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ABSTRACT

Aim/Purpose The need for this paper stems from the challenge of efficiently analyzing large
volumes of customer reviews in the hotel industry, which is growing and com-
plex due to the widespread use of digital platforms. With consumers increas-
ingly sharing feedback across various social media applications, manual pro-
cessing becomes impractical, necessitating machine learning algorithms for ac-
curate sentiment analysis and prediction.

Background This paper addresses the problem by applying machine learning algorithms, spe-
cifically fine-tuned bidirectional GRU with FastText embedding, to perform lo-
cation-based sentiment analysis and prediction of customer reviews in the hotel
industry, providing an efficient solution to process large-scale unstructured data
and extract valuable insights for improving customer experience.

Methodology This study employs machine learning techniques, including Random Forest
(RF), Support Vector Machine (SVM), Bidirectional Long-Short Term Memory
(BiLSTM), and Bidirectional Gated Recurrent Unit (GRU), to perform senti-
ment analysis on customer reviews in the hotel industry. The paper focuses on
using a fine-tuned bidirectional GRU model with FastText embedding for loca-
tion-based sentiment analysis and prediction. The research sample consists of a
large dataset of customer reviews, which are processed and analyzed to predict
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sentiment and evaluate model performance, achieving an overall score of
84.31%.

This paper contributes to the body of knowledge by demonstrating the effective
application of advanced machine learning algorithms, particularly a fine-tuned
bidirectional GRU with FastText embedding, for sentiment analysis in the hotel
industry. It offers a unique approach to location-based sentiment analysis, al-
lowing for a deeper understanding of regional variations in customer percep-
tions. The study also provides insights into the comparative effectiveness of dif-
ferent machine learning models for sentiment classification and prediction by
comparing multiple algorithms. This work enhances the existing methodologies
for processing large-scale, unstructured data and highlights the potential of sen-
timent analysis to drive data-informed strategies in customer-centric industries.

The study found that the fine-tuned bidirectional GRU model with FastText
embedding achieved an accuracy of 84.31%, outperforming other algorithms in
sentiment classification. It highlighted the effectiveness of location-based senti-
ment analysis for understanding regional variations in customer perceptions.
The approach also demonstrated strong predictive capabilities, aiding data-
driven decision-making in the hospitality sector.

The findings of this paper have significant implications for industries, patticu-
larly in the hospitality sector, as they provide an effective method for analysing
customer sentiment at a granular level. The ability to assess customer opinions
through sentiment analysis can help businesses improve customer service, tailor
their offerings to meet customer needs, and enhance the overall customer expe-
rience. Additionally, location-based sentiment analysis can enable businesses to
understand regional differences, allowing for more personalized marketing strat-
egies and better resource allocation.

Future research could focus on improving the accuracy and efficiency of senti-
ment analysis models by incorporating more advanced deep learning techniques
and larger, more diverse datasets. Exploring the application of sentiment analy-
sis in other sectors, such as healthcare, education, and finance, could provide
broader insights into customer perception. Additionally, integrating sentiment
analysis with other data sources, such as social media and customer feedback,
may lead to more comprehensive and real-time prediction models. Further di-
rections include multilingual sentiment analysis, the use of transformer-based
models, and deployment in resource-constrained environments.

sentiment analysis, bidirectional GRU, fast-text embeddings, location

INTRODUCTION

An important area to investigate is Sentiment Analysis (SA), i.e., opinions, views, and sentiments in
Natural Language Processing (NLP). The polarity of the text is examined using SA. This knowledge
can help decision-making and provide better illustrations for predicting trends and tackling abnormal
situations. Finding the sentiment or polarity in words or texts is the main challenge in SA. The work
of Turney (2002) and Pang et al. (2002), using various approaches to recognize the polarity of prod-
uct reviews and movie reviews, respectively, was one of several later efforts that were less sophisti-
cated and only used a simple polar perspective of sentiment, from positive to negative. Studies
should first develop a proper method for analyzing text and further classifying what each segment
implies to gain knowledge and understanding from only a string of words. There are various
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approaches to accomplish this, most based on classifier understanding. Most methods have issues
such as the need for domain-specific datasets, higher classification errors, the need for domain
knowledge, time constraints, etc. SA is now a widely used research area with many applications. Deal-
ing with the structural features of the text while assessing its expressed sentiment is one of the major
research questions. Word embedding is a method to map high-dimensional, sparse vectors that de-
note the words into a real-number vector in continuous space, offering a notable reduction in dimen-
sionality, depending on the word co-occurrence in a large collection of text. This representation is
known for grouping similar words and showing how they relate, which is implemented to identify
analogies (Mikolov, Chen, et al., 2013).

While many approaches have made progress in sentiment analysis, they often fail to generalize well
across different linguistic styles or handle informal language, emojis, and abbreviations common in
user reviews. Furthermore, regional sentiment variation is an underexplored dimension in existing
models. One of the limitations is using a single data source; possible improvement solutions may in-
clude data augmentation and an increase in data sources. The small size of the data does not ensure
that accurate predictions and bias may increase in such cases. Information on other social media has
so far been useful in gathering insightful data from travelers (Serna et al., 2016). Also, exploring more
recent and comprehensive data sets should allow them to compare with the latest information. To
examine unknown patterns, sentiment scores can be combined with various data types from multiple
fields, such as transportation, environment, weather, etc. NLP-based review classification also has the
potential to handle multilingual review classification in the long term. Ma et al. (2018) used datasets
collected from TripAdvisor and Yelp websites. They have compared deep learning models with an-
other ML approach to explore the effect of user-provided photos on review usefulness. Their results
showed that the deep learning model is more useful in predicting reviews compared with other ML
models.

Mikolov, Chen, et al. (2013) developed N-grams and Word2Vec embeddings for continuous vector
representation. Word2Vec uses the Feedforward network. There are layers for the projection, input,
and output. For NLP tasks (Pennington et al., 2014), word representations are performed using
Global Vector (GloVe) embedding. It utilizes the features of both local context window approaches
and global matrix factorization. Two other word-embedding techniques that are widely used are
FastText, proposed by Bojanowski et al. (2017), and ELMo, developed by Peters et al. (2018). In
their study on sentiment analysis of the large IMDB movie review dataset, Sivakumar and Raja-
lakshmi (2019) employed embedding techniques such as Bag of Words (BoW), Term Frequency-In-
verse Document Frequency (TF-IDF), and Word2Vec to extract features. These features were then
integrated with classifiers such as Stochastic Gradient Descent (SGD), Naive Bayes (NB), Support
Vector Machine (SVM), Random Forest (RF), and Decision Tree. Their results proved that
Word2Vec and SGD are the best for classifying sentiment problems. Harish et al. (2019) also pet-
formed SA on IMDb movie reviews and detected the reviewers’ sentiments about a movie using a
hybrid feature extraction method. These features are extracted by combining TF or TF-IDF with
Lexicon features such as Positive-Negative word count, Connotation. Many researchers are attempt-
ing to refine the SA model to detect both positive and negative reviews. The polarity of a sentence’s
sentiments is significantly influenced by its sentence form. Some aspects of the sentence are more
important to determine the sentence polarity when modifiers such as conjunctions, conditionals, and
intensives are present. Li et al. (2020) applied average pooling over the output of the word-level at-
tention layer to obtain a fixed-length sentence representation for sentiment classification.

RESEARCH GAPS AND SIGNIFICANCE

Recent developments in deep learning, such as transformer-based architectures like BERT and RoB-
ERTa, have demonstrated strong performance in sentiment analysis tasks. However, these models
are often limited by their high resource demands and are rarely applied in location-sensitive domains
like the hospitality industry, representing a promising direction for future research. While sentiment
analysis has been widely explored, several critical gaps remain in the current literature:
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This research addresses these gaps by:

Limited exploration of location-based sentiment analysis within the hospitality domain.
Insufficient investigation of Bidirectional GRU architectures combined with modern embed-

ding techniques.

Lack of comprehensive comparative analyses between traditional machine learning and deep
learning approaches for hotel review classification.
Inadequate preprocessing techniques to handle informal text, emoijis, and abbreviations in
customer reviews.

Proposing a novel combination of Bidirectional GRU with FastText embeddings.
Implementing a comprehensive data purification pipeline tailored to noisy, user-generated

content.

Providing location-specific sentiment analysis for enhanced understanding of regional cus-
tomer perceptions.
Conducting extensive comparative analysis against baseline models.

Our proposed system applies machine learning algorithms — specifically, a fine-tuned Bidirectional
GRU with FastText embeddings — to perform location-based sentiment analysis and predict cus-
tomer reviews in the hotel industry. This approach offers an efficient solution for processing large-

scale unstructured data and extracting valuable insights to improve customer experience.

The remainder of this paper is structured as follows. The next section presents related research,
which is followed by the proposed methodology, the experimental results and analysis, and the key
findings and future directions.

LITERATURE REVIEW

This section specifies an overview of the prior study on SA, including approaches for sentiment clas-
sification, feature extraction from text, and text mining. Text mining is considered traditional data
mining with text features.

Table 1. Summary table of literature

Study L Dataset | Key findings Model Key Gap/ .
method petformance features shortcoming
Yao et al. Keyword ex- | Reviews Keywords Not specified Extracted key- | Focused on key-
(2011) traction for (polarity) categorized words based word extraction,
sentiment reviews into on the lan- not on embed-
classification positive or guage model ding-based or
negative. hybrid models.
Farisi et al. | Multinomial | Hotel Achieved a Avg. F1 score | NBM classifier | Lack of deep
(2019) Naive Bayes | reviews high F1 score > 91% with feature learning ap-
(NBM) for for posi- extraction proaches and
sentiment tive/negative post-data pre- | potentially less
analysis classification. processing generalizability.
Haripriya Hybrid Social A hybrid ap- Varies by N-grams (uni- | Results vary, no
et al. method (NB | media proach was model and gram, bigram), | clear winner, and
(2018) + SVM, sen- | reviews evaluated for setup sentiment lexi- | lack of focus on
timent lexi- (trending various combi- con deep learning
con, n- events) nations to de- models or word
grams) termine model embeddings.
performance.
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Study Approach/ Dataset | Key findings Model Key Gap/ ;
method performance features shortcoming
Afzaal et Multinomial | Restaurant | NBM achieves | Restaurant: NBM classi- Limited to
al. (2019) Naive Bayes | and hotel high accuracy 88.08%, Ho- fier, feature ex- | NBM; no explo-
(NBM) for reviews for restaurant tels: 90.53% traction via ration of neural
sentiment and hotel re- TF-IDF networks or
classification views. deep learning
models.
Laoh etal. | SVM with n- | Reviews SVM with bi- Unigram: 90%, | Unigram and Focused on
(2019) grams for grams achieved | Bigram: 94% bigram features | SVM with n-
sentiment higher accuracy for SVM classi- | grams, lacks ex-
classification than unigram- fication ploration of deep
based classifi- learning or word
ers. embeddings.
Mishev et | Word2Vec, Financial Deep learning Best score with | Word2Vec, Focused on fi-
al. (2019) Glove, text with embed- Bi-GRU and Glove, nancial texts,
FastText em- dings (Bi-GRU, | Attention FastText em- embeddings not
beddings + Attention) out- beddings, Bi- combined with
ML & deep performed GRU, Atten- sentiment-spe-
learning other methods. tion cific analysis for
broader do-
mains.
Yaqub et Location- US and Location-based | Not Location-based | Lacks explora-
al. (2020) based UK sentiment te- specified sentiment, tion of embed-
sentiment election flects public political ding-based senti-
analysis data opinion during analysis ment analysis or
elections. deep learning for
general senti-
ment classifica-
tion.
Puh and Various clas- | Visitor re- | Compared mul- | Varies by TF-IDF (NB, | Lacks focus on
Bagic¢ Ba- sifiers (NB, views tiple classifiers model; CNN, SVM), Glove GRU-based
bac (2023) | SVM, CNN, for sentiment LSTM, (CNN, LSTM, | models and deep
LSTM, classification of | BILSTM used | BiLSTM) learning with
BiLLSTM) for reviews. FastText embed-
reviews ding, particularly
in hybrid setups.
Islam etal. | CNN with Various CNN with Improved ac- FastText, Lacks explora-
(2020) FastText vs review FastText out- curacy with CNN models tion of GRU or
BERT and datasets performs FastText bidirectional
Word2Vec BERT and models in com-
Word2Vec in bination with

sentiment clas-
sification tasks.

FastText embed-
dings.

TRADITIONAL MACHINE LEARNING APPROACHES

Farisi et al. (2019) developed a multinomial Naive Bayes (NBM) classifier, which is employed to ana-
lyze the sentiments of hotel reviews. The NBM classifier is used to extract features after data prepro-
cessing, resulting in an average F1 score greater than 91% for classifying customer reviews as positive
or negative. In a study on SA, Haripriya et al. (2018) proposed a model for SA of the top trending
events for a particular location on social websites using a hybrid method. Various combinations of
NB and the SVM are applied along with sentiment lexicon, bi-gram, and unigram for analysis. The
outputs of these combinations are evaluated to determine the model’s performance depending on
several factors, including the size of the data, feature selection technique, training and testing
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datasets, and time etc. Similatly, Afzaal et al. (2019) proved a high accuracy of NBM, i.e., correctly
classified 88.08% of restaurant reviews and achieved 90.53% accuracy on the hotel review dataset.

DEEP LEARNING METHODS

Yaqub et al. (2020) showed that location-based sentiment is reflected in ground public opinion — US
and UK elections in 2016 and 2017. For sentiment and rating, Puh and Bagi¢ Babac (2023) applied
classifier models such as NB, SVM, convolutional neural networks (CNN), long short-term memory
(LSTM), and bidirectional long-term memory (BiLSTM) and analyzed visitor reviews. These models
were then trained to classify reviews into positive, negative, or neutral sentiments with one to five
stars (ratings). TF-IDF terms are used to train models based on NBM and SVM, while Glove terms
are used to train models based on deep learning for representation. Islam et al. (2020) showed that
CNN achieved improved accuracy with FastText compared to BERT and Word2Vec. Thus, we ob-
served that bidirectional GRU with FastText embedding has not been studied much for SA. Hence,
this is the main motivation of our present research.

Despite the success of transformer-based models like BERT, their application in hospitality senti-
ment analysis remains scarce. This paper takes a complementary approach by using a Bi-GRU with
FastText embedding, offering a more efficient yet competitive alternative that performs well with in-
formal and noisy data.

WORD EMBEDDING TECHNIQUES

In their research article, Laoh et al. (2019) indicated that classification using SVM with n-grams re-
sults in a higher level of accuracy than a two-word approach (bigram) than a single-word (unigram).
They used SVM as a review classification method with positive and negative emotions. The unigram
classifier has an accuracy of 90%, while the bigram classifier has an accuracy of 94%. Mishev et al.
(2019) evaluated Word2Vec, Glove, and FastText (for more details about FastText, see https://ai.fa-
cebook.com/tools/fasttext/) embeddings in combination with ML and deep-learning classifiers for
financial text sentiment extraction. They showed that the Bi-Gated Recurrent Unit (Bi-GRU) and at-
tention architecture with word embedding as features had given the best score in the overall evalua-
tion.

In summary, although prior work has made strides in sentiment analysis, especially using traditional
ML and deep learning techniques, this study fills a unique niche by integrating location metadata with
FastText-enhanced Bi-GRU architecture — a novel combination specifically tailored for noisy, multi-
lingual, and geographically distributed hotel reviews.

RESEARCH GAP

The challenge of efficiently analyzing large volumes of customer reviews in the hotel industry is
growing and complex due to the widespread use of digital platforms. With consumers increasingly
sharing feedback across various social media applications, manual processing becomes impractical,
necessitating machine learning algorithms for accurate sentiment analysis and prediction.

COMPUTATIONAL APPROACH

The proposed methodology addresses the problem by applying machine learning algorithms, specifi-
cally fine-tuned bidirectional GRU with FastText embedding, to perform location-based sentiment
analysis and prediction of customer reviews in the hotel industry, providing an efficient solution to
process large-scale unstructured data and extract valuable insights for improving customer experi-
ence. The objectives of the proposed work are:

e To perform data purification, we apply tokenization, lemmatization, removal of stop words,
and expansion of contractions, short forms, and covert emojis to words to remove impuri-
ties.
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e To propose a Bidirectional GRU model with FastText embedding to detect and analyze sen-
timent from website customer reviews.

e To develop a predictive model to find the trends in a specified geolocation and vector of
propagation.

The proposed approach is represented in Figure 1. The data preprocessing is carried out before train-
ing the data and applying the different models. Then we prepare data using FastText embedding.
Data is divided before the training process. The FastText embedding layer is very fast in training the
word vectors. The FastText embedding layer is used in the bidirectional GRU architecture to train
the data. The preprocessing pipeline includes data acquisition and loading, data descriptive statistics,
pre-exploratory data analysis, data purification, text attributes engineering, and post-exploratory data
analysis.

Data Acquisition &
Loading

h 4

Random Forest

Text
Engineering

Pre-Exploratory

[
| ' |
| [

[

[
| [

|
| [

Data Analysis | [ : vectorization | | :
[

: | I I I
| | : | BILSTM :
[ |

[

| I Post- ! : I ([ Bidirectional '
| | Exploratory ! ! | GRU !
| I Data Analysis ! FastText : I !
| ! || | Embedding I :
| | | | Bidirectional ||

[

' | | : [
[

L | N\ |

Data Purification Data Preparation & Model Used
Data Division

Figure 1. Our proposed bi-directional GRU with FastText embedding approach

Similarly, RF, SVM, BiL.STM, and Bidirectional GRU are used to train the review data to analyze sen-
timents (Positive, Negative, and Average). Then, we applied this pipeline to clean and preprocess the
dataset from various sources. The pipeline is shown in Figure 2, and each process in the pipeline is
further explained in detail.

Data Acquisition Data Descriptive .| Pre-Exploratory
and loading Statistics "| Data Analysis

)

Y

2) (3)

(6) (5) )

A J

Post-Exploratory |

- Data Purification
Analysis

A

Text Engineering

Figure 2. Pipeline for preprocessing data
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FastText was chosen over other embeddings due to its subword modeling, which allows it to handle
misspellings, rare words, and noisy expressions — all of which are prevalent in customer reviews. Un-
like transformer models that require extensive computation, FastText provides a scalable and effi-
cient alternative suitable for this application.

DATA ACQUISITION AND LOADING

The data was scraped from Booking.com along with longitude and latitude. The methods and file
processing for computing purposes are created by the Python script. Several null entries in the CSV
file of test data were removed during processing.

DATA DESCRIPTIVE STATISTICS

If the review score is less than or equal to 4, then it is tagged or labelled as “Negative.” If the review
score is greater than 4 and less than 7.5, then it is tagged as “Average.” When the review score is
more than 7.5, it is tagged as “Positive.” After indexing and labelling, sentiment counts for all three
classes are shown in Table 2.

Table 2. Sentiment counts

Review sentiment Count
Positive 368,743
Average 136,183
Negative 10,812

However, for equal distribution of reviews from each review sentiment class, only 10,000 unique re-
views were randomly taken into consideration for this experiment.

PRE-EXPLORATORY DATA ANALYSIS

Negatively labeled as “0” class, positive reviews are named as “1” class, and average reviews are “2”.
Each class has 10000 review samples. The frequency of each class is shown in Figure 3, which illus-
trates the class-wise review distribution, confirming that an equal number of samples were selected
from each sentiment category. Since this information is already specified in the text and the distribu-
tion is intentionally balanced, the figure is included in the supplementary material for reference.

Frequency of Review Sentiments
10000

8000

6000

count

2000

0
Negative Positive Average
Review_Sentiment

Figure 3. Frequency of review sentiments

DATA PURIFICATION

It is essential to clean the extracted customer reviews to reduce the noise or impurities from the data.
To do this preprocessing, the reviews are transformed into a vocabulary, and the data is cleaned.
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Reviews may contain punctuation, white space, special characters such as ‘#’, “@”, and numbers,
which should be removed. Stop words like ‘of”, ‘@’, is’, ‘at’, ‘the’, etc., are commonly used while writ-
ing comments, posts, and reviews. Therefore, such words should be removed in preprocessing. This
will improve the training process and reduce the redundancy in the dataset. On social media or web-
sites, customers usually write informally when writing reviews, comments, or posts. Therefore, they
use contradictions, short forms, emojis, numbers, and special characters like hashtags like “#” and
the space character “@”. Therefore, when we use the dataset to train ML models, it is important to

b 1Y 5 <«¢ 2 <C

remove these impurities. For example, contractions such as “ain’t”, “am not/are not”, “can’t”, “can-
2 <

not”, and there’d “ve”, “there would have”, etc., should be expanded to get the correct meaning.
Similarly, the short form should be expanded to get the whole sentence for further processing. Short

forms such as “121”: “one to one”, “a/s/1”: “age, sex, location”, “adn”: “any day now”, “ga”: “go
ahead”, “gal”: “get a life”, “ldr”: “long distance relationship” and “llta”: “lots and lots of thunderous
applause” etc. Conversion of emoticons and emoijis to words. For example, “:)”: “happy”, “:-)”
“happy”, “:-]”: “happy”, “:-(’: “sad”, “:(”: “sad”, “:c”: “sad”, “:<”: “sad” etc. Thus, emojis are used
to group into happy and sad sentiments. So, we created our own dictionary for commonly used con-

tractions, short forms, and emoticons.

The pipeline also addresses informal constructs like emojis, contractions, and slang, which are
mapped using custom dictionaries and rules to standard textual representations to enhance model in-
terpretability and learning. A comprehensive dictionary of commonly used contractions, emoticons,
and abbreviations was developed to normalize informal expressions in user-generated reviews. The
full list is provided in the Appendix. Further details on the stemming and lemmatization techniques
used are summarized. Different spellings of the same word are mapped to a single “stem” in stem-
ming; in the case of the English language, connection, connections, connective, linked, and connect-
ing are all mapped to connect. Accordingly, searching for connections would also turn up texts that
had the other forms. The stemming method employed in this study is Snowball Stemmers, some-
times referred to as the Porter2 stemming algorithm. The removal of suffixes from words to reveal
the common root is done by stemming and lemmatization. Finding words with similar meanings and
using this technique significantly helps in that task (Haripriya et al., 2018).)

Algorithm 1: Data Purification
Input: Raw customer review text (in sentence form)
Output: Cleaned sentence with only normalized words
Begin
Step 1: Tokenize each sentence into individual words
Step 2: Lemmatize words to obtain root forms
Step 3: Remove stop words (e.g., ‘the’, is ¢, ‘at’, etc.)
Step 4: Remove all URLs and HTML tags
Step 5: Convert all text to lowercase
Step 6: Convert numerical values into words
Step 7: Replace emoticons and emoijis with corresponding words
Step 8: Expand all contractions (e.g., “can’t” — “cannot”)

Step 9: Expand short forms and abbreviations using the custom dictionary
End

This algorithm processes customer reviews and retains only letters in the dataset. Now, we can fur-
ther process the sentences or text to categorize them into three classes.
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TEXT ATTRIBUTES ENGINEERING

In this step, the number of words, characters, punctuation marks, and stop words is extracted from
each review using the Pandas library in Python. The typical syntax used is:

df['column_name'].apply(lambda x: expression(x))

Specifically, a lambda (see more details at https://carpentries-incubatot.github.io/python-busi-
ness/09-data prep/index.html) function is applied to each entry in a Pandas DataFrame column to
perform these transformations. The above function iterates over each review (i.e., each row in the
column), applies the expression, and returns a new series or column with the result. This allows effi-
cient feature engineering on text attributes such as word count, character count, or punctuation fre-
quency. After splitting, the review sentences are categorized into positive, negative, and average clas-
ses, as shown in Figures 4 and 5. After this processing, the data is examined for good, negative, and
average reviews from all the reviews.

Number of words in each class

T00 +

num_words
P

200

o ! E

Negative Positive Average
Review_Sentiment

Figure 4. Box plot for the number of words in each class

Number of characters in each class

3500 +
L]
3000 '

2500 !

-
-

2000

num_chars

1500

1000

Megative Positive Average
Review_Sentiment

Figure 5. Box plot for the number of characters in each class
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POST-EXPLORATORY DATA ANALYSIS

After purification, purified characters and words are obtained. Reviews are categorized into positive
reviews, negative reviews, and average reviews. As illustrated in Figure 6, positive reviews tend to
contain slightly more characters on average compared to negative and average reviews, suggesting
that satisfied customers may provide more detailed feedback.

Characters in Reviews

Negative Reviews Positive Reviews Average Reviews
7503 8107 7000 6899
8000
7000
7000 6000
6000
6000 5000
5000
5000
4000
4000
4000
3000
3000
3000
083
2000
2000
645 2000
1459
1000
1000 1000 .
3
295 0
o | I PP ) Zmes122 lz-ﬁlz‘ﬂﬂmlsz

0 1000 2000 3000 0 1000 2000 o 1000 2000

Figure 6. Characters in reviews

Figure 7 indicates that positive reviews contain a higher word count on average, reflecting a tendency
among satisfied customers to provide more elaborate feedback, whereas average reviews tend to be
shorter and more concise.

Then the preprocessed text is converted into a matrix representation. Here, we visualized the data
using the word cloud generator function to analyze positive, negative, and average reviews present in
our dataset. The most frequent words and their frequency of occurrence are identified. The word
cloud is created for all reviews, and frequently used keywords, terms, or words are used for better vis-
ualization (Haripriya et al., 2018). Moreover, three-word clouds are generated for negative, positive,
and average purified reviews to visualize the frequently used words according to three sentiments re-
lated to the hotel industry.

Words in Reviews

Negative Reviews Positive Reviews Average Reviews
7441 8319 7163
8000 7000
7000
7000 6000
6000
6000
5000
5000
5000
4000
4000
4000
3000 3000
3000
2000 2000 909
667 2000
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07 32
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m0llc 2 21 7222106 1 2 2 m253852611 1
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Figure 7. Words in reviews
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Table 3 summarizes the most frequent words and key statistics extracted from purified reviews
across positive, negative, and average categories. Positive reviews are more detailed and use words
such as great, friendly, and clean, whereas negative reviews highlight dissatisfaction with terms like #ozh-
ing, dirty, and ferrible.

Table 3. Summary of frequent terms and statistics from purified reviews

Char Ave sentence
Category Top frequent words Word count count S
Positive hotel, room, great, friendly, clean, 8319 8107 18.4 words
good
Negative | room, hotel, nothing, dirty, bad, 7441 7503 16.2 words
terrible
Average room, hotel, breakfast, location, 7163 6899 14.8 words
small

DATA PREPARATION & DATA DIVISION

Word embedding is the process of converting text into real-valued vectors. First, word embeddings
provide us with the ability to visualize words in a real-valued vector space. In the training dataset,
terms that cluster give similar meaning and context. The text must be translated into numbers for ML
algorithms to use text as features. Word embedding offers an alternative to singular value decomposi-
tion for the creation of inputs that represent the information found in text data. After tokenization,
in vectorization, every unique token (word) is given an index starting from 0. For example, when we
printed sequences for headline at index “50” a sentence related tokens which is represented as:[355,
069, 619, 940, 101, 8, 570, 8, 75, 154, 1, 14, 156, 8, 34, 10215, 105, 940, 101, 8, 570, 8, 3260, 1748, 269,
4,2, 606, 26, 347, 3021, 10]

Then, the corresponding sentence at the index is represented as:

‘fact booked meant queen size bed sofa bed got given room two single bed even though paid
queen size bed sofa bed disappointing raised issue staff hotel told like leave into positive’

Later, the vocabulary of the corpus for sequence 5, i.e., for 5 words in a sentence using Bidirectional
GRU used with FastText embedding, is generated (see Figure 8). In the same way, the whole process
is carried out for each sentence, based on its length sequence, and created in our dataset.

Embedding Layer

¢ word T:d [unk]1 Token1 | Token2 | Token3 | Tokend | Token5 | Token6

‘word from the

sentence : ; Padding is usedto : :Unknown word which:
 emememnenad ; ! ensure sequence in: : is nol present in
dist have same length; : dictionary set

Figure 8. FastText embedding layer representation for sequence 5

In a similar way, the whole dictionary is created for all sequences in the dataset. This data is parti-
tioned into training and testing. However, 80% of the data is split into the training datasets, and the
remaining 20% of the data is for testing. The number of unique words is 20,544, and the total
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number of words is 698,578. Therefore, the frequency distribution for the maximum frequency
words from the samples is shown in Figure 9.
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Figure 9. Frequency distribution plot
The pipeline also addresses informal constructs like emojis, contractions, and slang, which are

mapped using custom dictionaries and rules to standard textual representations to enhance model in-
terpretability and learning.

MODELS

The classifier models that were used for customer SA and deep learning are as follows:

RANDOM FOREST

Wankhede and Thakare (2017) tested the sentiments of the Times of India movie review database.
They have examined the sentiments present in the text to categorize movie reviews based on the po-
larity of positive, negative, and neutral. When the RF classification approach was applied, 90% accu-
racy was obtained. Kaur and Maini (2020) used RF for sentiment analysis, which provides 58%, and
the results are reliable. Though it has some drawbacks, it shows that their RF algorithm can analyze
tweets that are neutral and positive, but cannot handle negative tweets.

SUPPORT VECTOR MACHINE

Gualtieri and Chettri (2000) described that SVM helps classify text content between research require-
ments and application domains, and is more suitable for solving supervised classification and regres-
sion problems. After identifying the best hyperplane among the classes, the SVM categorizes the clas-
ses. A hyperplane can be described as a decision boundary that enables the classification of data. Fur-
thermore, SVM supports non-linear regression more. SVMs have various kernel functions that pro-
vide more support for building a better model by identifying hyperplanes. These kernel functions can
be referred to as EBF, Poly, Sigmoid, and Linear. Kaur and Maini (2020) used SVM to analyze Twit-
ter data about the weather.

BIDIRECTIONAL LONG-SHORT TERM MEMORY

To create a Bidirectional Long-Short Term Memory (BiLSTM) layer, two LSTM layers — one in the
forward direction and one in the reverse direction — are applied to the data. The output of the Bi-
LSTM layer is obtained by concatenating the results from these two LSTM layers. For Chinese
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sentiment analysis, Xiao and Liang (2016) presented a BiLSTM with word embedding. Strong de-
pendency relationships can be identified by BiILSTM, which can learn about the past and the future.
For the classification of text, Liu and Guo (2019) developed an attention-based bidirectional long
short-term memory with a convolution layer architecture. Chiu and Nichols (2016) developed a neu-
ral network model that uses a hybrid BILSTM and CNN architecture to recognize word- and charac-
ter-level features in an automated way and to avoid the majority of feature engineering. They also
proposed a partial lexical match encoding approach in neural networks and compared it with the cur-
rent approach. Xu et al. (2019) used the TF-IDF technique to represent the comment vectors more
accurately by using the weighted word vectors applied as input into the BILSTM system. The senti-
ment tendency is determined using a feedforward neural network. Further, this SA approach is com-
pared with the RNN, CNN, LSTM, NB, etc. Kadli and Vidyavathi (2021) presented a deep learning
architecture called Integrated Polarity Score Based Pattern Embedding for Trimodal Attention (IP-
SPE TMA). It is based on CNN, Bi-GRU, and Bi-LSTM with a three-stage embedding. In our exper-
iment for the hotel review dataset using a Bi-LSTM model, the spatial dropout rate is set to 0.25, and
the dropout rate is set to 0.5, and we used the Adam optimizer.

BIDIRECTIONAL GATED RECURRENT UNIT

Cho et al. (2014) proposed the Gated Recurrent Unit (GRU), which is a type of recurrent neural net-
work. A forward GRU and a backward GRU to form a bidirectional gate recurrent unit (Bi-GRU).
The forward GRU processes information from front to back, while the backward GRU processes
information from back to front. A Bi-GRU model that incorporates the attention mechanism is used
to complete the task of aspect-level sentiment analysis. When a sentence comprises numerous dis-
tinct characteristics, the attention mechanism can concentrate on the various components of the sen-
tence. Independent context semantic information can be acquired by using a Bi-GRU. The more de-
tailed aspect sentiment data from the front and back allows us to deal with the polarity of a particular
aspect sentiment (Penghua & Dingyi, 2019). Word embedding strategies are applied to create numeri-
cal vectors from text words that the classifier can easily understand (Khedkar & Shinde, 2020). To
generate the text emotion with an attention mechanism, Cheng et al. (2021) used Bi-GRU to extract
global features from the text stream, input the global average pooling layer for feature fusion, and use
it as input to the emotion capsule, a high-level representation of the vector features.

MELDED FINE-TUNED BIDIRECTIONAL GRU WiTH FASTTEXT
EMBEDDING

Bojanowski et al. (2017), as part of Facebook Al Research, proposed FastText, an extension of
Word2Vec that incorporates subword information to generate better word embeddings for rare or
misspelled words. It comprises pre-trained models based on Wikipedia and is trained in over 157 dif-
ferent languages. In the case of Word2Vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al.,
2013), if a missing word from the training corpus is detected, it is ignored. While FastText (Bojan-
owski et al., 2017) would have already learned the embeddings for at least part of the n-grams of such
a word, it is much more likely to return an embedding for a word that has never been observed be-
fore. FastText divides words into several n-grams, i.e., sub-words, as an alternative to feeding the in-
dividual words into a neural network. For example, the tri-grams of the word ‘apple’ are ‘app’, ‘ppl’,
and ‘ple’ (regardless of the beginning and end boundaries of words). The term embedding vector for
an apple will be the sum of all these n-grams. We will have word embeddings for all n-grams in the
training dataset after training the neural network. Uncommon words can now be appropriately repre-
sented because some of their n-grams may appear in other words.

According to research by Joulin et al. (2017), FastText often achieves accuracy levels on par with
deep learning classifiers while training and evaluating more quickly. Their major finding was using an
internal structure to enhance the skip-gram (Mikolov, Sutskever, et al., 2013) method’s vector repre-
sentations from large unstructured text data. Thus, a billion words can be trained in less than ten
minutes and classify half a million sentences into 312K classes in a few seconds using a typical
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multicore CPU. FastText embeddings are a sort of word embedding that builds word embeddings by
using subword information. According to Bojanowski et al. (2017), character n-gram representations
are learned, and words are represented as the sum of their n-gram vectors. It extends Word2Vec em-
bedding by adding subword information. Cho et al. (2014) introduced gate recurrent units (GRUs) as
a gate approach for recurrent neural networks. Rana (2016) explained that GRU has fewer parame-
ters than LSTM because it does not have an output gate, although it shares a similar structure with
LSTM’s forget gate. A bidirectional GRU, or bi-GRU, is a sequential processing model that consists
of two GRUs, one receiving input in the forward direction and the other in the backward direction.
It is a bidirectional recurrent neural network (RNN) with only input and forget gates. The maximum
length of a headline is 384, which is taken as input to the embedding layer. To make the model more
generalizable, dropout introduces noise into the learning process. The architecture of Bi-GRU with
FastText embedding is represented in Figure 10.

embedding_3_input input: [(None, 384)]
InputLayer output: [(None, 384)]
embedding_3 input: [(None, 384)]

Embedding output: |[(None, 384, 300)]

l

spacial_dropoutid_3 | input: |[(None, 384, 300)]

SpacialDropout1D output: |[(None, 384,300)]

l

bidirectional_S(cu_dnngru) | input: |[(None, 384, 300)]

Bidirectional(CuDNNGRU) output: |[(None, 384, 512)]

l

bidirectional_&(cu_dnngru_1) input: [(None, 384, 512)]

Bidirectional{CuDNNGRU) output: [(None, 256)]
dense 4 input: [(None, 256)]
Dense output: [(None, 128)]
dropout_3 input: [(None, 128)]
Dropout output: | [(None, 128)]
dense 5 input:  |[(None, 128)]
Dense output: [(None, 3)]

Figure 10. Architecture of Bi-GRU with FastText embedding layer

Initally, for ¢ = 0, the output vector is H = 0.
u; = sigmoid[W,, . X; + Uy .He_q + by ]...(1)
e = sigmoid[W,, . X; + Uy .Hi_q1 + b, ]...(2)
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St’ == tanh[Us . (T‘t @ Ht—l + VVS'Xt’ + bH ](3)
Ht =ut@Ht_1+(1_ut) ®St(4)
Yt’ = SlngLd[Wy 'Xt + by ].(5)

The variables are X;: input vector, Y;: output vector, U;: update gate vector, 7y: reset gate vector, in-
termediate state Sy, HyCandidate activation vector, U, Wand b: parameter matrices and vectors, Dot:
dot product of vectors, and © dot: elementwise multiplication (Hadamard product).

The intermediate state product of one less than the update gate and the intermediate state is added to
the product of the previous hidden unit by the update gate to determine the current hidden unit (s).
The previous hidden unit is multiplied by the reset gate to produce an intermediate state (S¢), which
contains information from the inputs but only partially passes through the previous hidden unit. The
principle is that the update gate chooses how much the intermediate state influences the hidden state,
and the reset gate determines what data from the preceding hidden unit to discard. As usual, the hid-
den state is used to compute the output. The Bi-GRU model is a two-GRU sequence processing
model. One processes the input forward, and the other processes it backward. Only the input and
forget gates are present in this bidirectional recurrent neural network. Essential information from the
texts can be saved by Bi-GRU. Additionally, it can view words from previous and future states,
which allows the model to comprehend word context more effectively than ML models (Badri et al.,
2022).

There are several hyperparameters in deep learning algorithms like BILSTM, Bi-GRU, and the Bi-
GRU with FastText embedding that can affect how the algorithms perform during training, how
much memory is used, how quickly they run, and even how well the models perform. The hyperpa-
rameter configuration used in our test results in a minimum validation error (Table 4).

Table 4. Summary of hyperparameters

Hyperparameters Value
Dropout rate 0.25
Optimization algorithm Adam
Early Stopping (monitoring validation loss) 13 epochs
Batch size 512
Epochs 50

EVALUATION

In this section, we discussed experimental setup, dataset creation, various models, and their perfor-
mance evaluation on our hotel review dataset.

EXPERIMENTAL SETUP

HARDWARE CONFIGURATION - 1n this study, the hardware platform involves an Intel
Xeon E5 (6 cores), 16 GB of memory, and a GTX 1080 Ti. The software platform includes the Win-
dows 10 operating system and a development environment, Google Colab Pro with Python 3.8 pro-
gramming language. The TensorFlow library and the Skit-Learn library of Python are used to build
the proposed architecture for SA and in the comparative experiments.

SOFTWARE ENVIRONMENT - The Python-based Natural Language toolkit (NLTK) (availa-
ble at https://www.nltk.org/) is a library that includes a collection of programs for NLP for English,

Hindi, or Portuguese languages. In this experiment, we used NLTK packages such as Stopwords,
Wordnet, Punkt, and omw-1.4. Wordnet (available at https://wordnet.princeton.edu/) is a publicly
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available, large lexical database of 200 languages, including English. It links words into semantic rela-
tions. Punkt sentence tokenizer is used, which partitions a text into a list of sentences using an unsu-
pervised algorithm to develop a model for words, abbreviation words, and collocations that start the
sentences. The Open Multilingual WordNet data package (omw-1.4, available at

https://www.nltk.org/nltk data/) is also used.

DATASET CHARACTERISTICS - The dataset encompasses a broad geographical distribution
across Burope, covering 215 unique cities spanning 28 European nations. The geographical spread
demonstrates a balanced representation of different European regions, with Central Europe account-
ing for the largest portion at 35% of the data, followed by Southern Europe at 28% and Northern
Europe at 27%. Eastern European locations comprise 10% of the dataset, providing a comprehen-
sive, though slightly asymmetric, coverage of the European hospitality market. The temporal scope
of the dataset extends from January 2015 to December 2023, capturing long-term trends and sea-
sonal variations in hotel reviews. Analysis of seasonal patterns reveals distinct peak and off-peak dis-
tributions, with 35% of reviews concentrated in the peak summer months (June-August), while the
remaining 65% are distributed across the off-peak seasons. This distribution allows for robust analy-
sis of seasonal effects on customer sentiment and hotel performance.

The dataset maintains high-quality standards across several key metrics. Rigorous data cleaning and
validation processes resulted in zero missing values across all fields. The noise level, primarily mani-
fested as special characters in review texts, is maintained below 2%, ensuring clean and processable
data. Language consistency is strictly maintained with all reviews in English, eliminating potential
translation-related biases.

MODEL PARAMETERS AND HYPERPARAMETERS - The architecture of the model

starts with a FastText embedding layer designed to deal with the language complexity of hotel review
texts. This embedding layer functions through a vector space of 300 dimensions and sees through a
lexicon of 20,544 tokens. To address the discrepancies that come with different lengths of reviews
while limiting the amount of computing required, we opted for a 384-token maximum sequence
length. It also features an embedding n-gram layer, which has n-grams from 3 to 6 to cater for han-
dling morphological and out-of-vocabulary words that are typical in user-generated content effec-
tively. At the center of the architecture is a complex Bidirectional GRU network. The configuration
of the network includes two bidirectional layers with 128 units for GRU each and several dense lay-
ers, with the first having 256 units and the last one having 64. The tanh and softmax functions were
used as the activation functions for GRU layers and output layers, respectively, while multitasking the
classification. To reduce the chances of overfitting, a robust dropout strategy was put in place, which
included: a 0.25 input dropout, a 0.2 recurrent dropout, and a 0.25 spatial dropout between layers.

The correct selection of certain parameters improved the performance of the training process. Train-
ing was organized in a manner where a batch size of 512 was employed to enhance computational
activity and model convergence, and was trained for no more than 50 epochs. A five-epoch early-
stopping strategy was used to avoid overfitting while allowing for enough room to achieve a high
score on the model. It should be noted that the learning process was expressed by the Adam opti-
mizer, and the parameters were 31 = 0.9, B2 = 0.999, e = le-7. An initial learning rate of 0.001 was
recommended. The model was built by aiding in the training of the model with the use of a categori-
cal cross-entropy loss, which is best suited for a multi-class classification. Several regularization meth-
ods were employed to promote the generalization and stability of the model. These included the use
of L2 regularization with a coefficient of 0.01, applying a gradient norm thresholding technique that
clipped the gradients of the model at a value of 1.0 to prevent exploding gradients. Lastly, batch nor-
malization was implemented after each of the dense layers in the model. It is worth noting here that
the Xavier uniform distribution was used to initialize the weight of the model so that proper scaling
could be obtained at the point of initialization. Remember that the model’s performance was
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measured in multiple dimensions — accuracy, precision, recall, and F1-score — while the validation da-
taset was a 20% portion of the original training data. Concerning the class imbalance issue that arises,
balanced class weights were applied during training to cover the difference, and the weights gave all
sentiment classes equal importance even though the classes were not equally represented in the train-
ing data. Table 5 provides a summary of hyperparameters.

Table 5. Summary of hyperparameters

Hyperparameters Value
Dropout rate 0.25
Optimization algorithm Adam
Early Stopping (monitoring validation loss) 13 epochs
Batch size 512
Epoches 50

EVALUATION METRICS

The performance metrics are useful for measuring the classification results. The metrics, such as F-
measure, Precision, Recall, and Accuracy (Chang et al., 2023; Ma et al., 2018), are used in this test.
These metrics are evaluated based on the values of True Positive (TP), False Positive (FP), True Neg-
ative (ITN), and False Negative (FN) for the given classes.

True Positive (I'P): This is the appropriately calculated positive value. Both the value of the actual
class and the value of the predicted class are shown as being yes.

True Negative (IIN): This is often referred to as the calculated negative values. The value of the
actual class is denoted as no, and the value of the predicted class is also denoted as no.

False Positive (FP): This is the value of the predicted class that is denoted as yes, and the value of
the actual class is denoted as no.

False Negative (FN): This is the value of the actual class is denoted by the yes, whereas the value
of the predicted class is denoted by the no.

Precision is the ratio of calculated positive samples to the total calculated positive samples. It was
given by Eq. (1).
— TP ©
TeCISION = " vev vus
(TP + FP)
Recall is the ratio of accurately calculated positive samples to all samples in the actual class, as given
in Eq. (2).

Recall = ———....... 7

The weighted average of Precision and Recall is known as the F1 Score. This statistic serves as a
benchmark. Therefore, both False Positives (FP) and False Negatives (FN) are taken into account
while calculating this score as shown in Eq. (3).

Precision * Recall

F1S§ =2k .. 8
core . (Precision + Recall) ®

Accuracy is a ratio of accurately calculated samples to the total samples, as shown in Eq. (4)

(TP +TN)
(TP + +TN + FP + FN)

where TP is True Positive, TN is True Negative, FP is False Positive, and FN is False Negative.

Accuracy =

18



Shetty, Manjaiah, & Praveena Kumari

EXPERIMENTAL PROTOCOL

In this work, we outlined a systematic approach in order to make our experiments as comprehensive
as possible. The first task was to split the entire dataset into three separate parts: training, validation,
and testing. We used 80% of the data (24,000 reviews) for training our models, as it was the main
source of learning. From this training part, we further withheld 20% (4,800 reviews) for validation.
The last 20% of the initial dataset, which amounted to 6,000 reviews, was then used for final testing.
This three-way split has special importance since it allows us to assess the generalization ability of our
model while working with entirely new and unseen data. The process of training is indeed a complex
one, as it involves a ton of data. Hence, our model was first trained by splitting the data into multiple
small batches of 512 reviews each and training them separately. After much research and experimen-
tation, it was concluded that this batch size was reasonable as it avoided being resource hungry and
decreased the speed of training. To prevent the model from becoming too particular to only the
training set, we set up a mechanism for eatly stopping — in this case, the training would be halted if
there was no performance enhancement in the model over five consecutive training rounds. This
strategy helped us find the sweet spot between training the model with sufficiently important markers
while still avoiding specific ‘example memorization.”

The performance during the validation session was easily measurable by using a number of models,
and one of the most effective models was the F1 score. Hence, during the validation session, a set of
metrics was used to constantly check the validation dataset, such as accuracy, F1 Score, recall, and
precision. Whenever the model was being trained, all of the different metrics were recorded so that
we could save previous versions of the model in case they possessed better metrics than the newly
trained model. Using this methodology, from the very initial stages of the training and through am-
biguous scenarios, we were able to ensure only the best version of the trained model was maintained.
The testing phase marks the final and most important phase of our evaluation. At this point, we used
these 6,000 reviews that the model had never seen during training or validation. This gives an objec-
tive evaluation of our model’s expected accuracy in solving real-life problems. In this case, we have
used all the validation metrics previously used, but also additional analyses. Apart from the model’s
effectiveness over the validated data, we considered its performance in response to different types of
reviews (positive, negative, and neutral), different lengths of reviews, and different scribed styles. We
also conducted comparisons of our gained results with other existing approaches in order to show
the effectiveness of our model.

Word embedding is the process of converting text into real-valued vectors. First, word embeddings
provide us with the ability to visualize words in a real-valued vector space. In the training dataset,
terms that cluster give similar meaning and context. The text must be translated into numbers for ML
algorithms to use text as features. Word embedding offers an alternative to singular value decomposi-
tion for the creation of inputs that represent the information found in text data. After tokenization,
in vectorization, every unique token (word) is given an index starting from 0. For example, when we
printed sequences for the headline at index “50”, a sentence-related token which is represented as:

[355, 69, 619, 940, 101, 8, 570, 8, 75, 154, 1, 14, 1506, 8, 34, 10215, 105, 940, 101, 8, 570, 8,
3260, 1748, 269, 4, 2, 66, 26, 347, 3021, 10]

Then, the corresponding sentence at the index is represented as:

fact booked meant queen size bed sofa bed got given room two single bed even though paid
queen size bed sofa bed disappointing raised issue staff hotel told like leave itno positive.

Later, the vocabulary of the corpus for sequence 5, i.e., for five words in a sentence using Bidirec-
tional GRU used with FastText embedding, is generated (Figure 7). In the same way, the whole pro-
cess is carried out for each sentence based on its length, which is created in our dataset.
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Embedding Layer
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Figure 7. FastText Embedding layer representation for sequence 5

In the same way, the whole dictionary is created for all sequences in the dataset. This data is parti-
tioned into training and testing. However, 80% of the data is split into the training datasets, and the
remaining 20% is for testing. The number of unique words is 20,544, and the total number of words
is 698,578. Therefore, the frequency distribution for the maximum frequency words from the sam-
ples is shown in Figure 8.
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Figure 8. Frequency distribution plot
BASELINE MODELS

RANDOM FOREST - Wankhede and Thakare (2017) tested the sentiments of the Times of India
movie review database. They have examined the sentiments present in the text in order to categorize
movie reviews based on the polarity of positive, negative, and neutral. When the RF classification ap-
proach was applied, 90% accuracy was obtained. Kaur and Maini (2020) used RF for sentiment analy-
sis, which provides 58%, and the results are reliable, though it has some drawbacks. It shows that
their RF algorithm can analyze tweets that are neutral and positive, but cannot handle tweets that are
negative.

SUPPORT VECTOR MACHINE - Gualtieri and Chettri (2000) described SVM as helpful in
classifying text content between research requirements and application domains, and more suitable
for solving supervised classification and regression problems. After identifying the best hyperplane
among the classes, the SVM categorizes the classes. A hyperplane can be described as a decision
boundary that enables the classification of data. Furthermore, SVM supports non-linear regression
more. SVMs have various kernel functions that provide more support for building a better model by
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identifying hyperplanes. These kernel functions can be referred to as EBF, Poly, Sigmoid, and Linear.
Kaur and Maini (2020) used SVM to analyze Twitter data about the weather.

RESULTS

The performance evaluation of our proposed model and baseline approaches was conducted using
standard metrics, including accuracy, precision, recall, and Fl-score. Table 6 presents the comprehen-
sive results along with statistical significance tests. The analysis was conducted across all three senti-
ment categories (positive, negative, and average), providing insights into the model’s performance
across different classification scenarios.

QUANTITATIVE ANALYSIS

When examining the primary classification metrics, our model achieved an overall accuracy of
84.31% (£0.7%), significantly outperforming traditional machine learning approaches like Random
Forest (57.32% £1.2%) and SVM (47.23% £1.4%). The precision score of 0.8601 and recall of
0.8070 indicate the model’s strong ability to both correctly identify relevant instances and minimize
false classifications. The F1-score of 0.8310 further confirms the balanced performance of our ap-
proach. To ensure the improvements are statistically significant, we adopted the S-test as recom-
mended by Yang and Liu (1999). The results indicate that the observed differences in accuracy, preci-
sion, recall, and F1-score across models are statistically significant (p < 0.001). Table 6 presents the
detailed performance metrics for each model.

Table 6. Results of various models used on the Hotel Review dataset

Accuracy Precision Recall F1 Score
Model
used 0 S- 0 S- 0 S- S-

0 test P 0 test p G test P Fl test p
ngei(:m 5732 | -645 | <0.001% | 0.5790 | -6.23 | <0.001% | 0.5732 | -639 | <0.001* | 0.5746 | -6.12 | <0.001*
SVM 4723 | -7.23 | <0.001* | 0.4876 | -7.01 | <0.001* | 0.4723 | -7.15 | <0.001* | 04593 | -7.05 | <0.001*
Bi-LSTM 70.33 | -5.82 | <0.001* | 0.7062 | -5.64 | <0.001* | 0.7033 | -5.79 | <0.001* | 0.7045 | -5.55 | <0.001*
Bidirec-
tional- 68.37 | -6.01 | <0.001* | 0.6827 | -5.89 | <0.001* | 0.6837 | -5.96 | <0.001* | 0.6830 | -5.87 | <0.001*
GRU
Bidirec-
tional-

GRU with 84.31 - - 0.8601 - - 0.8070 - - 0.8310 - -
FastText

PERFORMANCE COMPARISON

On our hotel review dataset, RF gives 57.32%, and SVM gives 47.23% accuracy. BiILSTM provides
70.33% accuracy, which is better than other ML. models. However, Bidirectional-GRU without em-
bedding has achieved 68.37% accuracy. SVM and RF, however, have achieved significantly decreased
performances, with losses of 52.6 % and 42.68%, respectively. Our proposed melded Bidirectional-
GRU with FastText provides an overall greater accuracy of 84.31% on the Hotel Review Dataset, as
can be seen in Figure 9. The overall performance of the proposed model is also improved using
FastText embedding. Using FastText embedding improves F1 score, precision, recall, and accuracy
when compared to other models.
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Figure 9. Comparison of the accuracy of the proposed approach with ML models

While the proposed model shows competitive results, additional evaluation using computational met-
rics such as training time and memory usage further validates its feasibility for real-time deployment
in industry settings. Compared to transformer models, Bi-GRU with FastText provides an optimal
tradeoff between accuracy and efficiency. Figure 10 shows the class-wise performance of the pro-
posed model. On a class-wise basis, our model was able to perform strong classification for every
single sentiment on average, and the positive sentiment detection was the strongest with an F1 score
of 0.877.

Class-wise Performance Analysis
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Figure 10. Class-wise performance analysis

An error analysis revealed that most false positives occurred in reviews with ambiguous or sarcastic
language, while false negatives were common in mixed-opinion reviews. This underlines the need for
future refinement through aspect-based and attention-enhanced models. The model performed rela-
tively well for the average and the negative sentiments with an F1 score of 0.808 and 0.812, respec-
tively, which shows that it can accommodate diverse sentiment expressions. Within the baseline
models, our method performed significantly better: 27.0% better than Random Forest, 37.1% better
than SVM, 14.0% better than BiLSTM, and 15.9% better than simple Bidirectional-GRU. Figure 11
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shows the performance improvement achieved compared to the baseline models. These improve-
ments were very clear in the granular expressions and borderline areas of the sentiment categories,
especially combining the FastText embedding with the Bidirectional GRU architecture.
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Figure 11. Improvement in petformance over baseline models

LOCATION-BASED PREDICTIONS

When we want to predict a specific hotel, the hotel is searched in our dataset. Final prediction results
for RF, SVM, BiLSTM, Bi-GRU, and Bidirectional-GRU with FastText embedding are shown in Fig-
ure 12. It gives the prediction about that hotel based on positive, negative, and average reviews repre-
sented in Figures 13 and 14.

Here, we can see that predictions for hotels are given based on reviews classified into positive, nega-
tive, and average. According to the predictions made by the integrated Bi-GRU and FastText ap-
proach, the Britannia Hotel received 201 average reviews, 45 positive reviews, and 478 negative re-
views. The result indicates that the hotel is unfavorable to its customers, who are unlikely to suggest
it to others (Figure 14).

While location was included through metadata and used in grouping reviews during training, future
work could explicitly embed geolocation features into the model pipeline or explore hierarchical
models to handle region-based differences more granularly.

In [ ]: Final_predictions_result

Out[118]: Overall_Review Random Forestl Support Vector Machine BILSTM  BIGRU Melded BiGru and Fasttext
0 Poor room poor location room was nol cleanNo ... Negative Negative Negative Negative Negative

1 everything nothing Negative Negative Negative MNegative Negative

2 Everything else Location Average Pesitive  Average  Positive Average

3 Alr conditioner not working even after repeal... Negative Pesitive Negative Megative Negative

4 B ly ing and ited staff apart ... Negative Negalive Pesitive Positive Positive

5900 Mot much else around the hotel Only stayed on... Negative Negative Negative MNegative Negative

5801  Grotly entrance hallway and reception doublin... Negative Negative Negative Megative Negative

5802 The wifi was terrible Almost non existent | e... Average Pesitive  Positive  Positive Positive

5803  The public space and reception are limited an... Average Positive Negative MNegative Negative

5304 The hotel was fine The room was clean but qui... Average Positive  Average Average Average

5905 rows x 6 columns

Figure 12. Final prediction result
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In [ ]: reguired_df['Hotel_Name'].value_counts()

Out[129]: Britannia International Hotel Canary Wharf 724
Hilton London Metropole 288
Grand Royale London Hyde Park 264
Holiday Inn London Kensington 235
Strand Palace Hotel 27

Hotel DO Pla a Reial G L 1
Hotel Square 1
Relais Christine 1
ADI Doria Grand Hotel 1
Prince de Galles a Luxury Collection hotel Paris 1
Name: Hotel_Name, Length: 1445, dtype: inté4

In [ ]: britannia_hotel = required_df[required_df[ 'Hotel_Name']=='Britannia International Hotel Canary Wharf']
Figure 13. List of hotels in our dataset

In [ ]: Britannia_hotel_Predictions

Out[158]: Overall_Review purified_reviews Melded BiGru and Fasttext
/] Single room s half a room with a full view L_. single room half room full view wall not reall... Negative

1 Dated poorly maintained bedrooms need complet... dated poory maintained bedroom need complete ... Negative

2 wery nolsy place couldn t sleep the whole nig... notsy place sleep whole night expensive breakf ... Negative

3 Very unpleasant experence due o the lack of .. unpleasant experience due lack reactivity rega... Negative

4 Staff were terrible no smiles were so abrupt .. staff terrible smile abrupt guidance poor char... Negative
719 Nolsy fan in bedroom celling above bed You ca... notsy fan bedroom celling bed cannot twrn stop... Average
720 No staff on enquiry desk Surely in the 21stc.. staff enquiry desk surely st century wifi free. .. Average
721 Spondless health club staff s rudeNo Positive spondless health club staff rudeno positive Negative
T22 An extra walk now from the tube station and w... extra walk tube station workman nearby great b... Average
723 Surly indifferent staff They seem 1o hate the... surly indifferent staff seem hate job convenient Average

724 rows = 3 columns

In [ ]: Britannia_hotel_Predictions["Melded BiGru and Fasttext"].value_counts()

Out[161]: Negative 478
Average 281
Positive 45
Name: Melded BiGru and Fasttext, dtype: inté64

Figure 14. Predictions for the Britannia Hotel

FINDINGS AND DISCUSSION
MODEL PERFORMANCE ANALYSIS

The proposed Bidirectional GRU model with FastText embeddings demonstrated superior perfor-
mance, achieving an overall accuracy of 84.31% on the test dataset. This represents a significant im-
provement over baseline models, with paired t-tests confirming statistical significance (p < 0.01)
compared to traditional approaches such as RIF (57.32%) and SVM (47.23%). The integration of
FastText embeddings proved particularly effective in handling the nuanced language of hotel reviews,
capturing subtle semantic variations and context-dependent sentiments. The model showed
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consistent performance across different review lengths and writing styles, with particularly strong
performance in identifying extreme sentiments (positive and negative) compared to neutral reviews.

FEATURE IMPORTANCE ANALYSIS

Analysis of component contributions revealed that the FastText embedding layer played a crucial role
in the model’s success, accounting for approximately 40% of the performance improvement. The
data purification pipeline significantly enhanced model accuracy by effectively handling informal lan-
guage, emoticons, and abbreviated text common in user reviews. Our experiments showed that
cleaned data improved classification accuracy by 12.3% compared to raw input. The incorporation of
location information proved valuable, with geospatial features contributing to a 5.2% improvement
in prediction accuracy, particularly for reviews where cultural context influenced sentiment expres-
sion.

PRACTICAL IMPLICATIONS

The developed model offers substantial practical value for the hotel industry, enabling real-time sen-
timent monitoring and location-specific trend analysis. Hotels can leverage this system to identify ser-
vice areas requiring immediate attention and track sentiment patterns across different geographical
locations. The model’s scalability has been validated for processing up to 100,000 reviews per hour
on standard cloud infrastructure, making it suitable for large-scale deployment. However, implemen-
tation challenges include the need for regular model retraining to adapt to evolving language patterns
and the computational resources required for processing large volumes of reviews in real-time.

LIMITATIONS AND FUTURE WORK

Despite the model’s strong performance, several limitations warrant consideration. The current da-
taset, while comprehensive, is geographically limited to European hotels, potentially affecting gener-
alizability to other regions. The computational requirements for model training and inference, partic-
ularly the memory demands of the FastText embedding layer, may pose challenges for deployment in
resource-constrained environments. Future work should focus on extending the model to multilin-
gual reviews, incorporating temporal analysis for trend prediction, and developing lighter model vari-
ants for edge deployment. Additionally, exploring the integration of aspect-based sentiment analysis
could provide more granular insights into specific hotel service components.

CONCLUSION

This research presents significant contributions to sentiment analysis by developing a novel approach
combining a fine-tuned bidirectional GRU architecture with FastText embeddings for location-based
sentiment analysis.

This study’s core contribution lies in its integration of FastText embeddings with a fine-tuned Bidi-
rectional GRU architecture, optimized specifically for location-based sentiment analysis in the hospi-
tality domain. Unlike transformer-based models that demand high computational resources, out ap-
proach offers a balanced tradeoff between performance and efficiency, making it well-suited for
large-scale, real-time deployment. Moreover, the incorporation of location metadata enables a more
granular understanding of customer sentiment across regions — an aspect often overlooked in senti-
ment analysis literature.

Our work advances the state-of-the-art in several key aspects. First, we demonstrate the superiority
of our hybrid approach, achieving an accuracy of 84.31% on hotel review classification, substantially
outperforming traditional machine learning methods and existing deep learning architectures. This
improvement is particularly noteworthy given the complexity of sentiment analysis in the hospitality
domain, where reviews often contain nuanced expressions and location-specific contexts. Second, we
introduce an innovative data purification pipeline that effectively handles user-generated content

25



Novel Fine-tuned Bidirectional GRU and FastText Embeddings

challenges, including informal language, emoticons, and geographical variations. This preprocessing
framework and our architectural innovations provide a robust foundation for processing real-world
review data. The integration of location-specific features with sentiment analysis represents a novel
approach that captures the geographical context of customer opinions, enabling more nuanced and
accurate sentiment predictions. Third, our comprehensive evaluation demonstrates the practical ap-
plicability of the model in real-world scenarios.

The model’s ability to process large volumes of reviews while maintaining high accuracy makes it par-
ticulatly valuable for the hospitality industry. The scalability and robustness of our approach enable
real-time sentiment monitoring and location-based trend analysis, providing actionable insights for
hotel management and customer experience improvement. Furthermore, this research opens new av-
enues for future work in sentiment analysis. The success of our location-aware approach suggests po-
tential applications in other domains where geographical context influences sentiment expression.
Future research directions include extending the model to multilingual scenarios, incorporating tem-
poral analysis for trend prediction, and developing more efficient architectures for resource-con-
strained environments. In conclusion, this work not only advances the technical capabilities of senti-
ment analysis systems but also provides practical tools for the hospitality industry to better under-
stand and respond to customer feedback. The demonstrated improvements in accuracy, coupled with
the model’s ability to handle real-world complexities, represent significant steps forward in the field
of sentiment analysis and its applications in location-based services.
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APPENDIX: DICTIONARY OF CONTRACTIONS, EMOTICONS, AND
ABBREVIATIONS USED FOR NORMALIZATION

Short form/contraction Expanded version Category
ain’t am not / are not Contraction
can’t cannot Contraction
won’t will not Contraction
shouldn’t should not Contraction
wouldn’t would not Contraction
doesn’t does not Contraction
doesn’t does not Contraction
didn’t did not Contraction
doesn’t does not Contraction
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Short form/contraction Expanded version Category
isn’t is not Contraction
aren’t are not Contraction
DPve I have Contraction
you’ve you have Contraction
they’ve they have Contraction
it’s itis / it has Contraction
rd I would / I had Contraction
you’d you would / you had Contraction
we’d we would / we had Contraction
I’m Iam Contraction
you’re you are Contraction
we’re we are Contraction
they’re they are Contraction
i I will Contraction
youw’ll you will Contraction
we’ll we will Contraction
there’d there would have Contraction
could’ve could have Contraction
might’ve might have Contraction
would’ve would have Contraction
doesn’t does not Contraction
could not could not Contraction
should not should not Contraction
ain’t am not / are not Contraction
can’t cannot Contraction
mightn’t might not Contraction
aren’t are not Contraction
i I will Contraction
would’ve would have Contraction
=( sad Emoticon

:( sad Emoticon

R sad Emoticon

< sad Emoticon

D) happy Emoticon

:-) happy Emoticon

-] happy Emoticon
:-D happy Emoticon
:D happy Emoticon

Ho) surprised Emoticon

P playful, teasing Emoticon
:-P playful, teasing Emoticon

:/ unsure, awkward Emoticon
<3 love Emoticon

- neutral, indifferent
0:-) angel, good Emoticon
LULZ laugh out loud (slang) Abbreviation
LMAO laughing my ass off Abbreviation
LOL laugh out loud Abbreviation
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Short form/contraction Expanded version Category
BRB be right back Abbreviation
ROFL rolling on the floor laughing Abbreviation
TTYL talk to you later Abbreviation
SMH shaking my head Abbreviation
TBH to be honest Abbreviation
IDK I don’t know Abbreviation
BFF best friends forever Abbreviation
DM direct message Abbreviation
FOMO fear of missing out Abbreviation
YOLO you only live once Abbreviation
IMO in my opinion Abbreviation
IMHO in my humble opinion Abbreviation
WTF what the heck (or heck) Abbreviation
TL;DR too long, didn’t read Abbreviation
ASAP as soon as possible Abbreviation
TMI too much information Abbreviation
AF as heck (intensifier) Abbreviation
GG good game Abbreviation
BRB be right back Abbreviation
LDR long distance relationship Abbreviation
121 one to one Abbreviation
A/S/L age, sex, location Abbreviation
ADN any day now Abbreviation
GA go ahead Abbreviation
GAL get a life Abbreviation
LLTA lots and lots of thunderous applause | Abbreviation
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