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Link prediction framework using graph neural
network based on subgraph
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Abstract: Link prediction is one of the important topics in complex network analysis. Link prediction can be done by a
classifier such that the feature vector of a pair of nodes is its input. The output of the classifier indicates whether a link is
predicted between that pair of nodes (class one or class zero). To extract the feature vector of a pair of nodes, graph neural
networks (GNN) can be used, in which case the method of solving the link prediction problem will be based on graph neural
networks. In this paper, a GNN-based link prediction problem solving method called GAE is considered as the basic method.
One of the basic problems in this method is that the feature vector extracted by graph neural networks can be the same for
different pairs of nodes. To solve this problem, in this paper, using the concept of subgraph, the basic method is improved
and a new framework called SGAE is proposed. The proposed framework has been compared with the basic method based
on different evaluation criteria, the results show the improvement of its performance. For example, the SGAE method has
improved 5.5, 5, 5.75 and 5.87 compared to the basic GAE method in terms of accuracy, F1-Score, average precision and
area under the precision-recall curve.

Keywords: complex networks; Graph Neural Networks; link prediction; classification; subgraph; Graph Representation Learning.
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Algorithml: Extract Subgraph DIS

Input: G(V,E):input graph,

{A, B}: target nodes pair,

h: feature vector of nodes in graph {h(z) | z € V},
k:the size of subgraph.

Output: S; (A, B): subgraph.
h(DummyTarget) < (h(A) + h(B))/2
for eachzinV\{A,B}:
d(z) < Distance(h(z),h(DummyTarget))
sort nodes « Sort graphnodes by d
S¢(A,B) « sortnodes[: k] U {A, B}
return (S (4, B))
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Algorithm?2: Extract Subgraph h — hop

Input:G(V,E): input graph,

{A, B}: target nodes pair,

hops: the size of hops,

k: the size of subgraph.

Output:S;(A,B): subgraph.
1: for hin hops:

2: subgraph nodes = subgraph nodes U
Ny (A UV, (B)

3:  S;(A,B) « subgraphnodes|[: k] U {4, B}
4: return (S¢(4,B))
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h(Sp) = Zizw(i) « h(D) ®

i=

Algorithm3: Create a Subgraph Feature Vector
NDP

Input: S;(A,B)(V, E): input subgraph,
{A, B}: target nodes pair in subgraph,
h: feature vector of nodes in subgraph {h(z)| z
ev}

Output: h(S; (A, B)): subgraph feature vector.
h(DummyTarget) < (h(4) + h(B))/2
foreachzinV:

d(z) < Distance(h(z), h(DummyTarget))
sorted nodes < Sort subgraph nodes by d
for each z in sorted nodes:

W < log((1—d(2))/d(2))

for each z in sorted nodes:

N oo v s w N R

w(z)
TEEEW (D)

9:  h(S;(A4,B)) « w.h(sorted nodes)
10: return (h(S;(4,B)))
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Algorithm4: Create a Subgraph Feature Vector based
on CNN

Input: S;(A,B)(V, E): input subgraph,

{A, B}: target nodes pair in subgraph,

h: feature vector of nodes in subgraph {h(z)| z
eV}

Output: h(S; (4, B)): subgraph feature vector.

h(DummyTarget) < (h(4) + h(B))/2

foreachzinV:

d(z) « Distance(h(z),h(DummyTarget))
sorted nodes < Sort subgraph nodes by d
h(S;(A,B)) « CNN(h(sorted nodes))
return (h(S; (4, B)))
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