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Abstract: Objective The primary routine clinical diagnosis of COVID-19 ( corona virus disease 2019) is usually conduc-
ted based on epidemiological history, clinical manifestations and various laboratory detection methods, including nucleic
acid amplification test (NAAT) , computed tomography ( CT) scan and serological techniques. However, manual detection
is costly, time-consuming and leads to the potential increase of the infection risk of clinicians. As a good alternative, artifi-
cial intelligence techniques on available data from laboratory tests play an important role in the confirmation of COVID-19
cases. Some studies have been designed for distinguishing between novel coronavirus pneumonia, community-acquired
pneumonia and normal people by graph neural network. However, these studies leverage the relationships between features
to build a topological structure graph (e. g. , connecting the nodes with high similarity) , while ignoring the inner relation-
ships between different parts of the lung, and thus limiting the performance of their models. To address this issue, we pro-
pose a graph neural network with hierarchical information inherent to the physical structure of lungs for the improved diagno-
sis of COVID-19. Besides, an attention mechanism is introduced to capture the discriminative features of different severities
of infection in the left and right lobes of different patients. Method Firstly, the topological structure is constructed based on
the lungs’ physical structure, and different lung segments are regarded as different nodes. Each node in the graph contains
three kinds of handcrafted features, such as volume, density and mass feature, which reflect the infection in each lung seg-
ment and can be exiracted from chest CT images using VB-Net. Secondly, based on graph neural network ( GNN) and
attention mechanism, we propose a novel structural attention graph neural network (SAGNN) , which can perform the graph
classification task. The SAGNN first aggregates the features in a given sample graph, and then uses the attention mecha-
nism to effectively fuse the different features to obtain the final graph representation. This representation is then fed into a
linear layer with softmax activation function that performs graph classification, so that the corresponding sample graph can
be finally classified as a mild case or a severe one. To alleviate the effect of category imbalance on the classification results,
we use the focal loss function. We optimize the proposed model via back propagation and learn the representations of
graphs. Result To verify the effectiveness of the proposed method, we compared SAGNN with several classical machine
learning methods and graph classification methods on a real COVID-19 dataset, which includes 358 severe cases and 1 329
mild cases, provided by Shanghai Public Health Clinical Center. The result of comparative experiments was measured using
three evaluation metrics including the sensitivity (SEN) , the specificity (SPE) and the area under the receiver operating
characteristic (ROC) curve (AUC). In the experiments, our model had a good performance, indicating the effectiveness
of our model. Based on comparison with the classical machine learning methods and the graph neural network methods,
SAGNN outperformed by 14.2% ~42.0% and 3. 6% ~4.8% in terms of SEN, respectively. In terms of AUC, the per-
formance of SAGNN increased by 8.9% ~ 18.7% and 3.1% ~ 3.6% , respectively. In addition, through the ablation
experiments of SAGNN, we found that the SAGNN with attention mechanism outperformed by 2.4% , 1.4% and 1. 1% in
SPE, SEN and AUC than the SAGNN not with attention mechanism, respectively. The SAGNN with focal loss function out-
performed by 2. 1% , 1. 1% and 0.9% in SPE, SEN and AUC than the SAGNN with cross-entropy loss function, respectively.
Conclusion In this work, we propose SAGNN, a new architecture for the diagnosis of severe and mild cases of COVID-19.
Experimental results show the superior performance of SAGNN on classification task. Experimental results show that concat-
enating features of lung segments by their structure is effective. Moreover, we introduce an attention mechanism to distin-
guish the infection degree of right and left lungs. The focal loss is used to solve the issue of imbalanced group distribution,
which further improves the overall network performance. We thus demonstrate the potential of SAGNN as clinical diagnosis
support in this highly critical domain of medical intervention. We believe that our architecture provides a valuable case
study for the early diagnosis of COVID-19, which is helpful for improvement in the field of computer-aided diagnosis and
clinical practice.

Key words: corona virus disease 2019 (COVID-19) diagnosis; graph neural network ( GNN) ; structural attention mech-
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SAGNN(Z30) 0.913 £0.032 0.727 0. 094 0. 818 =0. 043
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