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Attrition, or churn, at a Venezuelan mobile telecommunications company was
examined using survival analysis. Main contributors to predicting churn were
total number of message calls, subscription tenure, and account tenure. Three
measures were generated for each account holder: 1) mean residual lifetime,
2) risk of attrition, and 3) customer lifetime value. Customer lifetime value is
particularly useful for management in deciding how much to spend to
encourage the account holder to stay with the mobile telecommunications
company. A company may decrease the probability of a customer leaving by
encouraging the customer to enter a loyalty program.
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1. Introduction
The churn is defined as the rate of attrition, is the percentage of subscribers to a
service who discontinue their subscriptions to that service within a given time period.
For a company to expand its clientele, its growth rate, as measured by the number of
new customers, must exceed its churn rate (Investopedia, 2016).

The global telecommunications industry has become a highly mature and
competitive industry over the last couple decades. Maintaining a sound customer
base is a primary concern for all telecommunications industries, specifically the
mobile telecommunications sector. Marketing efforts designed to sustain market
share and increase profit levels have switched from focusing on acquiring new
customers to retaining existing customers or reducing customer churn. The
telecommunications industry experiences an average 30-35 percent annual churn rate
and it costs 5-10 times more to recruit a new customer than to retain an existing one
(Lu, J., 2002). Customer churn in the telecommunication industry is the process by
which existing customers end their service with a provider. Although churn is an
issue in any industry that offers a service or subscription, it is most prevalent in the
mobile telecommunications industry. Churn prediction is the ability to detect
customers who are likely to end their service or subscription prior to contract
termination. Being able to determine which customers are most likely to churn
allows a company to target their marketing efforts (incentives and discounts) toward
a specific segment of the existing customer base in an attempt to improve customer
retention and increase revenue (Owczarczuk, 2010). Churn prediction helps to
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allocate current customers into different groups based on their probability of
churning. Shapoval and Setzer (2015) discuss term of contract in predicting churn. It
is critical to have a solid performing churn prediction model that accurately predicts
each customer’s probability of churning because it can be extremely costly and
inefficient to market to all existing customers, especially loyal and long tenure
customers who have very low probabilities of churning. Thus, a critical component
to an efficient and successful marketing strategy that improves customer retention is
accurately predicting the existing customers who are most likely to churn. To do this,
companies must understand their customers churning process and the factors that
increase the probability of customer churn.

In the mobile telecommunications industry, it is not only necessary to predict
which customers will churn, it is also necessary to calculate when they will do so.
Various statistical techniques have been used to develop churn prediction models.
Logistic regression and data mining methods, such as neural networks, have often
been used to score customers based on their predicted probability of churning.
However, both techniques have associated shortcomings. Logistic regression
accurately predicts probabilities of churning and explaining why customers will
churn based on usage data and customer personal information, but it does not
provide any information on when customers will churn. Likewise, neural networks
also perform well in predicting probabilities of churning, but this method suffers
from the “black box” syndrome, which refers to the challenge of interpreting the
results. Neural networks, unlike logistic regression, does not possess the ability to
explain why a customer will churn, but rather only provide the predicted probability
of churn. These methods also do not offer any information about the timing of when
a customer will churn. An alternative statistical technique is survival analysis.
Survival analysis is commonly used when the objective of the model is to predict the
timing of an event from its origin to its occurrence. This method lends well to churn
prediction modeling, where the objective is to predict when a customer will churn
from a time of origin. Survival analysis fills the void that logistic regression and data
mining techniques leave by offering, in addition to predicting the probability of
churning, the timing of when a customer will churn. Like logistic regression, survival
analysis identifies the key drivers that cause customers to churn. Survival analysis is
becoming the modeling technique of choice since traditional regression techniques
identify churners but not predict when they will churn.

The objective of this is to perform an analysis to estimate the probability and
timing of customer churn in the mobile telecommunications industry in Venezuela.
The main objectives of this analysis are to predict if and when a customer will churn,
and what is the customer lifetime value, given the customer's churn prediction. Using
data from the mobile telecommunications industry in Venezuela, the model
incorporates customer demographics, type of subscription plan and characteristics,
and plan usage information to predict whether a customer will churn and the timing
of customer churn.

The paper is organized as follows: a comparison of existing churn models and
statistical techniques are evaluated, the conceptual framework that drives the
empirical model is then discussed, followed by the econometric model and
description of data. The econometric methods are described in the next section with
the last two sections presenting the results and a conclusion.
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2. Literature Review

2.1 Comparison of Churn Prediction Models

Although there is common agreement that it is necessary to have an accurate
prediction model to effectively predict customer churn, there is considerable
discussion on which modeling techniques offer the best and most accurate
predictions. Various types of statistical modeling techniques have been used to
develop prediction models, ranging from very sophisticated data mining techniques
to basic linear regression methods. Many researchers have used conventional
statistical methods, such as logistic regression, ordinal regression, linear regression,
and decision trees (Coussement & Poel, 2008; Burez & Poel, 2007; Buckinx & Poel,
2005; Kim & Yoon, 2004; Wei & Chiu, 2002). These methods have proved to be
effective and offer stable and accurate predictions. Although many of these studies
used data from non-telecommunications industries, such as pay-tv, internet services,
retailing, financial services, and network banking; the models are all relevant to any
subscription type service, including mobile phone service.

Several studies suggest that the logistic regression performs better than decision
trees and linear regression when modeling customer churn in the cellular industry
(Owczarczuk, 2010; Ahn, Han, & Lee, 2006). Logistic regression offers an easier
interpretation of the results and provides detail on the key drivers that cause
customers to churn. However, one shortcoming of the logistic regression is that it
does not provide any information on when a customer will churn or how long a
customer will maintain their subscription (Lu, 2002).

More non-conventional statistical methods have also been used to model
customer-churn, such as sophisticated data mining techniques. Oskarsdottir et al.
(2016) and Oskarsdottir et al., (2017) use social network classifiers and analytics for
predicting customer churn in the telecommunication industry. Many studies have
used support vector machines, random forests, and neural networks (Coussement &
Poel, 2008; Burez & Poel, 2007; Hung et al., 2006; Buckinx & Poel, 2005; Tsai &
Lu, 2009; Zhang et al., 2011). These studies suggest that data mining techniques
perform better throughout all percentiles of customers when the customer base is
very large, whereas, predictions based on logistic regression begin to break down
and become unstable when the number of customers is large. Data mining techniques
are designed to deal with large data sets, and thus have more accurate predictions
with many customers. However, most data mining techniques suffer from the stigma
of the “black box” interpretation — the results are extremely difficult to interpret.
Although these techniques provide stable and accurate predictions, they do not
identify the key drivers of customer churn, which is important information when
developing marketing strategies.

A third group of research focuses on using survival analysis to model customer
churn (Van den Poel & Larivie’re, 2004; Gopal & Meher, 2008; Lu, 2002; Lu, 2003;
Oujezskyy, Horvath, & Skorpil, 2017). Survival analysis is a common statistical
technique used when the objective is to model the time to the occurrence of an event
(Allison 1995). Thus, it fits well with modeling customer churn, i.e., modeling the
time to when a customer cancels their subscription. Using survival analysis,
customers are observed beginning at some well-defined point in time and are
followed until they churn. Various usage data and personal information is
incorporated into the model to help provide more accurate predictions of churners,
and to indicate why subscribers churn. Survival analysis, like logistic regression,
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accurately predicts churners and indicates the underlying factors of why customers
churn but may also become unstable when applied to large datasets. Unlike logistic
regression and data mining techniques, survival analysis provides additional
information, such as, when will a customer churn and how long will a customer
maintain their subscription.

3. Conceptual Framework

To be successful in allocating marketing resources and maximizing profit, it is
necessary for firms to attract a set of profitable customers who will maintain long-
term relationships with the firm. Marketing efforts are designed to sustain market
share and increase profit levels by focusing on retaining existing customers by
reducing customer churn rather than acquiring new customers. The key focus of
firms marketing strategies is to determine which customers will provide the greatest
value from the firm-customer relationship. This concept, known as customer lifetime
value, is measured as the present value of revenue arising from a customer's usage of
the firm's service. Maximizing customer lifetime value, and ultimately firm profit,
requires the ability to successfully identify which customers will provide the greatest
customer lifetime value. In turn, a firm can then target their marketing efforts
(incentives and discounts) toward the segment of customers that provide the largest
customer lifetime value, as a means to improve customer retention and increase
profit (Owczarczuk, 2010).

The key to maximizing customer lifetime value is to first understand the
components that contribute to customer lifetime value. According to Blattberg,
Malthouse, and Neslin (2009), customer lifetime value is determined by four key
factors: (1) the length of time of the firm-customer relationship; (2) expected
revenues from the customer during their relationship; (3) costs of marketing and
servicing the customer throughout the relationship; and (4) the discount rate used to
determine the present value of the customer revenue stream. The focus of this
research is on the duration of the firm-customer relationship and how various factors,
such as customer demographics, product quality, competitors' pricing and marketing,
can affect the duration (Blattberg, Malthouse, and Neslin, 2009). Once, the duration
of the relationship is determined, then potential customer future revenues can be
determined and used to identify those customers who add the most value to the firm's
customer base, and ultimately firm profit.

To market toward customers that add significant lifetime value, firms must possess
an effective prediction model to distinguish between customers who have a high
probability of ending their relationship (churning) and those who have a low
probability of terminating their relationship (not-churning). Having a churn
prediction model that accurately predicts customers' probability of churning and help
direct marketing efforts can help reduce marketing costs since it can be costly to
market to all existing customers. Thus, a critical component to an efficient and
successful marketing strategy that improves customer retention is to accurately
predict which existing customers are most likely to churn. To do this, companies
must understand the factors that affects the probability that a customer will churn
(terminate their relationship with the firm). In turn, firms can improve their
efficiency of marketing campaigns, thus reducing marketing costs and ultimately
increase firm profit.
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Using the customer relationship framework of Blattberg, Malthouse, and Neslin
(2009), this research incorporates customer demographics, usage and service
characteristics, and payment and pricing characteristics to predict the probability of
churning by distinguishing between the characteristics that increase the likelihood of
customers terminating their relationship and those characteristics that decrease the
likelihood of churning. Using this information, firms can calculate customer lifetime
value and develop marketing activities that will result in valuable customer responses
that will positively contribute to firm profit.

4. Data and Methodology

The data used is from the mobile telecommunications industry in Venezuela. We
wished to use data from a non-United States type of government system which has
highly regulated telecommunications. Venezuela is a federal presidential republic
where the president is both the head of state and head of government. We further
desired to study a period before Venezuela’s inflation problem that began in 2012.
The carrier that provided the data is a multinational company operating in Venezuela.
It allowed us to use their 2007-2008 data because they felt more recent data may
expose proprietary information.

The initial data set contained 151 variables and observations for 20,000 customers,
however, many observations had missing values. Variables with more than 20
percent of values missing were eliminated. Missing values for the remaining interval
variables were imputed using SAS’s PROC MI, and missing values for the remaining
categorical variables were imputed from the value with the highest frequency
observed. Subscriptions included in the final data had to be active on January 23,
2007 and were followed for 14 months through April 30, 2008. Because the data
used in this empirical analysis is proprietary, the name of the company is anonymous,
and value codes are not described in detail.

Using these data, the model incorporates customer demographics, type of
subscription plan and characteristics, and plan usage information to predict whether a
customer will churn and the timing of customer churn.

4.1 Dependent Variable

In survival analysis, the origin of time is a point in time from which the event of
interest, leaving the mobile telecommunications firm, is measured. The origin of
time for this study is January 23, 2007 and extends through April 30, 2008. The
dependent variable (DUR) is the duration of a customer's subscription in months
from January 23, 2007 until the customer ends their mobile telecommunications
subscription. It is the number of months from the origin of time to the close date or,
for censored cases, the number of months, 16, from the origin of time to the end of
the study.

4.2 Independent Variables
Several independent variables are used in the study to determine the key factors that
affect when a subscriber will churn. Variables include both categorical and
continuous variables. Variables are shown in Tables 1 and 2.

The data does not provide many subscriber characteristics. Tables 1 and 2 show
that the only subscriber demographics included in the analysis are subscriber gender
and age. Gender is a categorical variable in which subscribers are classified as
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female, male, or unknown (gender status was not identified in the data). Customer
age is a continuous variable that includes all customers 18-71 years old and has an

average subscriber in the sample being around 34 years old.

Table 1 Categorical Variables

Variable Number of Levels Level Codes
Customer gender 3 F,M,U
Customer type 2 B,C
Loyalty program member category 13 L 323 ’2%’ 295 121 5 1; 6 18,
Payment collection status 2 LEG, OK
. CAR, DAT, FLE, MAX,

Price plan type 5 STA
Primary payment method 5 1,2,3,4,5

o 100, CFX, CIN, CMX,
Subscription type 8

PRE, RFX, RMX, UND

Table 2 Continuous Variables

Variable Statistics Transformation Filter
Account tenure
(number of months account has mean: 17.05 , sd: 7.66
been open)
> 18,
Customer age (years) mean: 34.35, sd: 11.29 71

Last purchase date

(last date of a purchase against the range: 25FEB2005 -

30APR2008
account)
Total number of data calls mean: 0.013, sd: 2.90
Total number of message calls mean: 37.34, sd: 116.61
Total revenue for message calls Log
Total minutes of usage for voice mean: 1.16, sd: 4.81
calls
Total number of voice calls mean: 112.45, sd: 235.49
Total revenue for voice calls Log

4.2.1 Categorical Variables

Table 1 provides a list of the categorical variables that are used in the empirical
analysis. In addition to customer gender, the data includes information on type of
customer and customer loyalty program membership. Customer type is divided into
two different categories, while customer loyalty status has thirteen categories.
Various variables are included to capture subscriber payment methods, pricing plan,
and subscription type. To measure how payment methods affect a subscriber's churn
rate, five different payment methods are used in the analysis and two payment
collection statuses are incorporated into the model. In addition to payment methods,
a subscriber can be grouped into one of five pricing plans and one of eight
subscriptions plans.

4.2.2  Continuous Variables
Table 2 shows the continuous variables that are used in the model. The continuous
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variables are designed to capture service usages and revenue. To determine the effect
of usage on subscriber churn, patterns of service usage enters the model as data
usage, message usage, and voice usage. To capture data and message, the model uses
the total number of monthly data calls and message calls. Table 2 indicates that
customers, on average, completed very few if any data calls and a significant number
of message calls (37.34 per month). Usage of voice calls is measured as the total
number of monthly voice calls as well as the average number of minutes for a voice
call. Subscribers made an average number of 112.45 voice calls with an average time
of 1.16 minutes per month (Table 2). To control for firm revenue, two variables are
used in the model. Total revenue for voice calls and total revenue for message calls.
Both variables enter the model as log transformations. Another continuous variable
is account tenure, which measures the length of time a subscriber in the data has had
a subscription. Table 2 shows that on average, subscribers in this data have had a
subscription for 17 months.

S. Model Estimation and Results

5.1 The Model

The 20,000 observations in the dataset were split into three datasets: a training
dataset consisting of approximately 80 percent of the observations (15,987
observations), a scoring dataset of non-censored observations capturing about ten
percent of the observations (1955 observations), and a holdout dataset of censored
data of about ten percent of the observations (2058 observations). Using the training
dataset, we applied survival analysis to estimate the churn prediction model and
determine the factors that affect the customer churn rate. We used the results from
the training data to score the holdout data to find predicted probabilities for churning
for the customers in our database.

Survival analysis was selected as the method to further analyze the data since,
unlike log it analysis which only predicts if a customer will churn, survival analysis
provides a probability of churning along with a prediction of when the customer will
churn. The period of churn is January 23, 2007 to April 30, 2008, a time of 16
months. For the 16-month time, there were 9,774 subscribers who churned and
10,226 who did not churn. This indicates that 49 percent of the customers in the data
who had a subscription on January 23, 2007 ended their subscription by the end of
the time period of April 30, 2008.

The results of the survival analysis as performed by SAS’s LIFETEST procedure,
are reported in Table 3 and Figure 1. The total number of subscribers that churned
during the 16-month period was 9,774. Table 4 shows that the largest number of
subscribers churned between 10 and 12 months, accounting for 58% of all
subscribers who churned during the 16-month study period. Between 10 and 11
months, 31.5% of subscribers churned and between 11 and 12 months 26.5%
churned. The probability for churning between 10 and 11 months is 19.1% and
19.7% for 11 to 12 months. Overall, Table 3 indicates that 96.6% of all churning
subscribers churned between 8 and 12 months. After having a subscription for 12
months, the probability of churning drops considerably to 2.8% in the 13™ month of
a subscription and continues to drop to 0.49% at month 16. The results in Table 3
suggest that if customers are going to end their subscription that they will do so
within a year of having the subscriptions. Once a subscription hits a tenure of 12
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months, the likelihood that they will churn in the next couple months is extremely
low (less than one percent).

Table 3 Results of Survival Analysis

Interval Number Failed | Conditional Probability of Failure | Survival
[Lower, | Upper)
0 1 0 0 1.0000
1 2 0 0 1.0000
2 3 0 0 1.0000
3 4 0 0 1.0000
4 5 0 0 1.0000
5 6 0 0 1.0000
6 7 0 0 1.0000
7 8 0 0 1.0000
8 9 2394 0.119700 1.0000
9 10 1374 0.078000 0.8803
10 11 3085 0.190100 0.8116
11 12 2592 0.197200 0.6573
12 13 292 0.027700 0.5278
13 14 7 0.000682 0.5132
14 15 5 0.000488 0.5128
15 16 25 0.004870 0.5126
16 0 0 0.5101

Life-Table Survival

Survival

0 2 4 6 8 10 12 14 16 18
Duration of subscription in months

Figure 1 Survival Probabilities

These results are further supported by Figure 1, which shows the probability of
survival curve (the Survival column of Table 3). Subscribers are very unlikely to
churn during the first eight months of a subscription, as shown by the horizontal line
at the survival probability of 1.0. After hitting the ninth month of a subscription, the
probability of keeping the subscription steadily declines until about the twelfth
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month, as noted by the negatively sloped portion of the survival curve. This
corresponds to the increasing probability of churning as given in Table 3. Once a
subscription hits a low around twelve months, the probability of surviving levels off,
which suggests that subscribers are likely to keep their subscriptions and not churn.

The results of the survival analysis are used to generate three important aspects of
churning for firms: mean residual lifetime, risk of attrition, and customer lifetime
value. All three of these measures are calculated for each customer using the holdout
data set. These measures provide extremely important information for companies
regarding their customer’s behavior and churning process. The ability of a company
to identify accounts that are of high-risk of churning and accounts that offer high
lifetime value allows them to more narrowly focus their marketing efforts and
incentive programs in hopes of increasing revenue.

Tables 4, 5, and 6 provide the results for the following three measures: 1) mean
residual lifetime, 2) risk of attrition, and 3) customer lifetime value. All these
measures are calculated using the results of the survival analysis which is based on
the set of independent variables that were previously discussed, such as, customer
demographics, payment structure, pricing plan, and service usage (see Tables 1 and
2). The three measures are calculated for each customer in the holdout data. Tables 4,
5, and 6 provide values for a few customers in the data.

Table 4 Mean Residual Lifetime

Observation | Account ID Mean Residual Lifetime
(months)
1 12449 6.630
2 14466 8.440
3 14157 8.452
4 13601 8.455
5 14825 8.461
6 14958 8.484
7 14369 8.484
8 13641 8.502
9 15536 8.515
10 14145 8.516
Table 5 Risk of Attrition
Observation|/Account ID|Churn Probability

1 1154 0.9999

2 1155 0.9998

3 1162 0.9826

4 17180 0.9472

5 17188 0.9472
2054 15791 0.0376
2055 15795 0.0345
2056 15781 0.0338
2057 15787 0.0332
2058 7987 0.0004
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Table 6 Customer Lifetime Value Discounted at 20 Percent per Year

Monthl Expected Present Customer
. | Account y Number of | Current | Value Until o s
Observation Revenue Lifetime
ID (USD) Months Before| Month Churn Value (USD)
Churn (USD)
1 3800 316 4 Nov-07 716 4082
2 7092 160 8 Nov-07 721 2067
3 1540 359 3 Nov-07 619 4636
4 5820 262 4 Nov-07 592 3379
5 9682 260 4 Nov-07 589 3359
2054 15880 -31 2 Nov-07 -37 -400
2055 114 -20 6 Nov-07 -68 -259
2056 461 -29 6 Nov-07 -97 -371
2057 7508 -38 5 Nov-07 -106 -488
2058 1778 -64 4 Nov-07 -146 -831

The mean residual lifetime is the number of months that a subscriber is expected
to maintain their subscription before churning (canceling subscription). This
predicted (scored) value is provided by the SAS Enterprise Miner Survival Node.
Table 4 shows the mean residual lifetime in months for a sample of 10 observations
in the data. Overall the residual lifetime ranges from one month to sixteen months for
the 2,058 customers included in the holdout data.

Table 5 provides a churn probability that can be used to identify those accounts
that are considered high-risk for churning. The churn probability ranges from less
than 1 percent to a high of 99.9 percent across the 2,058 subscribers in the holdout
dataset. The probability of churning is influenced by a subscriber's demographics,
pricing plan, membership in loyalty plans, and service usage as determined by SAS’s
LIFEREG procedure.

Present value until churn and customer lifetime value are reported in Table 6. To
calculate the present value until churn for a subscriber we use the monthly revenue
for an account, based on current subscription and pricing plans, then we use the
number of months before a customer will churn, based on their churn probability,
discounting the predicted value at 20 percent per year (a typical value for a discount
rate), we obtain the customer's present value until churn to the firm.

i-1

PVUC = MR Z;(pi /(1-5)

PVUC is the present value until churn beginning with the current month, November
2007.

MR is the monthly revenue.

T is the number of months until churn.

p' is the probability of churn for period i. See the Survival column of Table 3.
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r is the annual discount rate. Here the annual discount rate is 20 percent leading to
(1-0.2/12)=0.9833

For example, the present value until churn for Observation 3, Account ID 3800,
that is expected to churn four months after the current month, November 2007, is
calculated
316 (0.6573/0.9833" + 0.5278/0.9833" + 0.5132/0.9833% + 0.5128/0.9833°) = 716.

Customer lifetime value is defined as the present value of average monthly
revenue discounted for the number of months the customer is expected to maintain
their subscription (Lu, J., 2003). Here we are using a planning horizon of 20 months.
The equation is the same as that for present value until churn except T is now 20.
The customer lifetime value for Observation 3, Account ID 3800, is 316
(0.6573/0.9833° + 0.5278/0.9833" + ... +0.5101/0.9833'%) = 4082.

The telecommunications firm may consider spending up to the present value to
churn on incenting a customer to maintain their subscription with hopes of receiving
the customer lifetime value.

5.2 Variable Importance
Figure 2 shows those variables that are important to predicting telecommunication
churn.

Variables Important to Churn

Total number of message calls
Subscription tenure

Account tenure

Total number of voice calls
Loayalty scheme member category

Total voice calls revenue

Subscription type

Figure 2 Variables that are Important to Predicting Churn

6. Conclusion
This study investigated the application of survival analysis to customer churn to
develop a prediction model using data from a non-United States mobile
telecommunications company. We applied survival analysis to a sample of 20,000
customers. The data set included customer demographics, pricing and payment
details, subscription plan and loyalty membership, as well as service usage from
January 23, 2007 through April 30, 2008.

We began with dividing the data into three subsets of data: (1) the training data:
80% of observations; (2) holdout data: 10% of observations; and (3) non-censored
data: 10% of observations. Using the training data, we applied survival analysis to
estimate the churn prediction model and determine the factors that affect the
customer churn rate. We used the results from the training data to score the holdout
data to find predicted probabilities of churning for customers in our database.
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The results of the modeling are used to generate three important aspects of
churning: mean residual lifetime, risk of attrition, and customer lifetime value. All
three of these measures are calculated for each customer in the holdout data set.
These measures are important variables for a company to completely understand
their customer’s behavior and churning process.

The survival analysis results successfully answer the question of if and when a
subscriber will churn (cancel subscription). Using the results from the survival
analysis, we use present value methodology to determine customer lifetime value to
the firm.

Prior to eight months and after twelve months, the probability of churning is very
near zero. Given this result, firms should focus their incentive plans and marketing
efforts toward subscribers who are nearing the end of their first year of their
subscription. Table 7 suggests offering a loyalty program scheme may be one
incentive if the cost of offering the loyalty program does not exceed the customer’s
lifetime value.

Table 7 Loyalty Program Scheme and Account Status

Enrolled in a Loyalty Program?
Account status No Yes
Closed 9642 0
Open 10 348

The results of this study provide critical insight to mobile telecommunication firms.
The survival analysis provides an accurate way to identify and predict subscribers
who are at high risk for churning. This is essential for a firm to know since they want
to focus their marketing efforts (incentives and discounts) toward existing customers
who are likely to churn as a way to improve customer retention and increase revenue.
Churn prediction helps to allocate current customers into different groups based on
their probability of churning. It is critical to have a solid performing churn prediction
model that accurately predicts each customer’s probability of churning because it can
be extremely costly and inefficient to market to all existing customers, especially
loyal and long tenure customers who have very low probabilities of churning. The
model presented in this paper provides a way for firms to calculate predicted churn
probabilities and segment the customer population into high and low risk accounts.
In the mobile telecommunications industry, it is not only necessary to predict which
customers will churn, it is also necessary to predict when they will churn. The results
of this analysis suggest that customers have the highest probability of churning
around the tenth to twelfth month of their subscription. Prior to eight months and
after twelve months, the probability of churning is very near zero. Given this result,
firms should focus their incentive plans and marketing efforts toward subscribers
who are nearing the end of the first year of their subscription. Offering incentive
programs and marketing toward customers who have had a subscription longer than
twelve months will not provide the highest return to the firm's investment in
incentive and marketing programs.

Customer lifetime value is also an important statistic for firms to consider when
choosing which subscribers to target with incentive and loyalty programs.
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Subscribers who will offer higher customer lifetime value should be the chosen
target population for incentive and marketing programs. Focusing efforts on
retaining subscribers who are likely to churn soon and offer lower lifetime value will
be costly and offer little in terms of increased revenue.

Although the research presented in this project provides important insights and
helpful information for mobile telecommunications firms, especially in the area of
marketing efforts and customer lifetime value, the research is not without its
limitations. The data used is from January 2007 to April 2008 and, while the data is
older, it still provides a description of the key factors that affect the duration of the
customer-firm relationship in the mobile telecommunications industry. Furthermore,
we do not have data on competitor pricing and marketing efforts or on prior
customer service experience with the existing company. It may be possible that these
factors affect the probability of customer churn, however, if customers have
maintained a long relationship with their current provider, they may be less likely to
be influenced and persuaded by competition pricing and promotions.
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