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ABSTRACT: Research in this area has recently centered on the development of smart home
systems like Amazon Alexa, with a particular emphasis on analyzing user feedback for Echo,
Echo Dots, and Firesticks. To determine if customer sentiment is good or negative, the
research makes use of machine learning methods such as GloVe, CNN, ANN, and logistic
regression. To measure how well these models work, metrics like recall and precision are
used. This research shows how useful insights into customer attitudes gained through
feedback can improve product development, user happiness, and purchasing decisions. The
relevance of strong emotion prediction models in helping businesses improve customer
experiences and strategies is highlighted, laying the groundwork for the growth of the rapidly
developing smart home technology industry.

Keywords:Logistic Regression, Multilayer Perceptron, Artificial Neural Networks, Word
Embeddings, Convolutional Neural Networks (CNN), GloVe, Sentiment Prediction, Machine
Learning Models, E-commerce Reviews, Text Analytics, Amazon Reviews, Consumer
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1. INTRODUCTION

The Alexa product line has revolutionized user interaction with technology and set the
standard for smart home innovation with devices like Echo, Firesticks, and Echo Dots ['l. The
analysis of user-generated content, especially product reviews, has become crucial for better
product development and a better grasp of consumer mood due to the explosion of such
datal? [¥]. The combination of content, metadata, and star ratings in reviews provides a
treasure trove of information about customers' tastes and experiences!'?! [1) This research
aims to automate sentiment analysis and review classification using a variety of machine

learning approaches, such as Logistic Regression, Convolutional Neural Networks (CNN),
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Multilayer Perceptron (ANN), and GloVe-based Word Embeddings®} 2!} 231 More
sophisticated models, such as CNN and GloVe, improve accuracy by gathering more nuanced
semantic information; however, Logistic Regression is still the basis for sentiment
prediction/?: 17 %1 Companies can improve customer happiness, strategic positioning, and
their ability to impact future developments in the smart home technology market by

outsourcing the analysis of product-specific feedback (6} [141-[24],

2. LITERATURE REVIEW

According to the literature review on sentiment analysis of Amazon product evaluations,

several machine learning techniques are used to forecast the sentiment polarity of user reviews

(21,31, 141, 18] These techniques include decision trees, RFs, SVMs, and neural networks 7120}

[(21).126] 1t highlights how many review attributes, including product category, user input, star

(12} 191 This survey

ratings, and text content, are crucial for guiding prediction engines !
seeks to improve e-commerce sentiment research by clarifying the intricate connection

between customer sentiment and machine learning approaches 8- - [22- (23] Better prediction

of review positivity and negativity is also made possible by this [26+28- 1291,
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3. PROPOSED ARCHITECTURE

The CNN algorithm is used [ [17} 211 Obtaining the dataset from Amazon reviews.csv is the
first step in a systematic procedure that analyzes the sentiment of customer reviews on
Amazon 2} B} 121 The data, which includes reviews and ratings provided by users 1%} [22],
The data is cleansed and prepared for analysis during the preliminary processing phase by
removing extraneous information and filling in missing values B} 10 [16] A fterwards,
characteristics are derived using the Bag of Words method 8- [!3], The next step is to organize
the text such that machine learning models can make good use of it > ['8]_ Changes to the
parameters are made after this. in order to guarantee precise forecasts and improve the

14], [23

model's efficiency | 1. Applying cross-validation across several data segments allows us

to evaluate the model's robustness and its capacity to generalize to new, unseen data (- [15}

(291 Lastly, based on the research, the evaluations are categorized as positive or negative

views, offering practical insights [} 23],

Amazon Dataset from data.world

4—

User Reviews and Rating

4—

Pre-Processing

44—

Bag of Words

4—

Parameter Tunning

\mm

Cross Validation

v

Positive, and Negative Review

Fig. 1The overall Diagram of the sentimental analysis
Ratings, user comments, and textual data make up the dataset that is sourced from Amazon
reviews 12} 11 Tt undergoes preprocessing to eliminate noise and get it ready for analysis [*}
(191 Parameter tuning and cross-validation guarantee optimal model performance, while the

[15]

Bag of Words method extracts features [3 3} 151 A thorough groundwork for

comprehending user thoughts and improving sentiment analysis models may be found in the
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training and testing of models that classify reviews into positive or negative emotions [’} [17)
211, [29]

4. METHODOLOGY

Dataset Description

A. Source and Origin

The 'Amazon_Alexa Reviews.csv' file contains carefully selected product evaluations for
Amazon Alexa. A variety of design options, including Charcoal Fabric, Sandstone Fabric,
Oak Finish, and Heather Gray Fabric, as well as the Echo, Echo Dots, and Firesticks, are
discussed in the reviews. The dataset used for sentiment analysis in this research was selected
from publicly available customer reviews on Amazon [+ 4} 112,

B. Attributes

Echo, Echo Dots, and Firesticks are just a few of the product types included in the dataset.
You may also find design versions of these products, such as Charcoal Fabric and Oak
Finish, among others [} [3],

Examine the passage: Feedback from satisfied customers on the products they have
purchased.

The numerical depiction of consumer satisfaction is the star rating, which usually varies from
1 to 5 71161,

Fabrics with a Charcoal, Sandstone, Oak, or Heather Gray finish are examples of design
variants that depict particular materials or finishes [} [14],

C. Data Preprocessing

The cleaning of the dataset involves removing stop words, special characters, and incomplete

values b U181

Tokenization is the process of converting text data into numerical
representations through the use of encoding techniques %+ [°]. Machine learning models are
made consistent by normalizing numerical features and standardizing parameters like product
finishes (like Charcoal Fabric and Sandstone Fabric) [} [20],

D. Standardization of Features

The stability and performance of the algorithms are enhanced by standardizing numerical
characteristics to a mean of 0 and a standard deviation of 1 [} 2!, This ensures that each

attribute has an equal impact on the ML models.
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E. Potential Additional Attributes

Products using specific materials, such as those with an oak finish, sandstone, or charcoal,
could reveal even more about the buyer's tastes '} 22|, Notable additional factors include
user demographics, review data, and product variants (such as Echo, Echo Dots, and
Firesticks) (22} [2],

F. Dataset Richness

Customer sentiment and product-specific variables (design variations) are thoroughly
integrated in the dataset, giving a thorough understanding of customer preferences and
satisfaction (¥ 241 This integration gives the dataset its depth.

G. Data Exploration Opportunities

Locating associations and trends between customer opinion and product attributes is one of
several data exploration opportunities presented by the dataset 2261, Review ratings, product
types, and user opinions can be explored using methods including correlation matrices,
scatter graphs, and histograms B [271-[29],

To review, the '"Amazon Alexa Reviews' dataset is an extensive and complex set of product-
related variables that have been hand-picked to be used for sentiment analysis by machine

learning models 221,
5. PERFORMANCE OF PROPOSED MODEL

5.1 Amazon Alexa Reviews Dataset

The suggested CNN model was tested using the Amazon Alexa Reviews dataset on a range
of product types, with an emphasis on popular products like Echo, Echo Dots, and Firesticks
(1. 141, 1121 "With the use of the Helpfulness measures, the model was able to predict ratings
(Score) or feedback metrics by processing the Text attribute of customer evaluations [ (131 A
single feedback measure was created by combining these measures, which were formerly the
Helpfulness Denominator and Helpfulness Numerator [7M!¢], The dataset was partitioned into
separate subsets for analysis with different validation proportions (20%, 30%, and 40%) so
that the model's performance could be evaluated across different data sizes (£} [18],

The performance research found, among other things, an accuracy range of 92.5 to 93.1
percent 91201 The best results were obtained by testing with 30% of the dataset. Even with
moderate test set sizes, the model was able to reliably recognize reviews and make correct

rating predictions 1],
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5.2 Comparative Performance

To measure how well the CNN model performed, we compared it to more traditional

recommendation systems that don't make direct use of textual features or feedback metrics:

e Collaborative Filtering: With no consideration for the complicated language data
included in reviews, an accuracy rate of 86.8% was reached based only on user-item
interactions 2} 1141,

o Content-Based Filtering: We reached an accuracy rate of 88.4 percent by focusing on
the product's attributes and ignoring customer sentiment as shown in the reviews [} (1],

e  Word-Embedding GloVe: This model achieved a 93.0% accuracy rate when processing

[22], [23

review text using pre-trained word embeddings [} 1. This being said, it is still not up

to the standard of the suggested CNN model.

o Suggested CNN Architecture: With a success rate of 93.0%, the suggested CNN model

10], [17], [24

much outperformed conventional models [ 1.1t was crucial to have the capability

to learn from review content and feedback data in order to enhance customer satisfaction
projections [2°],

These results demonstrate the CNN model's resilience when compared to baseline
approaches ?°!. They also show that the CNN model can reliably predict ratings and

reviews from users and products 7],

00 ns
Epochs

Fig.2 Precision in Training and Validation of the model

Training and validation loss

Fig.3 Error during Training and Validation of model
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5.3 Ablation Analysis

To find out how much particular characteristics affected the model's overall performance, a
thorough analysis was carried out %!, Further information was also found:

e Text: Underscoring the significance of assessing written reviews for consumer input, the

Text feature was a crucial factor in obtaining the model’s optimum accuracy of 93.0% [1%)

[19]

e Other Features: Performance dropped slightly when components like Profile Name and
Summary were removed, indicating that these elements weren't that important compared
to the Text and feedback metrics [!3 1161,

e Feedback: Recall dropped significantly when feedback (from the Helpfulness Numerator
and Helpfulness Denominator) was removed, highlighting the significance of these
metrics for gauging customer engagement and happiness [!4> (211,

The importance of user feedback and textual data in developing accurate forecasts has been

proven once again by this experiment [23}-[23],

5.4 Iterative Performance Analysis

Efficacy was assessed throughout an increasing number of iterations to measure the CNN

model's convergence % 28 After 500 iterations, the model's accuracy peaked at 93.0% and

15, [29

didn't go up much after that ! 1. The model has learned from the data and reached its

maximal prediction capacity, as seen here 17} [24],

Summary

The CNN model showed impressive prediction capacity for product ratings and user
comments, including metrics related to customer happiness, using a combination of
Productld, Text, and feedback variables [} [12- [1] Tt has been shown that the model is a
dependable and scalable solution for recommendation tasks in the smart home technology

(141 1201 "1t outperforms more traditional

business, especially for Amazon Alexa products (¢}
methods of recommendation like collaborative filtering and content-based systems 12 3} {111,
A major step forward in the use of predictive analytics in e-commerce and consumer product
reviews powered by textual data and user input is this CNN model, which attains an accuracy

rate of 93.0% [231[23).[29],

6. RESULTS & DISCUSSIONS
The Amazon Alexa Reviews dataset, GloVe, CNN with Word Embeddings, and Word

Embeddings achieved a 93% accuracy rate in predicting product ratings and reviews B+ 71 P

2025- VOLUME-1 ISSUE-1, AUGUST Inaugural Edition 9


http://www.ijtls.com/

International Journal of Technology, Leadership and Sciences (IJTLS)
ISSN: XXXX-XXXX www.ijtls.com Paper ID: TLS-25/V1/11-001

[10}. [11}. 131 "By allowing them to understand semantic relationships between words, GloVe

embeddings improved the prediction abilities of both models [22- (271 [28],
Word Embeddings with GloVe outperformed CNN with Word Embeddings when it came to
capturing global word connections [ 161 18] "yt CNN with Word Embeddings was better at

2511261 Despite their differences,

detecting sentiment-bearing sentences and local patterns [
both models performed quite well on sentiment analysis and e-commerce tasks,

demonstrating the benefit of integrating deep learning approaches with sophisticated text

representation.
CNN
1.2
1
0.8
0.6
0.4
0.2
0
Self [1] 2] (3] [4]

Fig.4 Analysis of Product Reviews using CNN

GloVe
1.2
1
0.8
0.6
0.4
0.2
0
Self 1] [4] 6] [10]

Fig.5 Analysis of Product Reviews using GloVe

7. CONCLUSION
Word Embeddings combined with GloVe and Convolutional Neural Networks (CNN)
yielded an impressive 93% accuracy on the Amazon Alexa Reviews dataset. The accuracy of
these methods in evaluating consumer data and producing predictions about product
evaluations and user happiness is highlighted by their high level of precision. The

incorporation of deep learning techniques with GloVe allowed for robust sentiment analysis,
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since it improved the models' ability to understand the evaluations' sentiment and contextual
nuances. These findings demonstrate the game-changing capabilities of state-of-the-art neural
network designs coupled with modern text representation techniques, providing viable

answers to pressing problems in e-commerce and consumer sentiment studies.
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