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Link prediction aims at detecting missing, spurious or evolving links in a network, based on the topological informa-
tion and/or nodes’ attributes of the network. Under the assumption that the likelihood of the existence of a link between
two nodes can be captured by nodes’ similarity, several methods have been proposed to compute similarity directly or indi-
rectly, with information on node degree. However, correctly predicting links is also crucial in revealing the link formation
mechanisms and thus in providing more accurate modeling for networks. We here propose a novel method to predict links
by incorporating stochastic-block-model link generating mechanisms with node degree. The proposed method first recov-
ers the underlying block structure of a network by modularity-based belief propagation, and based on the recovered block
structural information it models the link likelihood between two nodes to match the degree sequence of the network. Exper-
iments on a set of real-world networks and synthetic networks generated by stochastic block model show that our proposed
method is effective in detecting missing, spurious or evolving links of networks that can be well modeled by a stochastic
block model. This approach efficiently complements the toolbox for complex network analysis, offering a novel tool to
model links in stochastic block model networks that are fundamental in the modeling of real world complex networks.
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1. Introduction
Networks are powerful tools to describe numerous com-

plex social, biological, and information systems, where nodes
are units of the system and links between nodes indicate their
interactions or relations.[1] For example, an urban bus traffic
system can be modeled by different types of networks for fur-
ther analysis.[2] The analysis of the functions and dynamics of
complex systems can then be conducted through network anal-
ysis, from network structure to network dynamics.[3–6] Due to
the limited knowledge of a complex real system represented
by a network, data collected are always partial or blended
with noise. For example, 80% of the molecular interactions in
yeast[7] and more than 99% in humans[8,9] are still unknown.
Similarly, informant inaccuracy[10] or sampling biases[11] in
social sciences often lead to social networks constructed with
missing data or noise. In addition, laboratory experiments or
manual judgments to validate links are often costly. Fortu-
nately, such costs, unacceptable for blind checking of all pos-
sible interactions, can be sharply reduced by focusing on the
most likely interactions predicted by efficient computational
algorithm on the basis of known (observed) interactions.

Based on observed links and/or attributes of nodes in a
network, link prediction attempts to estimate the likelihood of

the existence of a link between two nodes. Reliable link pre-
diction algorithms can be used to identify missing links, to
predict evolving links that may appear in the future, to filter
out spurious links in a noisy network, and more. Similarity-
based link prediction is a formalism that associates the likeli-
hood of two disconnected nodes to be connected to their sim-
ilarity: more similar nodes are supposed to have higher likeli-
hoods of being connected. If nodes’ attributes can be extracted
efficiently, link prediction can be cast in the frame of cal-
culating similarities between pairs of nodes in the Euclidean
metric space.[12] Without involving nodes’ attributes but with
the sole network structure, Fouss et al. found that a node
in a network could be expressed as a vector in a Euclidean
space that preserves Euclidean commute-time distance, and
that the similarity between two nodes was the inner product
of nodes’ corresponding vectors.[13] Actually, nodes’ similar-
ities are not necessarily calculated by first mapping nodes into
vectors when only the topological structure of a network is
available. Topological similarity measures, designed to cap-
ture the similarity between two nodes via the sole network
structure, give rise to a broad variety of structural similarity
based methods for link prediction in complex networks,[14]

such as methods based on counting common neighbors.[15–17]
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Methods not relying on structural similarity include maximal
likelihood methods[18–20] by finding the best fit graph(s) (with
pre-specified local structures such as blocks, motifs, hierarchy,
and so on) to the observed networks and then scoring pairs of
nodes by likelihoods, and probabilistic model methods[21–23]

that use parameterized probabilistic models to derive the prob-
ability of the existence of a link. Although various link predic-
tion methods are continuing to be designed, in this paper we
focus on the structural similarity based link prediction meth-
ods, for their intuitiveness, driving interest in the community.

These methods can be roughly classified into three major
classes:[14] global, local, and intermediate. The global sim-
ilarity methods use the whole network topological informa-
tion to compute nodes similarity. For example, the Katz index
counts all paths connecting two nodes with more weights on
shorter paths.[24] Other global similarity methods include ran-
dom walk with restart[14] and average commute time index,[13]

to name a few. Global methods need information of the whole
network structure and output results with higher performance
and computational complexity compared with local and inter-
mediate approaches. Local similarity methods use only lo-
cal structure information to define node similarity. For exam-
ple, common neighbor (CN) counts the number of common
neighbors between two nodes that are more likely to have a
link if they share more common neighbors.[15] With differ-
ent normalizations, the extension of CN includes the Salton[25]

and Jaccard index. Building on the mechanism that generates
scale-free networks without growth,[26] the preferential attach-
ment index (PA) computes the probability of a link between
two nodes proportional to their degrees. Compared to CN and
its variants, PA does not require information on the neighbors
of each node and thus reduces the computational complexity.
With information on neighbors and their degrees, the Adamic–
Adar (AA)[16] and resource allocation (RA) indices[17] com-
pute structural similarity by assigning less-connected nodes
more weights. AA and RA indices are similar in essence but
weight differently large degree nodes. Finally, the interme-
diate approaches between global and local include local path
index[27] and its variants, which are methods based on local
random walks[14] and give a good tradeoff between perfor-
mance and complexity. More details on various state-of-the-
art link prediction methods can be found summarized in an
excellent survey.[14]

An important feature of the link prediction method lies in
their performances being associated to the mechanism(s) un-
derlying networks’ formation.[14,18,19,28–31] If the principle of
a link prediction method is consistent to the network forma-
tion mechanism, the method performs well providing accurate
predictions. In contrast, if a link prediction method cannot
capture well the underlying link formation mechanism, it will
often not give satisfactory predictions. For example, the hier-
archical random graph based link prediction framework with

the assumption of hierarchical organization of networks tends
to have high prediction accuracy if the observed network or-
ganizes hierarchically.[18] Similarly, if the observed network
is organized into blocks[32,33] or distinct roles, the framework
based on the stochastic block model (SBM)[34] will provide
accurate link predictions.[19] Inspired by this fact, Wang et
al. viewed link addition in network evolution as a kind of
link prediction algorithm and employed likelihood analysis to
judge which mechanism is better among a given series of net-
work formation mechanisms for explaining the evolution of a
network,[28] while Zhang et al. applied the likelihood analy-
sis and link prediction methods to quantitatively measure how
multiple mechanisms contribute to a network formation.[29] In
directed network cases, Zhang et al. found that a non-observed
link would be more likely to exist if the link generates more
potential-definable subgraphs (such as Bi-fan structure con-
sisting of 4 nodes and 4 directed links) deduced by the poten-
tial theory with clustering and homophily mechanisms.[30]

When nodes in a network are partitioned into blocks and
the probability that two nodes are connected depends only on
the blocks they belong to, SBM is well suited for capturing
the network organization mechanisms. Actually, SBM is a
powerful model for generating a wide variety of networks,
which can capture ubiquitous and fundamental properties of
real world networks, overarching the more specific models
presented above: modular or block structure, core-periphery,
hierarchical, multipartite structure, and so on. SBM generates
networks using as the link formation mechanism the probabil-
ity of the existence of a link between two nodes that depends
only on the node’s block memberships. However, nodes in
a group/block are not always homogenous but often hetero-
geneous, which is a feature found in most empirical network
data.[1,3,35] Therefore, we deem reasonable to model the pro-
cess of real-world network formation by considering nodes’
specific characteristics. According to this observation, we pro-
pose to compute the structural similarity between two nodes by
considering information on both block structures and node de-
grees. The method applies a modularity-based belief propaga-
tion algorithm[36] to recover the underlying block structure of
a network and then calculates the connecting probability dis-
tribution over blocks. We name this method the block model
preferential attachment index (BMPA).

In this paper, we first describe the problem of link predic-
tion in a network and introduce several state-of-the-art simi-
larity based methods as baselines. Then we propose our novel
method for link prediction and review the modularity-based
belief propagation algorithm for block structure recovering.
Testing and comparisons between BMPA and baseline meth-
ods on a set of real-world networks and synthetic networks
generated by SBM are finally shown.
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2. Problem setting and baseline methods
We focus on link prediction in an undirected and un-

weighted network G(V , E) with no self-connections nor multi-
ple links, where V is the set of nodes and E the set of links. For
missing link prediction, the set of links E is randomly divided
into two sets: the training set ET used for similarity calcula-
tion, and the testing set EP for performance testing. Links in
EP in this case are not allowed to be included in ET, that is,
ET∩EP = /0 and ET∪EP = E. Link set partition is here con-
strained to keep the induced network G (V , ET) connected.
For spurious link prediction, extra links are added randomly
to E. As a results, all added random links form the testing set
EP, and the training set in this case is ET = E ∪EP. The aim
of spurious link prediction is to filter out from G (V , ET) the
connected pairs that are also in the testing set EP, while the
aim of missing link prediction is to uncover unconnected pairs
in G (V , ET) that are otherwise connected pairs in EP. Evolv-
ing links predict links that may appear in the future in a net-
work changing over time. To mimic this discovery, the ability
of predicting evolving links can be revealed by the ability of
filtering out randomly added links given that the observed net-
work is the original network G(V , E), which is different from
that of missing or spurious link prediction. In such a case, the
training set becomes ET = E, and EP is the set of randomly
added links.

To quantify the ability of methods to predict links, we
use the area under the receiver operating characteristic curve
(AUC).[37] Similarity based link prediction associates node
similarity to the likelihood of the link existence. By comput-
ing similarities of all pairs in U −ET (here U is the set of all
possible node pairs in a network), i.e., the likelihoods of link
existence of non-observed links in U −ET(U −E ∪EP), link
prediction methods provide a ranked list of the likelihoods for
missing link prediction. With this ranked list, the AUC value
of a method in missing link prediction is the probability that a
randomly picked missing link in EP has a higher rank than a
randomly picked nonexistent link in U−E. To ease the calcu-
lation, we here adopted the AUC computing method[14,17] of
calculating the score of each non-observed link (similarity be-
tween its two ends) instead of giving the ordered list. At each
step, a missing link in EP and a nonexistent link in U −E are
randomly picked and their scores are compared. If among K
independent comparisons, there are K1 randomly picked miss-
ing links with a higher score and K2 links with the same score,
the AUC value is

AUC =
K1 +0.5K2

K
. (1)

AUC varies generally between 0.5 and 1, with AUC=0.5 in-
dicating random guesses and AUC=1 indicating the perfect
ability of the method to predict missing links.

Similarly, the AUC value of a method for spurious or
evolving link prediction can be calculated by comparing the

scores between a randomly picked spurious link in EP and a
randomly picked link in set E. In spurious or evolving link
prediction, K1 in Eq. (1) indicates the number of randomly
picked spurious links in EP with a score lower than the one
produced by a randomly picked link in E, and K2 is the times
that they have the same score. Therefore, the AUC value for
spurious or evolving link prediction can be interpreted as the
probability that a randomly picked spurious link in EP has a
lower rank than a randomly picked existent link in E.

For a given node pair i and j, link prediction methods
compute the similarity score Si j between the nodes by refer-
ring to the structural information in the training set. Four well-
known local similarity based link prediction methods are used
as a baseline for performance comparison. They are chosen
for their effectiveness in link prediction and for the direct or
indirect usage of node degree information. The global meth-
ods are not chosen due to their high computational complexity
and intermediate methods such as local path index are avoided
for the complexity of tuning parameters.

With di the degree of node i and N(i) the set of its neigh-
bors, the CN method [15] computes the similarity score be-
tween nodes i and j by counting their shared neighbors

SCN
i j = |N(i)∩N( j)|, (2)

where | · | represents the number of elements in a set, and
N(i)∩N( j) the set of common neighbors of nodes i and j.

The PA method[26] assumes that the probability of a link
connecting nodes i and j is proportional to their degrees di and
d j, and computes the score as

SPA
i j = di×d j. (3)

Compared to CN, PA does not require the information on
nodes’ neighborhood, and thus has lower computational com-
plexity.

Different from CN that gives equal weights to each neigh-
bor of a node, the AA method [16] assigns more weights to
less-connected neighbors and computes the similarity score as

SAA
i j = ∑

z∈N(i)∩N( j)

1
logdz

. (4)

The resource allocation dynamics motivated method, RA,[17]

also uses unequal weights when counting common neighbors
as AA, but penalizes the high-degree neighbors more heavily.
The similarity score computed by RA is

SRA
i j = ∑

z∈N(i)∩N( j)

1
dz
. (5)

3. BMPA similarity and modularity-based belief
propagation
Nodes in a network are often organized into groups (or

blocks) according to distinct mechanisms. For example, peo-
ple often establish social relations with others according to
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their age, gender, professions, ethnicity, and so on. As indi-
cated above, when predicting the existence of links in such
kinds of networks, it is crucial to reflect this underlying link
formation mechanism in the prediction method. SBM can well
capture such a ubiquitous and fundamental property. In SBM,
the likelihood or probability that two nodes are connected de-
pends only on the groups they belong to. Therefore, in the
frame of SBM, all nodes in one group have a common prob-
ability to connect to all nodes in another group. We therefore
simply called the probability that two nodes are connected as
the probability that the groups they belong to are connected, to
reflect such a characteristic of SBM that all nodes in the same
group are treated equally. However, in real-world networks, all
nodes in a group are not always homogenous. They have their
own characteristics or roles, simply and directly characterized
by node degree. Thus, to well capture nodes’ similarity or the
likelihood of a link existence, we combine these two factors.

Denote 𝐴 as the adjacency matrix of a network, where
Ai j = 1 if there exists a link between nodes i and j,
otherwiseAi j = 0. The degree di is the number of links asso-
ciated with node i, i.e., di = ∑ j Ai j. Suppose a network has q
groups. Let m be the number of links of the network and gi = r
(1 ≤ r ≤ q) the group membership of node i. The number of
links between groups r and s is mrs = ∑rs Ai jδgi,rδg j ,s (or twice
the number of links if r = s) and the number of links associ-
ated with group r is kr=∑i diδgi,r. Here δgi,r = 1 if gi = r and
otherwise δgi,r = 0. The probability that two groups are con-
nected (also known as the link distribution over groups, which
is the probability that two nodes in these two groups are con-
nected without considering the nodes’ own characteristics but
only group memberships) is defined as

prs =
mrs

krks
. (6)

When combining the connected probability of node groups
with node degree, the new similarity index between nodes i
and j, BMPA, is defined as

Si j = prsdid j =
mrs

krks
did j. (7)

The basic idea of BMPA is similar to that of the degree-
corrected block model that takes into account degree hetero-
geneity to partition networks.[38] However, the connecting
probability is modeled in a degree–block model using a Pois-
son distribution with Si j as its mean, while in BMPA Si j is
used as similarity measure for ranking the likelihood of the
existence of a link.

To compute node similarity with Eq. (7), group/block
structure must be recovered first. A recently proposed
modularity-based belief propagation (Modbp) approach[36] for
finding the significant partition of a network can be adopted.
Modbp is very efficient and works by iterative updates of two
equations to find a significant partition of a network. If vi→ j

t

denotes the belief or a message sent from node i to its neigh-
bor node j, which is an estimate of the marginal probability
that node i belongs to community t (gi = t) based on the inter-
actions between node i and its neighbor nodes k 6= j, and v(i)t

is the marginal probability that node i belongs to community t
based on the interactions between node i and all its neighbors,
the two equations to update the beliefs are

v(i→ j)
t =

1
Zi→k

exp
[
− βdi

2m
θt + ∑

k∈∂ i\ j

log(1+ v(k→i)
t (exp(β )−1))

]
, (8)

v(i)t =
1
Zi

exp
[
− βdi

2m
θt + ∑

k∈∂ i
log(1+ v(k→i)

t

×(exp(β )−1))
]
. (9)

Here θt = ∑
n
k=1 dkv(i)t is an external field acting on nodes in

group t, and ∂ i is the set of neighbors of node i. 1
Zi→k

and 1
Zi

are normalized terms for Eqs. (8) and (9), respectively. Given
initial guesses of v(i→ j)

t and v(i)t , and a fixed number of com-
munities q, Modbp iteratively updates these two equations un-
til convergence. Then node i is assigned to community t if v(i)t

is the maximum of the marginal probabilities for node i. If
there is more than one maximum, ties are broken randomly. It
should be pointed out that Modbp can also be applied to un-
cover the group structure of a given network if the number of
groups in the network is not known in advance. By monitoring
the fluctuations of so called retrieval modularity,[36] Modbp
automatically determines the optimal number of groups in a
network. Recent work on a Modbp variant reinforces this po-
tential of finding the correct number of groups in a network
with unknown group structure.[39]

4. Experiments
In this section, we test BMPA for link prediction on

six real-world networks and synthetic networks generated by
stochastic block model, and compare it with four high perfor-
mance state-of-the-art link prediction methods.[14]

4.1. Results on real-world networks

Comparisons between BMPA and other state-of-the-art
methods are performed on six real-world networks. The six
networks are chosen for their usefulness in revealing differ-
ent performance behaviors among BMPA and the four base-
line methods as popular benchmarks in this type of research,
thus also allowing an easy comparison with current litera-
ture. These networks are: (i) zcNet, a well-known social net-
work of a karate club at an American university observed by
Zachary in the early 1970s,[40] with club members as nodes
and their social interactions as links; (ii) pblgNet, a network
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of political blogs whose nodes are blogs about American pol-
itics and links the web hyperlinks between them;[41] (iii) dph-
Net, a social network of bottlenose dolphins living in Doubt-
ful Sound in New Zealand,[42] whose nodes are dolphins and
the links between nodes indicate that the dolphin pairs were
seen together more often than expected by chance; (iv) sfiNet,
a collaboration network of scientists at the Santa Fe Insti-
tute indicating coauthorship between these scientists;[32] (v)
FWNet, a network of a food web in Florida Bay during the
wet season,[43] representing carbon flow between species in
the Bay; (vi) Yeast, a protein–protein interaction network in
budding yeast[44] whose nodes are proteins and links their in-
teractions. If networks are directed in their original form, their
arcs are converted into undirected links. For disconnected
networks, their largest connected components are used. Ta-
ble 1 summarizes the basic topological structure information
of these networks. The last row of Table 1 reports the number
of groups in these networks, known in advance or determined
by Modbp[36] or its variant.[39]

Table 1. The basic topological structure information of the six testing
real-world networks. Here n is the number of nodes, m is the number
of links, c represents the average degree, and q is the number of groups
used in BMPA.

networks zcNet pblgNet dphNet sfiNet FWNet Yeast
n 34 1222 62 118 128 2224
m 78 16714 159 200 2075 6609
c 4.59 27.36 5.13 3.39 32.42 5.94
q 2 2 4 8 3 13

The experiments were conducted by evaluating the AUC
performance on missing, evolving, and spurious link predic-

tions. We formed the training and testing link sets of a network
by randomly removing or adding a fraction of the total links in
the network. The fraction of links removed was determined to
keep all networks connected and at least half of the total links
in the networks were removed if possible, while the maximal
fraction of links added was equal to 1.

Figure 1 shows the comparisons between BMPA and
other baseline methods on zcNet and pblgNet. For miss-
ing link prediction on zcNet, BMPA achieved the best per-
formance provided that the fraction of removed links was
not larger than 0.3. When the fraction exceeded 0.3, BMPA
was still better than RA, AA, and CN, but worse than PA
(Fig. 1(a)). A similar phenomenon occurred when predict-
ing spurious links on zcNet if the fraction of links was not
greater than 0.3 (Fig. 1(c)). When predicting evolving links
on zcNet, BMPA was again the best choice (Fig. 1(b)). The
AUC values of all methods except PA decreased with the frac-
tion of links removed, while those of PA increased (Fig. 1(a)).
In this case, preferential attachment dominated the formation
of links in these modified networks. As a consequence, until
there was a meaningful block structure in the network, tak-
ing into account both block connecting mechanism and node
degree would improve performance, otherwise it became mis-
leading. This was confirmed again from the results of link pre-
diction on pblgNet. Both BMPA and PA performed well but
BMPA was better than PA (the bottom panel of Fig. 1). Al-
though RA, AA, and CN also behaved as well as BMPA and
PA on evolving and spurious link prediction, they performed
worse when predicting missing links on pblgNet.
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Fig. 1. (color online) Comparisons on the performance of link prediction in zcNet ((a)–(c)) and pblgNet ((d)–(f)), where BMPA was
compared with RA, AA, CN, and PA. For missing link prediction, a fraction of links from the network were randomly removed but the
network was kept connected, while for evolving or spurious link prediction a fraction of links were randomly added on the network
but with different observed networks. Each point is averaged by repeating the experiments 100 times.
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As shown in Fig. 2, for missing link prediction on dphNet
and sfiNet, the performance of BMPA was comparable to RA,
AA, and CN, and all are much better than PA, meaning that
the preferential attachment mechanism could not well explain
globally (PA) the underlying link formation process while it
could locally (BMPA). For evolving link prediction on these
two networks, BMPA performed best and PA performed worst
(the middle panel of Fig. 2). These results confirm the fact
that preferential attachment could not explain globally the un-
derlying process of link formation in these two networks. If
there was a clear block structure in a network, integrating in-
formation from the block structure would more accurately ex-

plain the underlying mechanism of link formation. This is why
BMPA performed worse than RA, AA, and CN in both miss-
ing and spurious link prediction on these two networks but
performed much better in evolving link prediction, since the
observed network remained the original network in the case
of evolving link prediction and the block structure was not
destroyed. Although the preferential attachment mechanism
from PA could not well explain globally the link formation
in these networks, it could play a role at the local level if net-
works had block structure, i.e., preferential attachment mecha-
nism from BMPA could well explain locally the link formation
in this case.
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Fig. 2. (color online) Comparisons on the performance of link prediction in dphNet ((a)–(c)) and sfiNet ((d)–(f)), where BMPA was
compared with RA, AA, CN, and PA. Each point is averaged by repeating the experiments 100 times.

The experiments above would suggest that PA is not the
best choice for link prediction in networks. To confirm the
association between good performance of link prediction and
the appropriate link formation model, we further tested two
additional networks: FWNet and Yeast. The results are shown
in Fig. 3. It can be seen that for all of the missing, evolving,
and spurious link prediction, PA was the best choice. Even if
BMPA performed better than RA, AA, and CN on these two
networks in most cases, the link formation process of these
two networks appears to be well-explained globally by prefer-
ential attachment.

Complementarily, we conducted experiments on a series
of synthetic networks with determined internal structure, to
confirm the expectation that BMPA would perform very well
in this case (Section 4.2).

As a final experiment on the real-world networks, we
compared BMPA with a classical likelihood method for link
reliability estimation[19] due to the shared SBM model used
in the modeling network. Since the link reliability method
(LRM) needs to sample a large number of possible partitions,
it is a highly time-consuming method. In contrast, BMPA uses
the consensus of several good partitions of a network to derive
the link distribution over groups, and is thus scalable and effi-
cient. Although it would be desirable to offer the comparison
of BMPA with LRM together with other baseline methods in
a single figure, the high computational costs of LRM makes it
prohibitive to produce results on pblgNet and Yeast in the form
adopted in Figs. 1 and 3 due to the large number of nodes in
these two networks. As a consequence, we separate the com-
parison with LRM from the ones with the four other baseline
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methods and provide here the comparison with LRM in tab-
ular form, as routinely done in most of the literature of link
prediction in complex networks,[14,31] for the sake of readabil-
ity on BMPA results. Such a scheme for comparison is also
reasonable, as it split the comparisons into two intuitive types:
the ones with similarity based methods and the ones sharing
SBM modeling networks.

Table 2 shows quantitatively the comparisons between
BMPA and LRM in predicting missing links on the six afore-
mentioned real-world networks, while Table 3 gives the results
on predicting spurious links. As seen from Table 2, the perfor-
mance of BMPA in missing link prediction is much better than

LRM in all cases except when sfiNet randomly removed 10%
of the total number of links. When predicting spurious links,
BMPA performs better than LRM on all networks except on
sfiNet and FWNet (see Table 3). A similar comparison can be
made in the case of evolving link prediction (data not shown
for conciseness). Although LRM has high computational com-
plexity and performs poorly in these cases, it has an advantage
over the structural similarity based methods as it can predict
missing links when nodes are in separated components of a
network. Such a property makes it quite suitable for predict-
ing missing links in cases where the large portion of links is
unknown as usually encountered in biological networks.
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Fig. 3. (color online) Comparisons on the performance of link prediction in FWNet ((a)–(c)) and Yeast ((d)–(f)), where BMPA was
compared with RA, AA, CN, and PA. Each point is averaged by repeating the experiments 100 times.

Table 2. Average accuracy of missing link prediction on real-world networks by BMPA and LRM. 10% and 20% of the total number
of links were randomly removed. Numbers in bold are the maxima in each case and numbers in parenthesis are standard deviations of
the AUC. Each of the results by LRM on the four smaller networks was averaged on 30 repetitions, while on pblgNet and Yeast the
repetitions were reduced to 10 due to the high computational complexity of LRM.

Networks
10% links removed 20% links removed

LRM BMPA LRM BMPA

zcNet 0.771 (0.090) 0.797 (0.077) 0.697 (0.091) 0.754 (0.082)

pblgNet 0.615 (0.007) 0.920 (0.149) 0.623 (0.012) 0.919 (0.113)

dphNet 0.532 (0.061) 0.757 (0.066) 0.516 (0.053) 0.744 (0.055)

sfiNet 0.908 (0.059) 0.899 (0.042) 0.848 (0.079) 0.865 (0.037)

FWNet 0.601 (0.019) 0.661 (0.028) 0.604 (0.017) 0.657 (0.025)

Yeast 0.595 (0.004) 0.760 (0.014) 0.560 (0.009) 0.756 (0.010)
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Table 3. Average accuracy of spurious link prediction on real-world networks by BMPA and LRM. 10% and 20% of the total number
of links were randomly added. Numbers in bold are the maxima in each case and numbers in parenthesis are standard deviations of
the AUC. Each of the results by LRM on the four smaller networks was averaged on 30 repetitions, while on pblgNet and Yeast the
repetitions were reduced to 10 due to the high computational complexity of LRM.

hhhhhhhhhhhhNetworks
Methods 10% links added 20% links added

LRM BMPA LRM BMPA
zcNet 0.794 (0.062) 0.820 (0.079) 0.786 (0.062) 0.793 (0.055)

pblgNet 0.646 (0.047) 0.915 (0.045) 0.675 (0.043) 0.914 (0.045)
dphNet 0.458 (0.073) 0.756 (0.057) 0.488 (0.061) 0.742 (0.048)
sfiNet 0.903 (0.036) 0.845 (0.044) 0.878 (0.027) 0.825 (0.036)

FWNet 0.789 (0.062) 0.675 (0.017) 0.843 (0.033) 0.669 (0.020)
Yeast 0.576 (0.012) 0.751 (0.010) 0.589 (0.011) 0.748 (0.010)

Due to the predicting accuracy shown in this section and
the high computational complexity of LRM, in the following
section, we compared the performance of BMPA only with
classical structural similarity based methods.

4.2. Results on synthetic networks

Synthetic networks in this section were generated by the
stochastic block model. Given q groups of nodes with equal
size, each pair of nodes i and j is connected with probabil-
ity pgig j = pin if they are in the same group (gi = g j) and
with probability pgig j = pout if they are in different groups
(gi 6= g j). We here let pin > pout and define ε =pout/pin.

Therefore, the average degree c of a network generated is
c = (npin +(q−1) pout)/q. If ε < (

√
c−1)/(

√
c−1+q), the

network will have a detectable block structure,[36] otherwise
no block structure can be recovered.

We generate three sets of synthetic networks with 1×103

nodes and average degrees c set to 3, 6, and 10. All generated
networks have q = 10 groups. Consequently, the critical value
ε∗ (= (

√
c−1)/(

√
c−1+q)) of the three sets of networks

are respectively 0.0682, 0.1266, and 0.1778. To generate net-
works with detectable block structure, we set ε to 0.05, 0.10,
and 0.15, respectively.
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Fig. 4. (color online) Comparisons on the performance of link prediction in synthetic networks generated by the stochastic block model with 1× 103

nodes, the number of blocks q = 10, and different average degrees c. BMPA was compared with RA, AA, CN, and PA. Performance of link prediction
on networks with c = 3 ((a)–(c)), c = 6 ((d)–(f)), and c = 10 ((g)–(i)). For missing link prediction (left panel), a fraction of links were randomly removed
from the network but the networks were kept connected, while for evolving and spurious link prediction (middle and right panel) a fraction of links were
randomly added on the networks. Each point is averaged over 10 network instances by repeating the experiments 30 times.

Figure 4 shows the link prediction results of BMPA and

baseline methods on these sets of networks. It can be clearly

seen that BMPA performs much better on predicting miss-

ing, evolving, and spurious links of these SBM-type networks,

which means that the underlying link formation mechanism

of these networks is better captured by BMPA. This is con-
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firmed on networks with different values of average degree c.
In contrast, on all missing, evolving, and spurious link predic-
tion, the AUC scores for RA, AA, and CN all approach 0.5.
When more and more links are randomly removed or added,
the internal block structure is destroyed thus decreasing the
values of the corresponding AUC. In fact, randomly removing
links in missing link prediction makes a network sparse, while
randomly adding links in spurious link prediction makes a net-
work dense, thus modifying the original block structure. For
missing link prediction, it is interesting to see that PA performs
better than BMPA and thus better than the other three baseline
methods in sparser networks when more and more links are
removed (Figs. 4(a) and 4(d)), while for spurious link predic-
tion the phenomenon disappears. A similar situation occurred
when predicting the missing link on zcNet (Fig. 1(a)). We
hence speculate that in a very sparse network when there is
no statistically meaningful block structure, preferential attach-
ment will be more suitable for explaining the underlying link
formation mechanism of the network. When there is a statisti-
cally meaningful block structure, the performance of BMPA is
the best among all these methods, as shown for evolving link
prediction in the middle panel of Fig. 4.

For missing or spurious link prediction, when more and
more links were randomly removed or added, the block struc-
ture was gradually destroyed and thus the performance de-
creased with the fraction of links removed or added. While
for evolving link prediction, the block structure was kept un-
changed since randomly added links were not included in the
training set of links. As a result, BMPA keeps performing at
best with the fraction of added links in evolving link predic-
tion. The reason is confirmed in Fig. 5, which shows how close
the block partitions of the networks with randomly removed
or added links are to the original network partition, quanti-
fied by normalized mutual information (NMI).[45] The higher
the value of NMI is, the closer the partitions are. Clearly,
the NMI value is larger when only a few links are removed
or added (Fig. 5(a) or 5(b)). When more and more links are
removed or added, the partitions on the remainder of the net-
works have lower consistency with the partition on the original
network, leading to the AUC of BMPA decreases. In contrast,
in the case of evolving link prediction, when links are ran-
domly added, the partitions on the networks are the partition
on the original network with an approximately horizontal line
approaching to 1, as shown in Fig. 5(c). As proposed above,
the reason in this case is that the internal block structure is
unchanged.

Finally, we explored the robustness of BMPA with respect
to the original network partition (block detection), as this is in-
ferred and not given information. Block detection is achieved
with Modbp[34] chosen for its computational efficiency and
statistically significant block finding property, although other

approaches could be used. When the real number of blocks in
a network is not known a priori, Modbp or its variant are able
to automatically compute a narrow range of potential partition
around the true value, and outputs the consensus among the
significant partitions produced for this narrow range of values.
We here show that performances of BMPA are robust to the
partition obtained by using Modbp.
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Fig. 5. (color online) The consistency between the block partitions ob-
tained from networks with randomly removed or added links and the
partition obtained from the original network. The consistency was mea-
sured by NMI with the fraction of links removed or added, and tested
on networks with c = 10 and q = 10. (a) The consistency for randomly
removing links in missing link prediction. (b) The consistency for ran-
domly adding links in spurious link prediction. (c) The consistency for
randomly adding links in evolving link prediction. Each point is aver-
aged over 10 network instances by repeating the experiments 30 times.

Figure 6 shows the results of link prediction on networks
with c = 10 when the networks were first partitioned into
q = 8, 9, 11, or 12 blocks by Modbp. We found that when
the number are around the real number (q = 10), the perfor-
mance of BMPA on link prediction kept consistent with the
one when networks were partitioned into q = 10 blocks, and
the prediction is much better than the performance of RA and
other baseline methods. Such robustness is due to the consis-
tency of the partitions obtained by Modbp, confirmed from
Fig. 7, where the NMI values between partitions obtained
with different q around 10 and the partition of 10 blocks is
high enough, provided the internal block structure is not de-
stroyed, see Fig. 6(c). The approximately equal values of AUC
(Fig. 6(c)) and NMI close to 1 (Fig. 7(c)) at q equal to 10, 11,
and 12 indicate approximately perfect matches of partitions.
Thanks to the nature of Modbp for significant block detec-
tion, when the number of blocks used for Modbp is larger than
the real one, the partition obtained will keep highly consistent
with real block structure since the extra groups in the parti-
tion consist of only a few nodes. Therefore, the consistency
of partition from Modbp guarantees the robustness of BMPA
to predict either missing, spurious, or evolving links in a net-
work.
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Fig. 6. (color online) The performance of link prediction on networks
with c = 10 when different numbers of blocks were used in BMPA. (a)
The performance of BMPA on missing link prediction. (b) The per-
formance of BMPA on spurious link prediction. (c) The performance
of BMPA on evolving link prediction, and the inset shows the different
performance with different values of q. The number q of blocks used
are the real number of blocks in the networks (q = 10) and numbers
around the real one (q = 8, 9, 11, and 12). Each point is averaged over
10 network instances by repeating the experiments 30 times.
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Fig. 7. (color online) The consistency between partitions obtained with
different values of q and the partition with q = 10 blocks. The consis-
tency is measured by NMI with the fraction of links removed or added,
and the values of q around 10 (q = 8, 9, 11, and 12) are used for com-
parison. (a) The consistency of partitions in missing link prediction
when links were randomly removed. (b) The consistency of partitions
in spurious link prediction when links were randomly added. (c) The
consistency of partitions in evolving link prediction when links were
randomly added. Each point is averaged over 10 network instances by
repeating the experiments 30 times.

5. Conclusion
In this paper we proposed a new method for link predic-

tion in networks. It is based on a novel link likelihood com-
putation index, BMPA. BMPA is designed to predict links in
stochastic block model networks, ubiquitous and appropriate
models of real-world complex networks, and assumes that the
likelihood of two nodes being connected depends not only
on the characteristics of nodes but also their block member-
ship. Therefore, BMPA adopts an efficient significant block

detection algorithm, Modbp, to first obtain the information of
the underlying block structure of a network and then derives
the probability of link distribution between any two blocks.
Combining information of node degree with block connecting
probability, BMPA connects the similarity between two nodes
to the likelihood of the existence of a link between them. Com-
parisons with other state-of-the-art link prediction methods on
various real-world networks and sets of synthetic networks
generated by SBM confirm the good performance of BMPA
in missing, evolving, and spurious link prediction in an SBM
and assimilated real-world network.

When networks are generated by SBM, BMPA that cap-
tures the underlying link formation mechanism identifies the
missing, evolving, and spurious links with high accuracy, im-
proving on state-of-the-art SBM prediction methods. Such
BMPA complements the toolkit of instruments needed to
predict links when networks are appropriately modeled by
stochastic block models.

Although in the current paper Modbp is adopted to re-
cover blocks that are statistically significant, making BMPA
robust to the fluctuations of block structure, it is not the only
method to recover the block structure in a network. As a con-
sequence, various block structure finding methods[46] can be
integrated into the link prediction framework proposed here.
Exploration of how different block structure finding methods
influence prediction results when integrated into the frame-
work proposed here is the object of future work.
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