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Abstract – The rise of digital marketplaces has transformed consumer decision-making, with online reviews 

playing a crucial role in shaping trust and influencing purchasing behavior. This paper examines sentiment 

analysis in e-commerce platforms, focusing on how review dynamics impact consumer perceptions. Our 
findings indicate that early reviewers tend to assign higher ratings, while previous reviewers often provide 

more lenient feedback, highlighting distinct rating trends over time. 

To systematically analyze consumer sentiments, we implemented sentiment classification at both the sentence 

and comment levels, effectively categorizing reviews into positive and negative sentiments. This approach 

enhances the reliability of feedback processing, enabling better organization of large volumes of user-

generated content. 

The results validate the effectiveness of our sentiment classification framework, demonstrating its role in 

improving the credibility and trustworthiness of online reviews. By addressing the challenges associated with 

review analysis, our research contributes to enhancing consumer trust and informed decision-making in 

digital marketplaces. Future work will explore advanced deep learning models to further improve sentiment 

prediction accuracy and capture nuanced emotions in textual feedback. 
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I. INTRODUCTION  

The rapid growth of e-commerce platforms has 
revolutionized consumer purchasing behaviors, allowing 

users to share their experiences through product reviews. 

These reviews, which contain valuable insights and 

opinions, play a crucial role in shaping consumer trust 

and influencing purchasing decisions. Among these, 

early reviews, posted during the initial phase of a 

product’s launch, hold significant weight in determining 

the product’s success. Early reviewers, despite being a 

small fraction of the total review base, exert considerable 

influence over subsequent consumer decisions. Their 

feedback is often perceived as credible and sets the tone 
for later evaluations, making them a focal point for 

businesses aiming to refine marketing strategies and 

product designs. 

Given the reliance on online reviews, businesses and 
consumers face challenges in processing and extracting 

meaningful insights from the overwhelming volume of 

user-generated content. Traditional methods of sentiment 

analysis have been employed to classify reviews into 

positive and negative sentiments. However, existing 

dictionary-based approaches require extensive manual 

effort in constructing emotional lexicons and often fail to 

capture implicit opinions embedded in neutral or factual 

statements. Similarly, early machine learning-based 

sentiment classifiers, such as Naïve Bayes and Support 

Vector Machines, depend heavily on feature engineering, 

making them domain-sensitive and less adaptable to 

diverse datasets. To overcome these limitations, deep 

learning techniques have emerged as a powerful 

alternative for sentiment classification. Deep neural 

networks (DNNs) eliminate the need for manual feature 

engineering by learning high-level data representations, 

allowing more accurate sentiment predictions. Recent 

advancements in Convolutional Neural Networks 

(CNNs) and Long Short-Term Memory (LSTM) 

networks have demonstrated superior performance in 

understanding context and emotion polarity in text data. 
These methods enable a more refined sentiment 

classification process, effectively handling complex user 

reviews and detecting subtle sentiment variations. 

In this study, we propose an advanced deep learning-

based framework for sentiment analysis and early 

reviewer prediction. Unlike conventional approaches, our 

model treats review ratings as weak labels, enabling it to 

learn meaningful embeddings that reflect the underlying 

sentiment distribution. By leveraging deep embedding 

techniques, we aim to mitigate the noise introduced by 

misleading sentiment labels and improve classification 

accuracy. Our methodology consists of two key phases: 

(1) constructing an embedded space where similar 

sentiment-based reviews are grouped, and (2) employing 

a ranking-based loss function to optimize the sentiment 

classification model. 

Additionally, our study focuses on identifying the 

behavioral characteristics of early reviewers in large-

scale e-commerce datasets. By analyzing review posting 
patterns, sentiment trends, and crowd behavior effects, 
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we aim to develop a predictive model capable of ranking 

and classifying early reviewers based on their impact on 

future product evaluations. This research not only 

contributes to improving sentiment classification in 

online reviews but also provides businesses with a robust 

framework for leveraging early reviewer insights in 

product marketing and consumer engagement strategies. 

 

With the increasing dependency on online reviews in 

digital commerce, this study presents a novel deep 

learning-based sentiment analysis approach that enhances 

predictive accuracy, reduces information overload, and 

facilitates a more intelligent review management system. 

Future advancements in this domain may integrate 
reinforcement learning techniques for adaptive sentiment 

analysis and further improve the interpretability of neural 

network-based models in real-world applications.. 

II.    BACKGROUND 

The exponential growth of e-commerce and online 

marketplaces has transformed the way consumers 

evaluate and purchase products. With the shift from 

traditional brick-and-mortar shopping to digital 
platforms, user-generated content, particularly product 

reviews, has become a fundamental source of 

information for potential buyers. These reviews provide 

insights into product quality, functionality, and user 

satisfaction, influencing purchasing decisions and brand 

reputation. Given the significant impact of reviews, 

businesses have recognized the importance of 

understanding consumer sentiments to refine marketing 

strategies and enhance product development. 

Among all reviews, early reviews, which are posted 

shortly after a product launch, play a crucial role in 

setting the perception of a product. Early reviewers often 

establish a product’s initial credibility, thereby 

influencing later reviews and subsequent consumer 

behavior. This phenomenon aligns with herd behavior 
theory, where people tend to follow the opinions and 

actions of others, especially when making uncertain 

decisions. As a result, businesses actively seek to analyze 

early reviews to predict market responses and adapt their 

offerings accordingly. Platforms like Amazon have 

introduced initiatives such as the Early Reviewer 

Program to encourage initial feedback and shape 

consumer trust in new products. 

However, managing the vast volume of user-generated 

reviews presents a significant challenge. Traditional 

sentiment analysis methods, such as dictionary-based 

approaches, require extensive manual effort to construct 

lexicons of opinion words. While effective to some 

extent, these approaches struggle to interpret implicit 

sentiments—statements where opinions are expressed 

indirectly. For example, a review saying, "I bought this 

phone last week, and the battery drains quickly," may 

indicate dissatisfaction, but dictionary-based methods 

may not classify it as negative sentiment. 

Early machine learning (ML)-based sentiment 

classification techniques, including Naïve Bayes and 

Support Vector Machines (SVMs), sought to improve 

accuracy by using predefined features such as n-grams, 

part-of-speech tagging, and syntactic relationships. While 

these models improved text classification, they required 
significant feature engineering, making them less 

adaptable across different datasets and domains. The 

complexity of user reviews—ranging from short, vague 

statements to lengthy, detailed feedback—further 

challenges traditional sentiment analysis approaches. 

The emergence of deep learning models, particularly 

Convolutional Neural Networks (CNNs) and Long Short-

Term Memory (LSTM) networks, has revolutionized 

sentiment analysis. These models automatically learn 

representations from data, eliminating the need for 

manual feature engineering. Deep learning models have 

proven effective in capturing contextual meaning, 

sentiment polarity, and subtle opinion variations within 

textual data. However, deep learning also presents 

challenges, such as the need for large-scale training data 

and computational power. 

A significant issue in sentiment classification is the 

misalignment between review ratings and textual 

sentiment. A five-star rating may still contain negative 

comments, while a one-star review may include positive 
aspects. Relying solely on binarized ratings as sentiment 

labels can mislead machine learning models. Recent 

studies propose embedding-based approaches, where 

models learn from sentence representations rather than 

explicit labels, allowing for better sentiment 

differentiation. 

In this research, we aim to leverage deep learning 

techniques, particularly Convolutional Neural Networks 

(CNNs) and Long Short-Term Memory (LSTM) 

networks, for sentiment classification and early reviewer 

analysis. Our approach treats review ratings as weak 

sentiment labels, optimizing classification accuracy 

through ranking-based learning. Furthermore, we focus 

on predicting early reviewers' behavior by analyzing their 

linguistic patterns, sentiment trends, and influence on 

future product evaluations. 

The findings from this study will help e-commerce 

platforms and businesses improve product review 

management, sentiment prediction, and consumer 
behavior modeling. The adoption of intelligent sentiment 

analysis frameworks will enhance the reliability of online 

reviews, reduce misinformation, and provide consumers 

with more credible product insights. Future extensions of 
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this work may explore reinforcement learning-based 

adaptive sentiment analysis and the integration of 

blockchain technology for trust verification in online 

reviews.. 

III. IMPLEMENTATION 

To predict the first reviewer, we propose a novel 

approach by viewing the review process as a multiplayer 
competitive game. In this context, only the most 

competitive user can be considered the first reviewer for 

a given product. The competition process can be further 

simplified into pairwise comparisons between two 

players. In this two-tier competition, the winner outpaces 

the loser earlier in the timestamp. Inspired by recent 

advancements in learning-based dispersion 

representation, we first map both users and products into 

a shared integrated space. Then, we determine the 

ranking order of users who have reviewed a product 

based on their respective distances in this space. Our 
approach involves using an embedded margin-based 

model to represent products and predict the first 

reviewer. 

 
 

  

Figure 1: Proposed Framework 

 

• Upload Products 

 

Product uploads are overseen by the admin, with 

authorized personnel responsible for adding new 

products to the system, making them accessible to users. 

Each product can be uploaded along with key details 
such as brand, color, warranty information, and other 

relevant attributes. Users have the option to block or 

unblock products according to their preferences. 

 PRODUCT REVIEW BASED ORDER 

 

The product suggestions displayed to users are based 

on their reviews and ratings for specific items. In this 

project, the Naïve Bayes algorithm is used to determine 

the sentiment of a given review, classifying it as either 

positive or negative. Based on the output of this 

algorithm, personalized product suggestions are then 

provided to users. The algorithm is applied and lists the 

products in user side based on the positive and negative. 

 

•Ratings And Reviews 

Ratings and reviews are main concept of the project 

in order to find effective product marketing. The main 

aim of the project is to get the user reviews based on how 
they purchased or whether they purchased or not. The 

major find out of the project is when they give the ratings 

and how effective it is. And this will helpful for the users 

who are willing to buy the same kind of product. 

 

 Data Analysis 

The main part of the project is to analysis the ratings 

and reviews that are given by the user. The products can 

be analysis based on the numbers which are given by 

user. The user data analysis of the data can be done by 

charts format. The graphs may vary like pie chart, bar 
chart or some other charts. 

 

• Preprocessing 

In this calculation, the reviews which are unfamiliar 

made to information base from the reviewer API, these 

reviews involve trivial words, whitespaces, hyperlinks 

and remarkable characters. First, we need to isolate 

interactions by removing all unnecessary words, 

whitespace, hyperlinks, and special characters. This step 

ensures that the data is clean and ready for further 

processing. 

The preprocessing steps mean to start the element 
extraction interaction and begin separating sacks of 

words from the examples. One of the primary center is to 

decrease the last measure of highlights removed. 

Undoubtedly, highlights decrease is significant to 

improve the precision of the forecast for both point 

displaying and conclusion investigation. Highlights are 

utilized to address  the examples, and  the more the 

calculation will be prepared for a particular element the 

more exact the outcomes will be. Consequently, if two 

highlights are comparable it is advantageous to 

consolidate them as one exceptional component. Also, if 
a component isn't important for the investigation, it tends 

to be taken out from the pack of words. 

 

• Lower capitalized letters: The initial phase in the 

preprocessing is to go through all the information and 

change each capitalized letter to their relating lowercase 

letter. When handling a word, the examination will be 

case delicate and the program will consider 

"information" and "Information" as two entirely 

unexpected words. It is significant that, these two words 

are considered as similar highlights. Something else, the 
calculations will influence notions which may vary to 

these two words. For instance, on these three sentences: 

"information are acceptable", "Marvelous information", 

and "Awful Data". The first and second sentences both 

contain "information" and are positive, the third sentence 

contains "Information" and is negative. The calculation 

will figure that sentences containing "information" are 
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bound to be positive and those containing "Information" 

negative. In the event that the uppercases had been 

eliminated the calculation would have had the option to 

figure that the way that the sentence contains 

"information" isn't extremely pertinent to identify 

whether or the sentence is positive. This preprocessing 

step is much more significant since the information are 
recovered from Reviewer. Online media clients are 

regularly writing in capitalized regardless of whether it 

isn't needed, hence this 

preprocessing  step  will  betterly  affect  web-based  

media  information  than  other 

 

"traditional" information. 

• Remove  URLs  and  client  references:  Reviewer  

permits  client  to  incorporate hashtags, client references 

and URLs in their messages. By and large, client 

references and URLs are not applicable for investigating 
the substance of a book. Hence, this preprocessing step 

depends on normal articulation to discover and supplant 

each url by "URL" and client reference by "AT_USER", 

this permits to decrease the aggregate sum of highlights 

extricated from the corpus [2]. The hashtags are not 

eliminated since they frequently contain a word which is 

important for the investigation, and the "#" characters 

will be taken out during the tokenization interaction. 

Remove digits: Digits are not significant for breaking 

down the information, so they can be taken out from the 

sentences. Besides, now and again digits will be blended 

in with words, eliminating them may permit to relate two 
highlights which may have been considered diverse by 

the calculation in any case. For instance, some 

information may contain "iphone", when other will 

contain "iphone7". The tokenization cycle, which will be 

presented later. 

 

• Remove stop words: In normal language preparing, 

stop words are regularly taken out from the example. 

These stop words will be words which are normally 

utilized in a language, and are not applicable for a few 

regular language preparing techniques, for example, 
theme demonstrating and supposition investigation [10]. 

Eliminating these words permits to decrease the measure 

of highlights extricated from the examples. 

 

 Self-Learning and word standardization System 

In this calculation, first we need to instate the word 

reference (first accentuation dictionary).In the vocabulary 

generally we need to present the positive, negative fair 

and things. Each and every enormous datum and data 

mining adventures considering the pre-arranged data, 

without arranged data (presentation of words).So 
instatement of the pre-arranged data is indispensable. In 

oneself learning structure, we are doing word 

standardization, here we are not considering past, present 

and future status of the words, just we are pondering the 

word. 

 

•Sentiment Analysis 

In this calculation, pre-processed reviews are 

brought from the data set individually. In any case we 

require check individually watchword whether that 

expression is thing are not, if thing we will oust it from 

the particular audit. After that the remainder of the 

watchwords checked with evaluation create, whether or 

not those expressions are sure assessment or adverse end 
or unbiased inclination. The remainder of the 

watchwords in the review which doesn't has a spot with 

any of the assumption will be consigned fleeting end 

considering the more check of positive, negative and fair. 

In the subsequent cycle if the reaming word crosses the 

restriction of positive, negative or impartial, that 

watchword everlastingly included as improvement in the 

vocabulary. 

Algorithm Step In Sentiment Analysis 

Step1:Get_some_sentiment_examples 

 
As for every supervised learning problem, the 

algorithm needs to be trained from 

labeled examples in order to generalize to new data. 

.Step2:Extract_features_from_examples 

 

Transform each example into a feature vector. The 

simplest way to do it is to have a vector where each 

dimension represents the frequency of a given word in 

the document. 

 
 Figure 2: Sentiment Analysis Approaches/Method 

Step3:Train_the_parameters 

 
This is where your model will learn from the data. 

There are multiple ways of using features to generate an 

output, but one of the simplest algorithms is logistic 

regression. Other well-known algorithms are Naive 

Bayes. In the simplest form, each feature will be 

associated with a weight. Let's say the word "love" has a 

weight equal to +4, "hate" is -10, "the" is 0 ... For a given 

example, the weights  
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corresponding to the features will be summed, and it 

will be considered "positive" if the total is > 0, 

"negative" otherwise. Our model will then try to find the 

optimal set of weights to maximize the number of 

examples  in  our data  that  are predicted correctly. If 

you have more than 2 output classes, for example if you 

want to classify between "positive", "neutral" and 
"negative", each feature will have as many weights as 

there are classes, and the class with the highest weighted 

feature sum wins.  

Step4:Test_the_model 

After we have trained the parameters to fit the 

training data, we have to make sure our model 

generalizes to new data, because it's really easy to over 

fit. The general way of regularizing the model is to 

prevent parameters from having extreme values.. 

 

IV. SIMULATION RESULT 

The Ratings and reviews are main concept of the project 

in order to find effective product marketing. The main 

aim of the project is to get the user reviews based on how 

they purchased or whether they purchased or not. The 
major find out of the project is when they give the ratings 

and how effective it is. And this will helpful for the users 

who are willing to buy the same kind of product.The 

main part of the project is to analysis the ratings and 

reviews that are given by the user. The products can be 

analysis based on the numbers which are given by user. 

The user data analysis of the data can be done by charts 

format. The graphs may vary like pie chart, bar chart or 

some other charts. 

 

Figure 3: Polarity analysis 

 

Figure 4: Accuracy of proposed Algorithm 

Figure 4 shows the Polarity Analysis of the Reviews 

given by users. Out of total 607 reviews, 315 are 

positive, 152 are negative and 140 are neutral reviews.  

Next figure is the table that shows the accuracy of our 

classifier. SVM has performed very good with an 

accuracy of 87.6664%. 

  

Figure 5: reviews classified into three types 

Figure 5 represents three types of reviews which we have 

classified on the basis of product life time. Out of 607 

reviews we can see that 326 are early reviews, 140 are 

majority reviews while the remaining 152 are laggard 

reviews. 

The below table displays the average rating and average 

text letters per Review given by each category of 

reviews. 

 Early                        Majority                   Laggard 

Ave. 

Rating                                
3.97                          3.56                            3.42 

Ave. Text per 

Review                
69.2                          51.9                            32.4 
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Figure 6: Region-wise opinion analysis 

 

  

Figure 7: Comparison of various profession of users 

  

 

Figure 8: Comparison of product based on sentiments 

Table 1: Accuracy Comparison of Existing and Proposed 

System 

 Classifier Number        

of 

Review 

Accuracy 

(%) 

    1 NB 

(PROPOSED) 

200 65% 

2 SVM 

(PROPOSED) 

200 87.6664 

3 Random Forest 200 81% 

4 RNN 200 85.42% 

5 Linear 
 

Regression 

200 78.60% 

 

6 Cosine 
 

Similarity 

200  73.23% 

    

The above table shows the accuracy comparision of 

existing and Proposed system. In this table we can see 

that Support Vector Machine has clearly outperformed 

other techniques. 

V. CONCLUSION 

This paper presents examines sentiment analysis in 

digital marketplaces, highlighting how review dynamics 

influence consumer trust. Our findings show that early 

reviewers tend to give higher ratings, while previous 
reviewers often provide more lenient assessments. By 

implementing sentiment classification at both the 

sentence and comment levels, we effectively categorized 
opinions into positive and negative sentiments. 

With the increasing reliance on online reviews, our 

research aids in managing large volumes of feedback, 

ensuring credible and trustworthy insights for consumers. 

The results demonstrate the effectiveness of our approach 
in sentiment classification, reinforcing its importance in 

shaping consumer behavior. Future work can explore 

advanced deep learning models to enhance accuracy and 
capture more nuanced sentiment patterns. 
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