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Abstract

With the increasing number of web texts, the classification of web texts has
become an important task. In this paper, the text word vector representation
method is first analyzed, and bidirectional encoder representations from
transformers (BERT) are selected to extract the word vector. The bidirectional
gated recurrent unit (BiGRU), convolutional neural network (CNN), and
attention mechanism are combined to obtain the context and local features
of the text, respectively. Experiments were carried out using the THUCNews
dataset. The results showed that in the comparison between word-to-vector
(Word2vec), Glove, and BERT, the BERT obtained the best classification
result. In the classification of different types of text, the average accuracy
and F1 value of the BERT-BGCA method reached 0.9521 and 0.9436, respec-
tively, which were superior to other deep learning methods such as TextCNN.
The results suggest that the BERT-BGCA method is effective in classifying
web texts and can be applied in practice.

Keywords: Natural language processing, deep learning, web text, text
classification.

Journal of ICT Standardization, Vol. 13_1, 25-40.
doi: 10.13052/jicts2245-800X.1312
© 2025 River Publishers



26 Chenwen Zhang

1 Introduction

With the continuous progress of the Internet, more and more data are gen-
erated in daily life and work in the form of images, speech, and texts.
Text data is quite an important component of web data, which may come
from chat records, movie reviews, and network news, and contains a lot of
useful information. Text classification is a technology of natural language
processing (NLP) [1], which refers to the use of information extracted from
text data to divide text into different types [2]. It can provide support for
information retrieval, news filtering, medical diagnosis, etc. [3]. As the data
generation speed of web text is so fast, the manual annotation method makes
it more and more difficult to meet the growing demand for text classification.
In the case of the continuous development of computers, the automatic
classification of text by computers has become a key issue [4]. Li et al. [5]
designed a dual-view graph convolutional network (GCN) for classifying
multi-label texts and found through experiments that the method successfully
balanced efficiency and performance. Ramadhani et al. [6] combined the term
frequency-inverse document frequency method and support vector machine
to classify Instagram captions and obtained high accuracy. Min et al. [7]
designed a topic-aware cosine graph convolutional neural network (CNN) to
classify short texts. Experiments on eight STC datasets found that the method
had better accuracy and macro-F1 score. Shaikh et al. [8] compared different
machine learning methods using a dataset containing 11.8k patient descrip-
tions of the 20 most common diseases in text classification in evidence-based
medicine. They found that the random forest tree had the highest overall
accuracy of 83%. Compared with ordinary texts, web text has a large amount
of data, wide sources, and various forms. Therefore, the classification of
web text is more complex, and the performance of existing text classification
methods still needs to be improved. Deep learning can automatically extract
features and is widely used in NLP tasks. Therefore, this paper mainly
analyzes how to use deep learning methods to design a high-performance web
text classification method. In the first section of this paper, the designed text
classification method is introduced. Bidirectional encoder representations
from transformers (BERT) word vector representation, bidirectional encoder
representations from transformers (BiGRU), and CNN were combined to
establish a BERT-BGCA model. The second section is the experiment and
analysis part. The classification performance of the model was compared
and verified on the THUCNews dataset, which highlighted the classification
performance of the model. The third section is the discussion and conclusion
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part. A simple discussion and summary of the experimental results are carried
out, and the research limitations and future research directions are pointed
out. The research in this paper combines several deep learning methods
to improve the classification performance and optimize the traditional deep
learning method, providing some theoretical basis for the further application
of deep learning in network text classification and offering some references
for the performance optimization of deep learning models.

2 Classification of Web Text Based on Deep Learning

2.1 Word Vector Representation

Word-to-vector (Word2vec) is a classical word vector representation
approach [9] that has extensive applications in feature extraction of NLP
tasks [10]. It includes continuous bag-of-words (CBOW) and skip-gram,
which can effectively reflect the semantic relationship between words. How-
ever, it cannot solve the polysemy problem, nor can it express contextual
information.

Glove carries out word vector representation based on word co-
occurrence frequency [11]. Compared with Word2vec, Glove can better
capture the global semantic information of words. It is efficient in large-scale
corpus training. BERT is a popular word vector representation model [12].
Based on a transformer model, it can effectively capture context information
and sentence relationships and train richer text representation, with superior
performance in NLP tasks. Therefore, BERT is also chosen in this paper to
implement the word vector representation before the classification of web
text. For text X = {x1,x9,...,2,}, the word embedding representation is
obtained by BERT training:

S = BERT(X). (1)

Then, the word vector representation containing context information, i.e.,
the final hidden layer output of the sentence, is obtained through the CLS
vector:

C = BERT(CLS). )

2.2 Feature Extraction

Among deep learning methods, the recurrent neural network (RNN) has a
favorable effect in processing sequence data [13], especially in mining the
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timing and semantic information of data, and has extensive applications in
NLP tasks [14]. The gated recurrent unit (GRU) is a variant of RNN [15],
which has a better effect than RNN in capturing long-term dependencies.
GRUs employ two gating mechanisms:

Reset gate: this determines how much information needs to be forgotten:

T = U(Wr : [ht—lamt})- 3)

Update gate: this controls the ratio of newly input information to past
status information:
zp = (W, - [hy—1, 1)) 4)

where h;_1 is the hidden state of the previous moment, z; is the input of
the current moment, and W, and W, are weights. According to 7; and z,
candidate hiding state h; can be calculated:

hy = tanh(Wy 2+, 0Ush, ), o)

where W; and Uj are the weight of x; and h;—1, and © refers to the
multiplication of elements. The final hidden state is:

he = 2 ® hy + (1 —2¢) ® hy—1. (6)

BiGRU adds a reverse structure on the basis of the forward structure
of GRU, so that the model can learn the information of the previous and
following texts and obtain better feature extraction effect [16]. The forward
structure calculates from ¢ = 1, and the hidden state obtained is:

hi = GRU(h_|,x). 7
The reverse structure calculates from ¢ = 7', and the hidden state obtained
is:

WY = GRU (h}, 4, 24). ®)
BiGRU concatenates the two hidden states to obtain the output at time ¢:
he = 1], h). ©

The final output of BiGRU is:
yr = Wyhy, (10)

where W, is the weight.
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What BiGRU learns is the global sequence feature of text, and the phrase-
level text feature also plays an essential role in the classification of web
text. Therefore, this paper chooses a CNN to learn the local feature of word
vectors [17]. CNN uses convolution kernels to extract features. It is assumed
that there is input vector 7' € R**™ and convolution kernel K € k%" (d is
the vector dimension and A is the width of the convolution kernel. The output
convolution feature is:

g; = tanh((K,T) 4+ b), (11)

where (-) denotes the convolution calculation process and b is the bias. After
convolution, the output of CNN is obtained through pooling operation:

Yi = maxg;. (12)

2.3 Attention Mechanism and Classification Model

For the features learned from BiGRU and CNN, in order to highlight the
role of key information, this paper adds the attention mechanism after both
BiGRU and CNN [18]. The attention mechanism mainly includes query
vector Q, key vector K, and value vector V. In calculation, the similarity
between Q and each K is calculated:

_ QK
QI - 1Kl

The softmax function is used for normalization processing to obtain the
attention weight:

Sim(Q, K) (13)

. eSimq;
a; = softmax(Sim) = W (14)
1=
Then, the weighted summation is performed:
Ls
Attention = Z a; - V. (15)
i=1
The attention mechanism is added after BIGRU:
M, = tanh(hy), (16)
ag = softmax(WyM,), (17)

S, = hyay, (18)
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Figure 1 BERT-BGCA web text classification model.

where h; is the hidden output of BiGRU, W is the weight, a, is the attention
weight coefficient, and S, is the output after the attention mechanism.
Similarly, a CNN is added after the attention mechanism:

M. = tanh(y;), (19)
ac = softmazx(W.M,), (20)
Se = yidae, 21

where y; is the output of CNN, W, is the weight, a. is the attention weight
coefficient, and S, is the output after the attention mechanism.

The structure of the BERT-BGCA web text classification model designed
in this paper is shown in Figure 1.

As shown in Figure 1, the word vectors obtained after BERT training are
input into the BiGRU-attention and CNN-attention respectively for feature
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extraction, and the obtained features are concatenated:

S = cat(Sy, Sc). (22)
Then, linear transformation is performed through a linear layer:
O=WT"S+bo, (23)

where W7 is the training parameter matrix and bo is the bias. Finally,
the obtained output vector O is input into the softmax layer to obtain the
classification result of the web text.

3 Experiment and Analysis
3.1 Experimental Setup

The experimental environment is presented in Table 1.

The experimental dataset was from THUCNews [19], and the texts were
from the historical data of Sina news. Ten types of news titles (entertainment,
games, sports, education, real estate, stocks, current politics, science and
technology, society, finance and economics) were selected for the experiment.
Some text examples are shown in Table 2. Five thousand titles were selected
for each category, totaling 50,000 titles. The training, verification, and test
sets were divided into 8:1:1.

After repeated experiments, the parameters of the BERT-BGCA model
were determined (Table 3).

3.2 Evaluation Indicators

Based on a confusion matrix, the accuracy and F1 value were used to evaluate
the classification effect of web texts:

(1) Accuracy (the proportion of samples that are correctly classified, e.g.,
the text belonging to the category of entertainment is correctly classified

Table 1 Experimental environment

Operating system Windows 11
Central processing unit 15-11260H@2.60GHz
Graphics processing unit GeForce RTX 2080 Ti
Memory 16 GB
Programming language Python3.9

Deep learning framework PyTorch1.11.0

Compute unified device architecture 11.4




32  Chenwen Zhang

Table 2 Examples of texts in the THUCNews dataset
Category Example

Reality Haitang Community near the East 5th Ring
230-290 m? two-bedroom near-ready apartments
2% discount available
Finance Golden certificate consultant: What does roller-coaster market volatility signify?
Education  The registration for the CET-4 and CET-6 exams in Shanghai in the first half of
2010 should be completed before 8 April.

Science “Mobile Wallet” made its debut at the Science and Technology Expo.

Society Reporters paid a return visit to the “Coke Boy” in the earthquake: He will be
invited to visit the United States.

Game The smoke of war has risen again in the siege warfare and vassal warfare of
“Red Cliff Online”.

Table 3 BERT-BGCA parameter settings

Parameter Value
Hidden size of BiGRU 128
Embedding_dim 300
Learning_rate 0.0001
Batch_size 128
Dropout 0.5
Optimizer Adam

to the category of entertainment by the model):

TP + TN

A = P T FN+ FP L TN 9

(2) F1 value (the harmonic average of recall rate and precision)
Precision = TP}—;—PFP (26)
Recall = TIDI—?F’]V (27)

where TP refers positive samples that are classified as positive, TN refers to
negative samples that are classified as negative, F'P refers to negative samples
that are classified as positive, and F'N refers to positive samples that are
classified as negative.
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Figure 2 Comparison of different word vector representation approaches.

3.3 Analysis of Results

The selected word vector representation method was verified. The BGCA
model was used to classify web texts, and the classification effect of various
word vector representation approaches was compared (Figure 2).

It can be found that there was a small gap between the two methods in
Word2vec in web text classification. The Acc values of CBOW and skit-
gram were 0.9016 and 0.9074, respectively, and the F1 values were 0.8994
and 0.8997, respectively. In comparison, the results of web text classifica-
tion obtained by Glove were significantly improved, with an Acc value of
0.9233 and an F1 value of 0.9169, indicating that Glove was superior to
the traditional Word2vec method in word vector representation. Moreover,
the Acc value obtained by BERT was 0.9521, which increased by 0.0288
compared with Glove, and the F1 value was 0.9436, which increased by
0.0267 compared with Glove. The results suggested the superiority of BERT
selected as the word vector representation method.

It can be found from Table 4 that, in terms of text classification of different
categories, the BERT-BGCA method achieved 0.9 higher Acc and F1 values.
The average Acc and F1 values were 0.9521 and 0.9436, respectively. It
achieved the best classification results for sports, with an Acc value of 0.9864
and an F1 value of 0.9832. It achieved the worst classification results for
stocks, with an Acc value of 0.9123 and an F1 value of 0.9112. The different
classification effects may be caused by differences in wording and the style
of texts of different categories.
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Table 4 Classification results of BERT-BGCA for different categories of texts

Acc F1
Finance 0.9334 0.9312
Realty 0.9762 0.9564
Stocks 09123 09112
Education 0.9771 0.9701
Science 0.9226 0.9169
Society 0.9455 0.9433
Politics 0.9221 0.9251
Sports 0.9864 0.9832
Game 0.9737 0.9625
Entertainment  0.9717  0.9361
Mean 0.9521 0.9436

In order to further demonstrate the performance of the proposed method,
it was compared with other deep learning-based text classification methods,
including:

(1) TextCNN [20]: Use convolution kernels of different sizes to extract N-
gram features and then implement text classification through the fully
connected layer,

(2) TextRNN [21]: Text modelling is implemented using an RNN, and it
performs well in the processing of long text sequences,

(3) TextGCN [22]: View the text as a graph structure, with word vectors as
nodes and semantic relations as edges, and use a graph convolutional
network (GCN) to implement text modelling,

(4) BiGRU [23]: Vectorize the text and learn the context features in the
BiGRU network,

(5) BiGRU-Att [24]: The text features are extracted using BiGRU, the
weights are assigned in combination with the attention layer, and the
text classification is performed in the softmax layer.

It can be seen from Figure 3 that the TextCNN, TextRNN, and TextGCN
methods all exhibited poor performance in web text classification, and the
Acc and F1 values were both below 0.9, indicating that these models were
relatively simple in learning text features. Neither TextCNN nor TextRNN
learned the long-term dependency of text. The semantic information covered
by TextGCN was also insufficient. In other words, context dependence and
the extraction of local information were insufficient. In the comparison of
the BIGRU-based models, it was found that adding the attention mechanism



Natural Language Processing 35

EF1E Acc
BERT-BGCA& ] 0'(?,33521
BiGRU-Att = =7 P.g.lsgrs "
BiGRU © E

TextGCN

TextRNN

TextCNN

L . .
08 0.82 084 0.36 0.88 09 0.92 0.94 0.96

Value

Figure 3 Comparison with other deep learning methods.

could effectively enhance the classification ability of the model. The Acc
value of the BiIGRU-Att method was 0.9234, which increased by 0.0227 com-
pared with the BiGRU method, and the F1 value was 0.9197, which increased
by 0.0285 compared with the BIGRU method. These results verified the
importance of the attention mechanism. Then, in the comparison between
the BERT-BGCA and BiGRU-Att methods, the CNN-attention added in the
proposed method further extracted the local features of the text. The obtained
Acc value was 0.9521, which was 0.0287 higher than that of the BiGRU-
Att method, and the F1 value was 0.9436, which was 0.0239 higher than
that of the BiGRU-Att method. These results verified the reliability of the
BERT-BGCA method in the web text classification.

4 Discussion and Conclusion

Text classification is not only an important part of NLP tasks but also has
certain practical significance. It has application value in scenarios such as
information filtering and news recommendation. The rapid development of
the network has accumulated a large amount of online text. The classifica-
tion of online text is of great significance for network content management
and information retrieval recommendation. Therefore, this paper conducted
research on the classification of web text.

Compared with traditional machine learning methods, deep learning
models have better performance in NLP tasks. Therefore, this paper chose
deep learning to design the classification method of web text, combined
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BERT, BiGRU, and CNN to establish the BERT-BGCA model, and verified
the classification performance of this model using the THUCNews dataset.
Compared with word2vec and Glove, when BERT was used as the word
vector representation method, the BGCA model obtained better Acc and F1
values in text classification, which highlighted the reliability of using BERT;
in the text classification of different categories, the Acc and F1 values of
the BERT-BGCA model were both above 0.9, indicating that the model can
handle different types of text well. Then, compared with other classification
models, the BERT-BGCA model also showed the best results. The BERT-
BGCA model used both BiGRU and CNN to extract features and was added
with the attention mechanism, making full use of the global and local features
of the text, thus achieving good performance in the classification of web text.

According to the comprehensive experimental results, the BERT-BGCA
model showed excellent classification performance for the THUCNews
dataset. It can classify different types of texts relatively accurately and be
further applied in actual web text classification, providing a new method
for application scenarios such as public opinion analysis and automatic
summarization.

However, this study also has some limitations. For instance, experiments
were only conducted on Chinese texts, i.e., the used datasets were not rich
enough, and only the accuracy rate of the BERT-BGCA model was consid-
ered, without an in-depth understanding of the efficiency. Therefore, in future
work, the quantity and diversity of datasets will be further expanded, and the
operational efficiency of the model will be studied.
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