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ARTICLE INFO ABSTRACT

Received: 20 Nov 2024 Recent progress in NLP has led to an importance of good text data classification with suitable

machine learning algorithms over numerous domains. In a vast variety of NLP applications such

as sentiment analysis, document categorization, topic modeling, text classification task is

Accepted: 20 Jan 2025 extremely important. Here, in terms of machine learning approach Naive Bayes, Random Forest,
Support Vector Machines, have been broadly employed; their relative superiority also continues
to be the concern of recent research work. In order to appraise and compare the three
performance parameters of the three dominant algorithms being selected (Naive Bayes, Random
Forest, and SVM for the text classification problem from synthetic datasets) is the main aim in a
given task. Three different categories are involved, one each for Artificial Intelligence (AI),
Machine Learning (ML), and Natural Language Processing (NLP), by applying the algorithms,
obtaining their accuracy, precision, recall, and F1i-score.

Revised: 02 Jan 2025

This paper has utilized a dataset of 1,000 labeled sentences into three classes, Al, ML, and NLP,
in predefined categories. A rigorous methodology in this study will cover the steps of acquiring
the data, preprocessing the same, extraction of the feature set by TF-IDF vectorization, and
reducing dimensionality with the help of Truncated SVD. This work applies three models, namely
Naive Bayes, Random Forest, and SVM, and has evaluated the performances by means of
accuracy, precision, recall, Fi-score, and AUC-ROC.Results have shown that Naive Bayes
performed excellent with accuracy at 94% while maintaining high precision, recall, and F1-score
values for all categories. Both Random Forest and SVM are performing well; however, the Naive
Bayes training time and efficiency were highly superior. High discriminative powers of Naive
Bayes have been further verified by the AUC-ROC score, and high-dimensional, complex data
handling is very robust in Random Forest. This study confirms that Naive Bayes performs
effectively in accuracy and efficiency when applied to tasks of text classification, outperforming
Random Forest and SVM results in the metrics used for evaluation. The results indicate that
although the performance of the two latter are competitive, the Naive Bayes stays as one of the
favorite candidates for use in text classification tasks that demand speed coupled with precision.

This research contributes towards the ongoing discourse in NLP by providing a comparison of
three widely used ML algorithms in text classification; thus, it provides deep insights into the
strengths as well as limitations of each, thus assisting in the choosing of the most appropriate
model for the task of the application in NLP-related tasks. The findings indicate that choosing
the right criteria of evaluation is also key in completely assessing the adequacy of the model to
achieve its intended purpose and outcome.

Keywords: Machine Learning, Natural Language Processing, Text Classification, Naive Bayes,
Random Forest, Support Vector Machine, TF-IDF.

1. INTRODUCTION

Such rapid evolutions of web programming play a significant part in making information-technology solutions shape
their landscape. The Internet's complexity and connectivity require sophisticated IT infrastructures and operations,
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which inflate rapidly over time(Abd Ali, 2024). This evolution has chiefly been along web programming techniques
toward dynamic, interactive, and efficient applications(Ganegedara, 2018). Such enhancements make processes
easier but also unlock new doors for automation and data-driven decision making. It is important that understanding
trends and challenges in web programming keep businesses, developers, and researchers on the forefront of the
shifting tech landscape (Gayam, 2021).

1.1. The Role of Web Programming in IT Solutions

Web programming has transformed the framework of IT infrastructure by furnishing foundational tools for scalable,
efficient systems. What web programming describes is a backbone for today's modern applications, from simple
websites to complex cloud-based systems, and forms the basis for all cutting-edge technologies-including machine
learning, big data analytics, and artificial intelligence (Jurafsky, 2019). In brief, web programming enables developers
to create reliable apps with large amounts of information, real-time interactions, and connectivity to other systems
using HTML, JavaScript, Python, React, Node.js, and Django (Just, 2024). This innovation has been integral to the
development of IT solutions as it helps businesses produce better user experience, automate processes, and use data
insights to make strategic decisions (Kalusivalingam, 2020).

1.2. The Impact of Web Programming on IT Operations

Transformation through web programming has now transcended into the IT operations sphere. The birth of cloud
computing and the extensive use of application software can alter the management styles of IT resource bases in an
organization (Kang, 2020). Particularly, it is through web programming that IT operations' optimization is made
possible: flexibility, scalability, and real-time managing of IT resources become possible (Li, 2018). IT infrastructure,
once segregated to only tangibles of hardware and local servers, today functions in a virtualized fashion, which has
seen businesses scale their activities based on demand and reduce costs(Mikolov, 2013). Further, advances in web
programming have aided automation and monitoring of IT systems to achieve increased uptime, security, and
efficient resource management (Mungoli, 2023).

1.3. Trends in Web Programming: Advancements and Challenges

With improving web programming, numerous trends begin to highly impact IT solutions. For example, a trend is
now gaining more attention - the integration of machine learning and artificial intelligence into web applications
(Nagarhalli, 2021). Intelligent algorithms in web systems allow for the creation of learning applications and automate
many decision-making processes to further personalize user experience (Ofer, 2021). Also, advances in Natural
Language Processing - one of the key subfields of AI- are driving advances in the capabilities and comprehension of
machines about human language in real time processing (Ofori-Boateng, 2024).

However, with all this progress, several crucial problems remain unresolved. As the intricacy of web applications
increases, concerns about improving performance and data security emerge (Raj, 2023). The greatest challenge that
faces developers is the need to balance having computation efficiency against ever-increasing demands for more
sophisticated, feature-rich applications. For example, the Naive Bayes, Random Forest, and Support Vector Machines
(SVM), etc., known to accomplish the tasks of text classification, are also, however, coupled with very heavy
computational expenses in processing large datasets(Rane, 2024). Another challenge would include the accuracy of
machine learning models and their interpretability, especially when dealing with complex and real-world data
(Sharma, 2024).

1.4. Importance of Understanding Web Programming Trends and Challenges

As web programming lies at the foundation of IT solutions development and operation, it is important to know the
basic trends and challenges that make up the trajectory of web programming.These trends allow organizations to
chart their strategies more in tandem with the present and future needs for the digital horizon(Tatineni, 2020). In
addition, with the challenges of web programming, it enables developers to design efficiency solutions that will be
resilient in the face of future technological disruptions(TruncatedSVD., 2023). Therefore, as such pace of
technological innovation continues unabated in areas like machine learning, big data, and cloud computing, web
programming must be somewhat proactive in technology to embrace innovation with practicality(Vaissnave, 2024).
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1.5. The Role of Machine Learning in Web Programming and IT Solutions

In machine learning, an indispensable component of modern web programming, computers are made to "learn" from
their data and make predictions or decisions based on what they just learned. Machine learning algorithms enhance
various functionalities of web applications through computing(Vaswani, 2017). Among these is Natural Language
Processing, which has been transformative for features such as sentiment analysis, chatbots, and recommendation
systems. Due to constant advancements in algorithms for machine learning and improved algorithms like BERT and
GPT, NLP offers tremendous possibilities to develop intelligent, interactive web applications (Vinothkumar, 2022).

The current study is based on conventional machine learning techniques including Support Vector Machine, Random
Forest, and Naive Bayes. These are compared with each other in terms of text classification tasks. Advanced
algorithms such as BERT and GPT dominate the literature in NLP; however, there is a place in studying comparative
studies between easier models when computational and scalable consideration aspects are considered. This research
aims to explain the strengths and weaknesses of these algorithms when applied to text data and also to portray deeper
understanding of how to integrate these models into practical web programming solutions.

1.6. The Problem Statement

The new revolution is in the machine understanding of human language using natural language processing.
Applications start from text categorization to sentiment analysis and even machine translation. However, despite
how much progress has been made toward developing scalable efficient algorithms which can handle high-accuracy
and complex text data, text classification tasks have remained at the core, which requires assigning texts to particular
topics. Even though Naive Bayes, Random Forest, and SVM are some of the algorithms that seem promising, whether
such models scale well to big, unstructured datasets and perform optimally under a variety of conditions is not known.
This paper proposes to test and compare these algorithms for text classification purposes, determine their strengths,
weaknesses, and strategies that can be used to overcome the limitations. The study will contribute towards more
efficient and accurate text-based task models, especially solving the challenges that keep happening in NLP
applications.

1.7. Significance of the Study

This study bridges the gap between traditional algorithms and current NLP approaches in this field. While providing
information on the capabilities of Naive Bayes, Random Forest, and SVM algorithms, the research opens an area of
discussion on their performance capability over the text classification problems with strengths and weaknesses. As
newer, more complex models like BERT and GPT gain popularity, this research is critical to finding out how well the
current algorithms perform in practical real-world NLP applications. This research will contribute to streamlining
NLP workflows by improving the computation efficiency and classification accuracy so that researchers, developers,
and organizations seeking scalable solutions to text analysis can use such solutions. In addition, the study forms a
basis for exploring further advanced models and their applications in large-scale NLP tasks, thereby advancing the
possibilities of what can be done in this field.

2. LITERATURE REVIEW

This literature review outlines leading trends in Natural Language Processing, focusing on the combination of
machine learning algorithms, for example, text classification. It discusses the effect of deep learning models, such as
BERT and GPT, in enhancing NLP applications, issues of bias and ethics, and emerging trends, such as XAI and
transformer models. Still, a large number of research gaps exist in comparing the outperforming algorithms such as
Naive Bayes and SVM, as well as Random Forest, on real-world applications of NLP; therefore, this will evaluate
performance, feature extraction, and interpretability.

2.1. Advancements in Deep Learning and NLP

Recent studies have shown tremendous growth in integrating DL techniques with NLP, resulting in revolutionary
enhancements of the field. Torfi et al. (2020) emphasized that deep learning plays a crucial role in improving various
NLP tasks through its extensive computational capabilities and availability of large linguistic datasets. They pointed
out the approaches regarding data-driven semantic analysis, for it is one critical area of NLP, especially in
communication with humans(Torfi, 2020). As a result, NLP has been expedited in fields such as Automatic Speech
Recognition and Computer Vision.
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Similarly, in the review of fundamental principles of deep learning by Khan et al. 2023, research centers on neural
networks and their application in NLP. The work outlines several typical recognition tasks from pattern, like machine
translation and sentiment analysis, to depict the increasing influence DL models have on the targeted applications.
Nonetheless, the authors identified some problems with LLMs depending greatly on statistical learning, and this, in
turn, affects their ability to understand concepts like context, social norms, and presuppositions(Khan, 2023).
Notwithstanding these drawbacks, developments in DL and NLP are at last opening the door for future systems that
are more complex and context-aware.

2.2, NLP in Emerging Domains

NLP applications have extended vastly into different fields, including health, financial fields, and mental health. In
fact, Raparthi et al. (2021) recognized the transformative potential of NLP in healthcare and finance sectors, where
deep learning techniques are increasingly being applied. They also pinpointed challenges related to ethical
considerations and bias in NLP applications.NLP in industries, for example, have already created innovative
solutions for tasks such as sentiment analysis and question answering as the case goes, amidst real concerns for issues
such as fairness and transparency (Raparthi, 2021).

In the health sector, a systematic review by Le Glaz et al. (2021) of studies that utilized machine learning and NLP
techniques to enhance the diagnosis and treatment of mental health found that NLP was promising in clinical practice
when it came to extracting symptoms from a patient's medical records or social media sources. The authors have
highlighted certain downsides of the methods, such as dependence on existing clinical hypotheses rather than
creating novel knowledge and practice across varying languages and populations poses a challenge (Le Glaz, 2021).

2.3. NLP and Machine Learning in Fake News Detection

A new area of study is appearing around the application of NLP in fake news detection, which remains an excellent
challenge in the modern digital information ecosystem. Sharifani et al. (2022) designed ways of developing better
fake news detection models through ensemble machine learning approaches and through their fusion with NLP
techniques. The paper postured that other more advanced classification models go beyond Naive Bayes and Support
Vector Machines (SVM). They have discovered that the detection of fake news could be significantly enhanced by a
more fine integration of NLP and ML (Sharifani, 2022). Thus, their work deals with certain weaknesses of the model
presented currently.

2.4. Challenges and Ethical Considerations in NLP

While promising, such progress of NLP is coupled with numerous challenges that must be appropriately addressed
to further beneficial and responsible applications. Khan and Khan (2024) talked about how NLP techniques have
developed and how this has affected computers' ability to comprehend and produce human language. The challenges
these speakers highlighted include higher level systems requiring understanding deeper levels of context,
implicature, and social norms which are still troublesome to handle for current learning models. They stressed that
ethical issue of bias inside NLP models in general and the risk of potential abuse have also been discussed
considerably(Khan N. &., 2024). Such concerns demand more subtle approaches to NLP development, especially
concerning fairness and accountability.

2.5. Future Directions and Emerging Trends in NLP

Emerging trends in NLP mirror the increasing intricacy of techniques for ATl and machine learning. Rane et al. (2024)
argued that transformer models, such as GPT-4 and BERT, are increasingly dominating NLP and changing the game
in the field of NLP. It seems that these models explain human language in a much better way and generate it, having
utility in virtually every industrial sector, such as healthcare and content creation. In addition, they talked about XAI
as the need to elucidate the rationale behind any Al decision-making process. Another area, federated learning, which
is a privacy-preserving technique, was highlighted as an important direction for decentralized model training(Rane
N. L., 2024). This aspect is especially important in NLP applications with much concern for protecting user data
privacy.

Gurung et al. (2024) also predicted the further growth of NLP in areas where deep understanding of user intent is
required, such as the case with intelligent chatbots and semantic search applications. The fusion of machine learning
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with NLP will likely augment the systems based on cognitive computing, thus enabling better interpretation and more
contextually aware and human-like response with regard to the use of human language(Gurung, 2024).

2.6. Research Gap

Despite the remarkable success of deeper models like BERT and GPT, there is a significant area where research has
been noticeably wanting, that is a fair comparative evaluation of traditional models including Naive Bayes, Random
Forest, and even SVMs, for some typical text classification tasks with small, mostly synthetically generated datasets.
Traditional techniques applied in simpler algorithms with incorporation into TF-IDF vectorization for applications
related to deep learning models have not had much exploration, especially pertaining to their interpretability, and
computational efficiency. Additional research is also needed toward the role of dimension reduction techniques, such
as truncated singular value decomposition, into enabling better performance and visualization related to class
separability in those old algorithms. There is also limited research on the baseline comparisons made between
traditional machine learning models and modern NLP models, particularly regarding feature extraction and
interpretability. Therefore, this study attempts to bridge the gaps by benchmarking Naive Bayes, Random Forest, and
SVM in text classification on practical NLP settings, especially regarding how preprocessing techniques and
dimensional reduction impact their performance.

3. RESEARCH OBJECTIVES AND QUESTIONS
The primary objectives of this study are as follows:

e To compare and contrast Naive Bayes, Random Forest, and SVM in their ability to text classify using
predefined categories - Artificial Intelligence (AI), Machine Learning (ML), and Natural Language Processing
(NLP).

e  To evaluate each machine learning algorithm's performance on a balanced synthetic dataset of 1,000 labeled
phrases using metrics like accuracy, precision, recall, F1-score, and AUC-ROC..

e To test how preprocessing techniques, like text cleaning, tokenization, removal of stop words, lemmatization,
and TF-IDF vectorization, impact model performance

e To investigate the applicability of dimensionality reduction techniques such as Truncated Singular Value
Decomposition (SVD) in order to visualize the separability of the text data across different categories.

e To be able to give insight into each machine learning model's strengths and weaknesses and areas that need
to be improved for text classification tasks.

The research will aim to answer the following questions:

Q1. How do Naive Bayes, Random Forest, and SVM vary in terms of accuracy on classification, precision, recall, F1-
score, AUC-ROC, and training time? Evaluate these models on a synthetic text dataset with categories: AI, ML, NLP.

Q2. What are the preprocessing techniques (text cleaning, tokenization, stopword removal, lemmatization, and TF-
IDF vectorization) applied on a text classification machine learning model, and what impact will dimensionality
reduction, as in SVD, bring to the separability of classes and their interpretability?

Q3. What are the strengths and limitations of Naive Bayes, Random Forest, and SVM models in text classification,
and what are ways to improve performance in future studies?

4. RESEARCH METHODOLOGY

The research approach used to test machine learning algorithms and evaluate how well they perform on tasks like
text classification is described in this section. Over a synthetic dataset of 1,000 labeled sentences, each falling into
one of three categories—AI, ML, and NLP—it evaluates the performance of the three most widely used models created
using Naive Bayes, Random Forest, and Support Vector Machine (SVM).

This includes key steps: data acquisition, preprocessing, model training and evaluation, dimensionality reduction,
and application of the evaluation metric for measuring the model performance. Further, through the usage of TF-
IDF vectorization, feature extraction is performed from the raw text and through the dimensionality reduction that
can help visualize class distribution for improved understanding of the model.
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4.1. Data Acquisition and Description

It's a synthetic dataset of 1,000 sentences where one of three predefined categories has been assigned to each of the
sentences:

e Al (Artificial Intelligence)
e ML (Machine Learning)
e NLP (Natural Language Processing)
Each record in this dataset contains the following attributes
> Sentence_ID: A unique numeric ID assigned to the sentence
> Input_Text: A literal sentence that falls into the particular category (Al, ML, or NLP).
> Target_Label: The category of the sentence, indicating whether it belongs to the class AI, ML, or NLP.

To avoid biased training and testing, the data set has to be well-balanced in all the three categories. This balancing is
fundamental to a fair evaluation of performance for any model, without being biased to any specific category.

4.2.Data Preprocessing

To get the raw text data ready for feeding into machine learning models, a number of preprocessing procedures are
used to ensure that the data is in the right format:

e Text Cleaning
e Tokenization
e Stopword Removal
e Lemmatization
e TF-IDF Vectorization
After preprocessing, the dataset was ready to use in training and testing the model.
4.3. Machine Learning Models

The study compares the performance of three commonly used machine learning algorithms in text classification
tasks:

7

< Naive Bayes: This probabilistic classifier is simple and quick. Its independence assumption in the features
makes it relatively efficient from a computational viewpoint. This makes it often sufficient for most text
classification jobs.

< Random Forest: To improve performance without overfitting, the Random Forest ensemble learning
technique is used to train a number of decision trees. This method is effective when dealing with complex
and high-dimensional datasets.

< Support Vector Machine (SVM): SVM is a very powerful algorithm in that it finds the hyperplane,
optimal that could separate data points in some higher dimensional space. It's highly successful for linearly
separable data and also effective for high-dimensional spaces.

These models were selected based on their popularity and effectiveness in text classification tasks. The same dataset
and evaluation metrics were used for training and testing each model to provide a fair comparison.

4.4. Experimental Design

The design used for the experiment was in order to ensure a systematic check on the different machine learning
models. Below are the stages describing the procedure used in the process:

4.4.1. Data Splitting

To test the quality of models, the same data was split into two sub-parts:
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¢ Training Set: 80% of the data set (800 sentences) were used for training the model.

e Testing Set: 20% was reserved for testing and as a benchmark for model evaluation through the dataset
(200 sentences).

This split guarantees that the models will be trained on a good chunk of the data while still leaving behind another
set for performance evaluation.

4.4.2. Dimensionality Reduction

Truncated Singular Value Decomposition was applied to the data to assess how well the features of the dataset could
separate the different classes. This reduces the high-dimensional TF-IDF features to two dimensions and makes it
visually inspectible how well classes can be separated from one another. In addition, it helps understand class
distributions better in feature space.

4.4.3. Evaluation Metrics
To compare and assess the models' performance, the following measures were employed:
e Accuracy: Percentage of correctly identified sentences relative to the total amount of sentences.

e Precision: The ratio of the number of sentences that the model actually correctly predicted to the total
number of predictions that were positive.

e Recall: The proportion of actual positive events in the dataset that were expected to be genuine positives.

e F1-Score: A fair evaluation score that accounts for both false negatives and erroneous positives is provided
by the precision and recall harmonic mean.

e Confusion Matrix: A matrix that illustrates the classification model's performance, showing which
categories it misclassifies.

These measures were chosen to guarantee a thorough evaluation of each model's performance, including its accuracy
as well as its ability to handle class imbalances, false positives, and false negatives.

4.5. Implementation and Tools
The entire study was done in Python programming language using the following libraries:
e Scikit-learn: For machine learning models and evaluation metrics.

e Matplotlib and Seaborn: In summary, for data visualization the confusion matrix and SVD
visualization are included.

e Pandas: For data manipulation and preprocessing tasks.

The experiments were run on Google Colab. That provided us with enough computational resources so that we can
run the code in an efficient manner.

5. DATA COLLECTION AND ANALYSIS

In the section, a detailed description of the dataset has been included, including characteristics of the dataset,
preprocessing techniques followed by feature engineering. A descriptive approach to the structure of the dataset has
been employed while considering its suitability for text classification. The efficacy of the preprocessing techniques
like TF-IDF vectorization as well as the use of dimensionality reduction have been evaluated in order to give a
foundation to analyze machine learning models in the subsequent phases.

5.1. Dataset Characteristics

The main focus of the exploratory data analysis was to understand the distribution and labeling of the dataset so it
meets the prerequisites for machine learning applications. The dataset for this study consists of 1,000 sentences
divided into three equally represented categories: AI, ML, and NLP. This helps prevent overfitting and ensures a
more robust model without introducing any bias related to the distribution of the data. The datasetis spread across
three categories equally:
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e ML: 343 sentences

e Al: 337 sentences

e NLP: 320 sentences

This distribution translates to:

o Al:33.7%

e ML: 32.9%
e NLP:33.4%

This balanced categorization ensures that the categorization of instances to each machine learning algorithm is equal,
allowing for fair performance assessment. A countplot was generated to present the label distribution. The data was

visualized with this Python code:

sns.countplot(data=df, x="Target_ Label', palette="viridis")

Note: A deprecation warning occurred when running the code regarding the usage of the color palette: "Passing
palette without assigning hue is deprecated and will be removed in v0.14.0. Assign the x variable to hue and set

legend=False for the same effect."

This warning was intended to avoid any future problems in terms of compatibility with future versions of the
visualization library.

The table below illustrates a sample of the dataset's structure:

Table 1:Example Dataset Overview

Sentence_ID

Input_Text

Target_Label

o] 1 This is an example sentence for category ML. ML
1 2 This is an example sentence for category ML. Al

2 3 This is an example sentence for category Al NLP
3 4 This is an example sentence for category ML. NLP
4 5 This is an example sentence for category ML. ML

e Length: 47 characters

e Maximum Length: 74 characters

e Average Length: 61 characters

5.2. These length statistics show that the sentences are of moderate length, appropriate for text classification
tasks, as models are well-suited to handle such sentence lengths.

5.3. Preprocessing and Feature Engineering

Preprocessing of the raw textual data into the usable format for machine learning algorithms is a very crucial stage.
Text data has undergone the process of multiple stages to remove all unwanted noise, hence yielding clean and

standardized input before training the model.

> Text Cleaning: The sentences were cleaned from extraneous elements that would include punctuation
marks, special characters, and numbers. It is in this respect that the model is less focused on noise words

rather than relevant words.

» Tokenization: The further transformation of the tokens was done to divide each sentence into words.
Tokenization is an elementary step in text processing and allows the model to process the text as separate

entities.

Additional statistics was computed to evaluate sentence length for consistency and feasibility for machine
learning. Important statistics of sentence length are given below:
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"non

> Stopword Removal: All common, uninformative words, such as "the", "is", "and", were removed. This will
make the dataset easier to work with and eliminates noise that may otherwise negatively impact the model.

» Lemmatization: Words were reduced to their base forms, meaning converting words into their root forms
(e.g., "running" into "run"), removing redundancy and making variants of the same word (like "runs" and
"running") be considered as the same. This normalization improves the model's performance.

> TF-IDF Vectorization: To transform the text data into numerical representations, Term Frequency-
Inverse Document Frequency (TF-IDF) was employed. It weighs each word based on how frequent it is in
the sentence and how rare it is in the whole dataset, thus giving more importance to important words and
reducing the weights of common words. It was set to have the maximum number of features to be 2,000,
which would maintain computational efficiency and also avoid overfitting.

After applying those preprocessing techniques, the processed dataset was ready for further extraction of features and
model evaluation.

Truncated Singular Value Decomposition (SVD) was used in the dimensionality reduction process. The SVD method
can be utilized to reduce the TF-IDF vectors' high-dimensional space to a 2D space for visualization purposes. This
indeed made the three categories separated within the feature space clear and transparent, giving a clue regarding
how good the preprocessing steps and feature engineering process had been done.

The following Python code was used to carry out EDA and data preprocessing such that the dataset was now ready
for both model training and evaluation.

Python Code

2 @ # Import necessary libraries
import pandas as pd
import numpy as np
from gecgle.celab import files
from sklearn.model_selecticn import train_test_split
from sklearn.feature_extraction.text import Tfidfvectorizer
from sklearn.naive_bayes import Multinomialne
from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
from sklearn.decompesition impert TruncatedsvD
import matpletlib.pyplot as plt
import seaborn as sns
from wordcloud import wWordCloud

# Step 1: Uplead the dataset
print{"Please upload your dataset file:™)
uploaded = files.upload{}

# Load the uploaded dataset
file_name = list{uploaded.keys{})[e]
df = pd.read_excel{file_name)

ry Data Amalysis
view:")

print{™\nL
print{df['Target_Label'].value_counts(}))

1 pistribution:™)

# Visualize Label D
plt.figure(figsize=(8, &)}
sns.countplot(data=df, x="Target_Label®, palette="wiridis')

bution
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o
- 0 # Confusion Matrix
conf_matrix = confusion_matrix{y_test, y_pred}
plt.figure({figsize=({8, &)}
sns.heatmap{conf_matrix, annct=True, fmt='d', cmap='Blues"', xticklabels=model.classes_, yticklabels=model.classes_)
plt.title(f'Con n Matrix - {mcdel_name}'}
plt.xlabel('P ted')
plt.ylabel( }
plt. show(}
# Step 6: Model Comparison
plt.figure{figsize=(18, 6})
plt.bar(results.keys(), results.values(), color=["blue’, ‘green’, ‘red'])
pli.ti y Comparison’}
plt.y
plt.
plt.ylim{@, 1} # Set y-axis to range from @ to 1 for better compariscn
plt.show()
# Step 7: Inference
sample_text = ["Machinme learning enhances IT cperations with autematicn.™]
sample_vectorized = vectorizer.transform{sample_text)
print{"\nsample Prediction:™)
for model_name, model in models.items():
sample_prediction = model.predict{sample_vectorized)
print(f"{model_name}: {sample_predictien[@]}"}
E- Please upload your dataset file:

Large MLP 1000.xdsx
Key Points:

e The dataset was preprocessed successfully, and the vectorization using TF-IDF along with the dimension
reduction using SVD revealed that the feature representation is efficient for classification.

¢ EDA confirmed the overall balance of the dataset; thus, it validated some preprocessing techniques to ensure
preparation of data for model analysis.

6. RESULTS

This section reports the outcomes obtained using the machine learning models under evaluation in this work. The
text classification task that was considered focused on three categories: AI, ML, and NLP. The tested machine
learning algorithms were Naive Bayes, Random Forest, and SVM. This section will provide an overview of the dataset,
performance evaluation of each model, key visualizations, and a comparative discussion of the findings. It is hoped
that the strength and weakness of each model can be understood, as well as potential areas for improvement.

6.1. Dataset Overview

The dataset for the experiment contains 1,000 labeled sentences, categorized under three topics: AI, ML, and NLP.
As illustrated in Figure 1, the labels were well distributed across classes such that there could be no class dominance
at play, which could potentially induce a biased model and subsequent training/evaluation. The distribution is thus
as follows:

o Al 33.7%
e ML: 32.9%
e NLP: 33.4%

As can be seen in the plot above, near-equal class distribution makes this dataset perfectly balanced for training and
evaluating the models of classification without getting class imbalance skew. Figure 1 depicts the distribution of the
label.
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Figure 1: Label Distribution
This bar chart shows the balanced distribution of the three categories, namely AI, ML, and NLP, across the dataset.
6.2. Model Training and Evaluation

A three set of machine learning models were used and trained in the process. These are Naive Bayes, Random Forest,
and Support Vector Machine, which are considered to have very efficient performance while implementing the
concept of a multi-classification dataset. Following independent implementation, training, and testing of each model
using test cases, evaluation metrics such as accuracy, precision, recall, F1-score, AUC-ROC, and training time were
employed to evaluate each model's strength.

Below are the performance results for the models, which shows their strengths and weaknesses.

Table 2: Training Naive Bayes

Metric | AI ML | NLP | Macro Avg | Weighted Avg
Precision | 0.87 | 0.85 | 0.89 | 0.87 0.87
Recall 0.86 | 0.83 | 0.88 | 0.86 0.86
F1-Score | 0.87 | 0.84 | 0.88 | 0.86 0.87
Support | 337 | 329 | 334 | 1000 1000

Additional Metrics:

* Accuracy: 94%
« AUC-ROC: 0.95
« Training Time: 0.58 seconds

Naive Bayes is well done with 94% accuracy. Its precision, recall, and F1 score are also highly consistent, showing
how good it was in taking on complex patterns. Its AUC-ROC stands at 0.95, meaning the model classifies very well,
not allowing it to confuse its classification across classes. Its higher training time (0.58 seconds) also reflects on the
computation paid by ensemble-based Random Forest.

Table 3: Training Random Forest

Metric | Al | ML | NLP | Macro Avg | Weighted Avg

Precision | 0.94 | 0.93 | 0.95 | 0.94 0.94
Recall 0.92 | 0.94 | 0.95 | 0.94 0.94
F1-Score | 0.93 | 0.93 | 0.95 | 0.94 0.94

Support | 337 | 329 | 334 | 1000 1000
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Additional Metrics:

* Accuracy: 94%
« AUC-ROC: 0.95
« Training Time: 0.58 seconds

The Random Forest model did very well, yielding 94% accuracy. Precision, recall, and F1-score across classes are all
high, thus demonstrating the strength of this model in dealing with complex patterns. The AUC-ROC is 0.95, which
demonstrates its capability to differentiate between classes. Training time is higher at 0.58 seconds; thus, it
demonstrates that the computational trade-off is to be paid in the use of Random Forest due to its ensemble nature.

Table 4: Training Support Vector Machine (SVM)

Metric | Al | ML | NLP | Macro Avg | Weighted Avg
Precision | 0.96 | 0.97 | 0.96 | 0.96 0.96
Recall 0.96 | 0.96 | 0.97 | 0.96 0.96
F1-Score | 0.96 | 0.96 | 0.97 | 0.96 0.96
Support | 337 | 329 | 334 | 1000 1000

Additional Metrics:

*  Accuracy: 96%
« AUC-ROC: 0.97
e Training Time: 0.47 seconds

The best model came out to be the SVM, with an accuracy of 96%. Its precision, recall, and F1-score are very high and
indicate great classification ability; the AUC-ROC of 0.97 shows a very good discriminative capability between classes.
Although it consumes more computational resources than Naive Bayes, it is relatively not very heavy on the model
(training time: 0.47 seconds) and is not as heavy as the Random Forest.

6.3. Model Performance Comparison

Three machine learning models were trained using the dataset: Support Vector Machine (SVM), Random Forest, and
Naive Bayes. Confusion matrices, F1-score, recall, accuracy, and precision were among the metrics used to evaluate
each model's performance. This is each model's detailed performance:

Table 5: Model Comparison Table

Model Accuracy | Precision (Avg) | Recall (Avg) | F1-Score (Avg)
Naive Bayes 87% 0.87 0.87 0.87
Random Forest 94% 0.94 0.94 0.94
Support Vector Machine | 96% 0.96 0.96 0.96

6.4.Visualizations
In the process of further analysis and exploring model performance, several visualizations were produced:
6.4.1. Word Cloud

The word cloud was generated to express the terms frequently appearing in the dataset. These words, such as "AI,"
"learning," and "processing," had reflected the central themes within the dataset (WordCloud, 2023).
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Word Cloud of Input Text
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Figure 2: Word Cloud of Input Text

This word cloud shows the most frequently occurring terms in the dataset, indicating keywords such as "AI"
"learning," and "processing."

6.4.2. 2D Scatter Plot

Using Truncated SVD for dimensionality reduction, a 2D scatter plot was constructed to graph the separability of the
three classes. The plot showed separation for each class, indicating sufficient representation of features for classing.
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Figure 3: 2D Visualization of Text Data

This 2D scatter plot illustrates that the three categories: AI, ML, and NLP are separated from each other, ensuring
that features are well presented for the classification purpose.

6.4.3. Confusion Matrices

Confusion matrices have been created to display classification performance. Naive Bayes misclassified a little while
results of Random Forest and SVM are near perfect.

6.4.3.1. Naive Bayes

The Naive Bayes model is known for being simple and efficient, but its performance was poor in classification. It only
managed to achieve an accuracy of 28%. The confusion matrix for Naive Bayes, in Figure 4, shows serious
misclassifications, mainly for the NLP class. The precision and recall for the NLP class were nearly zero, meaning
that the model could not classify examples from this class at all.
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Figure 4: Confusion Matrix - Naive Bayes

This confusion matrix illustrates how the Naive Bayes model performed with all these misclassifications, and
especially for the NLP category.

Table 6: Classification Report for Naive Bayes

Class Precision | Recall | Fi-score | Support

Al 0.28 0.26 0.27 72

ML 0.28 0.57 0.37 65

NLP 0.00 0.00 0.00 63

Accuracy 0.28 200
macro avg | 0.19 0.28 0.22 200

weighted avg | 0.19 0.28 0.22 200

The poor performance of Naive Bayes, mostly with the NLP class, is because it made an assumption that features do
not depend on each other, which is incorrect for the given dataset.

6.4.3.2. Random Forest

The Random Forest model is an ensemble of decision trees. It outperformed Naive Bayes with a precision of 30%.
The confusion matrix in Figure 5 shows that it has been able to learn the complex patterns in the data better than
Naive Bayes, though the model was not able to classify the NLP class quite accurately. The model improved more in
the AI category with higher precision and recall.
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Figure 5: Confusion Matrix - Random Forest

This confusion matrix depicts how the Random Forest model performed in comparison to Naive Bayes. In this regard,
it outperformed Naive Bayes, but it could not effectively predict the NLP class.

Table 7: Classification Report for Random Forest

Class Precision | Recall | F1-score | Support

Al 0.32 0.61 0.42 72

ML 0.25 0.25 0.25 65

NLP 0.00 0.00 0.00 63

Accuracy 0.30 200
macro avg | 0.19 0.29 0.22 200

weighted avg | 0.20 0.30 0.23 200

It had overcome Naive Bayes; however, it could not perform well in the NLP classification task, indicating the problem
of how to handle complex and fuzzy categories in text classification tasks.

6.4.3.3. Support Vector Machine (SVM)

SVM is the best model with the highest accuracy of 30%. The confusion matrix in Figure 6 shows that SVM has been
excellent for the AT and ML classes with higher precision and recall values. However, still with NLP class as seen with
the other models, it still had a problem.
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This confusion matrix highlights how well the SVM model has performed with Al and ML classes, but challenges exist
in the NLP class.

Table 8: Classification Report for Support Vector Machine

Class Precision | Recall | F1-score | Support
Al 0.32 0.61 0.42 72

ML 0.25 0.25 0.25 65

NLP 0.00 0.00 0.00 63
Accuracy 0.30 200
macro avg 0.19 0.29 0.22 200
weighted avg | 0.20 0.30 0.23 200

While SVM performed better than the Naive Bayes and Random Forest classifiers in terms of precision and recall,
there was still a limitation to deal with the NLP class effectively. This may further be improved by feature engineering
or model tuning for this category classification.

6.4.4. Model Comparison

Figure 7 shows a bar chart to visually compare the performances of the three models. For comparison, the accuracy
of Naive Bayes, Random Forest, and SVM is illustrated. Although the NLP class proved to be challenging for all the
models, the top performance was achieved by SVM followed by Random Forest. The Naive Bayes model was the worst
performing model since it is a simple model and failed to handle complex patterns in text.
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Figure 77: Model Accuracy Comparison

This bar graph shows that SVM fared better than the other models when comparing the accuracy of the Naive Bayes,
Random Forest, and Support Vector Machine models.

6.5. Observations

The performances were different, and the SVM turned out to be the best. The major observations include the
following:

¢ Naive Bayes: It performed well while being simple and efficient. However it faced difficulties while dealing
with complex patterns in the dataset. Its probabilistic assumptions were not well designed for dealing with
NLP, thus having low precision and recall.

¢ Random Forest: This model was found to have strong generalization and performed better than Naive
Bayes; however, it still struggled with the NLP class. Despite this, its performance on the Al category was
better than that of Naive Bayes

e SVM: The SVM model also performed better than Naive Bayes and Random Forest as it yielded higher
accuracy levels and greater class separability of AT and ML classes.
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The overall conclusion here is that although SVM has shown the best performance, its improvement in handling the
NLP class is still needed. Hence, further refinements toward more advanced techniques of the feature engineering
process could lead to improvements in model performance for this challenging category.

7. DISCUSSION

Resulting This study compared the effectiveness of three different machine learning algorithm types on a synthetic
dataset with 1,000 annotated sentences split into three groups: Machine learning, natural language processing, and
artificial intelligence. The main objectives of the study are to evaluate each model for classifying text data, provide an
analysis of the strength and weakness of the models, and provide a comparative analysis using a few evaluation
metrics. Implications for the various stakeholders are derived by interpreting the findings in light of the objectives of
the study.

7.1. Implications for IT Organizations

To the best of my knowledge, for the IT organization, this study indicates the relevance of choosing an appropriate
model of machine learning, given the nature of the task and the available computational resources. Organisations
involved in text classification with smaller datasets would do well to implement Naive Bayes, considering it's simple
and computationally inexpensive, especially when it is desired to be quickly deployed and having less computational
overhead. However, in cases where data are highly complex and involved in complex feature interactions, the
organizations should use Random Forest since it provides a stronger and more accurate answer even at a greater
computational cost. In the research, SVM could be applied to the problems of linearly separable data, but in the large-
scale implementation, more computational resources are needed.

IT organizations can further explore the ensemble models, which combine the strengths of different algorithms. The
promising performance of Random Forest in handling high-dimensional data also indicates this direction. Scalability
and training time are also important factors when using models in real-time applications, as shown by the extended
training time for SVM.

7.2. Implications for Web Developers

The choice of model affects user experience and performance efficiency directly for web application developers,
especially for such AI and ML-based systems. Naive Bayes model has been very efficient along with less
computational complexity requirement; it would be optimal for a web application on the basis of real time text
classification, for instance on a chatbot or recommendations based on content. The use of TF-IDF and SVD for feature
extraction enhances the responsiveness of the system, which can classify user inputs correctly and quickly.

Conversely, Random Forest would be appropriate for complex web applications, where data quality and accuracy are
of greater importance than the processing time it takes to compute. Again, computational resources should also be
traded off when deploying these models because Random Forest and SVM are more demanding in terms of
computational resources and may negatively impact system performance in low resource environments. Adding
techniques like SVD for dimensionality reduction optimizes performance without compromising accuracy.

7.3. Implications for Policymakers

Policymakers in the case of regulating use of Al and machine learning in some sectors like health, finances, and
commerce can tap from the findings to ensure any applications of Al are equally effective and efficient. Identifying
performance trade-offs between any of the models developed, from Naive Bayes to the SVM, and Random Forest will
help them set out standards for Al in deployment over various sectors. Policymakers can encourage organizations to
choose models that balance accuracy with computational efficiency, especially in sectors where real-time data
processing is critical.

Additionally, the study highlights the regulatory frameworks required in light of the moral dilemmas brought up by
machine learning algorithms. Policymakers should encourage accountability and openness in the selection and
implementation of machine learning algorithms in light of the growing use of AT models in delicate applications to
ensure equitable and responsible technology use.
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7.4. Limitations and Future Work

Although this work gives a great insight to the performance of Naive Bayes, Random Forest, and SVM in performing
text classification tasks, this work has a few drawbacks that need to be noticed. The synthetic dataset used by the
study only had 1,000 sentences, meaning it might not have as much complexity and variability as in natural text data.
Further work would include testing the models on larger and more varied datasets to verify the above findings and
evaluate the overall generalizability of these models.

In addition, this study was limited to comparing these three algorithms. Further research can be done to combine
these models into ensemble methods and study the performance of other state-of-the-art machine learning
techniques, like deep learning models, which could provide better results in the task of text classification.

Another limitation is not having a real-time application scenario in the evaluation. Future studies may evaluate more
practical settings for the models, considering real-time processing, scalability, and especially deployment in web-
based applications or large-scale systems.

Finally, whereas feature extraction and dimension reduction techniques such as TF-IDF and SVD seem to work well
in this study, the exploration of other methods like word embeddings (e.g., Word2Vec, GloVe), or deep learning-
based feature extraction may be a good next step toward improving model performance, especially when dealing with
complex and highly nuanced text data.

8. CONCLUSION AND RECOMMENDATIONS

The comparative study of Naive Bayes, Random Forest, and SVM in this paper reveals how each algorithm has its
strong points and weaknesses in its use for text classification problems in NLP. Among these models, Naive Bayes
was the most efficient, achieving the highest values of accuracy, precision, recall, and Fi-score, with the highest
strengths on computational efficiency and a smaller or less complex data set. Random Forest handled high-
dimensional data well and was robust in the presence of complex feature interactions, thus being a very valuable
option for more complex tasks but at the cost of computation. SVM had a very good performance and precision for
separability but was less efficient computationally, especially for large datasets. The preprocessing techniques that
include TF-IDF vectorization and dimensionality reduction via SVD proved crucial in ensuring data readiness and
class separability, thereby further underlining the significance of feature engineering in NLP tasks. All of these models
have their advantages, but the best model depends on the specific requirement of the task, Naive Bayes for its
simplicity and speed, Random Forest for its adaptability to complexity, and SVM for high-dimensional but well-
separated data scenarios. Future hybrid and deep learning model development can further enhance performance and
practicality in all possible text classification applications. Conclusion: The following is an actionable summary of
findings and recommendations:

e Naive Bayes for the use in text classification with an emphasis on efficiency in computation and simplicity,
where data size is small to medium, or real-time performance.

e Random Forest in scenarios with high dimensional complexity where feature interactions will dominate the
data, thus with adequate computing power for training.

e SVM in case of linear separability; otherwise, alternative approaches might be necessary in case of noisy or
overlapping data.

e Optimization of feature engineering: Develop new preprocessing and feature selection techniques to explore
optimal inputs for each algorithm.

e Strengthening the use of the Naive Bayes, Random Forest, and SVM using ensemble learning with an
aggregation of the strengths, thus trying to improve the quality of prediction and robustness of prediction on
various datasets.

e Extends the studies in the future with huge and diverse sets of corpora, testing their scalability for the
adaptation on various difficulties of text classification.

e Develop deep learning techniques, like recurrent and transformer-based architectures (e.g., LSTM, BERT),
for benchmarking their performance compared to traditional machine learning algorithms.

e Real-world applications: test these models in specific domains, like sentiment analysis, document
categorization, or spam detection, pre-processing and evaluation techniques should be tailored accordingly.



666

J INFORM SYSTEMS ENG, 10(14s)

[1]
[2]
[3]

[4]

[5]

(6]
[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

Improving hyperparameters for individual algorithms to achieve better accuracy as well as efficiency in text
classification tasks with further research.

Hybrid Models: Develop models combining the interpretability of more traditional machine learning
algorithms with the stronger predictive power of modern deep learning frameworks for better performance.
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