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In today’s world, mobile phone penetration has reached a saturation
point. As a result, subscriber churn has become an important issue
for mobile operators as subscribers switch operators for a variety of reasons.
Mobile operators typically employ churn prediction algorithms based on
service usage metrics, network performance indicators, and traditional
demographic information. A newly emerging technique is the use of social
network analysis (SNA) to identify potential churners. Intuitively, a subscriber
who is churning will have an impact on the churn propensity of his social
circle. Call detail records are useful to understand the social connectivity of
subscribers through call graphs but do not directly provide the strength of
their relationship or have enough information to determine the diffusion of
churn inﬂuence. In this paper, we present a way to address these challenges
by developing a new churn prediction algorithm based on a social network
analysis of the call graph. We provide a formulation that quantiﬁes the
strength of social ties between users based on multiple attributes and then
apply an inﬂuence diffusion model over the call graph to determine the net
accumulated inﬂuence from churners. We combine this inﬂuence and other
social factors with more traditional metrics and apply machine-learning
methods to compute the propensity to churn for individual users. We
evaluate the performance of our algorithm over a real data set and quantify
the beneﬁt of using SNA in churn prediction. © 2013 Alcatel-Lucent.

Introduction
The mobile industry has seen tremendous growth
in the last decade. Today’s mobile users are more
informed and savvy about the different handsets
available and the services being offered via mobile
devices such as voice, short message service (SMS),
multimedia messaging service (MMS), data and

video services. Mobile penetration is reaching high
saturation levels [2, 17] in both developing and
developed countries. It is well accepted that it costs
more to acquire new customers than to retain existing ones and therefore service providers are looking
at ways to reduce churn through innovative
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retention campaigns. The key to maximizing the
value for a service provider is to be able to detect
potential churners before they leave the service and
target them exclusively for such campaigns.
Users churn for a variety of reasons. Satisfaction
with the service quality is deﬁnitely important, but
not the sole reason. A survey report by the Yankee
Group [10] cites competitive pricing, network service quality, discounts, and promotions as some of
the primary reasons a user may decide to leave a
service provider. The inﬂuence of social factors in
leaving a service provider, however, has not yet
received signiﬁcant consideration. It is natural to
believe that when a person leaves a service, he also
impacts the social circle around him with his actions.
For example, his friends and family, who may be
with the same service provider, may now not be able
to enjoy free calls to him typically offered by
some type of calling plan for family and friends and
therefore may be incentivized to switch providers
as well. Social pressures to adopt new technology
may also encourage users to move to a provider that
has the fastest data access or popular handsets. A
famous example of this is when the iPhone* was ﬁrst
introduced in the AT&T network, and an exodus of
subscribers from other service providers moving
to AT&T.
Classic customer churn prediction and analysis
techniques focus on the quality of experience for the
mobile service user. Preliminary studies have shown,
however, that members in the social circle of a subscriber also inﬂuence the subscriber to churn [3]. In
this paper we examine how to integrate the social
relationships among subscribers to enhance churn
prediction. We propose a new methodology to quantify the strength of social ties between users, and
then apply these tie-strengths to a novel inﬂuence
propagation model across a mobile call graph. The
total inﬂuence, representing the social pressures a
user faces to churn, is then incorporated into an
enhanced machine learning churn prediction algorithm. We apply our approach to data provided by a
large service provider and demonstrate the utility of
incorporating social network analysis (SNA) features
for churn prediction.
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Panel 1. Abbreviations, Acronyms, and Terms
CDR—Call detail record
CRM—Customer relationship management
MMS—Multimedia messaging service
SMS—Short message service
SNA—Social network analysis

This paper is outlined as follows. We start with a
discussion of the general concepts of churn and social
network analysis (SNA) and explain the differences
between traditional SNA work and applicability in
the telecom domain. We look at some of the related
work that has been done in this area. Next, we outline our three-step model for using SNA to predict
churn for telecom subscribers. Lastly, we present the
results of the application of our model in a large telecom providers’ network.

Churn and Social Network Analysis Over
Mobile Call Graphs
Telecom providers generate a call detail record
(CDR) for every call made to or from one of its subscribers’ mobile phones. A CDR includes details of
the call including caller and callee identiﬁers, call
date, call time, call duration, and the location of the
cell towers for call initiation and termination among
other details. The CDRs are typically used by billing
systems to determine the call tariff for billing purposes. However, a CDR also provides the information
needed to construct a call graph of the service providers’ user base. In such a mobile call graph, the
nodes represent subscribers of the service provider,
and a link between two nodes indicates that one or
more calls were placed between the two subscribers.
In our paper, the term mobile call graph or call graph
implies such a graph constructed from the CDRs. We
use the term user and subscriber interchangeably to
denote the nodes of the mobile call graph. The social
circle of a user can be viewed as those nodes that are
reachable from the user, via links in the call graph.
Churn is the phenomenon where users switch
from one service provider to another. Users can also
churn implicitly if they stop using a service for a long

period of time such that the probability that they
resume using the service in the future is very low.
At the point of leaving the service, the service provider may offer incentives to the user with the hope
of retaining him. But often that moment is too late
since the user has already made a decision to churn.
A potential churner may exhibit telltale signs such as
reduced calls and other service usage over time or
reduction in the frequency and amount of top-ups in
the case of pre-paid users. By monitoring such behaviors it may be possible to detect users who are likely to
churn. If these potential churners can be proactively
contacted with a targeted campaign, the service provider improves the likelihood of retaining the user.
Humans, being social creatures, are inﬂuenced
by the actions of others in society. We pay close
attention to the actions of our immediate social circle
and seek to follow them when it suits our interests.
As a result, when someone leaves a service provider,
it raises the prospect that others in his social circle
may also follow. Therefore, analyzing and understanding a phenomenon like churn in a social context is a key factor in preventing many users from
churning together in a service provider’s network.
Social network analysis (SNA) involves the study
of the behavior of people in a large social group or
network. Traditionally, in online social networks such
as Facebook* or Twitter*, group membership deﬁnes
the reason why people in that group are bound
together. For example, the members of “Cyclers
International” could be cycling enthusiasts, cycle-gear
retailers, or sports reporters. In such networks, one
has purview into the detailed nature of the communications among the different members of the group.
By mining the communication patterns among members of these groups, one can quickly establish insights
into who might be considered an inﬂuencer and who
is a follower within the group, as well as the hierarchy
of social relationships. This analysis can be done by
analyzing the structure of the graph and applying the
concepts of degree, closeness, and between-ness centrality [11]. Telecom networks, however, are different.
Social relationships are not explicit; they have to be
discovered using the information available within the
call detail record (CDR).

In this paper we address the following two questions: First, given call detail records, is it possible to
realize and quantify the social connection or strength
of ties between subscribers? Second, once social connections are inferred, can they enhance our predictive power for churn events? In both cases, the
answer is yes, since we show that CDRs can be used
to infer subscriber link attributes that can be combined together into a novel measure of social tiestrength. We then formulate a diffusion process over
the call graph, whose links (edges) are weighted
according to the previously computed social strength.
We show that our diffusion process yields more accurate propensities of subscribers to churn, in particular, when coupled with another algorithm that uses
only individual subscriber attributes.

Related Work
Churn prediction is an important area of focus
for data analytics for telecom providers. This is evident in the fact that in 2009 the ACM Conference on
Knowledge Discovery and Datamining (KDD) hosted
a competition on predicting mobile network churn
using a large dataset posted by Orange Labs [13]. The
TreeNet* prediction model from Salford Systems [16]
won the Gold Prize for highest predictive accuracy.
A study by Moser et al. [12] compared various machine
learning and classiﬁcation algorithms for churn prediction. The focus of this research was to study each
subscriber in isolation to analyze their usage, billing,
and service data [6]. Others [7] have used complaint
data to predict churn. A study by Nanavati et al. [3]
showed that as the number of neighbors who churn
increases, the probability of churn for an individual
also increases, thereby providing evidence that social
relationships play an inﬂuential role in affecting churn
in an operator network. Richter et al. [14] took a different approach to apply social factors in churn prediction by identifying social groups based on call records
and then modeling churn prediction separately for
each group. Studies have shown that social relationships inﬂuence user behaviors with respect to buying
patterns [18]. Social analysis is also used in other areas
such as predicting human mobility, in urban planning,
and in predicting purchasing behavior [1, 9].
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Unlike these previous studies, our work focuses
on a hybrid model where we exploit the strength of
social relationships to deﬁne how churn inﬂuence is
propagated in social networks and use that to predict
the churn using machine-learning methods. Instead
of using a single link attribute, we compute social
strengths by synthesizing many link attributes at
once using a novel tie-strength quantiﬁcation formula. Furthermore, we employ a diffusion model for
churn inﬂuence to enhance our prediction accuracy.
To the best of our knowledge, such a methodology
has not been previously used for churn prediction.

SNA: Enhanced Churn Prediction Methodology
The methodology behind our SNA-enhanced
churn prediction model can be summarized by the
following three steps:
• Quantiﬁcation of tie-strength. This involves construction of a call graph and quantifying the
strength of social ties among different users based
on multiple attributes.
• Inﬂuence propagation model. A model for churner
inﬂuence propagation in a call graph is deﬁned
and the overall inﬂuence that is accumulated at
the nodes is computed.
• Application of machine learning techniques to combine
traditional and social predictors. Service performance and usage metrics, billing, customer relationship management (CRM) data like customer
support call data and demographic information
are combined with socially relevant predictors
and social inﬂuence and this aggregated user
information is fed into a classiﬁcation algorithm
to predict future churners.
The details of each of these steps are described in
the subsequent subsections.
Quantiﬁcation of Tie Strength
Individual calling features, such as the frequency
of calls between two users or total monthly call time,
are not good indicators of social tie strength. For
example, if a strong social relationship exists between
two users, we expect that an attribute such as the
number of calls made between them is high. Alone,
however, one cannot conclude that a high number
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of calls between two users suggests the presence of
a strong social connection (consider, for example, a
customer calling their bank frequently for ﬁnancial
transactions). Therefore, in order to provide a more
accurate view of the social ties between users, we consider a collection of calling attributes to compute tie
strength.
It is important to note that calling features are
associated with the direct interactions between users
and are not associated with any global or structural
attributes of the mobile call graph. This distinction is
important because, while the value of calling attributes is affected by social ties, global and structural
attributes of the call graph are not. Thus, our tiestrength algorithm and churn prediction model does
not rely on structural graph properties such as node
centrality, closeness, or between-ness. However,
within our formulation we use the concept of degreecentrality to normalize the link attributes to reﬂect
this property in the diffusion process described further below.
The attributes of a connection between two users
in a mobile call graph are typically correlated and are
measured using different scales. This makes it difﬁcult to be able to combine them in a meaningful way.
To overcome the scaling difference, we normalize
each observation
of attribute xi by dividing it by ⏐xi⏐,
______
where ⏐xi⏐ =

√

d

∑ x2ik . This operation rescales each

k=1

attribute to a single unit length. We associate n attributes with each edge and deﬁne a real positive function w(x) that computes the social tie strength. Let
x = α1x1 + α2x2 + . . . + αn xn be the weighted sum of
these normalized calling attributes. The values of the
weights α1 and α2 are tuned empirically using a training data set that maximizes the lift computed for
detecting churners using accumulated inﬂuence. We
use the performance measure of ﬁrst decile lift to
evaluate our results. Lift, in general, is deﬁned as:
For any fraction 0 < T < 1, the ratio between the
number of churners among the fraction of T subscribers that are ranked highest by the proposed system,
and the expected number of churners in a random
sample from the general subscriber pool of equal
size. The inﬂuence diffusion process will be deﬁned

in the section following. The social tie-strength w(x)
is deﬁned to be a monotonically increasing function
of x given by w(x) = 1 − exp(−x/ε2).
Clearly, w(x) is restricted to the interval [0,1],
with the parameter ε controlling the rate of saturation. Our exponential formulation is based on the
assumption that once a strong social connection is
manifested there is a high probability that an “idea”
(such as churning) will be transferred through the
edge from one subscriber to another. The value of ε,
like the weights, is learned from the training data set
such that the lift is maximized.
Inﬂuence Propagation Model
The quantiﬁcation of tie-strength, as outlined in
the previous section, helps understand which users
are closely connected to each other and therefore
more likely to be inﬂuenced by each other’s behaviors. We use this information to deﬁne an inﬂuence
propagation model where we quantify how inﬂuence travels from a churner to his social circle and
how much inﬂuence is retained by a recipient.
There are many models for information ﬂow in a
network. We consider a receiver-centric model for
inﬂuence propagation wherein the receiver of the
inﬂuence decides how much of the inﬂuence to
retain. If the receiver is a close friend of the sender,
reﬂected in a higher tie-strength than some other
neighbors, then, it is natural to assume that he will
be inﬂuenced by the senders’ actions more than a
random friend or colleague he may have social relationships with. Thus, the total amount of retained
inﬂuence in our model is relative to the social tiestrength that the receiver has with the sender, in
relation to the tie-strengths with all his neighbors.
We believe that this is a closer representation of
real-world social dynamics in comparison to sendercentric models where the sender decides how much
inﬂuence to pass on to each of his neighbors.
The details of our proposed inﬂuencepropagation model can be described using the following principles:
1. A churner initiates the spread of inﬂuence to his
social circle immediately following his decision
to churn.

2. As soon as a user receives any amount of inﬂuence, he replicates that inﬂuence and will pass the
same amount of inﬂuence to all of his neighbors.
3. A user who receives inﬂuence will decide what
proportion of inﬂuence to retain. The inﬂuence
retained is proportional to the tie-strength of the
link on which the inﬂuence is received to the sum
of the tie-strengths of all his incoming links.
4. A user will not be inﬂuenced about the same
churn event from the same user twice.
5. A user, however, can be inﬂuenced by many
churn events originating at different nodes.
6. Inﬂuence will propagate to a maximum of three
hops, beyond which the inﬂuence to churn is
not meaningful.
7. The total churn inﬂuence accumulated at a node
is the sum of inﬂuences received at that node,
across all churn events.
These principals are encoded in the following
mathematical deﬁnition. Consider a call graph G that
is constructed from the CDRs.
Let n1, n2, n3, n4 be the nodes of the graph.
Consider a particular node ni. Let tij be the tiestrength between nodes i and j. Since we consider an
undirected symmetric graph, tie strength is undirectional, i.e., tij = tji.
Let Ni be the set of all node neighbors of node i.
Then Ti = ∑ tij is the sum of the tie-strengths of all
j∈Ni

links incident on node i.
Then Iij, the inﬂuence received by node i from
node j is proportional to the tie-strength of the link
between node i and node j to the sum of the tiestrengths of all links incident on node j given by
tij

Iij = __
I.
T j
i

The total inﬂuence received by node i, Ii is the
sum of the inﬂuences received from all its neighbors
and given by Ii = ∑ Iij.
j∈Ni

We demonstrate our model with a simpliﬁed call
graph as shown in Figure 1. Here node 1 is a churner
node and the tie strengths of the various edges are
marked. In this illustrative example the churner has
an initial inﬂuence I. For simplicity, we also limit the
maximum propagation of inﬂuence to two hops.
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I2 = I21 + I23
Churner node

2
t12
t13

I 1

Nodes receiving
inﬂuence

t23
3

t35

5

I3 = I31 + I32
t14

t45
4

Figure 1.
Inﬂuence diffusion principles illustrated.

When inﬂuence propagation begins, the churner
node 1 will send all of its inﬂuence to all its neighbor
nodes 2, 3, and 4. Each of the receiving nodes will
retain only a proportion of the inﬂuence received
based on the relative tie-strength with the churner
node to all of its incident edges. The proportion of
inﬂuence that node 3 receives from node 1
t13
is ____________
t13 + t23 + t35 . Thus node 3 receives inﬂuence
t13
I31 = I * ____________
t13 + t23 + t35 .
Nodes 2 and 4 will similarly receive a proportion
of the inﬂuence passed by churner node 1. After
nodes 2, 3, and 4 decide on the total inﬂuence they
retain, they will then propagate this inﬂuence to
their social ties. During this second iteration, node 3
will again receive inﬂuence about the churn of node
1 indirectly thorough node 2 via I32. The total inﬂuence at node 3 is then I3 = I31 + I32. Note that node 3
will receive the inﬂuence of churn of node 1 in two
ways—directly through node 1 and indirectly via
node 2. However, the amount of inﬂuence it receives
from both of these nodes is different because of the
relative tie-strengths on each of the links. The receiving neighbors will again retain a portion of the inﬂuence and then pass it on. The propagation of
inﬂuence continues until it reaches the maximum
pre-conﬁgured number of hops. Similarly, node 5
will be inﬂuenced by a churn event at node 1 via
nodes 3 and 4.
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The inﬂuence propagation phenomenon will be
repeated for every churn event that occurred in the
call-graph. At the end of the diffusion processes, each of
the nodes in the call graph will have a net amount of
inﬂuence gathered due to all the churn events. This
net inﬂuence to the node is the inﬂuence metric that
will be used as one of the predictors for churn.
Classiﬁcation for Churn Prediction
The ﬁnal step to predict churn using SNA is to
incorporate the inﬂuence events above into a traditional machine learning algorithm to predict customer churn. However, inﬂuence is only one of the
social metrics used as a predictor. We also consider
other social metrics such as number of neighbors who
are churners, total calls to churners, and the distance
(in hops) to the nearest churner. All of these metrics
are computed from the call graph constructed using
the CDRs. Churn prediction is a classiﬁcation problem
with a binary target variable representing churn and
no churn events. In our approach, we focus on predicting the probability to churn rather than just labeling the subscriber as a potential churner or
non-churner, so that subscribers can be ordered from
high to low churn likelihood. With such ordering, a
retention campaign can target a limited number of
subscribers with the highest likelihood to churn.
A number of classiﬁcation algorithms such as
logistic regression, decision trees, and random forests
[4, 8] can be used for binary classiﬁcation problems.
Such supervised learning algorithms start with a
training data set, where the value of the target variable is known for the individual cases. The algorithms
use the training data to learn the relationship between
the predictor variables and the target variable to create a prediction model. Then, this learning model is
used to score new samples where the target variable
is not known. Our predictor variables include traditional subscriber-level metrics such as service usage,
billing, CRM data such as calls to customer support,
outcome of complaints, demographic data, and a
number of SNA-based metrics such as social inﬂuence and the number of hops from a churner.
The key steps for the successful application of a
particular classiﬁer are pre-processing, feature selection, and the tuning of the model parameters.

Important pre-processing steps include imputing the
missing values, removing correlated variables, and
removing variables that do not provide any useful
insight towards predicting the target variable. Model
parameters are speciﬁc to the particular classiﬁer
being used whether that is a logistic regression or an
ensemble of decision trees.
Ensemble decision tree classiﬁcation has been
shown to predict churn with high accuracy [8]. This
classiﬁcation approach adapts well to the churn prediction problem because decision trees are particularly suited to handle mixed variable types, missing
values, and the large numbers of samples in the
churn prediction training dataset. The ensemble
decision tree algorithm adds decision trees to the prediction model in an iterative fashion so that mislabeled classiﬁcations from previous iterations are
corrected. For our implementation, we use an
ensemble decision tree method referred to as stochastic gradient boosting [5]. Stochastic gradient
boosting iterates by building regression trees that are
able to ﬁt to the prediction error of the existing
ensemble at each step. Further details of stochastic
gradient boosting can be found in [5].

Experimental Results
To test our SNA model for churn prediction, we
applied our approach to a dataset provided by a large
telecom service provider. The data consists of subscriber contract and churn information for over half
a million subscribers, and the CDR data includes all
calls made over a period of two months. The CDR
and usage information also contained information
on whether the callee was with the same service provider (referred to as in-network) or with another service provider (referred as off-network).
Most service providers have incentives for calling
people within their network such as free calls or
reduced rates to incentivize users’ friends to join
their network. The ratio of a user’s calls within the
network and outside the network has a high social
connotation. If a user is making the majority of
his calls outside the network, it is very likely that
he will consider switching to a different provider in
the future, to save costs. Thus, in addition to the

usage predictors such as mean number and minutes
of calls, and range of calls, we also created additional
variables reﬂecting the ratio of usage and bills that
were to off-network users versus in-network users.
Additional socially relevant predictors such as hops
to the nearest churner, number of directly connected
churners, and number of calls to churners were also
computed. The data set was limited in that it did
not contain any location or demographic information
or any information about customer service complaints
and dropped calls. It was also limited to voice calls
only so usage data about additional services such as
SMS was not available to be used as a predictor in
our model.
An undirected call graph using two months of
data was created and, using our proposed algorithm,
the social tie-strength was computed for all of the
links. The rationale behind using an undirected graph
is that irrespective of the direction in which the call
was initiated, once a communication link is established, information will ﬂow in both directions.
Calling attributes were normalized so as not to
penalize users who may have churned during that
period. To compute the social tie-strength we used
three attributes viz., 1) the number of calls placed
between two users, 2) the total duration of calls
between two users, and 3) the neighborhood overlap of the two connected users. The neighborhood
overlap measures the proportion of neighbors that
two users have in common with each other. Typically,
the higher the number of common friends, the
greater the probability that two users are socially
well connected. Figure 2 demonstrates the behavior
of tie-strength as a function of the attributes for ε = 1.
We used equal unit weights in our formulation for
tie-strength. The variability that is observed for each
attribute is a result of the other two attributes that are
used to determine the tie-strength. Speciﬁcally, the
attributes “call time” and “number of calls” are highly
correlated and their similar behavior is dominant in
determining the tie-strength. The “neighborhood
overlap” is another important factor but it is not correlated with the other two attributes. Therefore the
tie-strength exhibits more variability as a function of
the “neighborhood overlap.”
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Figure 2.
Relationship between social tie strength and selected attributes.

Churners from the months in which CDRs were
collected were marked on the call graph. These
churners set inﬂuence propagation processes into
motion with the same amount of initial inﬂuence. We
limited the inﬂuence propagation to a maximum of
three hops. At the end of the propagation process,
each node accumulated a certain net churn inﬂuence. The users were then rank-ordered by accumulated inﬂuence and compared to determine how
many future churners could be correctly identiﬁed
based on the ranking of accumulated inﬂuence alone.
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Figure 3 shows a comparison of this method versus
one in which churners were randomly selected. Note
that the X-axis shows the percentage of the total
population and the Y-axis shows the percentage of
churners that were correctly identiﬁed. Thus if you
selected one percent of the population, in a random
selection, you would detect only one percent of the
churners. However, using the accumulated inﬂuence
measure, one can detect 3.3 percent of the churners.
This gives the top percentile lift of 3.3/1 = 3.3. It is
evident that the inﬂuence propagation process based

Churners detected using SNA inﬂuence
14
Percentage of churners detected

Using SNA Inﬂuence
12

Random

10
8
6
4
2
0
1

2

3

4
5
6
7
Percentage of subscribers
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SNA—Social network analysis

Figure 3.
Comparison of churners using inﬂuence alone: random versus SNA shows that SNA-inﬂuence is better able to
predict potential churners than a random selection.
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Figure 4.
Lift plot for churn prediction based on accumulated inﬂuence at nodes alone.
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Figure 5.
Overall lift comparison with and without using SNA predictors.

Table I.

Important predictor variables.

Variable name

Description

ContractEndIndicator

Indicator representing if a contract has ended, will end, or if there was no contract, in
terms of number of days (negative if already ended)

DaysConnected

Number of days since the start of service

Inﬂuence

Accumulated inﬂuence from churners as outcome of inﬂuence diffusion model

NumCallsToChurners

Total number of calls to churners made over past three months

CallsRange

Range of calls made in the past three months

BillchargeAmtRange

Range of bill/charge amount over the past three months

MouPeakMeanOff

Minutes of use (MOU) during peak period that were made to off-net callers

OneMinMeanOff

Mean number of one minute calls made that were made to off-net callers

MouOnPct

Percentage of minutes of use that were made to on-net callers

OneMinRange

Range of calls under one minute over thee months

on our tie-strength algorithm is able to identify many
more churners than a random selection, suggesting
that the accumulated churn inﬂuence is a good predictor of the likelihood of the person churning.
Figure 4 shows a lift curve for churn prediction
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using accumulated SNA inﬂuence alone over the
ﬁrst decile of the population.
Lastly, we used a boosting model [15] that combined the various predictors, both social as well as
usage-based, to create a churn prediction model that

scores the users. Given the limited period for which
CDRs were available, we used the same data set for
training as well as scoring. The churn rate in the
sample was very low (<1 percent), so various methods such as upsampling and appropriate weight
selection were applied to overcome the issue of a
limited and small target set. As a result, we observed
a large variation in lift performance based on how
the data was partitioned for training, testing, and
validation. The model was run for numerous data
partitions and the average lift for the ﬁrst decile was
computed. Using the full model which included all
the predictors, we observed an average ﬁrst decile lift
of 4. Figure 5 shows a comparison of the overall lift
for the model run with and without using the SNA
predictor variables. Clearly, in predicting churners in
the top decile, the full model, which incorporates the
SNA predictors fares much better than one which
does not take social predictors into account. This
illustrates the beneﬁt of using social inﬂuence analysis in churn prediction. Attributes of the top predictive variables are listed in Table I. We observed that
the contract end-date remains one of the top variables for predicting churn. Given that this data is for
post-paid customers, who are typically locked in a
contract, it is no surprise. However, many of the
socially relevant predictors such as accumulated
inﬂuence and number of calls to churners are also
some of the top variables, which suggests that social
predictors play an important role in churn
prediction.

Conclusions and Future Work
This paper presented a methodology to predict
customer churn in telecommunication services that
integrates SNA concepts with traditional churn prediction methods. We demonstrated that the tiestrength and inﬂuence propagation algorithm we
developed can be integrated into machine learningbased churn prediction models to improve their
accuracy. Our approach is generic, and is applicable
to any phenomenon that has inﬂuence diffusion,
such as up-sell and cross-sell of services and application downloads. Future research seeks to enhance
the tie-strength and information diffusion model to

detect social inﬂuencers for better targeting of new
services and applications. Various extensions can also
be made to the information diffusion principles—
such as decay of inﬂuence with the number of hops,
and with time and consideration of the directionality
of information propagation with asymmetrical tiestrengths. Finally, social media analytics that involve
text mining of social web sites can be employed to
learn about users’ sentiment toward their telecommunication service provider. Churn prediction may
be further enhanced by linking user identity in the
social media to subscriber identity in the telecom
domain.
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