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Abstract:

The online e-commerce market is growing and becoming increasingly competitive. There are many of the data
that businesses provide includes client input, such as product and service reviews. However, customer reviews
have a crucial role in the business development and have been valuable sources for marketing intelligence. This
paper focuses on explore the effectiveness of using feature extraction during the data preprocessing stage to
enhance the performance of learning algorithms. In particular, the experiments were ongoing to investigate the
impact of using feature extraction in the classification outcomes with several machine learning models. Three new
columns extracted from the features were utilized with five classification algorithms during data preprocessing to
classify the sentiment of Amazon reviews. The results are referring to advantages of using the feature extraction
which helps making accurate models. However, Random Forest classifier achieved the best performance among
other techniques across both experiments. Addition to that, for Naive Bayes classifier there is no improvement in
the model accuracy.
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Introduction

Customer reviews are efficient in the e-commerce area so, businesses collect customer inputs (product and service
reviews, for example). However, customer reviews have a crucial role in the business development and have been
valuable sources for marketing intelligence[1]. It is playing a crucial role in influencing purchasing decisions. it
helps the It assists customers who wish to look up product reviews before making a purchase. Moreover, it helps
companies those want to observe the public’s reaction to improve upon their existing service or the product they
are selling. However, machine learning (ML) algorithms have become extremely useful tools for efficient analysis
and classification due to the large numbers of data[1][2][3]. Sentiment analysis of these reviews presents
challenges due to noisy data, subjective language, and class imbalance.

Over time, ML algorithms have become essential tools in natural language processing (NLP) tasks. one of the
most popular tasks in ML is text classification. The purpose of classification is to use historical data to infer the
class of future data objects. The method involves establishing a set of models that make it possible to recognize
and identify different types of data [4][5]. However, Sentiment analysis and prediction are common applications
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of ML algorithms [6][4]. The explosion of online shopping, especially on sites like Amazon, has produced a huge
database of user-generated evaluations. Review categorization is referred to as a process of automatically
assigning newly submitted textual reviews based on patterns learned by machine learning so the Amazon
Customer Reviews Datasets offers a thorough resource for ML model evaluation and training[5]. As no approach
is flawless for every data set, classification algorithms have been designed in the literature, to achieve the goal of
creating a high-quality dataset before developing ML models. This comes in the context of providing the optimal
representation of the data for the model [7][2] [8].

A feature refers to a unique measurable attribute or characteristic of a data point that is fed into a ML algorithm.
Features can be numerical, categorical, or text-based, and they represent various dimensions of the data that are
related to the given problem. However, it also identified as a variable or attribute [5]. However, in the pre-
processing level the reliability of the dataset’s features may be enhanced. Pre-processing data is crucial in order
to decrease the influence of data outliers or distortion and raise the forecasting performance of the models to
generalize to unseen data [3] [6] [9]. The procedure of converting raw data into features that are appropriate for
ML models, is known as feature engineering. It is the process of choosing, extracting, and adjusting the most
significant features from the existing data to develop more reliable and efficient ML models. One of the Feature
engineering methods is a feature extraction [10][11][12]. Feature extraction is the procedure for creating new
features from available ones to propose more relevant information to the ML models. This is done by modifying,
combining, or summarizing existing features [13][14][15].

The study investigates the effectiveness of using feature extraction during the data preprocessing phase to enhance
the performance of learning algorithms. In particular, the experiments were ongoing to investigate the impact of
using Feature Extraction in the classification outcomes with several ML models.

To examine the effectiveness of using feature extraction, the accuracy of ML models evaluated after applying
feature extraction as a data pre-processing step. However, common classification algorithms were used in the
experiments. The classifiers used in this study include logistic regression (LR), Naive Bayes (NB), Decision Tree
(DT), Support Vector Machines (SVM) and random forest (RF).

Related works

The authors in [16] purposed to examine the use of feature extraction, NLP, and applying deep learning and
curriculum learning to false news identification curriculum learning, and deep learning for the fake news
recognition. The authors presented an enhanced two-phase process model built upon a combination of these
strategies, The document provides a variety of results include accuracy percentages, area under the curve (AUC)
percentages, and comparisons of performance metrics for different methods and datasets. The writers of [2]
considered feature extraction as an essential stage in the text classification process, intending reduce error rates
and enhance accuracy of classification as a crucial step of customer sentiment analysis for hotel services, and the
impact of these design factors on the predictive accuracy. The researchers address the results of the study, where
the DT algorithm provided optimal performance measured by accuracy, recall, and precision especially on a large
feature set. The authors also outline that the SVM and NB classification algorithms are recommended in the case
of small- and medium-scale feature sets due to their strong predictive accuracy and F-measure, together with user-
friendly interpretation. The researchers in [11] proposed a model using deep learning models, NLP strategies,
statistical descriptors, and feature extraction for detecting fake news using deep learning, feature extraction, NLP,
and statistical descriptors. The provided model contains two stages: the features extraction from the text and title
of news samples, and a hybrid method to classify news data. In addition, the report focuses on the importance of
extracting key and useful features from the content of the datasets. The study explored the feature extraction
process in-depth. It offers two new features named coherence and cohesion, as well as other key features, that
were derived from news samples.

The researchers in [5] have designed a strong sentiment analysis model qualified of classifying customer feedback
into three sentiment categories which are positive, negative, and neutral. The research included the collection and
organization of a dataset of product reviews on Amazon. The study involved the application of NLP approaches

including feature extraction and the incorporation of extra meta-data, including product classification or customer
reviews. Potential integration of other meta-information, like product classification, was mentioned in the paper
or consumer feedback to extract features. It reflects the consideration of diverse data sources for feature extraction
in the sentiment analysis of Amazon client reviews. The BERT algorithm has provided the best performance
among others, obtaining an accuracy rate of 89%. The study conducted by [17] examines a hybrid network
English word segmentation processing method using BI-GRU and CRF models. The researchers discuss feature
extraction in the context of deep learning and its application to multi-modal feature extraction. It proposes a multi-
modal neural network with a multilayer sub-neural network for each mode to transform features from various
modes to the same-modal features. These methods aim to outline the practical challenge of structural differences
among several data modalities and enhance the efficiency of feature extraction. The systematic literature review
by[18] intended to detect, analyze, and evaluate every research finding that is available to answer targeted research
questions in the context of feature extraction from Text-based requirements for reuse in software product lines.
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The authors pointed out the importance of the feature extraction process for the reuse of natural language
requirements in software product lines. Furthermore, the review highlighted the necessity for more research work.
Other study by [19] aimed to anticipate customer responses to the question of whether they would suggest the
company to friends or family based on the analysis of transcriptions of their phone conversations with the service
center. The study examined both traditional and deep learning-based text feature extraction techniques, using
models trained on 20,000 transcripts and pre-trained models. It highlighted the role of domain-specific training
and full transcript analysis for efficient classification of customer service interactions. Another study [20] the
authors target to emphasize the value of efficient text preprocessing and feature extraction techniques in NLP,
especially as part of text classification tasks and information retrieval systems. Additionally, the document
discusses the influence of text preprocessing on feature extraction and selection, along with the effectiveness of
TF-IDF in penalizing frequent but less valuable words within the document structure. In the research [15]. The
authors showed that the objective of the Label-Sentence Bi-Attention Fusion Network (LSBAFN) model is to
boost multi-label text classification by effectively capturing multi-level information and categorize content of
documents. The LSBAFN model obtains this by integrating multi-level feature extraction mechanisms including
local sentence and global, label-driven features. to extract multiple text features at different granularities. The
research paper [14] highlights feature extraction for automated tweet classification. It emphasized the use of NLP
techniques and hybrid methods to identify characteristics in tweets for classification opinion polarities and topic
categories. The authors suggest adding language features in a ML process to achieve better performance, as
standalone traditional NLP techniques were not sufficient to retrieve the required information. The paper also
spotlights the use of decomposition of hashtags and other NLP features to feed classifiers with richer features, and
the significance of reducing the risk of overfitting by eliminating features that have little or no impact on the
results. Additionally, the researchers experimented with multiple combinations of NLP features and syntactic
analysis to predict opinion polarities, and examined the difficulties related to annotation and feature analysis. The
article [12] investigates feature extraction as a method to automated feature representation learning from big data
using deep learning. It highlighted standard methods used in extracting text features such as mapping, filtration,
and clustering methods.

Material and Methods

1-  Supervised Machine Learning Algorithms
This study leverages five widely used supervised ML algorithms for text classification tasks: NB, LR, SVM, DT,
and RF. Supervised ML operates on labeled datasets, enabling models to learn the mapping between input
features and target outputs, particularly when predicting discrete class labels. These algorithms were selected due
to their robustness, interpretability, and proven performance in tasks involving high-dimensional input features,
particularly in text-based applications.

1.1 Naive Bayes Classifier
Naive Bayes (NB) is a statistical classifier that estimates the likelihood of a given class by applying Bayes'
Theorem to the noticed characteristics. This approach is especially advantageous in high-dimensional data
environments, such as text classification, due to its computational efficiency and interpretability [21]. Bayes'
Theorem can be mathematically formulated as follows:

P(X\Ck)- P(Cx)
PN = =10
Where:

P(Cx\X): The posterior probability of class Cy given the features X.

P(X\Cx): The likelihood of observing features X given class Ck.

P(Cy): The prior probability of class Cy.

P(X): Evidence (normalization constant) [22].

Since the evidence P (X):is constant for all classes during comparison, classification is typically done using:

¢ = argmaxy C[ P(Co). | [pCe\Go

i=1

This formulation relies on the assumption that all input features x; are conditionally independent of one another
given the class label Cy:

PG = [ [peco
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which is the core simplifying assumption behind the “naive” nature of the model [23]. Despite its simplicity, this
assumption often yields accurate results in real-world applications.
Advantages of NB include:

e  Minimal training data requirements.

e Efficiency in computation and storage.

e Effective even with irrelevant features or class imbalance, particularly in text mining [24].
Disadvantages:

e  The assumption of conditional independence rarely holds true in real data.

e Poor performance when features are highly correlated [21].

1.2 Support Vector Machine
It is a type of supervised ML model essentially designed for classifying tasks, in some cases, extended to
regression problems. Its fundamental mechanism involves constructing a decision boundary—known as a
hyperplane—that best separates different classes by maximizing the boundary among them in the characteristic
space [25].
For binary classification, the SVM optimization objective can be formulated as

minimize = ||?_U||2
w . b 2

Subject to the constraint:

yiw™x; + b) = 1 fori=12,3,-,m

Where:

w: is the weight vector that defining the orientation of the decision boundary.

b: is the bias term shifting the hyperplane from the origin.

x;: represents the feature vector of the i training instance.

yi: €{—1,+1} is the class label for the i™ instance.

m: is the total number of training examples.

This formulation ensures that every training instance is accurately classified and positioned beyond the boundary
of the defined margin. The constraint y;(w'x; + b) = 1 ensures proper separation.

SVM has demonstrated outstanding performance in text classification domains, such as spam filtering and
document categorization, because of its capability and robustness in managing large-dimensional data [26].

1.3 Logistic Regression (LR)
It is a commonly applied statistical approach used to address binary categorization problems. It estimates the
likelihood of a discrete class result by transforming a weighted sum of the input features through a sigmoid
activation function [27]
The probability is computed using the following equation:

Where:
e w:is the vector of weight.

1

P(y =1 | ;1:) = o’(wﬂi | EJ} = 1+ e (w =+b)

x: is the feature vector input.

b: is a term for bias (intercept).

6(2): is the sigmoid activation function,

P(y = 1| x): indicates the likelihood that a given input is associated with the positive category.

This formulation transforms output from a linear function to a probabilistic domain between zero and one; this
makes it particularly suitable for tasks involving classifications of binary. The sigmoid presents non-linearity,
enabling a model to handle complex feature interactions while maintaining a linear decision boundary. Although
it is a linear classifier, LR is effective, interpretable, and widely used in practical applications due to its simplicity
and robustness [28].

1.4 Decision Tree (DT)
Decision Trees (DT) are predictive models that follow a hierarchical structure of decisions, where the input space
is repeatedly divided into smaller, non-overlapping regions based on the values of specific features. They are
widely used in both classification and regression tasks due to their simplicity, interpretability, and efficiency
[29][30]. Each tree is composed of:

—  Specific attributes are estimated by internal decision points in relation to threshold values.

—  Each branch signifies a possible result of a decision made at a node.
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—  Terminal nodes provide the predicted output class or value.
The tree-building process begins at a root node and moves in a top-down manner, applying a greedy algorithm
that iteratively splits the dataset into increasingly uniform subsets. The partitioning proceeds till certain
termination criteria are met, such as a defined tree depth, a lower number of samples in a node, or the absence of
further information gain, or when further splits yield no meaningful gain in information [31]
To choose each node's optimal feature and split point, the algorithm typically uses impurity-based criteria such
as:
Gini Index:

c
Gini(t) =1- ) p(ilt)?
)

Entropy:
c

Entropy(t) = Z —p@lt)log,p(ilt)
i=1

Where:

e  (:is the number of classes.

e p(i] t):is the proportion of samples of class iii at node t.
A split is chosen when it results in a maximum decrease of impurity, alternatively referred to as information gain.
If no such split improves the impurity, the node is declared a leaf node[32].
Although DTs are efficient and easy to interpret, they tend to overfit the training data, particularly when allowed
to grow without constraint. To address this issue, post-processing techniques like pruning or advanced ensemble
methods [33] [34].

1.5 Random Forest (RF)

It is a group-based learning algorithm that builds a set of DTs and combines their predictions to increase the
accuracy of regression or classification. It is known for its high performance, resistance to overfitting, and
robustness to noise and data imbalance[35].

RF operates using two fundamental basics:

1. Bootstrap Sampling (Bagging): Every DT in a forest is trained using a randomly selected portion, with
replacement, of the main set of data.

2. Random Feature Selection: At every node divide, a random subset of features is selected, and the best
split is chosen only from this subset. These mechanisms introduce diversity among trees, which
reduces the model's variance and avoids overfitting.[32]

For classification, the model prediction is based on majority voting across all trees:
y" = mode(hl(x), h2(x), ..., hT (x))
At regression tasks, the output is computed by averaging the predictions produced by all individual trees in the

forest:
T
yh == ) ki)
i=1

~| =

hi(x): is the prediction from the i** tree.

T: is the ensemble's total number of trees.

RF are capable of handling both numerical and categorical variables, scale well to high-dimensional data, and
provide measures of feature importance. Due to their generalization ability, RF models are used in diverse
domains such as text classification, bioinformatics, and financial modeling [36][37].

Despite their advantages, for large-scale issues, RF models can be computationally costly. Research has proposed
several improvements to make them more efficient in handling large datasets[38].

2- Performance Evaluation Criteria
Assessing classification models' performance is essential for choosing the best algorithm and making sure the
model operates consistently on unknown data. One of the most common tools for evaluating classification
performance is the confusion matrix, which summarizes prediction results and provides the foundation for
calculating key performance metrics [39] [40]. Table 1 illustrates the general structure of the confusion matrix
using four key components:

A: True Positives (TP) correctly classified positive instances
B: False Positives (FP) incorrectly classified negative instances as positive
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C: False Negatives (FN) incorrectly classified positive instances as negative
D: True Negatives (TN) correctly classified negative instances

Table 1. Classification models evaluation (Confusion Matrix)

Target

Confusion Matrix .. .
Positive Negative

Positive A B Positive Predictive Value | a/(a+b)

Negative C D Negative Predictive Value | d/(c+d)

Sensitivity | Specificity
a/(a+c) d/(b+d)

Model

Accuracy=(a+d)/(at+b+c+d)

The following metrics are obtained from the confusion matrix:
Accuracy: Indicates the percentage of cases that are accurately classified.
TP + TN

TP + TN + FP + FN

Precision (Positive Predictive Value): Measures how many of the predicted positives are truly positive.

Accuracy =

TP

Precision —
recision = s
Recall (Sensitivity): Indicates the proportion of true positives that were accurately predicted.

TP

Recall = —————
T TP EN
Specificity: Indicates the percentage of accurately determined true negatives.

TN

Specificity = m

F1 Score: The precision and recall harmonic means, especially useful in imbalanced datasets.

Precision * Recall

F1 — =2.
score Precision + Recall

Particularly in domains where the cost of false positives and false negatives varies substantially, these metrics
provide a fair assessment of model performance.[40] .

3- The Data set used

In this study, ML models were trained and evaluated utilizing a well-structured dataset. ML models are expected
to learn patterns from labeled training data and generalize to unseen data during testing. The dataset was split into
two main subsets, training data and testing data, which allows for evaluating the model’s performance without
bias from prior exposure [41] [31]. Factors such as data quality and the method of splitting significantly affect the
reliability and effectiveness of ML algorithms [41] [42]. Validation data were additionally used to assess the
model’s ability to make accurate predictions before deploying it in real-world scenarios version [43][26].

The dataset employed in this research consists of approximately 3,150 Amazon Alexa product reviews,
specifically focusing on Alexa Echo devices [44]. Each of the entries represents aggregate information about 6
features. The features can be summarized as follows: rating, date, variation, verified reviews, and feedback. The
target variable is binary, indicating 0 for negative feedback or 1 for positive feedback. However, dividing the data
set to separate training and testing portions, the training data (75% of the data set) were employed by the model
to acquire knowledge, and the testing data (25% of the data set) were used by the model to estimate unobserved
data, which will assess model performance.

Experiments
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1- Pre-processing of the datasets
The dataset comprises diverse opinions and expressions, as different users convey their views in various ways.
The data used for this study is pre-labeled, containing both negative and positive sentiments, which simplifies the
analysis process. However, raw textual data with polarity often contains inconsistencies and redundant elements.
Since data quality directly affects model performance, pre-processing is applied to enhance its reliability. This
step includes removing duplicated terms, eliminating unnecessary punctuation, and refining the structure to
improve overall data efficiency.

2- Feature Extraction
In practical applications, not every feature contributes meaningfully to identifying or classifying data instances.
Including too many irrelevant or redundant features can negatively affect model accuracy and efficiency.
Therefore, selecting the most informative features is essential to enhance the overall effectiveness of the feature
set in machine learning tasks. Moreover, an overly large feature space can increase computational complexity,
slow down the training process, and require additional memory resources, which may degrade the performance
of the learning algorithm [45] [46]. In this study we utilized the generated features to develop new
features as following:
Polarity: is an important concept in NLP that assists machines to understand the sentiment and emotions conveyed
in human language. The value ranges from -1 to 1, with -1 indicating negative feelings and +1 representing
positive feelings.
Subjectivity: is an important concept in NLP that assists machines to understand the sentiment and emotions
conveyed in human language. Its value lies between 0 and 1, capturing subjective views and personal judgments.
Capital letter count column: indicates the number of capital letters in each review. Capital letters are often used
by people to emphasize certain words or phrases.

3- Text representation
because ML running mathematical operations and algorithms, there are various methods to represent text data.
In this paper, the used dataset has features stored as categorical values. In order to make it valid for use as a model
input categorical values should be converted into a numerical form therefore, we will employ Term Frequency-
Inverse Document Frequency (TF-IDF) which is the representation of the raw text into numerical format vector
or matrix representations[10]. It is typical algorithm to convert text into a meaningful representation of numbers
for predictive tasks.

4- Training and classification
The experiments, have been conducted ten classification tasks. After that compared the results to demonstrate the
performance of the model will change if feature extraction is used as a preprocessing step.
Experiment 1: examine the classifiers and evaluate the results using classification algorithms: NB, LR, SVM,
DT and RF. In all of these, models were trained and then calculated the prediction performance.
then a confusion matrix will be used to assess the estimated target value on the various models.
Experiment2: examined the classifiers and evaluate the results after applied of feature extraction as a
preprocessing step. Then the confusion matrix will be used to evaluate the target values predicted by the models.
The approximated target value by models will be evaluated using a confusion matrix. The block diagram of
experiments is presented in Figurel.

predicted Testing Dataset

Testing

Raw Dataset features training Dataset |

models classifier

pre-processing and feature extraction

Figurel. Block diagram illustrating the conducted experiments.
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Results and discussion

The experiments were carried out on ten classification tasks to identify the feedback label. However, all
experimental results will be provided with a brief discussion in order to illustrate how the models perform may
differ after using feature extraction in the data pre-processing stage. A summary of the models' accuracy is
presented in Table 2

Table 2: Accuracy results for the evaluated models

Model Before using Feature Extraction (%) | After using Feature Extraction (%)
Logistic Regression 90.7 91.6
Support Vector Machine 90.0 92.4
Naive Bayes 90.7 90.8
Decision Tree 89.8 92.5
Random Forest 91.7 94.1

By comparing the accuracy of the models, we came to the conclusion that there is an improvement in the classifiers
accuracy after applied feature extraction during data pre-processing step as shown in figure 6. However, the
classifiers have performed the best performance while using RF.

Accuracy Before and After Feature Engineering

90.73 91.59 90.98 9238

80 1

Accuracy (%)
(=
(=]

&
=]
s

201

Logistic Regression SVM MultinomialNB Decision Tree Random Forest
Classifiers

mmm Before using Feature Engineering wm After using Feature Engineering

Figure2. Comparison of the models’ accuracy

Conclusion

This work examined the effectiveness of using feature extraction during the data preprocessing stage regarding
the accuracy of widely used supervised learning models. An extra three new columns have been extracted from
the features were applied for five classification algorithms during the data pre-processing stage to predict the
feedback of amazon reviews. The results are highlight the benefits of using feature extraction which helps making
accurate models. However, RF classifier achieved the best performance among other techniques across both
experiments. Addition to that, for NB classifier there is no improvement in the model accuracy.
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