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Abstract— In the digital age, where customer opinions are easily accessible through online
platforms, businesses are leveraging sentiment analysis to gain a competitive edge. With the rise
of social media and online reviews, companies can use sentiment analysis to figure out what
customers like or dislike. This helps in making marketing strategies that connect better with
people's emotions. This project dives into what customers really feel about products and services
online. Natural Language Processing is used to analyze social media reviews, and e-commerce
reviews

|. INTRODUCTION

In this contemporary era dominated by digital technologies, wherein consumers find themselves immersed through
social platforms, online reviews, and instant communication channels, businesses find themselves in a landscape
transformed by the formidable influence wielded by the collective sentiments and judgments of the public. This
era of unprecedented connectivity has ushered in a paradigm shift in marketing, where understanding and
harnessing consumer sentiment has become paramount. Sentiment analysis, a burgeoning field at the intersection
of natural language processing and marketing, stands as a pivotal tool in this revolution. Marketing, long
considered both an art and a science, is now increasingly reliant on data-driven decision-making. Sentiment
analysis, often referred to as opinion mining, offers a data-driven approach to gauge public sentiment, making it
an indispensable asset for marketing professionals seeking to fathom the manner in which consumers comprehend
their offerings and decipher the intricacies of such perceptions, services, and brands. This research paper embarks
on a comprehensive exploration of "Sentiment Analysis in Marketing" to uncover the profound implications and
transformative potential of this symbiotic relationship.

As we traverse the landscape of sentiment analysis within marketing, it becomes evident that our ability to decipher
the collective sentiment of consumers is not merely a technological advancement but a paradigm shift in how we
understand and connect with our audience. In an era where consumers wield the capability to magnify the
resonance of their voices via the amplifying channels of social media and online platforms, sentiment analysis
equips marketers with the tools to listen, engage, and adapt to the ever-evolving needs and desires of their
customers. In the ensuing sections within this paper, we shall delve into the specifics of sentiment analysis
applications, the challenges it presents, and the potential it holds for shaping the future of marketing. Ultimately,
this research aims to illuminate the path forward as we navigate the intricate terrain of sentiment analysis, with a
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vision of a marketing landscape that is not only data-driven but also emotionally resonant, fostering deeper
connections and brand loyalty in an increasingly competitive and interconnected world.

Il. MOTIVATION

The motivation for this project stems from the increasing importance of understanding consumer sentiment in
shaping successful marketing strategies. With the proliferation of digital platforms, consumers are actively
expressing their opinions and emotions online, making it crucial for businesses to tap into this wealth of
information. By leveraging advanced technologies like the CNN-LSTM algorithm, we aim to delve deeper into
consumer sentiment, uncovering hidden patterns and trends that can inform more targeted marketing efforts.
Ultimately, the goal is to empower businesses with actionable insights that enhance customer satisfaction, build
brand loyalty, and drive success in the competitive marketplace.

I1l. SENTIMENT ANALYSIS

Analyzing the temporal dynamics of sentiment involves delving into the constantly changing landscape of
emotions conveyed in textual data as time progresses. It unveils a rich tapestry of insights, from seasonal
fluctuations in sentiment tied to holidays and annual events to the rapid, event-driven shifts in sentiment during
elections, product launches, or crises.[4] This analysis discerns emerging trends, tracks the trajectory of societal
changes, and scrutinizes the resilience of sentiments post-events. Particularly, in the realm of social media, where
sentiments shift in real-time, monitoring sentiment volatility can guide marketing strategies and crisis
management. Historical sentiment analysis offers a retrospective lens to discern enduring patterns, while real-time
sentiment analysis, often facilitated by data streaming, empowers organizations to make swift, data-driven
decisions that align with the ever-changing currents of public opinion.[17] The causality of temporal sentiment
analysis delves into unraveling the cause-and-effect relationships underlying shifts in sentiment over time. It
entails identifying triggering events, scrutinizing sentiment trends, and investigating the influence of social
dynamics, influencers, and online communities. This analytical approach extends to assessing the impact of
specific events or interventions, whether in politics, business, or public policy. By detecting sentiment contagion
and attributing sentiment changes to their origins, it empowers organizations, governments, and businesses to adapt
strategies, make informed decisions, and proactively manage sentiment dynamics. Ultimately, understanding the
causality of temporal sentiment analysis furnishes invaluable and illuminating insights into the forces shaping
public opinion and the intricate interplay between events, communication, and sentiment in an ever-evolving
digital landscape.

A. Levels of Sentimental Analysis

Sentiment analysis has been scrutinised across multiple strata, encompassing Phrase Level, Sentence Level, Aspect
Level, and Document Level. This analytical process discerns sentiment in each echelon, be it at the phrase,
sentence, or aspect level, document level shown in Fig.1.

Document Level

Sentence Level

Fig 1: Diagram representing levels of sentiment analysis

1. Document Level Analysis

Document-level analysis involves examining and processing entire documents or texts as a holistic approach,
without the exclusive emphasis on isolated words or individual terms, sentences, or paragraphs. Its purpose is to
understand and extract meaningful information and insights from complete documents or texts. [7] Both supervised
and unsupervised learning approaches can be utilized at this level to classify the document. Document level
sentiment analysis is the highest level of analysis. It involves evaluating the overall sentiment or polarity of an
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entire document, such as a product review, an article, or a social media post. The objective is to ascertain whether
the entire document conveys a positive, negative, or neutral sentiment, thereby offering a comprehensive overview
of the prevailing emotional tone within the text, while refraining from delving into granular specifics.

2. Sentence-Level Analysis

Sentence-level analysis involves the examination and processing of individual sentences within a text or document,
focusing on understanding the meaning, structure, and sentiment of individual sentences. It is frequently harnessed
for undertakings such as sentiment analysis, text classification, and summarization. [18] Sentence level sentiment
analysis involves analyzing and categorizing the sentiment expressed within individual sentences in a document.
This level of analysis allows for a more fine-grained understanding of how sentiments change throughout the text.
For example, a document could contain sentences with both positive and negative sentiments, and sentence-level
analysis helps identify these variations.

3. Phrase-Level Analysis

Phrase-level analysis involves breaking down a sentence into its constituent phrases or chunks, aiding in
understanding the grammatical structure and semantics of a sentence at a finer level of detail than sentence-level
analysis. This degree of analysis is frequently employed in tasks such as parsing, part-of-speech tagging, and
identifying named entities. [18] Phrase level sentiment analysis focuses on smaller units of text, which can include
phrases, clauses, or even individual words. It aims to identify the sentiment conveyed by specific phrases within
sentences. For instance, it can distinguish between positive and negative phrases within a sentence even if the
overall sentence sentiment is neutral.

4. Aspect-Level Analysis

Aspect-level analysis involves examining specific aspects or facets of a topic or text, applied at various levels,
including sentence, phrase, or document.[18] It is leveraged to attain a more profound comprehension of specific
facets within a given text, commonly deployed in endeavors like aspect-based sentiment analysis, feature
extraction, and opinion mining. Aspect level sentiment analysis stands as the utmost fine-grained iteration of
sentiment analysis

B. Sentiment Analysis over Different Domains

Sentiment analysis across diverse domains, including social media, e-commerce, healthcare, financial services,
and customer service, involves the exertion of sentiment analysis techniques to distinct forms of textual data.
Social media sentiment analysis tackles the challenges of informal language and emojis, serving purposes like
brand monitoring and opinion tracking. In e-commerce, the focus is on product satisfaction, feature-based analysis,
and competitive comparisons, driving decisions on product recommendations and pricing strategies. Healthcare
sentiment analysis delves into patient feedback and medical literature to enhance healthcare services and drug
development. Financial sentiment analysis aids in market predictions, investor sentiment tracking, and risk
management by analyzing financial news, social media, and reports. Customer service sentiment analysis
optimizes support operations by assessing customer satisfaction, response times, and agent performance through
the analysis of customer interactions. Each domain demands tailored approaches to adapt to its specific language
characteristics and goals, making sentiment analysis a versatile tool for understanding public opinion and customer
sentiment.

IV. PREVIOUS WORK

There has been a lot of research carried out within the domain of sentiment analysis using different methods and
along with the exactitude and complexity analysis. One such method is RST (Rhetorical Structure Theory) , an
area that encompasses compositional models of discourse structure in which elementary discourse units (EDUSs)
are combined into progressively larger discourse units, ultimately covering the entire document. RST parsing
involves identifying the discourse interconnections and relationships existing among these entities, which may
involve a nucleus and a satellite, or they may be multinuclear. RST parsing has been shown to improve document-
level sentiment analysis by providing a way to compose local information up the discourse tree.[7] The recursive
neural network over the RST structure offers significant improvements over classification-based methods in
sentiment analysis. The authors illustrate that their approach outperforms a bag-of-words classifier, which is a
common approach in sentiment analysis, and that it is more effective at capturing the compositional structure of
sentiment in multi-sentence texts. A limitation inherent in this particular approach is that it requires RST parsing,
which can be computationally expensive and may not be feasible for large datasets or real-time applications.
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Additionally, the approach may necessitate a substantial volume of annotated data for the training process, posing
potential challenges in terms of data acquisition obtained in some domains. The recursive neural network over the
RST structure achieves an accuracy of 81.2% on the Pang and Lee dataset and an accuracy of 85.4% on the Socher
et al. Dataset.

Another approach is using Graph convolutional networks (GCN) which are a type of graph neural network that
can be used for sentiment analysis. GCNs can effectively capture deep-level domain features and are ubiquitously
employed within the realm of sentiment analysis, including at the text level, sentence level, and aspect level. GCNs
can be used to construct a heterogeneous graph on the entire corpus for text-level classification, and they can
encode the syntactic structure of a sentence using the dependency tree.[9] The advantages of GCNs include their
ability to represent the hierarchical relationship between phrases in a sentence, their ability to capture more
accurate semantic information, and their simplicity and effectiveness. Recent scholarly investigations have
additionally centered their attention on reducing the extra complexity of GCNs by eliminating nonlinearity
between GCN layers and folding the function into a linear transformation. The most basic limitations of GNN are:
o Works of GNN limited to a fixed number of points,

e Time and space complexity are higher.

e Less handling of edges of graphs based on their types and relations.

A combined LSTM-CNN-grid search-based approach has also been documented.[5] The paper introduces an
innovative deep neural network architecture for the purpose of sentiment analysis. The model combines LSTM
and CNN layers to capture short and long-term dependencies in text data. The authors used grid search to optimize
the model's hyper parameters and improve its performance. The model achieved an overall accuracy greater than
96%, outperforming other baseline models. This model is an auspicious methodology for sentiment analysis with
potential for enhancements in forthcoming research endeavors. The model achieved a high level of accuracy in
sentiment analysis, outperforming other baseline models. The use of LSTM and CNN layers allowed the model to
capture both short-term and long-term dependencies in the text data. The use of grid search helped to optimize the
model's hyper parameters and improve its performance. However, this approach has its limitations; the model may
be entailing a substantial computational expenditure for training and assessment, primarily attributable to the
employment of deep neural network layers. The model's performance may be sensitive to the choice of hyper
parameters and the specific datasets used for training and evaluation.

We also reviewed an innovative technique for conducting sentiment analysis that integrates set theory and multiple
attribute decision-making to rank different products based on numerous online reviews. This approach can
proficiently establish rankings of different products based on online reviews and can be applied to various types
of big data analysis beyond online reviews. The authors first integrated neutrosophic set (NS) theory into the
sentiment analysis (SA) technique. NS theory is a mathematical instrument capable of managing indeterminacy,
inconsistency, and incompleteness in the data. The authors used NS theory to calculate the sentiment scores of the
online reviews. The final step is to rank the different products based on the sentiment scores calculated using NS
theory. The authors used multiple attribute decision-making (MADM) to rank the products. MADM is a decision-
making methodology proficient in managing multiple criteria and attributes. This methodology was applied to
rank the four alternative mobile phones based on online reviews. The authors conducted a comprehensive
comparative study to validate the results. The findings indicated that the method is proficient at ranking various
products by analyzing numerous online reviews and has the potential for broader applications in diverse types of
big data analysis beyond online reviews.

However, the method requires a significant amount of data preprocessing and may be computationally intensive.
The precision of the analysis may be affected by the caliber of the data and the choice of weighting factors.[6] The
integration of neutrosophic set theory into sentiment analysis allows for the consideration of indeterminacy,
inconsistency, and incompleteness in the data, which can enhance the precision of the analysis. Multiple attribute
decision-making can handle multiple criteria and attributes, which can provide a comprehensive ranking of
different products. This approach can effectively rank different products based on numerous online reviews and
can be applied to various types of big data analysis beyond online reviews. This method requires a significant
amount of data preprocessing, which can be time-consuming and may require domain-specific knowledge. The
method might pose computational demands, particularly when handling extensive datasets. The accuracy of the
analysis may be affected by the quality of the data and the choice of weighting factors. This approach might not
be appropriate for real-time analysis, as it necessitates an extensive level of data preprocessing and computational
resources. Nonetheless, this method offers various benefits, including the incorporation of indeterminacy,
inconsistency, and incompleteness in the data, and the ability to handle multiple criteria and attributes. However,
the method requires a significant amount of data preprocessing and could potentially demand significant
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computational resources. The accuracy of the analysis may be affected by the caliber of the data and the choice of
weighting factors. Overall, this method provides a comprehensive approach to rank different products based on
online reviews and can be useful for decision-making in various domains.

Deviating from static datasets, we reviewed an article that presents an interactive automatic system that predicts
the sentiment of reviews and tweets posted on social media using Hadoop. The system aims to efficiently collect
a large amount of social media data and the extraction of pertinent insights from them. The paper focuses on
sentiment analysis, feature-based sentiment classification, and opinion summarization. The primary aim is to
perform real-time sentimental analysis on tweets extracted from Twitter and provide time-based analytics to the
user.[16] The methodology of the paper involves several steps to perform sentiment analysis on tweets extracted
from Twitter. The system uses the Streaming API of Twitter to extract tweets in real-time, which are then loaded
into Hadoop and pre-processed using map reduce. The tweets are classified employing natural language processing
techniques (NLP) and machine learning techniques, specifically uni-word naive Bayes’ classification. The system
checks the probability of a tweet being positive based on the number of all positive tweets, positive words, and
negative words from the training phase. The main focus of the paper is to build a system that can build a classifier
from a large data set at the start-up and then perform classification of tweets based on the classifier built.

The system is Uni-gram Naive, which means that the training of the data was done based on word probabilities
and used the same for classification. This limitation can be addressed by using n-gram classification rather than
limiting to uni-gram, which will require pattern filtering on Hadoop. When classifying the sentence, words are
taken individually rather than the sentence in total. The semantic meaning is neglected that might be present
between the words. The system is only used for the English Language. It may be conceivable to fabricate a system
that can perform sentiment analysis in all languages. The system may not provide the actual intended meaning of
the user. There might be some sort of sarcasm present in the sentences which the system ignores. The system is
only used for the English Language. It might be possible to build a system that can perform sentiment analysis in
all languages. - The system may not provide the actual intended meaning of the user. There might be some sort of
sarcasm present in the sentences which the system ignores.

The author proposed system uses Hadoop and Map Reduce to preprocess tweets in real-time and perform sentiment
analysis using uni-word naive Bayes’ classification. The system is cost-effective, provides time-based analytics,
and capable of managing substantial datasets. However, the system has some limitations, such as being Uni-gram
Naive, only supporting English language, and neglecting the semantic meaning between words. Overall, this
system constitutes a valuable instrument for industries that heavily depend on sentiment analysis, such as sales
and product marketing.

Veering into a more conventional method of sentiment analysis, we reviewed a paper that presented a deep-
learning based model for Amazon product reviews. This model is structured upon a convolutional Neural Network
(CNN) framework. CNNs have been shown to be very effective for feature extraction from text data, and they
have been successfully applied to a variety of NLP tasks, including sentiment analysis. The findings demonstrated
that the model outperforms several state-of-the-art sentiment analysis models. CNNs are a type of neural network
that are well-suited for feature extraction from text data. CNNs work by extracting local features from the text
data, and then combining these local features to form higher-level features. The model uses a CNN architecture to
extract features from the Amazon product reviews. The features that are extracted are subsequently input into a
fully connected neural network for classification. The fully connected neural network learns to classify the reviews
into different sentiment categories, such as positive, negative, and neutral. The model has several advantages over
other state-of-the-art sentiment analysis models:

The model is based on a deep learning architecture, which has been shown to be very effective for sentiment
analysis tasks.

It uses a CNN architecture to extract features from the text data. CNNs are well-suited for feature extraction from
text data, and they have been successfully applied to a variety of NLP tasks, including sentiment analysis.

The model was evaluated on a dataset of Amazon product reviews, and it outperformed several state-of-the-art
sentiment analysis models.

One disadvantage of the model is that it requires a large amount of data to train. However, this is a common
disadvantage of all deep learning models.

An additional drawback of the model is its potential for high computational expenses during the training phase.
Nevertheless, various methodologies exist to mitigate the computational burden associated with training deep
learning models. This deep learning-based model for sentiment analysis of Amazon product reviews outperforms
several state-of-the-art sentiment analysis models. The model can be used to identify and extract opinions and
emotions from Amazon product reviews, which can be useful for a variety of applications, such as customer
feedback analysis and product review analysis.
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Let’s keep exploring sentiment analysis of user-generated content, such as reviews, ratings, and comments, to gain
insights into consumer behaviour. This analysis can help E-commerce Organizations understand consumer
requirements and predict their future intentions towards the service. To achieve this goal, data-driven marketing
tools such as data visualization, natural language processing, and machine learning models are used. The authors
build recommender systems through collaborative filtering, neural networks, and sentiment analysis. The paper
emphasizes the potential benefits of the sentimental analysis, including the ability to track usage and sentiments
attached to products, take appropriate marketing approaches, and provide a personalized shopping experience for
consumers. The authors argue that this approach can increase organizational profits. For sentiment analysis, the
authors use five classification models, including Naive Bayes, and a Bidirectional Long Short-Term Memory
(BiLSTM) network. They also categorize the person's mood into happy, up, down, and rejected, and calculate the
polarity index, which is further supplied to an artificial neural network to predict the results.

To build recommender systems, the authors use three models: nearest neighbors, apriori, and Boltzmann machines.
They employ collaborative filtering to predict a user's selection of a new advertisement based on the user's viewing
history. The recommendations are made using the N-CRBM model (heighborhood conditional RBM) with a joint
distribution conditional on similarity and popularity of scores of the neighboring users.

The authors preprocess the consumer's user-generated content, train the model, and obtain the results depicted on
the BI dashboard. The dataset consists of Amazon product reviews categorized by various genres such as clothing
products, home & kitchen products, mobiles, and much more. For the sake of the study, the authors focus on a
specific genre, i.e Home & Kitchen products. Nonetheless, there exist certain drawbacks; the LSTM network is
not very transparent in revealing how it arrives at its sentiment classification. This lack of transparency can be a
limitation, especially if the model does not classify sentiments accurately. Recommender systems tend to have
issues with generalization. They might recommend items solely based on recent purchases, potentially missing out
on long-term preferences, or changing preferences of users. This can lead to recommendations that are not always
in line with the user's actual interests. The effectiveness of data visualization and understanding customer
intentions depends on the quality and quantity of data available. If the data used is biased, incomplete, or full of
errors, the insights gained may not accurately reflect customer intentions. The consumer behavior analytics using
machine learning algorithms can provide valuable insights into consumer behavior and help e-commerce
organizations improve their products and marketing strategies. Natural language processing, sentiment analysis,
and recommender systems can be used to analyze user-generated content and provide personalized shopping
experiences for consumers. Data visualization techniques can be used to gain insights into consumer behavior and
improve organizational decision-making. Machine learning algorithms can help e-commerce organizations
increase their customer base and profits by providing personalized shopping experiences and targeted marketing
techniques.[17] they found KNN to have an F1 score of 0.91, 0.89 for Random Forest, 0.92 for Naive Bayes, 0.89
for Support Vector Machines, 0.90 for Gradient Boosting Classifier, 0.86 for Recurrent Neural Networks (RNN).
Sentiment analysis can also be applied on videos to categorize opinions and emotions in online reviews of Instant
Videos. [15] It introduces five sentiment classes and explores verb, adverb, and adjective polarity features, both
individually and in combination. The experimental results show an 81% accuracy, outperforming many previous
techniques that averaged 78%. This indicates the effectiveness of this method in improving sentiment analysis.
The methodology consists of two main stages: data collection and sentiment polarity categorization. The data
collection stage involves crawling reviews of two distinct products, namely office products and musical DVDs.
The sentiment polarity categorization stage involves pre-processing the data, feature extraction, and classification
using a hybrid approach that combines a lexicon-based approach and a machine learning approach. The lexicon-
based approach uses Senti-Word Net for scoring the feature, while the machine learning approach uses classifiers
to categorize the reviews into positive, negative, and neutral classes. The performance of the classifiers is evaluated
using precision, recall, and F-measure.

Some advantages of this approach are as follows: it uses a hybrid approach that combines a lexicon-based approach
and a machine learning approach, which has been shown to improve the accuracy of sentiment analysis. It uses a
novel feature set that includes adverbs and their different forms, which has not been considered in previous
techniques. It categorizes reviews into five sentiment classes, which is more fine-grained than the traditional
positive, negative, and neutral classes. It uses three evaluation measures, precision, recall, and F-measure, to
evaluate the performance of different classifiers, which provides a comprehensive analysis of the results.

This approach also comes with its fair share of disadvantages which include limitations of addressing various
linguistic styles, including sarcasm; there arises a requisite for continued advancements within the domain of
natural language processing. Furthermore, it's worth noting that this approach attains an overall precision rate of
75 to 76 percent, a level of accuracy that might prove insufficient for certain specific applications. This hybrid
approach that combines a lexicon-based approach and a machine learning approach, along with the novel feature
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set that includes adverbs and their different forms, achieves better accuracy in sentiment analysis compared to
previous techniques. This technique can be used to categorize reviews into five sentiment classes, which is more
fine-grained than the traditional positive, negative, and neutral classes.

We also found an article that aimed at improving the clarity and decision-making process for users on Amazon by
classifying customer reviews into two categories: product reviews and service reviews. Additionally, the system
determines the sentiment expressed in these reviews. The paper also discusses a rule-based method for extracting
sentiment related to product features. Finally, the authors offer a visualization to summarize their results. The
paper mentions the use of several techniques for sentiment analysis and feature extraction, including POS tagging,
rule-based extraction of product feature sentiment, and Naive Bayes Classification. Probabilistic machine learning
approach is used to classify reviews as positive or negative. A sentiment model is designed based on the uncertainty
of Amazon reviews. The paper also discusses the use of Maximum Entropy and Support Vector Machines as
machine learning techniques for sentiment analysis. The authors mention the use of a generic model of feature
extraction from opinion information. POS tagging can help identify the parts of speech in a sentence, which can
be useful for identifying the sentiment of a particular feature. Rule-based extraction offers efficiency and
transparency since it relies on predefined lists. It is easier to understand and modify, making it a practical choice
for certain applications. Naive Bayes Classification, Maximum Entropy, and Support Vector Machines are all
machine learning techniques that can be used for classification of reviews as positive or negative. With access to
adequate computational resources and expertise, they can be applied to large datasets, making them suitable for
applications that entail the processing of extensive volumes of textual information, and the adoption of a
probabilistic machine learning approach serves to enhance the precision of sentiment analysis. The universal model
for extracting features from opinion data exhibits adaptability across a broad spectrum of domains, facilitating the
identification of key attributes and the sentiment conveyed within a review.

POS tagging may not consistently and faithfully capture the contextual nuances of language. Ambiguity in tagging,
where a single word can assume multiple grammatical components of speech depending on the context, can lead
to misinterpretations of sentiment. Rule-based extraction relies on predefined lists of words with sentiment values,
and this approach may not cover all possible words or phrases, resulting in incomplete sentiment analysis. New
words, slang, or domain-specific terminology may not be considered. Machine learning methodologies such as
Naive Bayes, Maximum Entropy, and Support Vector Machines require significant computational resources and
expertise in feature engineering and model tuning. This complexity can make the implementation and maintenance
challenging. The use of a probabilistic machine learning approach may require a large amount of training data to
achieve high accuracy. The generic model for feature extraction may not be optimal for all domains. Different
industries or products may have unique characteristics and terminologies that require domain-specific adaptations.
Applying a one-size-fits-all approach can lead to inaccurate results.

This system is proficient at categorizing customer reviews and ascertaining their underlying sentiments.
Furthermore, it exhibits the capability to distinguish between product reviews and service reviews, thereby
empowering users to make well-informed choices. The use of data visualization in the form of bar charts and pie
charts can help users quickly understand the sentiment of the reviews. The system can be further improved by
incorporating more advanced machine learning techniques and by expanding the list of features used for sentiment
analysis.

V. DATA COLLECTION AND FEATURE SELECTION

A. Data Collection

In the initial phase of sentiment analysis, collecting diverse and representative data is paramount. This involves
sourcing information from various channels such as social media platforms (e.g., Twitter, Facebook, Instagram),
product reviews on e-commerce websites and app stores, as well as surveys and questionnaires designed to gather
explicit sentiment labels. Some companies may also conduct custom data collection through feedback forms,
emails, or chat logs. Following data acquisition, the crucial step of data labeling ensues for supervised sentiment
analysis, where human annotators assign sentiment labels (positive, negative, neutral) to establish ground truth for
model training and evaluation. Subsequently, data preprocessing is undertaken to refine raw text data by processes
like tokenization, lowercasing, removal of stop words, handling special characters, and lemmatization or
stemming, ensuring the data is cleaned and ready for accurate sentiment analysis model training and assessment.

B. Feature Selection

Feature representation stands as a crucial element in sentiment analysis, influencing the efficacy of models.
Various techniques are deployed to capture the inherent attributes of the data. Bag of Words (BoW) simplifies the
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representation by treating each word as a feature, discerning sentiment based on its presence or absence. TF-IDF
(Term Frequency-Inverse Document Frequency) refines this approach by considering the importance of words in
both the document and the entire corpus. Word Embeddings, such as Word2Vec or GloVe, provide dense vector
representations, capturing intricate semantic relationships. Character-Level Features delve into sub-word
information for a comprehensive portrayal. Dimensionality reduction techniques like Principal Component
Analysis (PCA) mitigate computational complexities in the face of an expansive vocabulary. Feature engineering
introduces domain-specific attributes, such as emoticons or domain-related keywords, augmenting sentiment
analysis. Ensuring uniform feature ranges through scaling, and employing feature importance methodologies
further refines the model's predictive capabilities. Domain-specific features, tailored to the application, play a
crucial role; for instance, financial news sentiment analysis may incorporate features related to stock symbols. The
success of sentiment analysis models rests on meticulous data gathering, thoughtful preprocessing, and strategic
feature selection, with domain expertise enhancing the overall effectiveness of the approach.gy.

V1. PROPOSED SYSTEM

E-Commerce
Scraper

Single Page
Application

API Application

lé l Trained ML
( LLM API Model ]

Fig 2. System Architecture for Market Strategy Optimization using Sentiment Analysis

This system architecture is designed to collect and analyze sentiment data from various online sources to optimize
marketing strategies. It consists of several interconnected components that work together to achieve this goal. The
system continuously crawls e-commerce websites and social media platforms to gather relevant data, which is then
stored in a NoSQL database. A third-party large language model API and a trained machine learning model are
used to perform sentiment analysis on the collected data, extracting and understanding the sentiment expressed in
the text. The sentiment analysis results are combined to generate actionable insights for marketing strategy
optimization. The system's user interface utilizes the generated insights to create meaningful visualizations and
reports, providing users with a clear understanding of the sentiment data.

VII. RESULTS AND SENSITIVITY ANALYSIS

Aspect CNN-LSTM GCN SVC+ Count Vectorizer
Model Combination of Graph Convolutional | Support Vector Classifier+++
Architecture CNN and LSTM Network
networks
Data Sequential Data (e.g | Graph Structured Data Bag-of-words
Representation sentences) (e.g Social Network) Representation.

Feature Extraction

Hierarchical features
from sequential data

Graph-based feature
extraction

Manual feature extraction
from word counts

Model
Complexity

Moderate

Moderate to high

Relatively simple

Training Time

Relatively high

Significant for large
graphs

Faster compared to deep
learning models

Scalability

Moderate scalability

Moderate Scalability

Limited by feature space and
data size.

Fig.3 Difference between CNN-LSTM and other models

Activation Function | Accuracy | Loss

ReLU 0.9668 0.0779
ELU 0.9605 0.0785
LeakyReLU 0.9977 0.0106

Fig.4 Performance Comparison of Activation Functions in Sentiment Analysis Model
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Fig.4 Loss & Accuracy Graphs for ReLU Activation Fig.5 Loss & Accuracy Graphs for ELU Activation
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Fig.6 Loss & Accuracy Graphs for Leaky ReL U Activation

VIIl. CoMPARISON OF RESULTS

The comparison of results reveals distinct performance characteristics and implications across different model
architectures and feature extraction methods for sentiment analysis in marketing applications. The CNN-LSTM
model, leveraging sequential data representation and hierarchical feature extraction, demonstrated moderate
complexity but achieved robust performance with ReLU activation, showcasing its effectiveness in capturing
sentiment patterns within textual data. In contrast, the GCN model, tailored for graph-structured data
representation and graph-based feature extraction, exhibited moderate to high complexity and scalability, offering
a viable alternative for sentiment analysis tasks involving social network data. However, the CNN-LSTM model
outperformed GCN in terms of training time and scalability, making it more suitable for large-scale deployment.
Additionally, the SVC + Count Vectorizer approach, relying on bag-of-words representation and manual feature
extraction, offered a relatively simple yet effective solution, particularly for scenarios with limited feature space
and data size. Notably, the performance comparison of activation functions highlighted ReLU as the optimal
choice, surpassing alternatives like Leaky ReLU and ELU in terms of accuracy and stability. While Leaky ReLU
exhibited higher nominal training accuracyi, its erratic behavior and fluctuating validation accuracy raised concerns
about its reliability and generalization capability. ELU, although performing reasonably well, fell slightly short
compared to ReL U in terms of accuracy and stability. In essence, the CNN-LSTM model with ReL U activation
emerges as the preferred choice among the considered architectures and methods, offering a balanced combination
of high accuracy, stability, and scalability for sentiment analysis in marketing contexts. This underscores the
importance of selecting appropriate model architectures, feature extraction methods, and activation functions to
optimize performance and reliability in real-world applications.

IX. JUSTIFICATION OF RESULTS

After extensive experimentation, we initially found that a hybrid CNN-LSTM model with ReLU activation
consistently outperformed alternatives like Leaky ReLU (Fig.6) and ELU (Fig.5) for sentiment analysis in
marketing. This model architecture effectively captured both local features and long-term dependencies in textual
data. Notably, the ReLU activation function demonstrated superior performance in terms of nominal training
accuracy, suggesting a strong ability to learn patterns within the training data. Furthermore, we observed that both
the training and validation accuracies remained consistent throughout training with ReLU. This consistency
indicates that the model is effectively generalizing to unseen data, which is crucial for real-world applications. In
contrast, the model trained with Leaky ReLU exhibited erratic behavior, with fluctuating validation accuracy
despite its higher nominal training accuracy. This inconsistency raises concerns about its robustness and
effectiveness in real-world scenarios. Therefore, considering both performance and stability, we concluded that
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ReLU is the more suitable choice for our sentiment analysis model in marketing applications, providing consistent
and reliable performance across both training and validation datasets.

X. CONCLUSION

In this survey, we've explored the profound impact of Sentiment Analysis on marketing strategy optimization,
emphasizing its crucial role in enhancing customer engagement and brand success. We have explored a myriad of
methodologies, encompassing natural language processing and machine learning, highlighting the importance of
accuracy and context-awareness. Sentiment Analysis uncovers consumer sentiments, enabling informed decisions
in product development, customer service, and content creation. Real-world case studies across industries
demonstrate its role in predicting market trends. In an era where customer opinions are paramount, Sentiment
Analysis empowers modern marketers to tailor strategies, build brand loyalty, and gain a competitive edge. This
comprehensive survey constitutes a valuable reservoir for marketers aiming to harness sentiment analysis for more
effective campaigns. As we navigate this transformative field, we're poised for continued growth and innovation
in marketing strategy optimization.

Our proposed system architecture adeptly mitigates the identified limitations in sentiment analysis methodologies.
By integrating e-commerce and social media scrapers with a scalable NoSQL database and an API application, the
architecture minimizes computational complexity and streamlines data collection, addressing concerns raised in
papers about the challenges of handling extensive datasets and real-time analysis. The modular design of the
system, particularly the API application, lays the foundation for future integrations of transparency measures,
enhancing interpretability in deep learning models. Emphasizing scalability, reliability, and security, the
architecture ensures adaptability to varying business demands while safeguarding sensitive data, aligning with the
key considerations discussed in multiple papers. Overall, the proposed architecture offers a holistic and well-
designed solution that effectively tackles limitations in sentiment analysis methodologies, promoting optimized
marketing strategy through sentiment analysis.
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