
human content creators to write authentic-appearing but not real reviews of products — in this
case, the review author never saw said products but still writes about them. Second, in a (b)
computer-generated way by using text-generation algorithms to automate the fake review
creation [4]. Traditionally, human-generated fake reviews have been traded like commodities
in a “market of fakes” — one can simply order reviews online in a given quantity, and human
writers would carry out the work. However, the technological progress in text generation —
natural language processing (NLP) and machine learning (ML) to be more specific — has
incentivized the automation of fake reviews, as with generative language models, fake reviews
could be generated at scale and a fraction of the cost compared to human-generated fake
reviews.

Analyzing hotel reviews can provide valuable insights for both the hospitality industry and
researchers in various fields. Here are some research motivations and potential areas of study
related to hotel review analysis, such as improving customer satisfaction, topic modeling and
trend analysis.

Understanding the key drivers of customer satisfaction in hotels by analyzing reviews can help
hotels and businesses in the service industry enhance their offerings and meet customer
expectations.

Develop advanced sentiment analysis techniques to not only identify positive and negative
sentiments but also detect underlying emotions in hotel reviews. This can be valuable for
understanding the emotional aspects of customer experiences. Use topic modeling techniques
to identify the most discussed topics in hotel reviews over time [5]

2. LITERATURE SURVEY

Yuanyuan Wu et. al [6] proposes an antecedent—consequence—intervention conceptual
framework to develop an initial research agenda for investigating fake reviews. Based on a
review of the extant literature on this issue, they identify 20 future research questions and
suggest 18 propositions. Notably, research on fake reviews is often limited by lack of high-
quality datasets. To alleviate this problem, they comprehensively compile and summarize the
existing fake reviews-related public datasets. They conclude by presenting the theoretical and
practical implications of the current research.

Liu et. al [7] proposed a method for the detection of fake reviews based on review records
associated with products. They first analyse the characteristics of review data using a crawled
Amazon China dataset, which shows that the patterns of review records for products are similar
in normal situations. In the proposed method, they first extract the review records of products
to a temporal feature vector and then develop an isolation forest algorithm to detect outlier
reviews by focusing on the differences between the patterns of product reviews to identify
outlier reviews. They will verify the effectiveness of our method and compare it to some
existing temporal outlier detection methods using the crawled Amazon China dataset. They
will also study the impact caused by the parameter selection of the review records. Our work
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provides a new perspective of outlier review detection and our experiment demonstrates the
effectiveness of our proposed method.

Mohawesh et. al [8] presented an extensive survey of the most notable works to date on
machine learning-based fake review detection. Firstly, they have reviewed the feature
extraction approaches used by many researchers. Then, they detailed the existing datasets with
their construction methods. Then, they outlined some traditional machine learning models and
neural network models applied for fake review detection with summary tables. Traditional
statistical machine learning enhances text classification model performance by improving the
feature extraction and classifier design. In contrast, deep learning improves performance by
enhancing the presentation learning method, algorithm’s structure and additional knowledge.
They also provided a comparative analysis of some neural network model-based deep learning
and transformers that have not been used in fake review detection. The outcomes showed that
RoBERTa achieved the highest accuracy on both datasets. Further, recall, precision, and F1
score proved the efficacy of using RoBERTa in detecting fake reviews. Finally, they
summarised the current gaps in this research area and the possible future direction to get robust
outcomes in this domain.

Ahmed et. al [9] proposed a fake news detection model that use n-gram analysis and machine
learning techniques. They investigate and compare two different features extraction techniques
and six different machine classification techniques. Experimental evaluation yields the best
performance using Term Frequency-Inverted Document Frequency (TF-IDF) as feature
extraction technique, and Linear Support Vector Machine (LSVM) as a classifier, with an
accuracy of 92%.

Atefeh Heydari et. al [10] proposed a robust review spam detection system. A detailed literature
survey has shown potential of the timing element when applied to this domain and lead to the
development of review spam detection approach based on time series analysis methods. Based
on the consideration that the capture of burst patterns in reviewing process can improve the
detection accuracy, in this experiment, they propose a review spam detection approach which
investigates bogusness of reviews fallen.

3. PROPOSED SYSTEM
3.1 Overview

In this project, we make some classification approaches for detecting fake online reviews, some
of which are semi-supervised, and others are supervised. For semi-supervised learning, we use
Expectation-maximization algorithm. Statistical Naive Bayes classifier and Support Vector
Machines (SVM) are used as classifiers in our research work to improve the performance of
classification. We have mainly focused on the content of the review-based approaches. As
feature we have used word frequency count, sentiment polarity and length of review. Figure 1
shows the proposed detailed system model.
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Fig. 1: Block diagram of proposed system.
The detailed operation illustrated in step wise as follows:
3.2 TF-IDF Feature Extraction

TF-IDF which stands for Term Frequency — Inverse Document Frequency. It is one of the most
important techniques used for information retrieval to represent how important a specific word
or phrase is to a given document. Let’s take an example, we have a string or Bag of Words
(BOW) and we have to extract information from it, then we can use this approach.

Figure 4.2 shows the TF-IDF feature extraction block diagram. The tf-idf value increases in
proportion to the number of times a word appears in the document but is often offset by the
frequency of the word in the corpus, which helps to adjust with respect to the fact that some
words appear more frequently in general. TF-IDF use two statistical methods, first is Term
Frequency and the other is Inverse Document Frequency. Term frequency refers to the total
number of times a given term t appears in the document doc against (per) the total number of
all words in the document and the inverse document frequency measure of how much
information the word provides. It measures the weight of a given word in the entire document.
IDF show how common or rare a given word is across all documents. TF-IDF can be computed

astf * idf .
TF«IDF Vectors for Euclidian, Manhattan
Technique each words Distance, Cosine Sim Etc.

Fig. 2: TF-IDF block diagram.

TF-IDF do not convert directly raw data into useful features. Firstly, it converts raw strings or
dataset into vectors and each word has its own vector. Then we’ll use a particular technique for
retrieving the feature like Cosine Similarity which works on vectors, etc.

Terminology
t — term (word)
d — document (set of words)
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N — count of corpus
corpus — the total document set

Step 1: Term Frequency (TF): Suppose we have a set of English text documents and wish to
rank which document is most relevant to the query, “Data Science is awesome!” A simple way
to start out is by ehmlnatmg documents that do not contain all three words “Data” is”,
“Science”, and “awesome”, but this still leaves many documents. To further distinguish them,
we might count the number of times each term occurs in each document; the number of times
a term occurs in a document is called its term frequency. The weight of a term that occurs in a

document is simply proportional to the term frequency.
tf(t,d) = count of tind / number of words ind

Step 2: Document Frequency: This measures the importance of document in whole set of
corpora, this is very similar to TF. The only difference is that TF is frequency counter for a
term t in document d, whereas DF is the count of occurrences of term t in the document set N.
In other words, DF is the number of documents in which the word is present. We consider one
occurrence if the term consists in the document at least once, we do not need to know the
number of times the term is present.

df (t) = occurrence of t in documents

Step 3: Inverse Document Frequency (IDF): While computing TF, all terms are considered
equally important. However, it is known that certain terms, such as “is”, “of”, and “that”, may
appear a lot of times but have little importance. Thus, we need to welgh down the frequent
terms while scale up the rare ones, by computing IDF, an inverse document frequency factor
is incorporated which diminishes the weight of terms that occur very frequently in the
document set and increases the weight of terms that occur rarely. The IDF is the inverse of the
document frequency which measures the informativeness of term t. When we calculate IDF, it
will be very low for the most occurring words such as stop words (because stop words such as
“is” 1s present in almost all of the documents, and N/df will give a very low value to that word).
This finally gives what we want, a relative weightage.

idf(t) = N/df

Now there are few other problems with the IDF, in case of a large corpus, say 100,000,000, the
IDF value explodes, to avoid the effect we take the log of idf . During the query time, when a
word which is not in vocab occurs, the df will be 0. As we cannot divide by 0, we smoothen
the value by adding 1 to the denominator.

tdf(t) = log(N/(df + 1))

The TF-IDF now is at the right measure to evaluate how important a word is to a document in
a collection or corpus. Here are many different variations of TF-IDF but for now let us
concentrate on this basic version.

tf —idf(t,d) = tf(t,d) * log(N/(df + 1))
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3.3 Support Vector Machine Model

Support Vector Machine or SVM is one of the most popular Supervised Learning algorithms,
which is used for Classification as well as Regression problems. However, primarily, it is used
for Classification problems in Machine Learning. The goal of the SVM algorithm is to create
the best line or decision boundary that can segregate n-dimensional space into classes so that
we can easily put the new data point in the correct category in the future. This best decision
boundary is called a hyperplane.

SVM chooses the extreme points/vectors that help in creating the hyperplane. These extreme
cases are called as support vectors, and hence algorithm is termed as Support Vector Machine.
Consider the below diagram in which there are two different categories that are classified using
a decision boundary or hyperplane:
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Machine learning involves predicting and classifying data and to do so we employ various
machine learning algorithms according to the dataset. SVM or Support Vector Machine is a

Negative Hyperplane

linear model for classification and regression problems. It can solve linear and non-linear
problems and work well for many practical problems. The idea of SVM is simple: The
algorithm creates a line or a hyperplane which separates the data into classes. In machine
learning, the radial basis function kernel, or RBF kernel, is a popular kernel function used in
various kernelized learning algorithms. In particular, it is commonly used in support vector
machine classification. As a simple example, for a classification task with only two features
(like the image above), you can think of a hyperplane as a line that linearly separates and
classifies a set of data.

e Intuitively, the further from the hyperplane our data points lie, the more confident we
are that they have been correctly classified. We therefore want our data points to be as
far away from the hyperplane as possible, while still being on the correct side of it.

e So, when new testing data is added, whatever side of the hyperplane it lands will decide
the class that we assign to it.

4. RESULTS AND DISCUSSION

Figure 3 represents a portion of the original dataset. It shows some examples of the reviews
and their associated labels before any preprocessing or feature extraction.
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Figure 3. Sample dataset.

Figure 4 represents the same dataset but after applying preprocessing steps like lowercasing,
punctuation removal, stop word removal, and lemmatization. The reviews are transformed into
a cleaner format suitable for further analysis.

stay hilton night last march pleasant stay got large room double bed bathroom tv ok crt flat screen coin
cierge friendly need room cleaned arrived ordered pizza room service pizza ok also main hall beantiful
breakfast charged dollar kinda espensive internet access wifi charged dollar day pro low rate price hu
ge room close attraction loop close metro station con expensive breakfast internet access charged tip |
eaving building always use michigan av exit great view 1

stunning hotel excellent location greatest u city entrance lobby hotel indicates class bedroom large co
mfortable customer service second none located south michigan directly across road grant millenium p
ark also free shuttle water tower heart magnificent mile blue fan buddy guy legend club situated imme
diately behind hotel highly recommended
staying hotel one high point last minute budget valentine weekend trip husband got great rate priceline
close subway red line got ohare hotel le hour u able check hour early room great clean good closet spa
ce fantastic bedding one expensive drink irish bar bartender advice restaurant club check made worth
price concierge helpful overall service terrific room great staying treat would stay time especially price

went chicago week may decided good stay hilton disapointed perhaps becuse quite convention going lo
t people staying night got upgraged exceutive level double bed bathroom bed pillow die comfy ant end
day seemed walked mile staff helpful lot guest seemed ignore staff especially chamber maid seemed th
ik way perhaps people felt people rude unhelpful block away harrison cafe called orange make place
breakfast cafe staff suberb expect min wait sat sun morning 1

stayed nov dec wonderful time hotel beautiful service excellent check maid staff bartender kitty oshea
room king bed comfortable nice feather pillow request type problem feather large flat screen tv nice ba
th product crabtree evelyn incladed shampoo conditioner mouthwash bady lotion plenty coffee provide
d drank smack kitty oshea crowd fun live irish folk music night good selection beer good shepard pie ch
eese dip crisp location worked well u walked art museum buddy guy blue club right across street shopp
ing breeze using shuttle cab ride museum science industry quite far though cost way excellent weekend
getaway ==1
travel chicago regularly always wanted stay hilton chicago booked priceline room weekend half marath
on place busy staff certainly found time individual guest room nice expected pool area also nice downto
wn hotel location great taking bear game thursday night sox game friiday night would certainly stay wo
uld recomment others great quality even regular room price =—==1

Figure 4. Preprocessed dataset.

Figure 5 represents the output of the TF-IDF (Term Frequency-Inverse Document Frequency)
feature extraction process. It shows the TF-IDF vectors that were created from the preprocessed
reviews. Each row corresponds to a review, and each column corresponds to a unique term in
the corpus. The values in the matrix represent the TF-IDF weights of the terms in the reviews.
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Figure 5. TF-IDF output features.
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Table 1 presents the classification report for the EM-Naive Bayes model. The classification
report provides various metrics for each class (0 and 1) and overall averages. The metrics
include accuracy, precision, recall, and F1-score. These metrics evaluate the performance of
the model in predicting each class and overall. It also includes the support, which is the number
of samples in each class.

Table 1. EM-Naive Bayes Classification Report

Class Accuracy | Precision | Recall | F1-Score | Support
0 - 0.69 0.91 0.79 147
1 - 0.90 0.66 0.76 173
Macro Avg - 0.80 0.79 0.77 320
Weighted Avg 0.78 0.80 0.78 0.77 320

Like Table 1, this table.2 presents the classification report for the SVM model. It provides the
same set of metrics for each class (0 and 1) and overall averages, which shows superior
performance than the conventional EM-NB.

Table 2. SVM Classification Report

Class Accuracy | Precision | Recall | F1-Score | Support
0 - 0.83 0.85 0.84 147
1 - 0.87 0.85 0.86 173
Macro Avg - 0.85 0.85 0.85 320
Weighted Avg 0.85 0.85 0.85 0.85 320

A confusion matrix visually represents the performance of a classification model. the confusion
matrix specific to the EM-NB model. It includes the true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN) for both classes (0 and 1).

EM-NB Confusion Matrix

- 125
E 134
- 100
75
50
114
25

|
FAKE TRUTHFULL
Actual

FAKE

Prediction

TRUTHFULL

Figure 6. EM-NB confusion matrix
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Like Figure 6, Figure 7 represents the confusion matrix for the SVM model. It shows well the
SVM model predicted each class and where the model made errors.

SVM Confusion Matrix

f 7125

FAKE TRUTHFULL
Actual

FAKE

Prediction

TRUTHFULL

Figure 7. SVM confusion matrix.

Figure 8 shows the prediction results from test data. Here, for the applied test input tweet, the
review predicted as truthful, fake, neutal.

Given review predicted as TRUTHFULL

arrived find sleep future dance club connected hotel party stay night anyway hotel would fine nt plan g
et rest club open front desk lady extremely rude people calling inquire hotel checking fine gave cornes
room sure would nt want bad side

CLASSIFIED AS Neutral

Given review predicted as TRUTHFULL

stay superb view window stunning looked could see beautiful grant park room nice airy feel also warm
inviting bed comfortable wireless internet fast effective nice especially business trip hotel walking dist
ance museum nice vaca overall thouroughly enjoyed stay

CLASSIFIED AS Positive
Given review predicted as FAKE

excellent hotel heart chicago room stayed great view lake michigan went july vacation everything easi
v accesible hotel major attraction around loop area also got great deal price would recommend hotel a
yome visiting chicago right spot business pleasure

CLASSIFIED AS Positive

Given review predicted as TRUTHFULL
visiting busy conference chicago hotel booked solid full hotel allows meet wide array customer everyo!
e complaining service cleanliness overall experience location good hotel tired employee surly many co

ol property choose town never stay think hilton general
CLASSIFIED AS Positive

Figure 8. Prediction from test data.

Figure 9 shows the sentiment graph. Here, the 13.4% of reviews are predicted as negative,
19.5% of reviews are predicted as positive, and 67.1% of reviews are predicted as neutral.

Sentiment Graph
Negative

Positive

Neutral

Figure 9 Sentiment graph.
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5 Conclusion

This work focused on hotel review data analysis and prediction, the dataset was meticulously
preprocessed by addressing text-related challenges such as special character removal,
tokenization, lowercase conversion, stop word elimination, and stemming or lemmatization.
Natural Language Processing (NLP) techniques were employed to extract meaningful features,
including sentiment, and other relevant characteristics from the textual reviews. Furthermore,
the TF-IDF technique was applied to transform the preprocessed text into numerical vectors,
facilitating the representation of reviews as feature-rich sparse matrices.

Two distinct classification approaches were considered: firstly, an existing EM-NB classifier
was employed. EM-NB is notable for its ability to effectively handle missing data by
incorporating the Expectation-Maximization algorithm into the traditional Naive Bayes
framework. This classifier was trained using the TF-IDF transformed training data and
subsequently evaluated on the test data utilizing an array of performance metrics, thereby
enabling a comprehensive assessment of its predictive capabilities. Secondly, SVM classifier
was proposed as an alternative to EM-NB. SVMs are renowned for their proficiency in text
classification tasks. The SVM classifier was trained on the same TF-IDF transformed dataset,
and hyperparameters, such as the choice of kernel function and regularization parameter, were
carefully tuned to optimize its performance. Both the EM-NB and SVM classifiers were then
utilized to predict hotel review sentiments or other pertinent labels on the test data. The
resulting predictions were meticulously stored for subsequent analysis.

To gauge the performance of these classifiers, a diverse range of metrics, including accuracy,
precision, recall, F1-score, ROC curves, and potentially cross-validation, were employed. This
comprehensive evaluation enabled an informed selection of the model that excelled in terms of
the chosen evaluation criteria. The chosen model can now be subjected to further fine-tuning
and, if deemed appropriate, deployed for real-world applications, offering valuable insights and
predictions regarding hotel reviews, thereby enhancing decision-making and customer
experiences in the hotel industry.
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