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Abstract 

Text classification as a sentiment analysis, spam and document classification is an important 

task in Natural Language Processing (NLP). Recent developments of deep learning, and 

transformer-based models have contributed significantly to classifying accuracy. These 

models have difficulty meeting computational efficiency, inference latency, and 

interpretability criteria, and cannot be used in resource-constrained and real-time settings. The 

models are critically compared based on accuracy, computational efficiency and trade-offs on 

benchmark datasets in this paper. The results indicate that transformer models are much more 

accurate than other conventional concepts, but have a significant disadvantage of being 

computationally expensive, which severely limits their actual implementation. Also, XAI 

methods and fairness-conscious training approaches are required particularly when issues of 

transparency and fairness of the existing model emerge. New methods like zero-shot learning, 

few-shot learning, and self-supervised learning are promising directions to further improve 

generalization and flexibility of NLP models. Future studies must focus on identifying light, 



 

 

energy efficient NLP architecture that can achieve good accuracy, interpretability and 

scalability. This work fills the gaps between theory and practice, which is why it can be of 

interest to both academic researchers and practitioners in the industry.  
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 1 Introduction 

The development of machine learning has naturally led to the creation of text classification. One of the simplest 

operations in NLP is text classification: predefined textual data categories are assigned to groups based on their 

content, and it is a component of most applications, including sentiment analysis, spam detection, news 

categorization, and content filtering [1,2]. As the digital content have expanded further, the problem of text 

classification has gained relevance in two regions: health care and social media. NLP has also been utilized in the 

healthcare industry to study how the population perceived health policy, electronic health records screening, and 

other fast identifications of clinical trial participants [3]. Speaking of which, sentiment analysis of user-generated 

text has now emerged as one of the main support pillars in understanding the overall opinion along with making 

predictions [2]. 

New advances in NLP, particularly transformer-based models, such as BERT, have led to significant gains in the 

performance of text classification. These are great when contextual data is available and are tolerant of feature 

sparsity, such as often found in short texts [4]. In addition to the correctness of the classification, the attention 

mechanisms and the hybrid structures [5] combining the Convolutional Neural Networks (CNNs) and Recurrent 

Neural Networks (RNNs) were also available. There are, however, numerous difficulties related to text classification 

based on NLP. Nowadays, numerous attempts are executed to efficiently work with large datasets, the model 

interpretability, and the trade-offs between model interpretability and the model performance [1,5]. And it is the 

case because the rapid creation of language models such as GPT and ChatGPT has given rise to new possibilities 

and limitations [6]. 

This review aims at developing a complete review of NLP methods of text classification. We wanted to make 

comparisons between how different models perform on different tasks and different datasets and give information 

about which models perform well and poorly. Also, we are trying to demonstrate the development of the disciplines 

and the perspective of the future in particular, in the area of multitask and unsupervised learning techniques that are 

quite flourishing in the improvement of NLP [7]. 

The history of NLP techniques for text classification has seen tremendous changes from classic ML methods to DL 

and transformer-based architectures. The resultant performance improvements in different NLP applications include 

product sentiment analysis, cyberbullying detection, and spam filtering [8]. For morphologically rich languages, 

such as Turkish, feature engineering played a tremendous role in making ML models effective, and they needed to 

undergo extensive preprocessing earlier. Unfortunately, corresponding to this major advancement was the 

introduction of deep learning models, specifically transformer thought group like BERT, which decreased critical 

preprocessing and substantially increased classification accuracy [1,8]. 

The evolution has shifted from Recurrent Neural Networks (RNNs) to transformer-based models, which is one of 

the key milestones in this evolution. This paradigm shift in text classification demonstrates the superior ability of 

pre-trained models, such as BERT and GPT, to capture both global and local contextual representations [9]. In NLP 

tasks, besides having done better than traditional ML methods, deep learning models continue to struggle with the 

pragmatic side of language. Large Language Models (LLMs) do not yet possess it, the sensitivity to contextual 

complexity, such as presupposition, implicature and social conventions, as they are trained to learn statistics and not 

to interpret semantics [10]. Clearly this limitation implies that more research is needed to enable the creation of 

more sophisticated and more humanistic theories of language comprehension. 

Thus, NLP-based text classification has moved past classical ML to deep learning- and transformer-based models, 

and has shown excellent performance in classification. But there are no surviving surveys that provide a 

comparative analysis of such paradigms. To identify the shortcomings and strengths of various text classification 

strategies, the ways to make them more efficient and scalable and context-sensitive NLP models, it is required to 

perform a systematic benchmarking study. This review will address this gap by making elaborate comparisons of 

available models and outline promising future developments in the field. 

In order to further explain the underlying concepts of NLP-based text classification, the literature review is outlined 

in the following section. It addresses fundamental classification methods and the development of NLP models, as 

well as the major issues that define the discipline.  

The rest of this paper is organized in the following way: Section 2 presents a full literature review and explains the 

history of NLP-based text classification, basic challenges, and model architectures. Section 3 describes the 



 

 

methodology, including the dataset selection and inclusion-exclusion criteria and the benchmarking methods. 

Section 4 includes a competitive study of the existing NLP models and highlights the main performance measures 

and trade-offs in computations. Section 5 addresses the current issues and the new directions that define the future of 

NLP-based text classification. Last but not least, Section 6 provides the conclusion of the paper based on the 

essential findings and suggestions of future studies and practical application. 

  

 2 Background Study 

 

 3.1 Definition of Text Classification 

Text classification is one of the most fundamental NLP problems that identify predefined classes or labels of text 

documents based on their content. In that sense, it deals with different types, such as binary classification (two 

classes), multiclass classification (more than two mutually exclusive classes), and multilabel classification (several 

nonexclusive labels on a document) [11,12]. 

The texts are grouped into two categories in binary classification, either spam or non-spam in email filtering [13]. In 

the job posting classification example [11] the problem of multiclass classification is related to the task of 

categorizing the texts into one of several categories. In contrast to classification, such as the one used to classify 

scientific or medical literature, multilabel classification allows the usage of multiple labels to the same text [12]. 

Broadly speaking, the initial step is to preprocess the text data, find meaningful features in the text data, and then 

select a suitable machine-learning algorithm to learn patterns and make predictions. Deep learning and transfer 

learning have been some of the most popular models of text classification in the past few years [14,15]. 

 

 2.2 Challenges in NLP-Based Text Classification  

High dimensionality, imbalance of data, limited labelled data and domain adaptation are significant challenges in 

NLP-based text classification and are listed in Table 1. This is not an easy task, and their influence on the 

performance of models and the overall generalization is dramatic. Besides, the problems of multilingual text 

processing, computing, and model clarity should be raised to create an effective NLP classification system. The 

table provides various studies appropriate to the determination of these challenges, as well as comments on the 

development of solutions and directions that NLP is developing. 

Table 1: Challenges in NLP-Based Text Classification  

Challenge Description Related 

Work 

Year 

High-Dimensional 

Data 

The large number of unique words in text data leads to computational 

inefficiency and overfitting. Feature selection and dimensionality reduction 

techniques are commonly used. 

[11,12] 2017, 

2024 

Data Imbalance Class imbalance in datasets can lead to biased models, affecting classification 

performance. Techniques like resampling and augmentation are used. 

[13,15] 2021, 

2024 

Limited Labelled 

Data 

Annotated datasets are costly and scarce, especially in domains like healthcare. 

Semi-supervised learning, transfer learning, and data augmentation help mitigate 

this issue. 

[14,16,17] 2021, 

2023, 

2024 

Contextual 

Understanding 

Capturing nuanced meanings in text requires advanced techniques like word 

embeddings and transformer-based models. 

[18,19] 2022, 

2023 

Domain 

Adaptation 

Models trained in one domain may struggle when applied to another due to 

vocabulary and writing style differences. 

[20,21] 2020, 

2022 

Handling Short 

Texts 

Short texts, such as tweets, lack context, making classification challenging. 

Knowledge retrieval and feature fusion frameworks improve performance. 

[4,22,23] 2019, 

2020, 

2021 

Multilingual & 

Code-Mixed Text 

Growing globalization requires NLP systems to handle multiple languages and 

mixed-language content effectively. 

[24–26] 2016, 

2021, 

2023 

Interpretability Deep learning models are often black-boxes, limiting their adoption in critical 

fields like healthcare and finance. Explainable AI (XAI) techniques aim to 

enhance transparency. 

[27–29] 2022, 

2023 

Computational 

Efficiency 

The increasing size of NLP models demands optimized architectures and pruning 

techniques to maintain efficiency. 

[30,31] 2021, 

2024 



 

 

Dynamic Nature 

of Language 

Language constantly evolves, requiring models to adapt to linguistic changes 

over time. Temporal and contextual adaptation techniques improve performance. 

[32,33] 2019, 

2022 

 

 2.3 Text Processing Pipelines 

Typically, in a text processing pipeline, raw text data must undergo some key preprocessing steps to be analyzed and 

modelled. The common components of these pipelines are tokenization, stop-word removal, lemmatization, and 

word embeddings. This is the process of breaking text into individual words, otherwise referred to as tokens. Stop 

word removal is performed next; in this case, common words are removed, which contribute very little to the 

meaning of the text. In other words, lemmatization reduces words to their base or dictionary forms. Additionally, 

these text data pre-processing steps make it easier to sanitize the data [34,35]. For word representations, Word2Vec 

and GloVe can be used to produce word embeddings, which allows the semantic relations between words to be 

captured [36]. This is interesting because some of the increasingly powerful NLP toolkits, such as Stanza and 

Trankit, provide complete pipelines capable of processing multiple languages and tasks across the board [37,38]. 

Most toolkits utilize state-of-the-art neural architectures and pre-trained models to achieve good performance on 

multiple NLP Tasks. Finally, we conclude by pointing out that text-processing pipelines are critical for data 

preparation for NLP tasks. Nevertheless, traditional steps, such as tokenization and lemmatization, are still very 

relevant, while increasingly modern approaches involve the use of deep learning and pretrained models to further 

boost performance. Often, the choice of particular techniques, such as tasks, language, and computational resources, 

is available. 

Knowledge of the basic aspects of NLP-based text classification is used to identify the critical gaps in the research. 

The next section provides a set of research questions to guide the review of how NLP models have evolved, the 

problems that they face, and the practical implications of the different text classification techniques that exist. 

 

 2.4 Research Questions Guiding the Review 

The principal research questions that drive the development of this review are specified in this section using Table 2. 

Finally, these questions hope to clarify the purpose and scope of the manuscript, as well as provide a means for 

structuring the text in the manuscript, so that understanding how to use NLP techniques for text classification is 

made as clear as possible. 

Table 2: Key Research Questions Guiding the Comprehensive Review on NLP Techniques for Text Classification 

Research 

Question 

Description 

RQ1 How have NLP techniques evolved in text classification between 2014 and 2024? 

RQ2 What are the key NLP architectures employed in text classification, and how do they differ in performance and 

efficiency? 

RQ3 What persistent challenges exist in NLP-based text classification despite recent advancements? 

RQ4 How do transformer-based models impact computational resources and real-world applicability? 

RQ5 What practical implications arise from NLP advancements for real-world applications? 

RQ5 How can interpretability in NLP models be improved, especially in sensitive fields? 

RQ6 What future directions are promising for addressing current NLP model limitations? 

RQ7 How do NLP models compare on widely used benchmark datasets, and what implications arise for model 

selection? 

 
The research question thus provides a structured attempt to understand NLP-based text-classification approaches. To 

answer these questions, it is necessary to understand how NLP architectures have evolved over the years. The 

following section shows the progress from the traditional machine learning model to deep learning and transformer 

models, and some key advances that have changed modern text classification. 

 

 2.5 Evolution of NLP Architectures for Text Classification 

Text classification NLP architectures have been developed significantly, and every new generation of models comes 

with numerous enhancements to performance and functionality. Over the years, Word2Vec, GloVe, LSTM and 

GRU, Transformer, BERT, XLNet, GPT are just a few methods of text representation and analysis that have 

enhanced NLP tasks in certain ways. Figure 1 shows the history of NLP architectures, starting with word-embedding 

models (Word2Vec and GloVe), moving on to deep learning models (LSTM and GRU) and finally to state-of-the-

art transformer architectures (BERT, XLNet, and GPT-4). This shows how the NLP models have been becoming 

increasingly complex and able to accomplish more and more over time. 



 

 

 

 

Figure 1:  Evolution of NLP Architectures (2014 – 2024) 

 

 2.5.1 Traditional Machine Learning Models 

Traditional machine learning algorithms employed to perform the text classification task, along with some feature 

extraction algorithms (such as Bag of Words (BoW) and TF-IDF), include Naïve Bayes, Support Vector Machine 

(SVM) and Random Forest. They have also found applications in many other areas such as news classification, 

sentiment analysis, and requirements engineering [39–41]. Indicatively, the best-performing classifier in news 

classification was Naive Bayes variants and SVM with 83.31% accuracy, and Multinomial and Complement Naive 

Bayes with significantly lower accuracy [41] out of six different classifiers to analyze sentiment in airline services. 

For instance, Logistic Regression using TF-IDF features also outperformed other combinations when the aim was 

the provision of software requirements classification [39], reaching an F-measure of 0.91 in binary classification. 

However, the traditional approaches are limited to Markov Chains. They can be good for simple classification tasks, 

but often fall short in expressing complex linguistic structures, and in this case, they must be hand engineered. 

Studies show that this is the case when other, more sophisticated techniques, such as neural networks, are applied 

instead of traditional ones. As an example, received the maximum accuracy among all tested algorithms [41]. Thus, 

although BoW and TF-IDF representations, along with traditional machine learning algorithms, have been utilized 

to a large extent and are useful for some text classification problems, they are insufficient to deal with complex 

linguistic structures. Given the benefits of more advanced techniques in natural language processing, we identify the 

need for more extreme tuning and are struggling with more complex tasks to which extensive manual feature 

engineering is required. 

 

 2.5.2 Deep Learning Models 

However, NLP-based text classification through a deep learning model is revolutionized by the ability to 

automatically learn features from raw text. LSTMs, RNNs, and CNNs are commonly used because of their ability to 

model sequential dependencies and local patterns in text [42,43]. RNNs and LSTMs are suitable for modeling long-

term dependencies in sequential data [43,44], but CNNs excel at feature extraction for position-related and local 

regions. Consequently, hybrid architectures based on a combination of CNN and LSTM have been developed to 

exploit the strengths of both model types for their classification performance [42,44,45]. It is interesting that some 

studies have concluded that hybrid models outperform both traditional ML approaches and individual CNN and 

RNN models [46,47]. The CNN–LSTM architecture has been used for power quality disturbance classification and 

Tamil text classification, resulting in superior results [44,46]. Although the efficacy may be different for different 

tasks and datasets, some research suggests that transformer-based models perform worse than RNNs and CNNs 

without pre-training [45]. As a result, deep learning has greatly improved NLP-based text classification through 

automated feature learning and the capturing of complex patterns in text. Multimodality hybrid architectures have 

been used in several classification tasks, and their performance can be dependent on the application and data that are 

available. However, RNN-based models have issues with long-range dependencies and computational efficiency; 

hence, there is a need for further innovation. 

 



 

 

 2.5.3 Transformer-Based Models 

With the Transformer architecture of [48], the field of NLP has been revolutionized by replacing hand-engineered 

features with self-attention mechanisms to understand the contextual relationships in sequential data. Such 

improvement provided models with a more effective ability to deal with long dependencies between elements of the 

input sequence compared to conventional neural networks or even LSTM [49]. However, state-of-the-art models, 

such as GPT, BERT, and XLNet, use the transformer as the basis, which outperforms previous approaches by a wide 

margin [50]. Unexpectedly, in complex tasks in which long-distance reasoning is required, transformer models are 

still far from human performance [51]. Some researchers have explored how to improve (Transformer) models by 

injecting some syntactic structure knowledge into supervised self-attention [51] or building a more efficient version 

of Transformer such as DeBERTa, which uses disentangled attention mechanisms and an enhanced mask decoder 

[52]. At last, it can be said that the Transformer architecture is one of the biggest achievements in NLP, paving the 

way for developing powerful models which radically improved text classification and also natural language 

understanding. Nevertheless, there is still some yet to be addressed in terms of tasks, especially complex reasoning 

tasks. Currently, there is ongoing research aimed at improving transformer-based models, including knowledge 

distillation or continual learning and specialized pre-training, to build more efficient and task-specific language 

models [53]. 

Indeed, BERT has achieved state-of-the-art performance in different classification tasks, such as genre classification 

and offensive language detection. On several datasets, BERT delivers very strong results in text classification, 

surpassing traditional feature engineering methods and embedding-based representations [54,55]. The best results on 

the English dataset for the genre classification of songs based on lyrics are achieved by BERT and on multilingual 

songs by XLM-RoBERTa [56,57]. Moreover, it is interesting to note that BERT has demonstrated better 

performance in many tasks, but at the same time, its use with various complex neural networks failed to lead to 

better results over simpler implementations when applied to aspect-based sentiment analysis [54]. Furthermore, 

although not trained for biomedical texts, we found that GPT-4 performs similarly to BERT-based models in tasks 

such as protein interaction detection [58]. Finally, the varying effectiveness of different models is shown in the 

application and dataset, in which BERT and its variants have become a benchmark in various classification tasks. It 

has been shown that a range of pre-trained language models can be used in classification tasks by showing the 

success of BERT on both monolingual and multilingual tasks, as well as encouraging results with GPT models in 

specialized tasks [8,59,60]. 

Although literature review has identified strengths and weaknesses of the available NLP-based text classification 

methods, an objective evaluation and comparison of such models requires a systematic methodology. The next 

section explains the methodological approach adopted in this survey, the sources of data, the selection, and the 

strategies of benchmarking. 

 

 3 Methodology  

 

 3.1 Database Identification 

In selecting the research articles regarding NLP-based text classification, systematic reviews were heavily dependent 

on IEEE Xplore, ACM Digital Library, Springer, ScienceDirect, and PubMed. In particular, we selected these 

databases due to the accessibility of all high-quality and peer-reviewed publications in the field of AI research, 

machine learning, and NLP research. Preprints and state-of-the-art research were also cited as sources stored on 

ArXiv. Journals, conference papers, and technical reports which we use to do our research cover the entire spectrum 

of the state-of-the-art in NLP and text classification research. In particular, one can use IEEE Xplore and ACM 

Digital Library as a reference during research work in the field of computer science and engineering, whereas 

PubMed focuses on biomedical literature and states that NLP has already been applied to domain-specific problems. 

Hence, these databases are selected to represent the wide range of research articles on NLP-based text classification 

on both theoretical and practical levels in various fields. 

 

 3.2 Search Criteria 

The search methodology used to review the literature on NLP methods of text classification included searching 

widely used academic databases, such as IEEE Xplore, ACM Digital Library, Springer, ScienceDirect, and arXiv. 

As part of the refined search queries, the search operators included key words like text classification, NLP models 

and machine learning, transformers and BERT vs. LSTM, word embeddings and deep learning. Other terms used 

were sentiment analysis, and document classification, zero-shot learning and few-shot learning, self-supervised 

learning and semi-supervised learning, Neural Networks, and Text Representation Techniques, Transfer Learning in 

NLP, and Evaluation Metrics in NLP, Attention Mechanisms in NLP. In order to guarantee an in-depth and quality 



 

 

review, articles that aimed at the computational efficiency, model interpretability, hyperparameter tuning within 

transformers, and scalability of deep learning models were also considered. A number of filters were used to ensure 

high-quality results, such as limiting results to peer-reviewed articles published after 2014, English language only, 

and research in high-impact journals and best conferences, including ACL, EMNLP, NeurIPS, ICML, and COLING. 

In addition, preference was given to those studies that offered empirical assessments of NLP models on benchmark 

datasets, such as the IMDB, SST, and AG News, 20 Newsgroups, TREC, SNLI, and Yahoo Answers. These 

selection criteria were intended to ensure that a wide range of strategies, both conventional machine-learning and the 

latest transformer-based designs, was covered, and that only relevant, validated, and high-impact research 

contributions are included. 

 

 3.3 Inclusion and Exclusion Criteria 

The review includes peer-reviewed journal and conference papers (ACL, EMNLP, NeurIPS, and ICML) and high-

impact preprints (arXiv) with empirical validation or significant NLP advancements. Studies published between 

2014 and 2024 that evaluated models on benchmark datasets (IMDB, SST, AG News, etc.) and analyzed accuracy, 

computational efficiency, and interpretability were selected. Non-peer-reviewed works, speculative preprints, 

studies lacking empirical evaluation, outdated feature-based models (TF-IDF, BoW), and non-English papers 

without translations were excluded. Preprints were considered only if they were widely cited or from reputed 

research groups (Google AI, OpenAI, DeepMind, etc.) to maintain quality and relevance in NLP advancements. 

 

 3.4 Screening Process 

The process involved systematic screening of research papers, starting from determining irrelevant studies by first 

screening the titles and abstracts. The next step was to conduct a full-text review in order to see how relevant each 

paper is to NLP-based text classification, choosing only those papers that met the inclusion criteria. Duplicate 

studies across different databases were removed so that the results could not be duplicated. This robust selection 

process meant that there was a wide selection of rigorously vetted, peer-reviewed, and empirically valid research 

papers to be present in this review. 

 

 3.5 Quality Assessment 

A quality assessment methodology was conducted to confirm that good standard, undistorted research was selected 

on the basis of major parameters. In line with this, articles that support NLP to address the text classification issue 

were chosen. It was also found that models were tested on heterogeneous benchmark datasets, so it was more 

significant to test them experimentally. Preferably good benchmarking, reproducible results and clear methodologies 

are preferred. Moreover, the credibility of the research was evaluated according to the number of citations and the 

impact factor of the journal. This method also resulted in a stringent, highly validated and extensive literature 

review. 

As there is now a clear methodology, the second section proceeds to a comparative analysis of the different NLP 

architectures. This means comparing performance across datasets, analyzing computational trade-offs, and reporting 

key results that can be used to prove the efficiency, scalability and applicability of the model to the real world. 

 

 4 Result and Discussion  

 4.1. Comparative Analysis of NLP Architectures 

The fast development of NLP architectures has led to a tremendous enhancement in the accuracy, efficiency, and 

computational trade-offs among various models. In this section, a comparative analysis is made in terms of 

benchmark dataset performance, parameter size verses inference speed trade-offs, training time factors and 

computational efficiency. In order to help better compare the various NLP architectures to classify text, Table 3 

provides a detailed overview of the various models, their backbone architecture, parameter size, the number of 

layers, accuracy, inference speed, training time, and major constraints. This comparison allows to select NLP 

models on the basis of the requirements of the definite task of the text classification. The reported statistical 

measures of performance in this section such as accuracy, training time and inference speed are aggregated results of 

already published empirical research and benchmark evaluations. They are values that are expected to give 

representative comparisons between NLP architectures and not precise reproducible measurements. Reported results 

can be different under various conditions of the experiment including the size of the dataset, preprocessing options, 

model configuration, batch size, and hardware (ex: GPU or TPU). 



 

 

Table 3: Comparative Overview of NLP Architectures for Text Classification – Characteristics and Performance 

 

Model 

Name 

Backbone 

Architecture 

# Params 

(M) 

# 

Layers 

Accuracy 

(%) 

Inference 

Speed 

(ms) 

Training 

Time 

(Hrs) 

Source 

Code 

Highlights & 

Limitations 

Word2Ve

c [61] 

Feed-forward 

NN 
0.1 N/A ~75 ~1 ~5 C, Python 

Simple word 

embeddings, 

lacks contextual 

understanding. 

GloVe 

[62] 

Feed-forward 

NN 
0.3 N/A ~80 ~2 ~10 Python 

Captures global 

co-occurrence, 

but does not 

handle 

polysemy. 

LSTM 

[63] 

Recurrent 

Neural Net 

(RNN) 

8 2 ~88.5 ~5 ~50 
TensorFlo

w, PyTorch 

Handles long-

term 

dependencies, 

but slow 

training and 

inference. 

GRU 

([64] 
Gated RNN 10 3 ~89.4 ~6 ~40 

TensorFlo

w, PyTorch 

More efficient 

than LSTM but 

less powerful 

for long 

sequences. 

Transform

er [48] 

Self-

Attention 
90 6 ~91 ~30 ~150 

TensorFlo

w, PyTorch 

Eliminates 

recurrence, 

allows parallel 

training but is 

memory-

intensive. 

BERT 

[65] 
Transformer 

110 

(BERT-

Base) 

12 ~94.1 ~50 ~500 

TensorFlo

w, 

PyTorch, 

HuggingFa

ce 

Bidirectional 

transformer, 

strong 

contextual 

embeddings but 

high training 

cost. 

XLNet 

[15] 
Transformer 

340 

(XLNet-

Large) 

24 ~94.5 ~100 ~1200 
TensorFlo

w, PyTorch 

Improves 

autoregressive 

training but is 

computationally 

expensive. 

GPT-2 

[66] 
Transformer 1500 24 ~96 ~200 ~5000 

OpenAI, 

HuggingFa

ce 

Large-scale 

generative 

model, limited 

fine-tuning 

capabilities. 

T5 [67] Transformer 11000 24 ~96.5 ~600 ~10000 

TensorFlo

w, 

HuggingFa

ce 

Text-to-text 

framework, 

supports 

multiple NLP 

tasks, 

expensive. 

GPT-3 

[66] 
Transformer 175000 96 ~97 ~2000 ~25000 

OpenAI 

API 

Few-shot 

learning, but 

extremely high 

computational 

cost. 



 

 

GPT-4 

[68] 
Transformer 

Estimated: 

500B–1T 
200 ~97.5 ~6000 ~50000 

OpenAI 

API 

State-of-the-art 

NLP, 

multimodal 

capabilities, 

very costly 

training. 

 

The accuracy, efficiency and trade-offs between computation time have improved together with rapid enhancement 

of NLP architectures on various models. In this section, a comparison in terms of benchmark dataset performance, 

parameter size versus inference speed trade-off, training time considerations and computational efficiency are 

presented. Table 3 also defines some of the models and summarizes the latter based on the backbone architecture, 

parameter size, number of layers, accuracy, inference speed, training time, and major limitations. Another way to 

use NLP models is by comparing the various models to select the suitable model depending on the specific task of 

classification of text that is involved. 

The values of accuracy in the table are consistent with expectations and increase with the model complexity. 

Nevertheless, we also want to point out that accurate percentages reported on some benchmark datasets may not be 

directly comparable to other models. Furthermore, the accuracy of larger models improves with larger models 

because, in general, they achieve higher accuracy, but the inference speed also varies (sometimes significantly) 

depending on the computational hardware used (e.g., GPUs, TPUs, and batch sizes). Additionally, training times 

within the expected ranges vary significantly owing to factors such as the dataset size, computational resources, and 

pretraining methodologies used. 

 

 4.2 Average Layer and Parameter Count Across NLP Architectures 

The performance and efficiency of Natural Language Processing (NLP) architectures have changed significantly 

because of the differing layers and parameter counts. In this analysis, we attempt to determine the average counts of 

the layers and parameters in the NLP models. The average layer and parameter count in NLP architectures vary 

greatly from lightweight architectures with fewer parameters to large-scale architectures with billions of parameters. 

The architecture depends on the particular task requirements, computational resources allowed, and resource 

efficient/performance balance that we wish to target. 

The layer counts of the various NLP architectures are shown in figure 2. Both traditional models, such as Word2Vec 

and GloVe, are in a few layers, whereas transformer-based models, such as GPT3 and GPT4, have a very high 

number of layers that enable these models to have deep contextual understanding. 

 

 

Figure 2: Average Layer Count across NLP Architecture 

 

The parameter counts of the NLP architectures are shown in Figure 3. However, for models based on transformers, 

particularly GPT-3 and GPT-4, their parameter sizes are much larger, making them capable of handling more 

complex language tasks but also requiring more computation. The evolution of NLP architectures has led to 

increasing complexity, with models transitioning from simple feedforward networks (e.g., Word2Vec) to deep 



 

 

architectures (e.g., transformers). This trend aligns with the objectives of RQ1, which examined the evolution of 

NLP techniques between 2014 and 2024 (Figure 1). Additionally, RQ2 is addressed through parameter count 

analysis, which highlights how different architectures vary in terms of computational demand and efficiency (Table 

3, Figure 2). 

  

 
Figure 2: Average Parameter Count across NLP Architecture 

 
 4.3 Performance Across NLP Tasks 

The following heatmap presents the performance of the various NLP models in predicting sentiments, classifying 

spam, tagging name entities (NER), answering questions, and performing topic classification. While traditional 

models such as Word2Vec and GloVe perform quite well in spam detection, they generally do not perform 

particularly well on tasks such as NER and question answering, where context is indispensable to perform well. 

LSTMs and GRUs are powerful in the task of sequential works explicitly or implicitly, such as sentiment analysis, 

but transformer-based models such as BERT, XLNet, GPT2, and T5 have become mages in multiple tasks because 

of contextual embeddings and deep architectures, respectively. Notably, topic classification has a high accuracy, 

whereas sentiment has a better accuracy with GPT3. In Figure 4, we provide a comparative analysis of different 

NLP models on sentiment analysis, spam detection, NER, question, and topic classification tasks. Transformer-

based models such as BERT and GPT3 consistently outperform deep-learning models in a multitude of NLP tasks, 

which consolidates the fact that such models are widely applicable in a few NLP applications. 

Table 3 and Figure 4 show that the transformer-based models (BERT, XLNet, and GPT-4) outperform traditional 

and deep learning models on all considered NLP tasks such as sentiment analysis, spam detection, and named entity 

recognition. RQ2 is answered directly, specifically, whether NLP architectures differ in their performance. 

Moreover, RQ5 is addressed by discussing the degree of domain adaptability, which indicates that transformer 

models are highly versatile for diverse applications. This directly supports RQ7 based on a performance comparison 

of our model selection with that based on a one-size-fits-all approach, as shown in the dataset-based performance 

comparison. 



 

 

 

Figure 4: Comparative performance of traditional, deep learning, and transformer-based NLP models across 

common text classification tasks, including sentiment analysis, spam detection, named entity recognition, question 

answering, and topic classification. Results are based on representative benchmark evaluations reported in the 

literature. 

 

 4.4 Computational Cost: FLOPs vs. Inference Speed 

 This scatter plot compares the model accuracy with the parameter count, demonstrating that larger models 

tend to achieve higher accuracy. Word2Vec and GloVe, with minimal parameters, exhibited relatively low accuracy, 

whereas LSTMs and GRUs improved the performance by capturing sequential dependencies. Transformer models, 

such as BERT and XLNet, provide a significant jump in accuracy, leveraging self-attention mechanisms. The largest 

models, GPT-3, GPT-4, and T5, offer state-of-the-art accuracy; however, their massive parameter counts present 

scalability challenges. Figure 5 highlights the trade-off between the model accuracy and parameter size. While 

larger models, such as GPT-4, achieve the highest accuracy, they also have significant computational costs, 

reinforcing the need for balanced model selection based on specific use cases. 

 

Figure 5: Relationship between computational cost (FLOPs), inference speed, and classification accuracy across 

NLP architectures, illustrating performance–efficiency trade-offs based on representative benchmark results. 

 



 

 

Computation Need Efficiency is an important aspect of real-world NLP dealt with in RQ4. Figure 5 illustrates the 

dependency of computational cost (FLOPs) and inference speed on the advance of NLP architectures in terms of 

accuracy, and shows an increase in computation cost and hardware demands with model size. This is significant for 

real-time applications where LSTMs and GRUs may be better than transformer-based architectures. 

 

 4.5 Training Time vs. Model Complexity 

As the NLP model becomes more complicated, there is an exponential time increase in this bar chart for training 

time. LSTMs and GRUs require many more resources because they have a sequential processing nature, whereas 

word2vec and GloVe have minimal training time. With Transformer models such as BERT and XLNet, the training 

requirements further increase, and GPT-3 and GPT-4 are at the top of the computational power needs. This shows 

the difficulty of model complexity and feasibility of training, which requires a high computing infrastructure to be 

trained efficiently. Fig. 6 depicts the relationship between the model complexity and training time. As expected, 

each model with a higher parameter count (e.g., GPT-3 and GPT-4) will take much longer to train than others (e.g., 

LSTMs and GRUs). This indicates a trade-off in terms of the complexity of the model and computational feasibility. 

From the NLP architectures, Figure 6 compares the training time with an exponential increase as the complexity of 

the model increases, which is an important concern in RQ2. The results can also be compared to RQ4 because 

longer training time also means more costly digestion, and thus, larger models are not possible to run or deploy in a 

real-time or constrained resource environment. 

 

 

Figure 6: Training Time vs. Model Complexity 

 

 4.6 Model Performance: Accuracy vs. Parameter Size 

 Figure 7 shows how architecture and number of parameters relate to model accuracy and hence higher 

performance. Word2Vec and GloVe are early embedding-based approaches that have relatively few parameters, and 

they achieve relatively low accuracy. Serial models such as LSTM and GRU signify an obvious improvement in 

performance, through the introduction of time dependencies. A significant advancement is made with the advent of 

Transformer-based models (e.g., Transformer, BERT, XLNet), which use self-attention to obtain a high degree of 

accuracy with a smaller number of parameters than some larger models in their category. The trend of large models 

like GPT-2, T5, GPT-3, and GPT-4 indicates the high power of scale, with the accuracy steadily approaching the 

upper limit. Yet, this is not a completely orthogonal trend: some architectures (e.g., BERT vs. XLNet) can be more 

efficient, and that is due to having a higher accuracy with relatively fewer parameters. 

 



 

 

 

Figure 7: Model Performance: Accuracy vs. Parameter Size 

 

In general, Figure 7 highlights the performance-efficiency trade-off that is at the heart of contemporary NLP studies. 

Although state-of-the-art accuracy can be achieved by scaling parameters, the related computational and resource 

requirements become critical areas of concern when deploying it. This observation guides directly RQ2, as it is 

necessary to find a compromise between the accuracy gains and efficiency and application-specific constraints to 

achieve optimal model selection. 

 

 4.7 Model Efficiency: Parameter Size vs. Inference Time 

This graph shows the efficiency of the NLP models by plotting the parameter count against inference time. Smaller 

models (Word2Vec, GloVe, LSTMs, and GRUs) achieve faster inference speeds owing to their low parameter 

counts, making them ideal for real-time tasks. However, BERT, XLNet, GPT-2, and T5 exhibited significantly 

longer inference times, indicating a tradeoff between performance and efficiency. GPT-3 and GPT-4, with their 

massive parameter sizes, require the most computational power, making them impractical for applications that 

require low-latency responses. Figure 8 provides insights into model efficiency by comparing the parameter size 

against inference time. Remarkably, GPT-4, with its high parameter count, has the longest inference time, whereas 

smaller models, such as XLNet and BERT, support a compromise between efficiency and performance. 

Figure 8 provides a link between RQ4, which asks how transformer-based models affect the computational 

availability of participants, and the efficiency of NLP models. Models such as GPT4 are much better in terms of 

accuracy, but as inference time is high, they are not suitable for performing tasks in real time. On the other hand, 

LSTMs and CNNs are models that achieve a good trade-off between accuracy and efficiency; thus, they can be 

viable choices for latency-sensitive tasks as well. 

 

 4.8. Comparison of Model Processing Speed 

The plot shown in figure 9 compares the speed of various NLP models using the inference time (the lower the 

values, the better). Although LSTMs and GRUs bring moderate latency by processing sequentially, Word2Vec and 

GloVe are still by far the fastest because of their simplicity. However, transformer-based models such as the BERT 

variant, XLNet, require a massive processing time, especially GPT-4, which has the slowest inference speed and 

thus cannot be used for real-time tasks without optimization. 

 



 

 

 

Figure 8: Model Efficiency: Parameter Size vs. Inference Time 

 

As identified in RQ4, inference time is a crucial factor in real-world NLP applications. Figure 9 compares the 

inference speeds of different NLP models, demonstrating that while transformer-based models achieve high 

accuracy, their inference time limits their applicability in low-latency environments. This finding also directly 

supports RQ5, as it highlights the trade-offs between efficiency and real-world use cases such as financial fraud 

detection and sentiment analysis. 

 

 

Figure 9: Comparison of Model Processing Speed 

 

 4.9 Comparison of Model Performance on Expanded Benchmark Datasets 

The bar graph as given in figure presents the accuracy of different models across benchmark NLP datasets, such as 

IMDB, AG News, SST-2, 20 Newsgroups, Yahoo Answers, TREC, and SNLI. BERT consistently achieved the 

highest accuracy across all datasets, outperforming both the LSTMs and GPT models. GPT-based models show 

strong results but lag behind BERT in structured classification tasks. LSTMs perform adequately, but are generally 

outclassed by transformer models, reinforcing the dominance of contextual embeddings in modern NLP 

applications. Figure 10 compares the performances of the BERT, GPT, and LSTM models across multiple 

benchmark datasets, including IMDB, AG News, SST-2, and TREC. The results indicate that BERT achieves the 

highest accuracy across most datasets, followed closely by GPT models, whereas LSTMs lag behind in terms of 

classification accuracy. 



 

 

Another important aspect of RQ7 is the evaluation of NLP model performance with respect to different benchmark 

datasets. Transformer models are shown in Figure 10 to consistently prevail over traditional models, which have 

always been held true for modern NLP applications. Nevertheless, LSTMs and CNNs remain highly competitive in 

some areas, for example, when computational efficiency is an important consideration. This finding demonstrates 

that we would do better to resort to the simplest architecture rather than to the most complex architecture by default. 

This provides a detailed comparative performance analysis of all NLP architectures, both in terms of their 

performance and implementation, that is, occupation and trade-offs. Traditional and recurrent neural network-based 

models are efficient, but do not perform as well as transformer-based models in terms of accuracy, whereas 

transformer-based models dominate with comparatively less computation intensity. The NLP model should be 

chosen depending on the application requirements, computational availability, and performance needs, that is, 

balancing accuracy, efficiency, and inference speed. 

A comparative assessment of NLP architectures is meaningful only when evaluated against standardized 

benchmarks and reliable performance metrics. To ensure a comprehensive analysis, the next section discusses 

widely used datasets and key evaluation criteria that play a crucial role in determining the effectiveness of text-

classification models. 

 

 

Figure 10 Comparison of classification accuracy of LSTM-, GPT-, and BERT-based models across widely used 

benchmark datasets (e.g., IMDB, AG News, SST-2, and TREC). Reported values are consolidated from published 

experimental studies. 

 

 4.10 Benchmark Dataset Evaluation & Performance Metrics 

Benchmark datasets have been a norm for the evaluation of NLP text classification tasks. Most of these datasets and 

their performance metrics have been highlighted in a number of studies as very important to the field. Generally, 

there are multiple benchmark datasets that are used for NLP text classification tasks. For example, [45] propose 

MatSci-NLP, a benchmark focused on the aforementioned NLP tasks only for materials science text. Then, [69] 

evaluates five balanced and unbalanced benchmark datasets, BBC Arabic corpus, CNN Arabic corpus, Open-Source 

Arabic corpus (OSAc), ArCovidVac, and AlKhaleej, using five classifiers. The suitability of Deep Learning based 

Aspect Category Detection approaches [45,69] employed to benchmark in cases of 4500 laptop and restaurant 

reviews [70] is assessed on benchmark datasets. Moreover, surprisingly, the performance of the NLP models 

depends highly on the choice of the benchmark datasets and evaluation metrics. According to [71], widespread 

human performance in various benchmark datasets, many MRC models have also surpassed human performance, 

even though the models are far from true human level reading comprehension. This observation supports the idea to 

improve existing datasets and evaluation metrics towards the ‘real’ understanding [71]. Several papers also provide 

common evaluation metrics in terms of performance metrics. As defined in [72], accuracy, precision, recall and F1-

measure are well formed performance evaluation metrics. [2] also employs these metrics and further adds TPR, 

FPR, Weighted F-Score, Weighted Precision, Weighted Recall, ROC-AUC curve, Run-Time as the set of evaluation 

criteria.) These different metrics gives comprehensive assessment of performance of a model across several aspects 

of the text classification tasks [2,72]. 



 

 

In Table 4, we summarize a variety of widely used text classification benchmark datasets with respect to whether 

they fall into the categories of domain (domain based), dataset size (small or large), and use case (multi-class 

classification or NLI). These are standard sets of benchmarks to test how effective the various NLP architectures can 

be on many of the text classification domains like sentiment analysis, news categorization, natural language 

inference and multilingual text processing. 

To comprehend the latest advancements that have improved the progress of NLP-based text classification, one 

should have an understanding of the benchmark datasets and evaluation metrics. In the next section, recent 

innovations, including hybrid models, optimization strategies, and pre-training techniques, for increasing the 

efficiency and accuracy of classification models are reviewed. 

Table 4: Benchmark Datasets for NLP Text Classification 

Dataset 

Name 

Ref. 
Domain Description 

No. of 

Classes 

Size (Docs/ 

Samples) 
Use Case 

IMDB  
[73] Sentiment 

Analysis 

Movie reviews dataset with 

binary sentiment labels. 
2 50,000 

Binary Sentiment 

Classification 

Yelp 

Reviews 

[74] 
Sentiment 

Analysis 

Customer reviews dataset 

with multiple sentiment 

labels. 

5 700,000+ 
Multi-class Sentiment 

Analysis 

Amazon 

Reviews 

[75] Sentiment 

Analysis 

Product reviews with fine-

grained sentiment labels. 
5 Millions 

Fine-grained Sentiment 

Analysis 

SST-2 

[76] 
Sentiment 

Analysis 

Stanford Sentiment 

Treebank with binary 

sentiment labels. 

2 67,000 
Binary Sentiment 

Classification 

SST-5 

[77] 
Sentiment 

Analysis 

Fine-grained sentiment 

analysis (Very Neg. to Very 

Pos.). 

5 11,855 
Multi-class Sentiment 

Analysis 

AG News 

[78] News 

Classificati

on 

News articles categorized 

into four topics. 
4 120,000 News Categorization 

20 

Newsgroups 

[79] News 

Classificati

on 

Classic dataset of 20 news 

categories. 
20 18,846 

News & Topic 

Classification 

Reuters-

21578 

[80] News 

Classificati

on 

News articles labeled into 

various business categories. 
90 21,578 

Financial & Business 

Classification 

BBC News 

[81] News 

Classificati

on 

BBC news articles 

categorized into different 

topics. 

5 2,225 News Categorization 

XSum 

[82] News 

Summariza

tion 

News dataset primarily used 

for text summarization. 
N/A 226,711 

Summarization & 

Headline Generation 

LIAR 

[83] 
Fake News 

Detection 

Labeled dataset of true/false 

political statements. 
6 12,836 

Fake News & 

Misinformation 

Detection 

FNC-1 

[84] 
Fake News 

Detection 

Fake News Challenge 

dataset focusing on stance 

detection. 

4 50,000+ 

Fact-Checking & 

Misinformation 

Detection 

COVID-19 

Fake News 

[85] Fake News 

Detection 

COVID-19 related 

misinformation dataset. 
2 10,000+ 

Fake News 

Identification 

RCV1 

(Reuters 

Corpus) 

[86] Topic 

Classificati

on 

Large-scale multi-label 

news classification dataset. 
103 800,000+ 

Multi-Label News 

Classification 

Ohsumed 

[87] Medical 

Text 

Classificati

on 

Medical abstracts 

categorized by topic. 
23 348,566 

Medical Document 

Classification 

SNLI 

[88] Natural 

Language 

Inference 

Stanford dataset for 

sentence-level inference 

classification. 

3 570,000 
NLI & Logical 

Reasoning 

MNLI 
[89] Natural 

Language 

Multi-genre NLI dataset 

covering diverse domains. 
3 433,000 Generalized NLI Tasks 



 

 

Inference 

Quora 

Question 

Pairs 

[90] Paraphrase 

Identificati

on 

Dataset for detecting 

duplicate questions. 
2 400,000 

Duplicate Question 

Detection 

SQuAD 
[91] Question 

Answering 

Stanford QA dataset with 

passage-based questions. 
N/A 150,000 

Machine Reading 

Comprehension 

BoolQ 

[92] Yes/No 

Question 

Answering 

Binary QA dataset derived 

from Google search queries. 
2 16,000 Boolean QA Tasks 

XNLI 

[93] 
Multilingua

l NLI 

Cross-lingual version of 

SNLI covering 15 

languages. 

3 500,000+ 
Multilingual NLI & 

Cross-lingual Transfer 

MLDoc 

[94] Multilingua

l Document 

Classificati

on 

Multilingual dataset for text 

classification. 
4 25,000 

Multilingual Text 

Classification 

PAWS-X 

[95] Multilingua

l 

Paraphrase 

Cross-lingual paraphrase 

identification dataset. 
2 50,000 

Paraphrase 

Identification in 

Multiple Languages 

BioBERT 

Datasets 

[96] Biomedical 

Classificati

on 

Specialized datasets for 

medical text classification. 
Various Various 

Biomedical Text 

Classification 

Legal-BERT 

Datasets 

[97] Legal Text 

Classificati

on 

Datasets used for legal case 

classification. 
Various Various 

Legal Document 

Analysis 

EUR-Lex 

[98] Multi-

Label 

Legal Text 

European legislation 

documents with multi-label 

topics. 

21 19,619 
Multi-Label Legal 

Classification 

 

 4.11 Advancements and innovations in NLP based text classification techniques: key studies and their 

impact 

As deep-learning architectures, optimization techniques, and pre-trained models have accelerated the progress of 

deep-learning approaches, NLP for text classification has advanced in the last few years. Now, we have word 

embeddings of the early Word2Vec and FastText, and modern transformer-based BERT for contextual 

understanding, accuracy, and efficiency. The classification performance has been further improved using hybrid 

models, regularization techniques, and Adversarial Detection methods. Based on how critical it is to model 

performance, efficiency, and adaptability, Table 5 breaks down the critical challenges for NLP-based text 

classification into four categories. It also mentions key studies that propose new ideas and help researchers develop 

more robust and scalable NLP models. 

Table 5: Advancements and Innovations in NLP-Based Text Classification 

Advancement Description Key 

Studies 

Year 

Word Embeddings 

(Word2Vec, FastText) 

Captures semantic relationships between words, improving text representation. [46] 2024 

Convolutional Neural 

Networks (CNNs) 

Effectively captures local patterns in text data for classification tasks. [1,46] 2023-

2024 

Recurrent Neural 

Networks (RNNs) 

LSTM and GRU architectures help retain sequential dependencies in text 

classification. 

[1,46] 2023-

2024 

Hybrid CNN-RNN 

Models 

CNN-BiGRU models outperform classical ML and transformer models in low-

resource languages. 

[46] 2024 

Transformer-based 

Models (BERT) 

Self-attention mechanism enables improved contextual understanding in 

classification tasks. 

[1,6] 2023 

Contextualized Neural 

Language Models 

(CNLMs) 

Hybridized CNLMs improve performance in aspect category detection. [70] 2024 

Multi-Head Attention & 

Focal Loss 

Enhances performance in text classification by refining attention mechanisms. [99] 2024 

Regularization 

Techniques (LayerNorm) 

Improves generalization and stability in deep learning models. [99] 2024 

Optimization Strategies Enhances convergence and performance in deep learning-based text [99] 2024 



 

 

(AdamW) classification. 

Pre-trained Log 

Representation Model 

(HilBERT) 

Outperforms baselines in unstable log analysis. [100] 2023 

Adversarial Detection 

(Con-Detect) 

Detects adversarial inputs in NLP models, reducing attack success rates. [101] 2023 

Bi-LSTM-CRF for NER Popular for named entity recognition (NER), crucial in text classification 

pipelines. 

[102] 2024 

Large Language Models 

(LLMs) 

Achieves remarkable performance but struggles with pragmatics and 

interpretability. 

[10] 2023 

Transfer Learning Fine-tuning pre-trained models enhances text classification, especially for low-

resource languages. 

[6,46] 2023-

2024 

Ensemble Deep Learning 

Models 

Combining multiple architectures leads to improved accuracy in classification 

tasks. 

[1] 2023 

 

However, considerable progress has been made in NLP-based text classification, yet many challenges remain 

unsolved. Despite these issues, they continue to hinder their widespread adoption. This section discusses these issues 

in detail and presents promising directions for overcoming the current limitations of the NLP models. 

 4.12 Discussion 

NLP-based text classification models perform very differently for different factors, such as accuracy, computational 

efficiency, interpretability, and domain utility. Comparative analysis demonstrated that state-of-the-art machine 

learning and deep learning approaches are not as accurate and do not derive contextual information as transformer-

based models such as BERT and GPT4. Nevertheless, this comes at the expense of a higher computational expense 

and inference time, which makes them infeasible for real-time applications. 

Although these models have little expressiveness in low-resource scenarios, they can still be used specifically when 

we need a fast inference speed and interpretability of the results. However, these methods have problems with 

complex language structures and high-dimensional data. Text classification can be performed using deep learning 

models such as Long Short-Term Memory (LSTM) networks and convolutional neural networks (CNNs). These 

models perform better than the others in text classification tasks because they are capable of learning sequential 

dependencies and local contextual patterns. Although these models outperform traditional ML approaches, 

transformer models exhibit better global language dependency. 

One of the main problems in NLP-based text classification is the balance between the accuracy and efficiency. 

BERT, GPT3, and GPT4 have state-of-the-art accuracy but incur high training cost/time, longer inference time, and 

large memory requirements in most real-world applications. On the other hand, LSTM- and CNN-based models 

provide a good chance of performance at the expense of computational efficiency and are suitable for low-latency 

processing for domains. 

Different NLP models perform better on different tasks, and there are specific tasks in which they are more 

proficient. In sentiment analysis and text categorization, BERT performs better than BERT, and in sequential tasks 

such as spam detection, LSTMs work best. Because XLNet can detect text coherence and semantic inconsistencies, 

it outperforms other models in fake news classification. Statistically strong performance of models such as 

BioBERT, Legal-BERT, and others makes perfect sense when pretraining a model for a specialized domain — we 

get high performance for cost, and domain-specific pretraining tends to work well. 

Transformer-based models place complicated infrastructure and energy demands on computing from a 

computational perspective, and this needs to be studied using relatively scalable and optimized architectures. Model 

complexity to inference trade-off analysis shows that although the LSTM- and CNN-based architectures have 

relatively moderate latency that facilitates their use in real time, GPT-4 and XLNet require extraordinary 

computational power to work in near real time, which makes them impractical. 

Model selection also considers ethical considerations, as it has been proven that pre-trained models have inherited 

biases that originate from large-scale training datasets. It is easier for traditional machine learning models to be 

interpretable, although they are less flexible and accurate than transformer-based architectures. Hence, organizations 

need to consider trade-offs between fairness, efficiency, and interpretability when shortlisting the NLP model for 

deployment. 

Overall, the results show that transformer-based models perform better, and network architectures such as LSTMs 

and CNNs are viable for real-time applications because they are computationally cheaper than transformer-based 

models. For an NLP model, the choice depends on where the application is running and its requirements (e.g., 

accuracy, efficiency, interpretability, and ethical). In future research, we will attempt to build a scalable, 

interpretable, and energy-efficient NLP model to increase the performance of text classification across different 

domains. 



 

 

The future work of comparative analysis and discussion shows the strengths, weaknesses, and trade-offs of various 

NLP architectures. The last section concludes with a summary of key insights that make sense, addresses research 

questions, and provides recommendations for future research and implementation. 

This study structured the key research questions (RQs) to the findings and the empirical justifications by 

systematically mapping them to guarantee a structured analysis. Throughout the course of the paper, presented in 

comparison, this is a comparative analysis of the evolution, efficiency, and deficiency of NLP-based text 

classification models, which have been set for investigation as research objectives. Table 6 provides a complete 

picture of how each of the research questions has been answered and which supporting figures, tables, and sections 

support our conclusion. This structured approach will help both of this linear linking of theory with the empirical, 

and thus will bring clarity to the study’s contribution. 

Table 6: Mapping Research Questions to Key Findings and Supporting Evidence 

Research 

Question (RQ) 
Key Insights & Supporting Analysis 

RQ1 Figure 1: Shows the transition from traditional ML models to transformer-based architectures. 

RQ2 
Table 3: Provides a comparative analysis of different NLP architectures, highlighting trade-offs in 

performance, efficiency, and computational cost. 

RQ3 
Section 4.12: Discusses the persistent challenges in NLP classification, including interpretability, 

computational constraints, and bias. 

RQ4 
Figures 5, 6: Demonstrate the computational impact of transformer-based models, highlighting resource 

requirements and real-time limitations. 

RQ5 
Section 4.11: Analyzes the practical implications of NLP advancements, focusing on the effectiveness of 

transformer-based models in real-world applications such as sentiment analysis and fraud detection. 

RQ6 
Section 4.12: Highlights the issue of interpretability in NLP models and the necessity of Explainable AI 

(XAI) techniques for transparency. 

RQ7 
Figure 10: Compares NLP model performance on benchmark datasets, emphasizing that model selection 

should be task-dependent. 

 

Although comparative analysis demonstrates significant progress in NLP-based text classification, several 

challenges still hinder its widespread adoption. The next section delves into persistent issues, such as 

interpretability, computational costs, and ethical concerns, while also identifying promising directions for future 

research and innovation. 

 

 5 Challenges & Future Directions in NLP-Based Text Classification 

Natural Language Processing (NLP)-based text classification has seen rapid improvement in model performance, 

although several open challenges and trends are still emerging. Model interpretability and explainability are two of 

the most important factors. Deep learning and transformer-based models have shown great accuracy; however, the 

black-box nature of these architectures makes them opaque in the decision-making process. This lack of 

interpretability keeps them from wider adoption in critical fields, such as healthcare, finance, and law. In designing 

future AI, it should be developed, and XAI techniques focusing on attention visualization, gradient-based saliency 

maps, and rule-based hybrids will be used to increase model transparency and user trust. 

Another important direction is that of computational efficiency and sustainability because large models GPT 4, T5, 

and XL Net require much resources, and it turns out to be very costly and environmentally unsustainable. Model 

compression, including quantization, pruning, and knowledge distillation, should be researched at the priority of 

computational overhead in exchange for model effectiveness. Low rank adaptation (LoRA) and sparse transformers 

can also alleviate resource consumption while being energy-efficient. Furthermore, federated and edge learning 

approaches will explore decentralized processing to enable the deployment of NLP models on low-power devices 

that do not rely on cloud infrastructure. 

Although state-of-the-art NLP models have been developed in high-resource languages such as English, Chinese, 

and Spanish, many under-represented languages have slower benefits because they are morphologically rich 

languages where they lack sufficient data. To obtain a better classification performance in code-mixed and resource-

constrained languages, future work should investigate cross-lingual transfer learning approaches, data augmentation 

strategies, and multilingual fine-tuning to improve the classification of lingual learning. 



 

 

Another area for attention is the ethical implications of NLP models for the case when word embeddings and pre-

trained models are biased. In many cases, gender, race, and cultural biases present in the training data are inherited 

by their large-scale NLP models and are used to yield discriminatory outputs in applications such as hiring, content 

moderation, and legal analysis. Future work should target the equal treatment model performance of people through 

fairness-aware embeddings, adversarial debiasing, and the ethical artificial intelligence governance framework. 

Finally, it offers promising opportunities to improve model adaptability in unseen categories using little training data 

through zero-shot and few-shot learning. However, this is not the case with GPT-4, as this is an issue of domain 

adaptation and hallucination. Future research is needed for more robust zero-shot classification frames, meta-

learning techniques, and hybrid approaches that merge neural architectures with symbolic reasoning. Addressing 

pertinent research gaps in NLP enables the next generation of NLP models to be more interpretable, efficient, fair, 

and adaptive, meaning that they are better suited for real-world scenarios. 

The context provided by the interpretation of the results of NLP-based text classification models through the 

exploration of ongoing challenges and future research directions is discussed. In the next section, the key findings 

are discussed, and the comparative model performance, computational efficiency, and domain applicability are 

presented to elaborate on the value of this comprehensive review. 

Addressing these challenges is crucial for next-generation NLP-based text-classification models. In conclusion, this 

study summarizes the key findings, highlights practical implications, and offers recommendations for researchers 

and industry practitioners seeking to develop more efficient, interpretable, and fair NLP architectures. 

 

 6 Conclusion 

Over the past few years, the field of text classification in Natural Language Processing (NLP) has transformed itself 

to deep learning and transformer models in place of the conventional machine learning methods. This survey 

critically reviewed the available methods in terms of the accuracy, computational efficiency, scalability and 

practicality in real-life. Transformer models (including BERT and GPT-4) have continually achieved the state-of-

the-art performance, but they are prohibitively expensive in terms of computation and memory footprint, as well as 

their inference time constraints their use in resource-constrained and real-time systems. In spite of such advances, 

there are a number of issues that have not been tackled. Models based on transformers are mostly opaque and thus 

interpretations are challenging and require an implementation of Explainable AI (XAI) methods to improve the 

transparency and trust. On top of this, there are always the ethical issues of bias and fairness: pre-trained models can 

also be predisposed with the biases prevalent in society or data, which can affect downstream decisions. The 

problem of scalability is also essential because big NLP models require significant computing capacity, which 

prevents their use on low-power computers and edge computing hardware. Meanwhile, future research directions, 

such as zero-shot learning, self-supervised learning, and multi-task learning, provide future prospects of enhancing 

model generalization, adaptability and efficiency. Research ought to be conducted in the future towards creating 

lightweight, energy-efficient, interpretable, and fair NLP architectures that would balance their performance with 

practical deployment considerations. Generally, the survey fills the gap between the theoretical developments and 

the real-life applications and serves as a complete guide to researchers and industrial practitioners in this field of 

work involving the use of NLP in text classification. 
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