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Abstract—Online reviews from customers have grown as a
rich source of information for academics and professionals to
comprehend the customer experience. This study leverages the
rich semantic properties of text reviews to identify hidden and
complex areas for product and services improvement. Moreover,
it proposes a novel machine learning modeling framework
that can reliably and efficiently extract consumer opinions and
uncover potential interaction effects( across these opinions).
Specifically, we create an opinion extraction framework that
makes it possible to determine the average effects of customer
opinions.The main goal of this work is to extract and analyze
certain aspects—such as pricing, customer service, and product
quality. This is done in order to obtain important insights
into the opinions that customers have about many facets of
stores and dealers. This process involves aspect extraction and
sentiment classification to determine positive, negative, or neutral
sentiments associated with each aspect. By effectively analysing
the sentiments expressed by customers, this work seeks to offer
dealers valuable understanding, enabling them to make data-
driven decisions for enhancing customer satisfaction and overall
business success. This methodology proves a new approach using
sentiment analysis and business intelligence that can be applied
to any service and product industry.

Index Terms—Aspect-Based Sentiment Analysis, Bidirectional
Encoder Representations,

I. INTRODUCTION

In today’s dynamic and competitive business landscape,
gaining a profound understanding of customer sentiments and
preferences has become a pivotal aspect of achieving sustained
success and maintaining a competitive edge. The advent of
online platforms and social media has empowered customers,
granting them a powerful voice to express their opinions and
experiences, significantly influencing brand perceptions and
driving consumer decisions. Aspect-Based Sentiment Analy-
sis (ABSA) has emerged as a valuable technique, enabling
businesses to extract deeper insights from customer feedback
by analysing specific aspects mentioned in reviews. ABSA is a
specialized natural language processing (NLP) technique that
goes beyond traditional sentiment analysis. While traditional
sentiment analysis identifies overall sentiment (positive, nega-
tive, neutral) in a text, ABSA takes a step further by focusing
on specific aspects or entities within the text and determining
sentiment towards each aspect.

II. LITERATURE REVIEW

Online customer reviews have become a vital information
resource for both professionals and academics researchers.
It helps to analyse individual customer experiences and
its relation to customer happiness, which in turn helps to
maintain the sustainable growth of linked firms. Internet
movie reviews are generated by various machine learning
strategies like vectorisation, feature extraction, and the Naive
Bayes algorithm for performing classification of movie
reviews [1] [2]. Most of the review summaries are produced
by clustering semantically linked review sentences using
Word2Vec feature extraction and semantic clustering. An
extractive summary of movie reviews was created by selecting
the sentences that scored the highest. Examination of several
rule-based strategies and classifiers, such as SVM, Naive
Bayes, Random Forest, and Maximum Entropy, revealed that
Maximum Entropy achieves the highest accuracy. So it is
the most suggested choice for a customized recommendation
system that integrates with ABSA [3]. [4] describes a novel,
nearly unsupervised system based on topic modeling. W2V
LDA can perform aspect category classification, aspect
term and opinion-word separation, and sentiment polarity
classification across multiple domains (hotels, restaurants,
electronic devices) and languages (English, Spanish, French,
Dutch) when combined with minimal configuration and other
unsupervised methods. A hybrid approach incorporating
feature selection techniques, namely Principal Component
Analysis (PCA), Latent Semantic Analysis (LSA), and
Random Projection (RP) significantly improves accuracy
compared to existing sentiment classification methods, with
performance gains of 76.55 %, 71.62 %, and 74.24 % in
various domains [5]. Reshaping and pruning an ordinary
dependency parse tree generates a unified aspect-oriented
dependency tree structure rooted at a target aspect in [6]. This
addresses the problem of confusion between multiple aspects
in a single sentence, which arises from linguistic complexity,
through the implementation of effective syntax information
encoding. Next, in order to encode the new tree structure for
sentiment prediction, a Relational Graph Attention Network
is suggested. Three stages of analysis and sentiment polarity
extraction were carried out on product reviews based on
particular aspects of the product (using sentiment analysis).



These stages included Part-Of-Speech (POS) tagging during
data preprocessing, feature selection using Chi-Square, and
sentiment polarity classification of aspects using Naive Bayes.
Aspect-based sentiment analysis was performed by these
systems, with a maximum F1-measure of 78.12 % [7]. For
analysing the sentiment of product reviews, aspect term
extraction and sentiment analysis are done using Conditional
Random Field (CRF) and Support Vector Machine (SVM),
respectively [8]. The evaluation findings indicate an accuracy
of 54.05 % for sentiment classification and an average
F-measure of 41.07 % for aspect term extraction. [9]
examines the distribution of aspect-based sentiments taken
from a review. Customizing the shop classification based on
customer reviews is a novel strategy that could benefit both
dealers and end customers by enabling them to assess the
caliber of items and services offered prior to visiting the
physical location.

III. METHODOLOGY

Earlier the customer feedback was collected through various
surveys which are done either offline or online mode. Now a
days, It is possible to explore the world of consumer feedback
in this era of the internet by gathering and carefully analyzing
customer reviews. These reviews were an incredible source
of information; they provided us with unbiased information
about the establishments under review, the cities in which
they were located, the ratings that certain customers left, the
exact phrases that customers used to express their opinions,
and the dates on which these reviews were published. The
methodology of this work encompasses three main tasks, as
shown in figure 1. The first step is aspect extraction, which
attempts to locate and extract particular characteristics or
aspects expressed in customer evaluations pertaining to a given
kind of store. These factors, which are crucial for deriving
more insightful conclusions from the reviews, can include cost,
customer service, and product quality. This is followed by
aspect inference, which concentrates on comprehending the
context and connections between various aspects. In order
to have a more thorough grasp of customer sentiment, it at-
tempts to combine comparable characteristics together. Aspect
sentiment detection, which ascertains the sentiment polarity
connected to each aspect, is the final step. It involves iden-
tifying whether the sentiment expressed towards a particular
aspect is positive, negative, or neutral. Sentiment detection
helps businesses make data-driven decisions to enhance their
services and offerings by delivering insightful information
about consumer happiness and displeasure in many areas of
their shops.

A. Algorithms used for Analysis

Natural language processing (NLP) is the ability of a
computer program to understand human language as it is
spoken and written (referred to as natural language). NLP has
existed for more than 50 years and has roots in the field of

linguistics. The deep learning methods used for this work are
discussed below.

1) BERT: Bidirectional Encoder Representations from
Transformers (BERT) is a transformer-based machine learning
technique for natural language processing. The particular
BERT model used here is bert-base-multilingual-uncased-
sentiment, which is fine-tuned for sentiment analysis on prod-
uct reviews in six languages: English, Dutch, German, French,
Spanish, and Italian. It predicts the sentiment of the review as a
number of stars (between 1 and 5). This model is intended for
direct use as a sentiment analysis model for product reviews
in any of the six languages above or for further fine-tuning on
related sentiment analysis tasks.

2) all-MiniLM-L6-v2 model from Sentence Transformers:
The pre-trained model all-MiniLM-L6-v2 is a part of the
Sentence Transformers library, which specializes in training
models for various natural language understanding tasks, par-
ticularly sentence and text embeddings. This specific model,
all-MiniLM-L6-v2, is designed to generate meaningful sen-
tence embeddings that can capture the semantic relationships
between sentences. The name ’MiniLM’ likely indicates that
this model is a compact variant of the original language model
(LM), making it more memory-efficient while retaining strong
performance. The ’L6’ in the name signifies that it has six
transformer layers, which determine the model’s depth and
capacity for understanding sentence semantics.

3) spaCy’s English Model en core web sm: en core we
sm is one of the pre-trained models provided by spaCy for

English text processing. It is a small and efficient variant
of spaCy’s English models, designed to be lightweight and
suitable for various Natural Language Processing tasks while
conserving memory and processing speed. Despite its smaller
size, en core web sm still offers a robust set of linguis-
tic features. It includes tokenisation, part-of-speech tagging,
named entity recognition, and syntactic parsing. It is an
excellent choice where memory resources are limited, making
it versatile for a wide range of NLP applications in English
text analysis.

IV. DATA COLLECTION

The customer review data for tyre shops across the state
of Kerala, India, is scraped from the internet during the year
2024. It involves extracting consistent and accurate textual
data from Google Maps, specifically focusing on tyre shops
and their customer reviews, using Selenium. To maintain a
consistent approach to data collection, a wealth of information,
including the names of the stores, exact addresses, overall
ratings, categories (like whether they were an auto repair shop
or a tyre dealer), opening hours, contact phone numbers, and
the cities they were in, is extracted. The metadata of the dataset
used in this analysis is given in figure 2. The Store Details Data
is the first dataset and its features extracted are: the name of
the store, the overall customer rating of the store, the number
of customers reviewed, category/type of the store, location or
address of the store, time when each of the listed stores opens
or closes, contact number of the shop owner, pin code, and



Fig. 1. Proposed Methodology : Aspect-Based Sentiment Analysis for Enhancing Customer Satisfaction

city. Sample data is shown in figure 3. In the second step,
the Customer review data of all stores that are selling tyres
is collected (shown in figure 4), which includes the name of
the store, the city, the overall customer rating of the store, the
individual customer rating, the review of the customer, and
the time when the review was posted. These reviews were a
goldmine of insights, providing us with important information
such as the names of the stores being reviewed, the cities they
were located in, how individual customers rated them, what
customers actually said in their reviews, and how long ago
these reviews were posted. This comprehensive approach to
data collection can create a vivid picture of the tyre retail
industry, spanning different regions, types of stores, and the
opinions of customers.

Fig. 2. Metadata of Dataset used for this case study : Store Details Data and
Customer Reviews Data

V. EXPLORATORY DATA ANALYSIS (EDA) AND
PRE-PROCESSING

Exploratory Data Analysis (EDA) and pre-processing are
very important to ensure that the dataset is error-free and
ready for analysis.The step-by-step procedure for the same is

Fig. 3. Sectional view of Store Details data

Fig. 4. Sectional view of Customer Reviews data

depicted in figure 5
Data Cleaning: During the first step of Exploratory Date

Analysis, unwanted records were removed. This includes
duplicate entries and irrelevant information like shop names
and cities. This is done to ensure that the dataset contained
only essential data for analysis.
Pincode Extraction: Pin codes from the shop addresses were
extracted to identify the precise location data for each shop
and to explore geographic patterns and insights.
Review Count Filter: To ensure the reliability of our
analysis, filtering has been done for shops with a review
count of less than 10 which helped to focus our analysis on
shops with a substantial number of reviews, providing a more
representative sample.
Review Word Count Analysis: The word count for each
customer review is analysed to understand the length of the



Fig. 5. Exploratory Data Analysis

reviews and identify potential outliers.
Word Length Threshold: To maintain data quality, records
with exceptionally long reviews are removed. Specifically,
word counts exceeded the 99 percentile word length, which
in this case was reviewed with more than 86 words.
Extracted Brand Names: The brand names mentioned in
the reviews, as well as the store names, are extracted so that
we can identify which brands are sold in each of the stores.

A. Word-Cloud Creation

Fig. 6. Word Cloud of Shop Reviews

As an initial analysis, word cloud of reviews is done to
identify the main topics or the most frequent words mentioned
by most of the customers. As depicted in figure 6, words like
good, tyre, and service are the most frequently found words
in most of the reviews.

VI. ASPECT EXTRACTION

This process leverages text pre-processing techniques using
the text-hero library, which includes converting text to lower-
case, removing punctuation and digits, and eliminating stop
words to ensure our data is clean and ready for analysis.
A frequency-based approach for aspect extraction is used,
which begins with the identification of nouns using a Part-
of-Speech (POS) tagger from the NLTK library. Then the fre-
quency of each word is calculated to identify prominent terms

Fig. 7. List of Domain Relevant Aspect Labels

Fig. 8. List of Aspect Labels and Related Aspect Seed words

related to this analysis. A syntactic-relation based approach
follows to identify noun chunks (using spaCy’s English Model
en core web sm). The aspect-term dictionary is enriched with
a list of nouns and their corresponding adjectives. A compre-
hensive Main Dictionary is created that encompasses the full
scope of our aspects by merging both dictionaries.

VII. ASPECT INFERENCE

The reviews are split into individual sentences using NLTK
and the Regex function, which allows to examine the aspects



Fig. 9. Number of sentences associated with each Aspect Label

discussed in each sentence more effectively. The next step
is to encode each sentence and aspect term separately using
the same ′all − MiniLM − L6 − v2′ model we used for
aspect mapping from the Sentence Transformers library. This
encoding process converts text data into numerical represen-
tations, facilitating the comparison of sentences and aspect
terms. The cosine similarity between the encoded sentence
and each aspect term is done to determine the most appropriate
aspect for each sentence. This similarity score quantifies the
semantic similarity between the sentence and potential aspects.
However, to ensure the accuracy of our aspect identification
process, a threshold value of 0.25 is established for similarity
scores. If the similarity score between a sentence and an
aspect term surpasses this threshold, we assign that aspect
to the sentence. If not, the sentence is categorized under a
“MISCELLANEOUS” aspect category, indicating that it does
not strongly align with any predefined aspect. This aspect
identification step is integral in dissecting the content of
customer reviews and aligning them with specific aspects,
providing us with a nuanced understanding of what customers
are talking about and how their sentiments are related to
different aspects of each shop.

VIII. SENTIMENT DETECTION

Fig. 10. Classification

The final task is to classify each sentence into one of the
five sentiment classes. For this, a pre-trained BERT model
specifically designed for sentiment analysis, known as the
nlptown/ bert-base-multilingual-uncased-sentiment model is
used, which is very good at predicting sentiment by assigning
a numerical rating between 1 and 5, which corresponds to the

sentiment expressed in a given review. By utilizing this pre-
trained BERT model, we were able to discern the sentiment
conveyed in each sentence within the customer comments.
This step provides valuable insights into whether the sentences
express positive, negative, or neutral sentiments, further en-
riching our understanding of customer opinions and feelings
regarding their experiences with various shops. Figure 10
shows one of the results in classification. It shows the detailed
review of a shop called tyre-world KMH traders which is in
Alappuzha district.

IX. RESULTS

This work showcased significant implications, offering retail
shops a valuable tool for gaining profound insights into
customer sentiments across various facets of their services.
Conventional sentiment analysis methods tend to overlook the
nuanced topics discussed in customer reviews, constraining
their capacity to make informed decisions, identify areas for
enhancement, and elevate the quality of products, services,
and customer interactions. In stark contrast, this work adopts
an approach that transcends conventional sentiment analysis
by extracting and scrutinizing the specific aspects addressed
in customer feedback. This approach leads to a more laser-
focused and insightful analysis. The project underscores the
efficacy of an unsupervised-based approach in aspect-based
sentiment analysis, providing a foundation characterized by
simplicity, user-friendliness, and reasonably promising results.
Nevertheless, it is abundantly clear that the precision and
accuracy of the analysis could be substantially amplified with
the availability of labeled data. The exploration into pre-
trained embeddings and the utilization of advanced BERT
models have unveiled a path toward refinement, emphasizing
the critical role of choosing the most suitable embeddings and
models for the specific task. These findings set the stage for
future endeavors that hold the potential to further elevate the
utility and sophistication of aspect-based sentiment analysis,
propelling its application across diverse domains and indus-
tries. This work opens the door to several exciting avenues
for future research and development, such as:

• Labeled Data Acquisition: Obtaining labeled data specific
to tire dealerships and customer reviews could be a
critical step in refining the sentiment analysis model. La-
beled data would enable supervised learning approaches,
leading to more accurate and precise results.

• Fine-Tuning of Embeddings: Further experimentation
with pre-trained embeddings and fine-tuning for specific
aspects and domains could lead to substantial improve-
ments in sentiment analysis accuracy. This process can
involve domain-specific embeddings tailored to the tire
industry.

• Real-Time Monitoring: Implementing real-time monitor-
ing of customer sentiments and feedback can enable tire
companies to respond promptly to changing customer
preferences and issues, enhancing overall customer satis-
faction.



Fig. 11. Customer Sentiment Analysis

• Integration with Customer Support: Integrating sentiment
analysis with customer support systems can help in
addressing customer concerns and complaints proactively,
fostering improved customer relationships.

• Multi-Lingual Support: Expanding the project’s capa-
bilities to include multilingual sentiment analysis can
be valuable for tire companies with global operations,
providing insights into customer sentiments across var-
ious regions and languages. This work could serve as
a foundational step toward more sophisticated sentiment
analysis in the case of tyre industry, and future endeavors
can leverage these insights and advancements to further
enhance customer satisfaction, business strategies, and
market competitiveness.

The result of this framework is a dynamic system where
users can filter data according to cities, enabling a localized
examination of customer reviews. The system also offers the
convenience of searching for specific stores by name, stream-
lining the process of accessing individual store information.
Users can also filter results based on preferred tire brands,
aiding in the identification of stores that carry a particular
brand. Lastly, this system provides a filter for selecting the
time frame during which reviews were posted, allowing for
temporal analysis. It can also a wealth of valuable insights,
such as the average rating of each store, (which provides an
overview of customer satisfaction levels), a table containing
store particulars, including pin code, address, and phone
number, aiding in the location and contact details of the stores.
A map visualization enhances geographical understanding by
pinpointing store locations across the region. Finally, the
report goes beyond surface-level analysis by incorporating
average sentiment scores for each aspect. This facet enables
a more nuanced evaluation of customer sentiments regarding
each specific aspect. Leveraging the Tableau report offers

a strategic advantage in optimizing business decisions: By
utilizing aspect-based sentiment analysis within the Tableau
report, the identification of tire shops with varying levels of
customer satisfaction becomes a streamlined process.
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