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Abstract—Tie formation in social networks is driven by
different motives that are not always apparent in the social
network itself. These motives differ from one social network to
another, depending on, e.g., the network’s purpose, such asadvice
seeking or collaboration, and the effort it costs to establish a
friendship relationship. A common factor that exists in almost
all social networks is homophily: the tendency of social network
members to connect to similar members. In this work, we look
at the tie formation process in social networks from a different
perspective where we consider not only a social networkSN ,
but also a set of associated interaction networksGn around it.
We show, based on6 social networks and in total 20 different
associated interaction networks, that it is possible to predict the
entire social network’s structure to a satisfactory extent, only
by knowing the structure of these interaction networks. As social
networks are based on a voluntary relationship while some ofthe
interaction relationships are at most semi-controllable for most
members, e.g., being together in a team, this seems to indicate
that whom we choose as a friend is also determined by whom
we interact with.

Keywords—Network prediction, Multiple networks, Social ho-
mophily.

I. I NTRODUCTION

Tie formation in social networks is mainly voluntary and
guided by personal motives. However, it is undoubtedly in-
fluenced by notions of homophily [1] which might induce
relationships between persons based on external and not en-
tirely controllable factors. Homophily in social networksis
described as the tendency to connect with similar people.
This similarity is based on internal factors like having the
same hobby or being engaged in the same political party.
Nevertheless, this similarity can also be influenced by external,
semi-controllable factors such as being in the same company.
Based on that premise, considering only the social network
in a given complex system is not enough to understand the
existing ties among its members and to predict their future ties.
Thus, to provide a comprehensive and an informative view of a
social networkSN , it is important to consider all possible and
available information about the members and their interactions
in other environments. These interactions are representedby
additional networksGi, interaction networks, on the same set
of actors of the social networkSN . To show that networksGi
are really informative with respect to the social network they
accompany, we give an evidence that they at least partly drive
the process of tie formation in theSN . In this research we
show that harnessing the information in associated networks
Gi makes it possible to predict the link structure of the social

networkSN , using a very broad data set.
Motivating example: Consider a social coding platform like
github.comwhere members are software developers. In addi-
tion to providing the functionalities to share their work, the
developers can also accept each other as friends to build a so-
cial networkSN . Also, there are several interaction networks
which might influence the tie formation in theSN . These
interaction networks includeThe collaboration development
network G1: vertices represent developers and a directed
edge appears between two developers when one of them has
committed to another developer’s software repository at least
once.The watcher networkG2: vertices represent developers
and a directed edge appears between two developers when
one of them is watching the software repository of the other
developer.The fork networkG3: vertices represent developers
and a directed edge appears between two developers when
one of them forks a repository of the other developer.The
pull requests networkG4: vertices represent developers and a
directed edge appears between two developers when one of
them sends a pull request to the other developer.
One way to analyze tie formation is to build a model that
predicts links in a given social network. The closer the
predicted link structure is to the real network’s structure,
the more convincing is the idea that the model captures the
main motivations for tie formation. So far, link prediction
approaches have assumed that the information given in a social
network at timet is enough to deduce future tie formation
at a time t′ > t. Here, we test how much the ties in
the social network can be predicted by those found in the
surrounding networksGi as described above without using any
information in the social network itself. Our work is based
on the link prediction problem initially proposed by Liben-
Nowell et al. [2], namely to predict the formation of new
links between actors in a time intervalt based on the already
existing network structure in the same social network in an
earlier time interval. Here, we use the following variant ofthe
link prediction problem: given a set of associated networks
Gi and a social networkSN of the same actors at any point
of time t, predict the network structure of theSN at time t
without using information from theSN itself. This prediction
helps not only in revealing latent ties among the members of
SN but also in providing information regarding the correlation
between theSN andGn.

II. RELATED WORK

In their seminal work, Liben-Nowell and Kleinberg mod-
eled and addressed the link prediction problem in complex



networks by providing a set of proximity measures as pre-
dictors in an unsupervised machine learning approach [2].
The authors used different co-authorship data sets to predict
future coauthor-relationships based on a set of proximity
measures [2]. These are still the main proximity measures
used in later work by a number of researchers, particularly
those who employed machine learning techniques. Al Hassan
et al. were the first to apply supervised machine learning
to predict ties in co-authorship networks [3], which is still
an active field of research for predicting all kinds of social
relationships [4], [5], [6]. Researchers also started to use more
than one relationship to predict the network structure of a
complex network. For example, Lu et al. used references, co-
authorship, and co-citation information in time intervalt to
predict the formation of new co-authorship-relationshipsin a
later time interval [7].

All of the aforementioned work followed the same
paradigm for link prediction, namely dividing the social net-
work (and possibly additional networks) into two independent
temporal snapshots for training and testing. Here, we aim
to identify the influence of asingle interaction network on
the social network’s structure without using any information
from the social network structure itself. Thus, our work differs
significantly from the related work as we predict the ties of the
entire social network, not only the structure of newly added
ties. This enables insights regarding the influence of semi-
controllable interaction networks and the voluntarily build
structure in a given social network.

III. T HE PROPOSED METHOD

Our approach is based on a re-definition of the classical link
prediction problem to incorporate multi-networks as training
sets to predict the ties in theSN using machine learning
classification algorithms. Figure 1 shows the general approach
where theGi networks are used to build a features data model
(FDM), i.e., a set of topological features for each pair of
nodes(v, w) together with ground truth, that is used to train
a classifier that predicts theSN . The following subsections
describe the construction of the FDM in detail. In general, the

Fig. 1: An abstract view of how to predict the link structure of a
social network using associated interaction networks.

FDM containsnode-dependent featureswhich are described in
the following.
A. Node-dependent features

To predict whether a pair of nodes(v, w) is connected
in the SN , neighborhood measures ofv and w in Gi are
calculated to provide the features of the FDM. These features
are:

• Cooccurrence (coocc): For each pair of nodesv and
w, the cooccurrence is defined as the number of their
common neighbors.coocc(v, w) = |Γ(v) ∩ Γ(w)|

• Resource Allocation(RA): This measure was pro-
posed by Zhou et al. [8] and showed a slightly
better performance thancoocc in link prediction. This
measure assumes that each node has a given amount
of resources that is distributed equally among its
neighbors. This concept is adapted by incorporating
two nodesv andw: RA(v, w) =

∑
z∈Γ(v)∩Γ(w)

1
|Γ(z)|

• Adamic-Adar coefficient(AAC): The Adamic-Adar
coefficient is defined as [9]:
AAC(v, w) =

∑
z∈Γ(v)∩Γ(w)

1
log|Γ(z)|

• Jaccard Index(JI): This measure was first proposed
in information retrieval field [10] as a method to
characterize the similarity of two sets.
JI(v, w) = |Γ(v)∩Γ(w)|

|Γ(v)∪Γ(w)|

• Preferential Attachment(PA): In collaboration net-
works, Newman showed that the probability of col-
laboration between any two nodes(authors)v andw
is correlated to the product ofdeg(v) anddeg(w) [11]:
PA(v, w) = |Γ(v)|.|Γ(w)|

The previous similarity measures are for undirected networks.
For directed networks, two versions for each measure are used
by providing two versions of the neighborhood setΓ, the in-
neighborsΓ(v)in and the out-neighborsΓ(v)out. Based on
this, an in and anout version of the above measures can be
constructed. For example, the in-cooccurrence for two nodes
v, w is: coocc(v, w)in = |Γ(v)in ∩ Γ(w)in|. Based on these
node-dependent features, the FDM is constructed as described
in the following.

B. Features data model (FDM(Gi))

The features data model (FDM(Gi)) for a single network
Gi containsn(Gi)(n(Gi)−1)

2 entries wheren(Gi) is the number
of nodes inGi. For eachv andw ∈ Gi, an entryI(v, w) is a
tuple that contains: (1) the node-dependent features ofv and
w and (2) a binary classification,{1, 0}, that indicates whether
there is an edgee(v, w) in Gi or not. Having constructed the
FDM(Gi), it can be used in a machine learning approach
ψ(FDM(Gi)) as network model of the network (Gi). There
are a couple of out-of-the-box machine learning classifiersthat
can be used to predict the SN. In the experiment we use the
logistic regression classifier.

IV. DATA SETS AND EVALUATION METRICS

In this section we provide information about the data sets
used to validate the method and the evaluation metrics.

A. Data sets description

Here we describe a variety of data sets used in the ex-
periment.Research Group[12]: Includes theFacebooksocial
network along with four associated interaction networks built
between the employees of the research group. Relations in
these other networks are co-working, co-author, going out to
lunch, and leisure.International Internet[13]: Includes three
different networks for75 nations’ internet relations.Hyperlinks
is a directed network such that an edge exist between two
nodes (countries) if there is a website in one of these countries’
domains that points to a website from the other country’s



domain’s. We consider this network as the social network
among countries.Bandwidth is a network among countries
where edges represent the existence of an internet connection
between two countries. In theshared websitenetwork, an
edge appears between two countries if they share at least
one common most-frequently visited website. The original
hyperlinks network is directed (with reciprocity0.92), while
the other two networks are undirected. To overcome this
problem, only the reciprocal edges in the original hyperlink
network are considered.Terrorists network[14]: Includes the
friendship network of79 individuals together with informa-
tion on associated interaction networks like trainings done
together, meetings between them, places commonly visited
by two persons, and business ties.Github: A social network
of software developers with a set of associated interaction
networks as compiled by Gousi et al. [15] and described
earlier in Section I.Brightkite [16]: Is a location-based social
network1. Originally, check-in is a bipartite network of actors
and places where an actor can check-in to the software to let
it know that he or she visited that place. We performed one-
mode projection to construct the check-in network such that
there is an edge between two persons if they were at the same
place at least one time.Law Firm [17]: A social network of
law firm partners with information on two other interaction
networks:co-workingandseeking advice from.
Table I shows network statistics for all of the networks we
used. These statistics include the number of nodesn, the
number of edgesm, the clustering coefficientcc(G) [18], and
the network’s densityη.

TABLE I: Data set statistics.

dataset Networks n m cc(G) η(G)

Research group

SN facebook 32 248 0.48 0.24
G1 Work 60 338 0.34 0.1
G2 Co-author 25 42 0.43 0.08
G3 Lunch 60 386 0.57 0.01
G4 Leisure 47 176 0.34 0.08

Internet
SN Hyperlinks 75 2550 0.99 0.84
G1 Bandwidth 75 448 0.42 0.16
G2 Shared websites 75 2360 0.92 0.86

Terrorists networks

SN Friends 61 91 0.2 0.04
G1 Financial 13 15 0.88 0.2
G2 Places 31 82 0.61 0.18
G3 Business 44 458 0.75 0.48
G4 Meeting 26 63 0.41 0.2
G5 Training 38 147 0.72 0.2
G6 Organization 63 416 0.84 0.22
G7 Operations 39 267 0.78 0.36

Github(directed)

SN Followers 595232 2551900 0.13 ≈0
G1 Commits 322461 909125 0.2 ≈0
G2 Watchers 274597 2478561 0.02 ≈0
G3 Forks 220443 673396 0.35 ≈0
G4 Pull requests 156688 379207 0.08 ≈0

Brightkite
SN Friendship 11655 63664 0.172 ≈0
G1 Check-in 13029 1378862 0.75 0.016

Law Firm (directed)
SN friends 69 339 0.43 0.09
G1 Co-work 71 726 0.41 0.15
G2 Advice 71 717 0.42 0.14

B. Classification evaluation metrics

In this section a set of classic classification evaluation
metrics is presented. These metrics are used for evaluat-
ing the classification results of the experiment. Remember
that the classifier predicts for each pair of nodes(v, w) in
V (SN) ∩ V (Gi) whether there is an edge or not. In a binary
classification scheme like this, only four types of results can
be obtained: True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN). Based on these basic

1Data is available here: http://snap.stanford.edu/data/loc-brightkite.html

metrics, the following evaluation metrics result in a single
number for all methods that can be more easily compared:
Precision P : is the ratio of TP to the number of all positive
classifications.P = TP

TP+FP . Recall R: is also called thetrue
positive rateand thesensitivity. R = TP

TP+FN . F-measureF :
is the harmonic mean of precision and recall.F = 2.P.R

P+R .

V. EMPIRICAL RESULTS

In this section, we provide the results of the experiments
where we first introduce and report a simplistic network
prediction without a supervised machine learning approachand
then the results using supervised machine learning.

A. Simplistic network predictionSP

The first question to be answered is how much a single,
associated interaction network can predict the social network’s
structure. Predicting theSN based on a single associated
network Gi without applying machine learning is called a
simplistic prediction. Simplistic PredictionSP(SN,Gi) sim-
ply predicts that each edge inGi also exists in theSN and
that nodes not connected inGi are not connected inSN ,
either. Thus,TP, TN, FP, and FN are given as follows.
TP is given by the number of edges(v, w) contained in both
networks.TN is given by the number of pairs of nodes not
connected by an edge in both networks.FP instance means
that ane(v, w) does not exists in theSN but exists inGi. FN
instance means that ane(v, w) exists in theSN but exists
in Gi. The results of the simplistic prediction are shown in
Table II.

The F-measure are in some cases surprisingly high. For
example, the correlation between advice seeking and being
friends in the law firm data set is already0.45 and sharing a
hobby is also correlated with being friends in a research group
by 0.51. TheF -value is very high concerning the financial ties
and the social ties among the terrorist data set (0.72). But there
is always the possibility that such a result is merely causedby
the number of nodes and edges in the graph. For example,
if Gi andSN are both complete graphs, the “prediction” is
perfect by virtue of their structure. To exclude this possibility,
100 random graphs with the same number of nodes and edges
as in theGi [19] were built and used in the simple prediction
approach for theSN . The results are also shown in Table II;
in most cases, this prediction is worse by at least a factor
of 10. Notable exceptions are the two interaction networks
of the internet: here, the densities are overall so high, that
a good prediction result is inevitable. Less pronounced but
still visible is that effect in both interaction networks inthe
law firm data set and the business tie network with respect
to the terrorist social network: all of them show a rather high
density to begin with and a very low number of nodes. Here,
the general structure of the two networks, the respectiveGi and
theSN , seems to dictate parts of the success of the simplistic
prediction approach.

B. PredictingSN with machine learning based onGi

The simplistic prediction approach yielded surprisingly
high congruence between interaction networks and their asso-
ciated social network. However, it is clear that most networks
suffer from random noise. Machine learning can help to
identify those patterns in the interaction network that make
a link in the interaction network likely, thereby identifying
latent ties that were never observed in the interaction network



and removing ties that just happened by chance but are not
backed up by the overall structure of the interaction network.
For example, a new lawyer in the law firm might seek an
advice from the senior partner of the company but he never
actually got the chance to meet that senior partner so far, which
means that they are not friends in the friendship network.
The advice seeking network will contain such a tie but the
machine learning classifier might notice that most of the
individuals in the same (network) position as the new lawyer
do not claim to have this connection and thus the classifier
gives this claimed relation a low probability to really exist.
The classifier can for example learn that most edges are
between people that have neighbors in common. If the new
lawyer and the senior partner do not have any neighbors in
common, the classifier will predict that this pair of nodes is
not connected by the advice-seeking relationship, despitethe
claim. We thus test the following hypothesis:H: The SN
can be more effectively predicted using FDMGi

, i.e., single
associated interaction networks provide enough structureto
predict the social network structure.
Table II shows the quality of this prediction as quantified by
the evaluation metrics described earlier. Overall, the quality
of the prediction is very high which confirms the hypothesis
H. It is obvious that a prediction using the FDMG model is
more effective than the simplistic predictionSP performed in
Section V-A: in no case, the prediction of theSN is worse
than the simplistic prediction. However, the increase in quality
varies strongly: The prediction of the social ties between
terrorists based on their business ties does not improve by
using a machine learning approach. The largest improvement
is coming from the pull-request network in Github. The best
prediction with the machine learning approach is achieved for
the co-working relationship between lawyers: the simplistic
prediction achieves anF -value of 0.54, but the machine
learning approach is able to identify those edges that follow
a predictable pattern and this pattern seems to be the one that
(partly) determines how people choose a friend.

TABLE II: The results of different types of prediction.

Data Set Interaction Network
SPrandom SPGi

ψ(FDMGi
)

F F F

Research group

Work 0.021 0.52 0.53
Co-author ≈0 0.472 0.72
Lunch 0.029 0.51 0.63
Leisure 0.03 0.46 0.67

Internet
Bandwidth 0.27 0.28 0.35
Sharedwebsite 0.98 0.84 0.9

Terrorists

Financial 0.16 0.72 0.76
Places 0.07 0.35 0.55
Business 0.042 0.13 0.13
Meeting ≈0 0.62 0.69
Training 0.039 0.38 0.6
Organization 0.03 0.198 0.42
Operations 0.039 0.275 0.35

Github

Commits ≈0 0.1 0.25
Watchers ≈0 0.1 0.16
Forks ≈0 0.15 0.18
Pull requests ≈0 0.02 0.13

Brightkite Check-in ≈0 0.3 0.42

Law Firm Co-worker 0.13 0.54 0.76
Advice 0.1 0.45 0.63

VI. CONCLUSION

In this article we have shown that the tie formation process
in a social network cannot only be predicted from the social
network itself but that the whole structure of a social network
can be satisfactorily predicted from other associated interaction
networks. Such a high correlation between interaction net-
works and social networks does not tell us the direction of

causality. However, it is clear that links in the social network
are largely voluntary: nobody is forced to be the friend of the
other (although some cultural pressure might apply). Some of
the interaction networks are not fully controllable by the actors
of the social network. For example, co-working structures are
often determined by the hierarchy of the company or by sheer
necessity to have people from different compartments in a
project team. If such a non- or semi-controllable interaction
network shows a large similarity with the associated social
network structure, this indicates that a part of the social tie
formation is not so much guided by an internal homophily but
rather by external homophily: we have a high probability to
be friends with those with whom we spend a lot of time -
whether it is self-chosen or dictated by the circumstances.
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