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Abstract: Text classification is an important fundamental technique for efficiently managing the huge amount of textual 

information on the Internet. In the past few years, due to the unprecedented success of deep learning research, the task of text 

categorization has gradually become the center of gravity in the field of natural language processing, and the algorithms applied 

to it have also transitioned over time from traditional machine learning methods to neural network models based on deep learning, 

as well as the emerging attention mechanisms and pre-trained language models with good results. This paper outlines the 

traditional machine learning methods and deep learning methods involved in text classification, comprehensively analyzes the 

research progress and achievements of deep learning models for text classification, and compares the advantages and 

disadvantages of each. Then the evaluation metrics used for text classification and commonly used labeled datasets are introduced. 

Finally, the challenges faced by the text classification task and the difficulties to be further researched are summarized and 

outlooked to provide reference and support for future researchers in this field. 
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1. Introduction 

Natural Language Processing (NLP) is a cutting-edge 

field at the intersection of computer science, artificial 

intelligence, and linguistics [1]. Text classification, as a 

basic and necessary task in this field, aims to classify text 

data into specific categories based on the text content, and 

has been widely used in spam classification [2], sentiment 

analysis, topic classification [3], question and answer 

systems [4], and personalized news recommendation [5-

6]. Early text classification is mostly done manually, and 

this method is time-consuming and labor-intensive, with 

poor portability and low accuracy. However, with the 

rapid development of science and technology and the 

wide application of computers, text information has been 

fully electronic, and a huge amount of text comes to the 

surface. In the face of huge text data, the traditional 

manual classification methods can no longer be processed 

and refined within a reasonable timeframe to help users 

make decisions. Based on this, researchers have utilized 

computers to perform text classification tasks and 

proposed various text classification algorithms, which 

not only accelerate the classification speed but also 

improve the accuracy of classification. 

Deep learning is a machine learning method that 

enables computers to automate the learning process by 

integrating multiple layers of neural networks. In 

comparison to traditional machine learning methods, 

deep neural network models not only reduce the cost  of 

manual feature design required for dealing with different 

problems and realise automated machine learning, but 

also can effectively deal with large-scale data and 

complex nonlinear relationships, which is highly suitable 

for application in the field of text classification. This 

paper presents an overview of the current development of 

deep learning in the field of text classification, detailing 

the latest research progress and technical approaches to 

text classification. 

2. Text classification method based on 
traditional machine learning 

When doing tasks related to text classification, how to 

extract features is a key issue. Traditional machine 

learning tasks require manual extraction of text features. 

Other commonly used traditional machine learning 

classification models are Support Vector Machines 

(SVM)[7], Naive Bayes (NB), K-Nearest Neighbor 

(KNN), and Random Forest Algorithm. The parameters of 

NB are small, it is not too sensitive to missing data, the 

algorithm is simple and efficient, suitable for high 

dimensional data, and the results are stable. efficient, 

suitable for high-dimensional data, and stable. However, 

the independence assumption is often not valid in 

practical applications, which may affect the classification 

accuracy. Support vector machine can solve high-

dimensional and nonlinear problems. It has high 

generalization ability, but the training time is long, and it 

is sensitive to parameter selection and kernel function. 

KNN decides the class of the new text mainly by 

calculating the distance between the new text and each 

text in the training set, and selecting the k neighbors with 

the closest distance for voting. Therefore, it is more 

suitable than other methods for datasets that are to be 

classified by intersection or overlap of class domains. 

Furthermore, as data sizes continue to grow, the 

computational efficiency of these algorithms is declining, 

which constrains their capacity to process large-scale 

datasets and ultimately affects the accuracy of the final 

classification. Consequently, during this period, 

researchers commenced the investigation of more 

efficient and automated feature extraction methodologies, 

with the gradual introduction of deep learning algorithms 

to address these issues. 
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3. Text classification method based on 
Deep learning  

Deep learning is a subfield of machine learning that 

aims to learn features and patterns from large amounts of 

data through a multilayer neural network structure that 

mimics the neuronal connections of the human brain. 

Each layer of the neural network performs a nonlinear 

transformation of the input data, progressively extracting 

higher-level abstract features. The advantage of this 

approach is that it obviates the need for manual feature 

design. The network is able to learn useful features from 

data automatically and is capable of handling high-

dimensional, unstructured data when dealing with 

complex data. 

3.1. Convolutional neural network based 

method 

CNN ( Convolutional Neural Networks, CNN ) is one 

of the typical algorithms for deep learning [8].The 

structure of CNN mainly includes input layer, 

convolutional layer, pooling layer, fully connected layer, 

output layer and so on. Among them, the convolutional 

layer and pooling layer are the typical structures of CNN 

that distinguish it from other neural networks.The model 

structure of CNN is shown in Figure 1. 

...
... ...

...

Input Convolutional Pooling Fully Connected

 

Figure 1: CNN model structure 

Kim [9] previously employed Convolutional Neural 

Networks (CNN) for text categorisation. The 

convolutional neural network (CNN) architecture was 

employed to represent text at the character level. This 

involved combining a multi-task learning framework 

with a recurrent neural network (RNN) structure, which 

enabled the model to learn across multiple related tasks. 

Additionally, a recursive structure was employed to 

capture contextual information, and a maximum pooling 

layer was used to identify key components in the text. 

Although distributed representation methods are capable 

of automatically learning features from large-scale 

datasets, they are limited by poor interpretability, long 

training times, and the necessity of numerous training 

parameters. In order to enhance the classification efficacy 

of the TextCNN model, literature [10-12] devised a deep 

CNN model by augmenting the number of layers and 

expanding the field of view of the convolutional kernel to 

procure information. The results demonstrate that the 

deep CNN model constructed by increasing the number 

of layers from the vertical direction does not significantly 

enhance the classification efficacy of short text.  

Consequently, numerous scholars have adopted 

alternative methodologies to enhance the TextCNN model 

by modifying the configuration of the convolutional and 

pooling layers of the model in a horizontal direction and 

extracting a greater number of short text features. Guo et 

al.[13] constructed an enhanced CNN model with the help 

of jump convolution and K-Max pooling operation to 

refine the short text feature extraction. At the same time, 

they retained the first area of the largest feature values in 

the pooling layer to obtain short text features from 

multiple dimensions. Wang et al. [14] enhanced the 

TextCNN model by constructing an N-gram 

discontinuous sliding window and a K-Max average 

pooling operation. 

In addition to the research on the structure of the 

convolutional neural network (CNN), literature [15-17] 

has also conducted research on the effect of different 

granularity levels of input on the classification effect. The 

classification effect of word granularity and word 

granularity is generally superior to that of input by 

sentence, due to the inherent lossy compression process 

involved in input at the sentence level. This enhanced 

model, to a certain extent, enhances the efficiency of 

CNN in acquiring text features with a more 

comprehensive feature representation. Nevertheless, due 

to the paucity of content in the short text itself, the 

improved model still encounters the challenge of 

insufficient information in acquiring text features.  

3.2. Long and short-term memory network 

method 

Long short-term memory (LSTM) is a specific type of 

recurrent neural network (RNN), which employs a 

reverse chronological order gradually backpropagation 

method. However, when the text sequence is lengthy, it 

becomes challenging to address gradient disappearance 

or gradient explosion issues, which can impede the ability 

to capture long-distance dependence relationships 

between text. In light of these considerations, numerous 

researchers have sought to enhance the efficacy of these 

networks. Among the most impactful of these 

enhancements is the introduction of a gating mechanism. 

Hochreiter et al. [18] proposed the Long Short -Term 

Memory Network (LSTM), whose core structure, 

comprising a single LSTM unit, is depicted in Figure 2. 

In practice, it has demonstrated efficacy in the domains 

of time series prediction and natural language processing. 

 
Figure 2: LSTM cell structure 

According to Figure 2, the formula for updating the 

state of the LSTM structure is as follows: 

𝑣𝑡 = 𝜎(𝑊𝑣 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑣)             (1) 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)             (2) 

𝐶𝑡̃ = 𝑡𝑎𝑛ℎ(𝑊𝐶 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)           (3) 

𝐶𝑡 = 𝑣𝑡 × 𝐶𝑡−1 + o𝑡 × 𝐶𝑡̃                (4) 

𝑗𝑡 = 𝜎(𝑊𝑗 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑗)              (5) 
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ℎ𝑡 = 𝑗𝑡 × 𝑡𝑎𝑛ℎ(𝐶𝑡)                      (6) 

where 𝑊v ∈ ℝ 、 𝑊𝑜 ∈ ℝ 、 𝑊C ∈ ℝ、𝑊j ∈ ℝ ,are the 

corresponding weight sizes of the model, 𝑏v、𝑏𝑜、𝑏C、

𝑏j are the biases, 𝑐𝑡  is the stored state cell at time 𝑡, 𝜎 is 

the Sigmoid activation function, ℎ𝑡  denotes the final 

output of the LSTM model, ℎ𝑡−1  is the output of the 

previous time step, 𝑐𝑡−1  is the previous cell state at a 

time step, and 𝑡𝑎𝑛ℎ  denotes the hyperbolic tangent 

activation function. 

Furthermore, the researchers introduced a comparison 

model, Tree-LSTM, which outperforms TextRNN on the 

SST-1 dataset and achieves superior classification results. 

This is due to the fact that short texts exhibit a specific 

structure, and LSTM is a network that transfers 

information in a linear manner according to the temporal 

order. This makes it challenging for LSTM to learn 

structural information such as internal dependencies and 

the syntax of short texts. 

In order to capture the semantic information of the 

sequence more comprehensively, PALIWAL et al. [19] 

further optimised the LSTM network structure and 

proposed a bidirectional LSTM model (BiLSTM). This 

model is capable of scanning from the forward and 

backward directions of the sequence simultaneously, and 

is able to take into account the sequence information of 

both past and future moments in the feature extraction. 

The BiLSTM model consists of a forward LSTM and a 

backward LSTM to form the hidden state sequences 

(ℎ1
⃗⃗⃗⃗ , ℎ2

⃗⃗⃗⃗ ,ℎ3
⃗⃗⃗⃗ ,⋯ , ℎ𝑛

⃗⃗⃗⃗  ) and (ℎ1
⃖⃗ ⃗⃗⃗, ℎ2

⃖⃗ ⃗⃗⃗, ℎ3
⃖⃗ ⃗⃗⃗,⋯ , ℎ𝑛

⃖⃗ ⃗⃗⃗) . By 

superposition, the forward hidden states from time 𝑡 = 1 

to 𝑡 = 𝑇 and the reverse hidden states from time 𝑡 = 𝑇 

to 𝑡 = 1  are weighted in positional order to obtain a new 

sequence of hidden states, and the output is 

𝐻: [ℎ1, ℎ2, ℎ3,⋯ , ℎ𝑛] . The calculation formula is as 

follows: 

ℎ = [ℎ⃗ ⨁ℎ⃖⃗]                     (7) 

The essential information and long-term dependencies 

of textual contextual semantics are completely 

encapsulated following a bi-directional encoding process, 

thereby enabling the model to utilise a more 

comprehensive array of features.  

Additionally, scholars have proposed the integration of 

the BiLSTM model with the CNN model. Zhou et al. [20] 

have developed the BLSTM-2DPooling and BLSTM-

2DCNN models, which consider both the temporal and 

textual dimensions of the input text, thus enabling the 

capture of more comprehensive semantic features. J. Jin 

et al.[21] proposed a short Chinese text classification 

model based on CNN and BiLSTM, which can focus on 

extracting the key information of the text to improve the 

accuracy of the text. Xu et al.[22] proposed a multi-scale 

BiLSTM-CNN sentiment classification model, which can 

classify sentiment polarity in a more detailed way. In the 

hybrid BiLSTM-CNN, the input text information is first 

decoded by the BiLSTM model and then subjected to a 

convolutional operation. This captures the semantic 

information between words and further reduces the 

feature dimensions through the maximum pooling 

operation. This reduces the parameters of the model and 

simultaneously extracts the important features, thus 

effectively reducing the overfitting of the model to the 

data. 

3.3. 2.3 Graph Neural Network method 

With the growing interest in graph neural networks, 

GNN-based models have demonstrated remarkable 

performance in encoding the syntactic structure of 

sentences in text classification tasks. To enhance the 

efficacy of the network, Velickovic et al. [23] introduced 

the graph attention network (GAT), which employs the 

attention mechanism as an aggregation function to 

aggregate the information of the central node and the 

neighbouring nodes, thereby enhancing the 

interpretability of the GCN, whose weights are calculated 

as: 

𝑒𝑖𝑗 = 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐾𝑈(𝑎𝑇[𝑊ℎ𝑖 ∥ 𝑊ℎ𝑗])         (8) 

𝛼𝑖𝑗 =
𝑒𝑥𝑝(𝑒𝑖𝑗)

∑ 𝑒𝑥𝑝(𝑒𝑖𝑗)𝑘∈𝑁𝑖

                        (9) 

In [24-25], a bi-graph convolutional network model for 

aspect-based sentiment analysis was proposed which 

takes into account both complementarity of syntactic 

structures and semantic relevance. In a related vein, 

Literature [26] put forth the concept of encoding words 

using directed acyclic graphs and devised a directed 

acyclic neural network to operationalize this concept. The 

model offers a more intuitive approach to simulating the 

flow of information between the context of a remote 

dialogue and the nearby context. In a novel approach, 

Literature [27] proposes a graph-based model for 

emotion-triggering paths. This model employs 

commonsense knowledge to enhance the semantic 

dependencies between candidate clauses and emotion 

clauses. Yang T. et al. [28] subsequently proposed a 

heterogeneous graph attention network, which modelled 

documents, topics, and entities as nodes of a textual graph 

and constructed edges between topic-document, entity-

document, and entity-entity to capture relational 

information. A dual attention mechanism is also designed 

to capture the importance of different neighbouring nodes 

as well as the importance of different types of nodes. This 

reduces the noise information, enhancing the 

interpretability of the model. 

3.4. Pre-trained models 

Pre-training models play an important role in the field 

of deep learning and NLP. In 2018, a deep pre-training 

model, BERT, was proposed for NLP tasks using the 

Transformer architecture [29-30]. The BERT model 

architecture is shown in Figure 3. Due to its excellent 

performance, the BERT model is widely used in 

downstream tasks of NLP. This type of model is trained 

with a large range of unlabelled data to produce rich 

contextual semantic information, which is able to extract 

the connection between words very well. Consequently, 

most researchers are moving towards pre-training models, 

and there are many models based on BERT and its 

variants in various lists of natural language tasks. Cui 

Yiming et al. [31] proposed a pre-training language 

model specifically for the Chinese language, MacBERT, 

which modifies the word masking based on BERT. This 

replaces the masked words with similar words, thus 

reducing the gap between the pre-training and fine-tuning 

phases. In order to address the limitation of BERT input 

length, the HadaBERT model was proposed [32], which 

comprises a local encoder and a global encoder. The local 

encoder encodes the document in segments using 
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multiple BERT models, while the global encoder 

synthesises the results of the segmented encoding into the 

final representation of the document based on Attention.  

Trm

T1

E1

Trm

T2 T3 Tn...

E2 E3 En

TrmTrm Trm

TrmTrm Trm

...

...

...
 

Figure 3: BERT model structure 

Despite the emergence of numerous enhanced models, 

the most widely utilised one is BERT, taking into account 

the resource consumption and classification effectiveness. 

Language models are capable of effectively learning 

global semantic representations by being pre-trained 

under large-scale preconditioning, and they significantly 

facilitate natural language processing tasks, including 

text classification [33]. The question of how to apply pre-

trained models that have been trained on large datasets to 

downstream tasks is a highly worthwhile area of research.  

Transfer learning is the research idea of pre-training a 

model in large batches before applying it to another 

contextual model. Li Bion et al [34] performed sarcastic 

text detection by combining it with knowledge transfer 

from other resources, making full use of the transferred 

resource knowledge to improve the model and enhance 

the model performance. Sun Xiaoyan et al [35] designed 

a new migration learning strategy for cross-domain 

migration of false comments, which can effectively 

capture the same features in the text, followed by the use 

of semi-supervised collaborative mechanism to identify 

false information by combining the migrated data. The 

combination of migration learning and semi-supervised 

collaboration mechanism improves the accuracy of false 

comment detection. The related research on migration 

learning mainly improves the idea on the pre-training 

model, training datasets to fine-tune the model, and 

various improvement methods are taken and verified in 

combination with the actual task. 

3.5. Overview of the methodology 

In recent years, numerous deep learning models for 

text classification have been proposed, as illustrated in 

Table 1. These models have been applied to a range of 

tasks, including sentiment analysis (SA), topic labelling 

(TL), aspect-based sentiment analysis (ASBS), short text 

categorisation (STC), conversation emotion recognition 

(ERC) and emotion cause extraction (ECE). In order to 

enhance the efficacy of model classification, researchers 

have endeavoured to implement a plethora of 

methodologies, including the incorporation of neural 

network models or attention mechanisms, or the 

improvement of conventional neural network models. 

Furthermore, some researchers have investigated text 

classification techniques based on pre-trained models. 

These employ an unsupervised approach to automatically 

mine semantic knowledge, which is then used to construct 

pre-trained targets. This enables the learning of structural 

information in the speech-captured text, with 

classification performance that is unparalleled by other 

methods. 

Table 1: Different Models for Text Classification 

Model Tim

e 

Method Application 

 

 

CNN 

2018 LSTM-CNN SA 

2022 CRFA STC 

2022 TextConvoNe

t 

SA 

 

 

LSTM 

 

2021 BiLSTM-CRF ASBS 

2022 Hierarchical-

LSTM 

SA 

2022 Attention-

based LSTM 

SA, STC 

 

 

 

GNN 

2017 GAT Twitter, 

Laptop 

2021 KAG SINA CITY 

NEWS 

2021 DG-LSTM IPC,CPC,CrPC 

 

 

BERT 

2019 RoBERTa AGnews,IMD

B 

2021 BERTweet SA,ERC 

2022 Bert-Base LIAR 

The four text classification methods mentioned above 

represent the principal models in the field of deep 

learning. Each of them is effective in handling different 

types of data and tasks, thus exhibiting unique strengths. 

Initially employed for image processing, convolutional 

neural networks (CNN) have also been used for text 

classification[11]. The text is initially converted into 

word embeddings, after which local features are extracted 

by a 1D convolutional layer and a pooling layer. These 

layers are capable of capturing local patterns in the text, 

such as n-grams. Convolutional operations are easily 

parallelisable and are suitable for large-scale data 

processing. Furthermore, the convolutional kernel is 

shared across locations in the text, reducing the number 

of parameters. The disadvantages are also more 

prominent. It is difficult to capture long-distance 

dependencies, and when the feature selection depends on 

the size of the convolution kernel, it is necessary to adjust 

the size of the convolution kernel in order to capture 

features of different lengths. LSTM makes up for some of 

the shortcomings of CNN by The introduction of memory 

units and gating mechanisms (input gates, oblivion gates, 

and output gates) enables the capture of long-term 

dependencies in sequences[19]. Furthermore, it allows 

for the efficient processing of long texts, the capture of 

long-distance dependencies, and the suitability for the 

processing of sequential data. However, the training time 

is lengthy, the demand for computational resources is 

considerable, and the difficulty of parallelisation is high, 

which presents a challenge for parallelisation.  

GNN represents the text as a graph structure, and learns 
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the node representation through the Message Passing 

mechanism (Message Passing) and the aggregation of 

neighbouring node features. The construction of text 

graphs is a common method, with two main approaches: 

the Word Co-occurrence Graph and the Dependency Tree 

Graph[25]. These methods are suitable for text data 

represented by various graph structures, as they are able 

to capture the complex relationships and structures 

between words. However, the construction and 

computation overheads are considerable, particularly for 

large-scale data sets, and the performance is contingent 

upon the quality of the constructed graph structure. BERT 

is based on the Transformer architecture, which enables 

contextual, bidirectional understanding through 

bidirectional encoders. The model is initially trained on a 

large corpus of textual data, after which it is fine-tuned 

for specific downstream tasks[34]. Its bi-directionality 

enables it to understand the meaning of words in different 

contexts, and the pre-trained model can be applied to a 

variety of downstream tasks, reducing the need for 

labelled data. It performs well in many NLP tasks, 

especially text classification. However, the high 

computational resource requirements of pre -training and 

fine-tuning, particularly the need for high-performance 

GPUs with numerous parameters, complex deployment 

and optimisation, and the inherent complexity of the 

models, result in slower inference, making it difficult to 

apply to real-time tasks. The selection of an appropriate 

model, tailored to the specific requirements of a given 

task, represents a key strategy for leveraging the potential 

of deep learning.  

4. Evaluation metrics 

The most commonly employed evaluation metrics in 

text classification tasks include accuracy, precision, 

recall, F1-score and confusion matrix. The 

aforementioned evaluation metrics facilitate the 

assessment of the model's performance in classification 

tasks. 

The accuracy of a classifier is defined as the ratio of 

correctly classified samples to the total number of samples. 

The metric gauges the model's overall performance across 

all categories. 

𝐴ccu𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝐹𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
            (10) 

The proportion of samples predicted by the model to 

be in the positive category that are actually in the positive 

category is referred to as the accuracy of the model. The 

metric gauges the precision of the model in identifying 

positive categories. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                  (11) 

Recall is the proportion of samples that are actually in 

the positive category that are correctly predicted to be in 

the positive category by the model. It measures the ability 

of the model to identify positive category samples.  

𝑅𝑒 𝑐 𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                    (12) 

The F1 value represents the reconciled mean of 

precision and recall, which takes into account both the 

precision and recall of the model. 

𝐹1 =
pre𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙×2

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
                (13) 

The confusion matrix is a two-dimensional matrix that 

is employed to illustrate the classification outcomes of 

the model. Each row represents the true category, while 

each column represents the category predicted by the 

model. The fundamental elements of the confusion matrix 

comprise true positives (TP), false positives (FP), true 

negatives (TN) and false negatives (FN). As shown in 

Table 2. 

Table 2: Confusion matrix 
 

Predicted Value 

True Value Positive Negative 

Positive TP(True 

Positive) 

FN(False 

Negative) 

Negative FP(False 

Positive) 

TN(True 

Negative) 

5. Datasets 

The training and evaluation of text classification 

models necessitates the availability of a substantial 

number of labelled datasets. The labelled datasets selected 

for the validation of deep learning-based text 

classification models are predominantly specific domains, 

such as movie reviews, news, social comments, and so 

forth. In the majority of cases, they are employed to 

classify the sentiment polarity of the reviews. It can be 

observed that Chinese labelled datasets have the potential 

for further improvement, both in terms of the number of 

instances and the breadth of the domains represented. 

This section presents an overview of open-source datasets 

in text classification research, with a focus on commonly 

used text labelling datasets. The number of documents in 

the training set, the number of categories in the test set, 

the average sentence length, and the source are presented 

in tabular form. As illustrated in Table 3. 

Table 3: Common Text Label Datasets 

Dataset
s 

Num
ber of 

docume
nts in 

training 
set 

Num
ber of 

docume
nts in 

test set 

catego
ries 

Aver
age 

length 
of 

sentenc
es 

sou
rce 

THUCn
ews 

4100
0 

1120
0 

14 18.1 - 

SogouN
ews 

5000
0 

1000
0 

10 29.3  

Twitter 8204 3005 3 19.0  

IMDB  2500
0 

1250
0 

10 239.0  

Yelp 1566
574 

3800
00 

2 153.0  

AG 
News 

1200
00 

7600 4 7.0  

SST-1 8544 2210 5 18.0  

SST-2 6700
0 

1800
0 

2 19.0  

DBpedi
a 

5600
00 

7000
0 

14 55.0  

R8 5482 2189 8 65.7  

Google 
Snippets 

1006
0 

2280 8 18.0  

TREC 5952 500 6 10.0  

MR 7108 3554 2 20.4  

6. Prospecting 

The research on the application of deep learning in text 
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classification has made considerable progress, yet there 

remain significant challenges in the areas of pre-training 

model enhancement, expanding the feature research 

model integration, and so forth, which require further 

investigation and research. 

However, contemporary scholars rarely apply the pre -

training model and feature fusion idea simultaneously to 

optimise the model. Instead, they conduct research on a 

single direction, such as introducing the BERT pre-

training model or not applying the pre-training model to 

optimise the feature extraction process. As deep learning 

continues to evolve, techniques such as knowledge 

distillation and transformers are continually proposed. 

The integration of these techniques into models offers the 

potential to leverage the strengths of each while 

enhancing the model's generalisation and robustness. 

Consequently, text classification methods based on the 

integration of multiple models have attracted 

considerable interest from numerous scholars.  

Nowadays, the parameter tuning of models has the 

potential to enhance the performance of classification. 

Nevertheless, the challenge remains in meeting the 

substantial training data requirements for deep learning. 

Deep learning models have extremely high requirements 

in terms of the quantity of training data and the time 

required for computation, which are far from being 

comparable to those of other algorithms. The accuracy of 

the training results of deep neural networks is largely 

contingent upon the quantity of training data. 

Concurrently, the training time of deep neural networks 

increases in proportion to the complexity of the network 

model. One avenue for future research will be to identify 

methods for maintaining the performance of the model 

while reducing the size of the model continuously. 

The performance of deep learning models is contingent 

upon the quality and balance of the sample data. In the 

event that the sample data is of poor quality and 

imbalanced, it will result in a decline in classification 

accuracy. Furthermore, the currently available short text 

labelling datasets are relatively small and concentrated in 

a few specific domains. Consequently, it is of paramount 

importance to reinforce related research and construct 

high-quality datasets based on multiple domains with the 

objective of achieving more accurate classification 

performance for text.  

7. Conclusion 

This paper presents a comprehensive overview of text 

classification methods and applications based on deep 

learning. It begins with a brief introduction to traditional 

machine learning methods and then proceeds to analyse 

the current state of research in this field. Finally, it 

presents a detailed analysis of relevant labelled datasets. 

Finally, the future development of deep learning methods 

in text classification will be discussed. 
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