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Abstract. Text classification plays a strong role in organizing and receiving meaningful in-
formation from huge collections of both unstructured and structured data. Considering the
immense progress of digital contents across the domains, the manual categorization has be-
come unrealistic, paving the way for automated classification techniques generated by data
mining, natural language processing (NLP), and machine learning. Traditional approaches
depend heavily on handcrafted features and classical classifiers, but recent advancements in
deep learning and graph-based methods have significantly enhanced performance by activat-
ing automatic feature extraction and better contextual representation results for the text. This
paper provides a comprehensive review of document classification methods, tracking the evo-
lution from rule-based and statistical models the importance of preprocessing, feature engi-
neering, and dataset availability. Moreover, the study identifies unresolved research challeng-
es related to classification effectiveness, model comprehensibility, and scalability of the pro-

posed approaches.

Keywords: Natural language processing, preprocessing, Text classification.

1 Introduction

The growth of digital information in online and offline sources in the reason for the inevitable
utility of text classification research. Text mining is needed to turn raw text into relevant in-
sights as enormous amounts of unstructured data generated daily. Text mining uses NLP, Da-
ta Mining, and Machine Learning to find patterns, correlations, and meaningful information
in text. The inability of humans to search through all accessible documents led to the devel-
opment of document classification. Automatic categorizing of documents could greatly sim-
plify this process. Text categorization categorizes documents into predetermined groups. The
concept of classification is broad and has numerous uses outside information retrieval (IR).

Text classification is used in spam detection, sentiment analysis, obscenity detection, email
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sorting, and topic-specific or vertical searches. The Paper [1] denotes text classification as a
key NLP task with applications in multiple domains and focuses on graph convolution net-
work (GCN)-based approaches. compares their performance on benchmark datasets, high-
lights, strengths and limitations, and outlines future challenges and research directions. The
research Paper [2] provides a comprehensive review of text classification from 2014-2022,
comparing traditional and deep learning approaches across tasks, datasets, and metrics, while
highlighting strengths, limitations, and future directions. This paper [3] talks about current
representation issues in long document classification, provides a comprehensive analysis of
Transformer-based solutions, and reviews evaluation strategies with a focus on suitable base-
lines and benchmark datasets.

This paper [4] states about the impact of digital transformation in the public sector, showing
how technologies like Al, block chain, chat bots, cloud, and 10T enhance efficiency, transpar-
ency, service delivery, and modern governance. The paper [6] reviews challenges in handling
unstructured data and highlights semantic approaches for improving text document classifica-
tion. The research paper [7] reviews deep learning for long documents, encompassing classi-
fication, summarization, sentiment, with a model taxonomy and datasets highlights key chal-
lenges. The paper [8] takes on the hierarchical text classification, covering traditional and
recent methods, datasets, and hierarchy-aware evaluation, and benchmarks models against
non-hierarchical baselines. The paper [9] surveys graph neural network methods for text clas-
sification, covering graph construction, learning, datasets, and evaluation, and highlights
pros, cons, and future directions. The Paper [10] reviews Arabic Text Classification (ATC),
categorizing studies by topics, tasks, and processing phases, highlights challenges, applica-
tions, and benchmark needs, and suggests future research directions. The Paper [11] deals the
Survey Handwritten Text Recognition (HTR) for French historical documents, reviews tech-
niques, datasets, accuracies, and commercial systems, and highlights state-of-the-art methods
and future research directions.

2 Related works

This Paper [12] discusses about Reviews deep learning approaches for multi-label learning
(MLC), covering DNNs, transformers, auto encoders, CNNs, and RNNs, highlights challeng-
es like high-dimensional data, label correlations, and partial labels, and offers a comparative
analysis, open research problems, and future directions. The Paper [13] deals with the text

document classification and text mining techniques, emphasizing representation methods,
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machine learning approaches, and open challenges. The paper [14] explains about embed-
ding-based approaches to text classification, reviewing feature representation advances, ef-
fective technique—embedding combinations, and highlighting challenges such as multi-label
classification, cost-effectiveness, and the use of knowledge graphs. This Paper [15] discusses
challenges in classifying unstructured text data, reviews term-based vs. semantic approaches,
and highlights algorithms, techniques, and stages of text document classification. The Paper
[16] discusses about the recent advances in text classification, contrasting traditional feature-
based methods with deep learning approaches. The paper [17] enunciates the classification
based on semantic enriched for subject categorization. The article [18] discusses traditional,
static, and contextualized word embeddings, highlighting BERT’s effectiveness and future
research directions in improving word representation. The Paper [19] deals with unstructured
data management through document classification, noting the drawbacks of Bag-of-Words
and n-gram models, and uses neural networks as a superior approach for effective feature
extraction and contextual word representation. This paper [20] elaborates recent advances in
applying deep learning to historical document analysis, reviewing tasks, models, datasets, and
highlighting emerging research trends and future directions.

The Paper [21] discusses the exponential growth of unstructured data and highlights text min-
ing as a valuable tool for knowledge extraction. It emphasizes text classification using prede-
fined categories and addresses the need for incremental learning to handle dynamic data-
bases, reviewing various machine learning algorithms, classifier architectures, and applica-
tions in this context. The Paper [24] discusses the growing volume of digital text documents
and the challenge of high-dimensional feature space in text classification. It highlights how
feature selection and feature extraction techniques reduce dimensionality and improve per-
formance, and further reviews various classifiers for document categorization. The Paper [25]
explain about with Question Answering Systems (QASS), tracing their development from
restricted-domain systems to modern approaches. It surveys and classifies QASs based on
multiple criteria, highlights the current research status, and suggests directions for future
work. The paper [26.] discusses a systematic literature review on text classification from
2013 to 2022, encasing 110 studies. It highlights the three main stages of classification (data
preparation, classifier training, and evaluation), reviews commonly used technologies and
datasets, and identifies the growing dominance of deep learning methods such as RNNs,

CNNSs, and Transformers in this field. The Paper [27] is a thorough analyzer of text mining
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techniques for extracting patterns from unstructured and ambiguous data on social network-
ing sites. It reviews recent advances with a focus on classification and clustering approaches
for analyzing social media text. The paper [28] explains about document clustering, compar-
ing traditional methods, which ignore word semantics, with semantic clustering that uses
meaningful relationships for improved accuracy. It surveys 17 studies, key challenges, tools,
ontologies, and algorithms, and uses a system using concept weight with Hierarchical Ag-
glomerative Clustering, Bisecting k-means, and Self-Organized Map Neural Network based
on WordNet ontology. The paper [29] narrates about text classification, reviewing methods
for organizing digital documents. It summarizes existing studies on document representation,
feature selection, data mining, and evaluation techniques illustrating it in a tabular form to
show progress in the field.

3 Preprocessing steps

The dataset was collected from Kaggle and GitHub. The applied preprocessing techniques
includes converting text to lowercase, removing stop words, stemming, lemmatization, to-
kenization, and count vectorization. After preprocessing, the data was divided into training
and testing sets for applying the methods. It has been observed during the recent years that
there has been tremendous progress in automatic text classification, utilizing machine learn-
ing methods like Bayesian classifiers, Decision Trees, K-nearest neighbor (KNN), Support
Vector Machines (SVMs), Latent Semantic Analysis. Automatic text classification often uses
supervised learning techniques, assigning pre-defined category labels based on a training set
of tagged documents. Some of the strategies are listed as below:

A. Change the text in to lower case

After collecting the raw data, the data text is converted into a lower case. The texts are
changed into correct format.

B. Stop words removal

In NLP, stop words are common words like the, is, in, and, of, that, do not have a signifi-
cance. Hence, they are often taken out of text before it is processed to make natural language
processing jobs faster and more accurate.

C. Stemming

Stemming in NLP is a text preprocessing technique that reduces words to their root or stem,

often by removing suffixes, to group related words together.
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D. Lemmatization

Lemmatization is an essential process in Natural Language Processing (NLP) that breaks
down words into their simplest form, which is called a "lemma." It is like at the meaning and
part of speech (POS) of the word and makes sure that the base form is a legal word, unlike
stemming which removes the prefixes and suffixes.

3.1 Tokenization

One of the top priorities given in NLP, the tokenization is the most important. In order to per-
form this, a text input is broken up into smaller pieces called tokens. The tokens can be let-
ters, words, phrases, or whole lines.

3.2 Feature extraction

The feature of Feature extraction involves, finding and extracting useful variables or qualities
from raw data. These created features make the dataset more informative and compact and is
used for classification, prediction, and clustering.

3.3 Feature selection

The Feature selection is specifically designed to identify, the most relevant input variables,
making models simpler, faster, less overfitted, and easier to interpret by removing irrelevant
or redundant features.

3.4 Label encoding

Label encoding is a basic data preprocessing technique, which is found very reliable to con-
vert categorical data into a numerical format, suitable for machine learning models. Many
algorithms cannot process non-numeric values, making encoding a necessary step when

working with features such as colors, different types of shapes, subject, and the likes.

Input —— Preprocessing |— > Feature extraction

|

Prediction |« Training & Testing Classification
: model

Fig. 1. Flow method for the classification
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4. Classification techniques

4.1 Bayesian classifiers

Machine learning classification method called as Naive Bayes predicts the data point catego-
ries using probability. It assumes all features are independent. Naive Bayes excels at spam
filtering, document categorization, and sentiment analysis. The paper [5] deals with multi
nominal naive bayes for classifying document with indexing system.

4.2 Decision Trees

A Decision Tree assists in decision-making by outlining various options and their potential
results. It is utilized in machine learning for tasks such as classification and prediction. It has
root nodes with different internal nodes and leaf nodes. The paper [22] talks about the auto-
matic document classification using text mining. It proposes a framework that classifies doc-
uments into folders based on content, performs sentiment analysis, and also summarizes the
datasets. The methodology includes document collection, preprocessing, TF-IDF term
weighting, classification using Decision Tree, and evaluation/visualization of results. TF-IDF
ranks terms by importance, while the Decision Tree decides the appropriate document folder.

4.3 K-nearest neighbor (KNN)

K-Nearest Neighbors (KNN) is a supervised machine learning algorithm which predominant-
ly serves for classification, though it is also applicable to regression tasks also. The method
operates by identifying the "k" nearest data points (neighbors) to a specified input and formu-
lates predictions based on the predominant class (for classification) or the mean value (for
regression). KNN does not make assumptions regarding the underlying data distribution,
classifying it as a non-parametric and instance-based learning method. The paper [23] deals
with document classification of unstructured text. It enunciates upon the term vector space
models for representing documents and addresses the high-dimensionality issue by proposing
a term space reduction approach for the KNN algorithm.

4.4 Support Vector Machines (SVMs)

A Support Vector Machine (SVM) is a supervised machine learning algorithm that is com-
monly employed for tasks such as classification, regression, and outlier detection. The meth-
od operates by identifying the optimal decision boundary, referred to as a hyperplane, which
effectively distinguishes between data points belonging to different classes. The objective of
SVM is to optimize the margin, defined as the distance between the hyperplane and the clos-

est data points from each class. The essential data points that determine the position of the
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hyperplane are referred to as support vectors. By concentrating on these aspects, SVM devel-
ops a strong model that excels in handling intricate datasets. In explicit terms, it has been
learned that SVM is establishing the broadest possible boundary between categories, ensuring
distinct separation and minimizing misclassification.

4.5 Latent Semantic Analysis

Latent Semantic Analysis (LSA) is a technique used to unveil hidden meanings within the
text. It analyzes how words occur across different documents and identifies patterns in their
usage. Rather than simply counting word frequencies, LSA focuses on understanding the con-
text and relationships among words. The process involves converting text into a large word—
document matrix and then reducing it mathematically to retain only the most significant fea-
tures. This allows computers to group the related words and documents based on meaning,
rather than relying solely on exact word matches. The paper [21] explains about text docu-
ment classification using a parsimonious CNN. It presents a CNN architecture with parallel
1D convolutional layers (1-5 word windows) leveraging LSA word vectors. The study evalu-
ates the model on balanced and imbalanced datasets, showing that the CNN with LSA vectors
outperforms linear classifiers and achieves high classification accuracy, making it a strong
baseline for text classification tasks.

4.6 Logistic regression

Logistic regression is a supervised learning approach used in Natural Language Processing
(NLP) to classify text, such as spam detection. It uses the sigmoid function to translate nu-
merical representations of text properties like Bag-of-Words word counts into probabilities.
This lets the model forecast with the plausibility and categorize inputs. Logistic regression is
commonly used in sentiment analysis and document categorization to classify and emotional-
ize material.

5. Result

Table 1 presents a survey of recent text classification studies, highlighting the methods and
datasets used across various application domains. The reviewed literature shows a transition
from traditional machine learning techniques to advanced deep learning, graph-based, trans-
former-based, and LLM-driven approaches.Several studies employed CNN, RNN, and GNN
architectures for document classification tasks [1], [2], while logistic regression and kernel-
based methods were applied to technical document classification [3]. Deep learning tech-

niques were also adopted for legal document classification [4], Spanish language document
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classification [5], and fake news detection using BERT [6].Recent research has increasingly

focused on graph-grounded learning, interpretable classification, contrastive learning, and

word encoding techniques to improve classification performance and semantic understanding

[7]-[10]. Advanced approaches such as transformer-based active learning frameworks [11],

dual-encoder models for extreme multi-label classification [12], LLM latent-space categori-

zation methods [13], and domain-aware attention mechanisms [14] further demonstrate the

evolution of text classification methodologies.The studies utilized a wide variety of datasets,
including Al-Khaleej, Reuters, Ohsumed, AG News, POSTURES50K, Wikipedia, Cora,
DBPedia, Reddit, Dreaddit, LitCovid, and EURLex-4K [1]-[15].This diversity indicates that

modern text classification techniques are being applied across multiple domains such as doc-

ument management, healthcare, legal analytics, social media analysis, fake news detection,

and multi-label classification.

Table 1. Survey on text classification

No | Name of the topic Published | Method Dataset used

ear

1 | An effective approach for >2/022 CNN Al-Khalegj
Arabic document classifi-
cation using machine
learning[1]

2 | Document Classification | 2022 CNN,RNN Reuters 90?
with Hierarchical Graph and GNN Oshumed®
Neural Networks[2] AG news'’

3 | Deep learning for tech- | 2022 Logistic  re- | Patent documents
nical document classifica- gression  or
tion[3] kernel method

4 | Multi label legal docu- | 2022 State of the | POSTURE50K
ment classification: A art Multi-label datasets
deep learning based ap-
proach with label atten-
tion & domain specific
pre training[4]

5 | Document Classification | 2022 Crawling pro- | Google, Wikipedia
system for the Spanish cess,  NLP, | dataset
language[5] Deployment

process

6 | Overview of the CLEF- | 2022 Bert English and ger-
2022 CheckThat! Lab: man subtask
Task 3 on Fake News De-
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tection[6]

7 | Augmenting Low- | 2023 Graph text | Cora,Art, Industri-
Resource Text Classifica- model al,M.1
tion with Graph-

Grounded Pre-training
and Prompting[7]

8 Interpretable  Classifica- | 2023 Stream based | Media wilki
tion of Wiki-Review classification
Streams [8]

9 | AspectCSE: Sentence | 2023 multi-aspect PwC dataset
Embeddings for Aspect- embeddings Wikimedia Dataset
based Semantic Textual
Similarity Using Contras-
tive Learning and Struc-
tured Knowledge[9]

10 | Improving text classifica- | 2023 Word encoder | 20NG dataset,
tion via a soft dynamical AG’s News dataset,
label strategy[10] DBPedia  dataset,

FDCNews dataset,
SST-2 dataset

11 | Transformer-based active | 2024 SOAP based | i2b2 National Cen-
learning for multi-class framework ter, Partners
text annotation and classi- E'g?r:th‘ﬁ:zél Dir;d
fication{11] coness Medical

Center

12 | Dual-Encoders For Ex- | 2024 Dual encoder | EURLex-4K  and
treme Multi-Label Classi- LFAmazonTitles-
fication[12] 131K

13 | Contextual Categorization | 2024 Hierarchical Wikipedia
Enhancement  through Navigable
LLMs Latent-Space[13] Small Worlds

(HNSWs) bert

14. | AttentionDep: Domain- | 2025 AttentionDep, | Reddit datasets,
Aware Attention for Ex- a domain- | Dreaddit dataset
plainable Depression Se- aware  atten-
verity Assessment[14] tion model

15 | One size does not fit all: | 2025 Word embed- | MLTC
exploring variable ding -glove LitCovid

Reuters

Thresholds for distance-
based multi-label text
Classification[15]
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Table 2 presents the performance evaluation metrics of various document and text classifica-
tion approaches reported in recent studies. The results indicate that deep learning and trans-
former-based models generally achieve superior classification performance compared with
traditional methods. Among the reviewed works, CNN-based Arabic document classification
[1] and the soft dynamical label strategy [10] achieved the highest accuracies of 98% and
99%, respectively, demonstrating the effectiveness of deep learning architectures for docu-
ment categorization. Similarly, Hierarchical Graph Neural Networks (GNNs) [2] and the
Spanish language document classification system [5] reported accuracies of 97%, highlight-
ing the benefits of graph-based representations and language-specific processing tech-
niques. Transformer-based approaches also showed strong performance. The SOAP-based
active learning framework [11] achieved 97% precision, recall, and F1-score, with an overall
accuracy of 95%, indicating balanced and reliable classification. In contrast, the BERT-based
fake news detection model [6] obtained lower results (Precision = 0.44, Recall = 0.44, F1-

score = 0.42), suggesting the increased difficulty of misinformation detection tasks.

Table 2: Performance Evaluation metrics on classification

Name of the topic Method Performance measures
No Precision | Recall | F1 Accuracy
score
1 | An effective approach for | CNN - - - 98
Arabic document classi-
fication using machine
learning[1]
2 | Document Classification | CNN,RNN and | - - - 97
with Hierarchical Graph | GNN
Neural Networks[2]
3 | Deep learning for tech- | Logistic regres- | - - - 0.96
nical document classifi- | sion or kernel
cation[3] method
4 | Multi label legal docu- | State of theart | 0.87 0.66 |0.75 |-
ment classification: A
deep learning based ap-
proach with label atten-
tion & domain specific
pre training[4]
5 | Document Classification | Crawling  pro- | - - - 97
system for the Spanish | cess, NLP, De-
language[5] ployment pro-
Ccess
6 | Overview of the CLEF- | Bert 0.44 0.44 0.42 | 0.56
2022 CheckThat! Lab:
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Task 3 on Fake News
Detection[6]
7 | Augmenting Low- | Graph text | - - 80.08
Resource Text Classifi- | model
cation  with  Graph-
Grounded  Pre-training
and Prompting[7]
8 | Interpretable Classifica- | Stream  based | 0.84 0.83 |0.81 |0.96
tion of Wiki-Review | classification
Streams [8]
9 | AspectCSE: Sentence | multi-aspect 0.55 0.16 -0.55
Embeddings for Aspect- | embeddings
based Semantic Textual
Similarity Using Con-
trastive Learning and
Structured Knowledge[9]
10 | Improving text classifica- | Word encoder - - 99
tion via a soft dynamical
label strategy[10]
11 | Transformer-based active | SOAP based | 0.97 0.97 0.97 |0.95
learning for multi-class | framework
text annotation and clas-
sification[11]
12 | Dual-Encoders For Ex- | Dual encoder 0.86 0.91 0.91
treme Multi-Label Clas-
sification[12]
13 | Contextual Categoriza- | Hierarchical - - 0.74
tion Enhancement | Navigable
through LLMs Latent- | Small  Worlds
Space[13] (HNSWs) bert
14. | AttentionDep: Domain- | AttentionDep, a - - 0.91
Aware Attention for Ex- | domain-aware
plainable Depression | attention model
Severity Assessment[14]
15 | One size does not fit all: | Word  embed- | 67.90 79.67 | 73.31|0.89
exploring variable ding -glove
Thresholds for distance-
based multi-label text
Classification[15]

For multi-label classification, Dual-Encoders [12] demonstrated strong effectiveness with

0.86 precision, 0.91 recall, and 0.91 accuracy, while the legal document classification ap-

proach [4] achieved an F1-score of 0.75. The graph-grounded pre-training model [7] obtained

an F1-score of 76% and 80.08% accuracy, showing the usefulness of graph-enhanced repre-

sentations in low-resource settings. Overall, the findings suggest that deep learning, trans-

former-based architectures, graph neural networks, and attention mechanisms consistently
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provide high classification performance, with accuracies ranging from 74% to 99% depend-
ing on the complexity of the dataset and task. The results confirm that advanced neural ap-
proaches are highly effective for modern text and document classification applica-
tions.Overall, the survey indicates that recent text classification research is increasingly fo-
cused on transformer models, attention mechanisms, graph neural networks, and LLM-based
techniques, with applications spanning document classification, healthcare, legal analytics,
fake news detection, sentiment analysis, and multi-label text categorization. The diversity of
datasets further demonstrates the adaptability of modern classification methods across differ-
ent domains and languages.

6. Conclusion

The comparative study paper is done based on the application of approach, Technique, the
data source, feature construction used, and Quantitative evaluation, in the respective papers.
It shows the performance compared with the existing method. In this paper we survey and
have analyzed compared various classification techniques such KNN, Naive Bayes, Logistic
regression, Latent semantic Analysis, SVM, decision Tree and more. The challenges are in-
vestigated and a Novel approach for the documents representation and classification infusing

the big data can be proposed as future work.
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