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Comparison of link prediction methods on synthetic
and real networks
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Extended Abstract
The problem of link prediction consists in using existing graph information (nodes and links)
to predict unseen or missing links. Link prediction is an important and widely studied research
topic in different disciplines – including complex networks and machine learning [1–4].

Solving this problem in complex networks requires algorithms that are able to explore sta-
tistical regularities in the existing network data. We investigate the interplay between algo-
rithm efficiency and network structures through the introduction of suitably-designed synthetic
graphs [5]. We apply these ideas to a real problem of link prediction in scientific paper citation
graphs applying the same algorithms to this problem.

As a result of this work we propose a family of random graphs that incorporates both micro-
scale motifs and meso-scale communities, two ubiquitous structures in complex networks. One
contribution is the derivation of theoretical upper bounds for link prediction performance in our
synthetic graphs, allowing us to estimate the predictability of the task and obtain an improved
assessment of the performance of any method 1. Our results on the performance of classical
methods (e.g., Stochastic Block Models [6], Node2Vec [7], GraphSage [8]) show that the
performance of all methods correlate with the theoretical predictability, that no single method
is universally superior, and that each of the methods exploit different characteristics known to
exist in large classes of networks. Our findings underline the need for careful consideration of
graph structure when selecting a link prediction method and emphasize the value of comparing
performance against synthetic benchmarks.

We provide open-source code [9] for generating these synthetic graphs, enabling further
research on link prediction methods.
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Figure 1: Performance of link prediction methods for graphs with increasing fraction CS of
structure nodes. Graphs with N = 3200 nodes were build using two types of structures: cliques
(left panel) and 2d lattices (right) and bridges. k = 8, so clique has 8 nodes each and lattice has
8×8 = 64 nodes each. Probability of bridge α = 12/(N ·CS).
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