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1. Introduction

Text classification is a cornerstone problem in natural
involving the assignment of

language processing,

ABSTRACT

Text classification has emerged as a fundamental task in natural language processing
(NLP), enabling automated categorization of textual data across domains such as sentiment
analysis, spam detection, and biomedical informatics. The effectiveness of supervised
classification algorithms is significantly influenced by the quality of feature representation.
Among widely adopted approaches, Term Frequency—Inverse Document Frequency (TF-
IDF) and Global Vectors for Word Representation (GloVe) have demonstrated distinct
advantages in capturing statistical and semantic characteristics of text, respectively. This
study presents a comprehensive comparative analysis of supervised text classification
algorithms employing TF-IDF and GloVe embeddings. The research systematically
evaluates algorithms including Support Vector Machines (SVM), Random Forests, k-
Nearest Neighbors (k-NN), Logistic Regression, and ensemble-based models. A structured
experimental framework is developed to assess performance across feature spaces,
considering classification accuracy, computational efficiency, and robustness. The study
integrates theoretical insights from classical machine learning and modern representation
learning paradigms, including random indexing approaches. Findings indicate that while
TF-IDF remains effective for sparse and domain-specific tasks, GloVe embeddings
significantly enhance contextual understanding and classification accuracy in complex
datasets. The paper contributes a unified analytical framework that highlights trade-offs
between interpretability, scalability, and semantic richness, offering practical guidance for
selecting appropriate feature—classifier combinations in real-world applications.

the importance of words within a corpus (Jones, 2004). In
contrast, distributed representations such as GloVe
capture semantic relationships between words by
embedding them into continuous vector spaces
documents. The

predefined categories to textual
proliferation of digital content has intensified the need for
efficient and scalable classification mechanisms capable
of handling large and heterogeneous datasets.
Applications span diverse domains including healthcare,
social media analytics, information retrieval, and
cybersecurity.

The core challenge in text classification lies in
transforming unstructured textual data into structured
representations suitable for machine learning algorithms.
Traditional approaches such as TF—IDF rely on statistical
frequency measures to represent documents, emphasizing

(Pennington et al., 2014). These fundamentally different
approaches raise important questions regarding their
relative effectiveness across classification algorithms.

Supervised learning algorithms including Support Vector
Machines (Boser et al., 1992), Random Forests (Breiman,
2001), and Logistic Regression (Hosmer et al., 2013)
have been widely applied to text classification problems.
However, their performance is heavily dependent on
feature representation. While TF—IDF offers simplicity
and interpretability, it often fails to capture semantic
nuances. Conversely, GloVe embeddings provide
contextual understanding but introduce higher
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computational complexity.

This study aims to systematically compare TF-IDF and
GloVe-based feature representations across multiple
supervised algorithms. The objectives are threefold: (i) to
analyze theoretical and practical differences between
statistical and semantic representations, (ii) to evaluate
classifier performance under different feature spaces, and
(ili) to identify optimal combinations for various
application scenarios. The scope of this research
encompasses classical machine learning techniques as
well as insights from representation learning paradigms
such as random indexing (Sahlgren, 2005), which bridges
statistical and semantic approaches.

Literature Review

The evolution of text classification has been shaped by
advancements in feature representation and machine
learning algorithms. Early approaches focused on
frequency-based methods, where TF—IDF emerged as a
dominant technique due to its simplicity and effectiveness
in information retrieval tasks (Jones, 2004). Studies such
as Li et al. (2001) demonstrated the sensitivity of
classification performance to feature selection strategies,
highlighting the importance of representation quality.

Support Vector Machines have been extensively utilized
for document classification due to their ability to handle
high-dimensional sparse data (Manevitz and Yousef,
2001). Enhancements such as boosted SVM models have
further improved classification performance through
incremental learning mechanisms (Kashef, 2021).
Similarly, Random Forests introduced by Breiman (2001)
and extended through adaptive and ensemble-based
approaches (Gomes et al., 2017; Salles et al., 2018) have
shown robustness in handling noisy and large-scale
datasets.

Recent studies emphasize the role of semantic
embeddings in improving classification accuracy. GloVe,
proposed by Pennington et al. (2014), integrates global
co-occurrence statistics to generate dense vector
representations, outperforming traditional methods in
capturing  contextual  relationships.  Applications
combining GloVe with deep learning architectures such
as LSTM networks have demonstrated significant
improvements in sentiment analysis and text
classification tasks (Sachan et al., 2019; Obayed et al.,
2021).

Random indexing, introduced by Kanerva et al. (2000)
and further elaborated by Sahlgren (2005), offers a
computationally efficient alternative for generating
semantic representations. Unlike dense embeddings,
random indexing incrementally builds vector spaces,
making it suitable for large-scale and streaming data
environments. This approach provides a theoretical
bridge between TF-IDF and neural embeddings, enabling
scalable semantic representation.

Comparative studies such as Kowsari et al. (2019) and
Bahassine et al. (2020) highlight the trade-offs between
different classification algorithms and feature extraction
techniques. While TF-IDF remains effective in
traditional machine learning pipelines, embedding-based
methods are increasingly favored for their ability to
capture deeper semantic information. However,
challenges related to computational complexity and
interpretability persist.

Despite extensive research, a comprehensive comparative
framework integrating TF-IDF, GloVe, and multiple
supervised algorithms remains limited. This study
addresses this gap by systematically evaluating
performance across representations and classifiers,
incorporating theoretical insights and empirical analysis.

Methodology
Research Framework

The proposed framework consists of three primary stages:
text preprocessing, feature representation, and supervised
classification. The pipeline begins with data cleaning,
tokenization, stop-word removal, and normalization.
Subsequently, two parallel feature extraction methods—
TF-IDF and GloVe—are applied to transform textual
data into numerical vectors.

Feature Representation Techniques

TF-IDF computes the importance of a term based on its
frequency within a document and its inverse frequency
across the corpus. This approach emphasizes
discriminative words while reducing the impact of
common terms. However, it treats words independently
and lacks semantic understanding.

GloVe, on the other hand, constructs word embeddings
by leveraging global co-occurrence statistics. It captures
semantic relationships such as similarity and analogy,
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enabling models to generalize better across contexts.
Unlike TF-IDF, GloVe produces dense vector
representations that encode contextual meaning.

Random indexing serves as an intermediate
representation technique, offering scalability and
incremental learning capabilities (Sahlgren, 2005). It
provides a computationally efficient alternative for
approximating semantic spaces without requiring
extensive training.

Supervised Classification Algorithms
The study evaluates multiple supervised algorithms:

Support Vector Machines (SVM) are employed due to
their effectiveness in high-dimensional spaces and ability
to maximize classification margins (Boser et al., 1992).
Variants including boosted SVM further enhance
performance through iterative learning (Kashef, 2021).

Random Forests utilize ensemble learning by
constructing multiple decision trees and aggregating their
predictions (Breiman, 2001). Adaptive versions improve
performance in dynamic data environments (Gomes et al.,
2017).

k-Nearest Neighbors (k-NN) classifies documents based
on similarity measures, making it sensitive to feature
representation quality (Iswarya and Radha, 2015).

Logistic Regression provides probabilistic classification
and serves as a baseline model for comparison (Hosmer
etal., 2013).

Experimental Design

The dataset is divided into training and testing subsets to
evaluate model performance. Metrics such as accuracy,
precision, recall, and F1-score are used for evaluation.
Experiments are conducted across both TF-IDF and
GloVe representations to analyze differences in classifier
behavior.

Implementation Tools

The implementation utilizes machine learning libraries
such as Scikit-learn, which provides efficient algorithms
and evaluation tools (Pedregosa et al., 2011). Feature
extraction and model training are integrated within a
unified pipeline to ensure consistency.

Results / Findings

The experimental evaluation reveals distinct performance
patterns across feature representations and classifiers.
TF-IDF-based models demonstrate strong performance
in scenarios involving domain-specific vocabulary and
limited contextual variation. In such cases, SVM and
Logistic Regression achieve high accuracy due to their
ability to exploit sparse feature spaces effectively.

In contrast, GloVe-based representations significantly
improve classification accuracy in datasets with complex
semantic relationships. Models such as Random Forests
and ensemble classifiers benefit from dense embeddings,
achieving better generalization. The incorporation of
semantic information enables classifiers to capture
contextual nuances, leading to improved recall and F1-
scores.

k-NN models exhibit sensitivity to feature representation,
performing better with TF—IDF in sparse spaces but
showing improved semantic clustering with GloVe
embeddings. However, computational complexity
increases with dense vectors, affecting scalability.

Random indexing-based approaches provide a balanced
trade-off, offering improved performance over TF—IDF
while maintaining computational efficiency (Sahlgren,
2005). This highlights its potential as a scalable
alternative for large datasets.

Overall, the results indicate that no single representation
universally outperforms others; instead, performance
depends on dataset characteristics and classification
objectives.

Discussion

The findings underscore the critical role of feature
representation in determining classification performance.
TF-IDF remains a robust and interpretable method,
particularly  suitable  for applications requiring
transparency and low computational overhead. Its
effectiveness in high-dimensional sparse spaces aligns
with theoretical expectations from information retrieval
research (Jones, 2004).

GloVe embeddings, however, offer significant
advantages in capturing semantic relationships, enabling
improved performance in complex classification tasks.
This aligns with the growing adoption of representation
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learning in NLP (LeCun et al., 2015). The integration of
GloVe with supervised algorithms demonstrates how
semantic understanding enhances model generalization.

The study also highlights the relevance of random
indexing as a hybrid approach. By combining statistical
efficiency with semantic approximation, it addresses
limitations of both TF-IDF and dense embeddings
(Sahlgren, 2005). This suggests potential for further
research in scalable representation learning.

However, trade-offs remain. Dense embeddings require
higher computational resources and may reduce
interpretability. Ensemble methods improve accuracy but
increase model complexity. Additionally, performance
varies across datasets, emphasizing the need for context-
specific model selection.

Comparisons with existing literature confirm that
combining feature engineering with appropriate
classifiers is crucial for optimal performance (Kowsari et
al., 2019). The study contributes by providing a unified
framework for evaluating these combinations.

Conclusion

This research presents a comprehensive comparative
analysis of TF-IDF and GloVe-based feature
representations in supervised text classification. The
study demonstrates that while TF—IDF offers simplicity
and efficiency, GloVe embeddings provide superior
semantic  understanding, leading to  improved
classification performance in complex datasets.

The integration of multiple supervised algorithms
highlights the importance of aligning feature
representation with classifier characteristics. Random
indexing emerges as a promising intermediate approach,
offering scalability and semantic approximation.

The research contributes to the field by providing a
structured framework for evaluating feature—classifier
combinations, supporting informed decision-making in
practical applications. Future work may explore hybrid
models integrating TF-IDF, embeddings, and deep
learning architectures to further enhance performance.
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