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Abstract

The field of machine learning encompasses a wide range of algorithms that enable computers
to learn patterns from data and make predictions or decisions without being explicitly
programmed. In this paper, we conduct a comparative analysis of four machine learning
algorithms—Naive Bayes(NB), Support Vector Machine (SVM), Random Forest, and Decision
Tree—on the fetch_20newsgroups dataset. The goal was to explore and evaluate their
performance in multi-class text classification tasks. The fetch_20newsgroups dataset consists
of newsgroup documents that span a wide range of topics, making it suitable for testing the
algorithms' abilities to categorize diverse text content accurately.

We implemented each algorithm on the dataset and assessed their performance using key
measures namely accuracy, precision, recall, and F1-score. These metrics provided insights
into how well each algorithm classified documents across different newsgroup categories. The
analysis aimed to help identify the pros and cons of each algorithm, aiding in the selection of
an appropriate algorithm for real-world multi-class text classification challenges.

The results revealed varying levels of performance across the algorithms. Naive Bayes
exhibited competitive accuracy but had lower precision and recall, suggesting limitations in
correctly classifying documents into specific categories. SVM and Random Forest
demonstrated balanced performance with strong scores across all metrics, indicating their
potential suitability for accurate multi-class categorization. Decision Tree results exhibited
variability, indicating potential overfitting and suggesting that it might not generalize well to
new documents.

In conclusion, the comparative analysis highlighted the trade-offs and considerations in
selecting the most suitable algorithm for multi-class text classification. The study showcased
the importance of considering accuracy, precision, recall, and F1-score collectively to make
informed decisions based on the nature of the dataset and classification goals. The insights
gained from this analysis contribute to the broader understanding of algorithm selection and
performance assessment in text classification tasks.

Keywords: Text classification, multi-class classification, machine learning algorithms, Naive
Bayes, Support Vector Machine (SVM), Random Forest, Decision Tree, comparative analysis,
performance evaluation.
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1. Introduction

In this period of information explosion, the capability to effectively categorize and classify vast
amounts of textual data is of paramount importance. Text classification, a subfield of natural
language processing and machine learning, plays a crucial role in automating this process by
assigning predefined categories or labels to text documents with respect to their content.
Applications of text classification span from sentiment analysis to spam detection, topic
categorization, and news categorization.

The fetch_20newsgroups dataset, a benchmark in the field, serves as an ideal platform to
evaluate and compare the efficacy of different machine learning algorithms on text
classification tasks. This dataset is comprised of a diverse collection of newsgroup documents,
each belonging to one of 20 distinct categories, encompassing a wide range of topics. The
challenge lies in accurately assigning documents to their appropriate categories given their
inherent diversity and complexity.

In this study, we embark on a comparative analysis of four prominent machine learning
algorithms—Naive Bayes, Support Vector Machine (SVM), Random Forest, and Decision
Tree—using the fetch_20newsgroups dataset. Our objective is to assess and contrast the
effectiveness of these algorithms in multi-class text classification scenarios. We evaluate their
capabilities in accurately categorizing documents across various newsgroup topics while
considering the measures namely accuracy, precision, recall, and F1-score.

The significance of this analysis lies in its potential to inform algorithm selection for real-world
applications. By gaining insights into the positives and negatives of each algorithm, we aim to
provide practitioners and researchers with valuable information to guide their choice of
algorithm for similar text classification tasks. Furthermore, this study contributes to the
broader understanding of algorithm behavior in multi-class scenarios and reflects the areas
for additional enhancement and research.

In the subsequent sections, we detail the dataset, methods, implementation, results, and
discussion of our comparative analysis. We also explore the novelty of our work and present
future directions for enhancing the understanding and application of machine learning
algorithms in text classification.

2. Related Work

In [1], the paper highlights the importance of addressing the challenges posed by high-
dimensional feature spaces in text categorization. By introducing SVM Light and its efficient
feature selection strategies, Joachims contributes to the growth of actual methods for
handling large-scale text classification tasks. The paper's insights have implications for the
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design of machine learning algorithms that balance classification accuracy, computational
efficiency, and the utilization of relevant features in text analysis.

The authors in [2] introduce foundational concepts such as bias-variance trade-off,
regularization, cross-validation, and resampling methods. They delve into regression
techniques, tree-based methods, and support vector machines, elucidating the underlying
principles and illustrating their practical applications. Furthermore, the authors introduce
ensemble methods, boosting, and bagging, showcasing their capacity to enhance model
performance. The book extends its coverage to non-linear methods, kernel-based
approaches, and important topics like neural networks and deep learning. It provides readers
with an appreciation of the statistical foundations of these methods and their relevance in
contemporary data analysis tasks. Overall, "The Elements of Statistical Learning" stands as a
pivotal resource that bridges the differences between statistical theory and practical data
analysis.

The authors in [3] present empirical results across various datasets and highlights the efficacy
of Random Forests in achieving competitive accuracy, improved robustness against noise, and
reduced variance compared to individual decision trees. Breiman discusses the method's
success in handling high-dimensional data, nonlinear relationships, and outlier observations.
Breiman concludes by discussing the impact of the algorithm's randomness and its
implications for feature importance and model interpretation. He notes the potential for
further research to discover the significance of combining Random Forests with other machine
learning techniques and to refine its parameters and procedures.

The authors in [4] outline various approaches to sentiment analysis, including supervised
methods that rely on labeled training data, as well as unsupervised techniques that use
patterns and features to infer sentiments. They discuss methods such as lexicon-based
approaches that assign sentiment scores to words, machine learning models, and the
incorporation of syntactic and contextual information. The paper covers a range of subtopics
within sentiment analysis, including the challenges posed by sarcasm, figurative language, and
opinion strength. Pang and Lee highlight the significance of feature selection, domain
adaptation, and handling subjective intensity.

The book in [5] is a foundational resource for understanding the basic concepts and
techniques of information retrieval. The book provides a comprehensive overview of key
concepts, methods, and algorithms, catering to both newcomers and experienced
practitioners in the field. Its clarity, depth, and emphasis on practical applications make it an
vital reference for everyone participating in the design, development, and evaluation of
information retrieval systems.
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In [6], the authors present scikit-learn, a popular open-source Python library designed for
machine learning tasks. Developed by a collaborative community of researchers and
practitioners, scikit-learn provides a rich set of tools, algorithms, and utilities that empower
users to perform various machine learning tasks efficiently and effectively. presents scikit-
learn as a versatile and accessible library that caters to the machine learning community's
needs. The paper showcases the library's functionalities, design philosophy, and its role in
enabling researchers and practitioners to leverage machine learning techniques effectively
within the Python ecosystem.

The authors in [7] present an approach to sentiment and topic classification that leverages
simple features and techniques to achieve competitive performance. The authors focus on
demonstrating that straightforward methods can yield effective results, making them suitable
baseline models for sentiment and topic classification tasks. The paper introduces a "simple
bigram" model that employs a bag-of-words representation with unigrams and bigrams, along
with simple preprocessing techniques like lowercasing and stemming. The authors also
explore variations of this model, such as the "stemmed bigram" model, which extends the
bag-of-words representation by considering stemmed word forms. Wang and Manning
evaluate their baseline models on sentiment classification and topic classification tasks using
well-known benchmark datasets. They compare the performance of their models against
more complex methods, demonstrating that the proposed simple bigram models achieve
competitive results.

In [8], David D. Lewis addresses the challenge of text categorization and explores the
effectiveness of different representations of text data for improving classification
performance. The paper specifically investigates the utility of phrasal representations and
clustered representations with respect to text categorization tasks. The author introduces two
primary approaches for improving text representations: phrasal representations and clustered
representations. Phrasal representations involve the identification and extraction of
meaningful phrases from the text, aiming to capture semantically relevant content. But
clustered representations, group words based on statistical patterns or syntactic relationships,
effectively reducing the dimensionality of the data. Lewis conducts experiments to assess the
efficacy of these representations on a text categorization task using the Reuters-21578
dataset. He compares phrasal, clustered, and term-based representations in terms of
classification accuracy and computational efficiency. The paper presents the experimental
results, highlighting the performance of each representation approach across different types
of classifiers. Lewis demonstrates that both phrasal and clustered representations can
improve classification performance compared to term-based representations in certain
scenarios. He discusses the potential of phrasal representations to capture nuanced semantic
information and the benefits of clustered representations in reducing data sparsity.
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The author in [9] introduces a wide range of feature selection metrics that measure the
relevance of features for classification tasks. These metrics include information gain, chi-
squared, mutual information, correlation, odds ratio, and others. Forman explains the
mathematical foundations of each metric and their applicability to different types of data.
Forman discusses the advantages and limitations of each metric, highlighting the metrics that
consistently perform well across different scenarios. He emphasizes the importance of
considering a combination of metrics to achieve optimal results in feature selection. The
author also addresses the trade-offs between feature selection and computational efficiency,
noting that while selecting a smaller subset of features can improve classification speed,
selecting too few features may lead to reduced accuracy.

The paper in [10] covers various text mining applications, including information retrieval,
document clustering, categorization, sentiment analysis, and recommendation systems. The
authors discuss the significance of each application and the role of text mining in addressing
the challenges associated with them. The authors emphasize the interdisciplinary nature of
text mining, highlighting its connections to fields such as natural language processing,
machine learning, and data mining. They discuss the integration of domain-specific knowledge
and background information in enhancing text mining results. Furthermore, the paper
provides insights into the evaluation of text mining methods, discussing metrics for assessing
the value of clustering, classification, and retrieval results. The authors also address ethical
considerations related to text mining, such as privacy concerns and potential biases in the
data.

3. Objectives of the work

The aim of this study is to conduct a comparative analysis of machine learning algorithms for
multi-class text classification using the fetch_20newsgroups dataset. The objectives include:

e Algorithm Implementation: Implement Naive Bayes, Support Vector Machine (SVM),
Random Forest, and Decision Tree algorithms on the fetch_20newsgroups dataset.

e Performance Evaluation: Evaluate the efficiency of each algorithm using key measures
such as accuracy, precision, recall, and F1-score.

e Comparative Analysis: Conduct a comparative analysis of the algorithms' performances
to identify their strengths and weaknesses in multi-class text classification.

e Interpretation and Insights: Interpret the results obtained from the analysis, providing
insights into the algorithms' behaviors, trade-offs, and suitability for different classification
scenarios.

e Visualization: Create visualizations, including confusion matrices and comparative
performance plots, to effectively present the analysis results.
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e Novelty Assessment: Highlight the novelty of the study by discussing its role to the
understanding of algorithm selection and performance evaluation in multi-class text
classification tasks.

By accomplishing these objectives, this paper aims to enhance the understanding of how

different machine learning algorithms perform in multi-class text classification scenarios,

thereby assisting researchers and practitioners in making informed decisions when dealing
with similar text data classification challenges.

4. Methodology

4.1 Dataset Description and Preprocessing

The fetch_20newsgroups dataset is a widely used text classification dataset provided by scikit-
learn. It contains a collection of newsgroup documents, which were originally posted in
various newsgroups on Usenet, a distributed discussion system widely used before the rise of
the modern internet. The dataset is generally used for text categorization and topic modeling
tasks. A description of the key features and characteristics of the fetch_20newsgroups dataset:
Dataset Characteristics:

* Number of Instances: The dataset contains approximately 20,000 newsgroup
documents.

e Number of Classes: There are 20 different classes (newsgroup categories), each
representing a specific topic or subject area.

e Multi-Class Classification: The dataset is frequently used for multi-class text
classification tasks, where the goal is to assign each document to one among the 20
predefined classes.

Classes (Newsgroup Categories): The dataset covers a diverse range of topics, including
technology, sports, politics, science, religion, and more.

Preprocessing:

J Lowercasing: All text is converted to lowercase. This ensures that words are treated
consistently, regardless of their original case.

J Tokenization: Tokenization involves breaking down sentences or paragraphs into
individual words or tokens. This is important because machine learning algorithms
work with individual features, and tokens become the basic units of analysis.

) Stop-word Removal: Stop words are frequently used words (like "the," "is," "in," etc.)
that do not carry significant meaning and can be safely removed to reduce noise in the
data.

J Stemming: Itis the method of reducing words to their base or root form. For example,
"running," "runs," and "ran" are all stemmed to "run." This helps in reducing variations

of words to a common form, which can improve feature extraction and reduce
redundancy.
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4.2 Feature Extraction

The feature extraction technique used here is Term Frequency-Inverse Document Frequency
(TF-IDF) vectorization. TF-IDF is a common method for converting text data into numerical
features that can be used for machine learning algorithms. Here's an explanation of TF-IDF
and how it's applied in this work:

Term Frequency-Inverse Document Frequency (TF-IDF): TF-IDF is a numerical representation
that reflects the importance of each term (word) in a document relative to a collection of
documents. It consists of two components:

o Term Frequency (TF): Measures the number of times a term appears in a document.
It indicates how often a term appears in a file relative to the total number of terms in
that document.

. Inverse Document Frequency (IDF): Measures the rarity of a particular term across
the entire collection of documents. It is calculated as the logarithm of the entire set of
documents divided by the number of documents containing the term.

TF-IDF is calculated as the product of TF and IDF for each term in each document. This results
in a numerical representation where each term in each document has a weight that reflects
its significance in that document with respect to the entire collection.

In this paper, vectorizer is initialized with a maximum of 5000 features. fit_transform is
applied to the training data to calculate and create the TF-IDF matrix for the training set.
transform is applied to the testing data using the same vectorizer, ensuring consistent feature
representation between the training and testing sets. After this step, the text data is
converted into a matrix of numerical features (TF-IDF values), which can be fed into machine
learning algorithms for classification. Each row in the matrix represents a document, and each
column represents a feature (term) with its TF-IDF weight.

4.3 Algorithm Selection

The four machine learning algorithms being compared (Naive Bayes, SVM, Random Forest,
Decision Tree) are introduced here along with a justification for their selection for text
classification tasks:

Naive Bayes (NB):

Naive Bayes is a probabilistic classifier based on Bayes' theorem. It assumes that
characteristics are conditionally independent given the class label, which makes it efficient for
high-dimensional data like text. NB is well-suited for text classification due to its simplicity,
ability to handle many features, and effectiveness in capturing word occurrence probabilities.
It performs well for tasks like sentiment analysis, spam detection, and topic classification.
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Support Vector Machine (SVM):

SVM is a powerful classification algorithm that aims to find a hyperplane that best separates
data into different classes. SVM is suitable for text classification because it can handle high-
dimensional data and nonlinear relationships effectively by mapping data into higher-
dimensional feature spaces. It works well with limited training data and can handle large
feature spaces, making it suitable for text data where feature dimensionality can be high.

Random Forest:

Random Forest is an ensemble method that builds numerous decision trees and combines
their predictions. Its robust, handles overfitting well, and works effectively for text
classification tasks. Random Forest can capture complex relationships in text data and handle
features with varying importance. It is specifically suitable for conditions where there might
be noisy or irrelevant features.

Decision Tree:

Decision Tree is a simple but powerful algorithm that makes decisions by recursively splitting
data based on the most informative features. Decision Trees are intuitive to understand and
visualize, in that they become more appropriate for identifying feature importance in text
data. While they might not perform as well as more complex algorithms in certain scenarios,
they are a good baseline and can provide insights into the texture of the data.

Justification for Algorithm Selection:

Textual Data Complexity: Text data often has many features (words) and complex
relationships between features. Naive Bayes, SVM, Random Forest, and Decision Tree are all
capable of handling such complexity.

Feature Importance: Text data may contain important and less important features. Random
Forest and Decision Tree are capable of automatically selecting features that contribute more
to the classification task.

Ensemble Learning: Random Forest combines multiple decision trees to improve classification
performance and generalization. This is beneficial for capturing different aspects of text data.

Baseline Simplicity: Naive Bayes and Decision Tree provide simple and interpretable
baselines. They help in understanding how well more complex models perform relative to

straightforward approaches.

Non-linearity Handling: SVM and Random Forest can handle nonlinear relationships in the
data, which is often present in text classification tasks.
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In summary, the chosen algorithms offer a balanced selection that covers different levels of
complexity, interpretability, and capacity to handle the intricacies of text classification tasks.

4.4 Training and Testing

The train_test_split function randomly shuffles the data and splits it into training set and
testing set. The test_size parameter specifies the percentage of data to allocate to the testing
set (20% in this case). The random_state parameter ensures reproducibility by seeding the
random number generator.

4.5 Performance Evaluation Metrics

The code uses four common performance evaluation metrics: accuracy, precision, recall, and
F1-score. Here is an explanation of each metric and its significance in reflecting the algorithm's
performance:

1. Accuracy: Accuracy is the most basic performance metric and represents the percentage
of correctly classified instances (both true positives and true negatives) out of the total
instances.

Accuracy provides an overall view of the algorithm's performance, giving a clear
understanding of how often it correctly classifies instances. However, it might be misleading
in imbalanced datasets where one class has significantly more instances than others.

2. Precision: Precision measures the proportion of true positive predictions out of all
instances predicted as positive. It focuses on the accuracy of positive predictions. Precision is
important when the cost of false positives (misclassifying a negative instance as positive) is
high. It indicates how well the algorithm avoids making false positive predictions.

3. Recall (Sensitivity or True Positive Rate): Recall measures the proportion of true positive
predictions out of all actual positive instances. It focuses on the algorithm's ability to correctly
identify positive instances. Recall isimportant when the cost of false negatives (misclassifying
a positive instance as negative) is high. It indicates the algorithm's ability to capture all
relevant instances of a positive class.

4. F1-Score: The F1-score indicates the harmonic mean of precision and recall. It balances the
trade-off between precision and recall and provides a single metric that combines both. F1-
score is useful when it is required to consider both precision and recall simultaneously. Its
particularly relevant when classes are imbalanced or when there is an equal focus on avoiding
false positives and false negatives.

These metrics collectively offer a comprehensive view of an algorithm's performance:
High Accuracy: Indicates that the algorithm is making correct predictions overall.
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High Precision: Suggests that when the algorithm predicts a positive instance, it's likely to be

correct.

High Recall: Specifies that the algorithm is effectively identifying most of the positive

instances.

High F1-Score: Reflects a good balance among precision and recall, which is especially

valuable when both false positives and false negatives are of concern.

5. Results and Discussions

The four algorithms were implemented on the fetch_20newsgroups dataset. The following

results were obtained based on the various performance metrics. The confusion matrices for

each of the algorithms were computed and is as shown:

Confusion Matrix - Naive Bayes

altatheism-53 0 2 0 0 0 0 1 8 2 0 1 [
comporaptics- 1 [ 13 15 4 5 2 3 m 0 0 3 2
comp.os.ms-windows.misc - 1 15 s 4 9 1 2 8 . 0 2 -3
comp.sys.ibm.pc.hardware - 0 8 zx 03 4120005
cmpsysmachariare- 0 7 10 27[E 0 4 11 0 0 5 s
comp.windows.x- 0 21 11 3 1 1 p G S
miscforsale- 0 2 2 23 7 3 7 0 0 6 4
rcats-1 1 02 0 4 202 8
memotydes 0 13100 2 % A e 212
—‘g recsportbaseball- 0 1 0 0 0 1 8 2 0
% recsporthockey- 0 1 1 0 0 1 0 2 10 6 11
scicrypt- 0 5 2 0 1 2 1 1.8 2 2 6
siclectronks- 1 9 4 1810 2 07 7 2 o 2 [
simed- 2 4 3,0 '3 0 2 o 1 1 4
scispace- 0 3 0 1 0 0 1 3 13 2 0 7 3
soc.religion.christian- 0 0 1 0 0 0 0 1 6 1 0 0 0
talkpolticsguns- 1 0 1 0 0 0 0 2 11 3 2 5 1
talk.politicsmideast- 6 1 0 0 0 2 0 2 10 4 2 3 1
talk.politics.misc - 3 110 0 0 6 6 2 1 3 1
talk.religonmisc-22 1 0 0 0 1 0 1 9 3 0 2 0
seiygifiEfyf
$igi§ igi "
E 2 % g
ia¢
c Predicted

Fig. 1

5

4
0
1
2
0
1
4

N aNN e

sci.med

Confusion Matrix - Random Forest

dtathesm-88 1 o 1 1 0 2 7 6 6 4 2 2 2
comp.graphics - 2 2212 3 10 4 8 3 4 1 1 9 5
composmswindowsmisc- 5 1620 5 6 1 7 3 4 0 1 4 1
comp.sys.ibm.pc hardware - 0 17 2n 8 7 511100 5 3
comp.sys.machardware- 0 7 2 30 4 1 4 3 1 7 &
compwindows.x- 1 26 13 3 i1 2 2 2 0 2z 7 0
misc.forsale- 0 3 4 17 5 1 4 5 1 2 5 0
reautes-3 2 105 1 0 3 s 115 8
recmotorcycles- 0 2 0 1 1 1 7 22 2 2 1
= recsportbaseball- 2 0 1 1 0 2 0 12 7 2 1 1 3
£
¥ recsporthockey- 2 0 1 0 0 0 0 8 5 19 1 0 2
sieypt-1 4 3 4 5 5 5 3 3 3 ofEn 1
sidactncs-0 10 2 21 6 5 32w s 3z [
scimed-3 3 0 1 2 0 3 2 15 4 2 0 9
scispace- 2 3 1 4 3 0 1 14 2 4 2 4 6
soc religian.christian- 4 1 1 6 1 6 1 6 2 5 0 1 4
talkpoliticsguns- 3 1 3 1 0 0 1 13 3 6 3 6 4 4
talkpolitics.mideast-11 1 © 1 0 © © 8 2 9% 0 3 2 7
wmlkpoliticsmisc- 7 2 1 0 1 0 1 11 7 7 1 7 4 9
talkreligionmisc-19 1 0 © 1 0 2 6 3 6 4 2 3 7
5LE3:ig233pEL%
i1e2 33813384 ¢¢%¢:
£ g2t 835ty
S5 :33:yeg2n¥y
§ a v 5 z 2 5 ¢ g T
£ £ & 8 g E E & & =3
8 % £ EE %y %
g2zt i f
£ %3
e a £
E g 8
€ 8
Predicted

7

10

B m B e N e NN AW e

scispace - w

si.space -

© W a0 M N BSWNNGOGOUW A

N B - ow o

NN e N B e R NN e e - o o 8

g o

soc.religion, christian |

soc.religion.christian -

ik politics.quns - &

© - 0 MO 00aUuKOGMOO OO W

27

s
£}
3
2
]

s.mideast - w

talk.pol

smideast - w o] - 2 o - 0o 2 o m o No oo oo e

talk.pol

talk.politics.misc -

N M e MNMOODOONNMOOOO®O9 O 0O w

talk religion.misc -

igionmisc- w © © © © © © © © © © 6 © 8 © ©6 © © © =

120

Confusion matrix —

Confusion Matrix - SVM

- 160
alt.atheism 1100 1
comp.graphics - 1 4 1 1
comp.os.ms-windows.misc - 1 8 0 140
comp.sys.ibm.pe.hardware - 1 3 8
wmpsys.machardware- 0 10 4 18 bl 5
120
comp.windowsx- 0 31 9 2 4 BEH 0
miscforsale- 1 2 3 12 7 0 pEM
recautos - 4 2 1 2 1 2 - 100
recmotorcycles- 1 2 2 1 1 1
] rcsportbaseball - 6 1 1 0 0 0
2 80
kS recsporthockey-2 1 1 0 0 0
wicrypt-4 4 2 1 3 1
sci.clectronies - 2 14 4 10 4 2 60
scimed-6 4 0 1 1 0
scispace- 0 2 2 0 0 0
40
soc.religion.christian-16 1 1 1 0 0
talkpolitics.guns- 3 0 1 0 0 0
tal politicsmideast-11 6 1 0 1 1 -20
talk.politicsmisc- 7 1 0 0 0 1 2
talk.religionmisc-28 1 1 0 0 0 45 013 23 7 5 s
Eggge 3 £ 38 § £ 3 g8 £ 8 ¢
g 2 sz € 2 2 : £ 22 3 £
2g53%¢ 'R EEEEEEE
R 5 £33 E s 35 %3 8§ & E £
£ 485 =5 = £ 3 3 2 = 4
" E2dE e 2§ 8 3 s 8t
€ EEE§ g4 ¢ L 2 4 3 ¥
5 ¢ g . =
s 5 E EF FEE
g 3 2 2 8
a4 E
§5¢8
8 §
Predicted
Naive Bayes and SVM
Confusion Matrix - Decision Tree
120
atatheism-36 5 1 5 1 2 0 8 6 4 3 5 6 8 5 17 3 8 11 17
comp.graphics - 3 1 6 11 126 2 2 0 3 4
comp.os.ms-windows.misc - 3 33 4 0 1 0 2 3
comp.sys.ibm.pc.hardware - o 148018 1 1 2 1 4 100
comp.sys.mac hardware - YR S S T R
comp.windows.x - 33 3 )Ly Y12 o3
misc.forsale - 4 S35 512103 80
rec.autos - 1 1 fel 2 Bl bel 14l
rec.motorcycles - 38 5 2 & 22 2 2 3
3 rec.sport.baseball - 81 s 3 188 5 7 7
2 60
g recsporthockey-3 1 4 0 3 5 0 11 6 34 2 385 252 44
scicrypt-4 4 4 4 8 5 1 8 S5 S5 1 9 6 10 1 5 3 12 3
scielectronics- 4 8 10 15 10 11 1019 10 3 4 46 8 4 6 2 5 1
simed-11 8 2 3 2 13 7 8 43 10 ufffs 222 47 -40
scispace-3 6 4 0 8 5 4 12 7 7 6 7 7 sma 33 9 2
soc.religion.christian-22 4 3 2 3 2 1 8 2 3 1 15 8 6 lD 6 11 26
talkpolticsguns-8 1 5 2 2 1 3 14 4 6 4 5 4 4 2 6 8 24 7 2
talk.politicsmideast-12 3 1 0 2 1 33ES5 S 1 4 4 3 '8 4 3
talk.politics.misc - 12 1 2 2 148 4 6 9 6 9 12 15
talkreligionmisc-23 1 4 2 3 1 2 11 3 6 0 2 3 S5 4 31 4
Ly ieee3peLyyse
s 533 ER3vEE55ERE B
R EREEEREEEEEREEDE
S 28§22§3Eg8¢%g 8 6 g
Ll By v 2 £ 8 L c =
E E 48 g E E § & 2 § 2
8 % £ E & | ] % 2
g 5¢s8 E gk e s
£ g
s g E
predicted

Fig. 2: Confusion matrix — Random Forest and Decision Tree
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The confusion matrix of each of the four algorithms are as shown in Fig. 1 and Fig. 2
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SVM Accuracy: ©.6623342175066314

precision recall f1-score  support
%] 9.48 9.58 8.53 151
1 8.57 8.66 8.61 282
2 8.64 8.62 @.63 195
3 8.58 8.61 @.59 183
4 8.74 8.62 8.68 2085
5 0.81 8.72 8.76 215
6 8.75 8.73 @.74 193
7 8.42 8.70 8.53 196
8 8.59 8.63 8.61 168
9 8.73 8.76 @.75 211
le 8.93 9.80 @.86 198
11 8.84 8.67 8.75 281
12 8.59 8.61 0.6 2082
13 8.75 8.75 @.75 194
14 8.69 8.74 8.71 189
15 0.72 8.73 8.73 202
16 8.7 8.63 @.69 188
17 8.79 8.70 8.74 182
18 8.56 8.55 8.55 159
19 8.45 9.21 @.28 136
accuracy 0.66 3770
macro avg 8.67 8.65 a.65 3778
weighted avg 0.68 9.66 0.66 3770
Naive Bayes and SVM Algorithm
ID3 Decision Tree Accuracy: ©.41856763925729445
precision recall f1-score  support
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7 ©.31 0.49 9.38 196
8 .44 2.46 0.45 168
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15 .39 2.42 0.4 202
16 .44 9.38 9.41 188
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accuracy 9.42 3770
macro avg 8.42 2.41 0.41 3770
weighted avg 9.43 9.42 9.42 3770

Fig. 4: Performance Evaluation of Random Forest and Decision Tree Algorithm
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The fig. 3 and fig. 4 shows the evaluation of the specific algorithms with respect to the metrics
—accuracy, precision, recall and f1-score. A pictorial representation of the comparison of the
Accuracy of the four algorithms is as indicated in fig. 5.

Comparison of Accuracy of Algorithms

I I I I . Accuracy

u O N
o O o o

Accuracy
N
o

30
20
10
0
Naive Bayes SVM Random ID3
Forest
Algorithms

Fig. 5: Comparison of Accuracy of the four algorithms

Comparative Performance Measures
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Fig. 6: Comparative Performance Measures

A comparative performance measures of all the algorithms is represented in Fig. 6 with an
alternate representation of the same in Fig 7.
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Performance Metrics by Algorithm for fetch_20newsgroups Dataset
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Fig. 7: Comparative Performance Measures

The fetch_20newsgroups dataset is a collection of newsgroup documents, and the goal is to
classify these documents into specific newsgroup categories. Given the nature of the dataset,
the results can be interpreted in the following way:

From the fig. 5, it can be shown that, Naive Bayes shows 67% accuracy. SVM is also very close
to Naive Bayes with an accuracy of 66%. ID3 (Decision tree algorithm) indicates the least
accuracy of 42%. Accuracy provides an overall measure of how well the algorithms classify
documents into different newsgroup categories. A higher accuracy score infers that the
algorithm is making more correct predictions across all newsgroup categories. This means the
NB classifier identifies the topics of the documents more accurately than the other algorithms.

Precision evaluates the algorithms' ability to correctly predict documents belonging to a
specific newsgroup category while minimizing false positives. Higher precision indicates that
when the algorithm predicts a document belongs to a certain newsgroup category, it is
expected to be correct. This recommends that the algorithms are effectively distinguishing
the specific topics of the documents. As seen in Fig. 6 and Fig. 7, the precision of Naive Bayes
(70%) is more compared to the other algorithms. The precision of SVM (68%) is also close to
Naive Bayes.

Recall (Sensitivity) assesses the algorithms' ability to capture all documents that belong to a

specific newsgroup category without missing any. Higher recall indicates that the algorithms
are effective at identifying most of the documents that belong to a particular newsgroup
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category. This means that fewer documents of a particular category are being missed by the
algorithms. As can be inferred from Fig. 3 and Fig. 4, Naive Bayes has the highest recall value
(0.67) followed by SVM at 0.66.

The Fl-score provides a balance between precision and recall, considering both aspects
simultaneously. It is a good measure when there is a trade-off among precision and recall,
which is common in multi-class classification. For the fetch_20newsgroups dataset, a higher
F1-score indicates a good balance between correctly classifying documents and avoiding false
positives and false negatives. As can be inferred from Fig. 3 and Fig. 4, Naive Bayes and SVM
indicate a F1-score of 0.66.

Random Forest too works well overall, with competitive precision, recall, and Fl-score. It is
expected to be a robust choice for multi-class classification tasks. Decision Tree shows varied
results. It might not generalize as well to new documents and could have lower accuracy on
unseen data.

With reference to classifying newsgroup documents, we should consider the balance between
correctly classifying documents into different categories and avoiding misclassification. Each
algorithm has its strengths and weaknesses, so the best choice depends on the specific goals
and application requirements.

The choice of a single dataset (fetch_20newsgroups) might not fully represent the diversity of
text classification tasks. Different datasets can have unique challenges and characteristics, and
the results obtained might not be generalized to other domains. The findings might be specific
to the fetch_20newsgroups dataset and might not generalize to other text datasets or real-
world applications.

6. Conclusion

In conclusion, the comparative analysis of Naive Bayes, SVM, Random Forest, and Decision
Tree algorithms on the fetch_20newsgroups dataset provides valuable insights into their
performance for multi-class text classification tasks. Each algorithm exhibits strengths and
weaknesses that make them suitable for different scenarios with reference to the dataset's
characteristics and the goals of the classification task.

Naive Bayes demonstrates competitive accuracy, but its precision and recall scores are
comparatively lower. This suggests that it may struggle with correctly classifying documents
into specific newsgroup categories and may have challenges capturing certain nuances in the
dataset. SVM performs well across multiple metrics, showcasing good accuracy, precision,
recall, and Fl-score. This indicates its ability to effectively distinguish documents across
various newsgroup categories while maintaining a trade-off amid avoiding false positives and
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false negatives. Random Forest also exhibits strong performance, with competitive scores in
accuracy, precision, recall, and Fl-score. Its ensemble nature allows it to capture complex
relationships within the data, making it a robust choice for multi-class text classification.
Decision Tree results show variability, indicating that it might not generalize well to new,
unseen data. Its tendency to overfit the training data might yield a lower accuracy on the test
set compared to the other algorithms.

The selection of algorithm ultimately depends on the specific goals and requirements of the
text classification task. If achieving a balance between correctly classifying documents and
minimizing misclassifications is crucial, Naive Bayes, SVM or Random Forest might be
favourable options. It is also important to consider factors like ease of interpretation,
computational efficiency, and scalability when selecting the most suitable algorithm for real-
world applications. Furthermore, the fetch_20newsgroups dataset's diverse topics and text
content highlight the challenges and complexities of multi-class text classification tasks. The
results of this analysis provide a foundation for making informed decisions when applying
machine learning algorithms to similar real-world scenarios, where understanding,
preprocessing, and selecting the right algorithms play a critical role in achieving successful
classification outcomes.
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