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Problem description: 
The telecom industry continues to face growing pricing pressure worldwide. While regional 
differences apply, wireless penetration is reaching a saturation point across multiple markets. In 
addition, the longstanding ability to differentiate products and services based on handset selection 
and network quality is disappearing, and product lifecycles are shortening. Simultaneously, wireline 
businesses are facing increasing competition from cable operators and a rising risk of disruption from 
OTT players. All of these powerful trends are forcing telecom companies to respond through more 
competitive offers, bundles, and price cuts. Given these challenging industry dynamics, managing the 
customer base to reduce churn is among any senior telecom executive’s highest priorities. 

Calculating how much to spend on acquisition and retention is something of a black art. If too many 
customers are lost, revenues will plummet. If too much is spent, margins will suffer unduly. But big 
money is at stake. Recent research studies show that the average service provider in a mature market 
typically spends 15-20% of service revenues on acquisition and retention activities. That’s staggering. 
To put it into context, McKinsey says average CAPEX spending on infrastructure (networks and IT) is 
15% of revenues. 

Based on that reality, it is not surprising that companies around the world implement a 
comprehensive, analytics-based approach to base management can reduce their churn by 
as much as 15%. 

Technology Involved: 
We develop a comprehensive view of the customer and link that view directly to results. Leading 
churn prevention methodology are structured and thorough in linking and aggregating disparate 
data sets to develop a full view of the customer over the entire decision journey—from acquisition 
and onboarding to upgrade cycles and eventual disconnect, if applicable. These data sets include 
customer profiles as well as product, offer, usage, and rebate history, and they include data from call 
centres, web logs, network experience, and pricing and promotions. The data is aggregated from 
legacy systems across the organization. Some of these data sets, such as call-centre history, can even 
run into the hundreds of petabytes. 

 

 

 

 

 

 

 

 

 



 

 

Step 1. Create enriched data sources 
 

Data Science Activities Business Objectives 
 
At the end of iteration 1 there will be a full 
understanding of the information that can be 
obtained from each data source. During 
iteration 2 the information relevant to churn 
will be extracted from the sources in a format 
reflecting the data type. 
 
• Three different types of data; 
• Event / contact data which are customer 

interactions with the carrier. 
• Monthly aggregated data (according to bill 

cycle) which are metrics of the customer 
usage and service for that month. 
 

Relatively static customer demographic data*. 
As well as a product data type. 

 
Well defined events with a full set of attributes. 
The events can be joins of original data sets 
with combined attributes to give a more 
complete event from the customer’s point of 
view  
 
Monthly statistics for a customer’s activity in a 
number of areas that can be compared to 
previous months, allowing trends or anomalies 
to be easily identified. This includes usage, 
billing and survey information. 
 
All enriched data will be hive tables that can be 
linked to a specific customer for a specific time 
period. 
 

 

Step 2. Profiling and segmenting population 
 

Data Science Activities Business Objectives 
 
Using behavioural event data, customer 
demographic information profiles will be 
created for the bill cycle period. 
 
Behavioural profiles end in a churn / no churn 
event, profiles that end in a churn event maybe 
shorter than a full bill cycle. The start of a new 
bill cycle period will always be the stat of the 
customer profile. 
 
By profiling and standardizing the customer we 
are able to apply machine learning techniques 
where measuring the distance between profiles 
is important. 

 
Different customers churn for different 
reasons. It is important to segment those who 
do churn into similar population groups. 
 
Classifying customers who do not churn into 
these segments allows a direct comparison 
between similar customers. This is vital to 
understanding the various reasons why 
customers may churn and allows targeted 
retention planning for different population 
segments. 
 
We provide the number of “types of churners” 
found in the population and the number of 
people belonging to each profile. 
 
We measure the probabilities of evolving in a 
churn situation for each sample in the 
population. 
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Step 3. & 4. Classifying the population based on the proximity to churners 
 

Data Science Activities Business Objectives 
 
All the population is classified according to its 
closets centroid in both, static data and 
behaviour data. 
 
It is assumed that samples located too far away 
from any centroid have an extremely low 
similarity with any known churn activity and are 
usually discarded to the study. 
 
Once all the population have been classified 
with the churners distribution criteria, it is easy 
to identify similar people and measure the 
relevant factors for churn through feature 
ranking techniques incorporated in ML library. 

 
All the churn segments have no the same 
impact on the entire population. It is important 
to understand what is the weigh of each churn 
segment and how many subscribers could be 
potentially accepted. 
 
It is also important to identify how many 
subscribers are located far away from any 
known churn behaviour as they constitute 
outliers and might be candidates to: 

• Fraudsters 
• Abusers 
• Late technology adopters 
• Marketing campaign targets 

 
 

 

 

 

 

 

Step 5. Identify the behaviour patterns leading to churn for each segment and its 
characteristics 

Data Science Activities Business Objectives 
 
The customer behaviour and customer 
demographics used to create the customer 
segments are now used to build a feature 
ranking model that will identify the customer 
attributes that are an important indicator of 
churn. 
 
Equally importantly is build a second feature 
ranking model which will identify the customer 
attributes that are an important indicator that a 
customer won’t churn. 
 
Time is also an important factor when 
comparing how the importance of some factors 

 

 



 

 

increase or decrease according the time and 
the global rate of churn. 
 
The top reasons that lead the churn are 
identified and ranked across the segments and 
the time. 

 

 
Step 6. Determine churn triggers per population segment and calculate propensity score 

Data Science Activities Business Objectives 
 
Identity the Journey interaction that ultimately 
leads to churn and calculate the “Point of no 
Return” 
 
Track the evolution of Churn propensity Score 
and trend forecasting. 
 
 

 
Translate the propensity trends to revenue 
leakage prospection using the Customer 
Lifetime Value and ARPU 
 
Implement the automatic and personalized 
actions to reduce the Churn Propensity Score. 

 
 


