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ABSTRACT

Text classification is a fundamental task in
Natural Language Processing (NLP) that
involves assigning predefined categories to
textual data. With the rapid growth of digital
content such as emails, social media posts,
efficient and

news articles, and reviews,

accurate text classification has become
essential for information organization and
retrieval. Traditional methods often rely on
manual feature extraction and simple classifiers,
which may not effectively handle large-scale
and high-dimensional text data. This study
focuses on the application of the Random
Forest algorithm for text classification,
providing a robust and scalable solution for
handling complex datasets. The proposed
approach involves preprocessing textual data
using standard NLP techniques such as
tokenization, stop word removal, stemming,
and vectorization methods like TF-IDF to
convert text into numerical representations.
The Random Forest algorithm, an ensemble
learning method, is then applied to classify the

processed text data. It constructs multiple
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decision trees and combines their outputs to

improve classification accuracy and

reduce overfitting. The methodology also

includes feature selection and model

optimization to  enhance  performance.
Experimental results demonstrate that Random
Forest achieves high accuracy and robustness
in text classification tasks compared to
traditional algorithms such as Naive Bayes and
Support Vector Machines (SVM). The model
performs well in handling noisy and
unstructured data while maintaining good
generalization. However, it may require higher
computational resources for large datasets.
Overall, this study highlights the effectiveness
of Random Forest in text classification and its

applicability in domains such as spam detection,

sentiment analysis, and document
categorization.
Keywords: Text Classification, Random

Forest, Natural Language Processing (NLP),
TF-IDF, Machine Learning, Feature Extraction,
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Sentiment Analysis, Document Classification,

Data Mining, Ensemble Learning

I.LINTRODUCTION

Text classification is a key task in the field of
Natural Language Processing (NLP), which
involves automatically assigning predefined
categories to textual data. With the rapid
growth of digital content such as emails, social
media posts, news articles, and online reviews,
there is a significant need for efficient and
scalable methods to organize and analyze text.
Manual classification is time-consuming and
impractical for large datasets, making
automated text classification systems essential.
Applications of text classification include spam
detection, sentiment analysis, topic
categorization, and information retrieval, all of
which require accurate and fast processing of

textual information.

Traditional approaches to text classification
often rely on statistical methods and simple
machine learning algorithms such as Naive
Bayes and Support Vector Machines (SVM).
These methods typically depend on feature
extraction techniques like Bag of Words (BoW)
and Term Frequency-Inverse  Document
Frequency (TF-IDF) to convert text into
numerical form. While these approaches
provide reasonable performance, they may
struggle with high-dimensional data and

complex relationships  between features.

Additionally, they are sensitive to noise and
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may not generalize well across different
datasets. As a result, there is a need for more
robust and reliable algorithms that can handle

large-scale text data efficiently.

The Random Forest algorithm has emerged as
a powerful ensemble learning method for
classification tasks. It combines multiple
decision trees to improve accuracy and reduce
overfitting. In the context of text classification,
Random Forest can effectively handle high-
dimensional feature spaces and provide better
generalization  compared to individual
classifiers. The proposed study focuses on
applying Random Forest for text classification
by integrating it with NLP preprocessing
techniques such as tokenization, stop word
This

improve classification

removal, and TF-IDF vectorization.
approach aims to
accuracy and robustness, making it suitable for
real-world applications involving large and

diverse text datasets.

Il SURVEY OF RESEARCH

The study by L. Breiman (2001) [1] introduced
the Random Forest algorithm, an ensemble
that combines

learning method multiple

decision trees to improve classification
accuracy. The methodology involves bootstrap
sampling and random feature selection, which
reduces overfitting and enhances model
robustness. Results demonstrate that Random
Forest performs well on high-dimensional

datasets and provides strong generalization.
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However, it may require higher computational
resources compared to simpler models. This
research is highly relevant as it forms the
foundation for using Random Forest in text

classification tasks.

The work by T. Joachims (1998) [2] explored
the use of Support Vector Machines (SVM) for
text classification. The methodology focuses on
transforming text data into high-dimensional
feature vectors and finding an optimal
hyperplane for classification. Results indicate
that SVM performs

classification due to its ability to handle sparse

effectively in text
data. However, it requires careful parameter

tuning and kernel selection. This study
provides a baseline comparison for evaluating
Forest text

Random performance in

classification.

The research by A. McCallum and K. Nigam
(1998) [3]
algorithm  for

introduced the Naive Bayes
The

methodology assumes feature independence

text  classification.
and uses probabilistic models to classify text
documents. Results show that Naive Bayes is
simple, fast, and effective for large datasets.
However, its independence assumption limits
This

research highlights the limitations of traditional

performance in complex scenarios.

methods, supporting the need for more

advanced algorithms like Random Forest.

The study by G. Salton and C. Buckley (1988)

[4] introduced the Term Frequency-Inverse
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Document Frequency (TF-IDF) technique for
text representation. The methodology converts
textual data into numerical vectors based on
word importance. Results demonstrate that TF-
IDF

emphasizing relevant terms. However, it does

improves classification accuracy by

not capture semantic relationships between
words. This research is important as TF-IDF is
widely used for feature extraction in the

proposed system.

The work by Y. Kim (2014) [5] explored the
use of Convolutional Neural Networks (CNN)
for sentence classification. The methodology
involves learning hierarchical features from
text data using deep learning techniques.
Results indicate that CNN models outperform
traditional machine learning algorithms in
many text classification tasks. However, they
require large datasets and significant
computational resources. This study provides
insights into advanced methods, although the
proposed system focuses on Random Forest

due to its efficiency.

The research by F. Sebastiani (2002) provided
a comprehensive survey of machine learning
approaches for text classification [6]. The
methodology categorizes various techniques
including probabilistic, decision tree-based,
and ensemble methods. Results highlight that
ensemble methods improve classification
performance by combining multiple models.

However, selecting appropriate models and
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features remains challenging. This research
supports the use of Random Forest as an
method  for  text

effective  ensemble

classification.

I11. WORKING METHODOLOGY

The proposed text classification system based
on the Random Forest algorithm begins with
data collection and preprocessing of textual
datasets. The dataset may include documents
such as emails, reviews, news articles, or social
media content, each labeled with predefined
categories. In the preprocessing stage, raw text
is cleaned by removing punctuation, special
characters, and irrelevant symbols. Standard
Natural Language Processing (NLP) techniques
such as tokenization, stop word removal,
stemming, and lemmatization are applied to
normalize the text and reduce noise. After
preprocessing, the text data is converted into
form
like
Document Frequency (TF-IDF), which assigns

numerical using feature extraction

techniques Term  Frequency-Inverse
weights to words based on their importance.
This step transforms textual information into a
structured format suitable for machine learning

models.

In the next stage, the processed dataset is
divided into training and testing sets. The
Random Forest algorithm is then applied to the
training data to build the classification model.
Random Forest works by constructing multiple

decision trees using different subsets of data
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and features, and then aggregating their outputs
to make final predictions. This ensemble
approach improves classification accuracy and
reduces the risk of overfitting. During training,
important parameters such as the number of
trees, maximum depth, and feature selection
strategy are optimized to enhance model
performance. The model learns patterns and

relationships between features and class labels,

enabling it to classify unseen text data
effectively.
In the final stage, the trained model is

evaluated using the test dataset to measure its
performance. Evaluation metrics such as
accuracy, precision, recall, and F1-score are
used to assess the effectiveness of the
classification system. Once validated, the
model can be deployed to classify new
incoming text data in real time. The system can
be applied in various domains such as spam
detection, sentiment analysis, and document
categorization. Although the model performs
well, challenges such as high-dimensional data
cost remain. Future

and computational

improvements may include feature
optimization and hybrid models to further

enhance classification accuracy and efficiency.

IV RESULTS EXPLANATIONS

The

classification system based on the Random

performance of the proposed text

Forest algorithm is evaluated using standard

metrics such as accuracy, precision, recall, and
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F1-score. Experimental results show that the
high
classification accuracy compared to traditional

Random Forest model achieves
algorithms such as Naive Bayes and Support
Vector Machines (SVM). The ensemble nature
of Random Forest allows it to handle high-
dimensional feature spaces effectively, making
it well-suited for text data represented using
like TF-IDF. The

demonstrates strong generalization capability

techniques model
and performs consistently across different
categories of text, including spam detection

and sentiment classification tasks.

A comparative analysis was conducted to
evaluate the performance of Random Forest
against other classifiers. Results indicate that
Naive Bayes performs well in terms of speed
and simplicity but lacks accuracy in complex
datasets due to its independence assumption.
SVM provides competitive accuracy but
requires careful parameter tuning and is
computationally intensive for large datasets. In
contrast, Random Forest achieves a balance
between accuracy and robustness by combining
multiple decision trees, reducing overfitting
and improving prediction reliability. Graphical
analysis of performance metrics shows that
Random Forest consistently outperforms other
classification

models in terms of overall

effectiveness.

The system was also tested with different

dataset sizes and feature configurations to
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evaluate its scalability and adaptability. Results
show that increasing the dataset size improves
model performance, while proper feature
selection further enhances accuracy. However,
the model requires more computational
resources as the number of trees increases.
Despite this, the overall performance remains
efficient for practical applications. The results
confirm that the Random Forest algorithm is a
reliable and effective approach for text
classification, capable of handling large and

complex datasets with high accuracy.

V.CONCLUSION

The study on Research of Text

Classification Based on Random Forest
Algorithm demonstrates the effectiveness of
ensemble

learning techniques in handling

complex text classification tasks. By
integrating Natural Language Processing (NLP)
techniques such as tokenization, stop word
removal, stemming, and TF-IDF vectorization
with the Random Forest algorithm, the system
is able to convert unstructured textual data into
meaningful representations and classify them
accurately. The approach overcomes the
limitations of traditional methods by providing
better generalization and robustness, especially

in high-dimensional feature spaces.

Experimental results confirm that the Random
Forest algorithm outperforms conventional
classifiers such as Naive Bayes and Support

Vector Machines (SVM) in terms of accuracy
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and reliability. Its ability to combine multiple
decision trees reduces overfitting and improves
prediction performance, making it suitable for
real-world applications such as spam filtering,
sentiment analysis, and document
categorization. The structured workflow of data
preprocessing, feature extraction, model
training, and evaluation ensures an efficient

and scalable system.

In conclusion, the proposed system provides a

powerful and practical solution for text
classification ~ using  machine learning.
Although  the model requires  higher
computational resources, its advantages in

accuracy and robustness make it a preferred
choice for large-scale applications. Future
enhancements may include integrating deep
learning feature

techniques,  optimizing

selection, and improving computational
efficiency. Overall, the study highlights the
significant potential of Random Forest in

advancing text classification systems.
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