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Abstract: The rapid popularization of the Internet has broken the professional threshold of information dissemination, enabling 
more and more people to easily obtain information, share and express views through social media, which has greatly enriched 
people's daily life. However, due to the huge number of users of social media, false news fabricated for various purposes is 
emerging in endlessly. Moreover, with the progress of technology, false news is no longer simply spread in the form of text, but 
more spread through the combination of text, pictures and video, which greatly increases the confusion of false news. The 
experiment in this paper is based on tensorflow to detect false news. During the experiment, LR was used to obtain the fusion 
coefficients of CNN and LSTM models, that is the regression coefficient of LR, and then calculated the optimal threshold with 
the fused model on the verification set. In addition, in terms of model selection, lightgbm and xgboost were selected to train the 
model on the training set for false news, and predicted the news text on the testing set. The results of three experiments show 
that the effect of using xgboost model is the best, and the F1 score obtained in the experiment is the highest. 
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1. Introduction 

1.1. Research Background and Significance 
With the rapid popularity of mobile Internet, people's 

access to news has become more convenient. In particular, 
social media, mainly represented by Weibo and Twitter, have 
become an important channel for most people to obtain daily 
information. Nowadays, more and more people are gaining 
knowledge, sharing information, expressing opinions and 
exchanging experiences on these online platforms every day. 
However, to a certain extent, the rapid development of social 
media is a double-edged sword. On the one hand, it has 
facilitated the advent of the information age, where all kinds 
of information can be disseminated at a very low cost through 
social media, making it possible for "A genius to know 
everything about the world without leaving home". On the 
other hand, the Internet has become a breeding ground [1] for 
false information to grow and spread, and the vast amount of 
information is mixed with false news that is deliberately 
fabricated for various purposes. This kind of news is 
presented in various forms, often with text and pictures, 
which makes it very difficult for readers to get correct and 
effective information, and some of the widely disseminated 
false news has caused serious negative impact on individuals 
and society. Thus, it seems that there is a great need for us to 
study the fake news detection. Despite some recent scientific 
advances in false news detection, it is still a challenging 
problem due to its complex content, wide range of sources, 
diverse modalities, and the high costs involved in fact-
checking. 

Fake news spreads rapidly through social media platforms, 
which may affect social stability while negatively impacting 
social opinion. For example, false news such as "Temporarily 
exempting Wuhan Red Cross from managing disaster relief 
supplies" and "The private car was unclaimed for several 
months, passers-by asked and learned that the owner died 
after fighting the epidemic", etc. Although the official 
explained and refuted the rumors at the first time, such rumors 
still circulated widely on the Internet. It has attracted a lot of 

attention and caused serious negative impact on the parties 
concerned. At present, most of the news and information 
presented on social media are characterized by diverse modes 
and semantic diversity[2]. Along with the popularity of 
mobile devices, news is often published and disseminated 
rapidly on social media in the form of text, images, videos and 
other multimedia data. While this kind of news is convenient 
for readers to obtain and understand information, it also 
causes the traditional technique of relying solely on text 
analysis for false news detection to be no longer applicable. 
Another example is that various types of fake news about the 
location and scale of exercise in several Chinese military 
exercises often spread false information by stealing irrelevant 
pictures and videos. 

1.2. Status of Domestic and International 
Research 

As deep learning continues to make progress, more and 
more researchers are studying fake news detection based on 
neural networks. There are many branches in the field of fake 
news detection, such as unimodal-based fake news detection, 
multimodal-based fake news detection, etc. Unimodal-based 
fake news detection means that the text contains only one of 
text, picture or video, multimodal-based fake news detection 
refers to multiple types of fake news that contain text, pictures, 
videos, voices, etc. 

(1) Unimodal-based Method for False News Detection 
The fake news detection method[3] based on single 

modality mainly judges the authenticity of news by extracting 
text features from news text content or visual features from 
image information. For example, Castillo et al. [3]used 
decision trees to learn thematic features of news text content 
for classification. The model proposed by Yu et al. 
[4]obtained high-level interaction features and key features of 
relevant posts through convolutional neural networks.ma et 
al.[5] used recurrent neural networks to learn latent features 
of news text content. In MVNN[6], the authors used a multi-
region visual neural network for fake news detection by 
targeting the rich visual information in different pixel regions.  

(2) Multimodal-based Method for Fake News Detection  
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Fake news detection based on multimodality has attracted 
a lot of attention in recent years. Some of these methods 
concatenate the textual features in the post with the visual 
features of the images in the post[7]. However, this approach 
requires manual feature engineering on the one hand, and is 
not able to effectively obtain complex semantic 
representations in images on the other hand. At present, due 
to the excellent performance of deep neural network (DNN) 
in nonlinear representation learning[8], many multimodal 
representation learning methods use deep learning 
mechanism to learn feature representation, thereby improving 
the ability of fake news detection. Jin et al. [9]proposed a 
method based on deep learning, which can learn the 
multimodal content and social information of news posts, and 
then used the attention mechanism to fuse the multimodal 
features. In EANN[10], the authors learned the invariant 
features of events through an adversarial network containing 
a multimodal feature extractor to obtain multimodal features 
of each news item for fake news detection. In MVAE[11], 
Khattar et al. used a multimodal variational self-encoder for 
fake news identification, where the multimodal features of a 
post were fed into a bimodal variational self-encoder to obtain 
a multimodal feature representation of the news. Cui et al. 
[12]proposed an end-to-end deep embedding framework for 
fake news detection, in which the latent sentiment of the post 
publisher was used to distinguish fake news. SpotFake[13] 
used a pre-trained BERT [14]model to learn text features of 
news posts and a VGG-19 model pre-trained on ImageNet [15] 
to extract image features. SpotFake+ [16]was an improved 
version of SpotFake that used a modified version of BERT, 
the XLNet [17]model, to extract text features based on 
SpotFake. While learning news text features and visual 
information, the SAFE[18] model also learned the intrinsic 
connection between text content and vision to predict fake 
news. In M-GCN[19], the author focused on distinguishing 
different degrees of fake news according to the similarity 
between news, which used GCN modules of different depths 
to extract domain information of different scales, and fused 
these features through the attention mechanism. 

2. Research Methods 

2.1. CNN and LSTM Model Fusion 
Before training the model, the text was processed, such as 

removing spaces and keeping only the text, then the text was 
divided into words and deactivated words, after the division 
of words, the training vocabulary was tracked, all the text was 
traversed and the words were counted, then the text was 
converted into a vector sequence, and filled the vector 
sequence according to the maximum length of the text, 
making the sequence of vectors to uniform length. Then word 
vector training was performed using word2vec_model. The 
attention mechanism was introduced in the model to capture 
the key points from the longer text without losing important 
information. After processing the text data, the training was 
performed with CNN and LSTM respectively, finally, LR was 
used to try to get the fusion coefficient of the two models of 
CNN and LSTM, here was the regression coefficient of LR, 
and then the best threshold was calculated on the validation 
set with the fused model. 

2.2. Lightgbm and Xgboost Models 
Segment the text data first, fill in the empty values after 

segmentation, and use the TF-IDF algorithm to extract the 

feature vector of the news text. The TF-IDF algorithm is one 
of the important algorithms for extracting feature word 
vectors, and it is also one of the main technologies for 
generating word vectors. The TF-IDF algorithm statistically 
evaluates the importance of a word to a document or other 
documents in the corpus to determine the feature words of the 
document. The basic idea: if a word appears frequently in a 
document, but appears infrequently in other documents in the 
corpus, it is determined that the word can be used as a feature 
word of the document to some extent. it has the ability to 
distinguish categories and can be used as the basis for 
classification. The TF-IDF algorithm is divided into TF (term 
frequency) algorithm and IDF (inverse document frequency) 
algorithm, where the TF algorithm represents the ratio of the 
count of a specific word to the total number of words in the 
document, representing the frequency of a specific word in 
the document. The IDF algorithm represents the logarithm of 
the ratio of the total number of documents in the corpus to the 
number of documents in which a particular word occurs in the 
corpus. Then set the model parameters respectively, and 
finally train the model. 

3. Introduction of the Experimental 
Data Set 

In the false news text detection task, the training set 
contains a total of 38,471 news items, including 19,186 real 
news items and 19,285 false news items. Each data consists 
of three elements [id, text, label], where id is the unique id of 
each data, which uniquely characterizes a news, text is the 
Chinese news text, label is represented by 0 and 1, 0 means 
real news, 1 means false news. The testing dataset needs to be 
submitted to the backend for determination. Analysis of the 
dataset yields the results shown in Table 1. 

 
Table 1. Dataset Analysis 

Maximum 
Sentence 
Length 

Minimum 
Sentence 
Length 

Average Data Length

Number of 
Words 

after the 
Participle

929 0 50.883678615060695 73915

4. Experiment and Results 

4.1. Experimental Environment 
(1) Experimental Hardware Environment 
The laptop processor used in the experiment is i7-8550U, 

and the memory is 8.00GB. The experimental hardware 
environment is shown in Table 2. 

 
Table 2. Experimental Environment 

Equipment Name DESKTOP-9C2CKR8

Processor 
Intel(R) Core (TM) i7-8550U 

CPU
RAM 8.00 GB (7.9 GB available)

 
(2) Experimental Software Environment 
The experimental code in this paper is completed in python 

language, and the python version used is 3.7.4. During the 
experiment, pandas, matplotlib, numpy, tqdm, jieba, scikit-
learn, keras, tensorflow, xgboost, scipy, lightgbm packages 
were called, and their version numbers are pandas (1.3.5), 
matplotlib (3.1.1), numpy (1.21.5), tqdm (4.62.3), jieba 
(0.42.1), scikit-learn (0.21.3), keras (2.2.5), tensorflow 
(1.15.0), xgboost (1.6.1), scipy (1.3.1), lightgbm (3.3.2). 
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Table 3. Library Name and Version 

Library Name Version 

Python 3.7.4  

pandas 1.3.5 

matplotlib 3.1.1 

numPy 1.21.5 

tqdm 4.62.3 

jieba 0.42.1 

scikit-learn 0.21.3 

keras 2.2.5 

tensorflow 1.15.0 

xgboost 1.6.1 

scipy 1.3.1 

lightgbm 3.3.2 

4.2. Experimental Procedure 
4.2.1. Model Training 

The training process of CNN and LSTM model fusion is 
shown in Figure 1 and Figure 2. 

It can be seen from Figure 1 that it took 
2.0396049999999377 Seconds to import word2vec during the 
training of the word vector model. The model was trained in 
two batches. And it can be seen from Figure 2 that the F1 
scores on the verification set were 0.9429 and 0.9637 
respectively. 

 

 
Figure 1. Model Training Process 

 

 
Figure 2. The F1 values in model training 

 
It can be seen from Figure 3 that the number of positive 

samples used in the experiment is 15673, and the number of 
negative samples is 15487. During the model training process, 
31160 pieces of data were used for training, and the number 
of features selected was 299. The minimum loss value 
obtained during training was 0.193351 and the highest 
accuracy value obtained on the validation set was 0.976451. 

The xgboost model training process is shown in Figure 4, 
Figure 5 and Figure 6. It can be seen from Figure 4 that 31160 
pieces of data were used for training during this training 
process. During the training process, it can be seen from 
Figure 5 that the highest training accuracy of the model during 
training could reach 0.99981. It can be seen from Figure 6 that 
through multiple iterations, the highest F1 score of xgboost 
on the validation set could reach 0.96589. 

 

 
Figure 3. Lightgbm Model Training Process 

 

 
Figure 4. Xgboost Model Training Process 

 

 
Figure 5. Xgboost Training Accuracy 

 

 
Figure 6. Xgboost Training F1 Value 

4.2.2. Model Testing Process 

 
Figure 7. The test accuracy of lightgbm 
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The lightgbm test process is shown in Figure 7. During the 
test, 4000 pieces of data were selected for testing, and it can 
be seen from the figure7 that the test accuracy reached up to 
0.99542. 

4.2.3. Comparison of Experimental Results 
The main performance indicators of the evaluation model 

are: 
݊݋݅ݏ݅ܿ݁ݎܲ ൌ

்௉

்௉ାி௉
ൈ 100%                (1) 

Where TP denotes true cases, FP denotes pseudo-positive 
cases, and precision denotes the proportion of samples 
predicted to be true positive cases in the sample of positive 
cases. 

݈݈ܽܿ݁ݎ ൌ
்௉

்௉ାிே
ൈ 100%                  (2) 

where TP denotes true cases, FN denotes pseudo counter 
examples, and recall denotes the proportion of samples 
predicted as positive cases to all positive samples. 

1ܨ ൌ
ଶൈ௉௥௘௖௜௦௜௢௡ൈ௥௘௖௔௟௟

௉௥௘௖௜௦௜௢௡ା௥௘௖௔௟௟
                 (3) 

The F1 values obtained by different models after training 
are shown in Table 4. After comparing different pre-trained 
language models under the same classification algorithm, the 
prediction result of the xgboost model is significantly higher 
than that of lightgbm, and it is also higher than the result of 
the fusion of CNN and LSTM models. The analysis shows 
that the xgboost model is more advantageous, and the F1 
value reaches 0.972. 

 
Table 4. Experimental Results 

model F1 score
CNN and LSTM model fusion 0.917

lightgbm 0.918
xgboost 0.972

5. Conclusion 
This paper compares the detection results of CNN and 

LSTM model fusion, lightgbm, and xgboost models. The 
experimental results show that xgboost outperforms the other 
models in this study in terms of performance metrics, and its 
F1 values are all higher than the other models. Of course, 
there are still shortcomings in this paper for the study of fake 
news texts. Longitudinal analysis and comparison from 
multiple classification algorithms are still needed to find the 
best classification algorithm. In this paper, only single-mode 
false news was detected in the experiment. In the next step, 
the method proposed in this paper will be used to conduct 
experiments on multi-mode false news. 
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