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Abstract
The way businesses are operating have changed due to the explosion of the internet.
Social media has an increasing number of reviews as people are keen to express their
opinions based on their experiences. Online reviews have become a precious asset in
various disciplines such as intelligent marketing and decision-making.The number of
reviews for a well-liked product might reach thousands. This makes it challenging
for a prospective buyer to go through them and make up their minds. In order to
overcome this challenge, a machine-learning system is needed. Aspect based Opinion
mining can be used to extract the aspects from the reviews, then we can analyze the
nature of the reviews and recommend them to all the customers. We plan to classify
reviews about a target entity as positive, negative and neutral so that readers of
the reviews do not have to go through all the reviews but instead can focus on
functional items and applicable suggestions. This thesis is specifically focused on
reviews in the domain of restaurants. This study extends our knowledge of online
reviews by taking into account users’ wants and anticipating their future behavior.
Several distinct evaluative linguistic nuances shed light on internet reviews. Using
an assortment of models on generated benchmark datasets, we will also empirically
show the efficacy of our strategy and show that the new techniques (or modified
versions) are superior to, or at least on par with, state-of-the-art methods.

Keywords: Aspect-Based Opinion Mining(ABOM); Opinion Mining; Aspect Ex-
traction; Opinion Extraction; Random Forest (RF); Support Vector Machine(SVM);
Multinomial Naive Bayes (MNB); Deep Learning; Bidirectional Long Short-Term
Memory (BiLSTM); Double Stack LSTM; Customer Feedback
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Chapter 1

Introduction

In the realm of restaurant decision-making, online reviews have become an integral
part of the consumer’s journey. A significant number of people now make it a habit
to consult restaurant reviews before visiting a new establishment. However, with
the surge in the number of customer reviews comes the challenge of varying quality.
Restaurants may receive hundreds to thousands of reviews in a short time, making
it arduous for potential patrons to sift through them and make informed choices.

To address this issue, the emerging field of opinion Mining comes to the rescue.
By scrutinizing people’s sentiments, emotions, and expressions related to various
aspects of a restaurant, such as food quality, hygiene, staff behavior, and cost,
Opinion Mining allows us to gauge the positive and negative feedback received by
the establishment. This examination can be performed with varying degrees of
detail.

We calculate the total sentiment of the examination at the document level. On
the other hand, Sentence-level opinion delves into individual sentences to uncover
the sentiments expressed therein. Going further, we encounter the Opinion level,
which examines sentiments at the word level, acknowledging that polarity can vary
depending on the context.

Recognizing the various facets or properties of a restaurant’s entity is an essential
part of aspect-based Opinion Mining. These aspects may encompass semantic func-
tions or specific features of the establishment. For instance, in a review that praises
the restaurant’s spacious size and attractive interior design but criticizes the high
food prices as ”extravagant,” we observe conflicting opinions across different aspects.

Through Aspect-Based Opinion Mining, we gain valuable insights into the nuances
of restaurant reviews, allowing customers to make more informed dining choices
based on the aspects that matter most to them.

1.1 Research Problem
With the increase of restaurants all over the world, it is very hard to maintain com-
munication and relationships with customers. The increasingly complex challenge
associated with a growing customer base is the substantial volume of data generated
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in the form of natural language. Extracting all the necessary information from this
data is very difficult as there exist different meanings to a sentence. To make this
data useful there are major challenges to solve in aspect-based opinion mining.

Aspect extraction comes first. This task entails identifying the traits and character-
istics of a target item from the review. The key objective of this work is to ascertain
which particular features of a reviewed item (product) are considered important in
customer evaluations. Whenever extracting an aspect it is very important to know
which entity this belongs to. Aspects can be categorized into two parts, with the
first one being the Explicit aspect and the second one being the Implicit aspect[17].
When the aspect is in the sentence for instance, when we say “The Beef Burger
tastes awesome” here “taste” is the aspect which is used in the sentence explicitly.
The sentence “The restaurant is small” talks about the size of the restaurant but
it is not mentioned directly. In aspect extraction, there are some things to work
with such as searching the type of the aspect for opinion mining and selecting good
aspects for classification.

The Aspect of Opinion Classification is the second. It is integral to categorize the
opinion words that were extracted as well as those associated with the multiple
traits, into one of the three polarity scales: positive, negative, or neutral. The
goal is to determine the precise numerical opinion ratings for aspects or discern
whether sentiments and sentiments towards identified aspects are positive, negative,
or neutral[24]. This opinion classification can be expressed through symbols like
stars, thumbs-up, or thumbs-down. For instance, in the sentence ”Drone’s camera
quality is amazing,” the aspect opinion classification task would label the word
”amazing” as having a positive opinion orientation toward the ”camera quality”
aspect. Different algorithms like n-gram, naive Bayes, vector semantics, and logistic
regression are used to classify the extracted aspects.

Thirdly, Finding implicit aspects is a very challenging task as people express their
opinions differently and the habits of language differ from person to person. Many
reviews refer to multiple aspects of different products. For example, “The restau-
rant is very much smaller compared to another one”, and ’The restaurant is very
much smaller’ tells us about the restaurant’s ‘size’ aspect. If we identify a single
implicit feature, it becomes relatively straightforward to determine the sentiment
associated with that particular feature but when there is more than one implicit
feature present then detecting the opinion of the feature becomes more challeng-
ing[25]. When dealing with multiple implicit features, these features may exhibit
varying levels of polarity compared to the overall sentiment of the sentence. For
instance, in the statement ”Pictures taken can get blurred because of the lack of
image stabilizer but overall a great option for a given budget,” two distinct implicit
aspects, namely ”camera quality” and ”price,” are mentioned. These aspects might
have different polarities than the overall sentiment expressed in the sentence. Con-
sider this example: “The food quality of the restaurant is very good but it is not that
tidy”.In this review, the restaurant’s food quality and hygiene are brought up. Since
people have positive and negative thoughts about many things, it is wise to resolve
the numerous sorts of elements and take cognizance of their polarity autonomously.
Finding several facets of a feature is thus a challenging endeavor.

The fourth is the Cross-Domain adaptation. The majority of opinion mining sys-
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tems heavily rely on certain domains. The same perspective phrase might convey
various polarities in other contexts. Prior to mining opinions from the reviews, sub-
ject understanding is imperative. It may prove daunting for academics to generate
domain-independent methodologies and algorithms[15].

Next is modeling the customer’s review with a view of finding semantics aspects
and opinions and projecting the overall rating review. Usually, the customer gives a
review with an overall rating in the form of stars. So by utilizing the overall rating,
it is possible to lead the process of the sentiment aspect of the review.

1.2 Research Objectives
This research paper’s key objective is to conduct an in-depth comparison of ma-
chine learning and deep learning techniques, which include Random Forest, Support
Vector Machine (SVM), Multinomial Naive Bayes (Multinomial NB), Bidirectional
Long Short-Term Memory (BiLSTM), and Double Stack LSTM. This analysis is
carried out for the purpose of Aspect-Based Opinion Mining on restaurant reviews.
More precisely, our objective is to:

1. Investigate the effectiveness of these diverse techniques in capturing and catego-
rizing sentiment and opinions expressed in restaurant reviews at the aspect level.

2. Assess the performance of each method with respect to accuracy, precision, re-
call, F1-score, and computational efficiency for aspect-based sentiment classification.

3. Explore the potential benefits of deep learning models, including BiLSTM and
Double Stack LSTM, in handling the nuanced and context-dependent nature of
aspect-based Opinion Mining.

4. Offer insights into the strengths, limitations, and practical suitability of each
technique for aspect-based opinion mining in restaurant reviews, advancing the field
through a comprehensive comparative study applicable not only in the restaurant
industry but also across various domains.
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Chapter 2

Literature Review

For decision making opinions can play a major role in choosing from multiple choices
involving valuable resources. Until recently, friends and specialized magazines or
websites were the main sources of information. Our ability to easily produce and
exchange ideas with everyone linked through discussion boards, blogs, social media
platforms, and content-sharing services has evolved thanks to the internet, which
has given us an abundance of possibilities and new tools. According to Statista
[22], in 2020, social media users reached over 3.6 billion people worldwide, a number
projected to increase to almost 4.41 billion in 2025. However, a new study by Ke-
pios claims that by April 2022, there will be approximately 4.65 billion online social
networking users globally, which is 58.7% of the whole of humanity’s populace[30].
Due to the pandemic, social media engagement rates have surged over the previous
12 months as well, with 326 million new individuals joining during this period last
year. This translates to a yearly increase of 7.5 percent, or in excess of 10 new
users per second on average[32]. As a result, the number of shared opinions on
various topics over the internet is exponentially increasing. Due to the unstructured
nature of this information, it’s not machine-processable. The scientific community
is becoming increasingly proactive in gathering public opinion on many issues be-
cause of the possible difficulties that may arise from exploring uncharted areas[31].
The mining of opinions and sentiments is one of the new areas that have emerged
as a consequence of this. Aspect Based Opinion Mining(ABOM) aims to extract
aspects of products and classify the corresponding polarities of the user in the re-
view[20]. Previously, several approaches have been used to study ABOM based on
text reviews. Vector extraction is now utilized in opinion extraction and sentiment
evaluation to acquire the most prominent and significant linguistic properties. Fre-
quency and presence are the two most common features in Vector classification [21].
Additionally, n-grams, which are often bigrams and trigrams, are seen as having
useful qualities. While linguistic evaluation employs part of speech (also known as
POS) information, such as adjectives, nouns, adverbs, and verbs, as a fundamental
kind of Word-Sense Disambiguation (WSD), other approaches additionally rely on
the disparity within words. The aforementioned techniques are firmly constrained
by topic and domain.[3].
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2.1 Related Works
This section attempts to critically evaluate earlier significant research in the area
of opinion mining within the structure for aspects-based sentiment analysis [32].
We examined the various techniques and tactics used to achieve the intended out-
come. Mining data, computational languages, as well as the processing of natural
languages (NLP) are all included in opinion mining. Opinion mining doesn’t necessi-
tate a complete understanding of the text, unlike its predecessor, regular syntactical
NLP. While Syntactical NLP places a strong emphasis on summarization and au-
tomatic categorization, it is mainly focused on semantics inference and emotional
data connected to natural language [32]. At several levels, such as the documenting,
term, single entity, and aspect levels, opinion mining can be applied. Whether a
whole opinion paper reflects a favorable or negative mood is dependent on the doc-
ument level. As opposed to sentence-level analysis, which looks at each sentence to
see if it’s neutral, negative, or reflects an opinion. Entity and aspect level analysis is
more accurate since it focuses on the perspective itself rather than the structures of
language (documents, portions, sentences, clauses, or phrases) [22]. It is predicated
on the notion that a point of view is composed of a subject matter, a sentiment
(whether favorable or unfavorable), and both. The three primary tasks in ABM 3
are aspect identification, ABM word recognition, and ABM word orientation detec-
tion. Consider a review of a restaurant that begins, ”While the food at this place
is excellent, the hospitality is not that good.” In this context, the adjectives ”not
that good” and ”excellent” are used to describe the aspects of service and food.

The scientists involved in this work [22] classified articles by overall opinion rather
than themes and found that ordinary machine learning algorithms outperform base-
lines produced by humans. They did this using reviews of movies as their data.
They employed naive Bayes models, highest-entropy categorizing, and support vec-
tor algorithms as their three machine-learning techniques. These techniques perform
well for topic-based categorization but poorly for sentiment classification. Three of
the subtasks include aspects words the extraction process, aspects of categorization
recognition, and aspect sentiment prediction. Alghunaim et al. [22] have investi-
gated the effectiveness of vector representations over different text data. The vector
space approach used in this work performed well in comparison to the baselines,
having an F1 score of 79.91. The authors of [4] asserted that they have demon-
strated the effectiveness of using aspect-based sentiment analysis by employing a
hierarchy-based bidirectional LSTM to characterize the links between phrases in a
review. Without using features that were manually created or outside resources, the
proposed hierarchical model outperforms two non-hierarchical baselines, producing
outcomes comparable to those of the most advanced datasets and even surpassing
the results of a few multilingual individual multi-domain datasets. In this study,
[10] a method termed Sentiment utility Logistic Model (SULM) has been suggested
for identifying the most beneficial components of prospective user encounters.

Our method performed incredibly well when put to the test with real reviews from
three applications from the real world. Additionally, it was able to forecast the 6-
level unknown ratings of the reviews, which is comparable to the most sophisticated
HFT model. Furthermore, it assumed the group of elements that a user would bring
up in a hypothetical future evaluation of a certain item on the point of the most

6



advanced LRPPM. In order to provide better services for users, service providers can
profit from the favorable user experience qualities provided by SULM. The research
study [11] provided the first deep learning method for extracting opinion targets from
texts that have strong opinions expressed in them. Seven layers make up the deep
CNN architecture that has been proposed: The final result is combined from two
convolution layers, a max-pooling layer after each, a fully linked layer, and an output
layer with a single neuron for each word. Word embedding features are included in
the input layers for each word in the phrase. A set of already created heuristic
patterns of language were linked with the neural network classifier. Performance
using this model was far better than using cutting-edge methods.

The absence of fine-grained labeled data makes supervised learning methods inef-
fective for Aspects Based Sentiment Analysis notwithstanding their effectiveness in
the field. In this study, a brand-new domain adaptation paradigm dubbed Cross-
domain reviews generation (CDRG) was put out as a solution to this problem.
CDRG may provide fine-grained annotation-based target-domain reviews based on
the source-domain labeled review. Through careful testing, CDRG has been shown
to be superior to modern domain adaptation techniques [8].

Dealing with annotated datasets with a variety of demographics is crucial, as so-
ciocultural variables and demography are key determinants of a user’s attitude and
preference, according to researcher Sazzad [9]. This study initially creates a dataset
with local demography as its primary emphasis. They suggested a hybrid methodol-
ogy and outperformed the most effective lexicon-based and machine-learning (ML)
oriented classifiers without depending on any labeled data. A second analysis was
conducted to determine the influence of demographics over linguistic characteristics
utilizing two diverse local and global datasets. This study’s findings indicated that
user demographics are very important for understanding how reviews are written.

The DomBERT extension of the general-purpose language model, BERT, is de-
scribed in this study [27]. DomBERT will incorporate each appropriate boundary
corpora and in-domain corpora. The goal was to lower the resource requirements of
traditional domain language models by combining domain-oriented language mod-
els plus general-purpose language models. The experiment’s results were reassuring,
further demonstrating DomBERT’s value to ABSA.

One of the most difficult ABSA tasks, particularly for supervised models, has always
been the lack of fine-grained labeled data. Researchers mainly utilized based features
domain adaption or instance-based domain adaption to mitigate this restriction and
dependence on labeled data. But each of these approaches has advantages and
disadvantages. Unified Domain Adaptation (UDA), an end-to-end framework that
combines feature-based approaches adaption with instance-based adaption for the
objectives of cross-domain extraction of aspects and cross-domain End2End ABSA,
was proposed by researchers to address this constraint. The experiment was carried
out and demonstrated to be a major improvement over the current state-of-the-art
approaches for both tasks, achieving exceptional results on four benchmarks [23].
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Chapter 3

Methodology

To accomplish this, we leveraged a substantial dataset obtained from Kaggle, con-
sisting of approximately 2.7 million reviews sourced from various countries. Each
sentence in this dataset was meticulously annotated with labels such as positive, neg-
ative, neutral, or N/A (indicating instances where reviewers did not mention specific
aspects), ensuring that even sentences with multiple sentiments were appropriately
classified.

Given the inherent challenges of processing unstructured online reviews, we rec-
ognized the paramount importance of comprehensive Exploratory Data Analysis
(EDA). The preprocessing steps for this research encompassed the following:

1. Eliminating null values
2. Removing duplicate entries
3. Discarding irrelevant features
4. Converting all review text to lowercase
5. Expanding contractions
6. Eliminating digits and words containing digits
7. Removing punctuation and extra spaces
8. Removing common stopwords
9. Eliminating frequently occurring words and rare words

Following the data pre-processing stage, we proceeded to the Aspect-Related Opin-
ion Identification phase, wherein we aimed to identify aspects related to opinion
words. This was achieved through topic modeling, specifically employing Latent
Dirichlet Allocation (LDA) to uncover keywords within the dataset. Subsequently,
we manually selected the four most pertinent and significant keywords to serve as
aspects.

For the Subjectivity and Objectivity Classification stages, we leveraged a diverse
range of traditional text classification methods, including Multinomial Naive Bayes
(MNB), Support Vector Machines (SVM), Random Forest, and Long Short-Term
Memory (LSTM) networks. These methods were employed to differentiate between
subjective and objective sentences based on aspects and opinion words.

We performed a detailed performance assessment, including metrics like F1 score,
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Figure 3.1: Research Methodology
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Figure 3.2: Dataset before preprocessing

Figure 3.3: Dataset after preprocessing

accuracy, precision, and recall, to evaluate the effectiveness of our proposed model.
This allowed us to assess how well our system performed in comparison to other
well-known, cutting-edge techniques.

In addition to our data preprocessing efforts and aspect-related opinion identifica-
tion, we also delved into the algorithms utilized in our model, which encompassed
Random Forest, SVM, Multinomial Naive Bayes, BiLSTM (Bidirectional LSTM),
and Double Stack LSTM. These algorithms collectively contributed to our Aspect-
Based Opinion Mining on restaurant reviews, showcasing the comprehensive nature
of our research.

3.1 Data Collection
Finding the labeled data for the text is very hard. There are multiple ways of
extracting the data and one of the ways is by web scraping. But we have used a
dataset from Kaggle where there are reviews from customers who have reviewed
specific restaurants [7]. In our dataset, there are around 2.7 million reviews from
different countries. Finding fine-grained labeled datasets for large text corpus is
extremely hard. The dataset we used was taken from Kaggle under the name of “Six
TripAdvisor Datasets for NLP Tasks” related to the paper “Explain and Conquer:
Personalised Text-based Reviews to Achieve Transparency”[29]. It has 2.7M rows
with 13 columns. All the columns are object types. This dataset contains restaurant
reviews from six cities across the world, Barcelona, London, Madrid, New Delhi,
New York, and Paris. An excerpt from the dataset before the cleaning process, as
illustrated in Figure - 3.2.

10



3.2 Data Pre-Processing

3.2.1 Dropping irrelevant columns
In our dataset, we initially had around 14 columns, but we discovered that the
majority of them were not relevant to our specific work. Therefore, during the pre-
processing phase, we decided to eliminate those irrelevant columns from the dataset.
This not only streamlined the data for our analysis but also had the added benefit of
reducing the memory footprint, making it more manageable for further processing.

3.2.2 Dropping the duplicate rows
Eliminating duplicate rows from our dataset was a crucial task for us because such
redundant entries can significantly impact the accuracy of our prediction results.
Therefore, we made it a priority to remove these duplicate rows to ensure a clean
and reliable output for our analysis.

3.2.3 Dropping the missing or null values
In a large dataset, encountering missing or null values is a common occurrence
that can introduce bias and impact the final results. Consequently, it is essential
to address these issues appropriately, and one commonly employed method is to
remove the rows containing missing or null values from the dataset. This ensures
that the data is handled properly, leading to more accurate and unbiased analyses.

3.2.4 Lowercasing the texts
Machines can interpret single words in various forms, which can lead to different
meanings. For instance, the word ’cat’ written as ’Cat’, ’cat’, or ’CAT’ may be
perceived differently by a machine. To ensure proper understanding, it is crucial to
convert all text to lowercase, enabling the machine to interpret words consistently
and accurately.

3.2.5 Expand Contractions
Contractions, which involve shortening words or phrases by omitting letters or syl-
lables and replacing them with apostrophes, serve as a way to make written and
spoken language more concise. Expanding contractions become particularly valu-
able in formal writing or when you desire greater clarity in your communication.
By expanding contractions, you standardize the text, converting it into its complete
word form. This standardization process simplifies the consistent application of text
analysis techniques.

Certain contractions, such as ”it’s,” possess multiple meanings that hinge on the
surrounding context. The act of expanding these contractions into ”it is” or ”it has”
can facilitate a more accurate comprehension of the context by natural language
processing models.

In the realm of Opinion Mining, the meanings of words play a pivotal role. The
expansion of contractions guarantees that Opinion Mining tools correctly interpret
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the text, as the sentiment may fluctuate when contractions are employed.

3.2.6 Remove digits and words containing digits
We decided to remove digits and words containing digits from the dataset because
they do not hold any sentimental value. This step was taken to enhance the overall
cleanliness and readability of the dataset.

3.2.7 Remove Punctuation and extra spaces
To improve the comprehensibility of the reviews, we eliminate punctuation and extra
spaces from the dataset since they do not carry any sentimental value. This process
helps to make the text more understandable and facilitates better analysis.

3.2.8 Stop Words Removal
Stop word removal: We focused on enhancing the dataset’s quality by eliminating
stopwords, which are commonly used but lack substantial meaning. This step aimed
to streamline the dataset, emphasizing valuable content and reducing memory usage
during review classification. The removal of stopwords is a well-established technique
in applications like search algorithms and text categorization, contributing to more
effective analysis[33].

3.2.9 Removal of rare and frequent words
In line with our previous preprocessing step, we extended our efforts to eliminate
both frequent and rare words from the dataset. These steps are crucial in enhancing
the precision and relevance of the information we gather.

This preprocessing step involves eliminating highly frequent words from the text.
Such words, often referred to as stopwords, do not significantly contribute to un-
derstanding the text and can burden the NLP model with an excessive number of
features. By removing these common terms, we streamline the dataset, reducing its
size and ensuring that the NLP model focuses on more meaningful content. Fre-
quent words tend to cluster together, and their high frequency can increase data
size without adding substantial value.

Conversely, rare words are removed to address a different concern. These terms
occur infrequently and their associations with other words are often dominated by
noise. In cases where a document contains a single instance of a rare word, it
may be highly relevant. However, the surrounding words might be more influenced
by chance than actual context. By removing rare words, we mitigate this noise,
allowing the NLP model to concentrate on more meaningful linguistic patterns and
associations within the text.

3.2.10 Lemmatization
Another technique to the Text normalization process that is utilized to get the words
ready for the procedure is this one. This aids in capturing the essence of words and
lowering the dimension of text data[34]. There are some important factors that
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affect the lemmatization process. To start with, The canonical form of a word,
which embodies its essential meaning, is the base or root form acquired through
lemmatization. As an illustration, the lemma of the phrases ”running,” ”runs,” as
well as ”ran” is ”run.” Furthermore, lemmatization determines the suitable lemma by
taking into account the grammatical perspectives of phrases, including tense, gender,
number, and part of speech tags, which is referred to as morphological analysis.
Lemmatization is separate from stemming from, another text normalization method,
in addition. Lemmatization takes into consideration the context as well as the
significance of words, as opposed to stemming, which merely strips words of their
suffixes and prefixes to produce their root form. Lemmatization is a useful NLP
method for standardizing words and lowering the level of dimensionality on text
data overall. It is frequently used to increase the precision and effectiveness of
machine learning models in a variety of text analysis applications.

Figure 3.4: Process of Lemmatization

3.2.11 Stemming
This is one of the Text Normalization procedures used to get the text ready for more
work. The major goal of this technique is to normalize texts by deleting prefixes and
suffixes, resulting in the treatment of multiple word variations as one and the same
word[35]. There are a few important variables that affect stemming. First of all,
the basic meaning of the word stem is represented by getting by stemming. As an
illustration, the root of the terms ”running,” ”runs,” as well as ”ran” is just ”run.”
Second, to find and eliminate frequent suffixes and prefixes from words, stemming
algorithms employ linguistic guidelines and heuristics.t. Through this process, stem-
ming aims to cluster similar words together and reduce them to a common structure.
Additionally, to complete the stemming process, stemming algorithms depend on es-
tablished rules and patterns. These criteria are made to deal with word variations
that are linguistically distinctive and morphological alterations. Stemming is a typ-
ical method applied in NLP to handle variances and standardize words. Despite
the fact that it could fall short of more sophisticated methods like lemmatization
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in terms of capturing the complete semantic meaning of words, it can be a valuable
preparatory step for a variety of text analysis applications.

Figure 3.5: Process of Stemming

3.2.12 Conversion of Emojis and emotes to Words
Emojis and emoticons play a significant role in conveying important data within
a dataset. Emojis, in particular, excel at representing emotions, making them an
excellent tool for expression. They often carry more information than plain text
alone. However, it’s essential to be aware that emojis can also be used sarcastically.
For instance, if someone sarcastically comments while giving a very low rating to
a restaurant, they use the emoji to express their negative criticism in a humorous
way. Without the emoji, the entire text could be interpreted differently, leading to
misunderstandings. To ensure the dataset retains essential information and facil-
itates a better understanding of emotions, we have translated emojis into words.
This approach aims to help everyone accurately comprehend sentiments and make
appropriate judgments based on the data provided.

3.2.13 Removal of URLs
Because individual URL removal tends to have such a poor success rate, it is crucial.
URLs, also known as uniform resource locators, are used to identify references to
specific online locations in the text. These, however, don’t provide any ancillary
data. Therefore, leaving out URLs plays a big part.

3.2.14 Chat word Conversion
To ensure better comprehension for the machine, we transformed chat words, which
are commonly used to represent words in a shortened form, into their full form. This
conversion was necessary to avoid missing any crucial information and enable the
machine to understand the text more effectively.
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Figure 3.6: rating_review, review_len, word_count, polarity

3.2.15 Spelling Correction
In order to enhance the precision of prediction outcomes, we took the necessary step
of rectifying all spelling mistakes in the dataset. By doing so, we ensured that the
machine could correctly grasp the intended meaning of words, enhancing the overall
performance of the model.

3.2.16 Part of Speech Tagging
Part-of-speech tagging, a widely used technique in Natural Language Processing,
involves classifying words in a text corpus based on their specific grammatical roles.
This includes categorizing words as nouns, verbs, adjectives, and various other gram-
matical categories. POS tagging plays a crucial role in numerous NLP applications,
such as information extraction, entity recognition, and machine translation. It al-
lows algorithms to grasp the sentence’s grammatical structure and disambiguate
words with multiple meanings, thereby improving the accuracy of text classification
and the identification of named entities

3.3 Topic Modeling
Topic modeling is a powerful unsupervised learning technique designed to discover
and allocate topics within a given corpus of text data. In today’s data-driven world,
where vast amounts of information are expressed through textual content, effectively
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Figure 3.7: Visualization of text data using wordcloud

Figure 3.8: Histogram of review_len, word_count and polarity
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Figure 3.9: Number of data each rating

Figure 3.10: Box plot of review rating of vs. polarity.
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Figure 3.11: Point plot of product rating vs review length

Figure 3.12: Bar chart of top world frequency
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Figure 3.13: Bar chart of bigram frequency

Figure 3.14: Stop words removal process
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Figure 3.15: Top 20 unigrams before removing stopwords

Figure 3.16: Top 20 unigrams after removing stopwords
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Figure 3.17: Top 20 bigrams before removing stopwords

Figure 3.18: Top 20 bigrams after removing stopwords
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Figure 3.19: Part of speech tagging of Review Text

categorizing documents becomes crucial. This is where topic modeling steps in as a
valuable tool[19].

Consider the scenario of a restaurant where customers leave reviews covering var-
ious aspects of their experience. Identifying all the specific features mentioned in
these reviews manually can be an overwhelming task. However, by employing topic
modeling, we can automatically categorize and extract key topics or themes from
these reviews.

The process of topic modeling involves extracting essential keywords and patterns
from each document within the corpus. By analyzing the words present in the text,
the algorithm uncovers latent topics that are prevalent across the entire dataset[12].
These topics can represent various aspects, attributes, or themes discussed in the
reviews, such as food quality, service, ambiance, pricing, and more.

Through topic modeling, we gain a structured and organized representation of the
underlying content within the restaurant reviews. This categorization of features not
only aids in understanding customer sentiments better but also facilitates decision-
making processes for restaurant owners, managers, and potential patrons alike. Ul-
timately, topic modeling serves as a valuable tool to unlock valuable insights from
the vast sea of textual data available in today’s digital landscape.

3.3.1 Latent Dirichlet Allocation
A common method for topic modeling is Latent Dirichlet Allocation (LDA), which
aims to reveal latent themes or subjects within a group of documents. The term
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Figure 3.20: LDA Architecture

”Latent” alludes to the fact that these subjects are obscure and unexplored. The
term ”Dirichlet” denotes that the model assumes that the themes in the documents
are distributed according to a Dirichlet distribution. The term ”Allocation” refers
to the process of assigning topics to the documents[26].

LDA is a powerful model of generative probabilistic reasoning specifically designed
for analyzing discrete data, such as text corpora[2]. It forms a hierarchical Bayesian
model consisting of three layers. Each item in the data, represented by words,
is modeled as a composition of a finite number of topics. These topics, in turn,
are modeled as an infinite composition of different topic probabilities, effectively
capturing the context of the documents[1].

Each word in LDA is regarded as a distinct data point, expressed as a piece of
vocabulary with an index of 1 to V . The model implies that documents are created
via a statistical process that involves a variety of subjects and a variety of possible
terms for each topic.

There are three sorts of hyper-parameters needed for LDA to function. The first
one, alpha (α), regulates how many themes are included in the texts. The second
hyperparameter, beta (β), controls how many words are allocated to each topic in
the document. The number of topics to be extracted is represented by the third
hyper-parameter, k[14].

In the absence of labeled data, it becomes necessary to draw certain inferences
while selecting attributes for analysis[28]. Based on the aforementioned evaluation
employing the Latent Dirichlet Allocation (LDA) technique, we have discerned sev-
eral salient aspects that have been prominently cited in the majority of comments.
These critical aspects identified through the LDA model are as follows:

1. Food (pertaining to the restaurant’s culinary offerings, quality, taste, variety, and
presentation of dishes)
2. Place (referring to the restaurant’s ambiance or setting)
3. Service (pertaining to the quality of service provided)
4. Price (concerning the cost or pricing of the offerings)

These identified aspects hold significant importance in shaping the overall sentiment
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expressed in the comments and provide valuable insights for further analysis and
understanding of customer perceptions within the context of the studied restaurant
reviews.

We acquire the proportions of these 20 topics for each review in order to create a
20-vector feature representation that can be used to leverage the findings of LDA
for supervised classification. This feature vector is intended to be used to ascertain
whether a sentence exhibits a positive or negative mood.

3.3.2 Data Augmentation
In order to address the challenges of limited data and enhance the performance of our
Opinion Mining models, particularly for aspect-based Opinion Mining, we employed
data augmentation techniques using the NLPaug library. Data augmentation is
a critical step in improving model generalization and robustness, especially when
dealing with imbalanced datasets and underrepresented aspects[36].

NLPaug Library

We leveraged the NLPaug library, which offers a wide range of data augmenta-
tion methods specifically designed for natural language processing tasks[37]. These
techniques aim to diversify the training data by generating new examples while
preserving the original meaning and context of the text.

Aspect-Based Augmentation

Our data augmentation process was tailored to each of the four aspects under anal-
ysis: Food, Place, Service, and Price. For each aspect, we applied augmentation
techniques individually to ensure that the generated data aligned with the specific
aspect’s context and sentiment[38].

Augmentation Techniques

1. Synonym Augmentation (Positive Sentiment): To capture the richness of pos-
itive sentiment expressions, we employed synonym augmentation. This technique
involved replacing words in the original reviews with their synonyms, effectively ex-
panding the vocabulary and allowing for diverse ways to convey positive sentiments
related to each aspect[39].

2. Antonym Augmentation (Negative Sentiment): To accentuate the diversity of
negative sentiment expressions, antonym augmentation was employed. In this pro-
cess, we replaced words with their antonyms, enabling the model to grasp varying
ways customers convey negative sentiments about the aspects.

3. Neutral Sentiment Preservation: To maintain the integrity of neutral sentiments,
we refrained from applying augmentation techniques, keeping the text unaltered in
cases where the original sentiment expression was neutral.
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4. Review Length Standardization: To ensure uniformity in the augmented dataset,
we enforced a consistent review length of 50 words per review. This standardization
helped the model process and learn from the augmented data more effectively.

5. Augmentation Hyper-parameters: For the synonym and antonym augmentation
techniques, we set the augmentation probability (aug_p) at 0.5. This balanced ap-
proach allowed for a substantial augmentation while still preserving some original
sentiment expressions.

3.4 Classifications

3.4.1 Multinomial Naive Bayes
A prominent probabilistic classifier for text classification applications, such as Opin-
ion Mining, is Multinomial Naive Bayes (MNB). Based on the Bayes theorem, it
makes the assumption that given the class label, the features—in this example,
the words—are conditionally independent. MNB is computationally effective and
frequently performs well on text categorization problems despite its simplicity[40].
Let’s break down the components of MNB for sentiment classification:

1. The Problem

In Opinion Mining, we seek to identify the sentiment polarity (positive, negative,
or neutral) of a certain text document, such as a customer review or an online
community post[6].

2. Representing the Text

We must translate the text data into a numerical format before we can apply MNB.
The Bag-of-Words (BoW) format or the Term FrequencyInverse Document Fre-
quency (TF-IDF) representation are frequently used for this[5].

- Term Frequency-Inverse Document Frequency (TF-IDF):
A numerical representation called TF-IDF takes into account the significance of
each word across the board. The inverse document frequency (IDF), a measure of
how uncommon the word is over the entire data set, and the word’s frequency in the
document (TF) are used to determine the weight of each word in each document[41].

3. The Naive Bayes Classifier

The Bayes theorem[42], which determines the conditional probability of a class label
given the observed features, is the foundation of the Naive Bayes classifier. Let’s
denote: C: Class label (e.g., positive, negative, neutral)
X: The features (in our case, TF-IDF representation of the text document)
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Bayes’ theorem states:

P (
C

X
) =

P (X
C
) · P (C)

P (X)
(3.1)

where:
P (C

X
): The posterior probability of class C given features X (the probability that

the document belongs to class C given its features).
P (X

C
): The likelihood of observing features X given class C (the probability of see-

ing the TF-IDF representation X given the class label C).
P (C): The prior probability of class C (the probability of a document belonging to
class C, independent of its features).
P (X): The evidence probability (the probability of observing the features X).

4. The Multinomial Naive Bayes Model

In MNB, we assume that the features (words) are multinomially distributed within
each class. This means that for each class C, the likelihood P (X

C
) follows a multi-

nomial distribution[43]. The likelihoodP (X
C
) can be estimated using the TF-IDF

representation. For TF-IDF, it is as follows:

P (
X

C
) =

∏
(P (

wi

C
))TF-IDF(wi) (3.2)

where:
wi: The i-th word in the vocabulary V .
P (wi

C
): The probability of observing word wi given class C.

TF − IDF (wi): The frequency of word wi in the document X.

This formula takes into account the TF-IDF scores of words in the document when
estimating the likelihood of the document belonging to class C in a Multinomial
Naive Bayes classifier using TF-IDF representation.

5. Laplace Smoothing

One issue with MNB is that if a word in the test document has not been seen in
the training data for a particular class, its probability will be zero. To avoid this
problem, we apply Laplace smoothing (additive smoothing), which adds a small
constant (usually denoted by alpha) to each word count. This ensures that no word
has a zero probability[13].

The smoothed probability of observing word wi given class C is given by:

P
(wi

C

)
=

TF-IDF(wi) + α

N + α · |V |
(3.3)

where:
α: The smoothing parameter.
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N : Sum of TF-IDF scores of all words in document X.
TF − IDF (wi): This is the TF-IDF score of word wi in the document.
The denominator is the sum of TF-IDF scores of all words in the document X.
|V |: This is the size of the vocabulary.

6. Opinion Mining using MNB

Once we have calculated the likelihood P (X
C
) for each class C, we can use Bayes’

theorem to compute the posterior probability P (C
X
) for each class. The class with

the highest posterior probability is chosen as the predicted sentiment label for the
input text document[16].

P (
C

X
) =

P (X
C
) · P (C)

P (X)
(3.4)

We calculate P (C
X
) for all classes and select the class with the highest probability

as the predicted sentiment label.

In summary, MNB for Opinion Mining involves representing text documents using
TF-IDF, estimating the likelihood P (X

C
) using multinomial distribution assump-

tions, and applying Bayes’ theorem to classify the sentiment polarity of the text
documents[44]. The use of Laplace smoothing helps handle words not seen in the
training data and improves the classifier’s robustness.

3.4.2 Random Forest
Opinion Mining is one classification problem that uses the ensemble learning tech-
nique known as Random Forest. During the training stage, numerous decision trees
are constructed, and their predictions are then combined to arrive at a final classifi-
cation choice. Random Forest is a reliable and well-liked option for text classification
problems because of its propensity to handle high-dimensional input and minimize
overfitting[45].

1. The Problem

In Opinion Mining, as previously noted, we seek to ascertain the sentiment polarity
(positive, negative, or neutral) of a particular text document, such as a customer
review or social media post[46].

2. Data Representation

Similar to the previous explanations, the text data needs to be represented in a
numerical format using the Term Frequency-Inverse Document Frequency (TF-IDF)
representation[41].

3. Random Forest

An assortment of decision trees makes up a random forest. A random subset of
the training data and a random subset of the characteristics are used to train each
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Figure 3.21: Random forest algorithm.

decision tree. By building different and less linked decision trees, Random Forest’s
main goal is to reduce overfitting[47].

3.1 Decision Trees

A decision tree is a hierarchical structure in which each leaf node represents a class
label (in our example, sentiment polarity) and each interior node reflects a judgment
based on a particular attribute[48].

3.2 Bootstrap Aggregating (Bagging)

The method used by Random Forest is known as Bootstrap Aggregating or Bagging.
By sampling the training data with replacement samples (bootstrap samples), bag-
ging entails constructing several datasets. Then, a different decision tree is trained
for each dataset[49].

3.3 Feature Randomness

Only a random subset of features is taken into account at each node of each decision
tree as it is being built. The trees are further adorned by this feature unpredictabil-
ity, which also lowers the likelihood of overfitting[50].

4. Training Random Forest

Let’s denote: X: The training data is represented using TF-IDF. Y : The corre-
sponding sentiment labels (positive, negative, or neutral).

The steps to train a Random Forest are as follows:

Step 1: Initialize the number of decision trees nestimators, the maximum depth of each
tree (maxdepth), and the number of features to consider at each node (maxfeatures).
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Step 2: For each decision tree (t = 1 to nestimators ): Create a bootstrap sample Xt

and Yt by randomly selecting data points with replacements from X and Y .
Train a decision tree Tt on the bootstrap sample (Xt, Yt), limiting its depth to
maxdepth and considering only maxfeatures features at each node[51].

Step 3: Predictions from the Random Forest
To make predictions for a new text document, the Random Forest combines the pre-
dictions of all its decision trees. The final prediction is obtained through a majority
vote among the decision trees for classification tasks like Opinion Mining[50].

5. Opinion Mining

The Random Forest can forecast the sentiment polarity of new text documents once
it has been trained on the preprocessed and feature-engineered data. The Random
Forest’s ensemble of decision trees aids in lowering overfitting and enhancing model
generalization[50].

In conclusion, Random Forest is an ensemble learning technique that generates sev-
eral decision trees using feature randomness and bootstrap aggregation in order to
produce a reliable and precise sentiment categorization model. Random Forest can
handle high-dimensional text input and produce high classification performance for
Opinion Mining applications by utilizing a variety of decision trees[49].

3.4.3 Support Vector Machine
One widely used and effective method in supervised machine learning for tasks
like Opinion Mining is the support vector machine (SVM). It operates in a high-
dimensional feature space to find the best hyperplane that can separate data points
belonging to different classes most effectively. SVM relies on two key elements: the
margin and the kernel function[52].

1. The Problem

In opinion categorization, we seek to identify the opinion polarity (positive, negative,
or neutral) of a certain text document, such as a consumer review or a social network
post[53].

2. Data Representation

Similar to the above rationales, SVM must be used using a quantitative representa-
tion of the linguistic sample. We shall employ the Term Frequency-Inverse Document
Frequency (TF-IDF) format[54].

3. SVM with RBF Kernel

The non-linear SVM variation with an RBF (Radial Basis Function) kernel enables
more intricate boundary conditions for decisions. Using a kernel function, it trans-
forms the data points into a higher-dimensional space, where it then looks for the
most optimal hyperplane[55].
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The RBF kernel function is defined as:

K(xi, xj) = exp(−γ · ||xi − xj||2) (3.5)

where:
γ : a hyperparameter that regulates the Gaussian kernel’s width[56].
||xi − xj||: The Euclidean distance between data points xi and xj.

The decision function of SVM with RBF kernel is given by:

f(x) =
∑

αi · yi ·K(xi, x) + b (3.6)

where:
αi : The Lagrange multipliers (obtained during training)[57].
yi : The class label of the i− th document (positive, negative, or neutral).

4. Training SVM

SVM seeks to identify the best hyperplane throughout training which optimizes the
distance across each point of information of various categories[58]. The method in
question necessitates minimizing the subsequent objective function in order to solve
a convex optimization problem:

minimize = 1

2
||w||2 + C

∑
max (0, 1− yi · (w · xi + b))2 (3.7)

where:
||w|| : The norm of the weight vector w.
C : The regularization parameter that controls the trade-off between maximizing
the margin and minimizing the classification error.∑

: The summation of all training data points[59].

5. Opinion Mining with SVM

We train the SVM model using the preprocessed and feature-engineered data (TF-
IDF representation) together with their matching opinion labels in order to conduct
opinion Mining using SVM[44]. By determining the decision function for each text
document and determining the class label based on the sign of the decision Value,
the model may predict the opinion polarity of fresh text documents once it has been
trained[60].

In conclusion, SVM employing RBF kernel projects the data into a higher-dimensional
space, allowing for non-linear decision boundaries. Model effectiveness may differ
depending on the jobs’ requirements for opinion categorization, the difficulty of the
opinion mining task, and the kernel parameter selection (For instance, the RBF
kernel’s gamma)[61].
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3.4.4 Deep Learning Algorithm: RNN
Assessing the sentiment polarization toward particular aspects or characteristics
stated in a text document is frequently necessary for aspect-based opinion mining.
To accomplish this and improve the efficiency of opinion mining, sophisticated Re-
current Neural Network (RNN) architectures like Double-layered LSTM and Bidi-
rectional LSTM (BiLSTM) are combined with pre-trained word embeddings like
GloVe[62].

1. GloVe Word Embeddings

GloVe, a widely utilized pre-trained word embedding technique, encodes the nuanced
connections among words through an analysis of their co-occurrence patterns within
a vast textual dataset. It accomplishes this by transforming words into compact
vectors within a continuous-dimensional space[63].

2. Double-layered (Stacked) LSTM

A Stacked LSTM, also referred to as a Double-layered LSTM, employs a configura-
tion where two LSTM layers are placed one on top of the other. In this setup, each
subsequent LSTM layer uses the output of the preceding layer as its input. This
stacking of LSTM layers enhances the model’s capability to discern intricate pat-
terns and extended connections within the input data, thereby improving its ability
to capture intricate information[62].

The hidden state (ht) of a Double-layered LSTM at time step t is computed as
follows[62]:

h1
t = LSTM1(xt, h

1
t−1) (3.8)

h2
t = LSTM2(h

1
t , h

2
t−1) (3.9)

where:
xt : The input vector (word embedding)[64] at time step t.
h1
t : The hidden state of the first LSTM layer at time step t.

h2
t : The hidden state of the second LSTM layer at time step t.

h1
t−1 : The hidden state of the first LSTM layer from the previous time step.

h2
t−1 : The hidden state of the second LSTM layer from the previous time step.

LSTM1 : The first LSTM layer.
LSTM2 : The second LSTM layer.

The final aspect-based Opinion Mining can be performed using the output of the
second LSTM layer (h2

t ) or by applying additional layers (e.g., fully connected layers)
on top of it for sentiment prediction[65].

3. Bidirectional LSTM (BiLSTM)

It is crucial to comprehend the context around a particular aspect while conduct-
ing an aspect-based opinion study. As a type of recurrent neural network (RNN)
that can process input sequences in both forward and backward directions, the Bidi-
rectional LSTM (also known as BiLSTM) stands out. It can successfully acquire
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insights from both the past and the future because of its dual-directional strategy,
which results in a comprehensive understanding of the input sequence[18].

The hidden state (ht) of a BiLSTM at time step t is computed as follows[66]:

hf
t = LSTMf (xt, h

f
t−1) (3.10)

hb
t = LSTMb(xt, h

b
t−1) (3.11)

where:
hf
t : The hidden state of the forward LSTM (processing input from the beginning

to the end of the sequence) at time step t.
hb
t : The hidden state of the backward LSTM (processing input from the end to the

beginning of the sequence) at time step t.
LSTMf : The forward LSTM layer.
LSTMb : The backward LSTM layer.

The final hidden state of the BiLSTM (ht) is typically obtained by concatenating
the hidden states of the forward and backward LSTMs:

ht = [hf
t , h

b
t ] (3.12)

The final aspect-based Opinion Mining can be performed using the hidden state
(hT ) or by applying additional layers (e.g., fully connected layers) for sentiment
prediction[67].

4. GloVe and Aspect-Based Opinion Mining with Stacked LSTM and
BiLSTM

Each word in the original stream is transferred to its appropriate GloVe vector for
the purpose of employing pre-trained GloVe word embeddings. The Stacked LSTM
or BiLSTM opinion mining model, as described in the prior sections, will then
incorporate these linguistic representations[63].

By using advanced architectures like Double-layered LSTM and Bidirectional LSTM
in combination with pre-trained GloVe word embeddings, aspect-based Opinion Min-
ing models can effectively capture contextual information and long-term dependen-
cies, leading to improved Opinion Mining performance, especially in tasks where
understanding the sentiment towards specific aspects is critical.
p(Wn|Zn, β)
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Chapter 4

Result & Analysis

In this study, we conducted research into Aspect-Based Opinion Mining (ABOM)
within the context of restaurant reviews. Our objective was to uncover nuanced
sentiments related to distinct aspects: Food, Place, Service, and Price. To tackle
the challenges associated with large and imbalanced datasets, we devised a multi-
phased investigation, each phase addressing specific domain challenges. Our primary
goal was to improve the performance of conventional models while leveraging the
capabilities of neural networks for aspect-based opinion mining (ABOM). This report
provides a thorough analysis of our discoveries and critical insights gleaned from our
experimentation.

4.1 Initial Analysis on Large-Scale Dataset
We commenced our research by working with a massive dataset comprising 2.7
million restaurant reviews from diverse global locations. Employing three classi-
cal machine learning algorithms—Multinomial Naive Bayes (MNB), Support Vec-
tor Machine with Radial Basis Function Kernel (SVM RBF), and Random Forest
(RF)—we initially faced computational constraints. Consequently, we downsized
the dataset to 500k samples to make SVM computations feasible. Despite achieving
high F1 scores(Table: 4.1), we observed a high degree of misclassification in the con-
fusion matrices, particularly MNB exhibited difficulties in classifying target 0, while
SVM-RBF and RF showed a tendency to misclassify target 0 as well as neighboring
target ratings (See Figure 4.1, 4.2 & 4.3). The dataset’s inherent class imbalance,
with an overwhelming majority of 5-star reviews, contributed to these challenges.

Algorithm Accuracy Precision Recall F1 Score
SVM 0.91 0.91 0.91 0.91
MNB 0.90 0.90 0.90 0.90

RandomForest 0.90 0.90 0.90 0.90

Table 4.1: Performance Evaluation on 500K Data
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Figure 4.1: Confusion Matrix for Naive Bayes

Figure 4.2: Confusion Matrix for SVM

Figure 4.3: Confusion Matrix for Random Forest
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4.2 Balancing the Dataset
Our initial dataset consisted of 2.7 million restaurant reviews, and it displayed a
considerable class imbalance, with the majority of reviews falling into the 4 and
5-star categories. To address this imbalance and ensure fairness in our analysis,
we meticulously curated a balanced dataset containing 100,000 reviews, evenly dis-
tributed among 1 to 5-star ratings. This deliberate balancing effort was undertaken
to eliminate any potential biases in our models’ predictions, acknowledging the stark
disparity in positive reviews compared to negative and mixed ones in the original
dataset.

4.3 Model Reevaluation on Balanced dataset &
Introduction of Neural Networks

A series of assessments were then carried out to evaluate the effectiveness of three
classic models (Naive Bayes, SVM, and Random Forest) as well as two neural net-
works (Double Stack LSTM and Double layered BiLSTM). Our main objective is to
identify the most efficient set of settings. These variables included changes in the
number of hidden layer dimensions, learning rates, and training epochs that would
produce the best results. Five classifiers were used in the experiment, two of which
were neural networks using GloVe word embeddings, and three of which were classic
models using TF-IDF.

To ensure robust evaluation, we divided the dataset into a 60% training set, a 30%
validation set, and a 10% test set. By analyzing the results based on accuracy,
precision, recall, and F1 score obtained from the testing phase, we aimed to identify
which models performed better and which parameter settings were most effective.

The findings of this study will offer valuable insights into the performance of differ-
ent models and parameter combinations, thus aiding in selecting the most suitable
approach for aspect-based opinion classification in NLP tasks.

4.3.1 Training Process on Balanced Dataset
The training, validation, and test sets were afterward generated from this balanced
dataset. In our original strategy, word vectorization was used to change the training
set’s text data. Three classic models were trained using this format. The training
data for our neural network models was then prepared. In particular, we made use
of GloVe word embeddings and set their dimensionality to 300. We used the double-
stack LSTM and the Double layered BiLSTM neural networks in this configuration.
With a learning rate of 0.001, stochastic gradient descent was used to fine-tune these
neural networks. We performed training sessions across 500 epochs with early halting
as a safety measure in order to facilitate model training and reduce overfitting.
Our goals included the development of a balanced dataset, the improvement of the
classic model’s performance, and the effective use of neural networks for opinion
classifications.
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4.3.2 Performance on Balanced Dataset
4.3.2.1 Classical Models

In the initial experiment, we processed the sentence tokens by converting them into
word vectors, a common practice in supporting neural networks for NLP tasks. This
approach is widely used in the field. By evaluating the performance of word vectors
independently from POS tags and word dependencies, we aimed to compare the
effectiveness of this conventional method with the proposed techniques. To begin,
the sentences were tokenized, followed by the conversion of these tokens into word
vectors. Subsequently, these word vectors were utilized as input for the three linear
classifiers. The results of this experiment are presented in Table 4.2, allowing us to
assess the performance of the classifiers based on word vectorization alone.

Models Accuracy
Multinomial NB 0.56
Random Forest 0.56

SVM 0.57

Table 4.2: Classic Algorithm Result for 100K Data

4.3.2.2 RNN Models

For the subsequent experiment, we opted to use neural networks. Specifically, we
employed the Glove word embedding, which consists of word representations in a
hundred-dimensional space. Word embeddings have proven to be highly effective
in handling text data. The utilization of neural networks is expected to result in
higher accuracy compared to linear classifiers due to their capacity to capture more
intricate patterns and relationships in the data.

To explore the performance of neural networks, we implemented two distinct archi-
tectures. The results of these experiments are presented in Table 4.3, allowing us to
evaluate the effectiveness of the neural network models in opinion mining .

The Double Layered LSTM model exhibited moderate accuracy in predicting the
sentiment of restaurant reviews. While not achieving high accuracy, it demonstrated
an improvement compared to the 500k dataset version. However, the model still had
difficulty distinguishing between adjacent star ratings, indicating room for further
enhancement. See Table 4.3 and Figure 4.7. The Double Layered BiLSTM out-
performed the Double Layered LSTM slightly in terms of accuracy. Similar to the
other models, it showed the tendency to misclassify reviews with adjacent star rat-
ings. Further analysis of the confusion matrices may provide insights into specific
areas for improvement. See Table 4.3 and Figure 4.10.

Models Accuracy
Double Stack LSTM 0.59

Double Layered BiLSTM 0.60

Table 4.3: Classic Algorithm Result for 100K Data
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4.4 Aspect-Based Opinion Mining
Recognizing the importance of aspect-based opinion mining (ABOM), we employed
Latent Dirichlet Allocation (LDA) to identify four key aspects: Food, Place, Service,
and Price within our input data. We created a separate dataset of 5,000 three-star
reviews as they typically exhibit a more diverse and mixed sentiment. Within this
new dataset, we manually annotated the aspects and labeled them based on positive,
negative, or neutral sentiment. In instances where customers did not provide any
explicit opinion or sentiment on a particular aspect, we labeled them as ”N/A” to
indicate the absence of their feedback regarding that specific aspect.

4.4.1 ABOM Using BiLSTM
In the context of restaurant review analysis focused on different aspects, we pro-
ceeded by segmenting our annotated dataset into three essential subsets: training,
validation, and test sets. These sets were essential for the training phase of our
BiLSTM model, which aimed to discern nuanced sentiments associated with each
specific aspect of restaurant reviews.

For the BiLSTM model tailored to restaurant review aspect-based opinion mining
(ABOM), we opted for stochastic gradient descent as our optimizer, configuring a
learning rate of 0.001. Our choice for the loss function was binary cross-entropy.
The BiLSTM model underwent rigorous training on this dataset, with the primary
goal of capturing the intricate sentiments linked to individual aspects of restaurant
reviews.

We followed a consistent approach when training the model for other aspects within
the restaurant review domain. The outcome of these experiments is summarized in
the Table , providing a comprehensive overview of the BiLSTM model’s performance
in aspect-based opinion mining (ABOM) for various aspects specific to restaurant
reviews. Due to the limited size of the annotated dataset, the initial model suffered
from overfitting. To mitigate this, we augmented the data using NLP techniques,
resulting in improved performance across all aspects (Table 4.8).

4.4.2 Aspect-Specific Performance
Food:

The BiLSTM demonstrated strong performance in classifying Food sentiment with
an F1 score of 87.36%, showcasing its ability to capture nuanced opinions about
food quality. See Table 4.4

Place:

For the Place aspect, the model achieved an impressive F1 score of 92%, indicating
its proficiency in discerning sentiments related to the restaurant’s ambiance and
location. See Table 4.5
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Service:

The Service aspect also yielded a high F1 score of 92%, highlighting the model’s
capability to understand customer feedback regarding service quality. See Table 4.6

Price:

The Price aspect proved to be challenging, with an F1 score of 32%. The model
struggled to accurately predict price-related sentiments, indicating the need for fur-
ther refinement in this area. See Table 4.7.

It’s important to note that while the accuracy of the neural network models may
not be exceptionally high, the aspect-based sentiment analysis results are more
promising. The models effectively captured nuanced sentiments associated with
aspects like Food, Place, and Service, which are critical in restaurant reviews. The
Price aspect, being more challenging, could be a focus for future improvements and
refinements in the model architecture or data preprocessing.

Ratings Precision Recall F1-score
Negative 0.88 0.85 0.87
Neutral 0.84 0.92 0.88
Positive 0.90 0.85 0.88

Macro avg 0.88 0.87 0.87
Weighted avg 0.88 0.87 0.87

Table 4.4: Result analysis for Food

Ratings Precision Recall F1-score
Negative 0.91 0.93 0.92
Neutral 0.92 0.95 0.93
Positive 0.94 0.90 0.92

Macro avg 0.92 0.92 0.92
Weighted avg 0.92 0.92 0.92

Table 4.5: Result analysis for Place

Ratings Precision Recall F1-score
Negative 0.93 0.90 0.92
Neutral 0.90 0.97 0.93
Positive 0.94 0.89 0.91

Macro avg 0.92 0.92 0.92
Weighted avg 0.92 0.92 0.92

Table 4.6: Result analysis for Service
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Ratings Precision Recall F1-score
Negative 0.44 0.06 0.10
Neutral 0.35 0.42 0.38
Positive 0.38 0.63 0.48

Macro avg 0.39 0.37 0.32
Weighted avg 0.39 0.37 0.32

Table 4.7: Result analysis for Price

Aspects Accuracy
Food 0.87
Place 0.92

Service 0.92
Price 0.37

Table 4.8: F1-Score Comparison for Aspects

Figure 4.4: Confusion Matrix for MNB(100K Data)
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Figure 4.5: Confusion Matrix for Random Forest(100K Data)

Figure 4.6: Confusion Matrix for SVM(100K Data)
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Figure 4.7: Confusion Matrix for Double Stacked LSTM(100K Data)

Figure 4.8: Double Stacked LSTM Accuracy for 100K Data
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Figure 4.9: Double Stacked LSTM Loss for 100K Data

Figure 4.10: Confusion Matrix for Double Layered BiLSTM(100K Data)
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Figure 4.11: Double Layered BiLSTM Accuracy for 100k Data

Figure 4.12: Double Layered BiLSTM Loss for 100k Data
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Figure 4.13: Double Layered LSTM Architecture(100K Data)
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Figure 4.14: Double Layered BiLSTM Architecture(100K Data)

Figure 4.15: F1-score Comparison Across All Models(100K Data)
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Figure 4.16: Comparison of the F1-scores on Test Data for Each Aspects
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Figure 4.17: BiLSTM Architecture for ABOM
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Figure 4.18: Confusion Matrix for BiLSTM(Food)

Figure 4.19: BiLSTM Model Accuracy for Food
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Figure 4.20: BiLSTM Model Loss for Food

Figure 4.21: Confusion Matrix for BiLSTM(Place)
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Figure 4.22: BiLSTM Model Accuracy for Place

Figure 4.23: BiLSTM Model Loss for Place

50



Figure 4.24: Confusion Matrix for BiLSTM(Service)

Figure 4.25: BiLSTM Model Accuracy for Service
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Figure 4.26: BiLSTM Model Loss for Service

Figure 4.27: Confusion Matrix for BiLSTM(Price)
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Figure 4.28: BiLSTM Model Accuracy for Price

Figure 4.29: BiLSTM Model Loss for Price
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Chapter 5

Challenges, Limitations and
Future Works

5.1 Challenges

5.1.1 Computational Resources
The initial challenge faced was the computational limitations when using Support
Vector Machines (SVM) on a large dataset. The SVM model requires substantial
computational power and time, which may not be accessible to all researchers. This
highlights the need for efficient algorithms that can handle large datasets without
extensive resource requirements.

5.1.2 Class Imbalance
The original dataset exhibited a significant class imbalance, with the majority of
reviews being 5-star ratings. This class imbalance can skew the model’s perfor-
mance and make it biased toward predicting positive sentiments. Addressing class
imbalance is a crucial challenge in sentiment analysis.

5.1.3 Aspect Labeling
Labeling aspects like Food, Place, Service, and Price manually can be subjective and
time-consuming. This introduces the potential for labeling errors and may limit the
quality of the training data, especially when dealing with a vast dataset.

5.1.4 Limited Aspect Data
The aspect-based sentiment analysis model struggled with predicting sentiments for
the Price aspect, likely due to a lack of sufficient labeled data. Collecting more
annotated data for this specific aspect is a challenge, as it requires manual effort
and domain expertise.
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5.1.5 Data Augmentation
While data augmentation improved the performance of the BiLSTM model for most
aspects, it did not effectively address the challenges associated with the Price aspect.
This highlights the need for specialized techniques to augment data for underrepre-
sented aspects.

5.2 Limitations

5.2.1 Model Performance
Despite various attempts and techniques, achieving high accuracy and F1 scores
across all aspects and rating categories remains a challenge. The limitations of the
models suggest that further optimization or the exploration of alternative algorithms
may be necessary.

5.2.2 Subjectivity
The aspect labeling process relies on human judgment and interpretation of reviews,
which can be subjective and prone to errors. Additionally, the aspect categories
chosen may not cover all relevant aspects important to customers, limiting the com-
prehensiveness of the analysis.

5.2.3 Generalizability
The performance of the models may be specific to the dataset used for training and
testing. Generalizing the models to other restaurant review datasets or different
domains could be challenging and may require additional adaptation.

5.3 Future Work

5.3.1 Efficient Algorithms
Research can focus on developing sentiment analysis algorithms that are computa-
tionally efficient, particularly for large datasets. This can make sentiment analysis
more accessible to researchers with limited computational resources.

5.3.2 Handling Class Imbalance
Investigate techniques for handling class imbalance, such as oversampling minority
classes or using different evaluation metrics that account for class distribution, like
weighted F1-score.

5.3.3 Aspect Labeling Automation
Explore the possibility of automating the aspect labeling process using natural lan-
guage processing techniques. This could reduce labeling errors and expedite the
process.
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5.3.4 More Data for Underrepresented Aspects
Collect more annotated data specifically for underrepresented aspects like Price.
Crowdsourcing or domain-specific forums might be useful for obtaining additional
labeled samples.

5.3.5 Model Ensemble
Experiment with model ensembles that combine the strengths of multiple algorithms,
potentially mitigating the limitations of individual models and enhancing overall
performance.

5.3.6 Fine-tuning for Price Aspect
Focus on fine-tuning the model specifically for the Price aspect, considering al-
ternative model architectures or more advanced techniques tailored to handle this
challenging aspect.

5.3.7 Domain Adaptation
Investigate domain adaptation techniques to improve the generalizability of the mod-
els to different types of restaurants and cuisines.

Incorporating these suggestions into our research paper will demonstrate a com-
prehensive understanding of the challenges, limitations, and potential directions for
future work in aspect-based opinion mining on restaurant reviews.
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Chapter 6

Conclusion

Data mining, computational linguistics, and natural language processing are all parts
of opinion mining. Based on the review, it decides if the consumer has a favorable
or unfavorable impression. Large amounts of feedback from customers about any
restaurant may be handled using the technology, which also offers improved legiti-
macy. This article focuses on putting into practice an aspect-based opinion miner
in consumer domains like restaurant reviews, which automatically identifies signifi-
cant aspects and opinions of a restaurant through reviewing reviews, then creates a
sentiment profile of each restaurant, which can then be used to compare and choose
restaurants in a specific location by any customer. There may be room for improve-
ment in this essay. The same, as well as an examination of other varieties, is what
our next study seeks to offer. In order to increase the precision of opinion mining,
our further study seeks to incorporate the aforementioned as well as the analysis of
various sentence types, such as comparative and conditional sentences. For improved
outcomes, classifiers can also be used to examine the suggested system.
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