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ABSTRACT
Link prediction is an important task in complex networks which
has a wide variety of applications in recommendation systems. Although many community detection methods can be used in this
end, the recently proved No Free Lunch theorem for community
detection implies that each makes some kind of trade-off, and no
algorithm can be optimal on all inputs. Different algorithms will
thus over- or under-fit on different inputs, finding more, fewer, or
just different communities than is optimal. Therefore, algorithms
vary widely in how many communities they find in a given input,
and these differences induce wide variation in accuracy on link prediction task. On the other hand, stacked generalization approach
helps to design a high-level classification model via combining the
lower-level models. The goal is to have better predictive performance by learning and fusing the best performance of each link
prediction algorithm in different feature configurations. In this paper, we present a novel ensemble approach on link prediction using
stacked generalization and show that via this approach we can
achieve a higher precision and recall compared to each algorithm
and to the best-overall-predictors. We present our results on 11
edge prediction algorithms on a novel and diverse corpus of 406
diverse real-world networks.
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1

INTRODUCTION

Many information systems can be represented through the networks, where the individuals and their relations are denoted by
nodes and edges, respectively. Real networks are usually incomplete
and have lots of missing edges which can be resulted from variety
of reasons, for example, since the existence of the edges in many
biological networks like protein-protein or gene-gene interactions
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should be examined via costly experiments which makes our knowledge of these networks very limited [12], or due to sampling social
networks, or because of constraints on number of references in citation networks. Link prediction is one of the most common tasks in
networks which has an effective role in recommendation systems,
protein-protein interaction prediction, novel interaction between
genes, identifying the hidden activities of terrorists and criminals.
Also most of the tasks on networks which takes the networks as
input are sensitive to missing edges. For example community detection results can be changed via the incomplete networks [3], or
many network features like the clustering coefficient are sensitive
to missing edges.
Most of the traditional algorithms in link prediction are based
on some scoring function [10] to rank the potential links and via
computing a proper threshold, propose the top k links as the missing edges or future edges depending on the application. The best
algorithms in traditional link prediction coming from probabilistic group of methods in community detection [6]. Although many
community detection methods can be used in this end [6], the recently proved No Free Lunch theorem for community detection [16]
implies that no method can be optimal on all inputs, and hence
every method must make a tradeoff between better performance
on some kinds of inputs for worse performance on others. Different
algorithms will thus over- or under-fit on different inputs, finding
more, fewer, or just different communities than is optimal. Therefore, algorithms vary widely in how many communities they find
in a given input, and these differences induce wide variation in
accuracy on link prediction task [6].
We can think the traditional approaches as unsupervised or better say semi-supervised link prediction techniques. Designing link
prediction approach in a more supervised form can imrove the results due to several reasons more importantly (i) link prediction is a
highly imbalanced classification task which supervised techniques
can improve the results, (ii) most of the scoring functions in unsupervised approaches are looking to just partial information of the
network structure such as the number of common neighbors, larger
weights on common neighbors with lower degree knwon as AdamicAdar, etc.. On the other hand supervised techniques can consider all
of these deficiencies because of their inherent characteristics [1, 11].
Therefore, the state of the art algorithms related to the supervised
techniques which outperform traditional approaches by extracting
more information from the networks using the topological feature
configurations on each network.
Ensemble techniques are supervised classification which try to
improve the learning task by learning a higher-level model through
combining the predictions from base-learners (lower-level ones).
Ensemble techniques include bagging [2] for variance reduction,
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boosting [19] to improve the performance of a classifier via decreasing the bias and variance and stacked generalization [20] to improve
the prediction task and decrease the variance and bias through combining several classifiers. Most of the previous approaches in link
prediction use bagging [1, 11] and a few use boosting [4]. Also recently in Ref. [5] the authors propose a bagging approach to scaling
up link prediction by dividing the data to bootstrap samples and
solving each part with latent factor models. In another work [9] the
authors use Gradient Boosting Decision Tree for feature extraction
to derive better feature sets from the initial features.
As mentined earlier the NFL theorem for community detection [16] implies that no method can be optimal on all inputs, and
hence every method must make a tradeoff between better performance on some kinds of inputs for worse performance on others.
Although this diversity of algorithmic performance make these
algorithms vulnerable in link prediction separately, but utilizing
them altogether makes them powerful in link prediction.
In this paper we are presenting a stacked generalization technique to improve the link prediction results coming from 11 unsupervised link prediction algorithms all originated from 11 state-ofthe-art community detection algorithms by combining them using a
classifier. We evaluate the proposed stacked generalization link prediction technique using a novel corpus of 406 real-world networks
introduced as CommunityFitNet corpus in [6] from many scientific
domains, which provides general insights about their performance
in practical settings. The 406 real-world networks are a structurally
and size diverse corpus that we believe provides a reasonable estimation of generalization error on other real-world networks. We
see that the scoring functions as meta features can be used in link
prediction in a supervised setting and adding topological features of
networks improves the link prediction significantly. We will present
our study for link prediction on the sampled observed networks by
training over some other networks.

2

DIVERSITY IN THE RESULTS OF LINK
PREDICTION TECHNIQUES

In this section we study the results coming from 11 unsupervised
link prediction algorithms, all originated from 11 state-of-the-art
community detection algorithms (see Table 1). Traditional link prediction algorithms, using a scoring function, rank the contribution
that the added unobserved edge would make to their corresponding
partition score functions, to distinguish the true positives (missing
links) and true negatives (non-edges). Here we first explain briefly
these link prediction techniques we used in our set of algorithms
and then we present the results coming from these techniques
on the CommunityFitNet corpus, a novel data set containing 406
real-world networks introduced in [6].

2.1

Link Prediction

In our lower-level predictors for a given graph G = (V , E) we
define E ′ ⊂ E and G ′ = (V , E ′ ). For each method f with a partitioning C = f (G ′ ) we define a model-specific score function si j
for ij ∈ V × V ∖ E ′ and evaluate its accuracy at discriminating
between the true positives (missing links) (i, j) ∈ E ∖ E ′ and true
negatives (non-edges) (i, j) ∈ V × V ∖ E of G. We keep a fraction of
our edges noted with α (α = 0.9 in our experiments) i.e. |E ′ | = α |E|
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Table 1: Abbreviations and Descriptions of 11 Community
Detection Methods.
Abbreviation

Ref.

Description

Q
Q-MR
Q-MP
B-NR (SBM)
B-NR (DC-SBM)
B-HKK (SBM)
cICL-HKK (SBM)

[14]
[13]
[21]
[15]
[15]
[7]
[7]

Infomap
MDL (SBM)
MDL (DC-SBM)
S-NB

[18]
[17]
[17]
[8]

Modularity, Newman-Girvan
Modularity, Newman’s multiresolution
Modularity, message passing
Bayesian, Newman and Reinert
Bayesian, Newman and Reinert
Bayesian, Hayashi, Konishi and Kawamoto
Corrected integrated classification likelihood
Map equation
Minimum description length
Minimum description length
Spectral with non-backtracking matrix

chosen uniformly at random. Link prediction is a kind of binary
classification task, meaning its accuracy can be quantified by the
area under the ROC curve (AUC). When computing ROC curves,
we break ties in the scoring function uniformly at random. Each
network produces one AUC value, and we average the AUCs produces for each of our real-world networks into a single value that
gives a general measure of the algorithm’s performance. Also since
the link prediction is highly imbalanced classification problem we
report F-measure besides AUC for our evaluations.

2.2

Link Prediction Results

The average of accuracy, precision and recall for all these algorithms over the all networks in CommunityFitNet corpus are
given in Fig. 1. The simplest approach in combining the outputs,
resulted from our set of algorithms, is through the majority vote
of the results. The majority vote algorithm classify a query as an
edge/non-edge, if it is identified as an edge/non-edge by at least 6
algorithms out of 11. The performance of this majority vote link
prediction and the results of each link prediction algorithm are
presented in Table 2. Here, we have the mean performance of these
algorithms over 406 real world networks. A naive upper bound for
recall in link prediction is by inferring a true label if any of the
algorithms classify the query pair of nodes as an edge. The result for
this naive method is also included in Table 2. The results show that
the majority vote improves the results. The recall is large which
means by using the majority vote we can identify the true labels
of minority class. However, since the precision of this approach is
very small it shows we are assigning much more true labels than
the reality but still the results are better than any other single algorithm. On the other hand, the recall for our naive approach is too
high which says every single minority class can be identified by at
least one of our algorithms, but the small precision shows that this
naive approach is useless and it identifies many non-edges as links.
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Table 2: Algorithms mean performance over 406 networks
in CommunityFitNet corpus.
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0.15
0.10

AUC
0.73
0.72
0.67
0.84
0.71
0.82
0.79
0.76
0.82
0.87
0.70
0.92

Precision
0.12
0.11
0.07
0.10
0.08
0.10
0.06
0.07
0.10
0.1
0.16
0.02
0.18

Recall
0.74
0.69
0.69
0.82
0.64
0.78
0.76
0.73
0.76
0.84
0.52
1.0
0.84

F-measure
0.18
0.17
0.12
0.16
0.14
0.16
0.10
0.12
0.17
0.17
0.17
0.05
0.26

Table 3: Abbreviations and Descriptions of 3 different settings
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Classifier

Description

M1

random forest classifier using just
the topological features
random forest classifier using just
the scores as features
random forest classifier using both
the topological features and scores
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Figure 1: Average of (a) Accuracy (b) Precision (c) Recall for
11 link prediction algorithms in Table 2 over 406 networks
in CommunityFitNet corpus.

3

STACKED GENERALIZATION FOR LINK
PREDICTION

Due to the diversity of these link prediction techniques we observed that combining these approaches using majority vote improves the results. Using more advanced approaches can improve

the results even more. Here, we design a highly accurate link prediction on networks using stacked generalization approach [20]. For
our higher-level meta classifier we use a random forest classifier
with 50 trees and a maximum depth of 7. We have around 15 million pair of candidates named as the set of unobserved edges in G ′ .
This set contains both the true removed edges and the non-edges.
Here for our higher-level classifier we train it using one hundred
thousands of unobserved edges chosen randomly from a subset of
networks (twenty percent of networks) and train our meta-learner
by balancing our training set. The evaluation results on unseen
networks (eighty percent of networks) are presented for a test set of
size one million in Fig. 2. The results show some interesting trends
as (i) the importance of scoring features and their combination (M2
in Fig. 2-b) and specifically its importance in learning the minority
class (true edges), (ii) the topological features will improve M2 classifier to better learn the algorithms, and (iii) adding more features
in Fig. 2-c shows very promising results.
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Figure 2: (a) results of lower-level edge predictors, (b) random forest classifier using (1) just the topological features (M1), (2)
just the scoring features (M2) (importance of scoring features), and (3) both topological and scoring features (M3) (adding the
topological features will improve the results and help in learning the optimal combination of unsupervised link prediction
algorithms), (c) adding more features improve the results.

