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GDTN: A graph neural network for predicting vital signs

Sun Jiagi Ma Chenyue Zhang Yanhao Li Changshuai Meng Xiangyuan Shan Huilin
(School of Electronics and Information Engineering, Wuxi University, Wuxi 214105, China)

Abstract: This paper proposes a graph neural network with a deformable attention mechanism to address the problems of
low accuracy, large computational complexity, and poor performance in predicting vital signs in medical detection. The
paper preserves all time-sampled values from sensors and encodes them using a fully connected layer. The deformable
attention mechanism is used as the message passing update mechanism in the graph neural network, which speeds up the
prediction process. In the decoder, a multi-head attention mechanism is used for feature extraction to allow the network
to observe information from multiple scales and dimensions. The input features are copied multiple times and set as
separate graph nodes to enhance the adaptability of the deformable attention and the feature extraction ability of the
model. Instead of a fully connected layer, a residual network is used as the decoder. In the output layer, the GelLU
activation function is used instead of the traditional Rel.U activation function effectively improve the accuracy of the
prediction by addressing the problem of information loss on the negative half-axis. Experimental results demonstrate that
the proposed model achieved high performance on three types of datasets (P19, P12, and PAM), with all performance
indicators surpassing those of other models 2. 325% and higher than the best baseline performance. This indicates the
effectiveness of the proposed model in predicting vital sign.
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Fig. 4 Resnet-based decoder network diagram
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Table 1 Comparison of performance evaluation indexes between GDTN and 9 models under three types of data sets (%)
fom P19 P12 PAM
AUROC AUPRC AUROC AUPRC Accuracy Precision Recall F1 score

Transformer 83.24+1.3 47.64+3.8 65.1%£5.6 95.7+£1.6 83.5+1.5 84.8%E1.5 86.0F£1.2 85.0+£1.3
Trans-mean 84.1+1.7 47.4+1.4 66.8+t4.2 95.9+1.1 83.7+t2.3 84.9+2.6 86.4+2.1 85.14+2.4
GRU-D"®  83.9+1.7 46.94+2.1 67.2+3.6 95.9+2.1 83.3+1.6 84.6+1.2 85.2+1.6 84.8+1.2
SeFTH" 78.7+2.4 31.1+£2.8 66.8+0.8 96.2+0.2 67.1+2.2 70.0+2.4 68.2+1.5 68.5+1.8
mTANDM  80.44+1.3 32.44+1.8 65.3%+1.7 96.5+1.2 74.6+4.3 74.3+£4.0 79.5+2.8 76.8+3.4
IP-Net 84.6+1.3 38.1+3.7 72.5+2.4 96.7+0.3 74.3+3.8 75.6+2.1 77.94+2.2 77.9+2.2
DGM2—0O 86.74+3.4 44.7+11.7 71.24+2.5 96.9+0.4 82.44+2.3 85.2+1.2 83.9%+2.3 84.3+1.8
MTGNN 81.9+6.2 39.9£8.9 67.5+3.1 96.4+0.7 83.4*+1.9 85.2+1.7 86.1+1.9 85.9+2.4
Raindrop 87.0+2.3 51.8%£5.5 72.1+£1.3 97.0£0.4 88.5+1.5 89.9+1.5 89.9+0.6 89.8+1.0
GDTN 88.2+1.8 53.7H£3.6 74.3+2.1 96.5+1.4 90.4+1.4 90.9+1.8 91.84+0.6 91.2+1.2
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of different optimizers
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