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摘要 

社群媒體成為了現今快速散播新聞的管道，只需透過電腦、行動裝置上網，

人人都可以便利地瀏覽當天的最新消息。不過，這同時也是一把雙刃劍，有別於

傳統媒體，大眾可以輕易地在網路中傳播資訊，而不需要受到查核機構的管制，

這使得網路中的新聞來源混雜且難以辨別其真偽，假新聞的氾濫嚴重影響了人們

信任網絡資訊的意圖與行為。為了解決問題，近期的研究提出利用人工智慧技術

來發展假新聞偵測模型，然而，他們大多著重於如何提升人工智慧模型的效能(如

準確率)，而忽略了資訊透明度的議題。因此，本研究提出了創新的可解釋人工

智慧(Explainable AI)框架 XFlag。其可分為三個階段，首先訓練長短期記憶模型

(Long short-term memory)來偵測社群媒體中的假新聞文章；接著以逐層相關性傳

播演算法(Layer-wise relevance propagation)分析訓練好的偵測模型，產生對於預

測結果的解釋向量；最後，由於未經處理的數學向量對於一般使用者是難以解讀

的，我們以 SAT模型(Situation awareness-based agent transparency)將解釋向量與

預測結果設計為使用者容易理解的人機介面，提升人與人工智慧系統之間的資訊

透明度。本研究透過線上的使用者研究驗證 XFlag的有效性，其結果表明相較於

黑盒子般的預測結果，此框架可以更好地提升系統透明度，讓使用者了解偵測模

型背後的邏輯，進而解決社群媒體中的假新聞議題。更進一步來說，XFlag能夠

幫助使用者以很小的認知工作量，來理解系統目標、判別系統決策和預測系統的

不確定性。 

關鍵詞：可解釋人工智慧、逐層相關性傳播演算法、SAT、透明度、假新聞偵測、

長短期記憶、社群媒體 
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Abstract 

Social media platforms provide an easy and rapid approach for news consumption. 

They allow any individual to disseminate information without third-party restrictions 

(such as fact-checking), making it difficult to verify the authenticity of a source. The 

proliferation of fake news has severely affected people’s intentions and behaviors in 

trusting online sources. Applying AI approaches for fake news detection on social 

media is the focus of much recent research, most of which, however, focuses on 

enhancing AI performance (such as accuracy). In contrast, in this study we propose 

XFlag, an innovative explainable AI (XAI) framework which uses long short-term 

memory (LSTM) to identify fake news articles, a layer-wise relevance propagation 

(LRP) algorithm to explain the fake news detection model based on LSTM, and a 

situation awareness-based agent transparency (SAT) model to increase transparency in 

human–AI interaction. The proposed framework has been empirically validated via 

online user studies, the results of which confirm that the XFlag framework is effective 

in resolving the fake news problems on social media by enhancing system 

transparency and enabling a user to understand the logic behind an AI model. The 

research findings suggest that the use of XFlag supports users in understanding 

system goals (i.e., perception), justifying system decisions (i.e., comprehension), and 

predicting system uncertainty (i.e., projection), with little cost of perceived cognitive 

workload. 

Keywords: XAI; transparency; fake news detection; LSTM; social media 
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Chapter 1 INTRODUCTION 

In the digital age, an increasing number of users receive information from new media 

platforms (i.e., social media) rather than traditional news media (e.g., newspaper, TV 

news and radio news). Readers have shifted their attention to social media to access 

the latest news (Allcott & Gentzkow, 2017). For example, prior research shows that 

43% of the U.S. adults receive news from Facebook (Gramlich, 2019). Although 

social media is a convenient channel for broadcasting events and allows users to 

receive news in an effective and efficient manner, it has created new problems. For 

example, whereas the amount of information provided by traditional news media is 

limited, social media is able to retrieve vast amounts of news from various platforms 

and delivers numerous news feeds, often overwhelming readers’ cognitive limits. In 

addition, given the low cost of posting an article on social media platforms, users can 

play the roles of both reader and writer, which expedites the spread of information 

without regard to credibility. Social media thus not only facilitates the spread of 

information but also has becomes an easy way to distribute fake news (Tandoc Jr et 

al., 2018). One of the most fundamental problems on social media portals is news 

credibility. This problem has been exacerbated by the increasingly prevalent use of 

social media as well as the creation and widespread dissemination of related 

applications in numerous fields. The spread of fake news has been responsible for 

recent disasters such as the widespread of misinformation about COVID-19 pandemic, 

which was heavily influenced by fake reports shared on social media platforms 

(World Health Organization, 2020). This fake news led to political polarization (i.e., 

set people against one another) and greatly affected public trust in government 

agencies. If these fake reports had been better regulated, the outbreak might have had 

a different outcome (van Der Linden et al., 2020). It is therefore critical to develop a 
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mechanism to detect and resolve problems related to fake news. 

Two major factors contribute to the rapid spread of fake news on social media. 

The first reason is that social media often provides content with intermixed sources, in 

which users passively receive news without clear knowledge of its sources. These 

news feeds are generated and sorted by system algorithms, leaving users clueless 

about where the news is coming from (Moravec et al., 2018). Since social media’s 

sources are sometimes ambiguous and difficult to track, this again complicates 

fact-checking. Furthermore, many users use social media as a source of entertainment, 

which again discourages users from examining the veracity and correctness of 

reporting. Therefore, articles that lack any credibility or editorial judgement may still 

receive more attention than credible sources such as New York Times or CNN 

(Allcott & Gentzkow, 2017). 

The other reason that fake news spreads easily on social media is the use of news 

bots. Such bots, developed based on Internet trends and/or users’ online browsing 

history and patterns, generate content in an attempt to attract user attention, without 

regard to the authenticity of the content (Ferrara et al., 2016). For example, based on a 

user’s browsing history, news bots feed similar articles to the user to increase website 

traffic and boost commercial revenues. Although some news bots are designed to 

grow businesses, they have been misused for fake news broadcasting, for instance, by 

using exaggerated titles or generating tempting topics to attract user attention and 

encourage them to click on links (i.e., clickbait). When readers cross-reference such 

news with other online sources, they can encounter the same incorrect information on 

other websites, leading them to mistakenly believe the news is correct (Tandoc Jr et 

al., 2018). 
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Prior studies propose a variety of ways to tackle fake news on social media. For 

example, Moravec et al. (2020) develop flagging mechanisms from a cognitive 

perspective by applying human emotional and logical processes (i.e., System 1 and 

System 2 thinking, respectively) to detect fake news. The results show that both 

System 1 and System 2 flags prevent users from believing fake news. However, as 

human detection of fake news can be biased and subjective, various studies use 

machine learning (ML) approaches to develop fake news applications (Ma et al., 2016; 

Ma et al., 2018; Ruchansky et al., 2017). Resultant ML models are trained on social 

media datasets (such as Twitter or Weibo), not only yielding high model accuracy but 

reducing human effort to identify fake news. 

As most such ML studies focus on improving model performance and enhancing 

model accuracy, little attention is given to evaluating the user understandability of the 

provided system aids (such as AI suggestions). With the advance of AI techniques, 

current AI systems address sophisticated real-world problems but inevitably become 

black boxes, yielding low transparent results, which are difficult to explain. Since AI 

has become an integral part of daily life, for AI-based recommendations to be trusted, 

it is crucial that users are able to understand the logic behind the system (Arrieta et al., 

2020; Lei et al., 2016), that is, we must be able to show them how the predictions 

came about and how the decisions were generated. The lack of understanding of the 

AI mechanism degrades user trust in the provided information and raises usability 

concerns (Adadi & Berrada, 2018; Dong et al., 2017; Ribeiro et al., 2016; Wang et al., 

2016). 

Explainable AI (XAI), which attempts to resolve this black box problem, has 

received increasing attention. XAI seeks to provide more explainable AI models and 

make AI decisions more understandable to human operators. Improving the 
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explainability of the model is an effective way to increase system transparency, which 

is a key factor in user trust, task performance, and system acceptance (Shin, 2021; 

Zhao et al., 2019). Transparency can be defined as the capability of a system to 

expose the reasoning processes behind its applications to the user (Gedikli et al., 2014; 

Herlocker et al., 2000). DARPA defines the purpose of XAI (Gunning, 2017) as to 

“produce more explainable models, while maintaining a high level of learning 

performance (prediction accuracy); and enable human users to understand, 

appropriately trust, and effectively manage the emerging generation of artificially 

intelligent partners.” XAI supports the necessary information to enable human 

operators to justify, control, improve, and discover AI-based decisions (Adadi & 

Berrada, 2018), which is particularly important to clarify uncertain situations or 

unexpected outcomes. XAI contributes significant benefits in numerous fields, 

including transportation, healthcare, finance, education, military, and Internet-based 

applications. In the field of fake news detection, although recent studies have 

developed various explainable models (Ayoub et al., 2021; Lu & Li, 2020; Shu et al., 

2019; Yang et al., 2019), however, there were still some issues. For example, even if 

explainable technologies were applied, they did not consider how to convert such 

complex explanations into human-centered designs on social media, and evaluate the 

resulting user trust, understanding, and acceptance.  

In the present study, we develop XFlag, an explainable fake news detection 

model that enhances information transparency and increases the understandability of 

the decision-making process for humans. We model the social context of each news 

post, including its textual content, information on the posters, and the sentiment 

analysis of the post. Since news posts are in a sequential format, we use a long 

short-term memory (LSTM) model (Hochreiter & Schmidhuber, 1997) as a 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202200094

11 
 

fact-checking mechanism. LSTM is well-suited to identifying patterns between the 

diffusion of true and fake news (Ma et al., 2016), which can reveal suspicious 

behaviors that often appear in fake news events. In addition, to explain the LSTM 

predictions and provide sufficient interpretations to users, we adopt layer-wise 

relevance propagation (LRP) (Arras et al., 2017; Bach et al., 2015). LRP is a 

feature-relevance method which retrieves those neurons that contribute the most to a 

prediction from the neural network. Through the LSTM + LRP framework, users can 

understand the reasons (i.e., factors) that have led the LSTM model to judge a news 

post as fake or true. As suggested by Gunning (2017), XAI systems should consist of 

an explainable model and an explanation interface. Therefore, to enhance system 

transparency, a situation awareness-based agent transparency (SAT) model (Chen et 

al., 2014) is used to explain the LRP-retrieved factors. The SAT-based interface 

represents the influencers and provides relevant information to users with respect to 

the model’s reasoning processes and consequent predictions. 

In short, the present research uses LSTM to identify fake news on social media, 

LRP to retrieve the dominant factors used by LSTM to judge news posts, and SAT to 

represent and explain the LRP-retrieved factors (Figure 1). A user study is conducted 

to empirically validate the effects of the proposed XAI framework (XFlag: 

LSTM+LRP+SAT), where various levels and types of SAT are adopted to further 

evaluate the transparency effects. The overall objective of our research is to 

investigate the influences of transparency on the decision to use the developed fake 

news detector. This goal includes the following subgoals:  

1. Apply social media-related features via LSTM to develop a fake news 

detector. 

2. Apply LRP to retrieve dominant factors used by LSTM to identify fake news. 
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3. Apply the SAT framework to represent LRP-selected factors. 

 

 

Figure 1. The XFlag framework. 

The remainder of this paper is structured as follows: in Chapter 2 we describe 

related work, and in Chapter 3 we describe the explainable fake news detection model, 

the LRP algorithm, and the SAT framework. In Chapter 4 we delineate the validations 

of the fake news detection model and the LRP algorithm. In Chapter 5 we describe in 

detail the designs of the user study on the proposed XAI framework (XFlag). We then 

analyse these results in Chapter 6. Discussion and conclusions are included in Chapter 

7 and 8 respectively. 
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Chapter 2 RELATED WORK 

Since XFlag consists of an explainable model and an explanation interface, in this 

chapter, we review the automatic fake news detection methods and XAI, and also 

introduce related work on fake news flagging mechanisms and the SAT model, which 

are the crucial directions of our research.. 

2.1 Fake news detection on social media 

Conroy et al. (2015) divide detection models into linguistic approaches and network 

approaches. Both are based on machine learning (ML) techniques to train classifiers, 

which are used to decide the authenticity of news. Linguistic approaches consider 

analysis based on the content of the article. At early stages, predictive deception cues 

in the content are captured by a bag-of-words approach (Ott et al., 2013), semantic 

analysis (Feng & Hirst, 2013), and rhetorical analysis (Rubin & Lukoianova, 2015); 

these cues are often used to train ML models such as support vector machines (SVM) 

(Zhang et al., 2012). However, it is difficult to improve prediction accuracy solely 

based on linguistic features (Ruchansky et al., 2017). 

Network approaches, in turn, train ML models using social context information. 

User profiles, comments, and relationships between fake post propagation on social 

media can be used as key features to identify fake news, in addition to the news 

content itself. Ma et al. (2016) propose an RNN-based model to learn latent 

representations that reveal variations between comments on related posts over time. 

They assume that users intend to share or respond to news on the fake news event. 

Ruchansky et al. (2017) propose a hybrid model that combines news content, 

comments, and user profiles for more accurate detection. They build two modules to 
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extract temporal features of related posts and score user behaviors, and integrate these 

using a third module to output the classification. To further enhance the effectiveness 

of detection, recent research develops models with more complex structures. For 

instance, Das et al. (2021) propose an ensemble model to reduce training time while 

achieving high performance, which collects votes from various fine-tuned models and 

determines the authenticity of the news. The model uses transfer learning to train text 

classification models and utilize statistical feature fusion network and heuristic 

post-processing algorithm to extract the social context information. Wang et al. (2020) 

propose a knowledge-driven multimodal graph convolutional network that models 

textual information, knowledge concepts, and visual information. In particular, 

instead of treating textual content as a sequence such as general models, they convert 

it into a graphical data structure to model non-consecutive phrases and better capture 

the semantic features. 

In addition, recent studies also consider the propagation relationship of posts on 

social media. Yuan et al. (2019) model the relationship between tweets, retweets, and 

users to capture the patterns of fake news in social media. They combine local 

semantic and global structural information to develop a heterogeneous graph for 

rumor classification and detection tasks. Yu et al. (2020) also develop an information 

aggregating network over a heterogeneous graph for fake news detection. Their 

proposed model aggregates multiple types of information involved in the news to 

validate the authenticity of its given news. The resulting model examines inherent 

relationships among different information and leverages information in a more 

sufficient manner. The aforementioned research shows the combination of news 

content and its belonging social contexts can be used for fake news detection in an 

effective and efficient manner. 
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2.2 Explainable artificial intelligence (XAI) 

In addition to fake news detection, ML models yield high accuracy in many other 

applications. However, because of their low transparency, these models can be viewed 

as “black boxes.” XAI methods address this issue by generating explanations for the 

predictions, which enable humans to understand and interpret the recommendations 

generated by the ML model (Bansal et al., 2021). XAI methods can be divided into 

transparent models and approaches for post-hoc explainability (Arrieta et al., 2020). 

Transparent models generate explanations by themselves. That is, some degree of 

transparency is inherent to this kind of model, for instance, decision trees, K-nearest 

neighbors, or Bayesian models. Post-hoc explainability approaches are used when the 

models are so complex that they output only the final prediction, such as SVM or 

deep neural networks. For such approaches, algorithms are developed which help to 

explain the ML models. Such work can be divided into two directions: 1) Utilizing 

rule extraction techniques to develop a simplified linear model which represents the 

decision of the original complex model, such as LIME (Ribeiro et al., 2016) and its 

extensions (Mishra et al., 2017); 2) Feature relevance methods (Ayoub et al., 2021; 

Lu & Li, 2020; Shu et al., 2019; Yang et al., 2019) that generate explanations by 

assigning a set of relevance scores to each input variable representing its contribution 

to the model prediction, such as LRP (Bach et al., 2015), SHAP (Lundberg & Lee, 

2017), DeepSHAP (Chen et al., 2021), and DeepLIFT (Shrikumar et al., 2016). 

Although various approaches have been applied to enhance model explainability, 

these studies failed to provide the explanations in an understandable format (i.e., 

human-centered design). For instance, Ayoub et al. (2021) and Yang et al. (2019) 

develop the explanation interfaces without considering system complexity, and the 

resulting user interface was too complicated for general users.  
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In this paper, we use the LRP algorithm for the proposed detection model based 

on LSTM, because LRP has been extended to LSTM and confirmed to perform 

effectively (Arras et al., 2019). Additionally, its feature-based explainable approach 

allows users to understand the model’s reasoning processes and the relevance 

contributions in an efficient manner. For example, in sentiment analysis models, it 

captures keywords that better explain why the comment is identified as negative 

(Arras et al., 2017). The LRP propagation rules are described in detail in Chapter 

3.2.1. 

2.3 Fake news flagging mechanism 

Moravec et al. (2020) apply System 1 (automatic cognition) and System 2 (analytical 

cognition) mechanisms to improve Facebook’s fake news detection (Figure 2). 

System 1 cognition produces intuitive judgments with little cognitive effort, whereas 

System 2 cognition requires conscious awareness and is activated when an activity 

demands attentional resources for effortful cognitive events. In their study, a stop sign 

icon is used to develop the System 1 flag, which generates a strong warning message 

to stop users from passively perceiving a news post and directs their attention to 

examine the authenticity of the flagged articles. Since System 2 cognition is required 

and triggered by mental activities (Kahneman, 2011), in Moravec et al.’s (2020) study, 

both an icon (e.g., stop sign) and text (e.g., disputed or fake) are included to form a 

fake news flag. The results show that both System 1 and System 2 interventions are 

effective, and a treatment that adopts both interventions yields approximately twice 

the effectiveness. 
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Figure 2. System 1 and System 2 mechanisms (Moravec et al., 2020). 

Kim and Dennis (2019) conclude that highlighting the source significantly 

affects the user’s attitude (i.e., more skeptical) in a social media article, regardless of 

the source’s credibility. Apart from adding icons and texts in the headline, Moravec et 

al. (2018a) ask users to evaluate and rate the truthfulness of a news article. The results 

show that soliciting ratings from readers encourage them to carefully consider the 

provided articles and think critically about the authenticity of the news posts. Such 

user-based rating information not only yields immediate benefits to the users 

themselves but also generates useful references for other readers afterwards. Kim et al. 

(2019) further study the impact of different reputation ratings on believability, 

including expert article ratings, user article ratings, and user source ratings. The 

results suggest that all three rating approaches greatly affect believability. 

However, even if these flagging mechanisms do somewhat restrict the spread of 

fake news, the most fundamental question remains: how to provide high transparent 

systems to encourage users to appropriately use the fact-checker? In other words, to 

respond to fake news issues on social media, we must fairly, objectively, and quickly 

detect misinformation. Therefore, in our study, we apply LRP-retrieved factors to the 
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fake news flagging interface based on the SAT model, which not only retains the 

advantages of the flag described in previous studies, but also presents the predictions 

and reasoning of the detection model to users. We describe the SAT model in detail in 

the next chapter. 

2.4 Situation Awareness-based Agent Transparency (SAT) 

Chen et al. (2014) propose the situation awareness-based agent transparency (SAT) 

model to support situation awareness in human–agent interaction. The SAT model is 

composed of three major cognitive levels (perception, comprehension and projection), 

where the information used by an agent for decision-making is provided to human 

operators to reach sufficient mutual understanding to facilitate human–agent 

teamwork. Apart from the SAT framework, numerous transparency models have been 

proposed as well. One of the fundamental studies is Lee and See (2004). They 

develop a performance-process-purpose model, which describes what the automation 

does, how the automation operates, and why the automation was developed, 

respectively. Another critical work is Lyons’ (2013) two-factor transparency model, 

which includes robot-to-human and robot-of-human factors to facilitate mutual 

understandability during human-agent interaction. Although these studies utilize 

different methods to develop the transparency models, these mechanisms classify a 

system application into various pieces rather than an interconnected structure. On the 

contrary, SAT framework applies a hierarchical structure to identify an application’s 

characteristics, which provides a holistic view to represent the intertwined relations 

between human operators and system aids. In this framework, at the SAT-1 level, the 

agent presents basic information (such as current status and actions) to help users 

understand the agent’s current situation and its plans. At the SAT-2 level, the agent 

reveals its reasoning processes and constraints to help the operator to understand the 
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agent’s current activities and associated plans. At the SAT-3 level, the agent supports 

users with information about the limitations and uncertainty of the projection and its 

likelihood of success or failure. 

Mercado et al. (2016) examine the impact of different levels of SAT transparency 

on humans. Participants operate unmanned vehicles in different task conditions: 

SAT-1 (agent’s recommendation); SAT-1+2 (agent’s recommendation and the reason 

for this decision); and SAT-1+2+3 (recommendation, reason, projection, and 

uncertainty). The results show that SAT-1 and SAT-1+2 participants are able to make 

better decisions (choose the plan with the best performance), and show improved trust, 

performance, and workload. Wang et al.’s (2016) study applies SAT to intelligent 

systems based on reinforcement learning, in which they develop a method to 

automatically generate text interpretations based on partially observable Markov 

decision problems. Their results show that increased information transparency 

enhances the trust and performance of participants. Selkowitz et al. (2016) propose a 

visual interface based on different levels of transparency for dynamic task 

environments. Their results suggest the visual prompts in addition to information 

provided in text descriptions not only increase system transparency but also help 

participants to efficiently understand the system purposes with little reasoning cost. 

The aforementioned studies show that compared to low levels of transparency, 

participants in high transparency conditions (such as SAT-1+2+3) perform better and 

are able to maintain sufficient situation awareness and appropriately trust system aids. 

Thus, information provided by the SAT model is associated with different levels of 

system transparency, which is essential to XAI research to provide users with 

information on the system algorithm’s decision-making process and to facilitate 

human–AI collaboration (Pynadath et al., 2018). 
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Chapter 3 XFLAG: EXPLAINABLE FAKE NEWS 

DETECION AND INTERFACE SYNTHESIS 

Various XAI studies have been proposed to improve the transparency of AI models in 

recent years, but how to convert the XAI-generated explanation into a user-friendly 

interface is rarely addressed. The proposed XFlag framework is used to resolve this 

issue. If the developed framework can effectively help users identify fake news and 

enhance the perceived system transparency and understandability, future studies can 

adapt the proposed structure and replace the system components with the require 

applications. Researchers can train more complex AI models such as DeepLSTM 

(Sagheer, A., & Kotb, M., 2019), ResNet (He et al., 2016) or GAN (Goodfellow et al., 

2014) to identify complex datasets, use suitable XAI methods to generate 

explanations, and develop human-centered interfaces to provide associated 

transparency information (e.g., Lee and See (2004)’s performance-process-purpose 

model). The framework is shown in Figure 3. 

In our study, we apply the XAI framework in the fake news field, which is called 

XFlag. XFlag is the proposed explainable fake news detection model used to detect 

and generate explanations of fake news. In chapter 3.1 we use the LSTM as our ML 

model to detect fake news. In chapter 3.2.1 we use the LRP algorithm as our XAI 

model to explain the LSTM, and in chapter 3.2.2 we describe a user interface 

synthesis mechanism based on SAT, which is our transparency model to develop the 

human-centered interface. 
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Figure 3. The template of XAI framework. 

3.1 Detection Model 

The detection of fake news on social media can be seen as a sequential problem. That 

is, a news event consists of a sequence of posts, which are usually reposted news 

articles or responses to relevant news. We formally define the detection problem as: 

   {(   (      ))} (1) 

where given a set of news events  , each event e is a sequence of relevant posts   , 

in which    is the social-context information consisting of the user profiles     and 

the content of the posts    at the timestamp j of the event e. 

 In our task the goal is to train the model to judge the authenticity of the news 

event e (if the news is true,    ; if fake,    ). For example, we expect the 

detection model to read the relevant posts one by one and then output predictions by 

finding patterns that differ from true news. 
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3.1.1: Feature selection 

We extract content features, user features, and sentiment features from social context 

information, and construct the model with LSTM to detect fake news. The structure is 

shown in Figure 4. Content features are used to analyze news content and relevant 

responses. For each    of e in E, we apply doc2vec (Le & Mikolov, 2014) to the 

post’s content    to generate the word embeddings. Since the smallest unit of a post's 

content is a sentence and not a word, doc2vec generates vectors that represent 

sentences. To integrate content features with user features and sentiment features as 

LSTM input and account for domain mismatch, we add a fully connected layer before 

the LSTM as (2): 

        (       ) (2) 

where we use ReLU as the activation function. Here   is the vector output of the 

post’s content from doc2vec and    is the LSTM input content features. 

For each    of e in E, we extract its user features from user profiles     such as 

friend count, location, and follower count. Due to the different scales of the profiles, 

we standardize them to assure consistency and regularity. Similarly, a fully connected 

layer is added before the LSTM in order to integrate the three features (3): 

        (       ) (3) 

where   is the vector output of the standardized user information, and    is the 

LSTM input user features. 

Fake news often provokes emotional responses from readers, and in particular 

invites negative comments from them. For each    of e in E, sentiment features are 
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extracted by analyzing the post’s content   . This is done by using sentiment analysis 

on the content semantics to capture fake news emotional clues. We adopt the Google 

Cloud Natural Language API to generate the sentiment score, and, as above, add a 

fully connected layer as (4): 

        (       ) (4) 

where   is a vector composed of the sentiment score and sentiment magnitude from 

the Google API, and    is the LSTM input sentiment features. 

3.1.2: Long short-term memory (LSTM) construction 

For details on LSTM, see Hochreiter & Schmidhuber (1997). Here, we focus on 

modeling. We model the above three features—which all have the same 

dimensions—as a sequence, as (5): 

    (          ) (5) 

where    is an LSTM input that represents one of the posts    in a news event (see 

Figure 4). Here, the sequence length is crucial: simply making the sequence length 

equal to the total number of posts does not work because each news event consists of 

a different number of related posts, and sequences that are too long harm learning 

efficiency. A common practice is to batch multiple posts into a single input unit, but 

this does not facilitate explanations by the subsequent LRP algorithm. For example, 

we may learn that this group of posts contains fake news features, but we cannot 

determine which of these posts is the offender. To set the length of the input layer in 

LSTM, we calculate the sequence length as the mean number of posts per news event 

in the dataset and set each post timestamp according to the chronological post order 

up to the sequence length. We assume that via our method to integrate social-context 
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information, fake news provides a sufficient basis for model prediction in the early 

stages of dissemination. 

 

Figure 4. Detection model structure. C represents content, U represents user, and S 

represents sentiment features. The model output is either a true or fake news 

prediction, which is determined by the maximum value in the output vector. 

3.2 Explanation model 

3.2.1: Computation of feature explanation 

After training the detection model to identify fake news, we extract the trained 

weights and use the LRP algorithm to generate the explanation. First, we describe the 

propagation rules of LRP proposed by Bach et al. (2015) and extended to LSTM by 

Arras et al. (2017). Given a trained neural network with fully weighted connections, 
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LRP uses reverse propagation to redistribute the neuron relevance from the output 

layer to the input layer as (6): 

      
     

   ∑       
   (6) 

where       is the neuron input  ,    is a small positive value to ensure a non-zero 

denominator, and   represents lower-layer neurons. The biases are computed in 

    ; the weighted connection is the corresponding bias. Note that bias relevance is 

not propagated because it is not connected with the lower layer. Then, given the 

relevance of higher-layer neurons   , we compute     , that is, the relevance of 

lower-layer neurons connected to neuron  . The initial    is usually the model 

prediction  ( ). Next, the relevance of lower-layer neurons    is obtained by 

summing the corresponding      as    ∑      . Finally, the explanation vector 

(the last   ) is generated by repeating the above steps until we reach the input layer 

of the neural network. 

However, LSTM units are not as simple as a multilayer neural network. To 

prevent gradient explosion and vanishing gradients, LSTM units use an input gate, a 

forget gate, an output gate, and a gate to control how much information is written and 

forgotten in the memory cell. As such, gate interaction should also be taken into 

account when computing relevance. Arras et al. (2019) decompose this into the 

following two operations: 

(1) Multiplicative interactions           

(2) Accumulation                 . 
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Note that despite the sigmoid and tanh activations in the gate interaction 

operation, for simplification, Arras et al. (2019) always compute the activated value 

layer by layer. They prove the effectiveness of this simplification in their experiments. 

In the multiplicative interaction operation,    is the gate neuron of the sigmoid 

activation,    is the source neuron of the tanh activation, and    is the product of 

these two values, where the value of    ranges from 0 to 1, controlling how much 

information is retained. The propagation rule of this operation has been proved by 

Arras et al. (2019) as (     ) = (    ); where    is the relevance of   , it equals 

  , and the gate relevance    equals zero. In the accumulation operation,    is the 

forget gate of the sigmoid activation, which decides how much information is to be 

forgotten from the previous cell     , and adds the new information   . The 

propagation rule of this operation is composed of the above two rules, the 

multiplication operation, and the fully weighted connection. Thus, the relevance of 

LSTM input variables is obtained by repeatedly propagating these three rules in 

reverse. 

Applying this rule to our model, given relevance   , our goal is to compute the 

lower-layer relevance   , where neurons that contribute the most to the higher layer 

are given more relevance. Repeating the above calculation with a backward pass of 

the proposed detection model, we have the explanation vector, the dimension of 

which is the same as the model input   ; thus its sum represents the relevance score 

of a post    to the predicted result. We can also individually sum the content features, 

the user features, and the sentiment features in all related posts to represent the 

contribution of different features to the prediction results. 
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3.2.2: User explanation synthesis 

Since the LRP output is the raw relevance score, it is important to convert it into the 

information required by the user. In the present study, we explore how the system 

transparency as well as its explainable interface improve the trust in AI suggestions, 

after which we seek to solve the problem of the rapid spread of fake news. To this end, 

we generate the user explanation by individually summing the relevances of the 

content features, the user features, and the sentiment features in all related posts as 

described in Chapter 3.2.1, and present these as a bar chart to show the contribution of 

these three features to the prediction. The resultant bar chart is described according to 

ratios: less than 0% (a negative relevance) corresponds to a description of “not found”, 

0% to 30% to “small number”, 30% to 70% to “some”, and greater than 70% to “large 

number”. For example, “A large number of writing styles common to fake news have 

been found in the news content and related comments.” or “Some users who help 

spread misinformation have been detected.” A sample bar chart and text description 

are shown in Figure 5c. 

Next, to study the impact of different types and levels of transparency on users, 

we use the model prediction and user explanation to design four different fake news 

flagging mechanisms based on the SAT model. SAT-1 (Figure 5a) supports only the 

lowest level of transparency, which provides only the intent and the prediction of the 

model. The user knows only that a piece of news is judged to be fake, but does not 

understand the logics and reasons. SAT-2a (Figure 5b) includes level 1 and 2 

transparency; in addition to the prediction, it also explains the model’s 

decision-making process via the bar chart. The user recognizes that the news event 

contains writing styles and sentiment common to fake news, but no suspicious users 
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are found. In addition to the information provided above, SAT-2b (Figure 5c) also 

describes the bar chart in detail. This makes it possible for us to compare the impact 

of different types of transparency (SAT-2a vs. SAT-2b) on users. SAT-3 (Figure 5d) 

supports the highest level of transparency, which contains the information provided 

above and exposes the model’s projection and uncertainty. In addition, as providing 

perfect automation is infeasible, we roughly describe the accuracy of the model as 

close to 90% (in Chapter 4 we illustrate model validation). This helps the user to 

grasp the model’s ability and make decisions more objectively, which help users to 

appropriately calibrate their trust in the model (i.e., preventing the user from 

over-trusting the model). Note that our research focuses on the actual impact of 

explanation. We do not deliberately adjust the accuracy, but faithfully represent the 

model’s performance. 
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(a) SAT-1 

 

(b) SAT-2a 

 

(c) SAT-2b 

 

(d) SAT-3 

Figure 5. SAT model explanation interfaces. 

According to the common features of fake news captured by AI, this post is more likely to be fake news.

According to the common features of fake news captured by AI, this post is more likely to be fake news.

Content

User

Sentiment

True Fake

A large number of writing styles common

to fake news have been found in the news

content and related comments.

No users who help spread misinformation

have been detected.

Some negative sentiments have been

captured from related comments, which is

a common method used by fake news to

incite users.

According to the common features of fake news captured by AI, this post is more likely to be fake news.

Content

User

Sentiment

True Fake

A large number of writing styles common

to fake news have been found in the news

content and related comments.

No users who help spread misinformation

have been detected.

Some negative sentiments have been

captured from related comments, which is

a common method used by fake news to

incite users.

Content

User

Sentiment

True Fake

According to the common features of fake news captured by AI, this post is more likely to be fake news.

The current system accuracy is close to 90%, please browse carefully to avoid misjudgment.
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Chapter 4 MODEL VALIDATION 

In this chapter, we describe experiments conducted on a real-world dataset to verify 

the performance of the proposed model, and also discuss in detail the generated 

explanations using actual news examples. 

4.1 Dataset 

We used the Weibo dataset (Ma et al., 2016), which contains news content and 

social-context information suitable for our model. As shown in Table 1, this contains 

4664 labeled data (labeled 0 for true news and 1 for fake); true news and fake news 

are equally divided. In this dataset, as fake news was collected from the Sina
1
 

community management center, it is produced from the perspective of fact-checking 

experts to identify “news articles that are intentionally and verifiably false, and could 

mislead readers” (Allcott & Gentzkow, 2017), rather than confusing definitions of 

fake news such as political satire, news parody, or news propaganda (Tandoc Jr et al., 

2018) in the past. 

Table 1. Weibo dataset. 

 Weibo 

Total news events 4664 

True news events 2351 

Fake news events 2313 

Total posts 3805656 

Avg. posts per event 816 

                                                      

1
 www.sina.com.cn 
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4.2 Experiment setup 

The Weibo dataset is divided into 70% for training, 20% for validating, and 10% for 

testing. The sequence length is set to 100 as the average number of posts is 127. We 

have also experienced the sequence length of 200 and 300, and observed that 

increasing the sequence length has very limited accuracy improvement in the 

validation set (length 100 is 94.54%, length 200 is 94.33%, and length 300 is 94.54%) 

but requires significant increase on the training time (61 seconds, 113 seconds, and 

168 seconds). For other hyperparameter settings, the LSTM hidden unit is set to 128, 

the learning rate is set to 0.005, and the size of each feature (details are represented in 

Chapter 3.1.1) is set to 10 with an LSTM input dimension set as 30. We adopt the 

Adam algorithm (Kingma & Ba, 2014) for optimization and cross-entropy as the loss 

function. To understand how inputs affect the prediction model, we also trained a 

model that uses only content features (with an LSTM input dimension of 10) and one 

that uses the content features in addition to the user features (with an LSTM input 

dimension of 20). We repeated our training process 10 times for each model with 

randomized dataset splits and reported the average accuracy on the testing set for a 

fair evaluation of learning performance. The results of baselines for comparison were 

directly cited from previous studies (Wang et al., 2020; Wang & Guo, 2020; Yu et al., 

2020; Yuan et al., 2019). 

4.3 Fake news detection performance 

The comparison of the learning performance of different models is shown in Table 2. 

The model with content, user, and sentiment (C-U-S) features achieves notable 

outcomes in accuracy (93.7%) and F1 score (93.8%), which is similar to 

state-of-the-art models trained on the Weibo dataset, including that of Wang et al. 
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(2020, accuracy: 88.6% and F1 score: 88.3%), Yuan et al. (2019, accuracy: 94.6%and 

F1 score: 94.5%), Wang and Guo (2020, accuracy: 96.3% and F1 score: 96.3%) and 

Yu et al. (2020, accuracy: 96.9% and F1 score: 95.9%). It should be noted that our 

main purpose is not to train the best model, but to generate the explanations, so this 

result is enough for us to carry out the next experiment. The model using only the 

content (C) features is inferior to other models but still achieves a reasonable outcome 

(accuracy: 81.9% and F1 score: 82.4%). This suggests that the document vector 

generated by the doc2vec algorithm effectively represents the meaning of the news 

content or relevant comments, where the model is able to find the fake news clues 

from the textual information. We also compared the model that utilized the content 

and user (C-U) features with the other models, and the results showed the user feature 

yielded significant improvements to accuracy (92. 9%) and F1 score (92.9%). 

Table 2. Detection accuracy on Weibo dataset. C model uses content features only, 

C-U model uses both content and sentiment features, and C-U-S model uses all three 

features. 

Model Accuracy F1 score 

C 0.819 0.824 

C-U 0.929 0.929 

C-U-S 0.937 0.938 

4.4 LRP explanation 

After the LSTM has been trained, the LRP algorithm is used to generate an 

explanation. The size of the explanation vector is the same as the LSTM input. We 

first sum all the (positive and negative) relevance to represent the contribution of the 

C-U-S features to the fake news detection and present this as a heatmap. Examples of 

fake news (5a) and true news (5b) posts are shown in Figure 6. From the post about 
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fake news events (Figure 6a), many fake news clues are captured (i.e., the positive 

relevance shown in the first row of each feature: color close to red) with few negative 

relevant clues (i.e., shown in the second row of each feature: color close to blue); 

whereas the opposite presentation (Figure 6b) is observed in the post about a true 

news event (i.e., a higher percentage of blue tiles than red ones). This result is in line 

with our experiment in Chapter 4.3; that is, the combination of the three features is 

important for identifying fake news. 

 

(a) Example of a fake news post    (b) Example of a true news post 

Figure 6. LRP explanation heatmap. To improve the presentation, we represent the 

length-100 sequence as 10 squares. 

To investigate in detail the fake news clues, we retrieve the three most relevant 

features. For the content features, as shown in Table 3, we observe that 1) news 

content is usually highly relevant, possibly because fake news has a common writing 

style; 2) some users comment that a certain news story is deceptive, which becomes a 

direct clue for the model prediction; and 3) fake news tends to lead to surprise or 

expressions of doubt, such as "Is this for real?". In terms of user features, although 

LRP finds many clues, we observe no special rules. For example, a malicious account 

used to spread fake news may have fewer friends or followers. It may be that since we 

integrate user information into a vector (input dimension is 10), it is difficult to 

identify each source of information independently. Finally, in terms of sentiment 

Content

User

Sentiment

Fake

Content

User

Sentiment

True

Positive

Negative

Positive

Negative

Positive

Negative

Positive

Negative

Positive

Negative

Positive

Negative
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features, as shown in Table 4, sentiment scores range from -1 to 1, that is, very 

negative to very positive. We find that comments about fake news events are rarely 

positive: perhaps this kind of article tends to invite emotional responses. 

Table 3. Highly relevant post content with fake news story. Since the Weibo dataset is 

in Chinese, we explain its meaning in the Description column. 

 
Relevance Content Description 

Fake1 

0.92 

刚学了个知识，和大家分享一下：如何判断

你的牙膏是否健康。在每个牙膏袋的尾部都

有个色块，绿色表示牙膏成份纯天然，蓝色

表示天然且含药物，红色表示含化学成份，

黑色表示纯化学成份合成。建议大家使用绿

色和蓝色的，快看看你家的牙膏健康吗? 

This news describes that 

there are different color 

marks on a toothpaste, 

where different colors 

indicate different 

ingredients (natural or 

chemical composition). 

0.72 
CCTV刚才辟谣了，这个颜色跟成份完全没

有关系噢！ 

This story has been 

proven fake. 

0.58 刚说去看看就发现又被忽悠了 
A user identifies the story 

as fake by him/herself. 

Fake2 

0.5 真的假的？完全无语了… 
The user doubts the 

authenticity of the story. 

0.48 

【这一家四口，搞晕了 13亿中国人！】杨

振宁 82时娶了 28岁的翁帆，如今，翁帆 68

岁的父亲翁云光和杨振宁 18岁的孙女喜结

连理。翁云光表示杨振宁将夫妇将到潮州参

加他与其孙女的婚礼......我完全不知道他们

将怎么称呼对方或者其子女今后该怎么相

互称呼了...... 

This news describes the 

complicated marriage 

relationships between two 

families. 

0.21 真的假的？[吃惊] 
The user doubts the 

authenticity of the story. 
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Table 4. Sentiment scores that are highly relevant to fake news. 

 Relevance Sentiment score 

Fake1 

0.8 -0.3 

0.66 -0.7 

0.36 -0.6 

Fake2 

0.46 -0.7 

0.41 0 

0.4 -0.8 

4.5 Relevance validation 

To verify whether highly relevant features are the basis for LSTM prediction, we first 

divided the testing data into two parts: those which the model classified correctly and 

those which the model classified incorrectly; thus the accuracy of one was 100%, and 

that of the other was 0%. We conducted two experiments on these parts. The first was 

to delete the posts that were highly relevant to true news and fake news in order of 

relevance (set the input to zero) using the correctly classified data, and then examine 

the changes in accuracy. The second was to delete the irrelevant posts in order of 

irrelevance using the misclassified data, and then examine the changes in accuracy. 

As shown in Figure 7a, if important clues are deleted one by one, accuracy decreases. 

In Figure 7b, when the irrelevant information is deleted, news that was originally 

misclassified is now corrected, and accuracy is improved. Once the noise (irrelevant 

posts) is deleted, the remaining relevant posts allow the model to make better 

predictions (suggesting that some relevant features may be misidentified as irrelevant 

features by LSTM). Through these experiments, we can ensure that LRP generates 

correct explanations for why the model makes its decisions. 
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(a) Deleting highly relevance posts on 

classified correctly data. 

(b) Deleting irrelevant posts on 

misclassified data. 

Figure 7. Quantitative verification of impact of relevance on model prediction. 

A recent study (Zhou et al., 2021) indicates the aforementioned evaluation 

approach may be unable to account for nonlinear interactions, and the accuracy of the 

model prediction can be questionable. To examine this issue, we conduct a ground 

truth calibration proposed by Zhou et al. (2021) to further validate our LRP 

explanations. First, we reassign the labels of the Weibo dataset (0 to 1, and 1 to 0) to 

ensure that the model cannot rely on the existing features to achieve high accuracy. 

Next, we manipulate the inputs manually. If the reassigned label is 0, the sentiment 

score is reset to a negative value (from -0.1 to -1); whereas if the reassigned label is 1, 

the sentiment score in the sentiment features is reset to a positive value (from 0.1 to 1). 

Through the input manipulation, if the accuracy of the retrained model is close to 1, it 

suggests that LSTM is now relying on manual features to make the predictions. 

Finally, LRP is applied to the re-trained model. The attribution percentage (%Attr) 

represents the relevant ratio of manual features among all features, which is used to 

evaluate the effectiveness of the explanations. For example, if the %Attr is close to 1, 

it indicates LRP perfectly explains the LSTM model prediction. As suggested in Zhou 

et al.’s (2021) study, we also conduct experiments to examine the relationship 

between accuracy and %Attr in both large-scale (reset the sentiment scores of all 100 
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posts) and small-scale (reset the sentiment scores of only 10 posts) manipulations. To 

ensure a fair comparison, we repeat the training 10 times and evaluated the 

performance of average accuracy and %Attr. The results show the accuracy of the 

retrained model drops to about 0.5 when the labels are reassigned, and the accuracy 

increases to almost 1 after the input manipulations regardless of large-scale or 

small-scale manipulations. This suggests the model now relies on manual features to 

achieve high accuracy. Additionally, the average %Attr in the large-scale and 

small-scale manipulations are 82.01 and 40.04, respectively. While this is not the best 

result, Zhou et al. (2021) conclude there is no perfect feature relevance method and 

each method can only correctly generate a certain degree of explanations. However, 

these results suggested that the LRP is effective to a certain extent. If there is a better 

feature-based explainable method in the future, it can also be applied to our XFlag 

framework. 

4.6 Cross-validation with Twitter dataset 

We also apply our XFlag on the Twitter dataset (Ma et al., 2016) to ensure that it 

could work in a different language, as shown in Table 5. The experiment setup is 

almost as same as Chapter 4.2, but the model parameters are tuned in line with the 

Twitter dataset (such as 0.0005 learning rate). The result showed that accuracy is 

81.6%, although it is lower than the performance of the Weibo dataset (93.7%), it still 

has a certain degree of accuracy. Furthermore, most of the state-of-the-art models 

achieve inferior performance on the Twitter dataset, such as Ma et al. (2016, accuracy: 

88.1%; F1-score: 89.8%) and Ruchansky et al. (2017, accuracy: 89.2%; F1-score: 

89.4%). It could be explained that the Twitter dataset contains more complicated 

events that are difficult to identify by models. To verify the LRP explanation is useful, 

we conduct the experiment of Chapter 4.5. The result in Figure 8 showed that 
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accuracy decreased when the important clues were deleted, and accuracy improved 

when the irrelevant information was deleted, which revealed similar results as 

described before. In short, the results indicate the XFlag framework can apply to 

different datasets and languages. 

Table 5. Twitter dataset. 

 Twitter 

Total news events 992 

True news events 494 

Fake news events 498 

Total posts 1101985 

Avg. posts per event 1111 

  

(a) Deleting highly relevance posts on 

classified correctly data. 

(b) Deleting irrelevant posts on 

misclassified data. 

Figure 8. Quantitative verification of relevance on Twitter dataset. 
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Chapter 5 USER STUDY 

The approach proposed here (fake news detection model with the LRP algorithm) was 

validated in the previous chapter. However, the effects of user intentions in the 

proposed XFlag framework (i.e., ML and LRP methods along with the SAT model) 

remain unclear. To study both theoretically and empirically the influence of XAI on 

source credibility and trust establishment in human interaction with the developed 

XFlag mechanism, we conducted several rounds of survey studies.  

We first explore the impact on the data characteristics (raw data vs. summary) in 

XAI (i.e., how detailed the data should be represented to users to increase system 

explainability and algorithm transparency). Then we identify the effects of XAI 

dynamics on various levels of system transparency. 

5.1 First-round user study 

To verify users’ needs regarding the details of the XAI mechanism, we provided and 

examined the raw data of content, user, and sentiment features. When a participant 

views a news article and the prediction, the associated user comments, posters’ 

profiles (such as the number of followers and posts), and sentiment scores (ranging 

from -1: negative sentiment to 1: positive sentiment) are provided in the content, user, 

and sentiment perspectives, respectively, with an explanation of the purpose of each 

feature.   

Three levels of XAI approaches were provided in the 1
st
 round user study (Figure 

9), which adopted the concepts of the SAT model and provided the explanations to 

the predictions: level-1 (L1) XAI provided the predicted results without explanation 

(i.e., goals/actions); level-2 (L2) XAI delivered the predicted results along with the 
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reasoning processes (i.e., goals/actions and reasoning process); and level-3 (L3) XAI 

included L2 support and system uncertainty (i.e., goals/actions, reasoning process, 

prediction, and uncertainty). We followed a within-group design and recruited 43 

participants for this online survey study. A total of 15 news articles were randomly 

assigned to the users, for which each XAI condition was represented in 5 articles. The 

participant read the assigned article along with its XAI information and then identified 

the article’s authenticity in terms of its believability, truthfulness, and credibility. At 

the end of the study, the participants were asked to rate the perceived workload, 

system explainability, social media related features, and their beliefs in the three XAI 

conditions. 

 

Figure 9. An example of level-3 XAI in the first round user study. The participants 

receive the accuracy of the model (top of the figure), content feature, user features, 

and sentiment feature. 

According to the common features of fake news captured by AI, this post is more likely to be fake news.

The current system accuracy is close to 90%, please browse carefully to avoid misjudgment.

Content

Is this for real?

This news is really scary

Be careful everyone

User

Sentiment

Sentiment scores

Friends Followers Comments Mutual followers
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Among the three social media related features (i.e., content, user, and sentiment), 

ANOVA analysis showed a significant difference (F2,123=8.084, p<.001), where both 

content (p<.001) and user (p=.003) were more important than sentiment when 

evaluating the accuracy of proposed fake news alerts (no main effect was observed 

between content and user features). In addition, a repeated measures ANOVA shows a 

main effect of system explainability among XAI conditions, F2,123=4.982, p=.008. 

Pairwise T-tests revealed significant differences between L1 and L2 (p=.009), and L1 

and L3 (p=.006) conditions. Although the system explainability did significantly 

improve in the L2 and L3 conditions, the results indicated that participants perceived 

little difference in explainability between these two conditions. In addition, no effect 

was found between the perceived workload and user beliefs among all three (L1, L2, 

and L3) XAI conditions. This suggested participants encountered some difficulties to 

fully understand the differences between the XAI mechanisms. In other words, as 

participants observed better system explainability in the L2 and L3 XAI conditions, 

the associated beliefs should have varied, instead of being no difference between the 

conditions. These results indicated that providing raw data to participants may not be 

the most efficient way to enhance XAI capability. 

5.2 Second-round user study 

5.2.1: Pilot test—Source validation 

The Weibo fake news testing dataset was used in our experiments, in which the 

participants read the assigned news article and identified its authenticity using 

different types of XFlag assistance (details are introduced in Chapter 3.2.2). To ensure 

that it was not too easy for participants to discern the authenticity of the selected news, 

a pilot test was conducted to ensure that the news articles chosen in the user study 
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would simulate the appropriate effects. Fifteen student participants were recruited to 

read 50 preselected fake news articles from the Weibo testing dataset and rate the 

authenticity (true, fake, or uncertain) of each. Of these articles, we retrieved the top 12 

articles that most participants failed to judge as erroneous, and used these in the user 

study. 

5.2.2: Online survey user study—Experimental designs and conditions 

The experimental conditions were fully counterbalanced, in which each retrieved 

news article was randomly assigned to one of the four flagging mechanisms described 

in Chapter 3.2.2, along with the explanations generated by the XFlag application. In 

other words, the retrieved 12 fake news articles were randomly provided to the 

participants, along with a randomly assigned XFlag format. 

5.2.2.1: Participants. The empirical study followed a within-group design. One 

hundred thirty-six participants were recruited for this study (49 males and 87 females) 

via a social media platform (i.e., Facebook student groups), which helped to ensure 

that all the participants were experienced social media users. Several attention-check 

questions were deployed to make sure the participants paid sufficient attention to the 

questionnaire. Twenty-eight collected responses failed to pass these checks and were 

therefore removed, leading to a total of 108 remaining responses in the analysis. 

5.2.2.2: Procedures. The participants first read the consent form (Figure 10). Upon 

their agreement, in the training session, participants were instructed in detail about the 

kind of assistance provided via the four different types of XFlag flagging mechanisms. 

In the real tasks, the selected 12 news articles were assigned to each participant in 

random order, where the participant was to read the story along with its XFlag 

assistance, identify its authenticity, and offer her judgment via the survey questions 
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regarding the news article’s believability (“how believable do you find this article”), 

truthfulness (“how truthful do you find this article”), and credibility (“how credible 

do you find this article”). These items were adopted from Moravec et al. (2020) and 

measured on a 5-point Likert scale. A screenshot of the experiment is shown in Figure 

11. At the conclusion of the real task session, participants were asked to complete the 

questionnaire of a 5-point Likert scale to evaluate the influence of different XFlag 

mechanisms in terms of truthfulness (Moravec et al. 2020), perceived workload (Hart 

& Staveland, 1988), and explainability. The questionnaire followed the 

back-translation protocol by translating into Chinese to eliminate language problems. 

The participants were also asked to rate the importance between the content, user, and 

sentiment XFlag analyses and to select the most preferred XAI mechanism from the 

four different XFlag approaches. 

 

Figure 10. Experimental procedure. 
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Figure 11. A screenshot of the experiment. 
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Chapter 6 RESULTS 

The collected responses were composed of two parts: news-related data were used to 

evaluate the influence of SAT methods on the authenticity of the rated news (i.e., user 

ratings for a given article represented via different SAT conditions), and 

system-related data were used to examine the effects of system transparency on user 

understandability, explainability, workload, and trust in different SAT conditions. The 

data were analyzed using one-way ANOVA to compare the effects of the four 

experimental conditions, and a post-hoc test was used to further identify differences. 

6.1 Perceived news authenticity of different XFlag conditions 

The participants were asked to rate their attitudes regarding the assigned news 

article’s believability, truthfulness, and credibility. The questions were measured on a 

5-point Likert scale, where 1 represents strongly disagree and 5 strongly agree. Each 

article was randomly distributed to one of the SAT mechanisms (i.e., 

counterbalancing) to avoid order and sequence effects. 

The user’s believability was measured by “how believable do you find this 

article.” A repeated measures ANOVA showed a main effect among SAT conditions, 

F2,123=6.610, p<.001. A pairwise T-test revealed significant differences between 

SAT-1 and SAT-2a (p=.045), SAT-1 and SAT-2b (p=.003), SAT-1 and SAT-3 

(p<.001), and SAT-2a and SAT-3 (p=.021). Additionally, the user’s truthfulness 

(“how truthful do you find this article”) and credibility (“how credible do you find this 

article”) toward a news article via different SAT methods were also measured. Both 

truthfulness (F2,123=7.080, p<.001) and credibility (F2,123=7.190, p<.001) showed a 

main effect for the SAT conditions. The pairwise T-test revealed similar effects 

between SAT-1 and SAT-2b (p=.006; p=.004), SAT-1 and SAT-3 (p<.001; p<.001), 
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and SAT-2a and SAT-3 (p=.010; p=.010) regarding truthfulness and credibility 

aspects, respectively. Detailed results are provided in Figure 12. 

 

 
Believability Truthfulness Credibility 

SAT-1 2.75 2.81 2.59 

SAT-2a 2.56 2.64 2.42 

SAT-2b 2.48 2.56 2.34 

SAT-3 2.35 2.40 2.20 

F-ratio 

p-value 

F2,123=6.610 

p<.001 

F2,123=7.080  

p<.001 

F2,123=7.190 

p<.001 

Pairwise T-test 

SAT-1>SAT-2a (p=.045) 

SAT-1>SAT-2b (p=.003) 

SAT-1>SAT-3 (p<.001) 

SAT-2a>SAT-3 (p=.021) 

SAT-1>SAT-2b (p=.006) 

SAT-1>SAT-3 (p<.001) 

SAT-2a>SAT-3 (p=.010) 

SAT-1>SAT-2b (p=.004) 

SAT-1>SAT-3 (p<.001) 

SAT-2a>SAT-3 (p=.010) 

 

Figure 12. News authenticity ratings for four conditions. Bars show standard errors. 

6.2 Calibration of trust beliefs 

Since providing perfect automation is infeasible, trust in automation is related to the 

balance between a user’s expectations and her understanding about the system’s 

capabilities. An improper calibration of trust can lead to inappropriate results. To 

examine users’ trust beliefs between the types of SAT assistance, the average of their 

believability, truthfulness, and credibility ratings were used and categorized into two 

groups: under-trust (if the average rate was higher than 4.0, meaning users disagreed 

with the system’s suggestions and believed the news to be true) and appropriate-trust 
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(average rate lower than 3.0, indicating users agreed with the system’s predictions and 

believed the news to be fake). An ANOVA analysis showed significant differences 

among the XAI conditions (F2,123=6.670, p<.001). T-tests showed that significantly 

more under-trust effects were observed in SAT-1 than SAT-2a (p=.026), SAT-1 and 

SAT-2b (p=.006), SAT-1 and SAT-3 (p<.001) conditions. In addition, users 

significantly under-trusted SAT-2a aids compared to SAT-3 (p=.028). 

6.3 System understandability and explainability in SAT approaches 

As shown in Figure 13, system understandability was measured by whether it was 

easy to understand (“the AI system’s process is easy to understand”) and its clarity 

(“the AI system’s process is clear”). The ANOVA analyses revealed significant 

impacts on the ease of understanding (F2,123=9.850, p<.001), in which SAT-1<SAT-2a 

(p<.001), SAT-1<SAT-2b (p<.001), and SAT-1<SAT-3 (p<.001). Similar effects 

were also observed for the clarity construct (F2,123=12.330, p<.001), where 

SAT-1<SAT-2a (p<.001), SAT-1<SAT-2b (p<.001), and SAT-1<SAT-3 (p<.001). 

System explainability was evaluated by “the AI system provides sufficient 

explanations” and a main effect was observed (F2,123=31.81, p<.001). Pairwise T-tests 

revealed significant differences: SAT-1<SAT-2a (p<.001), SAT-1<SAT-2b (p<.001), 

SAT-1<SAT-3 (p<.001), SAT-2a<SAT-2b (p=.024), and SAT-2a<SAT-3 (p=.011). 

As expected, the results indicated that merely providing the prediction result fails to 

enhance system understandability and explainability. In addition, adding annotations 

(SAT-2b) and uncertainty (SAT-3) did increase system explainability. 
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Ease of understanding Clarity Explainability 

SAT-1 3.31 3.23 2.73 

SAT-2a 3.80 3.77 3.55 

SAT-2b 3.91 3.89 3.85 

SAT-3 3.87 3.94 3.89 

F-ratio 

p-value 

F2,123=9.850 

p<.001 

F2,123=12.330  

p<.001 

F2,123=31.810 

p<.001 

Pairwise 

T-test 

SAT-1<SAT-2a (p<.001) 

SAT-1<SAT-2b (p<.001) 

SAT-1<SAT-3 (p<.001) 

SAT-1<SAT-2a (p<.001) 

SAT-1<SAT-2b (p<.001) 

SAT-1<SAT-3 (p<.001) 

SAT-1<SAT-2a (p<.001) 

SAT-1<SAT-2b (p<.001) 

SAT-1<SAT-3 (p<.001) 

SAT-2a<SAT-2b (p=.024) 

SAT-2b<SAT-3 (p=.011) 

Figure 13. Understandability, clarity and explainability for the four conditions. Bars 

show standard errors. 

6.4 Trust and workload in SAT approaches 

User trust was examined via “I believe the AI system is trustworthy.” An ANOVA 

analysis showed significant differences among the XAI conditions (F2,123=9.320, 

p<.001). T-tests revealed differences between SAT-1 and SAT-2a (p=.027), SAT-1 

and SAT-2b (p<.001), SAT-1 and SAT-3 (p<.001), and SAT-2a and SAT-3 (p=.009) 

conditions. The NASA-TLX survey was used to measure the mental, temporal, effort, 

and performance aspects of the user’s perceived workload. Detailed results are shown 

in Figure 14. 
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Trust Mental Temporal Effort Performance 

SAT-1 3.19 3.64 3.55 3.48 3.06 

SAT-2a 3.44 3.29 3.26 3.13 3.41 

SAT-2b 3.67 3.06 3.12 3.06 3.44 

SAT-3 3.75 3.04 3.04 2.96 3.52 

F-ratio 

p-value 

F2,123=6.670 

p<.001 

F2,123=6.850 

p<.001 

F2,123=4.404 

p=.007 

F2,123=4.420 

p=.004 

F2,123=4.450 

p=.004 

Pairwise 

T-test 

SAT-1<SAT-2a 

(p=.026) 

SAT-1<SAT-2b 

(p=.006) 

SAT-1<SAT-3 

(p<.001) 

SAT-2a<SAT-3 

(p=.028) 

SAT-1>SAT-2a 

(p=.021) 

SAT-1>SAT-2b 

(p<.001) 

SAT-1>SAT-3 

(p<.001) 

SAT-1>SAT-2b 

(p=.007) 

SAT-1>SAT-3 

(p=.001) 

SAT-1>SAT-2a 

(p=.021) 

SAT-1>SAT-2b 

(p=.005) 

SAT-1>SAT-3 

(p<.001) 

SAT-1<SAT-2a 

(p=.001) 

SAT-1<SAT-2b 

(p=.005) 

SAT-1<SAT-3 

(p<.001) 

Figure 14. Trust and workload in four conditions. Bars show standard errors. 

6.5 Feature importance and user preferences 

The participants were asked to evaluate the importance of the provided system 

features (i.e., content, user, and sentiment). Significant differences were observed 

among the characteristics (F2,123=16.260, p<.001), where content was rated as more 

important than the user (p<.001) and sentiment (p<.001) aspects.  

To choose and apply the best SAT method to the social network context, a 

repeated measures ANOVA showed a main effect among SAT conditions 

(F2,123=46.830, p<.001). The highest rates were found for SAT-3 whereas SAT-1 

was the lowest. A pairwise T-test showed that SAT-1 was significantly lower than 

SAT-2b (p=.004) and SAT-3 (p<.001), SAT-2a was significantly lower than SAT-2b 
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(p=.048) and SAT-3 (p<.001), and SAT-2b was significantly lower than SAT-3 

(p<.001). 
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Chapter 7 DISCUSSION 

The proposed XFlag framework applies LSTM to detect fake news, LRP to generate 

the explanation vector, and SAT to enhance system transparency. As the present study 

focuses on investigating transparency in human-automation interaction, the following 

chapters discuss the development of the XFlag framework, the uses of SAT model 

and its resulting consequences for source authenticity, and user perception regarding 

the developed framework. 

7.1 Development of XFlag framework 

Most prior studies focused on algorithmic improvements, and insufficient research 

has been undertaken to investigate how to appropriately deliver understandable 

explanations or high transparent information to the end-users (Madumal et al., 2018). 

To address this issue, in this study the LRP algorithm and SAT structure were applied 

to the developed ML model to construct the relevant explanations. Three features 

were found (content, user, and sentiment) and the associated explanation vectors were 

visualized in a heatmap format. The validation results indicated the retrieved features 

were all important for identifying fake news; however, how to appropriately present 

the LRP explanations to users remained a crucial issue. 

In our first-round user study, the results revealed providing the raw data to 

participants enhanced little system transparency and resulted in low XAI capability. In 

other words, even if an XAI algorithm (such as LRP) produces explanations correctly, 

this does not mean that they are understandable to the users. To resolve this problem, 

the raw data were processed and organized into (visualized/textual) summary 

explanations in the second-round user study. We converted the relevance generated by 

LRP into a visual and/or textual format at SAT level 2 and an uncertain probability at 
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SAT level 3 to examine the influence of transparency levels. The empirical 

validations proved that the summary report generated by this feature-relevant method 

(i.e., LRP+SAT framework) was significantly more helpful for participants to identify 

fake news as well as improved system transparency than directly providing complex, 

raw explanations. We also observed interesting phenomena in the experimental results. 

Regarding the importance of three features, although content, user, and sentiment 

features were consistently presented in a bar chart form, participants felt that content 

was significantly more important than the other two types of features. This is because 

the content feature is usually directly linked to a piece of fake news, whereas user and 

sentiment features indirectly appear on the surface of social media (i.e., relatively 

indirect to associate with a news article). 

The aggregation approach proposed by Arras et al. (2017) was used in the 

present research, which summed up three feature relevances scores (content, user, and 

sentiment). As LRP generates both positive and negative relevance scores, summing 

up these scores may weaken the feature influence and lessen the model effectiveness. 

However, as this research aims to enhance XAI by integrating the LRP results with 

SAT model rather than optimizing the performance of positive and negative relevance 

scores, the aggregation approach was therefore adopted. Since LRP can compute the 

relevance of any neural network (e.g., ANN, CNN, and RNN), researchers can apply 

the trained model to LRP, compute the summary relevance, and develop transparency 

schemes based on the SAT model. For instance, researchers could apply more 

complex or flexible models (e.g., attention-based models) to our XFlag framework 

and compare its performance to a standard model such as LSTM. This framework 

thus facilitates applications of AI-based systems in real life. 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202200094

53 
 

7.2 SAT model in source authenticity 

To verify the relationship between the SAT mechanisms and the authenticity of a 

news story, the selected articles were represented using different SAT methods to 

examine their influence on user judgment. 

Most state-of-the-art fake news detection approaches only generate a true or 

fake prediction (Ruchansky et al., 2017), which is similar to the SAT-1 method used 

in the present study (i.e., provide high-accuracy predictions only). As expected, the 

lowest SAT (SAT-1) performed worst and the shortcomings of low transparency are 

observed in the significant differences between SAT-1 and the other three conditions. 

As observed in the lowest ratings in terms of believability, truthfulness, credibility, 

understandability, clarity, and explainability in source authenticity. The results 

suggest that prediction accuracy is not the only important factor; that is, the ability of 

the model does not completely correspond to the user’s level of trust in the system 

aids. In addition, the results also indicate that significantly more under-trust effects 

are found in SAT-1 than in the rest of SAT conditions. This concludes the lack of 

system transparency can prevent the users to appropriately rely on the system 

assistance and deteriorate the consequent outcomes.  

SAT level 2 (both 2a and 2b) helps users to better predict the logic of the AI 

model and comprehend the reason for its recommendations, which significantly 

improves system transparency with its visual and textual explanations. To be more 

specific, SAT-2a uses a bar chart to visually represent and summarize the source 

correctness; whereas SAT-2b adopts the SAT-2a approach with additional textual 

information to annotate the visual aids. Little difference is observed between SAT-2a 

and SAT-2b. As the information about the two conditions is stacked (bar chart vs. bar 
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chart + text description) rather than completely different, the textual annotation may 

serve as a supplementary resource to support additional information associated with 

the meaning of the bar chart, leading to minor variance between these two conditions. 

Although SAT-2a and SAT-2b seem to contribute similar effects to source 

authenticity, the influence of transparency types (i.e., visual aids vs. textual analyses) 

might contribute to different aspects for users in perceiving the information about the 

logic of an ML model. The transparency provision can be designed in various formats, 

where users may have different perceptions when the explanations are conveyed in 

different components, such as text, formulas, or graphs (Zhao, Benbasat, & Cavusoglu, 

2019).  

SAT-3 includes the SAT-2b features and reveals the system uncertainty for the 

provided prediction, which supports the most detailed information to enhance system 

transparency. Given the features of visual summary, textual annotations, and system 

uncertainty, SAT-3 outperforms SAT-2a in terms of system explainability. This 

indicates that revealing system uncertainty allows users to further learn the notion of 

the AI model and the limitations of model capability. In other words, the users are 

able to better identify the authenticity of a news article and balance their reliance on 

the system recommendations, leading to the highest perceived transparency. 

Additionally, the results reveal that users have higher beliefs in SAT-3 than SAT-2a 

and under-trust SAT-2a than SAT-3. However, these effects are not found between 

SAT-2b and SAT-3. This infers the visual summary may not be enough to fulfill the 

user’s need to understand the logic behind the system’s recommendation, where the 

deficiency in this regard contributes to significantly lower source rates in SAT-2a than 

SAT-3. This phenomenon is reduced with the aid of textual annotations, resulting in 

little difference between SAT-2b and SAT-3. In other words, the use of textual 
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information does increase user beliefs and help them to appropriately trust the system 

recommendations. Combining different transparency provisions can efficiently 

enhance XAI performance and the use of different transparency formats generates the 

synergistic effects that compensate for the insufficient information generated by a 

single type of transparency component. However, the contribution of the transparency 

provision strategies may accumulate in a non-linear manner, as little difference is 

observed between SAT-2b and SAT-2a/SAT-3 but users perceived SAT-2a and 

SAT-3 significantly different. 

7.3 User perception in XFlag framework 

Our findings suggest that increased system transparency (from SAT-1 to SAT-3) 

significantly assists participants to understand the decision-making process of the AI 

detection model, enhances their trust in the developed XFlag aids, and reduces their 

workload for identifying source authenticity (such as fake news in this study). For 

instance, the SAT-3 flagging mechanism is rated as the most preferable approach, 

which supports the highest system explainability with little influence on the perceived 

workload. In a post-experiment open-ended question, participants mentioned that 

“SAT-3 provides the system accuracy with the detailed description at the same time”, 

“the quantitative results along with the system accuracy help me to be more aware of 

the source credibility and the associated system predictions”, and “if AI cannot 

provide sufficient information to users, it may also be a kind of fake information”, 

where these features allow users to better balance the system’s capabilities and their 

attitudes regarding the trustworthiness of the XFlag aids and how much they should 

rely on them. 
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Prior studies (Chien, Lewis, Sycara, Kumru, & Liu, 2020; Chien, Lewis, Sycara, 

Liu, & Kumru, 2016, 2018) concluded that trust is dynamic and an individual’s 

cultural characteristics or personality traits significantly affect system usage through 

changes in trust. Although the developed XFlag framework provides various 

explanations to enhance XAI along with compelling results, however, how individual 

differences influence an individual’s intentions (such as confirmation bias or 

technology acceptance) should be carefully investigated. For example, an individual 

from a culture with low uncertainty avoidance may have similar reliance in SAT-2 

and SAT-3 conditions. 
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Chapter 8 CONCLUSION AND FUTURE 

WORK 

The present study proposes XFlag, an innovative XAI framework which uses LSTM 

to identify fake news articles, the LRP algorithm to explain the fake news detection 

model based on LSTM, and the SAT model to enhance transparency in human–AI 

interaction. The results not only confirm the benefits of system transparency but also 

suggest that the XFlag framework is effective in assisting users to understand the 

system process and validate the correctness of the source. Improving the performance 

of the detection model is merely the first step in applying AI to daily life. Our study 

has taken the second step, which is to help users to understand and trust its 

suggestions, and thus further ensure its usefulness. Our contribution can be 

summarized as follows: 

(1) Concentrating on improving model accuracy is insufficient to facilitate 

human–AI interaction. The proposed XFlag helps users to identify source 

authenticity, increases AI model transparency, and facilitates human–AI 

interaction, with little cost of perceived workload.    

(2) Generating explanations which are then presented in suitable formats greatly 

influences user intention and system outcomes. Our findings suggest that 

instead of displaying raw data, it is better to deliver a summary explanation to 

communicate the system’s logical process and clarify its intent to users.  

(3) The proposed XFlag framework is applicable to various fields. Researchers 

may select the required ML model (such LSTM in our study), use the LRP 

algorithm to retrieve the dominant features from the chosen neural network, 
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and integrate the SAT model to output the relevance at the desired 

transparency level. 

The study has been empirically validated and the results show strong potential in 

enhancing human–AI interaction. Performance improvements in system transparency 

and user trust show that XFlag-based aid can be effectively used by operators and 

potentially could lead to superior performance even under more complex AI models 

in which transparency and explainability among AI-related elements is more difficult.  

For the proposed XFlag framework, one of the limitations is the use of the 

aggregation approach in LRP. To address this issue, researchers might use the 

accumulated positive and negative relevances differently to optimize its performance. 

Future research may conduct a post-study interview to collect user feedback (i.e., 

qualitative approach) for gaining insights and improving the developed framework. In 

addition, overtrust and overreliance have been observed in a variety of studies. Apart 

from the aforementioned directions, random control should be implemented in the 

future to identify whether the participants simply rate more trust in systems with more 

explanations or are convinced that the news is fake with more but wrong explanations. 

We plan to perform random control and utilize both true and fake news articles to 

rigorously examine these issues. 
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