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Abstract. As more people rely on online media, it becomes more challenging to identify trustworthy information. 

As a result of this increased complexity, stance detection and rumour detection have gained prominence. Although 

both tasks are highly correlated and should be performed concurrently, most existing models train them 

independently. Additionally, while each target topic may contain numerous conflicting claims, previous work treated 

each claim independently, resulting in conflict claims wrongly assigned with the same truth label. Because some 

lengthy rumour posts cover a wide range of topics, determining the positions of the posts can be done with a variety 

of target topics. Existing models may take a biased position toward the correct target topic or the incorrect target 

topic, resulting in an incorrect determination of veracity. The purpose of this article is to address these problems by 

proposing a framework for stance detection and veracity prediction that takes into account source credibility and 

compares the strength of arguments in order to forecast the truth. Experiments are conducted using two well-known 

datasets: Emergent and RumourEval-2019. On the gold-standard datasets, the results demonstrate that the proposed 

framework outperforms other methods. 
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1. Introduction 

 
Compared with traditional media, social media 

has recently emerged as a low-cost and 

convenient way to spread rumour, increasing 

incorrect and misleading information. Rapid 

dissemination of information, particularly in 

breaking news, fosters the spread of unverified 

and unchecked information. Because it is 

difficult and expensive to hire qualified 

journalists and other experts to verify published 

posts, an automated process for verifying 

unverified information in published articles is 

required to speed up the process. Information 

can be disseminated in a variety of formats, such 

as text, video or image. The focus of this paper 

is to detect and verify text-based rumours. 

Unverified information that can later be 

believed to be true or false is a rumour [1]. 

According to Harsin [2], rumour is a claim that 

is debatable in its veracity, ambiguous in its 

intent, and originates from an unknown source, 

such as ideological or partisan sources. False 

rumours in the news domain are articles 

published by a news source that misled the 

reader [3]–[5]. When rumours have a low 

veracity value, they are called fake news [1], 

[6], [7]. Numerous rumours have been proven to 

originate from either fake news or 

Hyperpartisan websites [8]. Liu and Wu [9] 

used network embedding to create user 

representations and demonstrated that user 

credibility is critical for determining rumours' 

veracity. Zubiaga et al. [10] define four 

components of a rumour classification system: 

i) rumour detection, which determines whether 

a statement is verified (rumour or non-rumour), 

ii) rumour tracking, which collects feedback on 

a rumour as it spreads, iii) rumour stance 

classification, which determines how the 

general public feels about the rumour's truth, 

and iv) rumour veracity classification, which 



 

determines the rumour's veracity. The purpose 

of stance detection is to identify the various 

attitudes, e.g., agree, disagree toward a 

particular claim. The task for veracity prediction 

is to determine whether a rumour is true, false, 

or unverified.  

This work addresses three issues identified 

from the literature that contribute to the failure 

of veracity prediction systems to achieve 

acceptable detection performance. The first 

problem is that stance detection and veracity 

prediction are separately trained and learned. 

Even though both stance detection and veracity 

prediction are positively correlated with joint 

treatment, current research treats them as 

distinct tasks, either stance detection [11] or 

veracity prediction [12]. Because it is not 

always possible to ground claims in knowledge 

bases (authoritative sources), particularly for 

emerging claims, the stances of social media 

users toward claims can provide indicative clues 

about their veracity. As a result, the two tasks, 

stance detection and veracity prediction can be 

learned concurrently to maximise their utility. 

The article proposes a novel multi-task learning 

scheme for simultaneously predicting rumour 

stance and veracity to enhance the performance 

of a veracity prediction task by leveraging the 

related task of stance detection, taking into 

account the strong correlation between claim 

veracity and the stances expressed in responsive 

posts. 

The second problem is taking stances on 

lengthy claims with multiple target topics 

without focusing exclusively on one target topic 

that receives more attention in response to other 

claims (replies). For lengthy claims with 

multiple target topics commented on by 

multiple claims (replies), previous models 

attempted to detect the general stance without 

considering the primary or the most concerned 

target topic. As a result, the stance decision may 

be incorrect. Therefore, it is essential to extract 

a specific target topic and examine the stances 

taken toward the claim in light of this targeted 

topic. The purpose of extracting the primary 

common target topic in our proposed model is 

to eliminate irrelevant and noisy information. 

Each replay's stance toward this claim is 

narrowly focused (Each replay is associated 

with a user who commented on the source). As 

a result, detecting the target topic and then 

deriving a target-specific based claim from a 

lengthy claim and selecting pertinent data 

assists in stance detection, whereas noisy data 

contributes less. Another goal of target topic 

extraction is to classify all claims with 

associated target topics according to their 

likelihood of being a specific target topic, then 

analyse and rank each argument to determine 

the strongest one. Each claim's target topic is 

extracted independently. As a result, the target 

topics with the most similar embeddings to the 

primary target topic is selected for analysis 

alongside the target topic. Rumours from 

reliable sources are weighted heavily in the 

outcome, whereas rumours from unreliable 

sources are ignored. 

The final problem is that when multiple 

claims on the same target topic originate from 

multiple sources may conflict, they are analysed 

independently, whereas they should all be 

considered during the claim checking process. 

Current models tend to be restricted to assessing 

the veracity of claims (rumours), rather than 

distinguishing conflicting claims on the same 

target topic, which results in disagreements 

when various sources are commenting on the 

same target topic. Consequently, conflicting 

statements about the same target topic can be 

labelled identically, which is illogical in light of 

the fact that each rumour is independently 

checked for veracity. Thus, a choice must be 

made between many conflicting facts about an 

entity. Given that many statements are made in 

response to the same thing, we hypothesise that 

only one of the claims, not the disputes, is 

credible. Each claim in a natural language 

argument expresses an opinion about a 

particular target topic; by incorporating 

argumentations into the context, the claim can 

be processed simultaneously with similar target 

topics, preventing the labelling of competing 

rumours with the same truth value. The strength 

of an argument for the proposed system is based 

on various facts and characteristics derived 

from either the original content and its account 

credibility or the replayed content and its 

account credibility. This is remarkably similar 

to theories of truth-discovery, which argue that 

truth is discovered by argumentation. 

This paper focuses on the combination of the 

two tasks, namely ATD., in SemEval-2019 Task 

7 (Rumour Eval 2019) as a single task, using 

Twitter and Reddit [13] as well as the Emergent 

dataset [14], to solve the problem with the 

lengthy rumour with various target topics. In 

addition, we consider applying truth discovery 

to integrate information about source 

credibility, i.e., it does not account for equal 

contributions from various sources. The 

proposed framework incorporates a source 

credibility metric to compare the strength of 

arguments in order to forecast the truth, taking 

into account both the arguments backed up by 

supporting sources and the claims rebutted by 

attacking sources. 

The contributions of this work are: 

- We propose a novel framework for 

tackling stance classification and veracity 



 

checking concurrently. As far as we are 

aware, this is the first work to employ 

argumentation-based truth discovery.  

- A novel model for the optimal target-

specific based claim generator is proposed 

for the lengthy rumour with multiple target 

topics while keeping the document's 

primary target topic in mind. Target topic 

extraction enables the examination of all 

pertinent arguments in order to determine 

the truth by the same target topic. 

- The application of the Emergent and 

SemEval 2019 datasets demonstrates that 

this framework outperforms existing 

methods in both stance classification and 

veracity checking. In addition, this 

framework can address new rumours 

(unseen data) that spread rapidly on social 

media and mitigate their negative 

consequences. 

The remainder of this essay is structured in 

the following manner. Section 2 reviews 

relevant literature. Section 3 introduces the 

proposed Argumentation-based Truth 

Discovery Model and demonstrates how it can 

be expressed in bipolar argumentation. Section 

4 discusses the experiments and analyses the 

result, Section 5 concludes the paper. 

 
2. Related Work 

 
We provide a brief overview of related work on 

rumour detection on social media. Generally, 

rumour detection methods make use of news 

content and social contexts [15]. Linguistic-

based features are primarily extracted in 

content-based approaches. Rumour articles 

contain indicators that can be used to tell the 

difference between fake and real news. Several 

attempts have been made to automatically 

verify the veracity of news articles based on 

their content, for example, Ciampaglia et al. 

[16] transform Wikipedia into a knowledge 

network, where relevant data is arranged in a 

graph. Conroy et al. [17] considered linguistic 

information a critical factor, for example, style-

based fake news detection, which takes the 

article's language style into account [18]. 

Additionally, websites (e.g., Emergent, 

PolitiFact, and Snopes) independently verify 

user claims or provide information discovered 

on the website by human professionals.  Along 

with news content, the social context 

surrounding news articles contains valuable 

information that can be used to identify fake 

news. The characteristics of social context-

based approaches are as follows: user-based 

approaches extract data from user profiles, 

network-based approaches extract data by 

creating particular networks [19], and post-

based approaches reflect users' social responses 

in terms of reputation, topics, or stance-based 

and propagation-based [5]. 

To detect rumours, various methods, such as 

classic machine learning, are used. Machine 

learning algorithms use a set of predefined 

linguistic features and a large amount of 

labelled data. Others have discovered that 

implementing modern neural network models 

that use pre-trained word vectors and embedded 

representations improve quality [20], [21]. Zhao 

et al. [22] employ a cluster ranking algorithm to 

prioritise tweet clusters based on their 

likelihood of being rumours. Zubiaga et al. [23] 

also employ an unsupervised approach, 

employing a sequential classifier to learn 

rumour characteristics such as lexical and 

temporal structure. Certain works, such as Saikh 

et al. [24], combine textual entailment and 

stance classification using statistical machine 

learning and deep learning techniques. We 

discuss briefly several models that are relevant 

to the primary objective of the work. It begins 

with stance classification, progresses to veracity 

checking, joint stance and veracity prediction, 

and truth discovery. 

 
2.1. Stance Classification 

 
Ferreira and Vlachos proposed and released the 

Emergent dataset, which contains 300 

PolitiFact-labelled rumours[14] that predicts 

whether a claim is for, against, or observed 

based on news headlines' lexical and semantic 

features. As baselines for the work by Zhang et 

al. [25], Table 1 illustrates some state-of-the-art 

models that employ various models for the 

Emergent dataset's stance detection task. Each 

model was trained and tested on the same 

dataset, and their performance was quantified in 

terms of relative score. The relative score 

evaluates a model by dividing it into two 

subtasks: related and unrelated and then 

categorising the related as 

agree/disagree/discuss. Their model predicts 

relatedness first, contributing 25% to the 

relative score, followed by stance from the three 

related classes, which contributes 75% to the 

relative score.  

 

 

 

 

 



 

Table 1 

A summary of work on stance detection: State-of-the-Art models on the Emergent dataset 

   

The model The implementation details 

Relative 

score  

(%) 

LSTM 

(BiLSTM) 

Stance Detection with Bidirectional Conditional Encoding. The encoded claim is 

used as initial states to encode the evidence [26] after the 100-d GloVe word 
embedding is applied [27] 

81.37 

Attentive CNN 

(AtCNN) 

For both claim and evidence feature representations, the convolutional neural 

network is used and attention mechanism to extract the most relevant features [28] 
83.56 

Memory 
Network (MN) 

A combination of convolutional and recurrent neural networks by an end-to-end 
memory network is implemented [11] 

85.92 

Ranking Model 

(RM) 

Ranking model to maximise the difference between the four stances representation 

agree, disagree, discuss, unrelated [29] 
87.69 

Official 

Baseline (OB) 
gradient boosting decision trees model for stances [30] 74.86 

Logistic 

Regression 
(LR) 

After checking whether the source is related or not by n-gram matching and rule-

based methods. The stances: agree, disagree and discussed are decided by Logistic 
Regression [31] 

83.45 

Gradient 

Boosted 

Decision Trees 
(GBDT) 

Apply Gradient Boosted Decision Trees to detect related stance and apply another 

Gradient Boosted Decision Trees to detect the remaining three stances [32] 
87.53 

Multi-Layer 

Perception 
(MLP). 

Cosine similarity between claims and evidence, and Multi-Layer Perception for the 

four stances [33] 
85.43 

Hierarchical 

representation 

of a neural 
network 

Hierarchical representation of these classes combines agree, disagree, and discuss 

classes under a new related class where the hierarchical architecture alleviates the 

class imbalance problem. One neural network layer for related stance detection, and 
the second layer is for the three stances detection [25] 

89.30 

 

 

The model in [25] compares their 

performance with four-way classification 

baselines (OB, MLP, BiLSTM, AtCNN, MN 

and RM) and demonstrates state-of-the-art 

accuracy performance. They develop a two-

layer neural network that learns from this 

hierarchical representation to alleviate the class 

imbalance problem; the first layer for 

relatedness stance detection and the second 

layer is for the agree, disagree and discuss 

stances. They study the various levels of 

dependence assumptions between the two 

layers: controls the error propagation between 

the two layers using the Maximum Mean 

Discrepancy MMD regularizer. They 

demonstrate that their work outperforms the 

state-of-the-art accuracy for the stance detection 

task. 

Some observations are made by Zhang et al. 

[25]: (1) Dependency-based CNN and 

constituency-based CNN improves overall 

performance by detecting the claim's complex 

syntactic structures and target-specific based 

claim. It can capture long-distance syntactic 

dependency. (2) Using the Manhattan distance 

to infer the claim and the target-specific based 

claim underlying semantic similarity based on 

the vector representation (final hidden states), 

help to capture the semantically equivalent of 

claim and target-specific based claim. (3) The 

effectiveness of attention mechanism via 

emphasizing the words necessary to the 

semantics of the claim and target-specific based 

claim by automatically search for the most 

relevant parts of an input sequence and assigns 

weights to those parts. Our models' performance 

on Emergent data is compared to the best 

performing model reported in [25], as shown in 

the last row of table 1.  

The Rumour Eval 2019 competition attracted 

a diverse field of competitors [13]. The 

competition's top-performing system for the 

stance detection task is described by Yang et al. 

[34], using the Twitter and Reddit datasets. 

They infer the conversation chain from the 

source post to the replies using Bi-LSTM and 

Transformer, relying on features such as the 

number of question words, the presence of 

rumour words, false synonyms, and false 

antonyms. The second-ranked system, Fajcik et 

al. [35], makes use of an ensemble of BERTs, 

while the third-ranked system, Baris et al. [36], 

makes use of a pre-trained representation with 

OpenAI GPT. Pre-training representation 

models [37] and ELMO [38] have demonstrated 

promising results in which each word's 

representation is based on the context in which 

it is used.  

 
 



 

Table 2 

RumorEval 2019 test results for Task A: Stance Detection 

System MacroF 

Khandelwal’s [39] Method 0.6720 

BLCU NLP. [34] 0.6187 

BUT-FTT [35] 0.6167 

EventAI [40] 0.5776 

Hierarchical graph convolutional network GCN-RNN [41] 0.540 

Top-down tree structure using a recursive neural network TD-RvNN [12] 0.509 

UPV-28-UNITO [36] 0.4895 

HLT(HTTSZ) [37] 0.4792 

 
 

2.2. Veracity Checking  

 
The majority of veracity checking systems have 

been developed using the FEVER dataset [42]. 

FEVER is a large-scale dataset for fact 

extraction and verification that contains 

185,445 claims and their supporting evidence. 

In the first FEVER shared task, the Bi-

Directional Attention Flow (BiDAF) network 

[43] outperforms Neural Semantic Matching 

Networks (NSMNs) [44] and contextualised 

representations [45] of a pre-trained BERT [46]. 

BiDAF [43] generates two vector sequences for 

claim and evidence, and the attention layer 

computes the attention scores before sending 

them to the output layer, which computes the 

semantic similarity between the original 

sequences and the new vectors. Finally, the 

label is generated by the output layer. In 

NSMNs [44], an LSTM matching layer 

performs semantic matching on the encoded 

claim and evidence sequences and sends the 

output to the label generation's output layer. In 

BERT, 12 self-aware encoder layers are 

combined with a classification layer to generate 

a highly embedded representation of the claim 

and evidence; the classification layer then uses 

this representation to generate labels. 

The models described by Enayet & El-

Beltagy [47] achieves competitive results in the 

SemEval 2017 rumour detection tasks. The best 

performing model for the veracity prediction 

task presented in the Rumour Eval 2019 

competition [48] is presented in Li et al. [40], 

which employs a variety of classifiers (Support 

Vector Model, Random Forest, Logistic 

Regression) with features derived from the 

LSTM attention network. Tables 3 shows the 

systems that performed best in the rumour 

detection task in the RumorEval 2019 

competition [13]. 

 

2.3. Multi-task approach for joint prediction of 

rumour stance and veracity 

 
Various studies have established that stance 

detection is the most critical task for rumour 

verification. [22], [41], [49]–[55]. For example, 

Khandelwal [39] proposed a framework for 

jointly predicting rumour stance and veracity 

using multi-task learning. Recently, the multi-

task approach for joint prediction of rumour 

stance and veracity using deep learning models 

such as BiLSTM [39] outperforms previous 

methods on both the SemEval 2019 Task 7 

dataset for rumour stance classification and 

veracity prediction. Khandelwal [39] obtains 

the post representation using sliding window-

based self-attention and a pre-trained 

Longformer [56]. As a result, we rely on 

Khandelwal [39] to assess the model's 

performance on the SemEval 2019 Task 7 

dataset. 

Certain studies use stance detection and the 

labels extracted from them as an input feature to 

improve the performance of veracity prediction 

models, which are significant indicators for 

predicting the veracity of rumours [49], [22], 

[47], [57]–[59], [41]. They combine stance 

detection and rumour veracity classification 

tasks by utilising various forms of multi-task 

learning, including parallel feature learning 

[57]–[59], [7], and hierarchical design [41]. Ma 

et al. employ a GRU layer for each task in [58], 

and the tasks share a GRU layer to obtain 

patterns common to both tasks. Joint learning is 

used in Wei et al. [41], similarly to Ma et al. 

[58]. Both models are composed of a common 

layer and task-specific layers; neither model 

incorporates user information, whereas Li et al. 

[7] combine the attention mechanism with user 

credibility information. Tables 2 and 3 compare 

the performance of various methods on the 

SemEval dataset for classification of rumour 

stances (single task) and veracity (multi-task).  

 



 

Table 3 

RumorEval 2019 test results for Task B: veracity prediction. 

 

System The implementation details MacroF 

Li et al.’s model [7] 
Incorporated features relating to user credibility in addition to other 
tweet-related features. 

0.606 

Khandelwal’s [39] Method – 

Top 𝑁𝑠 using (D + E + F) 

This method is based on multiturn conversational modelling using 

a transformer-based model, natural language processing feature 

extraction from conversations, collaborative rumour stance 
learning, and veracity classification. 

0.5868 

Hierarchical- predicting rumour 

Stance and Veracity PSV [41] 

Utilises a graph convolutional network to model the relationships 

between each thread's posts. 
0.588 

EventAI [40] 
The authors used the cosine similarity of tweet replies to the source 
message as a consistency metric. The consistency of the tweet is 

regarded as a valuable characteristic for rumour detection. 

0.5765 

MTL2 (Veracity+Stance) [57] 
A method for performing multiple tasks without the use of a task-
specific layer 

0.558 

BranchLSTM+NileTMRG [57] 

Utilises the same characteristics as the stance classification system 

but generates a single output for each branch. The thread's veracity 
prediction is then determined by majority voting over per-branch 

outcomes. 

NileTMRG (is a linear SVM that employs a bag-of-words 
representation of the source tweet, concatenated features defined by 

the presence of URL, hashtag, and the proportion of supporting, 

denying, and querying tweets in the thread. 

0.539 

 
2.4. Truth Discovery 

 
Rumour verification is challenging because 

relevant sources contradict published posts. 

Several truth discoveries for estimating the 

reliability of attacking/supporting sources have 

been proposed to select the most trustworthy 

ones to address this issue. The purpose of truth 

discovery algorithms is to resolve 

inconsistencies in information obtained from 

multiple sources and on the same subject [60]. 

Due to the variety of qualities and reliabilities of 

sources attacking/supporting a claim that should 

be considered when determining the veracity of 

information, analysing and assessing the 

information's credibility based on a single 

source often fails because it may be biased and 

is, therefore, less trustworthy than multiple 

supporting sources. 

Algorithms for truth discovery have been 

expanded from data mining and crowdsourcing 

perspectives to other perspectives such as 

argumentation which may play a significant 

role, as discussed in Singleton’s papers [61], 

[62]. There are contradictions between 

information about a particular object in both 

truth discovery and argumentation issues: using 

conflicting facts to discover the truth and 

attacking arguments to make a claim. Singleton 

[61], [62] continues by stating that truth 

discovery can be mapped to a particular type of 

argumentation, such as bipolar argumentation, 

in which opposing arguments support and attack 

one another, to identify 'acceptable' arguments 

from a collection of conflicting arguments. 

In general, there are four types of methods for 

truth discovery that have been used in previous 

research.: 

i. Iterative methods where the 

trustworthiness of sources and the 

confidence of claims from each other are 

computed iteratively and until 

convergence [63],  

ii. The optimisation that measures the 

difference between the information 

provided by sources and the truth-based 

methods [64], 

iii. Probabilistic graphical model-based 

methods where expectation maximisation 

is commonly used to infer the latent 

variables (parameters of truth and source 

reliability) [65],  

iv. Neural network [66]. 

TruthFinder [67] and Voting [68] are two 

methods for iteratively updating source 

reliability and facts from multiple conflicting 

data sources. Other works [69]–[73] employ a 

variety of methods to ascertain the truth, 

including information extraction techniques 

such as entity profiling in [71] and knowledge 

graphs in [73]. Recently, [74]–[76] proposed a 

framework for truth discovery as an 

optimization problem, in which truths and 

source reliability are iteratively updated. 

Other works employ probabilistic 

approaches. Source reliability is treated as a 

random variable in the probabilistic models, and 

the likelihood or posterior distributions of 

multi-source data are maximised, as Wang et al. 

[77] demonstrated by developing a maximum 

likelihood estimator for source reliability. 

Samadi et al. [78] used the Probabilistic Soft 



 

Logic (PSL) framework to estimate source 

reliability and claim correctness, whereas in 

Nakashole & Mitchell [79], language 

objectivity analysis is used to determine the 

veracity of value in addition to Subject-

Predicate-Object (SPO) triplets. Other 

individuals employ various techniques to 

ascertain the truth; for example, Wang et al. [80] 

categorise sources and values according to their 

intended users and then assess the information's 

credibility. Additionally, probabilistic graphical 

models with three measures of silent, false 

spoken, and true spoken rates can be used [81], 

as well as generative modelling processes as 

Zhao et al. [82] described. Bayesian analysis 

can be used to determine the source dependence 

of data [68]. By considering the confidence 

interval of the estimation [74], Bayesian 

probabilistic modelling on the dependencies 

between source quality, truth, and claimed 

values [83] estimates source reliability. 

In the truth discovery task, neural network 

models achieve comparable accuracy [84]–

[86][66]. Despite showing significant 

improvements in their rumour detection model 

when stance information is used, they continue 

to rely on hand-crafted user features such as 

follower count and post count to reflect user 

credibility, which is distinct from stance labels 

for predicting rumour veracity [49][47][7]. 

 
2.5. Analysis 

 
Although these tasks are closely related and that 

multiple people's stances can be used to predict 

the claim's absolute veracity, state-of-the-art 

methods for false information detection are 

typically proposed for either stance detection 

veracity checking separately; stance 

aggregation features are required for effective 

veracity prediction. Most systems are better at 

detecting stances or predicting rumour veracity, 

but not both, according to the RumorEval 2019. 

This constraint limits the generalizability of 

models. Additionally, as mentioned in the 

introduction section, previous works were 

limited in verifying the veracity of individual 

claims without considering all claims that 

discussed the same target topic, which meant 

that many conflicting claims could be labelled 

as the same. 

Based on the foregoing considerations, this 

work proposes combining the two tasks and 

learning them together to aid stance detection-

based veracity prediction. Furthermore, to 

distinguish fake from genuine information, the 

source reliability of those who first 

disseminated information about the claim must 

be checked, so this work incorporates user 

reliability estimation.  

The method used in this work predicts both 

stance and veracity concurrently and establishes 

a connection between bipolar argumentation 

and truth discovery techniques. Unlike the 

models reviewed above, our proposed method 

(described in Section 3) concludes an article for 

a specific target topic (the subject of discussion) 

and learns representative features of stance 

detection using a different model architecture. 

Additionally, our goal is to investigate stance 

classification as a precursor to automatically 

determining the veracity of a rumour via joint 

learning to significantly improve these tasks' 

performance: stance detection and veracity 

checking. 

 
3. The Proposed Argumentation-based 

Truth Discovery Model  

 
3.1. Overview 

 
Previous research reveals that how people react 

to rumours can help determine their 

veracity[39] . The success of multi-task learning 

in stance detection and rumour verification, e.g., 

by Kochkina et al. [57] and Ma et al. [58], and 

the observation that people's positions are 

closely linked to the veracity of the information, 

prompted us to conduct this study. In contrast to 

these systems, a new perspective is proposed 

based on argumentation to consider user trust. 

To our knowledge, this is the first time that 

argumentation has been used to model 

conversations to tackle rumour stance 

classification and veracity prediction 

concurrently, to avoid labelling contradictory 

arguments under the same target topic with the 

same label. For instance, if both arguments A 

and B (see below) have the same number of 

supported (i.e., 3) and refuted (i.e., 2) claims, 

they are more likely to have the same label, e.g., 

true claim, despite their conflict.  

 

Argument A: Animal research is the only 

way to progress at times. 

Perspective 1, with support stance: Animal 

research is only used where other research 

methods are not suitable. 

Perspective 2, with refute stance: Medical 

breakthroughs can be achieved without doing 

any scientific or commercial experiment on 

animals. 

Perspective 3, with support stance: Sometimes 

we have no other choices for Animal research, 

but then to do some animal testing. 

Perspective 4, with support stance: Without 

animal research, we would have fewer products. 



 

Perspective 5, with refute stance: Animal testing 

doesn't ensure good results. 

Argument B: Animals have a right to live 

their lives in peace without human interference. 

Perspective 1, with support stance: Animal 

testing significantly harms the animal used. 

Perspective 2, with refute stance:  Human's 

rights are a more important consideration than 

animal rights. 

Perspective 3, with refute stance: Innovation 

often requires the use of animal research. 

Perspective 4, with support stance: Medical 

breakthroughs can be achieved without doing 

any scientific or commercial experiment on 

animals. 

Perspective 5, with support stance: Animal 

testing helps humans.  

 

As a result, the following solution was 

envisaged: simultaneously considering all 

arguments relating to the same subject. We 

propose the Argumentation-Based Truth 

Discovery Model, abbreviated as ATD.  The 

input is in the form of a claim accompanied by 

a subset of tweet replies, each with a distinct 

stance: for or against. While stance 

classification entails per-tweet predictions, 

verification tasks require only a single output 

for the initial claim. As in the Emergent dataset, 

the article's claim source may be longer than the 

user replies (the related he is supporting and 

opposing perspectives), and it may also cover a 

wider range of target topics while the user is 

only interested in one. For instance, several 

example candidate target topics from the 

Emergent dataset article are listed in Table 4. 

The proposed model is intended to extract the 

user preferred target topics and generate the 

primary target topic that will be used to generate 

a more effective target-specific claim. 

Following the primary target topic extraction, 

the most relevant clauses for the claim are 

extracted, with only informative information on 

the target topic. The sequence-to-sequence 

generator receives the selected clauses and 

directs the generation process toward the target 

topic. Numerous Evaluators are used to guiding 

this model's adversarial training using training 

signals to optimise its parameters, i.e., 

determining the difference between generated 

and ground truth target-specific based claims. 

Finally, before predicting the claim's veracity, 

the generated target-specific based claims are 

used to verify the original claim's stance on the 

responses claims. 

Numerous multi-task neural network models, 

such as hard parameter sharing networks [43] 

and soft parameter sharing networks [87]. This 

paper adopts a soft parameter sharing network 

model because every task has its own network. 

A gate mechanism will ensure that only 

beneficial features of auxiliary tasks are shared 

with the primary task [87]. Filtering feature 

flows between tasks is accomplished by 

assigning them a higher weight (learnable 

parameter) via a gate mechanism that utilises 

both sigmoid and scalar weights. The gate 

mechanism produces a vector of elements in the 

range [0, 1] that can be used to select (or retain 

only a subset of) the advantageous features 

required to perform the given task. 

Following the embedding layer, a vector is 

typically used to represent each word in the 

input. Our model assigns a private sub-model 

and a private encoder to each task to extract 

shared and private features from multiple tasks. 

We begin by calculating the common 

representation [h1,..., ht ] by encoding the tasks' 

input embeddings with an encoder such as 

BiGRU. Then, we employ the attention 

mechanism to selectively retrieve task-specific 

information and incorporate gates for useful 

features that transfer between tasks. For each 

task, both private and shared features are 

concatenated. 

 

As with encoders, our models incorporate 

gates to facilitate the transfer of features 

between sub-models. A gate g is added to task j 

when it borrows features from task k to select 

the most useful ones. The gate g is calculated 

from the previous layer as Eq. (1): 
 

𝑔𝑗𝑘
𝑙 = 𝜎(𝑊𝑗𝑘

𝑙  ∙  𝐹𝑘
𝑙 + 𝑏𝑗𝑘

𝑙 )                     (1) 

 

Where l means the level of the layers and σ 

denotes the nonlinear activation of the sigmoid. 

The output F of gates from task j is calculated 

by fusing the lower layers Fl from all the tasks 

together, Eq. (2): 
 

𝐹𝑗
𝑙+1 = ∑ 𝑔𝑗𝑘

𝑙
𝑘∈𝐶,𝑘≠𝑗  ⨀𝐹𝑘

𝑙 + 𝐹𝑗
𝑙            (2) 

 

We introduce a task-specific query vector 

q(k) to calculate the attention distribution α(k) 

over all positions as in Eq. (3). 
 

𝑎𝑡
(𝑘)

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑞(𝑘)𝑇ℎ𝑡)                   (3) 
  

Where the task-specific query vector q(k) is a 

learned parameter. a task-specific query vector 

will be used to focus target for conclusion 

generator and claim for stance detection and 

rumour veracity  

The final task-specific representation c(k) is 

summarized in Eq. (4). 
 

𝑐(𝑘) = ∑ 𝑎𝑡
(𝑘)𝑇

𝑡=1 ℎ𝑡                                (4) 

 



 

Table 4 

An example of our proposed model-ATD on emergent data [14]. 

 

 

  

 

 
 

Fig. 1. The architecture of Argumentation-Based Truth Discovery Model. 

Initial Source law360.com 

The article 

Wonder how long a Quarter Pounder with cheese can last? Two Australians say they bought a few 
McDonald's burgers for friends back in 1995 when they were teens, and one of the friends never 

showed up. So, the kid's burger went uneaten and stayed that way, Australia's News Network reports. 

"We are pretty sure it is the oldest burger in the world," says one of the men, Casey Dean. Holding 
onto the burger for their friend "started as a joke," he adds, but "the months became years and now, 20 

years later, it looks the same as it did the day we bought it, perfectly preserved in its original 

wrapping." 
Dean and his burger-buying mate, Eduard Nitz, even took the burger on the Australian TV show The 

Project last night and "showed off the mould-free specimen" News 9 reports. The pair offered to take 

a bite of it for charity but were dissuaded by the show's hosts. They have also started a Facebook page 
for the burger called "Can This 20-Year-Old Burger Get More Likes Than Kanye West?" with more 

than 4,044 likes as of this writing. Furthermore, they are selling an iTunes song, "Free the Burger," for 

$1.69, and giving proceeds to the charity Beyond Blue, which helps Australians battle anxiety and 
depression. (A few years ago, a man sold a 20-year-old bottle of McDonald's McJordan sauce for 

$10,000. Here's why Mickey D's food seemingly, never decays.).” 

Candidate target topics Australia, Food, Hamburger, McDonald's, Quarter + Pounder …. etc 

Extracted primary target 

topic  
McDonald's 

Clause Selection  

Wonder how long a Quarter Pounder with cheese can last? 
Two Australians say they bought a few McDonald's burgers for friends 

A man sold a 20-year-old bottle of McDonald's McJordan sauce for $10,000.  

Generated target-specific 

based claim (original 

claim to be verified)  

For 20 years, two Australian men held a McDonald's Quarter Pounder with Cheese 

Stance Detection from 

different sources 

Source-1: 9news.com.au 

Headline: Two blokes dared to eat a 20-year-old burger for charity 

Stance: for 
 

Source-2: mirror.co.uk 
Headline: Is this the world's oldest burger? Man claims to have kept McDonald's Quarter 

Pounder for 20 YEARS 

Stance: for 
 

Source-3: examiner.com 

Headline: 20-year-old burger: McDonald's Quarter Pounder looks nearly new after 2 

decades 
Stance: observing 
 

Source-4: techinsider.net 

Headline: 20-Year-Old Quarter Pounder Looks About the Same 

Stance: observing 

Overall Veracity Prediction via ATD: true 



 

 
 

Fig. 2. Overview of target-specific based claim generator.  

 
The architecture of ATD is shown in Figure 

1, with the main components as follows: 

- The target-specific based claim generator 

component employs a seq2seq architecture 

with attention and copy mechanisms to 

generate claims focused on a single target 

topic. 

- The stance detection component was 

developed to determine the position of the 

article claim relative to other replies. 

- The prediction component is created by 

using Argumentation-Based Truth 

Discovery to determine whether the claim 

is valid. 

Each component's design is discussed 

individually below. The example case in table 4 

demonstrates the proposed ATD in action. 

 
3.2. Target-specific based claim generator  

 
Target-specific based claim generator is a 

model that conveys a specific stance toward a 

specific target topic as a key to understanding 

an argument from its claim, especially if it is a 

long one. Figure 2 depicts a general overview of 

this component. Abstractive text summarization 

is the closest work to this model's target-specific 

based claim generator; most of them generate 

summaries by the decoder based on encoded 

information from the encoder; some use a copy 

machine to solve the out-of-vocabulary problem 

[88], [89]. Different earlier approaches [90]–

[93] are proposed to capture the central target 

topic then summarise based on the main target 

topic. Chen et al. [93] proposed target topic 

aware summarisation by rewriting the most 

silent sentences, which achieves the best 

performance on CNN/Daily Mail benchmark 

Dataset [94]. 

This work employs a pointer generator 

architecture with attention and copy 

mechanisms to create a claim-target topic-based 

generator. The pointer generator acts as a 

decoder, with the selected clauses vectors 

concatenated with the primary target topic 

passed to the article encoder serving as the 

model's inputs. The generator receives the 

representation outputs from each encoder 

(decoder). Both encoders and decoders employ 

a Recurrent Neural Network, namely Bi-GRU 

encoders and GRU decoders. 

 

3.3. Extraction of the target topic 

 
Because a strong target-specific based claim 

should include the primary objective of the 

claim, we argue that deducing a claimed target 

topic is a critical step in conducting lengthy 

based claims and that this targeted topic should 

be related to the replay's target topics. The 

extracted target topic is used to generate the 

target-specific based claim of an argument 

based on its article, in which all associated 

replies adopt a single target topic position. The 

primary target topic is used to demonstrate or 

indicate the subject to which the author wishes 

to direct readers, whereas each claim, 

particularly the longer ones, may cover a variety 

of topics or convey the same event via a variety 

of target topics. As a result, a long claim has 

generated claim should be focused on the 

primary target topic. Additionally, the target-

specific based claim aids in the detection of 

stances associated with the claim from replies. 

As shown in Figure 3, the purpose of this 

component is to extract the primary target topic 

shared by a claim and its associated replies from 

among candidate target topics. The nouns and 

replies nouns in the claim must first be 

extracted. Each noun must be represented as a 

vector that includes a probability distribution. 

The Jensen-Shannon Divergence and a distance 

score greater than or equal to the threshold, set 

empirically at 0.75, are then used to identify 

candidate target topics. The Shannon-Jensen 

Distance (SJD) is an asymmetric version of the 

Kullback-Leibler Divergence, which uses the 

difference measure to compute probability 

distributions [95] which provides a measure of 

the distance between two probability 

distributions [96]. It is used to determine text-

similarity [97], such as those represented by the 

p and q vectors in Eq. (5). The relevance score 

is calculated based on the distance score: 
 

1/2(D(p‖m) + D(q‖m))                     (5) 
 



 

where m = 1/2 (p + q). The two distributions 

below represent the candidate target topics : 

p = as array ([0.10, 0.40, 0.50]) 

q = as array ([0.80, 0.15, 0.05]) 

Jensen-Shannon divergence (P || Q): 0.42 

Jensen-Shannon distance (P || Q): 0.648, 

distance is sqrt of divergence. 

The JSD [98] explains the contribution of the 

word I. The smallest divergence indicates that 

the claims and their replies have a common 

target topic, Eqs (6): 
 

𝐷𝐽𝑆,𝑖(𝑃||𝑄) =  −𝑚𝑖𝑙𝑜𝑔2𝑚𝑖 +

𝜋1𝑝𝑖𝑙𝑜𝑔2𝑝𝑖 + 𝜋2𝑞𝑖𝑙𝑜𝑔2𝑞𝑖                               (6) 
 

Where mi denotes the likelihood that the 

word I will appear in M.  

By determining which of pi or qi is greater, 

we can attribute the contribution to the 

divergence from the word I to text P or Q. The 

probabilities of seeing the word I in P and Q are 

pi and qi, respectively. 

The Jensen-Shannon Divergence was used to 

select the candidate target’= topics. The 

maximum alignment score embeddings of 

nouns are used to record candidate target topics 

for claim and replies to link the claimed target 

topic to the argument's replay target topics. The 

selected primary target topic has a higher 

chance of being discussed in the claim and its 

replies, as explained below. Gao et al. [99] used 

a max operation over the alignment to select the 

highly focused noun in the claim by its 

associated replies , as in Eqs. (7) and (8). This 

work determines a claim's semantic word 

alignment based on its embeddings in the replies 

to model the claim concentrated target topic. 

Thus, the alignment score indicates the degree 

to which the word in a claim is targeted at the 

replies., where 𝑒(𝐴𝑖
𝑠)𝑇  is word embedding in the 

claim article, and 𝑒(𝐴𝑗,𝑛
𝑐 ) is word embedding in 

the replay, 𝑡𝑎𝑟𝑔𝑒𝑡𝑖,𝑗,𝑛 is the attention for the i-

th claim word with the j-th replay word, s is a 

replay, c is claim, n is article number, i is index 

word of the replay, and j is the index word in the 

claim. 
 

TARGET TOPICi,j,n = e(Ai
c)T e(Aj,n

s ),   (7) 
 

𝑚𝑎𝑥𝑖𝑚𝑢𝑚𝑖,𝑗 =

𝑚𝑎𝑥 ({𝑡𝑎𝑟𝑔𝑒𝑡𝑖,𝑗,1, … , 𝑡𝑎𝑟𝑔𝑒𝑡𝑖,𝑗,𝑇𝑗
𝑐}),            (8) 

 

3.4. Clause Selection Model 

 
Clause selection model selects target topic-

relevant clauses and eliminates irrelevant and 

noisy clauses, as our target-specific based claim 

generator attempts to focus on a single target 

topic against which other replayed stances can 

be compared. Clause Picking Module's job is to 

break down a sentence into clauses and 

incorporate knowledge of and text information 

at the clause level. To our knowledge, we are the 

first to address stance detection by 

incorporating the critical clause for predicting 

stances while considering the clauses that 

correspond to the specific target topic. 

Following the first module's selection, the 

clause selection module selects several clauses 

about the main target topic, discarding 

irrelevant and noisy clauses mentioning other 

target topics, and then generates the claim. 

When noisy clauses for other target topics are 

provided and taken into account, the model may 

make mistakes. The goal of this component is to 

retrieve the most target topic-relevant clauses 

while ignoring the rest. 

 

 

 
 

Fig. 3. The general architecture for claim target topic extraction. 

 

 
 

Fig. 4. The Architecture of Clause Selection Model.



 

This component is made up of two layers. 

The encoding and attention layers are depicted 

in Figure 4, which employs bi-directional GRU 

to capture context clause representations for 

each clause relevant to the main target topic by 

concatenating the target topic and each clause cl 

in the claim. To learn the hidden semantics of 

words, this model employs GRU, which is more 

efficient than LSTM training [97]. This module 

employs two GRU neural networks: a forward 

GRU and a backward GRU, which process the 

sentence from left to right and reverse order, 

respectively, and handle the word vectors in 

order. Finally, the forward-GRU and backward-

GRU units are concatenated to learn the claim's 

bidirectional semantics and each clause in the 

article to emphasise the claim's importance. 

Then, the attention mechanism is used to 

capture the valuable information the article 

clauses. The encoding layer does this for both 

clauses and target topic (ℎ𝑖 for target topic ℎ𝑗 for 

clauses). 

The attention layer produces clause vectors 

by focusing on words that are relevant to the 

target topic context. Attention methods would 

focus on the terms in the clause that are 

concatenated with the target topic and combine 

their representations to form a clause vector. 

The clause representation of the target topic is 

indicated by clr. To produce contextual 

information based on the target topic 

representation, the attention mechanism decides 

the weight assigned to each target topic-clause 

representation. The weight of each clause in 

relation to its representation of a specific target 

topic will be determined using Eqs. (9) – (12): 
 

𝑎𝑣𝑖 = 𝑎𝑣𝑔 ({ℎ𝑖,1
𝑐 , ℎ𝑖,2

𝑐 , … , ℎ𝑖,𝑇𝑖
𝑐

𝑐 }),          (9) 
 

𝑚𝑖 =𝑡𝑎𝑛ℎ (𝑊𝑐𝑙 ∙ [𝑎𝑣𝑖; ℎ𝑗,𝑇𝑗
𝑐𝑙

𝑐𝑙 ] + 𝑏𝑐𝑙)   (10) 

 

𝑎𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑚𝑖) =
𝑒𝑥𝑝(𝑚𝑖)

∑  𝐶𝑙
𝑡=1 𝑒𝑥𝑝(𝑚𝑡)

     (11) 

 

𝑐𝑙𝑟 = ∑ 𝑎𝑖
|𝑐𝑙|
𝑖=1 . ℎ𝑗

𝑐𝑙 ∙                              (12) 
 

ℎ𝑗,𝑇𝑗
𝑐

𝑐𝑙 𝑙 is the state of the clause, 𝑐𝑙 is clause 

and c is a target topic, 𝑎𝑣𝑖 is the average of 

hidden states for the target topic, 𝑎𝑖 is attention 

weights, and the clause representation clr is 

calculated based on the attention vectors 𝑎𝑖. In 

this model, to select relevant clauses for the 

target topic, conditional probability using 

SoftMax Layer is used to perform the target 

topic clause's relevant classification. Then, 

feeding the clause representation clr to a 

SoftMax classifier. This model trained by cross-

entropy, W and b are the parameters for the 

model. W is the weight matrix, and b is the bias. 

The final output o is obtained by Eq. (13). 

 

o = W* 𝑐𝑙𝑟+ b                                      (13) 
 

Loss function computed by cosine similarity 

between target topic embedding and hidden 

state of the t-th clause. The similarity is the 

relatedness between each word annotation hij 

and the Target’ topic representation. 

 
3.4.1. Article (Relevant Clauses) and Claim 

Encoder 

A bidirectional GRU is used to get both the 

context before and after the word. first, the 

Word Embeddings method implemented in this 

work is Glove [27] and word2vec [100], which 

work better. The encoder generates a state for 

each input word by BiGRU for the target topic 

and claims to obtain the context representation 

around a word. The claim includes all relative 

clauses retrieved by the clause selection model. 

𝐺𝑅𝑈𝑒𝑣𝑖⃗⃗ ⃗⃗ ⃗⃗   𝑎𝑛𝑑 𝐺𝑅𝑈𝑒𝑣𝑖  are the forward and 

backwards representation, ℎ𝑖 denotes hidden 

state. [ℎ⃗ 𝑖, ℎ 𝑖] is the merge of the forward and 

backward hidden state, evi is the claim and c is 

the target topic. ℎ𝑖 and ℎ𝑗 are the annotations for 

claim and target topic. It used to compute a 

hidden representation for claim from both 

directions and the same for claim encoding. 

 
3.4.2. Decoder 

The decoder employs unidirectional GRU, with 

each decoder time step receiving claim 

concatenated with its Target’ topic 

representation as input. The decoder begins the 

decoding process to generate the target-specific 

based claim from the claim based on the input 

encoder's final state and target topic 

representation. At each decoder time step, the 

target topic embedding is fed as input to allow 

the decoder to change the output sequence and 

generate a statement about the primary Target’ 

topic. 

The word distribution is calculated, and the 

word with the highest probability on the decoder 

state and context vector output is chosen using 

the SoftMax function. At each decode time step, 

a sigmoid activation function is used to choose 

between two options: copy from the original 

input or generate from the vocabulary, so is the 

final article encoder state, Ct is the context 

vector at time step t from the attention 

mechanism, and Yt-1 is the predicted output 

word at time step -1. The attention mechanism 

identifies the input's relevant parts by learning 

the decoder to focus on different portions of the 

claim and target topic at different time steps 

[101]. This could be accomplished using Eqs. 

(14) – (16), which were inspired by Nema et al. 

[102], modified to conform to the proposed 

model. The attention mechanism for the 



 

evidence is applied to help the decoder output 

focused claim tokens at each step using Eqs. 

(14) and (15) where𝛼𝑡𝑖 represents weights to 

each in the claim at each decoder timestep, St is 

the current state of the decoder at time step t. 

The final claim representation at time step t is 

computed in Eq. (16): 

Attention mechanism for the claim which 

assigns weights to each word in the claim at 

each decoder timestep, ℎ𝑗
𝑐  is claim word hidden 

states. The final claim representation at time 

step t, which is computed as: 
 

𝑎𝑡,𝑗
𝑐 = 𝑣𝑐𝑙 ∙𝑡𝑎𝑛ℎ (𝑊𝑐𝑙𝑠𝑡 + 𝑈𝑐𝑙ℎ𝑗

𝑐)        (14) 
 

⍺𝑡𝑗
𝑐 =

𝑒𝑥𝑝(𝑎𝑡,𝑗
𝑐 )

∑ 𝑒𝑥𝑝
|𝑐𝑙|
𝑗=1

(𝑎𝑡,𝑗
𝑐 )

                                (15) 

 

𝑐𝑡 = ∑ ⍺𝑡,𝑖
𝑐|𝑐|

𝑖=1 ℎ𝑗
𝑐 ∙                                 (16) 

 

ℎ𝑖hidden representation for each time-step 

for evidence word I, 𝐸(𝑌𝑡−1) is the previous word 

embeddings, st is the current state of the decoder 

at time step t, and 𝑐𝑐𝑡 is the final claim 

representation at a time step. The hidden state of 

the decoder st at each time t is computed as 

follow, considering the previous state 𝑠𝑡−1,  the 

embedding distribution of the claimed Target’ 

topic 𝑡𝑎𝑟𝑔𝑒𝑡, the previous claim context vector 

𝑐𝑡−1 and the previous word embeddings, the 

state is defined as Eq. (17): 
 

𝑠𝑡 =

𝐺𝑅𝑈𝑑𝑒𝑐(𝑠𝑡−1, [𝑐𝑡−1, 𝑡𝑎𝑟𝑔𝑒𝑡, 𝐸(𝑌𝑡−1)])           (17) 
 

The probability distribution over the output 

vocabulary 𝑜𝑡, as Eq. (18) to decide the word 

which has the highest probability is computed 

from the context vector 𝑐𝑡, the decoder state st 

as follow: 
 

𝑜𝑡 = 𝑊𝑔
(2)

(𝑊𝑔
(1)[𝑠𝑡 , 𝑐𝑡] + 𝑏𝑔

(1)
) + 𝑏𝑔

(2)
(18) 

 

Inspired by Hasselqvist et al. [103], The 

decoder in this work uses the pointer 

mechanism to decide whether to copy from the 

original document or generate the vocabulary 

based on the pointer output; the next word can 

then be chosen. 𝑝𝑡
𝑝𝑜𝑖𝑛𝑡𝑒𝑟

 is used as a switch to 

select between (a) copying words from the 

source text via pointing (copying a word from 

the input sequence by selection according to the 

attention distribution) or (b) generating a word 

from the vocabulary by selecting based on Pv in 

Eq. (19). 
 

𝑝𝑡
𝑝𝑜𝑖𝑛𝑡𝑒𝑟

=

𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑣𝑝𝑡𝑟
𝑇 [𝑠𝑡 , 𝐸(𝑌𝑡−1), 𝑐𝑡] + 𝑏𝑝𝑜𝑖𝑛𝑡𝑒𝑟)    (19) 

 

The generation probability𝑝𝑡𝑗
𝑔𝑒𝑛

∈ [0,1] for 

timestep t is computed as Eq. (20). If 𝑝𝑡𝑗
𝑔𝑒𝑛

 > 0.5, 

word is copied from the input determined by the 

attention distribution where the attention is the 

highest, else the generator output is used. The 

probability of generating timestamp t is set to 0. 

5 empirically. 
 

𝑝𝑡𝑗
𝑔𝑒𝑛

=
𝑒𝑥𝑝(𝑜𝑡𝑗)

∑ 𝑒𝑥𝑝 
𝑘 (𝑜𝑡𝑘)

                                (20)  

 

The model then generates distribution Pv 

over vocabulary. It concatenates on Evaluator 1, 

and 2, (details below) and the decoder's output 

to guide the decoder. 𝑃𝑣 𝑖𝑠 probability 

distribution over all words in the vocabulary and 

gives us the final distribution to expect words. It 

concatenates Evaluators 𝑒𝑣𝑎𝑙𝑡𝑡; 𝑒𝑣𝑎𝑙𝑡2𝑡; and 

the output of decoder st as the input of the output 

projection layer. The goal 

of, 𝑒𝑣𝑎𝑙𝑡𝑡and𝑒𝑣𝑎𝑙𝑡2𝑡;is to keep track of the 

difference between the generated target-specific 

based claim and the focused Target’ topic and 

the fact that in the next subsection, it will show 

the details of these variables in Eq. (21). 
 

𝑃𝑣 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 

(𝑊𝑣[𝑠𝑡; 𝐸(𝑌𝑡−1), 𝑐𝑡; 𝑒𝑣𝑎𝑙𝑡𝑡; 𝑒𝑣𝑎𝑙𝑡2𝑡;] + 𝑏𝑣)(21) 
 

This model uses ROUGE scores to evaluate 

the generated target-specific based claim's 

quality [104]. ROUGE stands for Recall-

Oriented Understudy for Gisting Evaluation 

used to determine the quality of a summary 

including ROUGE-1, ROUGE-2 and ROUGE-

L, demonstrating the effectiveness of 

discriminator. 

- ROUGE-1: the unigram overlaps describe 

the overlap of each word between the 

candidate and reference summaries. 

- ROUGE-2: bigram-overlap between the 

reference summary and the summary to be 

assessed. 

- ROUGE-L: the longest common 

subsequence between the reference 

summary and the summary to be assessed. 

 
3.4.3. Generators’ Evaluators 

This work employs two evaluators allowing the 

discriminator to provide additional information, 

denoted as Evaluator 1 and 2, to reduce the 

noisy and irrelevant generated words by the 

decoder and guide the generator to focus on the 

information related to the target topic claim and 

preserve the fact information. Two Evaluator 

modules guide the generator through the 

decoding process, preserving the fact while 

focusing on the claim's primary target topic. 

Another advantage of target topic extraction is 

that it can determine which rumour should be 

believed among several conflicting claims, 

rather than comparing the veracity of rumours 

to their replay stances individually, as other 



 

experiments do. The discriminator is a binary 

classifier that uses a convolutional feature 

extractor and a sigmoid classification layer to 

signal the generator. The two Evaluators' details 

are explained in turn below. 

 
 

Evaluator 1 to check decoder focused target 

topic 

 

Evaluator 1 is a discriminator that extracts 

features from a convolutional neural network 

and then compares the decoder-focused target 

topic (target-specific based claim) to the claim-

focused target topic. It quantifies the semantic 

difference between the decoder-focused target 

topic and the claimed target topic; for example, 

the claimed target topic is "McDonald's 

Quarter," but the generated target-specific based 

claim may emphasise the "charity" target topic. 

This model makes use of element-wise 

difference to simulate the difference between 

target topic and target-specific based claim 

attention and then uses the decoder to identify 

the unfocused target topic. The decoder then 

uses the difference between the attention 

distribution and the weighted sum of the 

document states as the context vector to assist it 

in producing a target-specific based claim that 

is more focused on the target topic. 

To persuade the generator to focus on the 

claimed target topic, this model employs a 

CNN-based discriminator to represent the 

difference between the generator- and claim-

focused target topics. After concatenating the 

target topic, the sentence vector is generated 

using the BiGRU word-level encoding module. 

The model establishes a Bi-directional GRU 

(Bi-GRU) network taking the sentence 

representation as input further to study the 

interactions and information exchanges 

between sentences. This architecture allows 

information to flow back and forth to generate 

new sentence representation. The attention-

based CNN model for this evaluator will be 

used. The target-specific based claim's final 

target topic representation is fed into an output 

layer to predict the probability distribution on 

the target topic is defined as Adm1 via Eqs. (22) 

– (30). It is trained via cross-entropy 

minimisation for training target topic-based 

target-specific based claim generation. 
 

𝑡𝑎𝑟𝑔𝑒𝑡 =
1

𝑚
∑ 𝑒𝑥𝑖

𝑚
𝑖=1                             (22) 

 

The attention vector decides which semantic 

features in each hidden state are meaningful 

specifically towards the Target’ topic, which is 

calculated through a gated structure, as follows: 

The focused Target’ topic for the original claim 
 

scorei = tanh(hi
TW1target topic)     (23) 

 

αttentioni =
exp(scorei)

∑ expn
j=1 (scorej)

                 (24) 

 

we sum up the all attention distributions {αt 

, αt−1 , . . . , αt−n+1 } and result in νt1 
 

vt1 = 1/n∑ αttentioni
n
i=1                   (25) 

 

St1 = ∑ vt1,i
n
i=1 hi                               (26) 

 

𝑆𝑡1 represents the focused Target’ topic for 

the original claim  
 

 

The focused Target’ topic for the generated 

target-specific based claim. 
 

𝑠𝑐𝑜𝑟𝑒𝑖 = 𝑡𝑎𝑛ℎ(ℎ𝑖
𝑇𝑊1𝑠𝑡)                     (27) 

 

𝛼𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖 =
𝑒𝑥𝑝(𝑠𝑐𝑜𝑟𝑒𝑖)

∑ 𝑒𝑥𝑝𝑛
𝑗=1 (𝑠𝑐𝑜𝑟𝑒𝑗)

              (28)  

 

We sum up the latest k attention distributions 

{αt , αt−1 , . . . , αt−k+1 } and result in νt2 
 

𝑣𝑡2 = ∑ 𝛼𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖
𝑘
𝑖=1                        (29) 

 

𝑆𝑡2 = ∑ 𝑣𝑡,𝑖
𝑛
𝑖=1 ℎ𝑖                                (30) 

 

 𝑆𝑡2 represents the focused target topic by the 

latest k decoding steps, a.k.a., decoder focused 

target topic. 
The score is a content-based function that 

encapsulates the semantic relationship between 

the decoder output target topic and the claimed 

target topic used to determine each word's 

relative importance in the target-specific based 

claim and claim. St is used to encode the 

relevant information n from the target-specific 

based claim and the claim. The target topic is 

represented by the target topic's averaged word 

embedding. 

In order to model the gap between claim-

focused target topic and decoder focused target 

topic, we subtract the claim attention by decoder 

attention resulting in the attention difference 

shown in Eq. (31). Then, we use the attention 

difference to sum up the document hidden states 

h, Eq. (32). 
 

𝑑𝑖𝑓𝑓 = 𝑣𝑡1 − 𝑣𝑡2                               (31) 
 

𝑒𝑣𝑎𝑙𝑡𝑡 = ∑ 𝑑𝑖𝑓𝑓,𝑖
𝑛
𝑖=1 ℎ𝑖                        (32) 

 

 

Evaluator 2 to check the fact preserving 

 

This model applies a denoising autoencoder to 

evaluate that preservation is related to the 

target-specific based claim's fact concerning the 

claim source, i.e., integrating knowledge from 

the source article; this is represented as a factual 

score. After extracting the fact related to the 

source article's target topic, it applies BiGRU to 

extract hidden state for both facts in the article 



 

and the generated fact. At each decoding time 

step t, GRU reads the previous output yt−1 and 

context vector ct−1 as inputs to compute the 

new hidden state st. Then the context vectors are 

computed. The fact vector Eqs. (33) – (35) are 

applied, and Eqs. (36) – (38) for a generated 

fact. Besides the decoder's current state, a 

combination of both context vectors is used to 

guide the decoder to generate more factual 

words.  

Attention mechanism for the facts in the 

original claim 
 

𝑒𝑡,𝑖
𝑓𝑎𝑐𝑡

= 𝑀𝐿𝑃(st, hi
fact)                        (33) 

 

at,i
fact =

exp(et,i
fact)

∑ exp 
j (et,j

fact)
                               (34) 

 

ct
fact = ∑ at,i

fact 
i hi

fact                             (35) 
 

Attention mechanism for the generated 

target-specific based claim  
 

et,i
gen

= MLP(st, hi
gen

)                          (36) 
 

at,i
gen

=
exp(et,i

gen
)

∑ exp 
j (e

t,j
gen

)
                                (37) 

 

ct
gen

= ∑ at,i
gen 

i hi
gen

                             (38) 
 

The context vectors are merged by using Eqs. 

(39) – (42). 
 

ct = [ct
fact; ct

gen
]                                  (39) 

 

st = GRU(Yt−1, ct, st−1)                       (40) 
 

mi =tanh (W1 ∙ [[st, ct]] + b1)           (41) 
 

outputi = softmax(mi) =
exp(mi)

∑ expC
t=1 (mt)

 (42) 

 

The unfocused hidden state of the decoder is 

detected in Eqs. (43) – (44). 
 

 ft = ct
fact − ct

gen
,                                 (43) 

  

 evalt2t; = ∑ ft
Td

i=1 , hi
d                         (44) 

 

The scalar training signals from the 

discriminator is based on Eqs. (45) – (46). 
 

Adm1 = sigmoid (W. evalt1+ b)         (45) 
 

Adm2 = sigmoid (W. evalt22 + b)      (46) 
 

Adm1 is the scalar training signal for 

generator training, which means there is still 

unfocused generated information; adm1 is fed 

to target-specific based claim generator helping 

to reduces the unimportant information and 

focus more on the main target topic. Adm1 

maximises the probability of generating a 

target-specific based claim toward a target 

topic. W is the weight matrix, and b is the bias. 

Adm2 is a scalar training signal for generator 

training; it ensures that the original article's fact 

is preserved. Adm2 is fed to the target-specific 

based claim generator, which helps to avoid 

changing the fact. Adm2 represents the gap 

content between the factual and non-factual 

generated target-specific based claim. The gap 

guides the generator to preserve the fact. The 

probability of generating the next word is based 

on the SoftMax layer result. 

 
3.5. Stance Detection 

 

  

 
Fig. 5. The proposed Stance Detection Model. 

 

The current model uses three methods to detect 

the generated target-specific based claim's 

stance toward all replies, as shown in figure 5. 

Method 1 uses a dependency and constituency-

based Siamese CNN to detect stance, Method 2 

uses Manhattan distance to detect stance, and 

Method 3 uses an attention mechanism to detect 

stance. To arrive at a final prediction, all 

possible outcomes of models are considered. 

The calculation could be performed with each 

model contributing an equal amount to the 

ensemble prediction or with each model 

contributing a different outcome based on its 

contribution to the ensemble prediction's 

weighting. The method of weighted ensemble 

outperforms the method of the equal-weighted 

ensemble. Ensemble techniques are used to 

detect stances, which aggregate our baseline 

classifiers. Ensemble methods are based on the 

concept of combining multiple models (base 

classifiers) in order to create a more accurate 

and reliable model than a single model can 

provide. As a result, each model is weighted 

differently. 

 

3.5.1 Method 1 for stance detection: 

Dependency and constituency-based Siamese 

CNN  

This work extracts sentence-level features 

from the generated target-specific based claim 

and replies. It suggests the Stanford Parser be 

used to perform constituency and dependency 

parse on the inputs in order to extract the most 

important sentence information, such as the 

main linguistic structure that provides 



 

information, for example, the subject, predicate, 

and object of a sentence that are the essential 

roles in a sentence. It is necessary to learn better 

sentence representations to observe the structure 

of sentences and the relationship between the 

words for each of them. 

 Word sequences based on their text's 

constituency words are concatenated with their 

dependency parser-based word sequences as an 

input to this work's CNN-based model, where 

each of them is fed to convolution operations 

separately for both claim and target-specific 

based claim. The convolution operation applies 

a filter w and bias as in Eq. (47) with sigmoid 

function to words representing constituency or 

dependency that occur in the sentence, and they 

are all concatenated to represent the entire 

feature map for all the words in the sentence. 

This model combines information for both 

constituency and dependency-based CNN 

models to exploit more vital information and 

capture different features. Concatenate these 

representations to produce the statement (claim 

or target-specific based claim) representation, 

the sum of all vectors. A convolutional neural 

network is used to transform the generated 

target-specific based claim representation from 

word embedding vectors to semantic sentence 

hidden states. Then, to reduce the 

representation's spatial size while retaining 

essential features, a pooling operation is used. 

The attention vector is generated by connecting 

the target topic and target-specific based claim 

representation feature vectors into one vector. 

The matching distance is used to determine how 

similar target-specific based claim a and a claim 

replies  [105]. 
 

Constituency based CNN for replay 𝑋𝑐 

For a given claim, the convolution operation 

applies a filter W for each constituency based on 

concatenated word sequence 𝑋𝑐 (or words with 

is constituent structures words from the 

constituency sub-tree) from the claim where 𝑏𝑐 

is the bias as follow: 
 

Yci = sigmoid(WcXc + bc)                 (47) 
 

All words constituency information is 

concatenated to generate the feature map const, 

as in Eq. (48): 
 

const= Yc1 , Yc2,Yc3 Ycl                          (48) 
 

 

Dependency-based CNN for replay  𝑋𝑑𝑒𝑝 

For a given claim, the convolution operation 

applies a filter W for each dependency-based 

concatenated word sequence 𝑋𝑑𝑒𝑝 (or words 

with is dependent structures words from the 

dependency sub-tree) from the claim where 𝑏𝑐 

is the bias as Eq. (49): 
 

Ydepi = sigmoid(WcXdep + bc)          (49) 
 

All words dependency information is 

concatenated to generate the feature map dep, 

Eq. (50): 
 

dep = Ydep1 , Ydep2Ydep3  Ydepl            (50) 

 

Dependency-based CNN and constituency-

based CNN concatenation for replay 

The max-pooling operation is applied for both 

feature maps, const. and dep., to extract the most 

significant features from each of them, then they 

are concatenated as Eq. (51): 
 

max1 = max (dep) + max(const)    (51) 
 

The same equations, Eqs. (47) – (51), used 

for claim feature representation, will be used for 

the target-specific based claim, Eqs. (52) – (56). 
 

Constituency-based CNN for the target-specific 

based claim 𝑋𝑒 
 

Yei = sigmoid(WeXe + be)                 (52) 
 

e= Ye1 , Ye2Ye3 Yen                                (53) 
 

 

Dependency-based CNN for the target-specific 

based claim 𝑋𝑑𝑒𝑝2 
 

Ydepi = sigmoid(WeXdepi + bce)       (54) 

 dep2 = Ydep1 , Ydep2Ydep3  Ydepl         (55) 
 

 

Dependency-based CNN and constituency-

based CNN concatenation for the target-

specific based claim  
 

max2 = ma x(dep2) + max(const)   (56) 
 

After generating the vector representation of 

sentences, three matching methods are applied 

to extract relations between (𝑚𝑎𝑥1; 𝑚𝑎𝑥2) 

1. Concatenation of individual representation 

(𝑚𝑎𝑥1; 𝑚𝑎𝑥2) to produce r1 

2. Element-wise product (𝑚𝑎𝑥1* 𝑚𝑎𝑥2) to 

produce r2 

3. Absolute element-wise difference (𝑚𝑎𝑥1-

 𝑚𝑎𝑥2) to produce r3 

All the resulting vectors r1, r2, and r3 are 

concatenated and fed to a SoftMax classifier to 

predicts the stance label between Claim and 

target-specific based claim as Eq. (57): 
 

f = r1 ⨁ 
 r2⨁ 

 r3                                  (57) 
 

f is a fully connected neural network, Eq. 

(58). 
 

output1 = softmax(W1f + b1)          (58) 
 



 

3.5.2. Method 2 for stance detection: 

Manhattan- Bi-GRU Model 

Bi-GRU is applied to extract the final hidden 

state's representation, a vector representation for 

each claim (replay) and target-specific based 

claim and then use them to compute the 

semantic similarity between them. The semantic 

similarity is computed by the Manhattan Bi-

GRU Model [105], as Eq. (59) where the 

distance is transformed into a similarity score to 

measure the strength of the claim toward the 

target-specific based claim. ℎ(𝑐) and ℎ(𝑒) are the 

last hidden representations for the claim and 

target-specific based claim respectively. 
 

𝑜𝑢𝑡𝑝𝑢𝑡 2 = 𝑒𝑥𝑝(−‖ℎ(𝑐) − ℎ(𝑒)‖1)    (59) 
 

 
3.5.3. Method 3 for stance detection: Bi-GRU 

Attention mechanism 

Attention mechanisms capture the most relevant 

features to detect the target-specific based 

claim's stance toward the primary target topic. 

This model merges them as one vector after 

extracting the hidden states for Bi-GRU's target 

topic and target-specific based claim. The word 

attention weights are computed using Eqs. (60) 

– (73), where ℎ𝑐𝑜𝑛𝑐
𝑖  𝑎𝑛𝑑 ℎ𝑐𝑙𝑎𝑖𝑚

𝑖   are the average 

of hidden states from Bi-GRU for the target-

specific based claim and claim, 

respectively, 𝛼𝑖  𝑎𝑛𝑑 𝛽𝑖  are attention vectors for 

both claim and target-specific based claim that 

used to compute word attention weights. Then 

the text representation considers the common 

features between them as in Eq. (74): 
 

att(hconc
i ) = tanh(hconc

i  ∙  W1 + b1)  (60) 
 

αi =
exp(att(hconc

i ))

∑ expn+1
j=1 (att(hconc

i ))
                        (61) 

 

The following Eq. (62) is applied to generate 

the final representation for the target-specific 

based claim representation with Target’s topic.  
 

target − specific based claim r =
∑ αi

n+1
i=1 hconc

i                                                (62) 
 

For the claim concatenated with the target 

topic, the attention vector is calculated by Eqs. 

(63) – (66): 
 

𝑎𝑡𝑡(ℎ𝑐𝑙𝑎𝑖𝑚
𝑖 , ℎ𝑐𝑜𝑛𝑐

𝑝
) = 𝑡𝑎𝑛ℎ(ℎ𝑐𝑙𝑎𝑖𝑚

𝑖  ∙

 ℎ𝑐𝑜𝑛𝑐
𝑝

 ∙  𝑊2 + 𝑏2)                                       (63) 
 

βi =
exp(att(hclaim

i ,hconc
p

))

∑ expm
j=1 (att(hclaim

i ,hconc
p

))
               (64) 

 

claimr = ∑  m
i=1 βihclaim

i .                      (65) 
 

output3 = softmax([claimr ⊕ target −
specific based claim r] )                             (66) 

 

The final stance fs of each article is based on 

the average of output1, output2 and output3. 

Where w1+w2+w3=1, weights contribute 

equally 33.33% weight for each of the 

models  Fs=w1* output1+ w2* output2+ w3* 

output3. The weighted average ensemble is used 

to improve prediction scores. Fs=w1* output1+ 

w2* output2+ w3* output3, w1=0.6, w2=0.2, 

w3=0.2 that have been empirically established 

and have a higher predictive performance on 

final prediction 

 
3.6. Argumentation-based Truth Discovery 

 
Zhao et al. [22] presented preliminary steps 

towards truth discovery methods based on 

bipolar argumentation, where a truth discovery 

network is mapped to a bipolar argumentation 

framework by assigning a trust score to each 

source and a belief score to each claim. Cayrol 

& Lagasquie-Schiex [106] also suggest linking 

Truth Discovery with Bipolar Abstract 

Argumentation. They consider a truth discovery 

network as disjoint sets S, O and F, representing 

sources, target topics and claims, respectively. 

For argumentation frameworks, they consider 

that arguments interact through attacks and 

support relations.  They provide an example as 

in figure 6 to illustrate graph representation of a 

truth discovery network where sources are s, t, 

u, v, target topics are o, p and claims are f, g, h, 

i. For the claims related to target topics o and p, 

the sources s and t have contradiction views 

toward f, h while the sources u and v agree 

source s particularly t on target topic p. They 

propose a truth discovery operator that assigns 

each source a trust score and each claim a belief 

score. Argumentation-based Truth Discovery is 

inspired by abstract argumentation by 

identifying such arguments with the sources and 

claims. They propose to encode source 

trustworthiness by introducing an argument, 

e.g., “s is a trustworthy source", and introduce 

an argument “f is a believable claim" for 

identifying claim believability. According to the 

example, B(N) yields two meta-arguments 

where each argument attacks the other: X1, X2, 

where X1 = {s, f, h} , X2={ t, u, v, g, i} 

The proposed work applies an 

argumentation-based truth discovery, as Fig. 7 

and 8, where different arguments support 

contrary target-specific based claim s for 

specific information from multiple sources with 

different degrees of trustworthiness, e.g., f and 

g are contrary from conflict sources, s and t on 

a particular target topic p. 

 

 



 

 
 

Fig. 6. Graph representation of a truth discovery network [73], s and t disagree on the fact f, h for target topics o and p. Sources u 

and v do not comment on claim g but agree with t on target topic p.

 

 
 

Fig. 7.  Argumentation-based truth discovery: meta-arguments X1, X2

 

 

 
 

Fig. 8.  Argumentation-based truth discovery: arguments X1, X2 on target P

 

For two meta-arguments X1, X2, where each 

argument attacks the other, including the 

sources with their supported claims, estimation 

source reliability weight is applied to compute 

the strength of supporting compared to 

attacking. First, each meta-argument, including 

sources with its supported claim, is expressed, 

e.g., 

X1={s,f,h} ,  

X2={ t,u,v,g,i} 

For each target topic, e.g., on target topic p, 

the candidate truth claims and reliable sources 

are put in a set for both attacking arguments, 

e.g., 
 

Arg1={s, h} 

Arg2={t, u, v, i} 
 

As a result, the strength of the arguments is 

calculated as follows to select a target topic's 

truth claim. 

1. Relevance score: this score measure how 

the claim (e.g. …) and its supporting 

replies (e.g. …)  are relevant and cover the 

same issue. For each pair of claim and 

supporting  replies,  word embeddings in 

the same meta-argument, the Siamese 

adaptation of the Long Short-Term 

Memory (LSTM): Manhattan LSTM 

model [105]is used because….This model 

employs an LSTM, with each claim and 

source represented by the final hidden 

state. The semantic similarity between 

them is then determined. After that, all of 

this model's outputs are averaged for all 

claim-source pairs. 



 

2. The dependency between the data sources 

scores: The data sources are 

interdependent, and there is no conflicting 

information or inconsistency: conflicting 

claims frequently prevent people from 

reaching the same target-specific based 

claim based on the same evidence. The 

highest correlated source with other 

sources is computed in the same way as the 

claim-source pair. The difference between 

all sources and its supported sources vector 

and other vectors from other sources, such 

as the Manhattan distance, is averaged, 

compared, and ranked (reliable to 

unreliable). This model computes the 

probability of correlating with other 

sources in each meta-argument; u and v are 

vectors of different sources, Eq. (67). 
 

𝑝(𝑠𝑖|𝑣𝑖 , 𝑢𝑖) =
𝑒𝑥𝑝(𝑣𝑖,𝑢𝑖)

∑   i  𝑒𝑥𝑝(𝑣𝑖,𝑢𝑖)
          (67) 

 

If the probability is >=0.5, then the source 

is selected as a candidate trustworthy 

source. The sources with more correlation 

and dependency with other sources are 

considered as a trustworthy source 

3. Interpretation score: replay should justify 

the claim in order to interpret its 

acceptability. Greater weight is placed on 

the reasons for accepting a target-specific 

based claim: the more likely it is that the 

target-specific based claim is true. This 

model calculates the probability of each 

claim in each meta-argument being 

supported by its sources, Eq. (68): 
 

p(si|ci, ui) =
exp(ci,ui)

∑ exp 
i (ci,ui)

           (68) 

 

𝑝(𝑠𝑖) is the probability of a source u 

supporting a claim c, i.e., to what extent its 

associated sources support the claim, 𝑢𝑖 is 

the source vector representation and 𝑐𝑖 is 

the claim vector representation. If the 

probability is >= 0.5, then the claim is 

selected as a candidate truth. 

4. Sufficient sources: To accept the claim 

based on a specific target, there must be a 

sufficient number of relevant and 

acceptable premises. 

5. Conflict sources: That is, this is an 

argument for controversial issues. A strong 

argument includes an effective rebuttal to 

the argument. The provided argument 

addresses the strongest counterarguments 

effectively. 

6. Consistency: Replay embeddings are 

averaged as a ground truth claim for each 

meta-argument. The claim with the highest 

similarity to the average is considered 

more likely as a truth claim from this 

argument with its supporting sources. 

7. Argument style: Finally, as shown in 

Barrón-Cedeño et al. [107], sufficient 

vocabulary richness and readability 

features are used to determine both 

arguments' most trustworthy source and 

truth claim. All feature results are weighted 

to determine the final veracity label. 

According to Potthast et al. [18], 

hyperpartisan outlets have a different 

writing style than mainstream news 

outlets. Rashkin et al. [108] investigated 

the relationship between words from the 

lexicons above in various news articles. 

They discovered that certain words from 

their lexicons (swear, see, and negation) 

appear more frequently in propagandistic, 

satirical, and hoax articles than in reliable 

news articles.  

 

Let the index for each argument about a 

specific target topic be I = 1,..., n. The 

candidates assert that they have an equal chance 

of getting it right. For each argument 

representation, the source and replies are 

represented by two vectors, content embeddings 

and processed user profile information 

embeddings, as Liu et al. (Liu et al., 2015) 

described. All of the inputs are merged with all 

of the features described above as input 

representations. Shared parameters are learned 

to classify each argument independently, 

yielding the logits: 

Ri=  θ [input representations] 

Ri … Rn are then concatenated and passed 

through SoftMax to determine a probability 

distribution over all arguments. 

Given the prediction of all tasks, a global 

loss function forces the model to minimise the 

cross-entropy of the prediction and true 

distributions for all tasks. 
 

ℒ = ∑ ⋋𝑖
𝑁
𝑖=1 𝐿(�̂�𝑖 , 𝑦𝑖)              (69) 

 

𝐿(�̂�𝑖 , 𝑦𝑖) = 𝑦𝑖𝑙𝑜𝑔�̂�𝑖 + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 −
�̂�𝑖)     (70) 

 

Where λi is the weight for task i, and N is the 

number of tasks, stance detection and veracity 

prediction. 

 
4. Experiments and Results  

 
The baseline approaches are included to 

facilitate a thorough comparison of our 

approach. The experiments aim to answer the 

following questions:  

• RQ1: Can our proposed model ATD 

outperform the baseline models? 



 

• RQ2: What is the effect of each module in 

ATD on performance improvement. For 

example, to what extent could generating the 

target-specific based claim of an argument 

for a specific target topic aid in inferring 

stances from related replies? If you select 

the informative clauses that correspond to a 

specific target topic and ignore the noisy 

clauses, you will come up with a better 

target-specific based claim that conveys a 

pro or con stance on replies. This model 

supposes that it is good to focus on the 

relevant parts of an article for stance 

detection and then predict the overall 

veracity. How important is it for a fact-

preserving evaluator and a focused evaluator 

to produce a better summary of the main 

target topic? To which extent ensemble 

learning helps to improve the stance 

detection results? And finally, to what extent 

are argumentation theories and comparing 

the strength of arguments beneficial in 

predicting the truth? 

 

4.1. Datasets 

 
Different datasets were developed to train the 

systems for veracity checking, where evidence 

comes from trusted information sources. 

Vlachos and Riedel [109] built a dataset with 

221 statements and hyperlinks to the evidential 

source. Other datasets focus more on their 

information as features, such as metadata on the 

speaker, in the LIAR dataset [110] with about 

12k labelled claims. Recently, the most used 

dataset is FEVER [42], a large-scale dataset for 

fact extraction and verification with about 185k 

labelled claims. For contradictory claims, the 

SemEval-2019 Task 7 dataset was developed by 

Gorrell et al. [13]. Finally, the Emergent dataset 

was developed by Ferreira and Vlachos [14] 

with 300 claims 2,595 associated news articles.  

Macro-averaged F1 has been used as the 

evaluation metric for the two tasks in 

RumorEval 2019 [13], as discussed in section 2 

above. The RumorEval dataset includes 325 

rumorous conversation threads with a 

training/development/testing split. Additional 

experiments are conducted on Emergent 

publicly available datasets [14] as discussed in 

section 2 above since news article headline and 

evidence of news article content are essential 

information for this model training. Since the 

Emergent dataset is the largest, collected from a 

fact-checking website, more balanced and 

annotated to help the model train, this dataset 

will be used in the experiment. The claims are 

paired with news headlines and their stances and 

the public veracity of the claim. Both 

RumorEval 2019 and Emergent datasets are 

annotated in some way that aids in the training 

of our model, but the primary difference is that 

emergent claims data are longer and have 

multiple target topics. 

In this experiments, Macro-averaged F1 is 

used to evaluate the performance on both tasks 

because it solves the imbalanced data problem. 

The statistical information for Rumour Eval-

2019 datasets is described in table 5 and 6. We 

also evaluate the proposed framework using an 

additional dataset, Emergent corpus, since 

headline annotations draw attention to the 

article where Emergent is a dataset of rumours 

(claims) coupled with news headlines and their 

stances. Since our model focuses on generating 

target-specific based claim s for news articles 

and summarising a long article into a target-

specific based claim, it uses extra information, 

like the headline in Emergent data that 

represents the news store, to increase the 

accuracy. The statistical information for the 

Emergent datasets is illustrated in tables 7 and 

8.  

 

 
Table 5 

Rumour Eval-2019 Task A stance detection corpus [13]. 

 

 Support Deny Query Comment Total 

Twitter Train 

Reddit Train 

1004 

23 

415 

45 

464 

51 

3685 

1015 

5568 

1134 

Total Train 1027 460 515 4700 6702 

Twitter Test 

Reddit Test 

141 

16 

92 

54 

62 

31 

771 

705 

1066 

806 

Total Test 157 146 93 1476 1872 

Total Task A 1184 606 608 6176 8574 



 

Table 6 

Rumour Eval-2019 Task B veracity checking corpus [13]. 

 True False Unverified Total 

Twitter Train 
Reddit Train 

145 
9 

74 
24 

106 
7 

325 
40 

Total Train 154 98 113 365 

Twitter Test 

Reddit Test 

22 

9 

30 

10 

4 

6 

56 

25 

Total Test 31 40 10 81 

Total Task B 185 138 123 446 

 
Table 7 

Emergent dataset [14]. 

Claims 300 

Headlines 2,595 

Minimum number of articles per claim 1 

Maximum number of articles per claim 50 

Training instances  2,071 

Test instances  524 

 
Table 8 

Statistics of the Emergent dataset. 

Subject Stance 
Emergent 

Number   
Percentage 

Training 

agree 992 24.37 

disagree 303 7.44 

discuss 776 19.06 

unrelated 2,000 49.13 

  4,071  

Testing 

Agree 246 24.02 

disagree 91 8.89 

discuss 776 19.06 

unrelated 500 48.83 

  1,024  
 

 
4.2. Experimental Setting 

 
In the experiments, the models in this paper are 

implemented using Keras. All word vectors are 

initialised using word2vec [100]  and Glove [27], 

Where we discover that Glove performs better 

than word2vec. The hyperparameters, variables 

set before training which values are used to 

control the learning process and before 

optimizing the weights and bias, are chosen to 

achieve the most considerable value on the 

validation set and then train the model on the 

entire dataset. In our implementation, the word 

embedding dimension is 300, the size of hidden 

units in GRU is 100. The batch size is set 32. 

The learning rate is set at 0.001. The rule 

activation function used in the hidden layers is 

set to evaluate Task A and B's performance. The 

used evaluation metric: “macro-average F1 

score” since the class labels are imbalanced. 

4.3. Baseline Comparison 

 
In this section, the performance of stance 

detection and rumour verification for the 

proposed model against the state-of-the-art 

model is discussed in this section.  

 
4.3.1 Emergent dataset training and testing 

Our model is compared against the state-of-the-

art model reported in Zhang et al. [25] on the 

augmented Emergent dataset. In addition, 

experiments are performed on the publicly 

available Emergent dataset [14], consisting of 

news article headlines, evidence of news article 

content and stances. Stances can be classified as 

support, oppose, and discuss, which can infer 

veracity.  

The results are shown in Table 9. For 

veracity detection, our model obtains an 

accuracy of 78.83%. Since most previous 

models on the Emergent dataset focus only on 

the stance detection task but the veracity task, 

no comparison with the baseline is made. 

 
Table 9 

Performance comparison of the model against the State-of-

the-Art model [25] for stance detection task on Emergent 
dataset 

 

Model 

Accuracy (%) 

agree disagree discuss 

Zhang et al’s 

model [25] 
82.52 69.05 84.30 

Our model  83.12 73.89 89.13 

 
4.3.2 RumorEval 2019 dataset training and 

testing 

 As discussed in section 2 above, Li et al.’s [7] 

and Khandelwal’s [39] models show better 

performance compared with the top-5 systems 

in RumourEval 2019 [35]. Li et al.’s model [7], 

achieves the best performance for veracity 

detection, but they did not present results for 

stance detection as a single task. Regarding 

stance detection results, the best results are 

shown in Khandelwal [39], so that to evaluate 

this work’s stance detection, a comparison is 

made with Khandelwal [39] model as shown in 

table 10 and, for veracity checking, the 

comparison with Li et al. [7] as shown in table 

11. 
 

Table 10  

Test results for Task A: stance detection on RumorEval 

The model Macro-F 

Khandelwal’s[39] Method – Top 

𝑁𝑠 using (A + B + C) 
0.672 

Our proposed model 0.695 



 

Table 11 

Test results for Task B: rumour veracity on RumorEval 

The model Macro-F 

Li et al.’s model[7] 0.606 

Our proposed model 0.647 

 

For task A, stance detection, the work in 

Khandelwal [39] achieves the best Macro-f of 

0.6720 and our model achieves 0.695, while for 

task B, veracity checking, the work in Li et al. 

[7] achieves the best Macro-f of 0.606 and our 

model achieves 0.647. 

 
4.4. Ablation study  

 
By examining research question RQ2, ablation 

tests are conducted on the target topic extraction 

module, relevant clause retrieval and target-

specific based claim generation, weighted 

ensemble learning for stance detection, and 

argumentation-based truth discovery; the results 

are shown in tables 12 and 13. As a result, each 

module significantly improves overall 

performance, demonstrating its efficacy. 

 
4.5. Discussions 

 
From the results given above, it is clear that the 

proposed method shows the best performance 

among these models. The proposed model 

outperforms both tasks, achieving Macro F1 

0.695 for Task A and 0.647 for task B of the 

RumorEval 2019 dataset. The remainder of the 

subsection provides an analysis and evaluation 

of the proposed model and the results.  

First, training this model with and without 

applying the first component: the primary claim 

target topic extraction. The performance results 

revealed that this guide focuses more on the 

claim's primary target topic and positively 

contributes to stance classification performance. 

Target topic-clause retrieving help to ignore 

noise information as the noise may give wrong 

indications to deceive the model. This model is 

trained to classify stances without considering 

the target topic information, and a decreased 

accuracy is obtained. To show that the stance 

and rumour detection benefit from target topic 

aware target-specific based claim, experiments 

are conducted to detect evidence against claims 

without making a target-specific based claim 

based on the target topic. The change of macro-

F1 scores on the two datasets shows the 

improvements by capturing certain words 

related to the target topic and eliminating the 

irrelevant. The macro-F1 score is chosen as a 

metric to give each task equal weight because it 

resolves the data imbalance. It outperforms the 

previous best baseline methods for the 

Emergent data. This could be that the model 

detects the article's stance against a claim by 

paying more attention to the claimed target 

topic, while the original article may have 

various target topics to talk about it. It is 

observed that word alignment can capture the 

target topic information for better performance 

of stance detection as target topic-specific 

attention provides more concise information, 

discarding another target topic the claim does 

not concern with it. 

The results emerging from these experiments 

confirmed the effectiveness of generating 

target-specific based claim conditioned on the 

target topic representation that is finally 

presented to the target topic claim and showed 

that it could be useful by extracting salient 

information from a long article without 

including less salient information., A significant 

improvement in this model's general results on 

both tasks A and B is achieved. Compared with 

baselines for stance detection, the advantage of 

knowledgeable target topic and target-specific 

based claim is demonstrated. A significant 

improvement on an emergent dataset from 

82.52 %, 69.05 %, 84.30 % in Zhang et al’s 

model [25] ,  to 83.12%, 73.89%, 89.13% for 

the three stance labels respectively as illustrated 

in table 9.  

To investigate the applicability of the 

proposed model on new unseen data, where 

there is no knowledge related to this event, truth 

discovery is very beneficial to generalise 

veracity prediction since it depends on 

estimation without supervision. Despite 

unobserved samples, they may have semantic 

and syntactic features to that unseen news. The 

proposed model works well for the different text 

from two different datasets.  

The following observations have been made 

based on the ablation experiments, as in table 12 

and table 13: 

• For the Emergent data, the veracity 

detection accuracy decreases when the 

target-specific based claim generation is 

not considered. This is particularly the 

case for a long article since the headline 

captures the primary information in 

making first impressions to readers.  

• When the generated target-specific based 

claim does not cover the target topic of 

the claim or the extracted target topic is 

not valid, the performance is decreased  

• Models augmented with truth discovery 

perform better than those without, i.e., 

assigning more scores to the claims 

inferred by more trusty sources. 



 

• A significant improvement in integrating 

both tasks stance detection with rumour 

prediction. 

• Since the sources' trustworthiness is not 

available and there is no prior 

information, this work's method can 

significantly enhance reliability source 

inference by estimating the trust based on 

Argumentation-based Truth Discovery.  

• Utilising the claimed target topic helps 

the generator produce a concise target-

specific based claim, and the evaluator 

can narrow the cosine distance.  

• unlike that most of the previous studies 

as discussed earlier that either detect 

stance detection without considering the 

target topic or focused on inferring the 

stance for a set of predefined target topics 

[111], our model extracts a specific target 

topic to predict the stance toward it 

separately from stance classification,  

• For size limitation, deep learning models 

need a high volume of data for training; 

it requires larger datasets than currently 

available, so this model is expected to 

perform better if more samples are 

obtained. 

• Sometimes the e model fails to predict 

some stance labels correctly, maybe due 

to the lack of current information and 

other external evidence, e.g., the warrant 

is needed, so merging them may make 

additional enhancements, especially in 

the case. 

 
5. Conclusion 

 
A multi-task learning framework for jointly 

predicting rumour stance and veracity is 

proposed, where the source reliability is 

considered. A new deep learning model with a 

novel architecture is designed and studied to 

discover multiple truths from conflicting 

sources by connecting truth discovery methods 

with bipolar argumentation. The experiments 

with two influential datasets show that the 

proposed model outperforms state-of-the-art 

stance detection and rumour verification tasks. 

Argumentation-based truth discovery provides 

an effective way towards veracity detection by 

discovering the acceptable arguments through 

reframing truth discovery in terms of 

argumentation; this implies describing the 

arguments and the attack and support relations. 

There are several ways to move the current work 

forward. The current work involves source-

claim and source-source relationships and 

focuses on information richness in order to 

obtain confident score information. We are also 

planning to modify this model by considering 

other argumentation components such as 

warrant and backing in the Toulmin model and 

consider other factors like the source 

reputations. 

 
Table 12 

Ablation experiment of our model, stance detection scores of different ablation models. 

 
Model  On emergent 

(relative score) 
On RumourEval 
Macro-f 

ATD without target topic extraction  82.19 0.623  

ATD without target-specific based claim generation 79.36 0.679  

ATD without clause relevant retrieving for target-specific based claim generation 83.92 0.678 

ATD without evaluators for target-specific based claim generation 82.64 0.685  

ATD without weighted ensemble learning for stance detection (i.e., each model 

contributes equally) 

84.72 0.627  

ATD without argumentation-based truth discovery  85.84 0.635  

ATD with argumentation-based truth discovery 89.97 0.695 

 
Table 13 

Rumour veracity of scores of different ablation models. 

 
Model  On emergent 

(relative score) 

On RumourEval 

Macro-f 

ATD without target topic extraction  75.77 0.603 

ATD without target-specific based claim generation 72.08 0.639 

ATD without clause relevant retrieving for target-specific based claim generation 73.83 0.636 

ATD without evaluators for target-specific based claim generation 74.83 0.631 

ATD without weighted ensemble learning for stance detection (i.e., each model 
contributes equally) 

72.83 0.576 

ATD without argumentation-based truth discovery  71.83 0.583 

ATD with argumentation-based truth discovery 78.83 0.647 
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