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Dataset ‘ YelpChi Amazon
Method Metric ‘ F1-macro AUC GMean F1-macro AUC GMean
GCN 0.5620+0.0067 0.5983+0.0049 0.4365+0.0262 0.6486+0.0694 0.8369+0.0125 0.5718+0.1951
GAT 0.4879+0.0230 0.5715+0.0029 0.1659+0.0789 0.6464+0.0387 0.8102+0.0179 0.6675+0.1345
DR-GCN 0.5523+0.0231 0.5921+0.0195 0.4038+0.0742 0.6488+0.0364 0.8295+0.0079 0.5357+0.1077
Baselines GraphSAGE 0.4405+0.1066 0.5439+0.0025 0.2589+0.1864 0.6416+0.0079 0.7589+0.0046 0.5949+0.0349
GraphSAINT | 0.5960+0.0038 0.6999+0.0029 0.5908+0.0298 0.7626+0.0032 0.8701+0.0025 0.7963+0.0091
GraphConsis | 0.5870+0.0200 0.6983+0.0302 0.5857+0.0385 0.7512+0.0325 0.8741+0.0334 0.7677+0.0486
CARE-GNN 0.6332+0.0094 0.7619+0.0292 0.6791+0.0359 0.8990+0.0073 0.9067+0.1115 0.8962+0.0018
) PC-GNN\p 0.5136+0.0147 0.7844+0.0013 0.2336+0.0356 0.9158+0.0024 0.9469+0.0018 0.8782+0.0068
Ablation PC-GNN\C 0.6634+0.0058 0.7847+0.0021 0.6258+0.0378 0.8929+0.0171 0.9529+0.0035 0.9006+0.0045
Ours PC-GNN ‘0.630010.0230 0.7987+0.0014 0.7160+0.0130 | 0.8956+0.0077 0.9586+0.0014 0.9030+0.0044
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Method Dataset YelpChi Amazon Books
Metric AUC Fl-macro GMean AUC Fl-macro GMean AUC Fl-macro GMean
GCN 0.5983+0.0049 0.5620+0.0067 0.4365+0.0262 | 0.8369+0.0125 0.6408+0.0694 0.5718+0.1951 | 0.4538+0.1977 0.2374+0.2065 0.0000+0.0000
GAT 0.5715£0.0029  0.4879+0.0230  0.1659+0.0789 | 0.8102+0.0179 0.6464+0.0387 0.6675+0.1345 | 0.4006+0.2023 0.2058+0.1623  0.0000£0.0000
GraphSAGE 0.5439+0.0025 0.4405+0.1066  0.2589+0.1864 | 0.7589+0.0046 0.6416+0.0079  0.5949+0.0349 | 0.4761+0.1508 0.2464+0.2004 0.0000+0.0000
Baselines DR-GCN 0.5921+0.0195 0.5523+0.0231  0.4038+0.0742 | 0.8295+0.0079 0.648840.0364 0.7963+0.0091 | 0.5131+0.1579 0.3048+0.2454 0.0000+0.0000
GraphConsis | 0.6983£0.0302  0.5870+0.0200 0.5857+0.0385 | 0.8741+0.0334 0.7512+0.0325 0.7677+0.0486 | 0.5647+0.,1281 0.2912+0.1325  0.0000£0.0000
CARE-GNN 0.7619+£0.0292  0.6332+0.0094 0.6791+0.0359 | 0.9067+£0.0112 0.8990+0.0073 0.8962+0.0018 | 0.6267+0.0462 0.4050+0.0996 0.4861+0.0811
PC-GNN 0.8178£0.0014  0.6400£0.0230  0.7395£0.0130 | 0.9586+0.0014 0.8956+£0.0077  0.9030£0.0044 | 0.6431£0.0189 0.4951+0.0037 0.5244+0.1012
AO-GNN, op | 0.8680£0.0020 0.7182+0.0177 0.7484+0.0125 | 0.9588+0.0008 0.8956+0.0026  0.8740+0.0137 | 0.6720+0.0111 0.4131£0.0102 0.4829+0.0519
Ablation | AO-GNN o | 0.8545£0.0177  0.7063+£0.0129  0.7305+0.0241 | 0.9392+0.0166 0.8914+0.0041 0.8828+0.0267 | 0.5821+0.1397 0.2901+0.2102 0.3711%0.1919
AO-GNNg_p | 0.8302£0.0286 0.6936+£0.0351 0.7192+0.0586 | 0.9197+£0.0238 0.8827+0.0135 0.8602+0.0164 | 0.5604£0.1733  0.2845%0.2329 0.3068+0.1240
Qurs AO-GNN | 0.8805+£0.0008 0.7042+0.0051 0.8134+0.0232 | 0.9640+0.0020 0.8921+0.0045 0.9096+0.0105 | 0.7174+0.0158 0.5503+0.0141 0.6127+0.0252
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Dataset || Yelp Elliptic FinV TeleCom
Methods | AUC-ROC  AUC-PR | AUC-ROC ~ AUC-PR | AUC-ROC  AUC-PR | AUC-ROC  AUC-PR
Graph Neural Networks
GCN 7097 £0.8 2993+0.6 | 84.57+04 33.17+£03 | 6464+1.1 904+03 | 76.69+1.2 5985+1.2
GAT 7468 +1.3 3544+1.1 | 86.03£1.5 5681+£09 | 659715 944+02 | 79.15+£1.8 6443+£0.5
GraphSAGE 73.65+0.8 36.11+0.7 | 8528 +£2.1 5529413 | 72.13£19 1654+£09 | 76.02+1.2 64.07+0.7
GIN 6850+1.3 31.22+13 | 8511%+13 3734+13 | 674413 2002+13 | 7651+13 5948+1.3
GNN-based Graph Anomaly Detection Models
DOMINANT 4932+0.8 1558+03 | 1621+03 548+0.1 | 6459+1.1 828+0.3 | 5543+£0.7 15.68+0.3
GeniePath 7589+ 1.8 3586+05 | 83.14+13 4437+08 | 7227+1.2 1843+£0.7 | 83.73+£0.7 64.25+0.3
GraphConsis 704013 27.02+08 | 86.14+1.1 62.04+1.2 | 7282+12 270710 | 7791 £1.5 61.82+0.5
CARE-GNN 7841 £1.5 3890+1.1 | 8584+1.2 4981 +£1.2 | 703118 23.61+£03 | 81.02+£0.7 68.06+1.6
AMNet | 85.85+1.1 577709 | 8852+1.0 74.62+1.4 | 783818 293108 | 87.62+ 13 7518+0.9
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normal | anomaly | heterophily of the graph
YelpChi 0.1317 0.8144 0.2268
Amazon 0.0234 0.9254 0.0456
T-Finance | 0.0150 0.5280 0.0292
T-Social 0.2366 0.9161 0.3761
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Method Dataset YelpChi Amazon T-finance T-Social
Metric F1-Macro AUC | F1-Macro AUC | F1-Macro AUC | F1-Macro AUC
MLP 0.4614 0.7366 0.9010 0.9082 0.4883 0.8609 0.4406 0.4923
GCN [17] 0.5157 0.5413 0.5098 0.5083 0.5254 0.8203 0.6550 0.7012
Homophilous GNNs GAT [36] 0.4614 0.5459 0.5675 0.7731 0.8816 0.9388 0.4921 0.4923
JKNet [43] 0.5805 0.7736 0.8270 0.8970 0.8971 0.9554 0.4923 0.7226
JK-GHRN (Ours) 0.6145 0.7765 0.8756 0.9206 0.9015 0.9559 0.4923 0.7016
CARE-GNN [12] 0.5015 0.7300 0.6313 0.8832 0.6115 0.8731 0.4868 0.7939
GAD Models PC-GNN [23] 0.6925 0.8118 0.8367 0.9555 0.5322 0.9182 0.4536 0.8917
PC-GHRN (Ours) 0.7082 0.8230 0.8855 0.9519 0.6177 0.9238 0.6218 0.9035
H2GCN [49] 0.6575 0.8406 0.9213 0.9693 0.8824 0.9553 - -
MixHop [1] 0.6534 0.8796 0.8093 0.9723 0.4880 0.9569 0.6471 0.9597
Heterophilious GNNs GPRGNN [8] 0.6423 0.8355 0.8059 0.9358 0.8507 0.9642 0.5976 0.9722
BWGNN(Homo) [35] 0.6935 0.8255 0.9194 0.9395 0.8899 0.9599 0.9145 0.9630
BHomo-GHRN (Ours) 0.7532 0.8631 0.9203 0.9609 0.8975 0.9609 0.9118 0.9637
BWGNN(Hetero) [35] | 0.7568  0.8967 | 0.9204  0.9706 - - - -
BHetero-GHRN (Ours) 0.7789 0.9073 0.9282 0.9728 - - - -
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@ SSihu R
. NASDAQ NYSE TSE
Model Description SRT IRRT SRT IRRT SR IRRT
ARIMA (Wang and Leu 1996) Non-stationary time series modeling of prices 0.55 0.10  0.33 0.10 047 0.13

A-LSTM (Feng et al. 2019a)  Adversarial training to enhance stock prediction 097 023 081 014 1.10 043
CLF HGCluster (Luo et al. 2014)  Graph coarsening on price correlation hypergraph  0.06  0.10  0.10  0.11 0.20  0.10

GCN (Li et al. 2020) LSTM+GCN for modelling stock relation graph 075 013 070 0.10 090 0.28
HATS (Kim et al. 2019) Hierarchical graph attention on stock multigraphs  0.80  0.15  0.73 0.12 096 0.31
REG SFM (Zhang et al. 2017) Frequency-aware LSTM on price data 0.16 0.09 0.19 0.11 0.08 0.07
LSTM (Bao et al. 2017) Vanilla LSTM on temporal price data 048 013  0.13 009 0.63 0.20
RIL DQN (Carta et al. 2020) Ensemble of deep Q-learning agents on price data  0.93 0.20 072 0.12 1.08| 0.31
iRDPG (Liu et al. 2020) Imitative RDPG algorithm on temporal price data  1.32 028  0.85 0.8 1.107 0.55"
LSTM (Bao et al. 2017) Vanilla LSTM on temporal price data for ranking 095 022 079 0.12 0.73  0.21
GCN (Kipf et al. 2016) LSTM+GCN for modelling stock relation graph 046 0.13 072 0.16 0.81 0.27

RAN RSR-E (Feng et al. 2019b) Temporal GCN using similarity as relation weight 1.12 026  0.88 020 1.07 0.50
RSR-I (Feng et al. 2019b) Temporal GCN with neural net for relation weight 7.5, 0.39" 0.95" 0.21" 1.08  0.53
STHAN-SR (Ours) Hawkes Attention, HG Attention, HG Convolution 1.42*" 0.44*" 1.12*" 0.33*" 1.19*" 0.62*7
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