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ABSTRACT

In this age of internet technology, e-commerce and online marketing companies in
Bangladesh were already doing well. As a result of the widespread quarantines caused by
the COVID-19 pandemic, online shopping has surpassed all other methods as the
preferred method of making purchases. As a result, Businesses were able to get online
much more quickly. While an increase in online product service providers does many
good things, it also brings up questions about the reliability and quality of these offerings.
Consequently, new customers are easy prey for internet scammers. Our goal is to develop
an Al system that can automatically analyze customer reviews of e-commerce products
and provide a set of positive and negative comments made by previous customers in the
Bangla language using Natural Language Processing (NLP) and Artificial Intelligence
algorithms. From different e-commerce websites, we collected 1016 Bangla product
review comments for analysis. After completing preprocessing, we used two different
domains of Al called Machine Learning(ML) and Deep Learning(DL) algorithms. There
are five ML algorithms like KNN, Random Forest, Logistic Regression, SVM, and

Gaussian Naive Bayes used and for deep learning we used CNN and LSTM.
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CHAPTER 1
INTRODUCTION

1.1 Overview

Over the last decade, Bangladesh has made great strides in technology, reflecting its
progressive nature. As high-speed internet became more accessible, many new
businesses, now known as e-commerce spread online. Particularly traditional businesses
were able to extend their operations over the whole nation as a result of the explosion of
e-commerce. There may not have been a suitable online payment gateway in the late
1990s, but the e-commerce industry grew rapidly from the early 2000s through 2008. [1]
E-commerce user numbers rose drastically with the advent of SSL COMMERZ's
payment aggregator in 2010 with WiMAX, which boosted internet speed. In any e-
commerce, there are so many ratings and comments, so it's hard for users to choose the
best product. Reviews written in Bangla tend to be more genuine since people feel more
at ease expressing themselves in their tongues. And this is the main strength point of our
work. We are on the lookout for both positive and negative product evaluations written in
the Bangla language. Public sentiment is an important factor in identifying shady sellers
and faulty products. When there are several comments and evaluations for a product, it
could be difficult for purchasers to pick the best one. We want to find out how people feel
about different things by looking at reviews and comments written in Bangla. We take a
different strategy on this. Whether the number of participants is positive or negative, why
IS it necessary to do this review analysis? It seems to reason that individuals' evaluations
of the numbers could vary. By using our natural language processing it could be very
easy to quantify positive and negative sentiment replies. To achieve the goal, CNN and
LSTM algorithms are used for deep learning, and for machine learning five different
algorithms like KNN, Random Forest, Logistic Regression, Support Vector Machine, and

Gaussian Naive Bayes are used in our work.
1.2 Problem Statement

Buying things is where most people in Bangladesh today spend their time. More and

more people in Bangladesh are buying things online as e-commerce grows in popularity.
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More and more people are making purchases via online stores. We conducted this study
to save time and provide the highest quality of service. Machine learning and natural
language processing were used. Some problems have arisen because of this endeavor.
Due to the sensitive nature of our inquiry, data collection has proven to be challenging.
We visited many online marketplaces to collect data. Every single product review was
also mentally noted. We have good and negative feedback. When creating a feature, this
is the data we utilize. We received 1016 comments in Bangla. This is the unprocessed
data we have, and it's full of mistakes like emojis, additional punctuation marks, and
multiple words. In order for our algorithm to learn correctly, we eliminated all of this
noise during the preprocessing stage. We transformed the string to integers using TFIDF
after preprocessing. To provide numerical representations for our categorization
assignment, we used numerous categorization Machine Learning algorithms. All
comments are positive or negative. Untrained data is used to evaluate our progress after
training. Evaluation-wise, our technique trumps rivals. For deep learning algorithms, we

used a tokenizer and word embedding approach.

1.3 Motivation and Objective

In Bangladesh nowadays eCommerce sites are increasing day by day Besides increasing
eCommerce people have been interested in buying something online from previous
decades. When a person visits eCommerce to buy something at first he or she monitors
the review of the product and if the product review is better then he wants to buy it other
hand if the preview is most of negative then he did not want to buy it. But it is a very
time-consuming process. Customers lost lots of time to analyze product reviews. And this
is the main part of our motivation. We want to work here to reduce customer time by
introducing an effective Artificial intelligence approach. The objective of our work is

given below:

e To use classification methods to analyze customer sentiment.
e To Develop an accurate model for identifying positive and negative product
sentiment.

e To assist consumers in choosing the right product.
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e To create a product review sentiment analysis program using Al engineering and
machine learning.
e To reduce customer time by providing an appropriate percentage of reviews of

each product.

1.4 Project Scope

The project scope includes the study's background, objectives, population of interest, and
methodology. In Bangladesh there is no effective and accurate product review sentiment
analysis product available so we want to build an assistant who can predict positive and
negative reviews more accurately without any bias. For this purpose, we tried to collect
1016 rows of Bangla comments that contain negative and positive sentiments. Then we

processed it and applied two different domains for experimental results.

1.5 Project Outcome

The expected outcome of our work is given below:
e At first, we want to build a system that is biased and free.
e The system can accurately detect positive and negative comments on any product.
e When the system can separate positive and negative reviews, we hope it can save
customers time.

e We built a robust web API that shows the result of any review sentiment.

1.6 Report Organization
Each chapter of this paper describes itself as:

Chapter 1 The preliminary inquiry would not be complete without this first component.
We also explain our rationale for doing this study in this chapter. The issue description is
the most crucial part of this chapter. Here we cover the research problem and the

difficulty of product review.

Chapter 2 An input analysis summarizing previous work in the field makes up this. It can

be discovered more about the related machine learning work here.
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Chapter 3 the methodology for the study will be detailed. A more in-depth explanation of
the process is available here. For more on the report's methodology, see the

"Methodology" section.
1.7 Summary

The purpose of this chapter is to introduce the fundamental ideas that underpin our work.
As well as the obstacle that stands in its way of our work, are also discussed along with
potential solutions. In addition to that, we spoke about the ways in which this initiative

might assist those working in the e-commerce business.
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CHAPTER 2
BACKGROUND STUDY

2.1 Overview

The debate in the article is set in context by the background information on the study.
Therefore, the background of the investigation is both fascinating and necessary for the
research. Through background study, we can identify which analyses have been done in
previously and what we need to do for new analysis.  Discrepancies in academic
performance between students of different socioeconomic backgrounds may be
investigated in the context of a research project. Several specialists in the preceding field

have made fruitful efforts, which are summarized in this chapter.

2.2 Related Works

Safin et al. found that the majority of Bangladeshi internet users speak Bangla. Labeling
them verbally is hard. Classifying social media posts is difficult. Bangla writing is
tougher to analyze. They categorize social media comments by tone to make searching,
filtering, and organizing easier. They evaluated the posts' persuasiveness using Sentiment
Analysis. The Bangla post-classification model utilizes Logistic Regression, Decision
Tree, SVM, and K-Nearest Neighbour. Their Bangla fluency allowed them to apply an
algorithm that properly detects social media content. The logistic regression method

maybe 88% accurate. [2]

Reviews and ratings of books are useful for readers. They want to review the Bangla
language assessments conducted by Hamidur et al.[3] and provide insightful feedback on
books and online stores so that readers may find and enjoy more relevant content. The
algorithm is trained using six 2,281 input data points. In order to determine if a sentiment
was favourable or negative, this research used Machine Learning and Deep Learning.
Natural Language Processing (NLP) texts are improved. Attitudes are classified using
Decision Tree, KNN, Logistic Regression, Random Forest, SVM, and LSTM. We
achieved an accuracy of 97.49% by using LSTM.

©Daffodil International University, Bangladesh



The way individuals feel about a subject is investigated using aspect-based sentiment
analysis. Rahman et al. [4], who were researchers from Bangladesh, used this method.
The field of Bengali sentiment analysis is seeing a surge in academic interest. Business
language analysis, voice tagging, and vocabulary development are all made more difficult
by the absence of resources like annotated data in Bengali. For this study, they employed
aspect-based research and restaurant reviews to understand cricket fans' perspectives.
When it comes to identifying restaurants based on their polarity or extracting polarity
from insects, SVM is the most valid model (71% validity).

There is an 82.89% positive validity and a 76.59% negative validity for the Hindi
analysis technique by Mittal et al. [5]. Emotions were evaluated, and the database was
augmented to ensure consistency. This show takes a look at Roman Urdu feelings via the
lens of software, cuisine, recipes, politics, and sports. From 566 online chats, 10,021
phrases were culled. Sentiment analysis using Roman Urdu corpora annotated by humans
is the main emphasis of this research. Second, to compare sentiment analysis approaches,
employ Rule-based, N-gram (RCNN) models.

2.3 Comparative Analysis and Summary

Table 1 represents a comparative analysis with previous work. From this table, we can
see that some work has been done previously and the authors got the expected accuracy.
Only one author uses RCNN approach and they got accuracy about 82.89%. but our CNN

model got about 91% accuracy.

TABLE 1.1 COMPARATIVE ANALYSIS WITH PREVIOUS WORK

SL No Author Names Algorithm Used Best Score with
Algorithm Name

1 Mittal et al. Rule-based, N-gram 82.89% RCNN

(RCNN)

2 Rahman et al. SVM 77% with SVM

3 Hamidur et al. LSTM 97.49% with LSTM

4 Safin et al. Logistic Regression 88% with Logistic
Regression
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2.4 Gap Analysis

The gap analysis is a way of proper planning that enables the researcher to focus their
work more effectively and it also indicates weak points that need improvements. In
previous work, we can see that most of the work algorithms are less than 90% only one
algorithm achieved about 97% accuracy achieved by LSTM algorithm but there is no ML
algorithm used there and only accuracy is measured in this work. But accuracy is not the
only way of measurements, from the confusion matrix we can see that accuracy only
worked with true positives and true negatives, but false positives and false negatives also
be an important factor which rate is calculated by precision and recall score, this research
did not address these points. RCNN was used in another work but the accuracy was
82.89% whereas our CNN model achieved 91% accuracy. From the above discussion, we
can say that our work is very updated to all other's work because we used ML and DL in
both domains and we applied all measurement metrics call precision, recall, and f1 score.

2.5 Summary

In this chapter, we discussed some previous work that has been done in a similar field.
From his chapter, we pointed out the performance of previous work by comparison table.

We also find out previous work gaps and where we need to upgrade in our work.
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CHAPTER 3
METHODOLOGY

3.1 Overview

The methodology makes it simple for us to choose the best approach to tackling an issue.
We tackled the challenge by dividing the process into five primary stages data collection
and annotation, data preprocessing, dataset making, algorithm implementation, and
evaluation. Most of the primary stages are divided into sub-stages. Our entire
methodology stages are integrated as a result if we bypass any stage entire system will
fail to generate appropriate results. We will go over each stage in detail in this chapter,
and we will also include information on how we overcame the obstacles we encountered

to solve each difficulty.
3.2 Requirements Analysis

The specifications and features outline the necessary conditions for the product review
sentiment system. It must accurately analyze and interpret sentiment within reviews. In
our work we divided our requirements into 3 different parts one is Data requirements,

second is technical requirements, and finally Maintenance and support.
3.2.1 Data requirements

Data is the heart of the Al system as our entire system stands with historical data. Our
required data is Bangla product review comments the comment can be anything but it

must be in Bangla language.
3.2.2 Technical requirements

The technical requirements are divided into three different categories. One is software

based the is hardware-based and programming requirements.
Software-based requirements:

1. Any eCommerce platform

2. Jupiter notebook ID
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3. Microsoft Excel
Hardware-based requirements:

1. Processor core i5
2. Ram 8 GB minimum
3. 100 GB free space in C drive

Programing Requirements

1. Python 3.6 minimum for programming language
2. Library requirements is given below:
joblib==1.1.0
matplotlib==3.3.4
numpy==1.19.5
openpyxI==3.0.9
pandas==1.1.5
pyxlsx==1.1.3
pyzmq==22.3.0
scikit-learn==0.24.2
seaborn==0.11.2
xlrd==2.0.1

In library requirements, joblib 1.1.0 version is very important because in future we will

use this library for the rest Api integration.
3.3 Proposed Methodology

Through the use of methodology, we are able to easily choose the most appropriate
strategy for addressing a problem. Our strategy for overcoming the obstacle consisted of
breaking the procedure down into five basic parts. In this chapter, we will discuss each
step in great depth, and we will also include information on how we overcame the
challenges that we faced in order to find solutions to each issue. Figure 3.1 represents the
methodology diagram of our project. Some main part are divided into subparts like data

processing contains two subsections one is non Bangla removing another is punctuation
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removing. Same way dataset is split into two categories on his test data set another is
train data set. and in our work, we apply to different domains of artificial intelligence
called deep learning and machine learning. As the result of the experimentation we used
different performance Matrix to find out which algorithm was based for our problem then
this best problem we evaluated our work. After finding the best model we saved this
model by joblib library and finally by using this model we can make web web-based rest

api.

Data Collection and
Annotation

Non Bangla Data Preprocessing Punctuation
Word Removing

Feature extraction Feature
Dataset

for ML extraction for DL

Apply DL Algorithms Apply ML Algorithms

KNN, Random Forest,

CNN, LSTM Logistic Regression,
SVM, Gaussian Naive
Baves

Result Experiments

Evaluation

Figure 3.1 Proposed methodology
©Daffodil International University, Bangladesh
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3.4 Data collection

As we work with product review sentiment analysis in the Bangla language our main

target to collect data is different E-commerce websites like daraz and Chaldal.

TABLE 3.1 DATA COLLECTION SOURCE

E-commerce name Collected data
Daraz 600
Chaldal 250
aarong 600

we collected comments on different products from this website after collecting the
website we annotated the data set as positive reviews and negative reviews. Figure 3.2
represents the data collection procedure. Sometimes it is very difficult to collect

comments directly. In such cases, we bypass by inspecting the element. This idea is given

by the stakeholders.

lﬁ T 1 T AR (SR vEh W coireid emes W Wi efi e

Dear Sir, Thanks a lat for your valuable feedback. Thanks for being with Alpha technology,

Product details of Digital Watch Waterproof 30M Fashion Women's Watch for Men's

Figure 3.2: data collection procedure

The data annotation table is represented by Table 3.1. after data collection, we noticed
that some of the comments contained foreign language we built a function for this
purpose which can remove language without Bangla. After manually reading every
comment set labels as positive and negative which is represented by 0 and 1

correspondingly while model train.

©Daffodil International University, Bangladesh
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TABLE 3.2 COLLECTED SAMPLE DATA

Comment Annotation

S G R A FAD BRVICE Negative

AISF IO (&S FACTR VY (ATOT | Negative
RENSISISSRIISIRRGICE

HATCFO BT JPAN G R - Negative
(OfeToIfTo =Y AN Y= Positive
TGS ST R

NG BT (MO G §iq | Positive

B QRG] 21 (I AP =1 Positive
YTHFTAS (AT AN

3.5 Project Management and Finance Analysis

The management of projects is shown in table 3.2. According to the data shown in this

table, the majority of the time we carried out work in parallel.

TABLE 3.3 PROJECT MANAGEMENT AND FINANCE ANALYSIS

Oct 2023 Nov 2023 Dec 2023 Jan 2023 Feb 2023

Title defense

Data collection

Data annotation

Report Writing

Phase |

In our work, we selected a minimum core i5 13th-gen processor. For motherboard, we
chose an Asus exb660m motherboard and for ram, we chose 8 GB for HDD we chose

256gb team SSD. The project cost and finance analysis are given in Table 3.3.
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TABLE 3.4: ESTIMATED COST FOR MACHINE LEARNING-BASED PROJECT

SI. No Item Unit Price Total Price
Quantity & Unit
1 1. CPU: Intel 13th Gen Core i5 13400 Raptor Lake | 25,000 44,349
Processor.

2. Motherboard: ASUS EX-B660M-V5 D4 M-ATX | 14,000
Motherboard.

3. RAM: OCP XT Il DDR4 3200MHz 8GB | 2,500
Desktop RAM.

4. Storage: TEAM CX2 2.5" SATA 256GB SSD 2,849

3 Visiting ML engineers 3000.00
4 Thesis/Project Typing, Printing and Binding 2000.00
5 Miscellaneous: (Maximum amount: Tk. 3,000) 3000.00

Total (In Figure): | 52,349
BDT

In words: Fifty-two thousand three hundred forty-nine taka only

3.6 Summary

Throughout this chapter, we spoke about the process and strategy that we take to our
work. In addition to this, we go into great detail about each stage, and we will also
provide information on how we overcame the obstacles that we encountered in order to

discover answers to each problem.
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CHAPTER 4
IMPLEMENTATION

4.1 Overview

In our work, we are going to construct an Al system for reading the Bangla customers'
evaluations automatically, using NLP and Al algorithms. To meet this goal, we analyzed
the 1016 comments in Bangla about the products that were sold on several online
marketplaces. In the implementation phase, magnetic and deep learning algorithms, as
well as data pretreatment, are used. These five machine learning techniques were utilized:
KNN, Random Forest, Logistic Regression, Support Vector Machine (SVM), and
Gaussian Naive Bayes are examples of the techniques. Second, we made use of two DL
models: CNN and LSTM are CNN and LSTM's twins at the party of technology. The
main idea of this chapter is that in it, the whole implementation process from data
preprocessing to prototype design to model evaluation, and a summary of the important

findings are shown.

4.2 Train Model

At first, our system started with the careful gathering and cleaning of 1016 Bangla review
comments from several e-commerce sites to make sure the data was of high quality. The
preprocessing methods were the normalization, the tokenization, and the elimination of
the irrelevant data (like the stop words), which made the data ready for the next steps. For
the feature extraction, we used advanced methods like Term Frequency-Inverse
Document Frequency (TF-IDF) and word embeddings which helped in the transformation
of the textual information into a format that is machine learning algorithms can process.
The basic structure of the system has an arrangement of five machine learning models—
KNN, Random Forest, Logistic Regression, SVM, and Gaussian Naive Bayes—and two
deep learning approaches, namely Convolutional Neural Networks (CNN) and Long
Short-Term Memory networks (LSTM). Every model was chosen depending on its
success in the tasks of text classification and it was used with the current Al frameworks

like TensorFlow and Scikit-learn.

©Daffodil International University, Bangladesh
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4.2.1 Data Preprocessing

The process of data preprocessing is of great importance because it involves filtering of
incoming data with the aim of generating data sets of higher quality at input into the
feature extraction and model training. This step is divided into three main categories.
4.2.1.1 Removing Punctuation

Punctuation marks do impact such types of text analysis and those might be displaced by
word frequencies. The main preprocessing step is to demutualize the text which
eliminates all the punctuation symbols.

4.2.1.2 Eliminating Stop Words

The stop words are the quintessence of the marginal (like 4<%}, ™Y, and (Y(FH in
Bangla), the words which don’t convey the particular tone rather than the distribution of
the words if it is eliminated. It assists in rejecting the non-valuable words and selecting
the more relevant ones such that machine learning may be able to extract better
predictions.

4.2.1.3 Filtering Out Non-Bangla Sentences

Taking the assumption into account that the dataset might have noise — in the form of
non-Bangla text, e.g. numbers or sentences of English words or numerical data —
elimination of any non-Bangla text is of a crucial importance. This ensures that a model
is sensitive to the linguistic features that are linguistically pinpointed in the Bengali
language and not general language features during the training period which enhances the
performance of the analysis.

The preprocessing steps were made into work in Python libraries like the NLTK for stop
word removal and regular expressions for tokens removal and non-Bangla text.

4.2.2 Feature Extraction

As | worked with two different Domin(ML and DL) so | have to extract feature different
way. That is why | used TFIDF for the machine learning algorithm and Word Embedding
for Deep learning algorithm.[6]

4.2.2.1 TF-IDF
Via TF-IDF which is integrated in the machine learning model, each word in a document

acquires an importance that is related to its frequency across the whole set of documents.
©Daffodil International University, Bangladesh
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They allow for the word-significance distinction and the model algorithms like SVM and
Random Forest to be used to make a correct prediction.[7]

4.2.2.2 Keres Word Embeddings

By deploying CNN, LSTM, and Keras such as deep learning models, the word
embedding was also used. The models are tweaked so that words get a dense vector
representation whereby semantics and relationships of the words are encoded, which in
return, the Al language data is understood and processed more effectively.

Consequently, it becomes easier to organize the data according to the requirements of ML
or DL, and the models will perform well in follow-up model runs.[8]

4.2.3 Machine Learning Model

In this section, | used 5 traditional machine-learning approaches. Each model design
architecture and configuration are given below:

4.2.3.1 KNN algorithm

The k-Nearest-Neighbors (KNN) algorithm is a simple non-parametric and lazy learning
technique which is used to solve classification and regression cases. In KNN
classification is determined from the majority vote of its k nearest neighbors. The object
is assigned to the class most common among the k closest to the neighborhood.[9]

Table 4. The selection of the highest suitable settings for the K-nearest point algorithms
(KNN) applied to this step is called "KNN Best Hyperparameters.” The first row shows
that the Euclidean distance was taken as a metric to calculate the distance between
events. Adjoining neighbors (k nearest neighbors, knn) now serve as the basis for
classifying and computation of a value of a data point. The weights will be the probability
vectors with values given by distance, and the neighbors with a more immediate impact

on classification or prediction will be more important.

TABLE 4.1: KNN’S BEST HYPERPARAMETERS

Hyperparameters Values
metric euclidean
N neighbors 7
weights distance

©Daffodil International University, Bangladesh
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4.2.3.2 Random Forest Algorithm

A Random Forest algorithm could be utilized a mixture of ensemble learning techniques
addressing both classification and regression problems. Initially, it has a few decision
trees that become more entwined in order to avoid overfitting it but anyway they achieve
high accuracy.[10] For every tree, the forest was partitioned into random data chunks, as
well as taking a random subset among the features, Therefore, our model has to be
adjusted in such a way that it better relates to the single decision trees and be reliable
instead of erroneous.

Table 4. 2, called "Random Forest Best Hyperparameters" is the one which depicts the
best settings for the Random Forest algorithm. The table illustrates that the maximum
depth of the trees (Max depth) is set to None, meaning that the trees can continue to grow
until all leaves are pure or contain less than the minimum number of samples that can be
used in splitting. The minimum number of samples is set at exactly 1 for each leaf node
which is represented by Min samples leaf. The Minimum to cut an internal node (Min
samples split) is set to 2. Moreover, the number of trees in the forest (N estimators) is
fixed to 200 as well. These hyperparameters are determined to improve the performance
of the Random Forest model.

TABLE 4.2 RANDOM FOREST’S BEST HYPERPARAMETERS

Hyperparameters Values
Max depth None
Min samples leaf 1

Min samples split 2

N estimators 200

4.2.3.3 Logistic regression

The logistic regression is a statistical algorithm, which is for two classifications.[11] It
builds up the probability that the given input belongs to a given class by means of a
logistic function which converts any real number into a value between 0 and 1. The
algorithm determines the influence of the dependent binary variable and one or more

independent variables by finding the logistic curve fitting of the data points. It is most
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often used for its ease of use and the different applications in the areas of machines and
statistics.

Table 4. I will write two papers on the subject, namely "Best Hyperparameters for our
Logistic Regression” and "Logistic Regression Best Practices to Optimize Model
Performance,” which explain the optimum settings for logistic regression. The
corresponding parameter (Rho) is set at 10 to be less regularized. The penalty is L2,
which does Ridge regularization by bringing the sum square of coefficients instead of the
loss function. For this soup recipe, the solver is the 'liblinear’ which would be appropriate
for the smaller datasets and also supports both L1 and L2 regularization. They are
tweaked in such a way and fine-tuned through each experiment until the predictive ability

of the model is improved.

TABLE 4.3 LOGISTIC REGRESSION’S BEST HYPERPARAMETERS

Hyperparameters Values
c 10
penalty L2
solver liblinear

4.2.3.4 Support Vector Machine

Support Vector Machines (SVM), is a modular supervised machine learning algorithm
capable of both classification and regression It does this by creating a plane of the
optimum hyperplane which has enough space to separate the data points that belong to
different classes in the beyond dimension of the space.[12] Support vector machines
achieve this by turning off the closest points of different classes, which consequently are
the kernel’s relevant support vectors and, therefore we put up a strong classifier. This
kernel is suited for decision function training as it deals with the data samples being
linearly and nonlinearly through the kernel functions with abilities in addition to getting
input transformed.

Table 4. Scanning item 4, "SVM’s Hyperparameters", explores SVM’s most efficient
settings. The regularization parameter (c) will be set at 1 as its task is to be balanced such
as a low training error and a big margin. Gamma is set to 'scale’ value, that means gamma

is automatically being adjusted based on the received data. The 'linear' nature of the
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kernel used, implies linear relationship between the input features and the target variable.
These hyperparameters, in particular, are the one that will be used to increase the
Sensitivity, Specificity and Correlation Ratio of the SVM model.

TABLE 4.4 SVM’S HYPERPARAMETERS

Hyperparameters Values
c 1
gamma scale
Kernel linear

4.2.3.5 Gaussian Naive Bayes

Gaussian Naive Bayes (Gaussian NB) is a probabilistic classifier that uses Bayes'
theorem and assumes that the observable variables (x) are conditionally normally
distributed with zero mean and unit variance. It is assumed that the features are each
located by the normal distribution, and there are no associations among them with a
specific class label. Probably, the main advantage of Gaussian NB is the plain structure
and strong assumption of complete independence of its features.[13] Undoubtedly, the
independence assumption when not contradicted to the actual case is a good tool applied
to many real-world applications. It is proven to be a solid tool for high-dimensional data
as well as for learning and predicting phase what is performed quick and efficiently.
Table 4. 5. We also, discuss here the optimal values for contrary parameters for the
Gaussian Naive Bayes Machine learning Algorithm. Create a table if the smoothing
variance is given as 0. 1. The explanation of this variance is the factor that evokes this
displacement style to make each feature variance and by a small value to prevent dividing
to zero and stabilize these calculations, as a result, the algorithm variance does not
become too small thereby improves its performance. The education reform is result-

based, it gives students the ability to learn and become smart as a result of sustainability.

TABLE 4.5 GAUSSIAN NAIVE BAYES’S HYPERPARAMETERS

Hyperparameters Values

Var smoothing 0.1
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4.2.4 Deep Learning Model

Deep learning of natural language processing (NLP) is the study that uses artificial neural
networks to understand and generate human linguistics. Its creates an intelligent
interaction with applications such as machine translation, sentiment analysis and chatbots

on the basis of learned complex text patterns in the data.

4.2.4.1 LSTM model

The following graph that represents a neural network built with the Keras sequential API
to solve binary classification in Natural Language Processing (NLP).[14] It is origins
with an embedding layer that transforms integer encoded words into dimensional vector
of size 128 with 10,000 unique words in vocabulary and fixed input sequence length.
Thereafter, LSTM layer with 128 units is imposed, for which we used dropout and
recurrent dropout rates equal to 0. 2 is a further contribution which the authors take to
improve model performance by adding L2 regularization to overcome overfitting. After
that, a dropout layer is put up, for which 30% of its input units are initialized to zero
randomly, and it is updated for every epoch to stop overfitting. There is one multiplying
dense layer with 64 units and a ReLU activation followed by | 2 regularization and a
dropout layer of 0. Because of this, the euro should be free to find its own balanced rate.
The last is a dense layer with a node and sigmoid activation function having an L2
regularization to solve binary classification problem. The Adam optimizer is used for
model compiling, and the model is trained on binary cross-entropy loss and validated on

the accuracy metric.
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Figure 4.1: LSTM Model Architecture
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4.2.4.2 CNN model

Figure 4.2 represents a CNN model for a binary classifier used in NLP and implemented
using the Keras Sequential API. The setup begins with a 128-dimensional embedding
layer that translates integer-encoded words into 128-size vectors which is sufficient for
up to 10 thousand words in vocabulary.[15] Its structure differs from the original one in
the addition of the dropout layer with the rate of 0.2 which serves the purpose of

preventing overfitting, followed by two 1D convolutional layers with 32 and 64 filters,
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respectively, with the kernel size of 5 which is associated with the ReLU as an activation
parameter and same padding. The normalization batch layer is geared on the stabilizing
and boosting learning, and there we use the global max pooling which lets us reduce
feature maps to their topmost values. The architecture is built to help the network by
adding in a dense layer of 128 nodes and L2 regularization, a dropout layer with a
probability of 30% for their occurrence, a dense layer of 64 nodes and L2 regularization,
and another dropout layer with a 20% probability. As the other layer has only one unit, it
may use the sigmoid function for classification. The mentioned model compiles with the
Adam optimizer -the speed of learning rate is 0. 001, gradient descent algorithm (NAG),

bi-cross-entropy loss function, and accuracy as the performance metric.

mput: | (None, 81)
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Figure 4.2: CNN architecture

©Daffodil International University, Bangladesh




4.3 Model Evaluation

Model evaluation process by which appropriate methods are chosen for estimation of the
designed model and to measure its accuracy. The head-to-head would be the performance
of metrics that include Accuracy, Precision, Recall, and F1- score. Figure 4.3 represents
the Confusion matrix of the best model Logistic Regression. Calculation represents

recall for positive is better than recall for negative. That means our model is best for
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Figure 4.3: Confusion matrix for best model
Accuracy = TP+TN /| (TP + FP+FN+TN) = 182+103 / (182+15+5+103)= 0.933 =93.44%
Error =1 —0.9344=0.0656
The recall rate for positive: TP / (TP + FN) = 182/182+5
=0.9733*100 = 97.33%
The recall rate for Negative: TN / (TN+FP) = 103/103+15
=0.8729*100 =87.29 %
4.4 Summary
In this chapter, we gave a demonstration of the K-nearest Neighbors, Random Forest,
Logistic Regression, SVM, and Gaussian Naive Bayes Algorithms that they could use for
classifying data tasks. Two NLP techniques are used in CNN and LSTM is used, they
includes embedding, convolution, pooling, and dense layers. They are later connected
together with a linear classifier, dropout, and L2 regularization.
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CHAPTER 5
RESULT AND ANALYSIS

5.1 Overview

In this chapter, the impact and match of this project are discussed. Among various
machine learning and deep learning models on a dataset of Bangla product reviews, we
analyze the performance of models. The main target is to determine which models lead to
the best sentiment classification and which is the most precise. We have the apparatus
section which has the data preprocessing and model training sections. Additionally, a
study into the results of different algorithms, and an appraisal of their pros and cons, also
is part of the process. These far-reaching adjustments also add sturdiness and facilitate
the achievement of the desired outcomes.

5.2 Experimental Result

The experimental data is a set of obtained data and results that are obtained from carrying
out benchmark or systematics tests. The "Experimental Results” section of the "Bangla
Product Review Sentiment Analysis by ML and DL Approach" project is an
accumulation of the metrics that are used to find out the actual accuracy of different
machine learning and deep learning models on the test dataset, and those metrics are
usually accuracy, precision, recall, F1-score. Our two-step experimental result is given
below:

5.2.1 KNN algorithm

Table 5. 1 depicts the classifier report of the knn model with two classes. For class 0,
precision is 0. 92, and recall is 0. Accuracy is 0.8, and F1-score is 0. 85 Voters with a
support of 118 instances. Class 1 made an accuracy of 0. 88, recall of 0. 0.96 and F1-
score of 0. 92 accompanied with 187 examples. The accuracy of the model is overall 0.
90, through the use of macro and weighted averages for precision, recall, and F1-score
across all movements. 89-0.90, implying that the classes are balancing each other.
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TABLE 5.1 CLASSIFICATION REPORT OF KNN ALGORITHM

Precision Recall Fl-score Support
0 0.92 0.80 0.85 118
1 0.88 0.96 0.92 187
accuracy 0.90 305
macro avg 0.90 0.88 0.89 305
weighted avg 0.90 0.90 0.89 305

5.2.2 Random Forest

Examples of the measurements between the two classes are illustrated in Table 5. 2 of
this classification report. Class 0 achieves an accuracy of 0%. 94, recall of 0. 84, F1-score
of 0. The R2 value at 89 showed a high degree of predictability, while the support 118
points toward a considerable reliability that can be relied on. Class 1 displayed a recall as
close to 0 as possible precision. 97 with a 0 precision. 0.91, which presents an F1-score of
1. We predicted the accuracy of the model by setting three parameters of mean=0 and
standard deviation=0.5, and it yielded an identification result of 94, with a larger support
of 187, which implied that it could complete this task with more precision. The general
accuracy for the model is considered as 0. 92. The results are averaged with macro and
weighted averages and all scores are either for precision, recall, and F1-score. 92. It
means that the model's performance is not just a mimicry of stereotypes but can be

applied to both specific groups of patients, which gives better results.

TABLE 5.2 CLASSIFICATION REPORT OF RANDOM FOREST

Precision Recall F1-score Support
0 0.94 0.84 0.89 118
1 0.91 0.97 0.94 187
accuracy 0.92 305
macro avg 0.92 0.90 0.91 305
weighted avg 0.92 0.92 0.92 305
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5.2.3 Logistic Regression

This table 5.3 shows a classification report for a model having two classes of Logistic
regression model. A Class 0 has a precision of 0. 95, recall of 0. 87, and F1-score 0. 9.0,
sharing 118 occurrences, thus showing a remarkable skill to accurately classify positive
cases. Class 1 accuracy is 0. 92 or 0, a recall of. 0.97 and the F1-score is 0. 95, 70% of
them with a better support (187), emphasizing the sensitivity. The model will have an
accuracy of 0 overall. 93. The variances for precision, recall, and F1-score of the macro
and weighted methods are nearly identical at 0. 92 to 0. 94, which means steady and

precise function in different classes.

TABLE 5.3 CLASSIFICATION REPORT OF LOGISTIC REGRESSION

Precision Recall F1-score Support
0 0.95 0.87 0.91 118
1 0.92 0.97 0.95 187
accuracy 0.93 305
macro avg 0.94 0.92 0.93 305
weighted avg 0.94 0.93 0.93 305

5.2.4 Support Vector Machine

Table 5 is an illustration of a classification report. 4, which summarizes the performance
of a model for two different classes of SVM algorithms. The reporter said that the class 0
precision is 0. 93, the recall rate = 0. 89. 5, and the precision rate is 0. 92% of the 118
samples. This shows that it is able to impart actual good consequences in a high level of
accuracy that it has. One can observe that the class equal to one has the maximum
precision (0. 94), and the F1-score is 0. 95 shows the confidence interval in which we can
state without doubt that the standard error will fall somewhere around 187 samples when
the sample size is increased. Regarding the precision, the model is 0 94. The both
unweighted and weighted averages and the values of precision, recall, and F1-score are
similar to each other and almost always consistent with the last two methods as well. The

grade "94" represents that the student has got good grades in all the subjects.
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TABLE 5.4 CLASSIFICATION REPORT OF SVM

Precision Recall Fl-score Support
0 0.93 0.91 0.92 118
1 0.94 0.96 0.95 187
accuracy 0.94 305
macro avg 0.94 0.93 0.93 305
weighted avg 0.94 0.94 0.94 305

5.2.5 Naive Bayes

The accuracy metrics for the classification report are depicted in Table 5.5, as well, that
can be eluded to the naive bayes method that includes two classes. 118 cases are Class 0
that contain predictive, recall, and F1 rates which are all equal to 0. 91. Conversely to the
most negative score of Class 2, all of the metrics for Class 1 are close to each other at the
value of 0. 94 Referencing this statement with 187 proofs. The model obtained an
accuracy of 93%. The values incline only nearly to 0. 92 and 0. thus, being 93,7 and 93,6
respectively, both the conventional and weighted averages show a good consistency all
over the classes too. This happens to be the cause of the balanced performance in terms

of precision, recall, and F1 score.

TABLE 5.5 CLASSIFICATION REPORT OF NAIVE BAYES

Precision Recall Fl-score Support
0 0.91 0.91 0.91 118
1 0.94 0.94 0.94 187
accuracy 0.93 305
macro avg 0.92 0.92 0.92 305
weighted avg 0.93 0.93 0.93 305
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52.6 LSTM

Table 5.6 , reported are the metrics for the classification report of LSTM algorithms. The
precisions, recalls and F1-scores of Non-Cancer class are 0. 82, and the accuracy level
(65) of the film signifies that it is a movie with a somewhat predictable plot. Class 1
metrics the performance is higher, with precision, recall, and F1-score which are all at 0.
91. This was confirmed by 139 cases since Class 1 was more precise in prediction. The
model is 100% accurate. And, at the individual level, this figure shoots up 88%.
According to macro-average the values of precision, recall, and F1 are all zero. 86 and O
respectively, the weighted average is higher at 0. 88. This discrepancy can be explained

by the additional support of class 1 that is added to the formula.

TABLE 5.6 CLASSIFICATION REPORT OF LSTM

Precision Recall F1-score Support
0 0.82 0.82 0.82 65
1 0.91 0.91 0.91 139
accuracy 0.88 204
macro avg 0.86 0.86 0.86 204
weighted avg 0.88 0.88 0.88 204

5.2.7 CNN

Finally, a classifying report in Table 5 is outlined. 7, which is concerned with the
presentation of the performance measures of the model which is applied to two distinct
groups. The class 0 precision is equal to 0. 86 where the recall is 0 0.93 and the score of
F1 mean 0. 89, the cases making up the 82 exemplary classifications of benign nature. In
122 cases Class 1 has shown its highest precision score which is 0. 95, the re-election of
0. Accuracy of 0.90 and an Fl1-score of 0.0. 92. Such validated information is given
through the data The model in general has an accuracy of 0. 91. Both macro and weighted
averages for precision, recall, and F1 score are always 0. The commonly known 91,

indicating that the performance of all the classes is equally distributed.
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TABLE 5.7 CLASSIFICATION REPORT OF CNN

Precision Recall Fl-score Support
0 0.86 0.93 0.89 82
1 0.95 0.90 0.92 122
accuracy 0.91 204
macro avg 0.91 0.91 0.91 204
weighted avg 0.91 0.91 0.91 204

5.3 Comparative Analysis

Table 5.8 uses four metrics, namely test accuracy, precision, recall and F1-score,
employing which values of different models can be compared. The model Logistic
Regression has now a score of 93, so it is on the top position. 44% in terms of test
accuracy, which is the portion of right decisions among all decisions. The “Precision”
metric measure the percentage of true positives predicted out of all the positives the CNN
prediction has, with a score of 94. 83%. Recollection presents capacity to serve all
relevant occurrences, and Logistic Regression has the highest performance rate which is
equivalent to 97%. 33%. Logistic Regression was the best exact score with during the
event which was balancing the Precision and Recall with a score 94. The overall accuracy
including TP Rate, FP Rate, and Accuracy attained by Logistic Regression is 79%,
making it appear the most effective model on all the evaluation metrics. As a result, it is a
good choice for jobs that require a high degree of extremely effective recognition of
positive cases and overall prediction accuracy. Long story short, Logistic Regression is

the most accurate.
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TABLE 5.8 COMPARATIVE RESULT ANALYSIS

Model Test Accuracy Precision Recall F1-Score
KNN 0.8951 0.8818 0.9572 0.9179
Random Forest | 0.9180 0.9050 0.9679 0.9354
Logistic 0.9344 0.9239 0.9733 0.9479
Regression

SVM 0.9377 0.9421 0.9572 0.9496
Naive Bayes 0.9279 0.9412 0.9412 0.9412
CNN 0.9118 0.9483 0.9016 0.9244
LSTM 0.8824 0.9137 0.9137 0.9137

Table 5.8 represents the comparative result analysis for the balance dataset. As our
dataset was slightly imbalance we decided to balance this and test the performance of our
selected algorithm. SMOTE library is used for balancing datasets, and we used up
sampling techniques. If we compare the balance and imbalance datasets, we can see that
most of the algorithms drop their performance. For example, KNN produced 82.95%
accuracy but earlier accuracy was about 89%. For random forest, accuracy was 88.52%
but earlier it was 91%. We can see only Logistic Regression produced better accuracy
than the imbalance dataset but accuracy was never exceed than SVM imbalance dataset
model. If we look deep learning part we can also see that accuracy has dropped. So we
decided to use Imbalance models for final results like classification reports, test

performance, etc.
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TABLE 5.9 COMPARATIVE RESULT ANALYSIS FOR BALANCE DATASET

Model Test Accuracy Precision Recall F1-Score
KNN 0. 8295 0.9789 0.7394 0.8424
Random Forest | 0. 8852 0. 8768 0.9468 0.9105
Logistic 0.9377 0.9471 0.9521 0. 9496
Regression

SVM 0.9180 0.9179 0.9521 0.9347
Naive Bayes 0.9148 0.9765 0. 8830 0.9274
CNN 0. 8775 0. 8671 0.9538 0.9084
LSTM 0. 8824 0.9717 0. 8306 0. 8957
5.4 Summary

Once this part is done, they present the result of the experiment and the comparison of
different ML and DL models that are used to classify the product reviews sentiment.
Accordingly, the ML libraries that are used, their accuracy and the datasets that are used
are concretely examined and analyzed. We discover that the deep learning algorithms
achieves the higher accuracy and faster processing speed than others in our study. During
this comparison, the complexity model of the existing solution versus performance was
noted for the given problem. The analysis of outcome will be the basis for the
improvement of sentiment analysis concept as a precondition of its transfer to real

language applications in the context of Bangla.
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CHAPTER 6

IMPACT ON SOCIETY, ENVIRONMENT, AND SUSTAINABILITY

6.1 Impact on Life

"Bangla Product Review Sentiment Analysis by ML and DL Approach" has a
considerable implication on daily living via consumers' decision-making based on
product reviews. The local customers will be confident in reviews if sentiments are
properly identified in Bangla, which will, in effect, steer them to make better buying
decisions. They help in the evaluation of products in a shorter time and without spending
too much time and effort. Besides, businesses can deliver precise knowledge about the
level of customer satisfaction and preferences which additionally helps to improve
products and services. Thus, the project at the same time helps the non-English-speaking
communities by the provision of sentiment analysis tools in their native language that

help to improve their online shopping experience.
6.2 Impact on Society & Environment

Through sentiment analysis in Bangla product reviews, people will know what the best
products to buy and will thereby build a level of trust and transparency in e-commerce
sites. The main achievement of this project is it can save customers time by providing
appropriate suggestions. Customers no need to read each and every comment of a
product. It is prone to consumers' rights by allowing them to get feedback that is analyzed
accurately and represented properly. Ecologically, the project is able to affect the process
of consumers making an informed decision, which will decrease the amount of waste that
is produced as a result of people not being satisfied with a purchased product. Thus, this
provides avenues for sustainable consumption habits. Hence businesses will be able to
optimize their supply chains by listening to customer needs which will result in less waste

of resources.

©Daffodil International University, Bangladesh

32



6.3 Ethical Aspects

These ethical question will be position on this project such as privacy of data and
consistence sentiment analysis algorithms. It is essential to encrypt communication with
an extra layer of passwords between user data and information in order to avoid
information leakage. It is vital to instill thorough job training on different types of
datasets on the algorithms in order to prevent the inequality or discrimination effects that
may be brought forth by opinion analysis results. The manners for analysis being
implemented should be provided transparently and the result should be given in the non
partial way for keeping the user belief. Besides, customers™ opinions must be gathered,
impartial and the negative feedback must be accounted for constructively in order to avert

unfairly damage to business or personal reputation.
6.4 Sustainability Plan

The implementation of the project sustainability plan includes the constant revision and
enhancement of the machine learning and deep learning models to ensure the highest
accuracy and relevance. Interacting with the people in the user community to get
feedback and understand emergent needs may help in maintaining the tool relevant and
usable. E-commerce collaborations would provide consistent data for the model training
and the model validation. On the other side, making this technology available in different
languages and regions can possibly extend its impacts, making the world wide green

goals to be supported by responsible consumption patterns.
6.5 Summary

The "Bangla Product Review Sentiment Analysis by ML and DL Approach” program is a
huge milestone in the field of life, society, and the environment. It brings consumer
thinking to a different level, creates accountability and builds trust as far as the online
systems are concerned. Ethically It deals with the topic of data privacy and algorithmic
fairness, which means that the algorithm is not biased and safe. The sustainability plan
proposes constant enhancement, involving the community and expanding coverage. In
the end, the project is good in informing consumption, and in turn promoting sustainable

development objectives by diminishing waste and establishing resource efficiency.
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CHAPTER 7
SUMMARY, CONCLUSION AND FUTURE WORK

7.1 Conclusion

In the era of the general buying of products online by the masses because of the COVID-
19 pandemic, our Al-based system has shown a 94 percent accuracy in the analysis of the
Bangla product review comments from different e-commerce websites. The system uses a
mixture of Machine Learning and Deep Learning techniques to process the 1016 review
comments, and, as a result, sorts them into the positive or the negative sentiment
categories. Of the machine learning algorithms, the Support Vector Machine (SVM) was
the most accurate one and it outperformed the other algorithms such as K-Nearest
Neighbors (KNN), Logistic Regression, Random Forest as well as Deep Learning
methods such as CNN and LSTM. This way of tackling the difficulties of consumer
sentiment in Bangla implies its suitability for application in worldwide e-commerce, thus
providing a scalable answer for the enhancement of customer experience and business

operations.
7.2 Further Suggested Works

Some really outstanding recommendations exist for future work:
e Training data needs to be vast in size to generate test data with higher accuracy.
e LSTM, CNN, and Bangla Bert are examples of deep learning algorithms that can
be employed while working with large datasets.
e For deployment, we can use either the Django Rest Framework or the Flask

Framework.

7.3 Limitations

Here is a roadmap for where this effort is going from here:
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Our methodology only included good and negative feedback; it did not consider
neutral or caustic remarks. Going forward, we will make neutral or caustic

comments.

The sentiment expressed in the summary section seems to be typical when
sarcasm is present. In this particular analysis, though, the remark has the reverse
impact as sarcasm is hard to predict on a computer. This leads us to our next

project: developing an algorithm to detect statements containing sarcasm.

To that end, we are developing an application programming interface (API) for
the web that will define the review of analyses.

In order to finish the work, we employed a machine learning and deep learning
approach. Eventually, we will build an Al system with LLM based model in

future

All of our work is conducted in Bangla. Conversely, Banglish is the language
used by customers to write comments. Consequently, we will soon be teaching
Banglish Sentence to enable our system to understand and respond to comments
in Banglish.
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Appendix A

Complex Engineering Problems (EP) and Complex Engineering Activities (EA)
Analysis

Title: BANGLA PRODUCT REVIEW SENTIMENT ANALYSIS BY ML AND DL
APPROACH

Students ID: 193-15-13419, 193-15-13568
CO Description for FYDP-Phase-I

co CO Descriptions PO
Phase -I
CO1 | Integrate recently gained and previously acquired knowledge to Product Review PO1

Sentiment Analysis for the Final Year Design Project (FYDP)

CO2 | Analyze different aspects of the goals in designing a solution for this FYDP PO2

CO3 | Explore diverse problem domains through a literature review, delineate the issues, PO4
and establish this goals for the FYDP

CO4 | Perform economic evaluation and cost estimation and employ suitable project PO11
management procedures throughout the development life cycle of the FYDP

Phase -ll

Ccos5 Design and develop technical solutions and system components or processes that meet PO3
specified requirements, ensuring compliance with public health and safety standards, as

well as considering cultural, socioeconomic, and environmental factors in this FYDP

co6 Choose and apply appropriate methodologies, resources, and contemporary engineering PO5
and IT technologies to address complex engineering processes, encompassing prediction

and modeling, while adhering to relevant constraints in this FYDP

co7 Analyze societal, health, safety, legal, and cultural considerations, along with associated PO6
responsibilities, in the context of professional engineering practice and the resolution of
this problem, employing logical reasoning guided by contextual understanding.

cos8 Comprehend and evaluate the enduring sustainability and impact of professional PO7
engineering endeavors in addressing intricate engineering challenges within social and
environmental frameworks.
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PO8

CO9 | Implement ethical principles and adhere to professional standards and norms in this FYDP

CO10 | Capable of operating proficiently both individually and as a team member or leader across PO9
diverse teams and interdisciplinary settings in this FYDP.

CO11 | Proficiently communicate with the engineering community and broader society regarding PO10
complex engineering endeavors, including the ability to comprehend and generate
comprehensive reports and design documentation, as well as provide and receive clear
instructions throughout this FYDP.

CO12 | Acknowledge the importance of self-directed and life-long learning within the evolving PO12
landscape of technology, and possess the readiness and capability to engage in lifelong
learning endeavors.

Addressing of COs, Knowledge Profile (K), and Attainment of Complex
Engineering Problems (EP):
Justification
SN EP Definition | Attainment| CO (with Knowledge Profile) References
In our project, we needed to collect data | Page no:
from different e-commerce websites after | 11
collecting we needed to annotate them as _
- Positive and Negative Review. Finally, we | Section:
£ applied NLP to prepare a dataset for
= Machine Learning and Deep Learning [3.4]
2 Algorithms which covered K3 and K4
S
o
2
= COL, | After training and evaluation, the model | Page no: 9
2 Yes CO2 -
§ » | can be deployed by the website or any rest _
L = and CO3| ap| system that covers K5 and K6 Section:
=
o [3.3]
[«5]
a)
i
o
L
We compared my work with recent | Page no: 6
existing work which covers K8
Section:
38
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2.3
S48 During project work, we faced some | Page no:
o o f . .
LE o problems like Data unavailability. Most of | 10
S S g Yes co? the comments are in mixed languages like _
Xt 3 Bangla and English. Another problem is | Section:
NES data processing for the two domains(DL,
L ML) is different so we tried to solve this [3.3]
- D We have tried to mitigate these challenges | Page no:
2 g by programming. Initially, we collected all | 14
59 comments then we built a system that can _
;o Yes CO2 | detect foreign languages and remove them. | Section:
&« @ For data preprocessing tidif is used for the
o, f_g ML part and Tokenizer and Embedding [4.2]
© are used in the DL part.
2 In the data processing section, we need to | Page no:
& o learn some new technology. Most e- |14
= commerce keep comments in such a way
S ! :
F f Yes CO3 | that no one can collect them. So, we tried | Section
g ° to learn how to bypass this rule.
o [4.2]
L
5 &
3 8
5 5 o
= No O |N/A N/A
MRS (&)
L2
o=
i
To overcome the obstacles, we discussed
S 5 @ with one of the Machine Learning| Page no:
(72 e c @E . - . . 10 11
23 cc GE) Engineers with him we have been in :
%’ 2 g 2 Yes co3 |touch, and the solution to my issue was | gection:
LS 26 2 explained to us by him.
©BECD [3.4]
L
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] We divided my problem into different | Page no:
S subcategories like data collection, data | 9-10
R g preprocessing, and algorithm _
7. oo Yes CO3 | implementation. We tried to solve each | Section:
= T category separately. In this project there is
‘GE) two domains are used so we carefully [3.3]
= monitor this issue.
Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the
following]:
. Attainment ificati
SN | EA Definition CO Justification References
4 Page no:
|-
2
S Our research makes substantial use of 12,13
%S high-performance computing gear, GPUs, .
e Yes grp computing 9 ) Section:
1 S and deep learning frameworks like
g . Tensorflow and Keras. [3.5]
. —
—
@)
< O
S ¢
2
> 4
2. 88 No N/A N/A
D)
< E
L
40
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c
B
©
3 N/A
3. = No N/A
™
<
L
= : : : :
© ) ThI.S prqject contributes to society by Page no:
8 S & saving time for customers. If any e-
§ o "E’ commerce integrates our system it can 32
4, N § Yes automatically give a percentage of positive
S g = reviews and negative reviews as a result | Section:
© S ° customers do not need to read every
< . . [6.2]
5 comment by wasting time.
2 This study extends on previous research by | Page no:
3 investigating a fresh strategy to apply
z Machine Learning and deep leamni [9-10]
5 = Yes achine Learning an eep learning
' & algorithms together, as well as a full Section:
0 comparison analysis, bringing new insights '
ﬁ into the subject. [3.3]
Addressing CO (4, 9, 10, and 12):
SN COs Attainment Justification References
Excellent project management and financial control, Page no:
which offer careful planning, resource allocation, and [8]
1 CO4 Yes budget estimation for optimal resource utilization
throughout the research lifespan, are combined in this Section:
project to address CO4. [3.2]
By prioritizing the privacy of e-commerce customers | Page no:
2 co9 Yes and reviewers and openly recording the research 32, 33]
process, the project demonstrates adherence to ethical '
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principles. It also ensures responsible knowledge | Section:
dissemination and societal well-being through the
ethical use of advanced e-commerce that complies [6.2,6.3]
with CO09.
CO10 No N/A N/A
Page no:
The project's dedication to continuous learning
(CO12) and flexibility in an ever-changing [9.10,11,14]
CO12 Yes technological environment is evident in the thorough Section:
experimental findings and analysis, technique
development, data preparation, and data collection. [3.3, 3.4,
4.2]
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