
Meta-Path-based Fake News Detection Leveraging Multi-level
Social Context Information

Jian Cui
S2W Inc.

Seongnam, South Korea
cj19960819@gmail.com

Kwanwoo Kim
Korea Advanced Institute of Science and Technology

Daejeon, South Korea
kw2128@kaist.ac.kr

Seung Ho Na
Korea Advanced Institute of Science and Technology

Daejeon, South Korea
harry.na@kaist.ac.kr

Seungwon Shin∗
Korea Advanced Institute of Science and Technology

Daejeon, South Korea
claude@kaist.ac.kr

ABSTRACT
Fake news, false or misleading information presented as news, has
a significant impact on many aspects of society, such as in politics
or healthcare domains. Due to the deceiving nature of fake news,
applying Natural Language Processing (NLP) techniques to the
news content alone is insufficient. Therefore, more information is
required to improve fake news detection, such as the multi-level
social context (news publishers and engaged users in social me-
dia) information and the temporal information of user engagement.
The proper usage of this information, however, introduces three
chronic difficulties: 1) multi-level social context information is hard
to be used without information loss, 2) temporal information of
user engagement is hard to be used along with multi-level social
context information, and 3) news representation with multi-level
social context and temporal information is hard to be learned in an
end-to-end manner. To overcome all three difficulties, we propose a
novel fake news detection framework, Hetero-SCAN . We use Meta-
Path, a composite relation connecting two node types, to extract
meaningful multi-level social context information without loss. We
then propose Meta-Path instance encoding and aggregation meth-
ods to capture the temporal information of user engagement and
learn news representation end-to-end. According to our experi-
ment, Hetero-SCAN yields significant performance improvement
over state-of-the-art fake news detection methods.

CCS CONCEPTS
• Computing methodologies → Artificial intelligence; • In-
formation systems→ Social networks.
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1 INTRODUCTION
The wide dissemination of fake news has become a major social
problem in the world. The most recent and infamous distribution
of fake news was in the 2020 United States presidential election
fraud [9] and COVID-19 rumors [1]. Both industry and government
are making efforts to prevent the spread of fake news [10]. Nev-
ertheless, fake news verification still relies on human experts and
their manual efforts in analyzing the news contents with additional
evidence. Therefore, there should be an automatic and efficient way
to identify the veracity of the news.

The most typical way to detect fake news is applying Natural
Language Processing (NLP) techniques on the news content [15,
18]. Considering that even people struggle in identifying the news
authenticity by the news content alone, these NLP solutions are
hard to be effective. Thus, more information is required to improve
fake news detection.

The first important information is the users in social media. So-
cial media is one of the most influential mediums to propagate
information, and it has become a common practice for people to
share their thoughts in social media. Even though regular users
use social media as a communication tool, some users, known as
instigators, intentionally spread fake news. Instigators usually have
a highly partisan-biased personal description and a lot of followers
and followings, which is significantly different from the profiles
of regular users (See in Figure 1). Therefore, analyzing the users
engaged in the news can provide additional evidence for identi-
fying news authenticity. The publisher information can also play
an important role because certain partisan-biased publishers are
more likely to publish fake news [3, 5, 6]. As such, information
of users and publishers can be viewed as multi-level social con-
text information, and they provide additional clues for fake news
detection.

In addition to multi-level social context information, temporal
information of user engagement (temporal information for short) is
another instrumental information in fake news detection. Fake and

https://doi.org/10.1145/3511808.3557394
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User

User B

“Football lover.”

Following: 159 
Follower: 52

User A

“Trump Supporter, Hillary 
belongs to the jail”

Following: 69.9K 
Follower: 70.9K

Factual Reporting: VERY LOW
Credibility Rating: LOW 

“publish”
News title: New Jersey police chief says black 
people have no value and should all be executed
News Content:  
The former police chief of a small New Jersey 
town said African-Americanshad “no value”  …

Publisher

“tweet”

News

A B

Figure 1: Example of fake news distribution and dissemina-
tion. Publishers publish the news, and users tweet the news.
Some publishers are regarded as low credibility sources ac-
cording to the famous fact-checking website, MBFC. User A
is an example of an instigator in Twitter, and User B is an
example of a regular user.

real news show different propagation properties in social media:
Fake news is periodically mentioned by people and usually lasts
longer, but real news receives attention only at the beginning of
the news publication [27]. In this context, the temporal information
should be included in the news representation along with multi-
level social context information.

Using multi-level social context and temporal information, how-
ever, leads to three chronic difficulties. Firstly, due to the hetero-
geneity of multi-level social context information, it is hard to use
this information without loss. Secondly, temporal information is
hard to be used along with multi-level social context information.
The graph is a typical way to present social context and its con-
nectivity to the news, but the graph itself has complications in
presenting temporal information. The last difficulty is to learn the
news representation end-to-end. The information we attempt to
use: multi-level social context and temporal information, involves
different kinds of information, which will increase the difficulty of
adopting end-to-end learning. Although different kinds of infor-
mation can be dealt with by making their respective sub-tasks, as
FANG [31] did, it is inevitable to suffer from error propagation prob-
lem: the errors from sub-tasks can propagate to the final fake news
detection. Therefore, it is necessary to adopt end-to-end learning
to improve the fake news detection performance.

To the best of our knowledge, existing approaches fail to ad-
dress all three difficulties, so we propose a novel fake news detec-
tion framework, Hetero-SCAN , to tackle above-listed difficulties. In
Hetero-SCAN , to preserve multi-level social context information,
we use theMeta-Path. Meta-Path is a composite relation connecting
two node types, aiming to capture the semantics in the hetero-
geneous graph. We define two Meta-Paths containing different
aspects of news (users and publishers) to extract multi-level social
context information without information loss. Moreover, Meta-Path
instance encoding and aggregation methods are proposed to cap-
ture the temporal information of user engagement and learn the
news representation end-to-end.

To show that our proposed method outperforms existing solu-
tions, we test Hetero-SCAN with two real-world datasets [16, 31],

Table 1: Comparison of Hetero-SCAN with exiting graph-
based fake news detection methods.

Multi-level
Social Context

Information
Preserving

Temporal
Information

End-to
-end

CSI [38] ✗ ✓ ✓ ✓

SAFER [13] ✗ ✗ ✗ ✓

FANG [31] ✓ ✓ ✓ ✗

AA-HGNN [36] ✗ ✓ ✗ ✓

Hetero-SCAN ✓ ✓ ✓ ✓

and the results show that Hetero-SCAN achieves significant im-
provement over previous approaches. Our code with data is released
on the Zenodo 1 for reproducibility. Our major contributions are:
(1) We pose three chronic difficulties in social context aware fake

news detection and address them by proposing a novel fake
news detection framework, Hetero-SCAN .

(2) We conduct diverse experiments on the two real-world fake
news datasets, covering the broad definition of fake news
(Section 3), and demonstrate that Hetero-SCAN shows better
performance than existing solutions.

(3) We analyze the temporal behavior differences of engaged
users between intentional and unintentional fake news.

2 RELATEDWORK
2.1 Fake News Detection
Fake news detection methods can be categorized into two types:
content-based and graph-based approaches.

The content-based approach models the content of the news,
such as headline or body text, to detect news authenticity. Some
research on content-based approaches utilizes linguistic features
such as stylometry, psycholinguistic properties, and rhetorical rela-
tions [12, 33, 34, 37]. Researchers also use Multi-modal approaches,
the combination of visual and linguistic features to verify the news
authenticity [20, 24, 35, 45, 47].

The graph-based approach, also known as the social context
aware approach, adds auxiliary information of the user or publisher
to model the news. CSI [38] is a framework that aims to capture the
information of users and their temporal engagements. CSI, however,
did not consider publishers, and the connections between users and
news were also ignored. Bi-GCN [11] and SAFER [13] use Graph
Convolution Network (GCN) [25] to obtain the news representation
with user information. However, they suffer from a information loss
since they present news and user information in a homogeneous
graph. In other words, they fail to taking the node and relation
types into account. Most recently, FANG [31] is proposed to pre-
serve information by dividing the fake news detection task into
several sub-tasks, such as textual encoding and stance detection.
Nonetheless, dividing into sub-tasks causes the error propagation
problem: If the sub-tasks have errors, the errors can propagate up to
the final news representation and thereby deteriorate the detection
performance. AA-HGNN [36] uses adversarial active learning and

1https://doi.org/10.5281/zenodo.6565547
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extends Graph Attention Network (GAT) [44] into the heteroge-
neous graph to learn the news representation with limited data.
Information of users and their temporal engagement, however, are
not considered in AA-HGNN. Table 1 compares Hetero-SCAN and
existing fake news detection methods.

2.2 Graph Neural Network
Graph Neural Network, the extension of the deep learning method
into graphs, shows its effectiveness in graph-represented data. The
first method proposed is Graph Convolutional Network (GCN) [25]
which aggregates the features from the adjacent nodes in the graph.
To further improve it, somemethods adopt the attentionmechanism
and random work with restart sampling strategy, namely Graph
Attention Network (GAT) [44] and GraphSAGE [22].

As these methods are designed for homogeneous graphs, they
are not general enough to apply to the heterogeneous graph, so new
approaches tailor to heterogeneous graphs are then proposed. To
model the multi-relations in the graph, the Relation aware GCN (R-
GCN) [39] is proposed first. HetGNN [50] uses a sampling strategy
based on random walk with restart and Bi-LSTM to aggregate the
node features in the heterogeneous graph. Later, the methods based
on Meta-Path and attention mechanism, such as HAN [23] and
MAGNN [19], are proposed.

3 PRELIMINARIES
Definition 3.1 (Broad Definition of Fake News). Fake news is

false news.

Definition 3.2 (Narrow Definition of Fake News). Fake news is
intentionally false news published by a news outlet.

The term fake news has recently been defined by the work of
Zhou, Xinyi and Reza Zafarani [51]. They define fake news in two
scopes, broad and narrow. The broad definition emphasizes the
authenticity of the information, and the narrow one emphasizes
the intention of the author. In line with most research on fake news
detection, we also employed a broad definition of fake news for the
evaluation.

Definition 3.3 (Heterogeneous Graph). A heterogeneous graph
is defined as a graph G = (V, E) associated with a node type
mapping function 𝜙 : V → A and an edge type mapping function
𝜓 : E → R.A and R denotes the predefined sets of node types and
edge types, respectively, with |A| + |R| > 2.

Definition 3.4 (Meta-Path). A Meta-Path 𝑃 is defined as a path

in the form of 𝐴1
𝑅1−−→ 𝐴2

𝑅2−−→ ...
𝑅𝑙−−→ 𝐴𝑙 (abbreviated as 𝐴1𝐴2 ...𝐴𝑙 ),

which describes a composite relation 𝑅 = 𝑅1 ◦ 𝑅2 ◦ ... ◦ 𝑅𝑛 between
node types 𝐴𝑙 and 𝐴𝑙+1, where ◦ denotes the composition operator
on relations.

Definition 3.5 (Meta-Path Instance). Given a Meta-Path 𝑃 of a
heterogeneous graph, a Meta-Path instance 𝑝 of 𝑃 is defined as a
node sequence in the graph following the schema defined by 𝑃 .

4 METHODOLOGY
4.1 Graph Construction & Feature Engineering
To integrate multi-level social context information, we build a het-
erogeneous graph of news (Figure 2). The graph consists of three

Node2Vec

Doc2Vec

Node2Vec

Doc2Vec

Doc2Vec

Source 
Homepage

Source 
Graph

News 
Content

User Profile

User Graph

Publisher User

Citation Publish TweetFriendship

News

Figure 2: Heterogeneous Graph of News and Node Feature
Engineering.

types of nodes (publisher, news, and users) and four types of edges
(citation, publication, tweet, and following). Formally, the hetero-
geneous graph of news is noted as G(V, E), and the set of three
node types are symbolized as A = {𝐴𝑝 , 𝐴𝑛, 𝐴𝑢 }.

Before utilizing this heterogeneous graph, it is necessary to con-
struct initial node features for three types of nodes in the graph. For
news nodes, Doc2Vec [28] is applied to the news article to construct
their initial features. The user and publisher nodes, however, need
additional information to construct their respective initial features.
Users’ profiles are used for user nodes feature construction since
the importance of the user profiles for detecting news authenticity
has been proved by Shu, Kai et al. [42]. The distinct feature of each
publisher is acquired from about-us pages on their official websites;
If there is no about-us page on the publisher’s official website, we
use Wikipedia’s description instead. Doc2Vec is applied again to
leverage these text contents. To also include the structural role
they play in their respective networks, we apply Node2Vec [21] to
capture user connections and citations among publishers as fea-
tures. By concatenating the two vectors obtained from Doc2Vec and
Node2Vec, we construct the initial features of user and publisher
nodes. Figure 2 shows the overall node feature construction process.

4.2 Meta-Path Instance Extraction
After constructing initial node features, we then need to learn
the news representation containing multi-level social context and
temporal information. Multi-level social context information should
be used without loss, which is the first difficulty to overcome. To
address this difficulty, we use the concept, Meta-Path (defined in
Section 3). Meta-Paths can be used to extract meaningful social
context with respect to publishers and users. We define two Meta-
Paths that can reflect the method used in actual news factualness
verification. When people verify the news authenticity, they need to
cross-check both publisher and the news published by this publisher.
The same goes for users: User information, as well as the news tweet
by the user, needs to be reviewed. From these two intuitions, a set
of Meta-Path P that we defined is:

P ∈ {P𝑈 ,P𝑆 } (1)

where P𝑈 : 𝑁𝑒𝑤𝑠 → 𝑈𝑠𝑒𝑟 → 𝑁𝑒𝑤𝑠 and P𝑆 : 𝑁𝑒𝑤𝑠 → 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟

→ 𝑁𝑒𝑤𝑠 .
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Figure 3: Extracting Meta-Path instances of the target news
node 𝑥𝑁2 .

After defining a set of Meta-Path, we extract Meta-Path instances
𝑝 following each Meta-Path, P𝑆 or P𝑈 , for each target news node.
To efficiently extract Meta-Path instances, we first divide the whole
graph into two sub-graphs, which only contain the nodes types
specified in the Meta-Path, P𝑆 or P𝑈 . Then, in each sub-graph, the
Meta-Path instances following each Meta-Path are extracted. The
corresponding collection of features are fed into Hetero-SCAN to
get the final representation of the target news node. The sets of
instances following two Meta-Path P𝑆 and P𝑈 are denoted as P𝑆
and P𝑈 respectively. For instance, if we want to extract the Meta-
Path instances of the target news node 𝑥𝑁2 in Figure 3, we first
divide the whole graph into two sub-graphs. One is composed of
news and publisher nodes, and the other is made of news and user
nodes. Then, the Meta-Path instances follow Meta-Path P𝑆 or P𝑈
are selected from each sub-graph, and the corresponding features
of nodes along these Meta-Path instances will be prepared for our
model. The Meta-Path instance 𝑝1 is made of features of nodes
following Meta-Path P𝑆 : 𝑁𝑒𝑤𝑠 → 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 → 𝑁𝑒𝑤𝑠 , which is
𝑥𝑁1 , 𝑥𝑃1 and 𝑥𝑁2 in the graph. In the same manner, 𝑝2, 𝑝3 and 𝑝4
are extracted. For the target node 𝑣 , we use P𝑆 and P𝑈 to denote
the set of Meta-Path instances follow each Meta-Path. In this case,
P𝑆 = {𝑝1, 𝑝2} and P𝑈 = {𝑝3, 𝑝4} are set of Meta-Path instances of
target node 𝑥𝑁2 .

There are usually a large number of users engaged per news in
the real world. To cope with this situation, we extract Meta-Path
instances from our heterogeneous graph of news with random
sampling. Specifically, a certain number of Meta-Path instances are
randomly sampled for each news node according to a pre-defined
Meta-Path. At last, the Meta-Path instances from the Meta-Path
P𝑈 are sorted chronologically before being fed into the proposed
model to make Hetero-SCAN aware of chronological information
of Meta-Path instances. In the following sections, we assume that
the Meta-Path instances from P𝑈 are sorted in chronological order.

4.3 Model Architecture
Hetero-SCAN takes vectors from the previous step as input and
processes them through four steps as shown in Figure 4 to tackle
the yet addressed chronic difficulties.

Table 2: Formulation of Encoding Method.

Method Original In Our Paper

TransE e𝑠 + e𝑝 𝑀𝐸𝐴𝑁 [(h𝑢 + 𝑟 + 𝑟−1), (h𝑤 + 𝑟−1)]
ConvE [e𝑠 ∥ e𝑝 ] ∗W [h̃𝑢 ∥ 𝑟 ∥ h̃𝑤 ∥ 𝑟−1] ∗W
RotatE e𝑠 ⊙ e𝑝 𝑀𝐸𝐴𝑁 [(h𝑢 ⊙ 𝑟 ⊙ 𝑟−1), (h𝑤 ⊙ 𝑟−1)]

4.3.1 Node Feature Transformation. The initial node features
have different dimensions since different sources and techniques
are used in the feature engineering process (Section 4.1). To make
them lie in the same latent space, we apply the type-specific linear
transform on the features of each type of node. Type-specific trans-
formation refers to the linear projection of a vector into another
dimension for each type of node in the graph. The transformed
feature for a node 𝑣 ∈ V𝐴 of type 𝐴 ∈ A is:

h𝐴𝑣 = W𝐴 · x𝐴𝑣 (2)

where x𝑣 ∈ R𝑑𝐴 is the initial feature of node 𝑣 , andW𝐴 ∈ R𝑑
′×𝑑𝐴

is the learnable type-specific weight matrix for node type 𝐴.

4.3.2 Meta-Path Instance Encoding. The first step transformed
all the features of the node into the same dimension. We then need
to efficiently summarize the Meta-Path instances for the remaining
aggregation steps, which is important in capturing temporal infor-
mation and learning the representation end-to-end. To efficiently
encode node features, we adopted the method that shows excellent
performance in knowledge graph triple embedding [17, 43, 48].

Themajor advantage of using knowledge graph triple embedding
is the structural similarity between knowledge graph triples and
our Meta-Paths. In the knowledge graph, the knowledge graph
triple usually refers to the subject, predicate, and object (𝑠, 𝑝, 𝑜).
The Meta-Path we defined is similar to the knowledge graph triple
in a sense that Meta-Path is the same format along with one more
entity and relation. Formally,

Knowledge graph triple:e𝑠
e𝑝
−−→ e𝑜

Meta-Path:h𝑢
𝑟−→ h𝑤

𝑟−1−−−→ h𝑣
(3)

where 𝑣 is target node, 𝑢 and𝑤 refer to the nodes along the Meta-
Path. Considering the Meta-Path we defined in the Section 4.2,
𝑣 ∈ 𝐴𝑛 , 𝑢 ∈ 𝐴𝑛 , and 𝑤 ∈ {𝐴𝑝 , 𝐴𝑢 }. The 𝑟 and 𝑟−1 is the relation
between𝑢,𝑤 and𝑤 , 𝑣 respectively. h is the transformed embedding
of the node as we stated in Section 4.3.1, and e is the embedding of
the knowledge graph triple.

Several research on knowledge graph domain tackle the triple
embedding problem [17, 43, 48]. We use TransE [48] as our main
encoding method for the proposed model. TransE [48] represents
relations as translations, so the object vector e𝑜 in the triple is
considered as a translation of subject vector e𝑠 on predicate vector
e𝑝 . Other than TransE, RotatE [43] and ConvE [17] knowledge
graph embedding methods are also examined in our work. Ablation
study on different knowledge graph triple embedding methods and
their descriptions are provided in the Section 5.5.

In knowledge graph, there are usually explicit features for pred-
icated (e𝑝 in Equation 3), but in our case, there is no explicit fea-
tures for the relations (𝑟 in Equation 3), so we use learnable em-
bedding vectors to present relations. Inverse relationships, such
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Figure 4: Architecture of Hetero-SCAN .

as 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 − 𝑁𝑒𝑤𝑠 and 𝑁𝑒𝑤𝑠 − 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 , are represented by
taking the sign inverses. For instance, if we define 𝑟 as the em-
bedding of 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 −𝑁𝑒𝑤𝑠 relationship, the inverse relationship,
𝑁𝑒𝑤𝑠−𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 is 𝑟−1 = −𝑟 . Our encoding function 𝑓𝑒𝑛𝑐 is defined
as:

h𝑝 = 𝑓𝑒𝑛𝑐 (𝑝) = 𝑓𝑒𝑛𝑐 (h𝑢 , 𝑟 , h𝑤 , 𝑟−1) (4)

The existing knowledge graph triple embedding methods ex-
plained above are designed for two nodes and the relation between
them. In our Meta-Path, we have a total of three nodes and two
relations in a Meta-Path instance. We deal with this by slightly
tuning the formulation to fulfill our needs. The original formula-
tion of knowledge graph triple embedding methods and ours are
summarized in Table 2. In this table, the h̃ means the reshape of
vector h in a 2D form, and the ⊙ and ∥ represent the element-wise
product and concatenation of vector, respectively.

4.3.3 Meta-Path Instance Aggregation. The encoded vectors
from two different Meta-Paths are aggregated by using different
methods.

The encoded vectors fromMeta-PathP𝑆 : 𝑁𝑒𝑤𝑠 → 𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑟 →
𝑁𝑒𝑤𝑠 contain information of other news from the same publisher.
Among the news published by the publisher, not all news will con-
tain valuable information for detection. Thus, the model should
’focus’ on some of the news published by this publisher and in-
clude this information in the aggregated representation. For each
Meta-Path instance 𝑝 ∈ P𝑆 :

𝑒𝑝 = 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 (a𝑇 · h𝑝 )

𝛼𝑝 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑒𝑝 ) =
𝑒𝑥𝑝 (𝑒𝑝 )∑

𝑝′∈P𝑆 𝑒𝑥𝑝 (𝑒𝑝′)
(5)

where 𝑒𝑝 is the attention value calculated by multiplying encoded
Meta-Path instance h𝑝 with attention vector a ∈ R2𝑑

′
, and it is

normalized by a softmax function over all Meta-Path instances of
the target node 𝑣 , the result is denoted as 𝛼𝑝 above.

To alleviate the effect of the high variance of the data in a het-
erogeneous graph, we adopt multi-head attention mechanism. 𝐾
independent attention mechanisms execute the transformation as
shown in Equation 6, and their features are concatenated after they
pass the activation function 𝜎 . The output feature representation

can be formulated as:

hP𝑆
𝑣 =

𝐾

∥
𝑘=1

𝜎 (
∑︁
𝑝∈P𝑆

[𝛼𝑝 ]𝑘 · h𝑝 ) (6)

where [𝛼𝑝 ]𝑘 is the normalized attention value of Meta-Path in-
stance 𝑝 of target node 𝑣 at the 𝑘-th attention head.

Temporal information of user engagement is another critical fea-
ture to determine the veracity of the given news, and incorporating
this information is the second difficulty to resolve. To capture the
temporal information, we aggregate the Meta-Path instances follow
P𝑈 : 𝑁𝑒𝑤𝑠 → 𝑈𝑠𝑒𝑟 → 𝑁𝑒𝑤𝑠 through Recurrent Neural Network
(RNN). Since Meta-Path instances are already encoded in the previ-
ous step, we can directly feed them into the RNN. There are usually
a large number of users engaged per news, so we choose GRU [14]
as our RNN unit to avoid the vanishing or exploding gradients
problem.

hP𝑈
𝑣 = GRU(h𝑝1 , h𝑝2 , ..., h𝑝𝑛 ), 𝑝𝑖 ∈ PU (7)

The last hidden state of the GRU is used for the downstream task
as it is the high-level representation that summarizes the temporal
information of the user engagement.

4.3.4 Semantic Aggregation. Two vectors, hP𝑆
𝑣 and hP𝑈

𝑣 , from
previous step represents two different aspects of the news. The
final news representation is produced by fusing these two vectors,
which enables us to learn the news representation end-to-end (the
third difficulty). As two Meta-Paths show two different aspects of a
given news, the model should be able to weigh the importance of
the two aspects with different news. To this end, we adopt another
attention mechanism. Before applying the attention mechanism,
non-linear transformations are applied to summarize hP𝑆

𝑣 and hP𝑈
𝑣 .

Thus for 𝑃 ∈ {P𝑆 ,P𝑈 }:

𝑠𝑃 =
1
|V|

∑︁
𝑣∈V

𝑡𝑎𝑛ℎ(M𝐴 · h𝑃𝑣 + b𝐴) (8)

Here, M𝐴 ∈ R𝑑𝑚×𝑑′ and b ∈ R𝑑𝑚 is a learnable weight matrix and
bias vector. V is the set of news nodes.
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Thenwe apply the attentionmechanism to aggregate two vectors
to obtain our final news representation h𝑣 .

𝑒𝑃 = 𝑡𝑎𝑛ℎ(𝑞𝑇 · 𝑠𝑃 )

𝛽𝑃 =
𝑒𝑥𝑝 (𝑒𝑃 )∑

𝑃
′ ∈P 𝑒𝑥𝑝 (𝑒𝑃 ′ )

h𝑣 =
∑︁
𝑃 ∈P

𝛽𝑝 · h𝑃𝑣

(9)

where 𝑞 ∈ R𝑑𝑚 is the attention vector and 𝛽𝑃 is the normalized
importance of Meta-Path 𝑃 .

4.4 Training
The final representation of the target news vector is passed to the
classification layer to get the classification result. During training,
our predictions and labels are used to calculate the loss, and we
update the learnable parameters of the model by using the back-
propagation algorithm. The loss function used in Hetero-SCAN is
cross-entropy loss, which is:

L = −
∑︁

𝑦 log P𝑓 𝑎𝑘𝑒 + (1 − 𝑦) log P𝑟𝑒𝑎𝑙 (10)

5 EXPERIMENTAL RESULT AND ANALYSIS
5.1 Dataset and Settings
To test the effectiveness of our method, we conducted our experi-
ments with two real-world datasets: FANG [31] and FakeHealth [16].
The dataset FANG is composed of standard benchmark datasets that
are widely used in rumor and news classification study [26, 29, 40].
The original news content was obtained through the provided news
url, and for the 100 news urls that did not have the news content
available, resorted to manually searching the news title for the con-
tent. From provided tweet ids, users and their profiles on Twitter
could be found through the Twitter API [8]. The labels of the news
in FANG are obtained from two well-known fact-checking websites:
Snopes [7] and PolitiFact [4]. FakeHealth is another publicly avail-
able benchmark dataset for fake news detection, mainly focused
on healthcare. The dataset consists of two subsets, HealthStory
and HealthRelease; HealthStory was used in our study due to the
number of news articles in HealthRelease being too small. Health-
Story is collected from the healthcare information review website
HealthNewsReviews [2]. On this website, the professional review-
ers gave scores of 1 to 5 for each news. Similar to the original study
that published the FakeHealth dataset, an article is considered as
fake if the score is less than three and real otherwise. The detailed
statistics of the dataset used in our experiment are listed in Table 3.

Table 3: Dataset Statistics.

FANG HealthStory

# News 1,054 1,638
# Fake News 448 460
# Real News 606 1,178

# Users 52,357 63,723 (sampled)
# of Users per News 71.9 227.26

# Publishers 442 31

In each dataset, we used 70% of news articles as our training
set, and the remaining 30% of news articles are further divided into
equal sizes of validation and test set. For the hyper-parameters, the
transformed hidden dimension and the learning rate are set to 512
and 0.0001, respectively. The early-stopping training strategy with
patience 20 is adopted to avoid overfitting.

In addition, in the testing phase of the experiment, Hetero-SCAN
could encounter new publishers or users, and we cannot make
Node2Vec features for them because the Node2Vec model is inca-
pable of generating embeddings for new nodes unless we rerun the
Node2Vec for the graph including those new nodes. Therefore, in
our experiment, only for seen users and publishers, we input the
Node2Vec features calculated in the training step; for new users
and publishers in the testing phase, we set all Node2Vec features to
0-vectors to guarantee a realistic test setting.

5.2 Evaluation of ML Algorithms on News
Embedding

We trainedHetero-SCAN by connecting the output representation to
a fully connected layer to classify the news. After training, we eval-
uated our news representation with five classical machine learning
baselines, such as Naive Bayes, Logistic Regression, etc. The metrics
used for comparison are precision, recall, accuracy, F1 score, and
AUC score, and the evaluation results are summarized in Table 4.

As shown in Table 4, the trained classification layer gives rela-
tively better results than the other machine learning algorithms in
terms of F1 score and accuracy because the classification layer is op-
timized by the classification objective (cross-entropy loss). In terms
of AUC score, SVM gives the best result in the FANG dataset, but
Logist Regression gives the best result in the HealthStory dataset.
Based on this, SVM and Logistic Regression are chosen as the clas-
sification algorithms for their respective dataset for subsequent
evaluations. Note that regardless of downstream classification
methods, Hetero-SCAN surpass any existing fake news detec-
tion methods (details in Section 5.3). In the dataset - HealthStory,
Hetero-SCAN does not give an ideal result. The explanation for the
result on the HealthStory dataset is further discussed in Section 6.2.

5.3 Comparison with Existing Methods
To show the efficacy of the proposed Hetero-SCAN , we compared
Hetero-SCAN with existing fake news detectionmethods. The bench-
marked detection methods can be categorized into text-based and
graph-based approaches. For text-based approach, we use three
different document embedding methods, TF-IDF, LIWC [32], and
Doc2Vec [28], combined with SVM as baselines; and several rep-
resentative graph-based fake news detection frameworks [13, 31,
36, 38] are also compared in this experiment. The explanations of
aforementioned fake news detection methods are listed below.
• TF-IDF + SVM: TF-IDF is short for term frequency-inverse
document frequency. It is intended to represent the importance
of a word in a document. Feature vectors were extracted based
on news article contents with TF-IDF, and SVM is applied to it.

• LIWC [32] + SVM: LIWC stands for Linguistic Inquiry andWord
Count. It is widely used to extract words falling into psycholog-
ically meaningful categories, and these words can be used to
compose a feature vector.
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Table 4: Detection result of Hetero-SCAN on two real-word dataset: FANG and FakeHealth. Bold numbers denote the best value
in average, and underscored numbers denote the smallest variation (± stands for 95% confidence interval). The classification
method with highest AUC score, was pointed out by ★ and was selected for the subsequent evaluation.

Dataset Classification Method Precision Recall F1 Score Accuracy AUC Score

FANG

Classification Layer 0.845±0.052 0.843±0.054 0.843±0.053 0.843±0.054 0.839±0.048
Naive Bayes 0.839±0.053 0.837±0.058 0.835±0.057 0.837±0.058 0.840±0.041

Logistic Regression 0.835±0.054 0.835±0.054 0.835±0.054 0.835±0.054 0.907±0.058
★ SVM 0.832±0.036 0.839±0.053 0.840±0.053 0.839±0.053 0.910±0.047

Random Forest 0.832±0.036 0.831±0.037 0.831±0.037 0.831±0.037 0.900±0.057
AdaBoost 0.811±0.070 0.807±0.076 0.808±0.075 0.807±0.076 0.881±0.056

HealthStory

Classification Layer 0.529±0.093 0.717±0.003 0.599±0.008 0.717±0.003 0.500±0.003
Naive Bayes 0.662±0.139 0.600±0.244 0.573±0.289 0.633±0.131 0.508±0.177

★ Logistic Regression 0.660±0.065 0.595±0.206 0.594±0.185 0.584±0.180 0.557±0.076
SVM 0.649±0.094 0.620±0.137 0.612±0.089 0.623±0.137 0.536±0.108

Random Forest 0.674±0.117 0.550±0.272 0.526±0.327 0.520±0.269 0.513±0.134
AdaBoost 0.656±0.129 0.539±0.302 0.492±0.303 0.540±0.301 0.554±0.076

Table 5: Comparison of AUC scores with existing methods.
The AUC scores of CSI and FANG are from Nguyen, Van-
Hoang, et al. [31]. FANG experiment on HealthStory dataset
cannot be conducted since it needs additional labels.

Category Method FANG HealthStory

Text-
based

TF.IDF + SVM 0.735 0.526
LIWC + SVM 0.511 0.534

Doc2Vec + SVM 0.554 0.582

Graph-
based

CSI 0.741 -
SAFER 0.669 0.615
FANG 0.750 -

AA-HGNN 0.654 0.559

GNN-
baselines

GCN 0.633 0.528
GAT 0.630 0.541

GraphSAGE 0.773 0.589
R-GCN 0.753 0.500
HAN 0.658 0.600

Hetero-SCAN
w/ temporal 0.910 0.557
w/o temporal 0.823 0.636

• Doc2Vec [28] + SVM: Doc2Vec is an unsupervised paragraph
embedding technique based onWord2Vec [30]. It uses skip-gram
to learn the representation vector.

• SAFER [13]: SAFER uses GCN and pre-trained RoBERTa model
to embed news nodes in the heterogeneous graph. They con-
catenate two vectors and apply Logistic Regression.

• CSI [38]: CSI uses deep learning-based method to model the
response, text, and user engagement of the news. The repre-
sentation of response and text is concatenated with the user
vector.

• FANG [31]: FANG divides the detection task into several sub-
tasks, and the final detection object is optimized by aggregated
loss function of each sub-task.

• AA-HGNN [36]: AA-HGNN uses active learning to tackle the
limited training data problem and extends GAT [44] to learn the
news representation in the graph.

Hetero-SCAN is also compared with some Graph Neural Network
(GNN)methods to show thatHetero-SCAN performs better than just
simply applying the GNN on the graph. The basic GNNmethods [22,
25, 44], as well as the methods tailored to the heterogeneous graph,
are compared [23, 39]. The brief descriptions of GNN baselines we
compared with are listed below.

• GCN [25]: GCN is a deep learning based method on a graph-
structured data. Each node is learned by aggregating the feature
information from its neighbors and the feature of itself.

• GAT [44]: GAT is similar to GCN, but it introduces the atten-
tion mechanism to replace the statically normalized convolution
operation in GCN.

• GraphSAGE [22]: GraphSAGE is a general inductive framework
that learns a node representation by sampling its neighbors and
aggregating features of sampled nodes.

• R-GCN [39]: R-GCN is an application of the GCN framework
for modeling relational data. In R-GCN, edges can represent
different relations.

• HAN [46]: HAN is an extension of GAT on the heterogeneous
graph. Meta-Path extraction strategy and attention mechanism
are adopted to learn the representation of a node.

The results of Table 5 indicates that Hetero-SCAN outperforms
existing text-based or graph-based fake news detection methods.
Because these existing approaches cannot produce representation
with rich social context and temporal information as Hetero-SCAN
do, i.e., they fail to tackle all three difficulties. CSI and SAFER, for
example, did not use multi-level social context, and they also in-
curred some information loss as they ignored the node and relation
types. AA-HGNN, including SAFER, miss temporal information in
the news representation. AA-HGNN also did not use users as social
context. FANG performs better than these methods since it tries
to preserve multi-level social context and temporal information.
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Table 6: Comparison of AUC score against other fake news
detection methods by varying the size of the training data.
(-t) and (t) refer to Hetero-SCAN without and with temporal
information, respectively.

10% 30% 50% 70% 90%

CSI 0.636 0.671 0.670 0.689 0.691
SAFER 0.546 0.689 0.666 0.692 0.669
FANG 0.669 0.704 0.717 0.723 0.752

AA-HGNN 0.573 0.598 0.656 0.657 0.642
Hetero-SCAN (−𝑡 ) 0.594 0.707 0.776 0.749 0.751
Hetero-SCAN (𝑡 ) 0.764 0.835 0.878 0.889 0.900

Nevertheless, to preserve information, FANG divides the fake news
detection task into several sub-tasks, and each sub-task deals with
certain information. Dividing into several sub-tasks is ineffective
because errors in sub-task will be propagated up to the final news
representation and thus harm the detection performance. As such,
the result emphasizes the importance of resolving the proposed
three difficulties in fake news detection.

For GNN baselines, the graph embedding methods made for
homogeneous graphs, such as GCN, GAT, and GraphSAGE, did not
give ideal results since node types and relations are ignored in these
cases. R-GCN and HAN, which are designed for heterogeneous
graph, also has no significant improvement, which implies that
Hetero-SCAN is better than a simple application of these graph
embedding methods on the heterogeneous graph of news. The
failure of GNN baselines target on the heterogeneous graph can
attribute to the missing temporal information of user engagement,
which is the second difficulty that needs to be resolved in the social
context-aware fake news detection.

5.4 Limited training data
Normally, the fake news dataset has limited training data due to the
large-scale requirement of human labor, so the model should work
well in the circumstance of limited training samples. To show that
Hetero-SCAN outperforms existing methods given the circumstance
of scarce training data, we gradually enlarge the training data,
from 10% to 90%, and compare the fake news detection result with
existing methods. Table 6 shows the comparison result.

The AUC score of Hetero-SCAN achieves over 0.8 with only 30%
of training data and even outperforms the rest of the methods with
90% of the training data. AA-HGNN is designed to overcome the
scarcity of training data issues in the fake news detection task, but
Hetero-SCAN is still better than AA-HGNN even when the size of
training data is small.

5.5 Ablation study on Meta-Path Instance
Encoding Methods

In Section 4.3.2, we propose to use knowledge triple embedding
methods to encode Meta-Path instances, and we adopt TransE in
Hetero-SCAN . We wanted to examine the performance differences
by changing the Meta-Path encoding method to other knowledge
triple embedding methods, RotatE and ConvE. Descriptions of the
three encoding methods are introduced below.
• TransE [48]: The TransE model represents relations as transla-
tion from the subject entity to the object entity.

Table 7: Performance of detection result when apply different
Meta-Path encoding method. Bold texts indicate the highest
value.

F1 Score Accuracy AUC
TransE 0.840±0.053 0.839±0.053 0.910±0.047
RotatE 0.799±0.035 0.799±0.036 0.862±0.035
ConvE 0.532±0.174 0.526±0.079 0.665±0.021

• RotatE [43]: The RotatE model maps the entities and relations to
the complex vector space and defines each relation as a rotation
from the subject entity to the object entity.

• ConvE [17]: The ConvE model uses 2D convolution over embed-
ding and multiple layers of nonlinear features to mode knowl-
edge graphs. It reshapes the embedding of subject and predicates
in a 2D form and apply the convolution on it.

To show the performance differences when different knowledge
triple embedding methods are applied, F1 score, Accuracy, and AUC
score were measured.

Table 7 indicates that TransE gives better results than the others.
The reason can be drawn from the fact that TransE requires fewer
parameters and operations than RotatE and ConvE. With limited
training data, complex models are easy to suffer from over-fitting,
which will cause performance degradation.

6 DISCUSSION
6.1 Inductiveness of Hetero-SCAN
A deep learning based approach dealing with graph-structured
data should have generality to produce practical predictions for
unseen data. A method is an inductive approach if it can generate
embeddings for the nodes that were not seen during training. In
contrast, it is called a transductive approach if the method cannot
generate embeddings for the nodes appearing in the testing phase
for the first time. For example, GCN is inductive, whereas Node2Vec
is transductive.

In graph-based fake news detection, unseen nodes can appear in
the testing phase. It might be newly published news, new publishers,
or new users. Some approaches using matrix decomposition [38, 41]
are not able to generate embedding for newly published news with
social context information.

In Hetero-SCAN , however, the learnable parameters in our model
are used after Meta-Path extraction with random sampling, and
they are shared by all nodes. Therefore, Hetero-SCAN can generate
news embeddings that are not seen during the training. Although
we use Node2Vec in our feature engineering process, Hetero-SCAN
can still be considered as an inductive framework. If we consider
the actual adoption of our framework in the wild, it is not difficult
for administrators to maintain a graph of users or publishers so
that administrators can generate Node2Vec embeddings for them.
Just like the evaluation settings mentioned in Section 5.1, the ad-
ministrator can use the Node2Vec features from the existing graph;
and for the new users and publishers, the administrator can set all
the Node2Vec features to 0-vectors. Since our model performs well
in this way as can be seen in the evaluation results (Section 5.3),
we insist that our model is still inductive.
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Figure 5: Comparison of temporal behaviors on two datasets.
Both figures show the # of engagements (tweets) per news vs.
time (hours) for FANG (left) and HealthStory (right).

6.2 Misinformation vs Disinformation
As mentioned in Section 3, we use the broad definition of fake
news, that is, fake news in this paper including both false news
with and without intention. According to the definition by Wardle
et al. [49], the fake news can be further divided into disinformation
and misinformation, which are false news with the intention of
causing harm and false news without intention, respectively.

FANG dataset used in our experiment is mainly composed of
news checked from PolitiFact and Snopes, which are political-
related fact-checking websites. Thus, most of the fake news in this
dataset is either partisan-biased news or some false information
to demean certain politicians, which could be considered as infor-
mation intended to harm the specific person or the organizations.
Hence, it is likely that the fake news in this dataset is disinforma-
tion. On the contrary, the news in HealthStory is collected and
fact-checked from Health News Review, which evaluates and rates
the completeness and accuracy of news regarding to medical treat-
ments, health care journalism, etc. By our design of considering
lower score reviews as fake news in HealthStory, the nature of these
news tends to be insufficient and innocently false, so we can regard
them as misinformation. This characteristic difference between the
two datasets, which is potentially related to the author’s intention,
can affect the model’s detection performance. Thus, we conduct
extended experiments to reveal the difference and its impact on our
proposed model.

Figure 5 compares the number of engaged users along with the
time to see how people react to fake and real news. The fake news in
FANG hasmany periodic spikes, whichmeans the users periodically
talk about fake news. On the contrary, the fake news in HealthStory
does not have any periodic spikes and converges to zero not long
after the news is published, which is similar to the real news. As
such, the temporal information of user engagement shows some
differences between FANG and HealthStory dataset.

Also, to see the impact of temporal information in Hetero-SCAN ,
we replace the RNN in Hetero-SCAN with attention mechanism.
In other words, we checked the detection performance difference
between the Hetero-SCAN with and without temporal information.
The evaluation result on the datasets can be found in Table 8. The
results show that the RNN based approach performs better than
the other one in FANG dataset, but for the HealthStory dataset, the
performance is better when the attention is applied. Furthermore,
in FANG dataset, the validation loss of Hetero-SCAN with RNN
converges much faster than the one with the attention mechanism;
by contrast, the convergence speed of the two approaches is similar
in the HealthStory dataset. (See Figure 6 in Appendix)

Table 8: Performance of the Hetero-SCAN with and without
temporal information.

Dataset Hetero-SCAN F1 Accuracy AUC

FANG
w/ temporal 0.840 0.839 0.910
w/o temporal 0.759 0.760 0.823

HealthStory
w/ temporal 0.594 0.584 0.557
w/o temporal 0.614 0.595 0.636
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Figure 6: Validation loss during training. (Red and blue lines
indicate the validation loss of Hetero-SCAN with and without
temporal information, respectively.)

To sum up, the fake news in two dataset show some temporal
behavior differences. In the dataset that has temporal behavior
differences (FANG), Hetero-SCAN with RNN not only improves the
detection performance but also accelerates the learning speed.

6.3 Limitation and Future Work
As expected, a single news article is engaged with by a large number
of users. Using every single user’s information as a feature is there-
fore impractical, and we eventually used simple random sampling
to select a certain number of users. Hence, an improved method of
screening important users is necessary for fake news detection to
overcome the limitation. In addition, to apply the proposed method,
we must first identify the relevant tweets for particular news. Since
this paper focuses primarily on identifying the news in the context
in which news and related tweets are given, finding relevant tweets
for particular news is left as future work.

7 CONCLUSIONS
Fake news is a critical social problem threatening many aspects
of the general public’s lives. We pose three difficulties in social
context aware fake news detection and address them by proposing
an inductive fake news detection framework Hetero-SCAN . Our
model overcomes the shortcomings of the previous graph-based ap-
proaches and exhibits state-of-the-art performance. We also study
the propagation properties of different types of fake news (misinfor-
mation and disinformation) and their impact on our Hetero-SCAN .
We believe Hetero-SCAN can be of aid in future studies not only
residing to fake news detection but also various events concerning
fake news.
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