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Abstract
In this paper we proposed a Graph-Based conspiracy source detection method for the MediaEval task
2022 FakeNews: Corona Virus and Conspiracies Multimedia Analysis Task. The goal of this study was to
apply SOTA graph neural network methods to the problem of misinformation spreading in online social
networks. We explore three different Graph Neural Network models: GCN, GraphSAGE and DGCNN.
Experimental results demonstrate that DGCNN outperforms in terms of accuracy.

1. Introduction

Social platforms such as Facebook and Twitter are becoming popular sources for day-to-day
news consumption due to their convenience, low cost, and fast spread. In August 2021,the Pew
Research Center in America reported that 72% of adults are more involved in social media, and
48% get much of their news from such platforms. On the contrary, misinformation spreading
has posed challenges, which primarily influences the lives of people. There is no way to
check the authenticity of the fake news. However, automated detection of fake news on such
platforms is quite challenging. Furthermore, owing to the extraordinary volume of information,
distinguishing between fake and real news is almost impossible. With the advent of automated
technologies, both academia and industry have piqued an interest in delivering solutions[1].
During COVID-19 outbreak, the American Journal of Tropical Medicine and Hygiene discovered
that approximately 5800 patients had been hospitalized due to misinformation spread on social
media. Furthermore, plenty of people died from drinking methanol or drugs that contain alcohol.
They were misinformed that such products are helpful in the treatment of COVID-19 virus[2].

This study is based on a dataset used in the MediaEval challenge 2022 FakeNews [3]. The
challenge consists of three sub-tasks: content-based, graph-based, and a combination of both.
This study is focused on a graph-based solution for the detection of misinformation spreaders.

2. Related Work

Misinformation or fake news spreading helps exaggerate information which makes it difficult
to distinguish fake news from real news. There are three ways to identify fake news: through
content, context, or a combination of the two. In content-based, the underlying challenge is
the fluctuating nature of style, patterns, topics and platforms. Models trained on one dataset
may not perform well when using a different dataset due to the differences in their contents,
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style, or language. To address such challenges, context-based solutions have been devoted to
the detection of misinformation spreaders. Because it is obvious that the propagation of fake
news and real news are different[1].

In [4] the authors have presented a semi-supervised model GCN for node classification,
and [5] extends it for rumors detection. GCN models are inherently transductive and fail
to generalize unseen nodes. Therefore, [6] have proposed an approach called GraphSAGE,
which is a general inductive framework and effectively leverages node feature information for
generation of every new node’s embeddings. Instead of training each node’s embeddings, they
learn to produce embeddings by aggregating features from a node’s local neighborhood. For
more promising results, we consider changing node classification to graph classification. In [7]
authors have proposed a method called Graph Isomorphic Network (GIN), which classifies both
graphs and nodes. Despite the strength of graph representation learning, GNN has a limited
understanding of representational properties and limitations. The model is powerful as the
Weisfeiler-Lehman graph isomorphism test[7]. Similarly, in [8] proposed a method named,
Deep Graph Convolutional Neural Network (DGCNN) to capture the graph level features which
consist of four layers of either [4], [6] or [7].

3. Approach

We present the different methods we implemented in this study. As working on sub-task 2[3],
we have chosen the problem as both node and graph classification.

In node classification, the model aims to classify a node by analyzing its features and its
neighbors’ features. Similarly, in the graph classification setting, we construct subgraphs for
each node by taking ego-network of each labeled node up to 3-hop neighbours.The implemented
methods are GCN[4], GraphSAGE[6] and DGCNN[8].

3.1. Graph Convolutional Neural Network

Graph Convolutional Neural network (GCN) is a semi-supervised learning method for node
classification. GCN is based on the message passing mechanism that learns from node’s features
and its neighboring node’s features. We have used three GCN[4] layers and the fourth is a linear
layer. We use Binary Cross Entropy loss and Adam Optimizer during training. The architecture
of the implemented model is illustrated in Figure 1.

Figure 1: GCN architecture for user classification



3.2. GraphSAGE

We use three GraphSAGE layers along with the RELU activation function and a linear layer.
Further, Binary Cross Entropy loss and Adam Optimizer during training has been utilized for
measuring the performance of the proposed model. Figure 2 illustrates the architecture of the
implemented GraphSAGE model. The rationale behind using GraphSAGE is: it is inductive
and tries to create embeddings by using sampling and aggregation features from the node local
neighborhood.

Figure 2: GraphSAGE Architecture for User Classification

3.2.1. Deep Graph Convolutional Neural Network

DGCNN introduces a readout or pooling function which aggregates learned node embeddings
to graph-level embedding[2].

We generate subgraphs for each node and transform the node classification problem to
graph classification. The subgraphs are generated by taking the ego-network of up-to 3-hop
neighbourhood of a node. This way we form the label mapping between node and corresponding
ego-network of the node; the model classifies the label of a node’s ego-network, which is taken
as the label of the node.

The implemented model consists of four GCN layers, 1D-MaxPooling in between two 1D-
Conv layers, and a fully connected layer as shown in Figure 3.The network is trained using
Binary Cross Entropy loss and the Adam optimizer with an initial learning rate of 0.1𝑒−5 and a
dropout of 0.5.

Figure 3: DGCNN Architecture for User Classification



4. Results and Analysis

In this section, we present our experimental results obtained through the implemented models.
We use 80 : 20 train and test split ratio and use accuracy, Matthews correlation coefficient
(MCC) and Area Under the ROC (AUC) as evaluation metrics.

Table 1
Models’ performance using different evaluation metrics

Model Accuracy MCC ROC AUC

GCN 60.54 23.89 57.54
GraphSage 65.79 25.46 67.02
DGCNN 69.85 36.24 73.07

We report models’ performance in terms of three evaluation metrics in Table1 We conclude
from the results that DGCNN performs quite better as compared to other two models.

5. Discussion and Outlook

As discussed the performance of implemented models in Section 4, these are the best results
being obtained by using GCN, GraphSAGE, and DGCNN. The feature distribution of misinfor-
mation spreader and regular users is approximately equal through which the performance is
considerably low. In order to improve results, combination of both Label Propagation (LPA) and
GCN can help to classify misinformation spreaders and regular users effectively.
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