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Abstract

This study addresses the growing demand for news text classification driven by
the rapid expansion of internet information by proposing a classification algo-
rithm based on a Bidirectional Gated Recurrent Unit (BiGRU) neural network
to enhance classification accuracy and efficiency. Traditional text classification
methods often suffer from inefficiency and insufficient accuracy when han-
dling large-scale news data, whereas the application of deep learning tech-
niques provides a novel approach to improving text classification. The pro-
posed algorithm first preprocesses news texts through tokenization, stop-word
removal, and low-frequency word filtering to optimize text representation.
Subsequently, the BiGRU model is employed for feature extraction and classi-
fication. Experimental results demonstrate that the model achieves an accuracy
of over 90% across 11 news categories, with an average classification time per
news item of less than five seconds, indicating strong classification perfor-
mance and computational efficiency. This study offers an effective solution for
automated news classification on news platforms and holds significant poten-
tial for broader applications.
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1. Introduction

Text classification is an important task in the field of natural language processing
(NLP), which aims to classify a given text into predefined categories [1]. With the

rapid development of the Internet, news, social media, e-commerce and other
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platforms generate a large amount of text data every day. How to efficiently and
accurately classify these texts has become an urgent problem to be solved. Text
classification has a wide range of application scenarios, such as spam filtering,
sentiment analysis, news classification, topic detection, etc. [2]. Through auto-
mated text classification technology, users can quickly obtain the required infor-
mation and improve the efficiency of information retrieval. At the same time, it
also provides enterprises with tools for data analysis and decision support. In re-
cent years, with the rapid development of information technology, the news in-
dustry has also ushered in unprecedented changes. The Internet has become the
main channel for people to obtain news information, and major news portals pub-
lish a large amount of news content every day. However, with the continuous
growth of news data, how to effectively classify and manage this massive data has
become a huge challenge. Traditional text classification methods mainly rely on
artificial rules or simple machine learning algorithms. These methods often show
problems such as low efficiency and low accuracy when processing large-scale and
diverse news data. Especially when faced with complex language structures, poly-
semous words, contextual dependencies and other problems, the limitations of
traditional methods are more obvious. Therefore, how to use advanced natural
language processing technology and deep learning models [3] to improve the ac-
curacy and efficiency of news text classification has become a hot topic in current
research. In recent years, deep learning technology has made significant progress
in the field of text classification, especially models such as recurrent neural net-
works (RNN) [4], long short-term memory networks (LSTM) [5], and gated re-
current units (GRU) [6], which can effectively capture the temporal information
and contextual dependencies in text, significantly improving the performance of

text classification.

2. Research Objectives

This study aims to design and implement an efficient news text classification sys-
tem based on deep learning to enhance classification accuracy and computational
efficiency. The system processes news headlines and content as input and auto-
matically categorizes them into predefined categories, including finance, real es-
tate, education, technology, military, automobiles, sports, gaming, and entertain-
ment. By developing this system, news platforms can significantly improve their
ability to manage large-scale news data, optimize classification performance, re-
duce manual intervention, and lower operational costs. Moving forward, contin-
uous optimization of classification algorithms will further enhance classification
precision and execution efficiency, promoting the broader application of text clas-
sification technology in real-world scenarios.

3. Research Content
3.1. Requirements Analysis

The requirement analysis phase is crucial in the development of a news text clas-
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sification system, as it determines the system’s functionality and performance cri-
teria, directly influencing subsequent design and implementation. This phase in-
volves an in-depth understanding of the target users’ needs and expectations while
defining the specific application scenarios and technical requirements.

First, this system is primarily designed for news platforms, aiming to enhance
the automation of news text classification, thereby optimizing news content man-
agement and retrieval efficiency. The system can be widely applied in scenarios
such as news recommendation, topic clustering, and sentiment analysis, leverag-
ing intelligent classification techniques to reduce manual intervention and im-
prove data processing efficiency.

Second, the system’s functional requirements must be well-defined. The news
text classification system should encompass end-to-end automation capabilities,
including text preprocessing, feature extraction, deep learning model training,
and classification prediction. Additionally, a user-friendly interface and interac-
tive visualization tools should be provided to facilitate news classification and re-
sult interpretation.

Furthermore, performance requirements must be carefully considered. Given
the large-scale and ever-growing volume of news data, the system should be capa-
ble of efficient data processing while maintaining high classification accuracy.
Moreover, the system should demonstrate strong stability and scalability to ac-

commodate future increases in data volume and evolving classification demands.

3.2. Model Establishment

This study presents a detailed implementation plan for the news text classification
system. In the text preprocessing phase, standardized and structured data prepa-
ration is crucial for improving the model’s training quality and classification ac-
curacy. This stage includes tokenization, stop-word removal, low-frequency word
filtering, text encoding, and sentence length normalization, ensuring the extrac-
tion of high-quality text features for classification.

In the model development phase, a Bidirectional Gated Recurrent Unit neural
network is utilized for news text classification. The architecture consists of an in-
put layer, embedding layer, BiGRU layer, dropout layer, and output layer. The
functions of each layer and their interconnections will be elaborated. Proper hy-
perparameter selection ensures that the BiIGRU model effectively captures the fea-
tures of news texts, improving classification accuracy and generalization capabil-
ity.

During model training, a structured training pipeline is designed, incorporating
suitable loss functions and optimization algorithms. The model’s performance is
thoroughly analyzed and evaluated through iterative optimization to ensure ro-
bust classification performance and computational efficiency in real-world appli-

cations.

3.3. Key Technologies

This study integrates various technologies to support the development and imple-
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mentation of the news text classification system. The key technologies utilized are
as follows:

PyQt5: PyQt5 is a Python graphical user interface (GUI) building library based
on the Qt framework. The library provides a rich set of UI components, allowing
developers to efficiently build desktop applications with cross-platform features.
In this research project, PyQt5 was used to build the user interface of the news
text classification system to realize the functions of news text input and classifica-
tion result display.

Flask framework: Flask is a lightweight Python web framework that is particu-
larly suitable for developing small web applications. Its design is based on
Werkzeug and Jinja2 and is known for its simplicity and flexibility [7]. In this
research project, Flask is used to build a Web service to support users to access
the system through a browser and perform news text classification tasks.

Multi-class classification and Softmax function: News text classification belongs
to the category of multi-class classification problems, whose goal is to assign text
data to multiple predetermined categories. The Softmax function is a commonly
used multi-class classification activation function [8] that can convert the model
output into a probability distribution of each category, ensuring that the sum of
the probabilities of all categories is 1.

Word Embedding: Word embedding technology involves converting words in
a text into low-dimensional vectors to capture the semantic associations between
words. Common word embedding models include Word2Vec and GloVe. In this
research project, word embedding technology is used to convert words in news
text into vector form, which facilitates subsequent model training and classifica-
tion work.

Pickle persistence: Pickle is a module in Python for object serialization and
deserialization. It can store complex data structures (such as models, dictionaries,
etc.) persistently to files and reload them when needed. In this research project,
Pickle is used to save trained models and vocabularies to achieve fast loading and
application during system runtime.

Keras: Keras is an advanced deep learning framework that supports backends
such as TensorFlow, Theano, or CNTK. Keras provides a concise API that facili-
tates the rapid construction and training of deep learning models [9]. In this re-
search project, Keras is used to build and train a bidirectional GRU neural net-

work model.

3.4. Bidirectional GRU Neural Network Model

Recurrent Neural Network (RNN) is a fundamental class of deep learning models
widely applied in sequential data processing tasks, such as machine translation
and speech recognition. RNN’s leverage recursive connections to process current
input information along with previously computed hidden states, enabling the
modeling of temporal dependencies in sequential data.

However, traditional RNNs suffer from the long-term dependency problem,
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where they struggle to capture distant dependencies in long input sequences. This
issue arises due to vanishing and exploding gradients, which hinder the model’s
ability to retain information over extended sequences. To address this limitation,
researchers have introduced GRU and Long Short-Term Memory (LSTM) archi-
tectures, incorporating gating mechanisms to regulate information flow, thereby
enhancing the model’s ability to learn long-range dependencies.

BiGRU is an advanced variant that integrates bidirectional RNN and GRU
structures to further improve sequence modeling [10]. By propagating infor-
mation in both forward and backward directions, BIGRU captures richer contex-
tual dependencies compared to standard unidirectional models. This bidirectional
structure is particularly effective in natural language processing (NLP) tasks, as it
allows the model to utilize both past and future information when making predic-
tions. Figure 1 shows a BiGRU neural network structure unfolded along the time

axis.

Figure 1. Bidirectional GRU neural network structure diagram.

The mathematical formulation of BiGRU is as follows:

Forward GRU computation:
h, =GRU (x,h,,) (3.1)
Backward GRU computation:
b, =GRU (x,. ) (3.2)
The calculation formula for the final output of the BiGRU neural network is:
h =[sh ] (3.3)

where h and h, represent the hidden states of the forward and backward
GRUs.

3.5. Model Description

The BiGRU neural network model structure can be divided into the following five
levels according to its function:

1) Input Layer
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This layer inputs text data into the template. Under our model parameter set-
ting, the length of the text is 200 as the input of the model.

2) Embedding Layer

The data first enters the embedding layer, which converts the original input
data into a vector. Under our model parameter settings, each word is converted
into a 100-dimensional vector with a total dimension of 200 x 100.

3) BiGRU Layer

The bidirectional GRU layer includes the forward GRU layer and the backward
GRU layer. In our model, this layer is a 1 x 28-dimensional bidirectional GRU
layer.

4) Dropout Layer

The Dropout layer prevents complex co-adjustment of the training data, ie,
prevents overfitting, by making other hidden units unreliable.

5) Output layer (Dense Layer)

The dense output layer performs dimensionality conversion and converts the
features of different spaces into a new feature space through the dense layer. In
our model, this layer will output the probability that the original data set belongs
to 11 text categories (See Table 1).

Table 1. Five-layer structure of the BIGRU neural network model.

Layer (type) Output Shape Param
input_2 (InputLayer) (None, 200) 0
embedding_1 (Embedding) (None, 200, 100) 1,000,100
bidirectional_1 (Bidirection) (None, 128) 63,744
dropout_1 (Dropout) (None, 128) 0

dense_1 (Dense) (None, 11) 1419

3.6. Model Training

Model training is the core link in the news text classification system, which di-
rectly determines the performance and effect of the classification model. In this
project, we used a BIGRU neural network as the classification model and trained
it with a large amount of news text data to improve the classification accuracy and
generalization ability of the model. This section will introduce in detail the model
training process, key parameter settings during training, loss function selection,

and optimization strategies during training.

3.7. Training Process

The model training process mainly includes the following steps:

Data preparation: Before model training, the preprocessed text data needs to be
divided into training set, validation set and test set. The training set is used for
model training, the validation set is used to adjust the model’s hyperparameters
and prevent overfitting, and the test set is used to evaluate the model’s perfor-

mance.
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Model initialization: Before training begins, the parameters of the bidirectional
GRU model need to be initialized. Usually, the weight matrix and bias terms can
be set by random initialization or pre-training. In this project, we used the random
initialization method.

Forward propagation: In each round of training, the model will perform for-
ward propagation based on the input news text data to calculate the predicted
probability of each category. The forward propagation process includes the calcu-
lation of the input layer, embedding layer, bidirectional GRU layer, Dropout layer,
and output layer.

Loss calculation: By comparing the model’s prediction results with the true la-
bels, the value of the loss function is calculated. The loss function is used to meas-
ure the prediction error of the model. Commonly used loss functions include
cross-entropy loss [11] and mean squared error. In this project, we used the cross-
entropy loss function because it is particularly suitable for classification tasks.

Back propagation and parameter update: After calculating the value of the loss
function, the model calculates the gradient of each parameter through the back
propagation algorithm and uses an optimization algorithm (such as stochastic
gradient descent SGD [12], Adam [13], etc.) to update the model parameters.
Through continuous iteration, the prediction error of the model gradually decreases
and the classification performance gradually improves.

Validation and early stopping: After each round of training, the model will be
validated on the validation set to calculate the loss and accuracy of the validation
set. If the loss of the validation set no longer decreases or the accuracy no longer
increases, the early stopping strategy can be used to terminate the training early

to prevent the model from overfitting.

3.8. Loss Function and Optimizer

In this project, we use the cross-entropy loss function, which is particularly suita-
ble for multi-classification tasks. The cross-entropy loss function calculates the
model’s prediction error by comparing the model’s predicted probability distri-
bution with the distribution of the true label. The formula of the cross-entropy

loss function is as follows:
Loss=-Y "y, log(¥;) (3.4)

Among them, V. is the true label and ¥, is the predicted probability of the
model.

Moreover, we use the Adam optimizer to update the model parameters. Adam
is an adaptive learning rate optimization algorithm that combines the advantages
of momentum method and RMSProp [14]. It can automatically adjust the learning
rate during training and improve the convergence speed and stability of the

model.

3.9. Training Results

During the training process, we recorded the loss function values and classifica-
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tion accuracy of the training set and validation set of each epoch. By observing the
iterative curve of the loss function (as shown in Figure 2), we can judge the train-
ing effect of the model. When the loss of the validation set no longer decreases, it
means that the model has converged and training can be stopped. Through the
above training process and optimization strategy, we have successfully trained an
efficient and accurate bidirectional GRU neural network model that can accu-
rately classify news texts. In the subsequent model evaluation, we will further ver-

ify the performance of the model.

Train and Val Loss

1.6 - ——Train Loss

Val Loss
1.4

1.2 4
1.0 1
0.8 1
0.6 -
0.4 1
0.2 1

0.0 1

0 1 2 3 4 5 6 7 8

Figure 2. Loss function iteration graph.

4. Model Evaluation

4.1. Experimental Evaluation Indicators

In order to comprehensively evaluate the classification performance of the model,
we use the following four commonly used evaluation indicators: Accuracy, Preci-
sion, Recall and F1-Score. These indicators can reflect the classification effect of
the model from different angles. TP, TN, FP, and FN represent True Positive, True
Negative, False Positive and False Negative, respectively.

Accuracy indicates the percentage of correct predictions in the total samples.
Although accuracy can determine the overall accuracy, it cannot be used as a good
indicator to measure results when the samples are unbalanced. The formula is as
follows:

TP+TN
T TP+TN+FP+FN

(4.1)

Precision P (Precision) is a measure of the precision of a category, the proba-
bility of actually being a positive sample among all samples predicted to be posi-
tive. Precision represents the accuracy of the prediction of the positive sample re-
sults, while accuracy represents the overall prediction accuracy, including both

positive and negative samples. The formula is as follows:
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TP

P=_ (4.2)
TP+FP

Recall rate R (Recall) is a measure of the recall rate of a category, which is the
probability of actually positive samples being predicted as positive samples. The
higher the recall rate, the higher the probability that the actual bad user is pre-
dicted. Its meaning is similar to: it is better to kill a thousand by mistake than to
let one go. The formula is as follows:

TP

Re—— (4.3)
TP+FN

The F1 value is a comprehensive measure of recall and precision, and is an in-
dicator used in statistics to measure the accuracy of a binary classification model.
The F1 score can be seen as a weighted average of the model’s accuracy and recall.
Its maximum value is 1 and its minimum value is 0. The larger the value, the better
the model. The formula is as follows:

RxP
R+P

F, =2x (4.4)

4.2. Experimental Results and Analysis

Through experiments, we obtained the classification performance indicators of
the model on the training set and test set, and analyzed the results in detail.

1) Dataset processing

In the data preprocessing stage, we divided the 14,632 news data into training
sets and test sets, and ensured the correspondence between category labels and
text content. The specific data distribution is as follows:

Number of training set samples: 13,168.

Number of test set samples: 1464.

2) Preprocessing of category labels

We assigned each category a unique numeric code as follows:

#label: 11 {0: “Sports”, 1: “Sports Focus”, 2: “Military”, 3: “Entertainment”, 4:
“Real Estate”, 5: “Education”, 6: “Car”, 7: “Game”, 8: “Technology”, 9: “Compre-
hensive Sports Latest”, 10: “Finance”}.

We used Jieba word segmentation tool to segment the news text and counted
the length of the text. The results showed that the longest text length was 2010
words, the shortest was 1 word, and the average length was 238 words.

3) Build a dictionary and delete low-frequency words

During the text preprocessing phase, a comprehensive vocabulary was con-
structed, containing 81,718 unique words. The frequency distribution of these
words is illustrated in Figure 3.

In practical applications, textual data often include a substantial number of low-
frequency or noisy words. These words appear infrequently in the dataset and
contribute minimally to feature representation. Moreover, they may introduce
unnecessary noise, potentially reducing the stability and effectiveness of the clas-

sification model. To address this issue, a frequency-based filtering strategy was
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implemented, where words with low occurrence frequencies were removed, and
only the most informative words were retained. Specifically, we preserved the top
10,000 most frequently occurring words, ensuring that the retained vocabulary
captures the most salient linguistic features of the dataset.

This process effectively reduces redundant information, enhances computa-
tional efficiency, and optimizes the feature space for the classification model. Ad-
ditionally, by eliminating low-frequency words, we mitigate data sparsity issues,
improving the model’s ability to distinguish between different text categories.
Consequently, this refinement contributes to better classification accuracy and

enhances the model’s generalization capability in real-world applications.

30000

25000

20000

15000

10000

5000

_

0 10000 20000 30000 40000 50000 60000 70000 80000

Figure 3. Word frequency distribution.

4) Training of Bidirectional GRU Model

At the end of each epoch, the accuracy of the validation set is calculated. When
the accuracy no longer improves, the training is stopped. The general practice is
to record the best validation set accuracy so far during the training process. When
the best accuracy is not reached for n consecutive epochs, it can be considered that
the accuracy is no longer improving, and the iteration can be stopped at this time.

During the training process, we recorded the loss function values and classifi-
cation accuracy of the training set and validation set for each epoch. By observing
the iterative curve of the loss function, we found that the loss of the model on the
training set gradually decreased, while the loss on the validation set tended to sta-
bilize after reaching a certain value, indicating that the model has converged.

5) Model training effect

Performance on the training set and test set:

The classification accuracy of the model on the training set reached 99%, and
the precision, recall, and F1 value were all close to 1, indicating that the model had
a very good fitting effect on the training set. The classification accuracy of the
model on the test set is 91%, and the precision, recall and F1 value are 0.90, 0.91

and 0.90 respectively, indicating that the model also has good generalization abil-
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ity on the test set.

To evaluate the model’s classification performance across different categories,
we analyze the provided confusion matrices and prediction results for both the
training and test sets.

The confusion matrix for the training set (Figure 4) reveals that the model per-
forms well overall, with high values along the diagonal, indicating accurate classi-
fications for most categories. However, some off-diagonal values suggest that the
model faces challenges in distinguishing certain categories. This observation is
further supported by the prediction results for the training set (Figure 5), where
the predicted values align closely with the true values, but minor fluctuations are
still present. These discrepancies indicate that while the model has learned the
primary patterns, further adjustments are needed to reduce errors and improve

consistency in classifying specific categories.

[165 11 0 0 0 0 0 0 0 0 0
2 357 0 0 0 0 0 0 0 0 0
0 0 139 0 0 1 0 0 0 0 0
0 0 0 69 O 0 0 1 0 0 7
0 0 0 0 176 0 0 0 1 0 5
0 0 0 3 0 47 O 0 1 0 7
0 0 0 0 0 1 570 0 1 0 13
0 0 0 2 0 0 1 1165 0 0 1
0 0 0 0 0 0 3 0 700 O 35
0 0 0 0 0 0 0 0 88 0
| 0 0 0 2 2 2 15 0 31 0 7713]
Figure 4. Confusion matrix of the training set.
train
10 1
8 -
6 -
4 -
2 1 — y_train
® y_predict S
0 5 10 15 20 25 30

Figure 5. Prediction results of the training set.
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The confusion matrix for the test set (Figure 6) displays similar trends to that
of the training set, but with more prominent off-diagonal values, highlighting the
model’s difficulty in classifying certain categories in unseen data. This is further
reflected in the prediction results for the test set (Figure 7), where there is a greater
variation between the predicted and actual values compared to the training set.
These discrepancies suggest that the model may struggle to generalize to new data,
potentially due to overfitting on the training set or challenges in handling the nu-
ances of the test data. To improve the model’s performance, further optimization

and generalization efforts are necessary to enhance its robustness for real-world

applications.
2063 0 0 0 0 0 0 O O O]
23 0 0 0 0 0 0 0 0 O
0 013 2 0 1 0 0 0 0 2
0 0 09 0 1 0 0 2 0 9
0 0 0 014 0 0 0 1 0 3
0 1 0 1 03 1 0 1 0 4
0 0 1 0 0 0 4 0 0 0 21
0 0 0 0 0 0 0 12821 0 2
0 0 0 00O 0O 0 0 5 0 37
0 0 000 0 0 0 0 102 0
(0 0 0 4 2 1 6 0 29 0 790]

Figure 6. Confusion matrix of the test set.
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10 - \ /-@ w—«\/— -t
8 - ® ¢
6 -4 [ \\
4 A
2 -
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Figure 7. Prediction results of the test set.

Overall, the results demonstrate that the model performs well across most cat-
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egories, achieving high classification accuracy and maintaining a low misclassifi-
cation rate. However, for certain categories, such as “Technology,” the model’s
performance is weaker, exhibiting a higher misclassification rate. This may be due
to two main factors: 1) Overlap in text context between the “Technology” and
“Finance” categories, leading to feature confusion; and 2) A limited amount of
training data for the “Technology” category, resulting in the model’s weak gener-
alization ability. To address these issues, techniques such as data augmentation
can be applied to increase training samples for underrepresented categories, while
incorporating attention mechanisms can improve the model’s ability to capture
key textual features, thereby enhancing classification performance.

When evaluating the model, in addition to testing on the original dataset (14,632
news data), we also introduced an external public dataset, the THUCNews Chi-
nese news classification dataset, for cross-validation. The experimental results show
that the model’s test set accuracy on the original dataset is 91%, while the accuracy
on the external dataset is 88%. Despite certain performance differences, the model
still shows strong generalization ability. This indicates that the current dataset
may have a certain degree of homogeneity, and further verification on more di-
versified datasets (such as multi-language, multi-field news) is needed in the fu-
ture to fully evaluate the robustness of the model.

6) Model Convergence Analysis

As illustrated in Figure 8, during training, the loss function of the test set grad-
ually decreases, while the classification accuracy steadily improves and stabilizes
in the later stages. This trend indicates that the model has achieved convergence,
effectively minimizing overfitting and maintaining a high level of generalization.
These findings further validate the effectiveness of the BIGRU model in news text

classification tasks.

. r1.00
16 4 /
-0.95
14 - /’/
-0.90
1.2 1 >
P4 - 0.85
3 10 T /// |
s ' 0ss -0.80
+ 0.8 1 © accuracy
8 -0.75
0.6
-0.70
0.4 -
-0.65
0.2 1
00 L T T T T T T T —060
0 1 2 3 4 5 6
steps

Figure 8. Relationship between loss function and accuracy of test set.
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5. Conclusions

This study focuses on the design and implementation of a news text classification
system, systematically exploring the complete process from requirements analysis,
text preprocessing, model construction, model training, to performance evalua-
tion. By developing a classification model based on the BiGRU neural network
and integrating deep learning techniques, an efficient automatic classification
method for news text is proposed. The experimental results demonstrate that the
model achieves a classification accuracy of 91% on the test set, with an F1-score
close to 0.90, indicating strong classification performance.

In terms of system design, a stable and efficient news classification framework
was established through text preprocessing, feature extraction, and deep learning-
based classification. During model optimization, hyperparameter tuning, a cross-
entropy loss function, and the Adam optimizer were employed, along with an
early stopping strategy to enhance the convergence speed and generalization abil-
ity of the model. Furthermore, experimental evaluations highlight the superior
performance of the BiIGRU model in news text classification tasks, particularly in
short-text classification. However, certain misclassification issues remain for spe-
cific categories, suggesting that improvements in feature extraction and category
differentiation are still necessary. Overall, this study effectively enhances the ac-
curacy and efficiency of news text classification, providing strong support for au-
tomated text classification technology and laying a solid foundation for further
optimization and expansion.

While the proposed BiGRU model shows promising performance in news text
classification, there is potential for further optimization. Future research could
explore several avenues: 1) Integrating advanced pre-trained language models like
BERT or Transformer to improve semantic understanding; 2) Incorporating at-
tention mechanisms for refined feature extraction and enhanced classification ac-
curacy; 3) Using data augmentation techniques, such as synonym replacement
and back-translation, alongside larger-scale datasets, to increase data diversity and
improve generalization; 4) Optimizing computational efficiency to improve real-
time processing and scalability for large-scale news data applications. Overall, fu-
ture work will aim to enhance the model’s intelligence, adaptability, and cross-
domain applicability, advancing automated text classification technology for

practical use.
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