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* GCC (giant connected component)
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797,718 (93.15%)
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<& 3. 20% Training >

training = 20%
node2vec | node2vec | struc2vec
ATR
p=0.5 g=1 | p=2 g=1 p=1 g=1
No. of
6,586 9,460 9,460 9,460
Seed Spam
No. of Spams 19,758 15,039 12,131 1,157
Accuracy 97.51% 97.66% 97.5% 95.07%
<3 4. 30% Training>
training = 30%
node2vec | node2vec | struc2vec
ATR
p=0.5 q=1 | p=2 g=1 p=1 g=1
No. of
17,805 14,190 14,190 14,190
Seed Spam
No. of Spams 33,088 22,616 22,618 1,747
Accuracy 97.67% 95.63% 95.81% 96.73%

<3 5. 50% Training>

training = 50%
node2vec | node2vec | struc2vec
ATR
p=0.5 g=1 | p=2 g=1 p=1 g=1
No. of
24,964 23,650 23,650 23,650
Seed Spam
No. of Spams 38,282 28,203 28,004 15,064
Accuracy 97.52% 97.25% 97.53% 95.5%
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