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Abstract. Text classification is a cornerstone natural language processing (NLP) task
that involves giving predetermined labels to a given text. Its applications span several
domains, including topic modeling, fake news detection and sentiment analysis. Text
categorizing is extended and highlights domain specific applications and ensemble
models in text classification research. Modern deep learning strategies, modern hybrid
models, and an overview of text classification methods are provided and covered
classical techniques. We discuss key challenges such as handling imbalanced datasets,
domain adaptation, and interpretability. Additionally, we explore emerging trends,
including multimodal classification, and the integration of large language models. We
focus on giving discernments into the development of text classification, emphasize its
current state, and describe future directions in research.
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1 Introduction

Text classification involves the process of categorizing or labeling text data into
predetermined labels or classes. In NLP, Text classification is a vital task. Text data is
divergent from image, numerical, analog data [2]. Text data is processed by using
NLP techniques. It can elicit from various sources, such as Web scraping, Language
corpora, Social media, chats, reviews, insurance claims, News, Interviews and Survey
responses along with others. Data in Text form is unstructured nature. Extracting the
meaningful information from the text can be more difficult and time consuming.
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Manual text annotation or auto labeling are used to analyze the text data. With the
rapid growth of text data in commercial and industrial applications, automatic text
classification is more significant.

Text classification models accentuate the designing of classifiers and extracting of
features traditionally. Once extracting the characteristics from text, it can be quickly
assembled by training the classifier.

1.1 Traditional approaches

Rule-Based Systems: Early methods depended on IF-THEN rules and keyword
matching, such as using regular expressions for specific patterns.

ML Models: Naive Bayes, Logistic regression, SVM, Decision Tree & Random
forest and k-Nearest Neighbors (KNN) algorithms were foundational in text
classification. Feature engineering, such as bag-of-words (BoW) and Term
Frequency-Inverse Document Frequency representations, played a crucial role in
these methods. Automatic semantic representations for text mining were provided by
deep learning approaches and avoiding designing rules and feature engineering by
humans. Therefore, the ongoing research is based on Deep learning methods such as
Neural Networks with large computational complexity.

1.2 Neural Network-Based Approaches

Word Embedding Techniques: Global Vectors(GloVe), FastText and
Word2Vec(CBOW, Skip-gram) introduced dense vector representations, capturing
semantic relationships between words.

Deep Learning Methods: Recurrent Neural Networks (RNNs), Long Short-Term
Memory networks (LSTMs), and Convolutional Neural Networks (CNNs) enhanced
performance by capturing sequential and local dependencies in text. Convolutional
Neural Network, LSTM, Attention, Transformers, Capsule Nets and Recurrent Neural
Networks(RNN) increased performance by capturing sequential and local
dependencies in text.

1.3 Transformer Models

Transformers, introduced by Vaswani et al. (2017), revolutionized text classification.
Methods such as RoBERTa, BERT and Generative Pretrained Transformer fine-tune
pre-trained language representations for specific tasks, achieving state-of-the-art
results.

Prompt-based Learning: Recent models like ChatGPT and T5 utilize prompts to
classify text with few-shot or zero-shot learning capabilities.
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The traditional model enhances performance of text classification by extending
classifier design and feature engineering [2]. In opposition to, deep learning
techniques improve model performance by structure and learning approach of model,
and additional information and data.

1.4 Hybrid Approaches

Combining traditional machine learning with neural networks, such as using SVM
with word embedding. Ensemble techniques such as Bagging (Random Forest),
Stacking, Voting and boosting (e.g., XGBoost) for robust performance.

2 Literature Review

In this section, text classification is summarized from various domains such as fake
news detection, sentiment analysis, topic modeling. Several deep learning techniques
have been proposed for automatically providing semantically meaningful
representations for text mining over the past few years. In this paper, a few of the
works have been briefly explored.

S Bhowmik et al. (2024) [3] developed a three domains based hybrid DL model and
their results show the rigid performance with high accuracy (99.55%, 97.57%, and
93.00%) for spam detection, fake news and cyberbullying domains achieved by CNN-
LSTM hybrid, Convolutional Neural Network and CNN models accordingly.

SM Jaybhaye et. al. (2023) [4] proposed a model which is based on LSTM and trained
on a news article dataset and Obtained an accuracy of 94% to identify fake news and
exhibit the capability of LSTM-based approach for detection of fake news. Machine
Learning algorithms namely Logistic regression and Random forest models unveiled
the maximum accuracies tested with the LSTM based model.

A hybrid DL based technique was presented by JA Nasir et. al. (2021) [5] to combine
RNN and CNN neural networks for identifying the fake news. Analysis of two
different nature datasets ( ISOT dataset with 99% accuracy and FA-KES dataset with
60% accuracy ) exhibit greater results than the non-hybrid based models.

A FNU-BiCNN model was suggested by R Sandrilla et. al. (2022) [6] for voting
ensemble classifier accomplished with 99.99% accuracy for identifying FakeNews as
well as comparing it with several machine learning algorithms. This proposed model
trained DL models such as Convolutional Neural Network and Bi-Long Short Term
Memory with ARIMA with the datasets.
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Table 1. Advantages & limitations of several text classification models with
accuracy.
Model Dataset Accurac | Advantages Limitations
y
CNN-LSTM Spam 97.57% They used long | Different
Hybrid emails paragraphs up to 3500 | accuracy has
words for training. | been given on
The model  was | various
compared by three | domains using
domains. the proposed
model.
LSTM  based | News 94% The model can also | Additional
DL articles achieve a browser | research is
extension for | needed to
identifying fake news | enhance  the
articles. In this model, | performance
several other domains | and accuracy
can apply the | of fake news
proposed algorithm. detection
systems
particularly
different kinds
of datasets.
FNU-BiCNN Fake News | 99.9% This model was | In this model,
model and URL integrated with an | Various ML
dataset ARIMA model and | and other
from CNN to hold out the | models were
kaggle expected results, | compared but
obtaining a  high | different
accuracy. domains were
It identifies FN and | not discussed.
fake URLs by
analyzing the

exactness of a report
and prognosticating
its validity.
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Hybrid CNN- | ISOT 99% Two  fake news | As shown in
RNN model datasets of different | this work, such
FA-KES 60% nature showed the | models tend to
results (100% | work well on a
accuracy on ISOT & | specific
60% accuracy on FA- | dataset, but do
KES) with higher | not generalize
accuracy than the | well.
non-hybrid based | This  model
models. suggested
generalization
of models for
fake news
detection.
DLMNN Based | Twitter 91.65% By using Twitter | The proposed
model database data, a better model | model worked
for sentiment analysis | on specific
was achieved in this | features as
model. It extracted | well as data
the features as | but not
emoticons and non- | generalized.
emoticons.
Spam 88% Used image | Without
LSTM and | filtering augmentation to | careful tuning,
DNN based improve dataset | models might
model quality, contributing | overfit,
to  better  model | especially
generalization. when  using
Achieved an AUC | augmentation
(Area  Under the | and deep
Curve) over 0.9 in all | architectures.
cases, indicating | Deep learning

strong accuracy.

techniques can
be time-
consuming to
train,
particularly
when applying
Transfer
Learning and
augmentation
techniques.
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Table: 2 Summary of various text classification models with datasets and accuracy.

Model Dataset Accurac | Author Domain
y
CNN-LSTM Spam emails | 97.57% S spam filtering
Hybrid Bhowmik
s S
Sultana
LSTM based DL News 94% Sangita Fake news
articles M. detection
Jaybhaye
FNU-BiCNN Fake News 99.9% R.Sandril | Fake news
model and URL la detection
dataset from
kaggle
Hybrid CNN-RNN | ISOT 99% Jamal Fake news
model Abdul detection
Nasir
FA-KES 60%
DLMNN Based Twitter 91.65% S, Sentiment
model database Neelakan | analysis
dan
Malware& 88% Alberto Malware
LSTM and DNN | SPAM Miranda- | detection, and
Dataset Garcia SPAM detection

based model
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Fig.1. Graph on different text classification models.

D Paulraj et. al. (2024) [7] suggested an expert sentiment analysis model on Twitter
data. The data is preprocessed which involves, stemming, Lemmatization,
tokenization, removing of stop words and numbers, etc. The suggested model
extracted features such as emoticons and non-emoticons and resulting features are
ranked with their deliberate definition.

A Miranda-Garcia et. al. (2024) [8] introduced a practical method in cybersecurity
and indicated its capability to address the security problems especially malware
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detection, SPAM detection, and adult content filtering problems and it provides
accuracies more than 0.88.

Table: 2 An overview of evaluation metrics in various text classification models

Model Accurac | Precision | Recall | F1-Score | AUC
Yy
Hybrid CNN- | 99% 0.99 0.99 0.99 99%
RNN
FNU-BiCNN | 99.99% 1.00 1.00 1.00 99.9%
model
FND Model 96.89% | 0.96 0.968 0.9781
96.77%
DNN Model 88% 0.88 0.87 0.86 0.94
105%
100%
95%
90%
85%
BO%
75%
Accuracy Precision Recall F1-5core

W Hybrid CNN-RNN - ® FNU-BICNN madel m FND Model ® L5TM and DNN based model

Fig.2. Graphical representation of various evaluation metrics
of different models.

3. Conclusion
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Text classification has evolved from rule-based systems to sophisticated transformer-
based architectures, unlocking numerous possibilities in NLP applications. While the
field has achieved remarkable progress, challenges like data scarcity, model explain
ability, and fairness remain active areas of research. Emerging trends and innovations
promise to further expand the boundaries of what text classification can achieve.
Emerging paradigms, such as few-shot and zero-shot learning, multimodal
frameworks, and large-scale pre-trained models, hold promise for overcoming these
limitations. As text classification continues to integrate with real-world applications,
addressing ethical considerations like bias mitigation and fairness will be paramount.
This study serves as a roadmap for researchers and practitioners, offering a foundation
for further exploration and innovation in text classification.
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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