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Abstract: To regulate the transactional activities on the public blockchain involving account balance models, it is neces-
sary to conduct research on address classification for transactions on such blockchains. A blockchain address classifica-
tion method, named AJKGS-ABCM (attention jumping knowledge graph SAGE account-based blockchain classification
model), was proposed to categorize blockchain addresses, providing effective support for blockchain transaction tracking.
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and F1 score compared to other methods.
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F1 macroFl= Ly 2Th A8 T4 5310 Precision Fil Recall Ry, AFiHH FI {4, B macro-F1
macro- C 2 3TP 4P 1IN, 4 BT A 2R A1 Precision ecal 4, SR [, B macro-
=4 LUK % 532 % F5 3% Precision XTEE
ik Exchange  Mining  Gambling ~ Token  Darknet  Wallet Scam Ico Hacker Mixer User
KNN 0.683 0.675 0.651 0.643 0.648 0.656 0.651 0.624 0.638 0.671 0.661
Deepwalk 0.722 0.715 0.708 0.707 0.701 0.725 0.695 0.727 0.711 0.733 0.728
Node2Vec 0.735 0.731 0.715 0.722 0.719 0.731 0.718 0.734 0.724 0.740 0.723
Struc2Vec 0.741 0.735 0.724 0.731 0.730 0.745 0.729 0.738 0.733 0.744 0.739
I2BGNN 0.831 0.812 0.819 0.826 0.822 0.842 0.833 0.840 0.832 0.829 0.841
GCN 0.821 0.812 0.810 0.809 0.791 0.822 0.811 0.819 0.801 0.820 0.815
GraphSAGE 0.843 0.821 0.819 0.826 0.815 0.833 0.825 0.838 0.841 0.845 0.835
AJKGS-ABCM 0.875 0.856 0.845 0.861 0.855 0.871 0.854 0.870 0.873 0.881 0.859




#9 FHOLE: FT R LS AR R BUR Y X Pk bt 5 805 7% <123
x5 UK % 53K & 7575 Recall XfLE
Jiid Exchange  Mining  Gambling Token Darknet Wallet Scam Ico Hacker Mixer User
KNN 0.665 0.661 0.642 0.635 0.638 0.649 0.638 0.619 0.626 0.655 0.648
Deepwalk 0.715 0.720 0.695 0.698 0.688 0.714 0.681 0.709 0.701 0.716 0.715
Node2Vec 0.712 0.720 0.705 0.709 0.706 0.722 0.703 0.718 0.709 0.729 0.716
Struc2Vec 0.733 0.718 0.715 0.722 0.719 0.737 0.721 0.726 0.712 0.729 0.715
12BGNN 0.823 0.809 0.811 0.815 0.806 0.818 0.825 0.836 0.814 0.811 0.829
GCN 0.811 0.806 0.801 0.795 0.785 0.807 0.803 0.812 0.795 0.808 0.802
GraphSAGE 0.831 0.809 0.812 0.811 0.803 0.818 0.814 0.818 0.825 0.831 0.817
AJKGS-ABCM 0.855 0.841 0.838 0.852 0.836 0.862 0.846 0.857 0.861 0.870 0.849
*6 VAR % 5335 75 5% Fl-score XfEE
Tk Exchange  Mining  Gambling Token Darknet Wallet Scam Ico Hacker Mixer User
KNN 0.674 0.668 0.646 0.639 0.643 0.652 0.644 0.622 0.632 0.663 0.654
Deepwalk 0.718 0.710 0.702 0.703 0.694 0.719 0.688 0.718 0.706 0.724 0.721
Node2Vec 0.723 0.725 0.710 0.716 0.712 0.726 0.710 0.726 0.716 0.734 0.719
Struc2Vec 0.737 0.726 0.719 0.726 0.724 0.741 0.725 0.732 0.722 0.736 0.727
I12BGNN 0.827 0.816 0.815 0.820 0.814 0.830 0.829 0.838 0.823 0.820 0.835
GCN 0.816 0.809 0.805 0.802 0.788 0.814 0.807 0.816 0.798 0.814 0.808
GraphSAGE 0.837 0.815 0.816 0.818 0.825 0.825 0.819 0.828 0.833 0.838 0.826
AJKGS-ABCM 0.865 0.849 0.841 0.856 0.866 0.866 0.850 0.864 0.867 0.875 0.854

®7T DAY REFTEFHLWERIILL

ik Precision Recall micro-F1 macro-F1
KNN 0.655 0.643 0.645 0.648
DeepWalk 0.716 0.703 0.703 0.709
Node2Vec 0.725 0.713 0.715 0.719
Struc2Vec 0.734 0.722 0.725 0.727
I12BGNN 0.83 0.819 0.825 0.824
GCN 0.811 0.802 0.801 0.807
GraphSAGE 0.828 0.819 0.818 0.823
AJKGS-ABCM 0.862 0.852 0.849 0.856
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