Predicting COVID-19 pandemic by
spatio-temporal graph neural networks: A New
Zealand’s study
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Main contributions

e ATMGNN allows modeling of relationships between time series in evolving epidemic cases map
e Comprehensive analysis of forecasting models for epidemic prediction with detailed case study
e Complete pipeline from data gathering in New Zealand to preliminaries and prediction models
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Figure 1: Attention Temporal Multiresolution Graph Neural Network architecture on the graph representation of New
Zealand. Note that dotted green arrows represent the extraction of historical case counts as node features, and dotted orange
arrows represent the geospatial location between two regions extracted as edge features.

- Neighborhood aggregation scheme in ATMGNN => Multiresolution hierarchy learning on map

H® = (hgk), hgk), .., "N T denotes the matrix
arrangement of all nodes in the disease graph, A
denotes normalized graph Laplacian.
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-> Time-series processing Two solutions:

Multiresolution Graph Neural Networks as graph

variational autoencoder, implement learnable clustering
mechanisms to construct a hierarchy of coarsening

graphs. The coarsened weighted adjacency matrix A e NFxF
Is defined as:
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e [ STM-based series processing for low data count. 5 Zu VeV Ao,
Optimal for case with scarce disease data.
e Self-attention-based series processing for generics.

-21 9 if i :::ij
ij = o .
ZuEV};,fUEVj Auv? 1f l # J;

Model Next 3 Days Next 7 Days Next 14 Days Next 21 Days

MAE RMSE  R?| MAE RMSE R?| MAE RMSE R?| MAE RMSE R?
®

Equal/ beTTer performance than AVG 24720 32592 -3.22 | 25895 34095 -3.58 | 277.16 362.98 -4.22 | 292.23 37998 -4.87
other Spo’rlo—’remporcl models AVG_WINDOW | 80.88 111.15 0.76 | 104.09 14237 055 | 144.88 196.63 -0.02 | 176.82 238.39 -0.79
LAST DAY 118.81 15856 0.64 | 73.65 102.09 0.84 | 12099 16478 047 | 156.17 211.44 -0.08
e Lower performance decay over | LIN_REG 182.46 28461 031 | 213.53 33656 -0.01 | 272.77 44060 -0.77 | 33595 551.23 -1.81
| . g GP_REG 33143 471.17 -0.89 | 332.08 47245 -098 | 325.55 46420 -097 | 322.08 46023 -0.96
ong fime windows RAND FOREST | 98.97 15296 0.80 | 7285 111.69 0.89 | 112.02 168.81 0.74 | 140.77 21073  0.59
XGBOOST 109.68 16536 0.77 | 68.51 10591 0.90 | 108.45 165.17 0.75 | 137.45 208.13  0.60
e ATMGNN has better PROPHET 11932 64278 024 | 14858 77055 -1.50 | 222.01 52658 <059 | 292.54 407.66 -0.17
LSTM 186.86 242.62 -0.97 | 168.43 222.65 -0.39 | 140.69 19239 038 | 128.04 18235 0.59
performance than other MPNN 8033 110.75 0.84 | 8745 12123 079 | 121.41 16834 053 | 153.62 21069 0.15
L MGNN 80.87 111.67 0.83 | 89.77 12456 074 | 12530 17246 046 | 15625 21355 0.06
highlighted models MPNN+LSTM | 7525 104.64 086 | 85.14 11792 084 | 8828 12171 085 | 99.85 13774 083
ATMGNN 7749 10696 0.86 | 86.85 119.68 084 | 9043 12489 084 | 101.87 14033 0.82

GitHub: https://qithub.com/HySonlLab/pandemic tgnn
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