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Abstract— While social media has enabled the broad dissemination of user perspectives, it has
also generated an immense volume of unstructured text requiring sophisticated categorization
techniques. This comprehensive literature review explores advances in deep learning mod-els
tailored for extreme multi-label text classification of social media content. Significant progress
includes the development of neural architectures like convolutional networks, re-current
networks, and transformer models such as BERT, markedly improving the scala-bility,
accuracy, and interpretability of classification tasks. Transformer models like BERT have
transformed the field by facilitating a richer comprehension of multifaceted social media posts,
enabling more precise label predictions. However, classifying social media presents unique
difficulties due to its high dimensionality, and sparse and imbalanced distributions that
challenge model training. Emerging approaches address these hurdles, such as label
partitioning, attention mechanisms, and hybrid architectures, strengthening model robustness
and efficiency. Nonetheless, building interpretable, real-time applicable systems capable of
adapting to social media's dynamic nature remains an ongoing challenge. This analysis provides
a thorough overview of the deep learning state-of-the-art for multi-label classification and
outlines future directions to resolve lingering issues in this rapidly advancing domain. The
findings are intended to guide next-generation model development better suited to social
media's intricate classification demands.

Keywords— Extreme Multi-Label Text Classification (XMTC), Multi-Label Classification, Deep
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1. INTRODUCTION

With the onset of the digital information age, social media has proved to be a powerful instrument of
communication characterized by vast amounts of user-generated data. The recent rise of social media content has
also opened up exciting challenges and opportunities for information extraction and analy-sis. One of the key
processes that involved with this data is to efficiently recognize and categorize text, particularly more so in
XMTC. XMTC describes when hundreds of thousands or even millions of possible categories, the method for
assigning a set of relevant labels to each document from an enormous universe of labels [1]. As a re-sult, this
presents unique challenges, in the form of data sparsity and scalability problems, that have driven advances in
innovative machine learning techniques.
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Text classification is an important task that goes beyond mere categorization. It has wide-ranging implications
on multiple application do-mains, such as information retrieval, question answering, text summarization, and
natural language understanding [3].

In the social media world, accurate categorization can play key roles in different areas like business analytics,
healthcare surveillance and public safety [4].

Over the few past years a shift to deep learning methodologies for complex text categorization tasks. CNN,
LSTM and their variations showed encouraging results in handling the nuances of social media content [5].
These models are able to recognize complex patterns and relationships in data usually out-smarting traditional
machine learning methods. Deep Learning is of high importance in the field XMTC Over various benchmark
datasets, CNN-based methodologies have always produced state-of-the-art results. This example showcases the
power of deep learning in addressing challenges posed by extreme multi-label scenarios.

However, their architectural configuration is not the only factor that will determine how effective these models
are. It is where text representation and feature extraction techniques play the key part. We study methods
including Term Frequency-Inverse Document Frequency (TF-IDF), Word Article Matrix (WAM) and word
embedding models such as,Word2Vec, GloVe, and fastText to better classify them [6].

At the same time, bringing more contextual information in advance of simple text improved classifica-tion
results. Deep learning frameworks integrated with user behavioral data and sentiment analysis have been
proposed to improve the interpretation of social media messages [7]. In practice, several label sets may include a
hierarchical structure, which adds further complexity to the assignment of cat-egories. Methods such as
Hierarchical Label Set Expansion (HLSE) have been proposed to improve label refinement and increase
classification performance in these settings [8].

Challenges: Despite the significant recent progress made in the field of extreme multi-label text cate-gorisation,
challenges still remain.

» Need of richer, enhanced method of training with larger datasets

» Models that generalize across multiple domains and languages

» Ability to deal with changes in label spaces over time (e.g., in liquid social media settings)

In this literature review, we aim to give a complete overview on the recent progress in terms of deep learning
architectures for extreme multi-label classification on social media content detection. In this post, we will review
many different architectures of models, and methods for feature extraction and evaluation both in past research
literature.

In addition, we will evaluate the difficulties and limitations of current procedures and point out poten-tial new
directions for further studies. This study aims to detail the most relevant approaches for deal-ing with XMTC in
social media contexts integrating information from several research works. We will test our approach on various
applications — besides broad topic categorization, we selected more spe-cialized tasks, like extremist material
detection [9] or identifying violent posts [10].

Furthermore, we will investigate the potential of novel techniques such as:

» Cross-event Twitter topic classification using CNN models [11]

» Feature-reduction approaches for violence detection in Arabic dialects [12]

» Bidirectional association-based pooling layers for acquiring high-level features and labels [13]

These techniques aim to improve classification performance without relying on explicit topological organization
of the data. Through this comprehensive review, we aim to provide researchers and practi-tioners with a solid
foundation for developing and implementing high-efficiency DL architectures for intense multi-label social
media text classification. Our findings will contribute to the ongoing efforts to harness the extensive data
provided in social media, ultimately leading to more effective and insight-ful analysis of online discourse.

II. BACKGROUND AND RELATED WORKS

The advancement of social media has led to a remarkable amount of user-produced information, creat-ing both
possibilities and difficulties in text classification. Extreme Multi-Label Text Classification (XMTC) has become
crucial in managing and analyzing this extensive unstructured data. [14] outlines various processes for sentiment
analysis using popular machine learning algorithms on social media content. The study compares existing ML
algorithms in Assessing digital reviews, finding that SVM outperforms Naive Bayes in accuracy.

In a related advancement, [15] introduces a news text classification method that combines deep learn-ing
algorithms. This study presents a customized DCLSTM-MLP model that processes text with both word vector
and word dispersion. This approach addresses issues related to text length and feature ex-traction, achieving
improved accuracy, recall, and overall performance compared to other models. [16] focuses on detecting and
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classifying toxicity in social media using Bidirectional Encoder Representa-tions from Transformers (BERT).
This research fine-tunes the BERT and its weights in a toxic comment labeled dataset, evaluates the models to
detect and evaluate the toxicity of twitter data surrounding UK Brexit incorporating how sensitive model can be
used for leveraging detrimental effects of social media discourse due to toxicities.

[17] introduces the DeepXML architecture to deal with scalability and accuracy issues in deep extreme multi-
label learning. We argue that this paradigm breaks down the problem into four pieces, leading to algorithms that
trade accuracy for scalability (in several ways). The Astec algorithm designed within the framework observed
large improvements in accuracy and speed of training over standard deep ex-treme classifiers, which suggest that
it can be potentially useful in industrial-level implementations like Bing.

A methodology for sentiment classification on twitter tweets utilizing natural language processing and deep
learning introduced[18]. The study employs distant supervision with Twitter messages as training data and
achieves approximately 80% accuracy using the LSTM algorithm, showcasing the potential of leveraging readily
available data for effective sentiment analysis in microblogging platforms. [19] re-views sentiment analysis of
social media data for detecting apprehensiveness or dejection using di-verse Al methods, DL algorithms yields
superior outcomes, underscoring effectiveness of advanced techniques in nuanced sentiment detection.

[20] explores multi-class sentiment classification using a multi-layer classification model. The study implements
residing methodologies for sentiment analysis of movie reviews, showing that the multi-tier model slightly
improves over single-layer architectures and offers better recall, enhancing the model's contextual learning. [21]
uses transfer learning models, including various DL frameworks for sentiment analysis based on images from
Twitter. The fine-tuned DenseNet-121 model outperforms others in im-age sentiment identification, achieving an
accuracy of 0.89.

Additionally, [22] results indicate that classic machine learning models can match or even surpass neu-ral
networks in certain contexts.

Social media applications of the Seeker Optimisation Algorithm with Sentiment Analysis and Classifi-cation
(SO-SAC) are recently presented in [23]. For model, it use a Self-Head Multi-Attention based Gated Recurrent
Unit (SHMA-GRU) for identification and categorization of sentiment and uses Seeker Optimization Algorithm
to optimize the hyperparameters in order to improve efficiency of classifier. [24] develops an SVM approach for
fake news detection using a dataset of news texts and labels, com-paring K-Nearest Neighbor and SVM methods
and focusing on both news titles and text for a more comprehensive fake news detection system.

Further, [25] introduces an active learning-based pipeline to address data scarcity for new labels and utilizes
ChatGPT for model evaluation, demonstrating the effectiveness of these techniques in enhanc-ing classification
tasks. [26] suggests a supervised deep learning classifier combining CNN and LSTM for multi-class sentiment
analysis attains 85.8% accuracy and an F1 score of 0.86 on a labeled dataset of 42,036 Facebook comments,
outperforming baseline models and demonstrating the proposed archi-tecture's effectiveness for sentiment
analysis in low-resource languages.

[27] Presents 4 deep learning techniques to perform sentiment analysis SwiftFFN indicates that it can do ordered
statistical tests on more BERT variants with larger improvements in bigger datasets than CAG10k, while BIGRU
achieves increased accuracy over both pre-trained BERT models and baselines of traditional machine learning
approaches. The effectiveness of the most common text classification algorithms is examined by [28], in social
theory research domain where little labeled data and many low-frequency categories are available and results
show that, supervised ML approaches are better than state-of-art lexicons — for deep learning architectures which
their complexity is high as compare to logistic regression or random forest baselines (which demand less
computational effort) perform equally well.

A hybrid deep learning network model named “Fasttext Convolutional Neural Network with Long Short-Term
Memory (FCL)” for depression identification using textual data design proposed in [29]. A similar work in [30]
shows a transformer-based solution for multi-labelisation of offensive texts in Bengali. To evaluate ours and
other computational strategies, we introduce a dataset called EM-BAD containing 13,728 texts labeled in five
target categories. With a refined pooling layer that actually al-lows for fine-tuning, Bangla-BERT beats every
baseline (ML+ DL + Transformer) model. [31] for the impact of machine learning classifiers, as well as deep
learning architectures. The deep learning models alms to be realised in the study range from Convolutional
Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks. Machine learning and deep learning
models will be developed to evaluate using a Covid19 dataset containing 1,375,592 tweets.

Table 1 provides the summary of distinct existing techniques handled by the researchers. The area of extreme
multi-label text categorization for social media is rapidly evolving, with deep learning archi-tectures driving
progress. Recent progress in extreme multi-label text categorization for social media involves fast-moving
frontiers, largely driven by innovations in deep learning architectures. With astonishing development in deep
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learning architectures, the domain of extreme multi-label text catego-rization for social media is swiftly
advancing. As we continue to grapple with the issues caused by the scale and complexity of social media data,
enhancing more efficient, accurate, and adaptable classifi-cation models is a critical area of research.

TABLE I: SURVEY FROM DIFFERENT AUTHORS

S.No | Reference Methodology Results Obtained Limitations year
1 [15] Combination of CNN, | Effective Multi-Label | High computational | 2021
LSTM, and MLP Classification with an accuracy of | requirements
94.28
2 [16] BERT and its variants Private score of 98.6 Efficient | Potential bias in toxicity | 2021
Computational Resource | definition
Utilization
3 [17] Deep XML framework 2-12% higher accuracy and 5 to 30 | Scalability with extremely | 2021
times greater speed compared to | large label sets
leading deep extreme classifiers
4 [20] Decision Tree, SVM, | Slight improvement over single- | Complexity in multi-tier | 2022
Naive Bayes layer architecture, estimated 80- | architecture
85% accuracy
5 [21] VGG-19, ResNet50V2, | DenseNet-121:  0.89  accuracy, | Challenges with | 2022
DenseNet-121 VGG-19: 0.73, ResNet50V2: 0.75 multimodal data
6 [22] Classic machine | Classic ML on  par or | Limited to under- | 2022
learning Vs deep | outperforming neural networks, | resourced languages
learning estimated 75-80% accuracy
7 [23] SHMA-GRU model | SOADL-SAC model demonstrated | Complexity of | 2022
with SOA an optimization process
accuracy of 79.46% on sentiment
140 dataset.
8 [24] SVM approach Enhanced Interpretability Challenges with fake news | 2023
detection
9 [25] Label ranking model, | Scalability for Large Datasets. Greedy acquisition | 2023
active learning, | performance strategy, inefficient use of
ChatGPT for evaluation | boost of approximately 15 points, negative samples
resulting
in a Recall@10 of 0.85.
10 [26] CNN and LSTM Achieved 85.8% accuracy, 0.86 F1 | Limited to Bengali | 2023
score language
11 [27] BERT with BiLSTM | Of the four DistilBERT models, | High computational | 2023
and BiGRU GLG, has 88.04% accuracy. Of the | requirements
four RoOBERTa models, 3G, has
91.72% accuracy
12 [29] FCL (Fasttext CNN | FCL model attained 87% accuracy. | Ethical concerns with | 2024
LSTM) mental health detection

III. SYSTEMATIC LITERATURE REVIEW

SLR is a crucial process for synthesizing existing research, providing a comprehensive overview of
advancements, challenges, and future directions within a specific field. This SLR focuses on the devel-opment of
DL architectures for XMTC in social media contexts. The review aims to evaluate the cur-rent state of research,
identify key challenges, and explore potential opportunities for enhancing the efficiency and accuracy of XMTC
models.

A. Overview of Selected Studies

The selected studies cover various aspects of deep learning architectures and their application to ex-treme multi-

label text classification in social media contexts. Key observations include:

» Advancements in Deep Learning Architectures: The review highlights significant progress in the
development of deep learning models, such as CNNs, RNNs, and particularly Transformer-based models
like BERT, exhibited effective performance in handling large-scale, complex la-bel sets.

» Transformer-based Models and BERT: Transformer models, including BERT, have revolution-ized XMTC
by enabling better contextual understanding of text, which is crucial for accurately classifying highly
dynamic and diverse social media content.

» Challenges and Emerging Trends: Challenges such as data sparsity, label imbalance, and scala-bility are
prominent in XMTC. However, emerging trends, such as attention mechanisms and hybrid models, offer
promising solutions to these issues.
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B. Comparative Analysis

Benchmarking methodologies, accuracy metrics, and scalability of the selected studies reveals:

» Scalability: While Transformer-based models improve accuracy, scalability remains a chal-lenge,
particularly for real-time applications on large datasets. Optimization techniques and lightweight models are
being explored to address these issues.

» Accuracy: BERT and other Transformer-based models demonstrate high accuracy in XMTC tasks,
outperforming traditional models. However, their effectiveness varies depending on the dataset and the
complexity of the label set.

» Interpretability: The complexity of deep learning models, especially Transformers, poses chal-lenges for
interpretability, which is crucial for real-world applications.

IV. FINDINGS

Data extraction was performed on the selected research articles, and the results are discussed. Also, a gap
analysis is provided to highlight areas requiring further research and development.

A. Gap Analysis

Despite significant advancements in XMTC for social media, several gaps remain in the current re-search
landscape. There is a need for more efficient and adaptable models that can handle the rapidly evolving nature of
social media content and label spaces. The trade-off between model complexity and computational efficiency
remains a challenge, particularly for real-time applications. Interpretability of deep learning models in XMTC
tasks is still limited, hindering their adoption in sensitive domains. Ad-ditionally, there is a lack

of standardized benchmarks specifically designed for social media XMTC tasks, making it difficult to compare
different approaches consistently. Future research should focus on developing more robust and efficient
architectures that can balance accuracy, scalability, and interpretability while addressing the unique challenges
posed by social media data.

B. Future Work

» Computational Aware Deep Learning Model can be designed for solving the high dimensional big data
vectors.

» Efficient Ensemble XML Deep learning model can be designed to remove the bottleneck of de-ployment
computational cost and to achieve efficient equal distribution of labels.

Data Preprocessing

Tokenization

Figure 1: Procedure for Extreme multi label classification using Ensemble model.

We can consider a dataset named Goemotions which can be downloaded from kaggle website. The Google Al
GoEmotions dataset consists of comments from Reddit users. The categories of emotions include 12 positive, 11
negative, 4 ambiguous emotions, and 1 neutral, which makes the dataset suita-ble for solving tasks that require
subtle differentiation between different emotions. Ensemble deep learning model can be applied to the dataset to
achieve efficient equal distribution of labels.

V. CONCLUSION

This systematic literature review explored the development of high-efficient deep learning architec-tures for
extreme multi-label social media text classification. The analysis identified significant ad-vancements in
Transformer-based models, particularly BERT, and their impact on improving classifica-tion accuracy. Despite
these advancements, challenges such as scalability, data sparsity, and interpret-ability persist. Future research
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should focus on optimizing Transformer-based models for large-scale datasets, improving the interpretability of
deep learning architectures, and developing scalable solu-tions to meet the demands of real-time social media
text classification. Additionally, hybrid models and transfer learning approaches show promise in addressing
these challenges. The review underscores the potential of these advanced architectures to transform social media
text classification while highlight-ing the need for ongoing innovation.
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