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Abstract

The success of retention campaigns in fast-moving and saturated markets, such

as the telecommunication industry, often depends on accurately predicting po-

tential churners. Being able to identify certain behavioral patterns that lead to

churn is important, because it allows the organization to make arrangements

for retention in a timely manner. Moreover, previous research has shown that

the decision to leave one operator for another, is often influenced by the cus-

tomer’s social circle. Therefore, features that represent the churn status of their

connections are usually good predictors of churn when it is treated as a binary

classification problem, which is the traditional approach.

We propose a novel method to extract time series data from call networks to

represent dynamic customer behavior. More precisely, we use call detail records

of the customers of a telecommunication provider to build call networks on a

weekly basis over the period of six months. From each network, we extract

features based on each customer’s connections within the network, resulting in

individual time series of link-based measures. The time series are then classified

using the recently proposed similarity forests method, which we further extend
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in various ways to accommodate multivariate time series.

We show that predicting churn with customer behavior represented by time

series is a suitable option. According to our results, the similarity forests method

together with some of our proposed extensions, perform better than the one-

nearest neighbor benchmark for time series classification. Using a time series of a

single feature only, the similarity forests method performs as good as traditional

churn prediction methods using more features. In fact, compared to traditional

methods, similarity forests based approaches perform better when predicting

further in the future, and are therefore better at detecting churn early, allowing

organizations to make arrangements for retention in a timely manner.

Keywords: Multivariate time series, Churn prediction, Call detail records,

Time series classification, Social networks, Dynamic networks

1. Introduction

The mobile telecommunication industry (telco) is a saturated and fast-

moving market where customers can easily change providers to obtain a sub-

scription which they are satisfied with. At the same time, it is less profitable

for providers to attract new customers than to prevent current customers from

quitting (De Caigny et al., 2018). Therefore, providers engage in building pre-

dictive models in order to identify which customers are most likely to leave –or

churn– so they can be offered promotions to persuade them to stay (Verbeke

et al., 2011). In business-oriented contexts, where costs and benefits are a con-

cern, it is furthermore valuable to detect the potential churners early enough

for the campaigns to achieve optimal success and maximize their return (Ver-

braken et al., 2013). Research has shown that features that incorporate the in-

fluence of prior churners in a customer’s social circle –their ego-net– are usually

good predictors of churn when it is treated as a binary classification problem

(Óskarsdóttir et al., 2017; Verbeke et al., 2014; Phadke et al., 2013). These

features are extracted from call networks which are constructed based on call

detail records (CDR) by linking together customers who have called or texted
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each other. The result is a representation of the customers’ calling behavior

and social circle that can be utilized to predict churn with enhanced accuracy

(Óskarsdóttir et al., 2017).

Most studies consider static networks by aggregating the call records for

a fixed period of time, e.g. one month (Backiel et al., 2016; Kim et al., 2014;

Zhang et al., 2012). This approach has an obvious drawback since it fails to take

into account the temporal nature of the networks, which in turn might result in

a partial and biased representation (Navarro et al., 2017). As human behavior

is susceptible to changes over time, it is reasonable to assume that during the

time leading up to a customer’s decision to churn, they start behaving differently.

Furthermore, the behavior among churners might be similar and distinguishable

from the behavior of non-churners (Chen et al., 2012).

In this study, we propose a way of incorporating the time dimension of

customer behavior and present a dynamic end-to-end approach to the churn

prediction task in telco, which even leads to higher model performance. More

precisely, we construct call networks on a weekly basis for a period of six months

and extract network features from each customer’s ego-net to capture the dy-

namics of customer churn behavior, using three distinct datasets. This is a

novel procedure of processing CDR data as far as we know. To predict cus-

tomer churn, we then perform classification with the resulting multivariate time

series.

Although time series classification is an active research field, an extensive

benchmarking study of the numerous methods that have been proposed over the

years showed that only complex methods outperformed the one-nearest neighbor

(1-NN) with dynamic time warping (DTW) benchmark (Bagnall et al., 2017).

However, this 1-NN classifier with DTW as a similarity measure, computes all

pairwise similarities between the time series which makes it computationally

expensive, especially for a large dataset. Although extensive, the benchmarking

study (Bagnall et al., 2017) did not include classification of multivariate time

series and in fact, the literature on the topic is scarce. Therefore, we turn to a

recently proposed classification method called similarity forests, which has not
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been applied to time series before (Sathe & Aggarwal, 2017). This extension

of random forests, which is applicable to any type of data for which similarity

between observations is defined, computes only a fraction of the pairwise similar-

ities and is thus orders of magnitude faster and computationally less expensive

than the 1-NN DTW benchmark. In addition, it is robust to noise and missing

values and performs well in terms of accuracy. We propose novel extensions to

the similarity forests method to make it applicable to multivariate time series

by, on the one hand, incorporating a multivariate distance measure for time

series and, on the other hand, exploiting the functionality of random forests in

two distinct ways.

We apply our extended methods together with the original similarity forests

to the multivariate time series to classify the customers and compare their per-

formance with the 1-NN DTW benchmark. Thereby, we perform the analyses

with variation in the length of the time series, to better understand the dynam-

ics of the churn process. Our results show that the similarity forests perform

substantially better than the benchmark method. Finally, we compare our dy-

namic approach to the more traditional static one, by extracting features from

a static network and predicting churn with two commonly used classifiers, i.e.

logistic regression and random forests. We demonstrate that time series clas-

sification is better suited for detecting churn early. Concretely, we show that

by using our proposed method for representing dynamic behavior of customers

together with a powerful binary classifier, i.e. similarity forests, telcos have an

optimal chance of detecting churners well in advance to take appropriate action

for retention.

In the next section, we discuss related literature on dynamic networks and

time series classification. In Section 3 we introduce our proposed method of ex-

tracting multivariate time series from CDR data to represent dynamic customer

behavior. Thereafter, in Section 4, we describe the similarity forests method

and our adaptations of the method for multivariate time series. In Section 5,

we explain the setup of the experiments conducted in the paper and present the

results in Section 6. Finally, we summarize our findings and contributions and
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discuss future work in Section 7.

2. Theoretical background

2.1. Dynamic networks

Although data used to build networks typically arrives as streams of time

stamped transactions, the analysis is most often conducted on static networks,

with the information from the data streams aggregated. However, a more natu-

ral way, and one that is more representative of the reality of social networks and

human behavior and interaction, is to base the analysis on dynamic or temporal

networks. This was the topic of a recent special issue of Machine Learning, that

focussed on innovative techniques that handle time-evolving networks, while

also acknowledging the challenges that arise with such data (Rouveirol et al.,

2017).

In the current literature, there are mainly two approaches for dealing with

dynamic networks. One way is to capture the time-dependent network struc-

ture in a single network by using temporal edges between the same vertices at

different moments. The other approach is to look at time series of networks,

i.e. a sequence of static networks, where each network is built by aggregating

interactions over a fixed period of time and thus gives snapshots of the network

at given times (Santoro et al., 2011; Simmhan et al., 2014).

Much of the research on dynamics of social networks focuses on the evolution

and discovery of communities, and to discover what drives network formation

(Kossinets & Watts, 2006). For example, Aiello & Barbieri (2017) looked at

the evolution of ego-nets in social media. Using a sequence of network snap-

shots, they studied how link recommendations affect the expansion of people’s

social circles. In the case of community detection, the recently proposed Tiles

method extracts communities and tracks their evolutions over time (Rossetti

et al., 2017). Furthermore, Lin et al. (2008) proposed FacetNet, a method to

analyse, in a single process, communities and how they evolve. Finally, to dis-

tinguish peer-to-peer influence from homophily, Aral et al. (2009) studied the
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diffusion of a mobile service product over a social network. Evidently, these

studies are mostly aimed towards descriptive analytics, while prediction and

classification in dynamic networks, which is the main application in this paper,

is scarce in the literature. A few recent publications include an approach for

outlier detection in dynamic networks (Ranshous et al., 2017), link prediction

(Ranshous et al., 2017) and the modeling of epidemic spreading (Joneydi et al.,

2017) and peer influence (Wölbitsch et al., 2017).

2.2. Time series classification

A lot of research has been conducted on time series classification in the

last years and numerous algorithms have been proposed. Many of these were

included in an extensive benchmarking study, which showed that the few tech-

niques that outperformed the simple 1-NN classifier with DTW were complex

ensembles of methods (Bagnall et al., 2017). The benchmarking study did how-

ever not include methods designed for classification of multivariate time series.

Many methods developed for multivariate time series classification depend

on either some kind of featurization of the time series data to construct a tabular

data set or on dimensionality reduction, combined with a binary classification

technique (Weng & Shen, 2008; Batal et al., 2009; Orsenigo & Vercellis, 2010).

In an application designed for electro-cardiograms, where early classification

is vital, He et al. (2015) proposed a method to detect distinctive shapelets to

use as core features in binary classifiers. Similarly, Kadous & Sammut (2005)

used constructive induction, which takes advantage of recurring substructures

that are often present in multivariate time series. Finally, Esmael et al. (2012)

proposed a memory-based classifier that classifies incremental segments of the

multivariate time series based on trend and value-based approximation of the

segments.

In contrast to these featurization techniques, Wang et al. (2016) used recur-

rent neural networks and adaptive differential evolution to classify multivariate

time series with robust results. Furthermore, Górecki &  Luczak (2015) pro-

posed using a combination of dynamic time warping distance between the time
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Table 1: An example of a CDR log. In the actual dataset the phone numbers are encrypted.

Call Start Date Call Start Time Call Duration (sec) From Number To Number

01MAY2017 14:51:14 715 (202) 555-0116 (701) 555-0191

02MAY2017 14:34:37 29 (803) 555-0129 (202) 555-0116

01MAY2017 20:34:14 9 (803) 555-0117 (406) 555-0137

02MAY2017 20:03:38 89 (701) 555-0148 (803) 555-0129

series and the derivative of the time series, to be used in classification with 1-

NN classifiers. The similarity forest method applied in this paper also depends

on distances between time series, but used in combination with random forests

(Sathe & Aggarwal, 2017).

3. Dynamic representation of calling behavior

3.1. Time series extraction

Social network analytics for churn prediction in telco is usually based on

static networks, which means that the network representation is frozen in time.

Although these methods have shown to be successful, they fail to take into ac-

count the temporal aspect of phone usage. In this section, we propose a method

that captures the dynamics of people’s calling behavior, while also incorporating

influence from churners and non-churners in their social circle.

The approach is based on phone call logs of the customers of a telco, com-

monly referred to as call detail records (CDR), see Table 1 for examples. These

logs are kept for billing purposes, but as numerous studies over the last decade

have shown, they can be used in various ways (Naboulsi et al., 2016). In par-

ticular, for social network analysis, call traffic for a fixed period of time is

aggregated to build social networks. Subsequently, the networks can be used

to investigate the structure of interactions among the customers of the telco.

To extract dynamic behavioral patterns from the CDR, we follow an approach

similar to Santoro et al. (2011). Thus, we achieve an evolution of call networks,

by aggregating the logs of one week to build each network. The result is a se-

quence of static networks. As the CDR spans six months in total, this gives us
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Week 1
2 3 24 25

Week 26

1 26

Figure 1: The figure demonstrates the featurization process, which begins with a time series

of one-week call networks and ends with eight distinct time series for each customer. In the

ego-net the white nodes denote a non-churner, the black nodes denote a churner and the gray

nodes denote an out-of-network neighbor.

a time series of call networks with 26 observations. The process is demonstrated

in Figure 1.

From the CDR we know when each phone call was made and therefore also

when the customers are active and when they stop being active. We use this

information to determine churn as follows. Customers are labelled as churners

when they have been inactive for 30 consecutive days and the moment of churn

is defined as the first of those 30 days, as is common in the literature (Verbeke

et al., 2014). As some phone calls are made to people who are not customers

of the telco, we refer to them as out-of-network, or OoN, connections. This

information is aggregated on a weekly level and thus we know for each week

who churned and who is an OoN connection.

Featurization is a process where attributes are derived from a network. For

each network in the sequence of call networks, we extract features from the ego-

net of each active customer, see Figure 1. Ego-nets are fundamental structures in
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Table 2: The features extracted from the ego-nets.

Name Description

Non-churn neighbor Number of neighbors that did not churn in the week

Churn neighbor Number of neighbors that did churn in the week

Non-churn incoming Duration of phone calls received from neighbors that did not churn in

the week

Non-churn outgoing Duration of phone calls made to neighbors that did not churn in the

week

Churn incoming Duration of phone calls received from neighbors that did churn in the

week

Churn outgoing Duration of phone calls made to neighbors that did churn in the week

OoN neighbor Number of neighbors that are customers of a different telco

OoN calls* Duration of phone calls made to neighbors that are customers of a dif-

ferent telco

*Since some CDR only contain phone calls made by their customers, we do not make a distinction

between incoming and outgoing traffic of OoN neighbors.

social networks because they portray the social interaction that occur between

individual people (Aiello & Barbieri, 2017). In our setup, the ego-net of a

customer is the set of all people that they were in contact with, i.e. via phone

calls, during the one-week period and we refer to the other people in the ego-net

as neighbors. We use the information about churners and OoN neighbors in the

respective week to label the people in the ego-net and aggregate information

from the CDR to assign weights to the connections between them. In this way,

we define and extract eight features for the customers in each one-week network,

as listed in Table 2. Together, these features capture different aspects of calling

behavior with respect to communication with non-churners, churners and OoN

neighbors. Churners are only considered as churners in the week in which they

churn and thus can only affect the ego-net of others at one point in time. Their

churn week marks the end of their time series and afterwards they are viewed

as OoN neighbors. Our proposed approach results in a multivariate time series

for each customer of the telco. The starting point for each individual is the

first week in which they are active and the end point is either the last week in

the CDR data or the week where the customer churns. Because we specified
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the featurization with eight features, the multivariate time series have eight

dimensions.

3.2. Time series notation and distance measures

We will now briefly explain the notation for multivariate time series that

we use in the paper. In addition, we specify the distance measures which are

deployed in the classification methods.

Let O be a dataset with N multivariate time series of dimension M , i.e. each

observation Oi ∈ O in the dataset consist of M time series

O =


O1

...

ON

 =


O11 · · · O1M

...
. . .

...

ON1 · · · ONM

 (1)

where Oij = P = (p(t))Tt=1, i = 1, . . . , N, j = 1 . . . ,M is a time series with T

time steps. The time series of each observation, i.e. customer, has the same

length, but the time series of different observations can vary in length. Further-

more, each observation Oi ∈ O is labelled, meaning that it belongs to one of

the two classes: churn or non-churn, denoted by c1 and c0 respectively. Thus,

there is a label vector

y =


l1
...

lN


for each li ∈ {c0, c1}, i = 1 . . . , N , .

There are several ways to compute the distance between two time series

depending on whether or not the time series are multidimensional. Here, we

discuss two commonly used measures for comparison of time series and time

series classification together with their multidimensional counterpart.

The Euclidean distance (ED) between two univariate time series P and Q

of equal length is defined as

ED(P,Q) =

√√√√ T∑
t=1

(p(t)− q(t))2.
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Analogously, the Frobenius distance (FR) between two multivariate time series

P = (P1, . . . , PM ) and Q = (Q1, . . . , QM ) of equal length and dimension M is

defined as

FR(P,Q) =

√√√√ T∑
t=1

M∑
m=1

(pm(t)− qm(t))2.

Although the Euclidean distance is a straightforward way to compare two time

series, it has been shown to give suboptimal results when used for the classifi-

cation of time series (Bagnall et al., 2017).

Dynamic time warping is an alternative measure that overcomes the one-

to-one alignment constraint and allows for one-to-many alignment to find an

optimal path between the two time series. To compute the dynamic time warp-

ing distance between the time series P and Q of lengths T and S, a matrix of

size T ×S is constructed where the element in cell (i, j) is the squared distance

between elements pi and pj or (pi − pj)2. The method finds a path

w = w1, . . . wt

from cell (0, 0) to cell (T, S). While aggregating the values in the cells, it goes

through the matrix to compute the path’s warping cost. Finally, the dynamic

time warping distance is defined as the path with minimum cost, or

DTW (P,Q) = min

t∑
i=1

wt.

The optimal path is found using dynamic programming and the recurrence

D(i, j) = (pi − qj)2 + min(D(i− 1, j − 1), D(i, j − 1), D(i− 1, j))

to compute the cost of the warping path. Euclidean distance is a special case

of this approach where the minimum in the equation above is replaced with

D(i − 1, j − 1) only. Multivariate dynamic time warping is a multidimen-

sional generalization of DTW where two approaches are possible, depending

on whether the dimensions are considered to be independent or not (Shokoohi-

Yekta et al., 2017). In the former case, which we assume here, it is defined

11



as

MDTW (P,Q) =

M∑
m=1

DTW (Pm, Qm)

or the cumulative distance of each dimension.

4. Multivariate similarity forests

4.1. The similarity forests method

Similarity forests are a novel supervised machine learning technique for the

binary classification of objects in an arbitrary dataset, where the only require-

ment is that similarities between the objects can be obtained (Sathe & Aggar-

wal, 2017). The technique is an extension of random forests that in a similar

way constructs a multitude of decision trees at training time and combines the

results to obtain a prediction for each object (Breiman, 2001). Contrary to

random forests, similarity forests perform a split of a node based on similarity

between the objects in the node as described below.

Let O1, O2, . . . On be n observations or data objects of a dataset and assume

that they can be embedded theoretically as data points X̄1, X̄2, . . . , X̄n in some

multidimensional space. The exact representation of the data objects in the

multidimensional space is not important as long as there is a way to obtain

a similarity between each pair of objects. We denote with Sij the similarity

between objects Oi and Oj . Finally, we also assume that each observation is

labelled, i.e. it belongs to one of the two classes c0 and c1.

When a node N is to be split, a pair of observations (Oi, Oj) ∈ N , with

opposite labels, is randomly selected to determine the direction of the split.

According to Sathe & Aggarwal (2017), selecting opposite labels leads to a

more discriminative split. The quality of the split is evaluated by projecting

the rest of the observations in the node along the direction from Oi to Oj . If

Ok ∈ N , then the projection of Ok along the direction from Oi to Oj is

P (X̄k) = (X̄k − X̄i)
X̄j − X̄i

‖X̄j − X̄i‖
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=
X̄k · X̄j − X̄k · X̄i − X̄i · X̄j + X̄i · X̄i√

‖X̄j‖2 + ‖X̄i‖2 − 2X̄i · X̄j

=
Skj − Ski − Sij + Sii√

Sii + Sjj − 2Sij

∝ Skj − Ski + C

where C is a constant. Therefore, the projection only depends on the difference

between the similarities of the given observation with each of the two randomly

selected observations. So, to compute a split relative to the pair (Oi, Oj), the

observations in the node Ok ∈ N need to be sorted in order of (Skj −Ski). The

split of the node is determined by dividing this ordered vector of differences into

two parts, so the weighted Gini quality,

GQ(N1,N2) =
n1G(N1) + n2G(N2)

n1 + n2
, (2)

of the two children nodes N1 and N2 with n1 and n2 values, respectively, is

minimized. In the equation, the Gini index of node N is given by

G(N ) = 1− p20 − p21

where p0, p1 are the fraction of objects with labels c0 and c1 respectively. Each

tree in the forest is constructed recursively in this way until the leaf nodes are

pure in terms of class labels.

The time it takes to split a node in similarity forests, is linear in terms of

the number of points in the node. Hence, the time to create a level in a decision

tree is also linear. Therefore, if the tree is of height O(log(n)), O(n log(n)) is

the time required to build it. Compared to the 1-NN DTW benchmark for time

series classification which has complexity O(n2), similarity forests thus provide

a substantial decrease in complexity.

Although similarity forests depend on similarities between observations, they

can also be applied using distances, which is more natural in the case of time

series. To convert distances to similarities, Sathe & Aggarwal (2017) discuss

both an exact approach, using the cosine law, and an approximate approach.

As the first approach is computationally very expensive, especially for large data
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sets, we apply the second one, which entails using squared distances instead of

similarities, since the self-similarity of each object in our datasets is the same.

For a more detailed discussion, we refer to (Sathe & Aggarwal, 2017).

4.2. Multivariate similarity forests

The similarity forests method described above, can be applied directly to

univariate time series by using the distance measures described in Section 3.2.

We denote this method by SFS . In addition, in this subsection, we propose three

ways of extending the similarity forests method to multivariate time series. In

what follows, we assume that Oi = (Oi1, . . . OiM ) and Oj = (Oj1, . . . OjM ) are

two multivariate time series of dimension M .

Multivariate distance measures. The first approach uses multidimensional dis-

tance measures to compute the distance between the objects Oi and Oj in a

single number. This is a straightforward extension of similarity forests, since

the key idea is that only the similarity between objects is known. Thus, when

splitting a node, the similarity between observations is computed using either

the FB or the MDTW distance as defined in Section 3.2. We denote this method

with SFMV .

Pick the best feature at each split. The second approach considers the predictive

capabilities of each feature as a tree is constructed. When splitting a node,

Equation 2 is used to compute the Gini quality for each feature separately.

The feature that results in the lowest value, is chosen for the split, similar to a

regular decision tree. More precisely, for a node N and each m ∈ M , a split is

determined relative to the randomly selected pair of objects (Okm, Olm), giving

the Gini qualities GQm,m = 1, . . . ,M . Subsequently, the feature m such that

minm∈M GQm is selected to determine the split. As the features are considered

separately and the splits are based on single-dimensional time series, the EU

and DTW distances are used, see Section 3.2.

This approach combines the strengths of decision trees and similarity forests

within each tree. Furthermore, it inherently incorporates a feature selection
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Table 3: Description of the datasets

Name # Customers Year Churn rate (4) Churn rate (8) Churn rate (12) Contract type

Dataset 1 8.6× 104 2015 38.75% 21.53% 10.90% Postpaid

Dataset 2 1.5× 106 2010 35.04% 22.85% 9.57% Prepaid

Dataset 3 1.7× 105 2013 15.63% 8.42% 4.38% Prepaid

process by building trees using the features that are most discriminative. This

method is denoted by SFPB .

Ensemble of similarity forests. The final approach exploits the ensemble prop-

erty of random forests. For each feature in the multidimensional time series, a

number of trees are built using similarity-based splitting, as described in Sec-

tion 4.1, and the EU and DTW distances, as defined in Section 3.2. Afterwards

the predictions are averaged. In this case, separate similarity forests with k

trees are applied to the observations (O1m, . . . , ONm),m = 1, . . . ,M . The re-

sulting forests are then applied to the test set to produce class probabilities

prob1, . . . , probM . Finally, the class probabilities of this ensemble approach are

obtained by averaging the probabilities of the individual similarity forests

prob =
1

M

M∑
m=1

probm.

This approach is faster than the previous two since no additional computations

are needed when building the trees. However, knowledge about which variables

are the best predictors, is lost. This method is denoted by SFE .

5. Experimental setup

We analyse three distinct CDR datasets from European telcos. Table 3 pro-

vides a summary of the datasets. They all contain six consecutive months of

phone call traffic between the telco’s customers and vary in size and churn rates

as Table 3 shows. The method described in Section 3 was used to extract eight

distinct time series from the call networks. This resulted in a multidimensional

time series for each customer in the dataset. We note that the time series of
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T0

Train set

Test set

W1

Churner

Non-churner

Non-churner

Non-churner

Non-churner
Churner

W4W3W2

Figure 2: Timeline for the experimental setup.

each customer do not all have the same length, as some of them are active at

the beginning of the six months while others appear later on, as seen in Fig.

2. Furthermore, as soon as a customer churns, his time series ends. Although

there are 26 weeks of CDR data, not all of them can be used in our experiments.

Because of the churn definition, the last five weeks are needed to construct the

labels and are not used for the analyses. In addition, the out-of-time experi-

mental setup described below requires four weeks of data points after training

the models. In order to determine how long the churn process is and therefore,

for how long customer behavior must be observed for accurate predictions, we

conduct experiments with time series of different lengths, i.e. spanning 4, 8

and 12 weeks. These values represent observation periods of one, two and three

months. The table displays the churn rates in the train sets with respect to

the length of the time series. We note that these churn rates are higher than

in comparable studies (Verbeke et al., 2014; Backiel et al., 2016). As explained

below, we look at individual behavior and not fixed time points. This results

in a pooling effect, since everyone who churned during the observation time is

counted as a churner in the train set.

In all cases, we predict churn in the next four weeks –or one month– following

a specific point in time T0, for which time series before T0 are long enough. Fig.

2 shows the experimental setup. The train and test sets are constructed in the
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following way. The non-churners in the train set are defined as all customers

who had not churned before time T0 and the churners in the test set are all

customers who did churn before the same time. After the labelling, we draw a

random sample, that preserves the churn rate of the original dataset, of 20000

customers on which to train the models. In a similar way, the non-churners in

the test set are defined as all customers who did not churn during the four weeks

after time T0 and churners as customers who did churn during that same time.

For evaluation purposes, we also keep track of the week in which churn took

place. To create the test set, 5000 customers are randomly sampled. This leads

to a 80/20% split of train and test set. In addition, because there are churners

in the test set that might be labelled as non-churners in the train set, this is an

out-of-time experimental setup which further facilitates this dynamic approach

for predicting churn. As a result, there are 3 sets of train and test sets for each

dataset, one for each length of time series. Table 3 shows the churn rate in each

train set. Furthermore, each dataset contains the eight time series features with

the same customers for each feature.

We apply the three variations of multivariate similarity forests as described

in Section 4.2 to each dataset. In addition, we deploy the original similarity

forests method using each of the eight single-dimensional time series and finally

we compare the results to the 1-NN DTW benchmark as well as 1-NN EU, 5-

NN DTW and 5-NN EU Bagnall et al. (2017). We also tried the multivariate

version of the nearest neighbor classifier but since it rarely gave results that are

better than a random model, it was excluded from the experiments.

We use three distinct performance measure to evaluate our models. Firstly,

the area under the receiver operating characteristic curve (AUC) is used, since

it summarizes the trade-off between model sensitivity and specificity, regard-

less of the cut-off value between churners and non-churners, and it is frequently

used when evaluating churn prediction models. Secondly, the commonly used

top decile lift (lift) represents how much better a prediction model is at identi-

fying churners, compared to a random sample of customers by comparing the

ratio of churners in the 10% of the highest predicted probabilities to the ratio
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Table 4: Performance measured in AUC. The three highest values for each dataset are denoted

in boldface.

Dataset Dataset 1 Dataset 2 Dataset 3

TS length 4 8 12 4 8 12 4 8 12

Method dist

SFS

EU 0.871 0.883 0.888 0.634 0.637 0.650 0.659 0.606 0.627

DTW 0.873 0.882 0.903 0.637 0.641 0.649 0.656 0.613 0.648

SFE

EU 0.792 0.786 0.829 0.618 0.637 0.625 0.651 0.620 0.593

DTW 0.777 0.780 0.809 0.616 0.656 0.627 0.633 0.603 0.598

SFPB

EU 0.793 0.700 0.707 0.575 0.598 0.549 0.644 0.609 0.599

DTW 0.773 0.674 0.700 0.594 0.595 0.539 0.639 0.595 0.572

SFMV

EU 0.540 0.575 0.626 0.570 0.634 0.603 0.540 0.581 0.544

DTW 0.542 0.551 0.565 0.555 0.627 0.599 0.525 0.546 0.545

1-NN
EU 0.529 0.526 0.522 0.513 0.513 0.509 0.510 0.501 0.505

DTW 0.584 0.623 0.635 0.520 0.518 0.502 0.500 0.549 0.531

5-NN
EU 0.535 0.500 0.533 0.515 0.517 0.510 0.508 0.512 0.503

DTW 0.731 0.691 0.663 0.538 0.537 0.514 0.516 0.521 0.518

of churners in the actual customer base. Finally, the expected maximum profit

measure (EMP) is a recent performance measure, specially designed to measure

performance of churn prediction models while taking into account the cost and

expected return of a retention campaign (Verbraken et al., 2013). When com-

puting the EMP, we use the default parameter values, α = 6, β = 14,CLV =

200, d = 10, andf = 1 as suggested by Verbraken et al. (2013).

6. Results and discussion

6.1. Comparison of methods

The results in Table 4 show the performance measured in AUC of all simi-

larity forests techniques together with the 1-NN benchmark and 5-NN applied

to the three datasets and three lengths of time series using the two types of

distance measures. Tables 5 and 6 show the results measured in top decile lift

and EMP, respectively. For the univariate techniques, i.e. SFS and all the NN,

we only report the results of the model with the feature that gave the highest

performance. A few observations can be made when looking at these tables

and comparing different components. Firstly, dataset 1 performs overall much

18



Table 5: Performance measured in top decile lift. The three highest values for each dataset

are denoted in boldface.

Dataset Dataset 1 Dataset 2 Dataset 3

TS length 4 8 12 4 8 12 4 8 12

Method dist

SFS

EU 6.05 6.09 7.01 2.15 1.87 2.11 1.80 2.56 2.08

DTW 5.50 6.09 6.69 2.21 2.02 1.91 1.92 2.32 2.01

SFE

EU 4.50 4.38 5.51 1.92 2.11 1.91 2.04 2.26 1.70

DTW 4.57 4.53 4.88 2.11 2.11 1.71 1.86 2.26 1.89

SFPB

EU 4.73 3.28 3.15 0.35 1.30 1.01 1.98 2.13 1.38

DTW 4.26 3.44 3.78 0.38 1.20 0.92 1.68 1.77 0.88

SFMV

EU 2.02 1.48 1.57 2.15 1.78 2.05 1.86 1.95 1.13

DTW 2.17 1.72 1.26 2.11 2.02 1.91 1.62 1.65 0.94

1-NN
EU 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

DTW 1.86 2.66 2.83 0.00 0.75 0.00 0.00 1.59 0.94

5-NN
EU 0.00 0.00 1.18 0.00 0.00 0.00 0.84 0.00 0.00

DTW 0.00 4.30 3.46 0.00 0.00 1.24 1.14 0.73 0.75

Table 6: Performance measured in EMP. The three highest values for each dataset are denoted

in boldface.

Dataset Dataset 1 Dataset 2 Dataset 3

TS length 4 8 12 4 8 12 4 8 12

Method dist

SFS

EU 0.2887 0.2617 0.4097 0.0990 0.0754 0.1156 0.0000 0.0219 0.0000

DTW 0.2607 0.2759 0.4046 0.0788 0.1028 0.1011 0.0000 0.0177 0.0024

SFE

EU 0.2585 0.1236 0.2926 0.0670 0.1032 0.1011 0.0000 0.0058 0.0000

DTW 0.2417 0.1976 0.3178 0.0761 0.0799 0.0546 0.0000 0.0033 0.0000

SFPB

EU 0.1038 0.0301 0.0344 0.0001 0.0082 0.0058 0.0000 0.0001 0.0008

DTW 0.0811 0.0327 0.0817 0.0074 0.0016 0.0091 0.0272 0.0177 0.0000

SFMV
EU 0.0194 0.0000 0.0004 0.0816 0.0734 0.0728 0.0007 0.0079 0.0000

DTW 0.0133 0.0191 0.0000 0.0954 0.0881 0.0858 0.0038 0.0009 0.0000

1-NN
EU 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DTW 0.0843 0.1672 0.2519 0.0000 0.0059 0.0000 0.0000 0.0000 0.0000

5-NN
EU 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DTW 0.0105 0.1505 0.2828 0.0001 0.0003 0.0001 0.0000 0.0000 0.0000
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better than the other two. This can be explained by the fact that the contracts

in this dataset are postpaid whereas the other datasets have prepaid contracts.

As previous research has shown, performance of models using postpaid call net-

works tends to be higher, because the networks are more densely connected

and therefore contain more information (Óskarsdóttir et al., 2016). The second

observation is the difference in performance between the two types of distance

measures, or rather, the lack of difference. The distance measure only seems to

make a difference for the nearest neighbor classifiers, where using DTW gives

higher performance. The same does not hold for the similarity forests meth-

ods. To test whether there is a significant difference between using the two

types of distance measures, we apply a Kruskal-Wallis rank sum test which is

a non-parametric method for testing whether samples originate from the same

distribution. Furthermore, we use the non-parametric Friedman test to statisti-

cally compare the differences among the results (Garcia & Herrera, 2008). The

Kruskal-Wallis test showed no statistical difference in performance measured in

both AUC (p-value = 0.2531) and lift (p-value = 0.2289). However, there is

statistical difference when performance is measured in EMP at the 95% confi-

dence level, but not at the 99% confidence level (p-value = 0.03483), most likely

because of how often the result of EMP is zero. According to the Friedman test,

there is no statistical difference in performance for all of the three metrics. As

a result, we assume that there is no difference between using on one hand the

Euclidean distances and the dynamic time warping distances on the other hand.

Furthermore, we compare performance between time series of different lengths.

Again, we apply the Kruskal-Wallis rank sum test, which shows that also in this

case, there is no statistical difference in performance (AUC: p-value = 0.9534,

lift:p-value = 0.7246, EMP: p-value = 0.6264). The same holds for the Fried-

man test. This means that we only need the four last time steps of a time series

in order to predict a change in behavior. This approach results in a minimum

loss of data without sacrificing any predictive performance. To conclude these

comparisons, in what follows, we will focus on the dynamic time warping dis-

tances, even though they are slower, since they give more distinction among the
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NN classifiers and on time series of length four, since they require less data and

are faster and easier to compute.

Table 7: Avereage ranks of the six methods, as measured by the three measures. The best

value for each performance measure is shown in boldface.

Method AUC lift EMP

SFS 1.00 1.00 2.33

SFE 2.33 2.17 2.67

SFPB 2.67 3.33 3.00

SFMV 4.67 3.50 2.67

1-NN 5.67 5.50 4.83

5-NN 4.67 5.50 5.50

We now compare the different methods. Table 7 shows the average rank

of each method measured by the three performance measures which show con-

sistent results. Clearly, the original similarity forests method SFS using the

best feature consistently performs best. The next best method is the ensemble

method SFE . The worst performing methods are the nearest neighbor classi-

fiers. For both the SFS and 1-NN, the single feature that outperformed was

either OoN neighbors or OoN calls, see Table 2. This is an interesting result

for two different reasons. Firstly, the best predictor of churn is how many OoN

neighbors one has or how much time one spends calling people that are out

of network. Secondly, to achieve optimal performance only a single feature is

required.

6.2. Dynamic versus static churn prediction

Table 8: Performance of traditional models and the best similarity forests methods.

Measure AUC Lift EMP

Dataset 1 2 3 1 2 3 1 2 3

SFS 0.87 0.63 0.66 6.05 2.15 1.80 0.29 0.10 0.00

SFE 0.79 0.62 0.65 4.50 1.92 2.04 0.26 0.07 0.00

Logistic regression 0.86 0.65 0.67 6.06 2.21 2.74 0.30 0.49 0.01

Random forests 0.85 0.65 0.67 5.92 2.14 2.67 0.28 0.44 0.01
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In addition to comparing the proposed methods to the time series classifi-

cation benchmark, we compare their performance to the more traditional churn

prediction models. For churn prediction in telco, binary classification models

can be built using network features extracted from call networks to predict churn

with good performance (Óskarsdóttir et al., 2017). In this case, we aggregated

call details of four weeks to build a training network and extracted all eight

features in Table 2. These were then used to build a model to predict churn

in the following four week time frame, and in addition, in each of those four

weeks. We adopted two commonly used classification methods, namely logistic

regression and random forests, as they offer a trade-off between complexity and

predictive capability from opposite angles Verbraken et al. (2014). We exper-

imented with other classification methods, such as extreme gradient boosting

and support vector machines, but none of them demonstrated superior perfor-

mance. To maintain a balance between the new and the traditional techniques,

we decided to only include logistic regression and random forests. Both have

shown to perform well when predicting churn in telco as well as being popular

in both literature and industry (Verbraken et al., 2013). The models were eval-

uated out-of-time, by applying them to features extracted from the call network

of the following month and predict churn in the corresponding periods.

The results for the four-week prediction time frame can be seen in Table 8

together with the two best similarity forests methods from Table 7. Clearly, both

classifiers, logistic regression and random forests, perform as well as the single

similarity forests method SFS , and sometimes even better. Note however that

these models make predictions with eight variables whereas the best similarity

forests method depends on only one.

As mentioned before, by construction, the predictive performance of the

similarity forests can be evaluated for each week in the four week prediction

time frame. We compare these by-week performances to the corresponding

predictions of the logistic regression and random forests models. Figures 3, 4

and 5 show the performance measured in AUC, lift and EMP for the three

datasets.
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From these figures we make the following observations. The performance of

the traditional methods, logistic regression and random forests does not change

much from week to week, although it does go slightly down as predictions are

made further in the future. Contrastively, the performance of the similarity

forests methods changes substantially from the first week to the last week, with

the highest performance in the last week. In the case of the dataset 1, AUC

values for the single method increase from 0.79 to 0.92 and the lift values from

3.1 to over 8. There is also great increase in the performance values of the

dataset 2, with AUC changing from 0.6 to 0.74 and lift from 0.9 to 3.8. The

change is least drastic for dataset 3, with AUC changing from 0.68 to 0.74 and

lift going from 1.7 in week one to 2.4 in week four. We note that the traditional

methods show better performance in terms of lift for dataset 3. The results show

that the similarity forests methods are better at predicting churn further in the

future, which is beneficial for telco that need to design retention campaigns and

take action in a timely manner. Since the similarity forests methods depend on

the customer behavior, they are better at detecting intention to churn early on.

The static methods, which depend on a single value for each feature are better
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at just-in-time predictions.

7. Conclusion

7.1. Main contributions

In short, the goal of this paper is to predict customer churn in telco using time

series that represent the dynamics of customer behavior. Our main contributions

consist of two methodological insights, which can be useful for other domains

and applications, and two application-specific observations, which are relevant

for the field of churn prediction in particular.

As our first methodological contribution, we present a novel way of extract-

ing multivariate time series data from call detail records, thus integrating the

dynamic aspect of networks into churn prediction. This feature extraction ap-

proach can also be used in other classification tasks and domains in order to

capture relevant changes in salient variables. As a next step, the resulting time

series can then be combined with any time series classification technique. While

this paper does not provide a comprehensive overview or benchmark of exist-

ing time series classification methodologies, the general approach of using this

research field to represent dynamic behavior is interesting to explore in previ-

ously static classification applications. Secondly, we propose three distinct ways

in which the similarity forests method can be adapted to handle multivariate

similarities. All of these similarity forests methods perform substantially better

than the time series classification benchmark, i.e. 1-NN DTW. This is even the

case when using the Euclidean distance measure, which makes the technique

a lot faster than the methods that are based on dynamic time warping. This

result proves that the three novel similarity forests techniques are a valid option

for multivariate time series classification. However, we should note that not

all of the presented approaches proved to be successful for our application, al-

though they might still prove to be effective in other settings. In particular, the

multivariate distance version SFMV , which depends on computing multivari-

ate time series distances, performed only slightly better than a random model.
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Nonetheless, this is also an interesting result, as it shows that, at least in this

case, it is not enough to be able to only compute similarities between objects as

is claimed for the original similarity forests method (Sathe & Aggarwal, 2017).

In terms of the specific application of this paper, our findings indicate that

while the similarity forests do not outperform the traditional churn prediction

models, i.e. logistic regression and random forests, some of them are able to

perform equally on all three datasets. Interestingly, the best performing classifi-

cation method is the original similarity forests method with a single feature: the

duration of calls to out-of-network neighbors. This feature is the weekly time

series that only takes into account the customer’s contacts in other telcos. The

similarity forest with only one feature is therefore able to achieve similar results

to the traditional static techniques that contain all eight extracted network fea-

tures. This conclusion leads to a model that is less computationally heavy and

easier to interpret. Furthermore, it is much easier to define which customers are

out of network than which customers are churners, as this can be perceived as

an in-between state. However, the traditional methods are better at detecting

churn that happens shortly after the historic time frame in which the features

are extracted, while the similarity forests approach has higher performance for

churn that occurs later in the prediction time frame. This leads to our final

contribution, which indicates that, the similarity forest approach is better at

detecting churn early, which is crucial for the business reality of striving to de-

sign and deploy successful retention campaigns. Overall, this paper has shown

that the recent behavior amongst churners is similar and distinguishable from

the behavior of non-churners.

7.2. Limitations and future work

Our work is not without limitations and offers many possibilities for future

research. So far, we have only applied the similarity forests to time series from

one domain and for one particular task, i.e. customer behavior and churn pre-

diction respectively. It would be interesting to apply the method to time series

from other fields, with completely different applications.
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Furthermore, the networks that we derive from the CDR data provide an

approximation of the customers’ actual social network. The structure of a social

network does not evolve drastically over time, especially not from week to week.

However, the features that we extract from the networks are only representative

of a customer’s calling behavior to different types of people, which can change

quickly over time, as our results show. Additionally, by using weekly networks,

we manage to accumulate enough information from the churn neighbors, which

are very few with a monthly churn rate of only 1% to 5%. Daily networks, how-

ever, would increase the risk of not capturing enough influence of neighboring

churners.

Motivations to churn are many and varied, and we are not able to address

all of them in this paper. The main reason for this shortcoming is that we solely

base our analysis on individual calling behavior, without taking into account

customer characteristics or explicit social influence. In order to accommodate

other types of churn as well, we would have to incorporate other customer fea-

tures, such as socio-demographics and payment history. It would be interesting

to use our approach to record changes in these types of variables as well. Fur-

thermore, it is indicated in the literature (Verbeke et al., 2014) and commonly

believed in the industry, that customers that churn because of ‘social contagion’

are harder to retain. In a future study, our approach could be applied to identify

the source of this social contagion, e.g. by extracting different types of features

that represent the structure of the social network and the individual’s position

within it.

We have shown that our approach performs well when predicting further into

the future, but only for certain types of churn. The combination of our early

churn detection technique using dynamic behavior and traditional classification

techniques based on customer data, would result in a holistic approach to the

churn prediction problem that captures both short- and long-term churn for

different reasons. Thus, this approach would allow organizations to retain the

most customers and maximize the return on their marketing investment.
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