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Abstract: Text analysis-based models have achieved outstanding results in fake news detection tasks in recent years, which is 
closely linked to the quantity and quality enhancement of feature information extracted from the text. Drawing upon the existing 
semantic detection frameworks, studies in this field concentrate on extracting various textual information through a solitary 
auxiliary feature, text stance feature or sentiment feature. However, it is challenging to depict the general attributes of the text 
using a single auxiliary feature, which frequently results in missing essential details and leaves problems with stance distortion 
and emotional resonance. To tackle the problem, this study proposes a joint model for identifying fake news, incorporating 
numerous textual characteristics. By extracting and blending various aspects of text features, i.e., semantic, stance and sentiment 
features, a more detailed and effective joint analysis of textual information is attained, resulting in improved performance in fake 
news detection. On the RumourEval-17 datasets, our model attains the Macro F1 Score of 0.891, surpassing current models for 
detecting rumors. Additionally, our model obtains a Macro F1 Score of 0.904 on the latest COVID-19 dataset, demonstrating 
strong competitiveness and promising prospects for fake news detection. 
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1. Introduction 
The past few years have witnessed a quick expansion of 

diverse social media, which has in turn led to the proliferation 
of false news in various fields owing to inadequate regulation. 
From daily news, such as the COVID-19 situation [1], to 
major topics like the 2016 presidential election campaign [2], 
all are impacted by the negative consequences of online false 
information. For example, the prevalence of pseudoscientific 
therapies and conspiracy theories on social media makes it 
challenging to encourage the COVID-19 vaccine [3]. 
Therefore, to minimize its influence on the general public, it 
is crucial to identify and prevent the dissemination of fake 
news on these platforms, and this work is referred as fake 
news detection [4].  

In this field, existing methods mainly utilize four categories 
of features to detect fake information: text [2, 5–9], user and 
publisher profile [2, 10–13], social context [14–18], and 
images [19–23].  

In text-based research, emotional, stance, and semantic 
information are valuable features for identifying news 
authenticity. In terms of emotional signals, Conroy et al 
claimed that negative emotional features could be excavated 
for fake news detection [24] in 2015. Based on the opinion, 
the rise of emotional lexicons by 2018, a dictionary 
containing sentimental polarity words [25, 26], achieved 
more comprehensive mining of the news context. Zhang et al 
stepped further in 2021, by introducing the emotions of 
publishers and commenters, which showed robust 
performance [27].As for the stance feature, this signal had 
been initially used in congressional floor debate to infer one’s 
standpoint in 2006 [28]. Then, based on bidirectional RNN, 
Augenstein et al successfully detected the stance of text with 
high performance in 2016. From then on, with the transferring 
from parliaments to the Twitter platform [29] and the 
evaluation of the stance strength among different texts [30], 

the application of position detection has shown a more diverse 
development, Over the past few years, as claimed in 2019 by 
Genevieve Gorrell et al, stance detection has become the 
cornerstone of some stance-induced tasks, such as fake news 
detection [29]. 

However, in fake news detection, both the stance-semantic 
based model and the emotionsemantic based model, which 
are considered state-of-the-art, only utilize two of the 
aforementioned three features. This leaves room for potential 
issues. For the stance-semantic model [31], stance distortion 
issues exist wherein news publishers may attempt to 
manipulate the public’s stance in a way that is similar to real 
news reporting. This is done in an objective tone to 
deliberately align stances with those of the publisher, which 
can evoke negative emotions from people. As a result, stance-
semantic-based models may become confused by the falsified 
stance alignment present in fake news. As demonstrated in 
Fig. 1(a), fake news creators manipulate individuals’ thoughts 
and perspectives by utilising respected organisations (such as 
China Daily) and specific locations (like Beijing), leading 
individuals to side with the false information despite any 
negative feelings towards it. This poses difficulties for stance-
semantic-based models in identifying such instances of fake 
news. Emotional resonance problems also arise from the 
emotion-semantic based model [27, 32]. Imitating the writing 
style of genuine news, fake news employs sentimental 
language to intentionally elicit public sympathy, a sense of 
justice, or outrage. This poses a challenge to emotion-
semantic based models. As depicted in Fig. 1(b), fake news 
publishers successfully use emotional words (e.g., Overjoyed) 
to elicit positive comments from readers, which can confuse 
the judgment of the models, even though some individuals 
may be skeptical of the news. 
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(a)A case of stance distortion problems: false news report distorts 

people's ideas, although it may cause discomfort 

 
(b)A case of emotional resonance problems: false news post has 
aroused people's wrong feelings, although people have different 

views on it 
Fig 1. Two pieces of fake news on social media that deliberately 
misleads people to have wrong feelings or position judgments 
 
To tackle the problems, this paper designs a multi-feature-

based joint detection model for fake news, which extracts and 
fuses the semantic feature, emotional feature, and stance 
feature in a post and its related comments. For the issue of 
stance distortion, the inclusion of an emotional feature 
provides a more accurate representation of the negative 
emotions that arise from fake news. This helps to eliminate 
the phenomenon of consistent stance created by rumor 
mongers. For the issue of emotional resonance, the inclusion 
of an emotional feature provides a more accurate 
representation of the views of commenters. This helps to 
avoid the effect of false emotions that arise from fake news. 
Eventually, the supplementary information for our model’s 
numerous functionalities accomplishes a more appropriate 
collaborative analysis of false news. 

In this study, our contributions are illustrated as follows: 
We introduce a dual emotional information module in our 

fake news detection model. The module considers the 
sentiment of both the post and comments, which is highly 
effective in reducing stance distortion. 

We add a stance information module to our fake news 
detection framework. Analyzing the distribution of stances in 
news comments, the module successfully avoids any 
emotional resonance. 

We first realize the joint analysis of semantic, stance, and 
emotional information in fake news detection. On the 
RumourEval-17 dataset, our model obtains the highest Macro 
F1 Score of 0.891, respectively, among different rumor 
detection models. The model was also evaluated on a realtime 
COVID-19 dataset, achieving an impressive Macro F1 score 
of 0.904, demonstrating its excellent processing capability. 

2. The Proposed Model 

2.1. Model Structure 
The core idea of the proposed multi-feature model is to 

extract the semantic and emotional features of the news as 
well as its related comments and combine them with the 
stance features of the commentators to form a joint rumor 
detection with multiple features. Fig. 2 shows the framework 
of the whole model. Specifically, to represent different 
features, two main representations are used in this paper: (1) 

semantic representation, and (2) dual emotion-stance 
representation. The former is used to represent the semantic 
features extracted from the news content and the news 
comment section, while the latter consists of two 
subcomponents, one is the dual emotional information, i.e., 
the sentiment information of the publisher and the commenter, 
and the other is commenters’ stance information. In this 
section, the extraction of these two main features will be 
introduced in detail, as well as the workflow of the entire 
model. 

 

 
Fig 2. The framework of the proposed model 

 
Fig 3. The component of dual emotion-stance representation 

2.2. Dual Emotion-Stance Representation 
Aiming at dealing with the problems of (1) stance 

distortion problems and (2) emotional resonance problems, 
the dual emotion-stance representation is designed. It is a 
vector contains two main parts of the comment set: dual 
emotional information module and stance information 
module. These two parts of the vector will be explained in 
detail in 3.3-3.5 and their overall structure is shown in Fig. 3. 

2.3. Dual Emotional Information 

 
Fig 4. A case of online fake news using several tricks to influence 

public positions 
 
The dual emotional information module is the 

representation of the features and differences between news 
content emotion and comment emotion, which is used to 
relieve the (1) stance distortion problems. In this problem, 
fake news publishers rarely use a large number of emotional 
words to guide people’s emotions. Instead, they use a tone that 
imitates objective news reports and a large number of fake 
details to confuse people’s judgments and positions. This 
includes making up something the authority didn’t say and 
providing false but precise times, locations, names, or 
organizations in the news. Such a trick aligns people’s stances 
with fake news, making it difficult for a stance-semantic-
based model to verify fake news, since it’s impossible to 
judge whether this alignment of commenter-publisher stances 
in news is deliberately created. An example of online fake 
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news that uses the above techniques and distorts people’s 
positions is shown in Fig. 4. 

But such false news, in order to distort people's stances, 
often violates people's original cognition by forging "facts". 
This practice is easy to cause a series of negative emotions of 
the public, such as shock, frustration, anger, etc., since people 
may be difficult to accept this "fact" that goes against the 
common sense. On the contrary, such negative emotions can 
hardly be aroused by real news, as the reports of these news 
are more consistent with the public's perception in most cases. 
Therefore, the weakness of stance-semantic based model in 
stance distortion problems could be made up by extracting 
and detecting the emotional features of both news texts and 
comments. 

Based on this, we introduce the dual emotion information 
module ݁݉݋ௗ௨௔௟ to describe news and comment sentiment. 
As shown in Fig. 3, it is made up of three various components: 
the news text emotion emo୘, reader emotion emoେ, and their 
emotional difference ݁݉݋ௗ௜௙௙ . Among them, news text 
emotion emo୘ is used to describe the writing sentiment of 
the news subject, reader emotion emoେ refers to the overall 
sentiment of all reader comments, emotional difference 
emoୢ୧୤୤ is used to indicate the emotional difference between 
readers and news publishers and it is an indicator used to 
indicate whether a negative emotion is generated, because 
readers would likely have negative emotions after reading 
fake news, and their emotions may gradually lose resonance 
with the emotions of the news content. The extraction 
methods of the three various components in dual emotion 
information emoୢ୳ୟ୪ will be introduced in this section. 

2.3.1. News Text Emotion. 
News text emotion emo୘  refers to the emotion that the 

author reveals or wants to express when compiling the text. 
In this paper such emotion signal is composed of three 
different coarse-grained features: word-level features (lexical 
sentiment score emo୘

୪ୣ୶ , sentiment magnitude emo୘
୧୬୲ ), 

content-level features (general sentiment sem୘
ୡୟ୲ୣ , general 

semantic value 	emo୘
ୱୣ୬୲୧ ), and auxiliary features (latent 

sentiment information 	emo୘
୪ୟ୲ୣ୬୲). 

Word-level features include lexical sentiment score 
emo୘

୪ୣ୶ and sentiment magnitude emo୘
୧୬୲. The former is used 

to represent the type of sentiment words in the text, and the 
latter reflects the intensity of related sentiment words. To 
capture such two features, the emotion lexicon is introduced. 
It is a dictionary containing different sentiment words, where 
the sentiment categories and intensities of these sentiment 
words are manually labeled by experts. By tagging emotional 
words present in news content, we can extract the word-level 
feature of news content. Here, we assume that the sentiment 
dictionary we use contains dୣ different types of sentiments, 
and the full set of sentiments can be expressed as E ൌ
൛eଵ, eଶ, … , eୢ౛ൟ . In addition, a specific emotion ݁ ∈  ܧ
corresponds to its emotion thesaurus ࣟ௘ ൌ
൛ݓ௘,ଵ, ,௘,ଶݓ … ,  ௘,௅೐ൟ , where wୣ,୧  is the i୲௛  emotional wordݓ
in thesaurus ࣟୣ and Lୣ refers to the number of vocabularies 
that the thesaurus holds.  

The lexical sentiment score emo୘
୪ୣ୶  of a piece of text T 

can be given by splicing the scores of different sentiments, 
and one sentiment score can be given by summing the scores 
of each word s൫t୨, e൯  in the corresponding emotional 
thesaurus. Here, t୨ is the j୲௛ word of text T.  To give a more 
accurate word score, the context of the j୲௛ word must take 

into account several factors, including degree words, negation 
words, and the frequency of word occurrences. Thus, given a 
window size w  (suppose that only the left context is 
considered when scoring, that is, the w words to the left of 
the j୲௛  word), the score of each score s൫t୨, e൯  can be 
calculated from formula 1: 

,௝ݐ൫ݏ ݁൯ ൌ
ࣧࣟ೐൫௧ೕ൯∗௡௘௚൫௧ೕ,௪൯∗ௗ௘௚൫௧ೕ,௪൯

௅
            (1) 

In formula 1, ࣟࣧ೐൫ݐ௝൯  is a matching value (formula 2), 
which represents whether the ݆௧௛  word is in thesaurus 
ࣟ௘.While neg൫ݐ௝, w൯ and deg൫ݐ௝, w൯ represent the negation 
amount (formula 3) and the degree amount (formula 4) in the 
window ݓ, respectively.  

ࣟࣧ೐൫ݐ௝൯ ൌ ൜
௝ݐ			݂݅				,1 ∈ 	 ࣟ௘
		݁ݏ݅ݓݎ݄݁ݐ݋			,0

                    (2) 

݊݁݃൫ݐ௝, ൯ݓ ൌ ∏ ݊݁݃ሺݐ௞ሻ
௝ିଵ
௞ୀ௝ି௪           (3) 

deg൫ݐ௝, w൯ ൌ ∏ degሺݐ௞ሻ
௝ିଵ
௞ୀ௝ି௪       (4) 

Therefore, for the whole text ࣮ , the score of a certain 
emotion ݏሺ࣮, ݁ሻ can be obtained by formula 5: 

,ሺ࣮ݏ  ݁ሻ ൌ ∑ ,௝ݐ൫ݏ ݁൯
௅
௝ୀଵ ,				∀݁ ∈   (5)      ܧ

Finally, all sentiment scores are concatenated to obtain the 
lexical sentiment score ࣮݁݉݋

௟௘௫ , as shown in equation 6, 
where ⊕  refers to the concatenation operator and 
࣮݋݉݁

௟௘௫ 	∈ 	ௗ೐. 
࣮݋݉݁

௟௘௫ ൌ ,൫࣮ݏ ݁ௗభ൯ ⊕ ,൫࣮ݏ ݁ௗమ൯ ⊕ …⊕ ,൫࣮ݏ ݁ௗ೐൯   (6) 
As for sentiment magnitude ࣮݁݉݋

௜௡௧, it is constructed by 
splicing magnitude score vectors of various emotions in news 
content. For one certain sentiment ݁ of text ࣮, we use the 
same method as lexical sentiment score ࣮݁݉݋

௟௘௫  to extract 
sentiment scores of words ݏ൫ݐ௝, ݁൯ , but assign strength 
weights to each score according to the sentiment thesaurus, 
and then  we obtain emotional intensity score ݏ′ሺ࣮, ݁ሻ  as 
shown in the following formula 7: 

ᇱሺ࣮,௘ሻݏ ൌ ∑ ᇱሺ࣮,௘ሻݏ ൌ௅
௝ୀଵ ∑ ,ሺ࣮ݏ ݁ሻ ∗ int൫ݐ௝൯

௅
௝ୀଵ ,					∀݁ ∈  (7)  ܧ

In formula 7, intሺt୨ሻ represents the emotional intensity of 
the ݐ௝ word in the emotional thesaurus ࣟ௘. If the word is not 
included in the thesaurus ࣟ௘ , it is recorded as 0. And 
sentiment magnitude ࣮݁݉݋

௜௡௧  can be obtained through 
concatenating all the emotional intensity scores from formula 
8: 

࣮݋݉݁
௜௡௧ ൌ ,ሺ࣮′ݏ	 ݁ଵሻ ⊕ ,ሺ࣮′ݏ ݁ଶሻ ⊕ …⊕ ,൫࣮′ݏ ݁ௗ೐൯, 
࣮݋݉݁				

௜௡௧ ∈ 	ௗ೐                  (8) 
Content-level features are made up of general semantic 

࣮݉݁ݏ
௖௔௧௘  and general sentiment value 	࣮݁݉݋

௦௘௡௧௜ .  The 
general semantic ࣮݉݁ݏ

௖௔௧௘ describes the semantic expressed 
in general throughout the passage, while general sentiment 
value 	࣮݁݉݋

௦௘௡௧௜  represents the intensity of the overall 
sentiment of the whole passage. 

As for general semantic ࣮݉݁ݏ
௖௔௧௘  reflects the overall 

semantic of the news content ࣮ , based on the semantic 
detector ௘݂ proposed by NVIDIA [31], it can be obtained by 
formula 9: 

࣮݉݁ݏ
௖௔௧௘ ൌ ௘݂ሺ࣮ሻ           (9) 

In formula 9, ࣮݉݁ݏ
௖௔௧௘ ∈ 	ௗ೑೐  , where ݀௙೐  refers to the 

dimension of the semantic detector ௘݂ output. 
Likewise, in order to measure the general sentiment value 

࣮݋݉݁	
௦௘௡௧௜of the content, such as strong, flat, etc., an emotion 

lexicon-based detection detector ௟݂௘௫ is used in this paper to 
extract the corresponding sentiment of text ࣮, as shown in 
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formula 10. For general sentiment value 	࣮݁݉݋
௦௘௡௧௜ with  ݀௦ 

dimension, the final sentiment value 	࣮݁݉݋
௦௘௡௧௜ ∈ 	ௗೞ. 

࣮݋݉݁	
௦௘௡௧௜ ൌ ௟݂௘௫ሺ࣮ሻ            (10) 

In addition to words and sentences, there is also latent 
sentiment information 	࣮݁݉݋

௟௔௧௘௡௧ in the text, including non-
verbal signals and underlying habits. Non-verbal signals 
include capitalization, punctuation, and emoticons, while 
underlying habits include the usage frequency of personal 
pronouns and some emotional words. Both types of words 
have the function of conveying and expressing emotion. For 
example, the use of non-verbal all-caps "GET OUT OF MY 
HOUSE!" conveys stronger emotions than lowercase; and in 
underlying habits, use emoticon ":)" to express happiness, ":(" 
to express sadness. Assuming that the dimension of the latent 
feature information is ݀௔ , then we can get the latent 
sentiment information 	࣮݁݉݋

௟௔௧௘௡௧ ∈ 	ௗೌ. 
Finally, the news text emotion of text ࣮, denoted as ࣮݁݉݋, 

can be gained through concatenating all the subordinate 
ingredients of word-level features, content-level features and 
auxiliary features, as shown in formula 11: 

࣮݋݉݁ ൌ 	 ࣮݉݁ݏ
௖௔௧௘ ⊕ ࣮݋݉݁

௟௘௫ ⊕ ࣮݋݉݁
௜௡௧ ⊕ ࣮݋݉݁	

௦௘௡௧௜ ⊕ ࣮݋݉݁	
௟௔௧௘௡௧(11) 

where ࣮݁݉݋ ∈ ௗ, ݀ refers to the dimension of  ࣮݁݉݋. 

2.3.2. Reader Emotion. 
The reader emotion ݁݉݋஼ is divided into two parts: reader 

specific sentiment and reader general sentiment. For the first 
part, the sentiment score for each comment can be calculated 
in the same way as for news text emotion ࣮݁݉݋ in section 
2.3.1, denoted as ݁݉݋௥, and calculate the score of the entire 
comment set ݁݉݋஼ෟ  through Equation 12: 

஼ෟ݋݉݁  ൌ ௥భ݋݉݁
் ⊕ ௥మ݋݉݁

் ⊕ …⊕ ௥೙݋݉݁
்      (12) 

where ݁݉݋஼ෟ ∈ ௥೙ൈୢ. 
The second part, reader general sentiment has two 

subordinate components: the average sentiment of the review 
set ࣝ  and the extreme sentiment of the review set ࣝ . The 
average sentiment can be obtained by the mean pooling of 
Equation 13, and the extreme sentiments can be obtained by 
the max pooling of Equation 14. 

஼݋݉݁
௠௘௔௡ ൌ ݉݁ܽ݊ሺ݁݉݋஼ෟ ሻ             (13) 

஼݋݉݁
௠௔௫ ൌ ஼ෟ݋ሺ݁݉ݔܽ݉ ሻ             (14) 

where ݁݉݋஼
௠௘௔௡, ݁݉݋஼

௠௔௫ ∈ ୢ. 
Finally, the reader emotion ݁݉݋஼ is derived from formula 

15: 
஼݋݉݁ ൌ ஼݋݉݁

௠௘௔௡ ⊕ ஼݋݉݁
௠௔௫           (15) 

Where ݁݉݋஼ ∈ ଶୢ. 

2.3.3. Emotional Difference. 
We design ݁݉݋ௗ௜௙௙ to highlight the emotional differences 

between authors and reviewers to show whether reviews, 
highlighting public responses to news. As shown in formula 
16, it can be obtained by the difference between news text 
emotion ࣮݁݉݋  and two different parts, average sentiment 
஼݋݉݁

௠௘௔௡ and the extreme sentiment ݁݉݋஼
௠௔௫ in the review 

set ࣝ: 
ௗ௜௙௙݋݉݁ ൌ ሺ࣮݁݉݋ െ ஼݋݉݁

௠௘௔௡ሻ ⊕ ሺ࣮݁݉݋ െ ஼݋݉݁
௠௔௫ሻ (16) 

Where  ݁݉݋ௗ௜௙௙ ∈ ଶୢ. 

2.3.4. Dual Emotion Features Module. 
After performing the steps 3.3.1-3.3.3, dual emotional 

information module ݁݉݋ௗ௨௔௟ can be connected by its three 
sub-parts: the news text emotion ࣮݁݉݋ , reader emotion 
 ௗ௜௙௙  . It is݋݉݁ ஼ , and their emotional difference݋݉݁
generated as shown in formula 17: 

ௗ௨௔௟݋݉݁ ൌ ࣮݋݉݁ ⊕ ஼݋݉݁ ⊕  ௗ௜௙௙     (17)݋݉݁

2.4. Stance Information.  
The stance information module is introduced to alleviate 

the (2) emotional resonance problem. In this problem, due to 
people's strong sense of group belonging, they tend to receive 
group cues and group emotional infection. Therefore, they are 
easily guided by specific textual emotions, and immersed in 
the whirlpool of emotions. In some cases, fake news 
publishers have exploited this feature by using specific, 
carefully crafted emotional sentences or words in fake news 
to evoke emotional resonance in people, even though people 
may have different positions on the news. This emotional 
resonance brings detection difficulties to emotion-semantic 
based models because it is difficult to confirm whether the 
consistency between news texts and readers' emotions is 
deliberately created. An example of deliberately using 
specific emotional words to guide public sentiment is shown 
in Fig. 5. 

  

 
Fig 5. A case of online fake news trying to evoke emotional 

resonance 
 

But for this type of fake news, it is difficult to convince the 
public since the author uses a high proportion of emotional 
words and lacks factual descriptions. Therefore, even if the 
emotional resonance of the public is evoked, people's stance 
on the news still won't change much. Considering that fake 
news lacks the support of facts, it is more likely to be opposed 
by the public than real news. Therefore, fake news can be 
detected by extracting stance information ࣝܫ    in the 
comment area to avoid the negative impact of emotional 
resonance. 

In this paper, the stance information module ࣝܫ  is defined 
as the stance characteristic of a certain news in comment set 
ࣝ . In order to comprehensively describe the distribution of 
different stance in the comment area, three features are taken 
into account: stance proportion ܵܲ , max-min type ܲܯܯ , 
and stance difference ܵܦ . The stance proportion ܵܲ ൌ
ሼ݂ݏଵ, ,ଶݏ݂ . . . , ݅  ௜ሽ , where fs୧  is the percentage ofݏ݂ െ  ݄ݐ
type of stances in comment set ࣝ, describes the proportion of 
different stances in the entire comment area; the max-min 
stance ܲܯܯ ൌ ሼ݉ܽݏ݊݅݉,ݏݔሽ, describes the most common 
stance types ݉ܽݏݔ and the less common stance types ݉݅݊ݏ 
in the comment area; the stance difference ܵܦ describes the 
distribution difference of the stance categories, which is 
represented by the variance and standard deviation of the 
proportions of all stance classes, namely ݏݒ  and ݏ݀ݏ , 
respectively. The detailed structure of this feature is shown in 
Table 1: 

In addition, to obtain the stance of each comment, Bert 
stance classifier ஻݂  is introduced, and Fig. 6 shows its 
structure in detail. Classifier receives comment sentences as 
its input, inside [CLS] and [SEP] tags. The result of stance 
classification obtains from [CLS], the final token includes a 
semantic feature vector representing the entire comment. 
Therefore, in a stance detection task with ݎ types of stances, 
for one comment ܿ௠ in comment set, the stance category can 
obtain as formula 18.  

ݏ ൌ ஻݂ሺܿ௠ሻ                    (18) 
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Table 1. The structure of stance features 
Type Features 

Stance 
Proportion 

Frequency of stance type 1 (݂ݏଵ) 

Frequency of stance type 2(݂ݏଶ) 

…… 

Frequency of stance type ݅(݂ݏ௜) 

Max-Min 
Stance 

The most common stance types (݉ܽݏݔ) 

The less common stance types (݉݅݊ݏ) 

Stance 
Difference 

Variance of all stance class proportions (ݏݒ) 
Standard deviation of all stance class proportions 

 (ݏ݀ݏ)
 

 
Fig 6. The structure of the Bert stance classifier 

 
In the actual operation of the stance information module, 

the Bert classifier is firstly used to extract the stances of a 
specific comment set ࣝ ൌ ሼݎଵ, ,ଶݎ … ,  ௡ሽ one by one to obtainݎ
the comment stance set ࣝ௦ ൌ ሼݏଵ, ,ଶݏ … ,  ௡ሽ , as shown inݏ
Equation 19. 

ࣝ௦ ൌ ஻݂ሺࣝሻ                  (19) 
Then, according to the comment stance set ࣝ௦, a series of 

parameters related to the stance’s distribution can be 
calculated, including the frequency of all stance type 
,ଵݏ݂ ,ଶݏ݂ . . . ,  ௜ (formula 20), the most common stance typesݏ݂
 ,(formula 21)ݏ݊݅݉ and the less common stance types ݏݔܽ݉
the variance ݏݒ and standard deviation ݏ݀ݏ(formula 22).  

ە
ۖ
۔

ۖ
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௡௨௠భ

௡

ଶݏ݂ ൌ
௡௨௠మ

௡
. . . . . .

௜ݏ݂ ൌ
௡௨௠೔

௡

                 (20) 

൜
ݏݔܽ݉ ൌ ,ଵݏሺ݂݁݌ݕݐݔܽ݉ ,ଶݏ݂ . . . , ௜ሻݏ݂
ݏ݊݅݉ ൌ ,ଵݏሺ݂݁݌ݕݐ݊݅݉ ,ଶݏ݂ . . . , ௜ሻݏ݂

       (21) 

൜
ݏݒ ൌ ,ଵݏሺ݂ݎܽݒ ,ଶݏ݂ . . . , ௜ሻݏ݂
ݏ݀ݏ ൌ ,ଵݏሺ݂ݒ݁݀ ,ଶݏ݂ . . . , ௜ሻݏ݂

          (22) 

In equation 20, ݊݉ݑ௜ represents the number of the ݅ െ  ݄ݐ
stance in the comment area. As for equation 21, ݉ܽ݁݌ݕݐݔ 
and ݉݅݊݁݌ݕݐ  are the maximum and minimum index 
functions. These two functions are used to extract the most 
frequent and least frequent stance categories in the comment 
area, respectively. In equation 22, ݎܽݒ  and ݀݁ݒ  are the 
variance and standard deviation functions. 

After the process mentioned above, three sub-parts of 
stance information ࣝܫ  , namely stance proportion ܵܲ , max-
min type ܲܯܯ, and stance difference ܵܦ, can be calculated 
by formulas 23-25: 

ܵܲ ൌ ଵݏ݂ ⊕ ଶݏ݂ ⊕. . .⊕  ௡            (23)ݏ݂
ܲܯܯ ൌ ݏݔܽ݉  (24)         ݏ݊݅݉⊕

ܦܵ ൌ ݏݒ ⊕  (25)               ݏ݀ݏ
The stance information module ࣝܫ   can be obtained 

through the splicing of its three sub-parts, as shown in 

Equation 26. 
ܫࣝ ൌ ܵܲ ⊕ܲܯܯ⊕  (26)             ܦܵ	

2.5. Dual Emotion-Stance Representation 
Dual emotion-stance representation ܴ௦௧௔௡௖௘,ௗ௨௔௟  is 

concatenated by dual emotional information module 
ܫࣝ ௗ௨௔௟  and stance information module݋݉݁  , as shown in 
formula 27: 

ܴ௦௧௔௡௖௘,ௗ௨௔௟ ൌ ௗ௨௔௟݋݉݁ ⊕ ܫࣝ             (27) 
The model involving this representation ܴ௦௧௔௡௖௘,ௗ௨௔௟ 

performs better than models based on sentiment or stance, 
both in detecting general fake news and well-crafted fake 
news: (1) When representing general fake news and comment 
text information, it can provide two-dimensional descriptions 
of stance and emotion, bringing finer and higher-grained input 
information to subsequent fake news analysis (2) When 
dealing with fake news that tries to arouse emotional 
resonance and when dealing with fake news that distorts 
public stances, the performance can be improved by 
analyzing the anomalies of public positions; Besides, when 
facing the fake news that distorts public stances, anomalies in 
news text and comments’ sentiments can be captured to 
reduce errors in judgment only from stances. The Fig. 7 shows 
how different features synergize to mitigate the problem of 
stance distortion and emotional resonance. 

 

 
Fig 7. Schematic of joint collaboration of three features 

 
In order to further extract the key information in the news 

text and the comment section, we connect our representation 
ܴ௦௧௔௡௖௘,ௗ௨௔௟ with existing semantic detection frameworks, as 
shown in Figure 2. This paper uses the BiGRU detector, 
whose corresponding output feature vector is ࣮ܷܴܩ݅ܤ,େ . 
Thus, we can obtain splicing vector ሾܴ௦௧௔௡௖௘,ௗ௨௔௟,  େሿ,࣮ܷܴܩ݅ܤ
that responds to the characteristics of each dimension of a 
piece of news. Finally, as shown in formula 28, this splicing 
vector ሾܴ௦௧௔௡௖௘,ௗ௨௔௟,  େሿ, as the input, passes through,࣮ܷܴܩ݅ܤ
the multi-layer perceptron (MLP) and a softmax layer to 
obtain the news authenticity prediction ݕො: 

ොݕ ൌ ,൫ൣܴ௦௧௔௡௖௘,ௗ௨௔௟ܲܮܯሺݔܽ݉ݐ݂݋ܵ  େ൧൯ሻ   (28),࣮ܷܴܩ݅ܤ
In the proposed model, since the inputs contain feature 

vectors spliced with different dimensions, they jointly have 
an impact on the final prediction result ݕො . So, the model in 
this paper has a fuller understanding of the information of the 
text. 

3. Experiments 
In this section, we conduct different experiments to 

evaluate the plausibility and performance of our model. 
Specifically, we focus on the following four evaluation 
questions: 
 EQ1: Do the features(emotional, stance, semantic 

features) used by the model and joint feature operations 
improve the results of rumor detection? 
 EQ2: How well does our model perform in the real 

world? 
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3.1. Dataset Description. 
3.1.1. RumourEval-17. 

The RumourEval-17 dataset is constructed on the release 
of SemEval-2017 Task 8 [32] that is involved with a source 
dataset containing rumors on 9 distinct breaking news. The 
raw dataset comprises Twitter conversations that are initiated 
by a false tweet and 297 conversational threads. The 
conversations contain commenters’ tweets replying to those 
false tweets. The tweets in comment area are annotated with 
the label of support, deny, query, or comment (SDQC). There 
are two subtasks in the SemEval-2017 Task 8 which are 
stance classification and veracity prediction. The subtask A of 
stance classification is set to label the stance of comments, 
while the purpose of the subtask B-veracity prediction is to 
determine the veracity of a given rumor. We make the division 
of our dataset and evaluation metrics the same as what the raw 
dataset shows. 

3.1.2. COVID-19. 
The data used in the dataset of COVID-19 are provided by 

a CodaLab competition1 with the title of “ COVID19 Fake 
News Detection in English”. The news posts are all related to 
coronavirus and carefully selected from the Twitter. The 
COVID-19 dataset contains three JSON files, which are 
named train, test and val, respectively. We split the quantity 
of post in the three files by the ratio of 4:1:1. In training set, 
there are 100 records of post including two types of data-Real 
and Fake. In testing set, there are 25 records of post  also 
annotated with the label of Real and Fake. In validation set, 
there are merely 25 records of post with the label of Real and 
Fake. 

3.2. Dataset Preprocessing. 
The publicly available tool of robust sentiment discovery 

published by NVIDIA [31] is used to calculate the value of 
emotion type for RumourEval-17 and COVID-19.  

3.3. Experimental Setup. 
3.3.1. Sentiment Material 

So as to verify the effectiveness of the English model, we 
stochastically selected 100 samples and annotated their 
emotion types manually and separately, which achieves the 
precision of 86% for NVIDIA model. Therefore, The 
NVIDIA model could be used to extract the latent emotional 
information for fake news detection. For the remaining 
emotion signals, the NRC Emotion dictionary [33] and NRC 
Emotion Intensity dictionary [34] are utilized to extract 
emotional words and emotional intensity features, separately. 
Besides, sentiment scores are obtained through the Vader 
library of NLTK [35]. With respect to supplementary features 
in table 1, in emoticons, the statistical list of emoticons from 
Wikipedia [36] is applied to classify emoticons into five 
categories: pleasure, rage, wonder, sadness and neutrality.  
In emotional words and degree words, the bilingual emotional 
lexicon in HowNet [37] is used to calculate the frequency of 
them. In negative words, the words list from Wikipedia, 
Oxford lexicon, and Cambridge lexicon are collected. 

3.3.2. Parameter Scale. 
The dimensions of sub features contained in dual sentiment 

features, like ݀௙೐ , ݀௘ , ݀௦  and ݀௔ , are relevant to English 
sentiment material. The parameter ݀௙೐	taken	as	 the 
dimension of the emotional detector output is assigned with 
16. The parameter ݀௘	with the value of 8 represents the scale 
of various sentiments. The parameter ݀௦ as the dimension of 

emotional scores of English texts, generated via the Vader 
package of NLTK, has four dimensions that are positive, 
negative, neutral and compound, respectively. For ݀௔ , the 
dimensionalities of auxiliary features in Table 1, has the value 
of 16. The value of parameter d is 52. For every tweet post, at 
most 100 comments in the outset are selected. In the Target 
Aware BERT for stance detection [45], the parameter seed is 
specified as 4214 for the current run. The cross_ validation_ 
num, as the facilitation of input for cross validation in 
RumourEval-17 and COVID-19 datasets, is 4. The 
dataset_name, restricting the type of datasets for the 
experiments involved, has the value of RumourEval-17 and 
COVID-19. The batch_size, used to determine the direction 
of descending, is set as 16. The lr, deciding whether target 
function converge to the local maximum and when to achieve 
it, is 1e-4.  

3.4. Result and Analysis. 
Table 2. Performance comparison on RumourEval-17 

Models 
Macro 

F1 
Score 

RMSE 
F1 Score

Fake 
News 

Real 
News

Unverified 
News

MLP - - - - - 

+ Stance 
Feature

0.166 0.812 0 0.500 0 

+ Dual 
Emotion 
Features

0.161 0.807 0 0.484 0 

+ Dual 
Emotion-

Stance 
Features

0.351 0.783 0.15 0.530 0.363 

BiGRU 0.321 0.781 0 0.625 0.307 

+ Stance 
Feature

0.384 0.771 0.447 0.444 0.260 

+ Dual 
Emotion 
Features

0.429 0.732 0.142 0.57 0.476 

+ Dual 
Emotion-

Stance 
Features

0.891 0.564 0.892 0.886 0.894 

 
We conducted several sets of experiments to answer several 

of the questions raised in this section. For EQ 1, we performed 
ablation experiments on RumourEval-17 to observe the 
contribution of different features to the detector. The 
experimental results are shown in Table 2, where the data 
items in bold font represent the leading data. It is worth noting 
that in all experimental results, our semantic extractor used 
only news text information by default, and the tag “*” is used 
to mark the experimental group that used semantic 
information of news text and comments at the same time. 
From a macro point of view, the models with feature fusion 
are ahead in the two experimental groups. Specifically, the 
macro F1 scores of the experimental group with only the 
stance feature and that with only the dual emotion features are 
close to each other; At the same time, it is difficult to identify 
Fake News and Unverified News with a single feature, 
especially in the MLP experimental group that does not use 
any semantic feature extractor. Both the fake news and 
unverified news experimental groups obtain F1 scores of 0. 
The experimental group that achieved the fusion of two 
features obtained better results: F1 macro scores were higher 
than those of the rumor detection model based on single 
feature, and the model with the fusion of three sorts of 
features achieved the best results among all experimental 
groups. At the same time, the fusion of dual emotional-stance 
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features alleviates the problem of 0 macro F1 score in false 
news and unverified news, and scores in both categories. This 
indicates that the dual emotion-stance fusion feature has a 
certain effect on the performance of a single feature. 

For EQ 2, we tested the performance of our model on the 
COVID-19 fake news dataset to simulate the rumor detection 
capabilities of a specific topic in real situations. The original 
dataset contains only fake and real labels, which is 
inconsistent with the output of model authenticity label. 
Therefore, we modify the range of authenticity label to {F, 
R}(Fake news, Real news) to accommodate the format of the 
COVID-19 dataset. As shown in Table 3, in the test set, we 
obtained an Macro F1 Score of 0.904, among which, the 
scores in Fake News and Real classes were relatively close 
and balanced, and our model could obtain better detection 
results for different types of posts in real conditions. 

 
Table 3. The performance of fake news detection task on COVID-

19 English dataset 

Models 
Macro 

F1 
Score

RMSE 
F1 Score

Fake 
News 

Real 
News

MLP+Stance Feature 0.683 0.842 0.687 0.685 

MLP+DualEmotionFeatures 0.756 0.697 0.759 0.752 

MLP+DualEmoStaFeatures 0.891 0.591 0.894 0.887 

BiGRU+Stance Feature 0.691 0.829 0.696 0.692 

BiGRU+DualEmotionFeaturs 0.763 0.682 0.765 0.761 

BiGRU+DualEmoStaFeatures 0.904 0.579 0.907 0.903 

4. Conclusion 
In this study, a new multi-feature rumor detection model is 

proposed to achieve better performance in the fake news 
detection task by integrating semantic, emotional and stance 
features. Then, the model is compared with other commonly 
used fake news detection frameworks on RumorEval-17 and 
COVID-19 datasets and achieves the best results on Marco F1 
and RMSE. At the same time, the proposed model has similar 
model size and better performance as the Dual Emotion based 
model, which shows excellent potential in terms of low 
running cost and offline client rumor detection. Finally, we 
also simulated the actual operation of the proposed model on 
the COVID-19 dataset and obtained a Marco F1 value of 
0.904. The next step of this research is to explore the 
characteristics of different dimensions of fake news detection 
(such as images, videos, voice, etc.), and combine multi-
dimensional information in news to achieve a more 
comprehensive understanding of fake news and better 
detection ability. 
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