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ABSTRACT:

Sentimentanalysis completely focuses on identifying and classifying opinions expressed
in textual data such as customer reviews. With the rapid growth of unstructured text
generated in digital platforms, this highlights the need for efficient methods to
automatically analyse and interpret this data to support decision-making. This study
selects machine learning algorithm for sentiment analysis to the customer review. In this
study, several traditional machine learning algorithms, including Naive Bayes, Logistic
Regression, Random Forest, K-Nearest Neighbour and Support Vector Machine (SVM),
were considered along with standard preprocessing and feature extraction techniques.
The models were evaluated based on their performance in sentiment classification tasks
[1]. Based on the literature, SVM along with feature extraction TF-IDF is recommended as
the most suitable method for marketing company sentiment analysis on customer
review. This setup provides strong accuracy, handles high-dimensional text data with
high efficiency, and sustains a balance between performance and computational cost.
Previous studies also show the effectiveness of SVM in sentiment analysis tasks [1].
Overall, this study shows that a simple, efficient, and traditional machine learning
algorithm can produce reliable sentiment analysis outcomes suitable for real-world
applications.

INTRODUCTION:

Sentiment analysis the way of analysing the human behaviour like emotions, opinion and
feeling for the subject which is in the form of text. Companies do sentiment analysis to
analyse opinions oftheir customers [1]. By analysing the customers opinions, companies
take actions according to their customer’s sentiment. A marketing company can do
sentiment analysis of shopper reviews by using traditional machine leaning approach to
minimise the cost and time and the marketing company can run their workflow with basic
resources. To know the sentiment of the shopper reviews, suggesting a traditional
machine learning approach which can achieve accuracy and efficiency. To propose the
best machine learning approach and workflow reviewed the literature of sentiment
analysis to compare ML algorithms then design the workflow and recommend the
suitable model to the marketing company. In related work, the literature of sentiment
analysis by different machine learning approaches are discussed, workflow methodology




explains about the pipeline of sentiment analysis and in discussions and
recommendations section suggests the suitable approach and model for the marketing
company to do sentiment analysis.

RELATED WORK:

The process of finding emotions in text to understand people’s opinion is sentiment
analysis, the sentiment will be classified as positive, neutral or negative. Companies like
Amazon, Netflix, social media platforms, governments, political parties, movie
industries, marketing teams and anyone who wants to understand people’s opinions will
use sentiment analysis [2]. Many companies collect large amount of text data like
reviews, feedback, survey responses for their future growth. Previously these marketing
companies' manual read text data for the sentiment analysis which is slow and costly.
Researchers found traditional machine learning methods to classify the sentiment into
positive, negative or neutral category.

Traditional machine learning is highly useful for sentiment analysis, particularly when
companies want models that are simpler, cheaper and easier to run their workflow on
less resources than deep learning systems. The workflow in the literature is collecting
data, data preprocessing, feature extraction, model training and evaluation. The
preprocessing removes noise like unnecessary symbols, punctuations, and stop words,
while feature extraction methods such as TF-IDF, Bag of Words (BoW) and n-grams
convert text into numbers because machine learning algorithms need numerical data not
text.

A comparison study shows that traditional machine learning algorithms are frequently
addressed in the literature, including Support Vector Machine (SVM), Naive Bayes,
Logistic Regressing, Random Forest, Decision Tree and k-Nearest Neighbours. Among
these algorithms, SVM seems mostfrequently as a strong algorithm for text classification
tasks. In a comparative study of different machine learning algorithms for sentiment
analysis, SVM achieved the best accuracy of 82% on the dataset used in that study, SVM
algorithm outperformed Naive Bayes, Decision Tree and Random Forest [1]. And another
study comparing SVM and Naive Bayes on review data also reported that SVM provided
the best accuracy, showing its strength in identifying positive and negative sentiment
from text [3].

The benefits of SVM are also mentioned clearly in recent study. SVM outperforms evenon
small datasets and that a kernel is most suitable for text classification because it is
computationally simple and effective for separating classes in structured text data [4].
This is crucial for marketing companies because many firms may not have large
computing resources or very large, labelled datasets. In this situation, SVM gives a
practical balance between accuracy and efficiency.

Logistic Regression is another strong traditional model addressed in the literature. A
study comparing Logistic Regression, SVYM and Bernoulli Naive Bayes for sentiment
analysis, logistic Regressionreached the highest accuracy at 83%, somewhat above SVM




at 81% and Bernoulli Naive Bayes at 80% [5]. Another comparative text classification
study showed that Logistic Regression with bi-grams obtained the highest accuracyin as
80:20 split, while SVM performed best with TF-IDF [6]. These results suggest that Logistic
Regression can also be a strong choice, particularly when feature engineering is done
well.

Naive bayes is widely recognised in the literature as one of the simplest and fastest
models for text classification. Researchers often describe it as computationally efficient
and useful for sentiment analysis, spam detection, and topic classification. However,
although Naive Bayes is fast and easy to train, many comparative studies show that it
often produces lower accuracy than SVM or Logistic Regression. For instance, in one
study of public complaint classification, SVM obtained 0.84 accuracy, while Naive Bayes
obtained 0.77 accuracy[4]. In another comparative paper, Naive Bayes scored lower than
SVM and logistic Regression in performance [7]. This means Naive Bayes is valuable
when speed and simplicity are the primary priorities, but it may not be the top choice
when higher predictive accuracy is needed.

Another traditional machine learning model is Random Forest which is frequently used
in sentiment analysis studies. |t combines multiple decision trees to get more stable
classification and reduce overfitting. It is also helpful for handling complex data and
many features. However, the results are mixed. One paper reported that Random Forest
and SVM achieved the best overall results [8]. Another study reported Random Forest
accuracy of 0.78, below SVM and XGBoost [4]. These findings tell that even though
Random Forest can achieve better results; it may require careful tuning and may not be
as consistently reliable as SVM for text sentiment tasks.

Feature extraction is an important task for sentiment analysis in the literature. Traditional
machine learning models rely heavily on how text is expressed. TF-IDF is used more
frequently because it shows important words while reducing the importance of most
common words. Multiple studies use TF-IDF as the main representation for sentiment
classification and show that it works especially well with SVM and logistic Regression.
Some studies also examine n-grams, especially bi-grams, because they capture short
word combinations that can improve sentiment detection [6]. For marketing companies,
this is important because customer opinions often include short phrases such as “very
good quality”, “not worth buying” or “highly recommend” which are better captured byn-
grams than by single words alone.

Sentiment analysis is strongly related to marketing that companies keep track on social
media posts, comments, product reviews for customer’s opinion to adjust their
strategies, improve service quality. Online sentiment highly influences customer
decision, so automated sentiment analysis is helpful for both businesses and
customers. From marketing company’s point of view, sentiment analysis can benefit in
customer satisfaction tracking, product feedback analysis and brand monitoring.

One single traditional model won’t be best for every dataset, but SVM performed
consistently strong across many comparative studies, particularly when combined with




TF-IDF features. Depending on the dataset and feature extraction, Logistic Regression
algorithm is also effective and in certain cases performs better. Random Forest is
effective in handling complex data, but it is inconsistent for text analysis tasks and may
overfit. Naive Bayes is faster in training and easier to implement but generally less
accuracy [4]. Evaluation metrics like accuracy, precision, recall and F1-score are used to
evaluate performance ofthe algorithms. For marketing company, SVM is the best suitable
traditionalmachine learning model for sentiment analysis, especially with TF-IDF feature
extraction. SVM highly suitable model for because it performed consistently strongly in
comparative studies, it achieves effectiveness for high-dimensional test data, it has
balance between accuracy and computational efficiency. Logistic Regression can be
considered as a second-best option if the company wants a simple and more
interpretable alternative.

WORKFLOW AND METHODOLOGY:

4.1 Overview of Machine Learning Pipeline

Traditional Machine Learning workflow follows a structured pipeline, that is data
collection, preprocessing, feature extraction, model development and evaluating the
model. This is commonly used pipeline for sentiment analysis to transform raw textual
data into meaningful predictions. Machine learning algorithms need numerical form of
data, so before applying ML algorithm — should convert unstructured text into numbers.
In this study, customer reviews are collected and pre-processed and then transformed
into numeric data by using TF-IDF technigues. Machine learning model will be developed
on that data and evaluation will be done by using standard metrics like accuracy,
precision, recall and F1-score [2].

4.2 Data Description

The customer reviews dataset contains textual data like opinions about products or
services labelled into sentiment categories (positive, negative or neutral). Review
datasets are unstructured, so preprocessing is essential before analysis. Social media
and e-commerce websites generate large volumes of the review data and making
sentiment analysis essential for extracting insights. Such datasets are commonly used
including movie reviews, product reviews and twitter data to evaluate sentiment
classification models.

4.3 Data Preprocessing

Data preprocessing is an important step in sentiment analysis because reviews contain
a lot of noise, so preprocessing can improve model performance and reliability.
Lowercasing — To prevent duplication of features and reduce dimensionality, all the text
data is converted into lowercase which ensures consistency and reduces unnecessary
complexity in feature space.

Removing Stopwords — Words like “is”, “and” and “and” which do not give much
information to classification model. Focusing on meaningful words by removing
stopwords can improve model efficiency.




Tokenization - Splitting sentence into individual words which is needed to convert
sentences into processable units because model process the text at word level.
Cleaning Text — Deleting punctuations, numbers, special characters and irrelevant
symbols which enhances the quality of input data to the model so model can perform
better[9].

4.4 Feature Extraction

The input text must be transformed into numerical features after preprocessing.TF-IDF
(Term Frequency - Inverse Document Frequency) — it gives priority to words based on the
frequency according to the frequency and distinctiveness throughout the documents.
Term Frequency (TF) = Number of times a word appears in a document/ Total number of
words in the document

Inverse Document frequency (IDF) = log (Total number of documents / Number of
documents containing the word)

TF-IDF=TF* IDF

A word with high TF-IDF means it occurs frequently in a document, and it found rarely in
other documents.

4.5 Model Selection

For customer review sentiment analysis, Support vector machine is selected as the
primary model because of its high performance in my literature review. In high-
dimensional text data, SVM is a powerful supervised learning algorithm that performs
effectively when paired with TF-IDF. Support Vector Machine achieves the highest
accuracy compared to other classifiers in sentiment analysis [1]. SVM outperforms Naive
bayes in comparative analysis on review data [3]. SVM provides better results than Naive
bayes when applied to customer and airline reviews [10]. Furthermore, optimised SVM
models achieve the best generalization performance after tuning [8]. SVM is chosen as
the most appropriate model because of its high accuracy, robustness and suitability for
the text classification.

Although deep learning models like CNN, LSTM can provide higher accuracy, traditional
machine learning algorithms remain efficient, takes less computational resources,
shorter training time for sentiment analysis tasks, particularly with limited resources [2].
4.6 Model Training

Provided customer review dataset is divided into training (80%) and testing (20%) sets.
This split ensures that the model learns from one portion of the data while being fairly
assessed on another. k-fold cross validation is used to the training set to enhance
robustness. The training data is split into k subsets and then the model will be trained is
trained on different folds. The mean result over all folds gives a more robust evaluation.
The SVM modelis trained to categorise the sentiment based on the extracted features by
using techniques like TF-IDF.




4.7 Evaluation Metrics

To evaluate the performance of the model, accuracy, precision, recall and F1-score are
the metrics commonly used in sentiment analysis. By using confusion matrix true
positive (TP), true negatives (TN), false positives (FP) and false negatives (FN) are
calculated which helps in providing deeper insights of model performance.

Accuracy - measures the overall correctness of predictions.
Accuracy=(TP+TN)/(TP+TN+FP+FN)
Precision - measures how many predicted positives are actually correct.

Precision=TP/(TP+FP)
Recall - Measures how many actual positives are correctly identified. Recall=TP/(TP+FN)
F1-Score - It is a combined score if correctness and completeness. Hormonic mean of
precision and recall.

F1=2*(Precision.Recall)/(Precision+Recall)

DISCUSSIONS AND RECOMMENDATIONS:

5.1 Discussion of Results

Based on the literature Support Vector Machine achieved better accuracy and better
generalisation on unseen data, and the model gave better performance when evaluated
with other models like Naive Bayes, Logistic Regression in sentiment analysis. SVM
handles high-dimensional data efficiently, which is common in sentiment analysis due
towide range of vocabularies because it is particularly effective for text classification and
several studies confirm that SVM consistently achieves strong performance in sentiment
analysis text classification tasks when compared to other traditional machine learning
models [1]. Moreover, research tells that enhanced SVM models can perform very high
accuracy, especially when paired with feature extraction techniques like TF-IDF [8]. This
tells why SVM algorithm performed better in this study. Although Naive Bayes is faster, it
lacks accuracy due to its strong independence assumptions. Logistic Regression
provides balanced results, but SVM outperforms it in handling complex decision
boundaries in text data.

5.2 Justification of Chosen Model

In high dimensional text datasets SVM is known for its ability to find the optimal decision
boundary which is hyperplane that improves classification accuracy. Although SVM is
comparatively less effective than Naive Bayes, it can handle large datasets effectively
and performs efficiently with kernels and. When compared to non- SVYM models, using a
kernel reduces computational complexity also it practical for real-world applications like
sentiment analysis for customer reviews of marketing company. It gives high accuracy in
sentiment detection, reliable performance on large-scale data and ability to handle
diverse customer opinions SVM achieves accurate and robust predictions, which are
important for analysing text.




5.3 Practical Implementation

In analysing sentiment of customers review, the company can implement the SVM-based
sentiment analysis system by collecting customer reviews from sources like websites or
social media then Preprocess the text data like cleaning, tokenization, stopword removal.
After preprocessing convert text into numerical features using TF-IDF and then Apply the
trained SVM model to classify sentiment. The system can be used for monitoring
customer feedback in real time, can identify negative reviews quickly and improving
products and services based on customer opinions. Studies highlight that sentiment
analysis systems help organizations understand customer behaviour and improve
decision-making processes [11].

5.4 Limitations

Although SVM algorithm performs well, it has some limitations like requires careful
parameter tuning like regularization parameter, training time can increase with very large
datasets, does not easily capture contextual meaning like sarcasm, dataset may not
represent all real-world scenarios, presence of noisy text like different slangs and
abbreviations affects accuracy and imbalanced data can bias predictions research
indicates that sentiment analysis models often struggle with context understanding and
informal language used in social media [11].

5.5 Recommendations

TF-IDF enhances feature representation by assigning importance to relevant words,
which improves SVM performance in text classification tasks. Updating the model with
new data regularly can analyse sentiment well and to adapt to changing customer
language and trends. Using larger and more diverse datasets that Include data from
multiple platforms can achieve highly accurate classification of sentiment.

CONCLUSION:

This study was aimed at applying traditional machine learning algorithms for sentiment
analysis of customer review text data. Through the execution of preprocessing, feature
extraction, and model comparison, the results showed that Support Vector Machine
(SVM) paired with TF-IDF feature extraction achieves the optimal performance.

Within the evaluated models, SVM achieved greater predictive accuracy and robustness
when dealing with high-dimensional text data. This is because that SVM is strongly
effective in learning optimal decision boundaries, notably in sparse datasets generated
through TF-IDF feature representation. Research also support that SVM demonstrates
consistent performance sentiment classification tasks compared to other traditional
models. Moreover, the use of TF-IDF improves the priority of meaningful words,
enhancing the model’s capability to classify between various sentiments.

As businesses progressively relying on sentiment analysis to interpret customer
sentiment and enhance their products and services. The results of this study are
important for real-world applications. marketing companies can enable automated
analysis of large-scale feedback data and enable evidence-based decisions hy




implementing an efficient and accurate model like SVM. Foridentifying insights from raw
text data in multiple domains sentiment analysis has been widely acknowledged as an
effective tool.

Finally, support vector machine is the perfect tradition machine learning model for
sentiment analysis for customer reviews in the marketing company which is looking to
minimise the computation cost and run theirworkflow on less resources.
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