
The Ultimate Guide 
to Customer Churn

A comprehensive guide for Ecommerce and DTC Brands 
that will help you increase loyalty, reduce churn, and 

boost your revenue.



Introduction
            Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do 

eiusmod tempor incididunt ut labore et dolore magna aliqua. Erat velit 

scelerisque in dictum non consectetur. Dolor sit amet consectetur 

adipiscing elit ut aliquam purus sit. Nunc sed augue lacus viverra vitae 

congue eu consequat ac. Fermentum et sollicitudin ac orci phasellus 

egestas tellus rutrum tellus. Et leo duis ut diam quam nulla porttitor 

massa. Pharetra et ultrices neque ornare aenean euismod elementum 

nisi quis. Semper risus in hendrerit gravida rutrum quisque non tellus 

orci. Sit amet tellus cras adipiscing enim eu turpis. Enim diam 

vulputate ut pharetra sit amet aliquam id. Amet nisl suscipit adipiscing 

bibendum est ultricies integer. Eu non diam phasellus vestibulum 

lorem sed risus ultricies. Quam quisque id diam vel quam elementum.



Ultricies leo integer malesuada nunc vel risus. In vitae turpis massa 

sed elementum tempus egestas. Pellentesque diam volutpat 

commodo sed egestas. Justo donec enim diam vulputate ut. Leo 

integer malesuada nunc vel risus commodo viverra maecenas. Libero 

nunc consequat interdum varius sit amet. Integer malesuada nunc vel 

risus commodo. Id leo in vitae turpis massa sed. Mattis aliquam 

faucibus purus in massa tempor nec feugiat nisl. Eu ultrices vitae 

auctor eu augue ut lectus arcu bibendum. Consectetur adipiscing elit 

pellentesque habitant morbi. Ultrices tincidunt arcu non sodales. 

Dolor sit amet consectetur adipiscing. Ultrices in iaculis nunc sed
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Key terms you need to understand
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Before we get started, we would like to go over a few key terms. 

Understanding these terms will help you get a better idea of customer 

churn and its impact on your business.



The number of days between the current date and the last purchase.



The number of days between the last and the first purchases.



The number of days between the expected last and the first purchases. 

Unlike with tenure, we don’t know a current customer’s last purchase 

date, so we need to predict it (most likely using churn rate).



This refers to the percentage of customers who stop their relations with 

the company. Sometimes churn rate can be interpreted as a particular 

customer or group of customers’ probability of leaving. The churn rate is 

also the opposite of the retention rate, which is equal to 1 - churn rate.

1. Recency


2. Tenure


3. Lifespan


4. Churn rate
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5. Customer lifetime value (CLTV or LTV)


6. Cohort


The amount of money a customer (or group of customers) brings to 

the company during their lifespan. LTV can be historical/actual, 

expected/predicted/future or both/overall. Alternatively, CLTV may be 

expressed in terms of gross profit.



a group of customers who have one or several attributes in common. 

Most of the time, this attribute is the month of acquisition (sometimes 

it is the week or quarter). But it is not limited to time-based attributes. 

It can also be a marketing channel of acquisition or a combination of 

attributes.


Value for business
Before we dive into the different calculations, let’s discuss why churn 

rate matters in the first place:



Attracting a new customer may be 5x more expensive than 

retaining an existing one. As such, your acquired customer base is 

like gold. It is the main driver of your business.



If you have too many customers leaving, your unit economics will suffer 

significantly. Therefore, the churn rate should be calculated, monitored 

and goaled.
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Accurate churn calculation is the foundation of LTV prediction. With your 

churn rate properly estimated, you can estimate the lifespan of your 

customers. Based on that, you can then estimate your future cash flows 

and your business equity.



Churn rate can help you to target your marketing activities more 

effectively. For example, by trying to retain customers with a high churn 

rate (risk group) but high historical revenue (high-value group).


Churn rate dynamics split by cohorts can highlight which business 

decisions were successful.

How to reduce customer churn
Most customers churn during the trial or after the first purchase. Here 

are some things you can try to reduce your churn rate:


 Try to make onboarding and the introduction to your product as 

smooth as possible.


	


 Pay attention to your current active customer base. It has to be easy 

to contact your support. If you have a SaaS product, documentation 

should be accessible, etc.


	


 Remind customers about your product, but don’t be intrusive. A letter 

with a description of new features, new product announcements or a 

relevant post in your blog can help with this.

◉

◉

◉
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◉  Ask your customers why they left or unsubscribed. You can discover 

the main drivers for churn, whether it is delivery issues, lack of features 

or price.

Calculating churn rate
The first approach to calculating churn rate (CR) is straightforward. 


The formula is shown below:

We only need three numbers for it:



 The active customer base at the beginning of the period (e.g. start of 

the month). That would be  in the equation below.


	


 The active customer base at the end of the period (e.g. end of the 

month). That would be  in the equation below.


	


 The number of new customers for the period. That would be 

 in the equation below.

◉

◉

◉

Customers0

Customers1

NewCustomers

Churn rate

=
Customers0 - (Customers1 – New Customers) Customers0



The Ultimate Guide to Customer Churn 00

For example, if you had 21,000 customers at the beginning of April, 

40,000 customers at the end of April and 29,000 new customers for 

April, then your churn rate for April would be (21,000 - (40,000 - 29,000) 

) / 21,000 = 0.48 or 48%. This is a good start for understanding your 

customer base and churn rate is a valuable metric to track in your 

reports. Once you monitor it, you can see whether it changes over time 

and whether your actions affect it.



However, this approach has a downside, as we are mixing all the active 

customers into one basket. To illustrate this potential pitfall, consider 

that customers with a two-month tenure (relatively new) likely have a 

much higher churn rate than customers with one-year tenure. 


Moreover, relatively new customers can have different behavior patterns. 

They could have been attracted through other marketing channels, which 

means their churn dynamics can be significantly different. 


To tackle this problem, we can use the second approach to calculating 

churn rate: cohort-based.

Cohort based approach
The idea behind the cohort-based approach is to attribute all customers 

to the month during which they were acquired and then calculate the 

churn rate separately for each month of acquisition. This month (or any 

other period) of acquisition is called a cohort.
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Let’s describe the calculations using a synthetic example of some e-

commerce shop. For simplicity, let’s assume that this business was 

founded four months ago. In table #1, we have the number of customers 

split by cohort. Each row represents dynamics for one cohort and each 

column represents a slice of our customer base for a particular month. 

From this table, we can see the overall number of customers, new 

customers and retained customers monthly. Our active customer base 

resembles a pie with detailed layers for each cohort.

The advantage over the first approach is that we can still calculate the 

general churn rate from this table, but we can get churn rates for each 

cohort separately as well. The cohort’s churn rates are calculated in 

table #2.


Cohort / Month Jan 2021 Feb 2021 Mar 2021 Apr 2021

Jan 2021 3 000 1 300 1 000 900

Feb 2021 8 000 3 000 2 100

Mar 2021 17 000 8 000

Apr 2021 29 000

Total

(Active customer base)

3 000 9 300 21 000 40 000

Table 1
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Now we can see that the 48% churn rate for April consists of 10%, 30% 

and 53% churn rates for the first, second and third months, respectively. 

Pretty different, right?

With this one simple change, we can begin comparing apples to apples. 

Instead of looking at calendar months in columns, we can look at the 

cohort’s life month (the number of months since acquisition) such that 

March 2021 will become the first, second and third periods of life for the 



Now we can see that for some reason, the February cohort retained 

much worse than the January and March cohorts. You can dig deeper 

and investigate what the root cause of this change was—promotions, 

acquisition of different types of customers, etc. 


It is good to remember that it is not necessarily a bad sign. For example, 

it is common to observe increased churn during periods of high growth.

Cohort / Month Jan 2021 Feb 2021 Mar 2021 Apr 2021

Jan 2021 0% 57% 23% 10%

Feb 2021 0% 63% 30%

Mar 2021 0% 53%

Apr 2021 0%

Total

(Churn rate)

0% 57% 57% 48%

Table 2
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Now we can see that the 48% churn rate for April consists of 10%, 30% 

and 53% churn rates for the first, second and third months, respectively. 

Pretty different, right?

The last thing worth mentioning in this cohort-based approach is that we 

can additionally calculate retention curves for our customers. This is 

shown in table #4. From these curves, you can understand that you 

commonly keep only ⅓ of your customers in the third month. 


The formula for retention rate (RR) is shown below, where Customers\_n is 

the number of customers on the period n for this cohort. Customers\_1 is 

the number of customers in this cohort (also referred to as a cohort size).

Cohort / Month 1 2 3 4

Jan 2021 0% 57% 23% 10%

Feb 2021 0% 63% 30%

Mar 2021 0% 53%

Cohort / Month 1 2 3 4

Jan 2021 100% 43% 33% 30%

Feb 2021 100% 38% 26%

Mar 2021 100% 47%

Table 3

Table 4

RR
Customersn

Customers1=
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Customer based approach
The third approach to calculating churn rate is to do it individually for 

each customer. Although this is a much harder task to accomplish, it 

opens a wide range of opportunities for handling your customer base. 


You can do this based on some simple heuristics. For example, customer 

A is in cohort January 2021, and this is the fourth month of life for that 

cohort. From the historical data, we know that, on average, X% of 

customers active in the fourth month stop being active in the fifth month. 

Then customer A has an X% churn rate (i.e. an X% probability of 

stopping activity in the next month). This is an artificial example. 



The actual individual churn models are much more complicated, but you 

can get a general sense of how it works from it. The idea here is to use 

historical data about your clients to predict the probability of being active 

in the following period. 



You have many options when going the individual route. For example, the 

model can be based on average heuristics (as illustrated above), 

statistical models such as Pareto/NBD, survival analysis models or 

machine learning models. There are so many choices and nuances, so we 

will cover this topic in greater detail in a future blog post.
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Customer based approach
Accurate individual churn rates have many advantages over general ones

  They have a prediction ability. Suppose social media traffic has much 

lower churn rates and you attracted a lot of customers through social 

media this month. If you have an accurate churn model, you’ll see a 

drop in the churn rate immediately. You don’t need to wait another 

month to calculate the actual churn rate

 They allow you to work with your customer base more granularly. For 

example, by targeting promo activities only on the customers with the 

highest churn rates

 They provide an ability to accurately predict the lifespan of the 

customers and thus lifetime values for your customers and the whole 

business (more on that in the LTV blog post).

 In addition, we can still determine the general level by calculating the 

average churn rate across all active customers (which is often more 

accurate than a general churn rate estimation).



 When we are building a model for individual-level churn rates, we need 

to work with definitions. What is the churn period for our business? If we 

did not see any activity from a customer, is it a good time to mark them 

as a churn? Here are some clues on how we can define it:



 Sometimes the best approach is just to use one year. For most 

businesses, it is a good rule of thumb. If we didn’t see a customer for the 

last 365 days, then they probably will not come back to us.

◉

◉
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Customer based approach
•

◉

 What is the average/median/n-quantile lifespan of the current 

customers? You can use this number as is or as a starting point and then 

add some arbitrary number to it to be sure that you are not marking 

customers with a churn flag too early. Calculate it carefully, as you don’t 

want to have different customers’ cohorts in one chunk. If somebody made 

their first purchase a week ago, that doesn’t mean their lifespan is seven 

days. That is why it is better to split your customers into cohorts and 

calculate an average lifespan for the oldest cohorts.



 If you have a subscription-based business, then the unsubscribing event 

is the most obvious definition of churn. Keep in mind that if you have a 

mixed model where customers can purchase with or without a 

subscription, then unsubscription is not necessarily churn. The customer 

may have simply decided to temporarily switch to one-time purchases or 

to take a short break, but they are still an active customer for our business.



Frankly, there is no ideal approach to churn definition. One way or another, 

you will have false positives. There will be customers who were marked as 

churned based on your definition, but they will suddenly become active 

again. As you cannot avoid having this group, you can name it as 

reactivated customers and start to track them as another metric for your 

customer base. But for churn analysis and LTV prediction, you can put it 

aside and move forward.



The Ultimate Guide to Customer Churn 00

Just make sure this reactivated customer group is not huge and try not to 

forget about it completely in your customer analytics reports. 


Keep in mind that you can have unregistered customers (quick checkout). 

In such cases, you can either try to stitch their orders through some 

secondary attributes or analyze them separately.

Another important aspect of calculating customer churn is understanding 

how it relates to customer lifetime value (LTV). LTV is the amount of money 

a customer will bring to you over their entire relationship with your 

business (i.e. their lifespan). LTV and CAC (customer acquisition costs) are 

important indicators of the health of your business. 


LTV can be used to determine a “ceiling” on your marketing costs. An LTV 

analysis across marketing channels can help you to understand which 

channels bring you the most valuable clients. Along with that, LTV is a 

pillar of unit economics.



LTV can be

 Historical—a cumulative sum of sales for a particular customer

 Expected—a sum of future sales for a particular customer, commonly 

discounted to the current period

 Overall—historical + expected.



Ideally, we would calculate the LTV based on margin, but depending on the 

circumstances, net sales or sometimes even gross sales may be used.

Churn and Customer Lifetime Value
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The general equation for calculating LTV consists of the following 

components:



 Period—You should define a period for churn rate and revenue, and it 

should be the same for both. If your churn rate has a monthly basis, then 

your average revenue has to be monthly too. Check out our Intro to Churn 

blog post for more details.



 ARPU—average revenue per user (customer). This should be calculated 

per the same period as the churn rate. For example, if we have a monthly 

churn rate, then we can calculate the ARPU as revenue for the month / 

users for the month. If you have an individual churn rate for each customer, 

then you can calculate the ARPU separately for each customer to be more 

accurate. To do this, you can divide historical customer revenue by the 

tenure of the customer (tenure = last date - first date, as defined in part 1 

of this series). Make sure that you have the same period here. For a 

monthly churn rate and tenure measured in days, you would have to 

multiply your average revenue by 30 days. Beware of the cold start 

problem when you are dealing with a customer-level calculation. In the 

case of a new customer with a short tenure (e.g. two orders with a few 

days between them), your denominator will be too small, which can lead to 

a huge ARPU value. In such cases, you can change it with the average 

values for such types of customers.



 MR—margin rate, which is roughly margin / revenue.

◉

◉

◉
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◉

◉

◉

 Life Span—an expected (future) lifespan for your customers (i.e. how 

many periods you expect them to stay with you). The formula for the 

geometric distribution mean can help us here. The churn of a customer 

follows geometric distribution—a customer is “alive” until they churn out. 

At each point in time, a customer will churn out with a certain probability. 

The impactful assumption here is that a customer will have the same churn 

probability over time. If that’s true, we can apply the formula of the mean 

for geometric distribution, which will be the average lifetime period for a 

customer if we use churn probability.



 CR—churn rate for the period.



 DR—A discount rate is a cost of capital to discount the future cash flows 

to the current period. It is often ignored in LTV calculations, but to be more 

accurate, you can add it as a correction to the Life Span.

LifeSpan
1 - CR
CR=

LifeSpan (discounted)
1 - CR

CR + DR=

LTV ARPU * MR * LifeSpan=
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Why it is valuable to apply the LTV approach to your business:


 It allows you to view your customers as quantifiable assets.



 It allows you to track the impact of your actions on LTV over time.



 It provides an estimation of how much marketing money you can afford 

to spend.



 It helps management to focus on long-term relations with customers 

instead of only attracting customers through cheap channels that pay off 

in the first month.



 It allows you to perform customer segmentation based on their 

expected values—not only on their current values.



 It can be used to calculate more accurate unit economics.

◉

◉

◉

◉

◉

◉
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Now that we’ve seen how we can calculate churn at the business level, let’s 

look at how we can predict churn rate on an individual customer level. 

There are three different models that we can use for this

 Statistical models such as Pareto/NBD, BD/NBD and Gamma-gamm

 Survival analysi

 Machine learning



Let's try out these three models on the open dataset from Kaggle’s WSDM 

- KKBox's Churn Prediction Challenge. The full code is available in the 

Jupyter notebook. In this dataset, we have users of the KKBOX music 

streaming service along with their attributes, transaction histories and 

churn label (whether a customer will churn out in the next 30 days). 


Due to the nature of the business, customers can put subscriptions on 

pause or change subscription intervals, which makes this dataset both 

contractual and non-contractual simultaneously. This means that a 

customer who puts a subscription on pause doesn't necessarily churn out, 

unlike the situation in telecom.



The dataset contains three tables of interest to us:



1. Members—information about customers, such as gender, age, etc.


2. Train—churn label for each customer.


3. Transactions—historical transactions with dates, subscription plans, etc.

Models for predicting churn
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Firstly, let's attempt to estimate churn probability purely based on recency 

(how many days since we last saw a customer). To do this, we will choose a 

particular date (e.g. 12/31/2016) and all the customers who purchased on 

this date (cohort). Then for each following day, we will plot the proportion 

of churned customers out of this cohort of customers who haven’t made a 

purchase yet. Such a plot will show us an error of churn definition based on 

how many days we didn't see the customer. For example, what would be 

our average false positive rate if we define churn as 45 days of inactivity?



For this dataset, it looks like 30 days is a perfect value to mark such a 

customer as churned. In this particular case, it is due to the nature of the 

dataset (we have active customers who all made purchases in March 2017, 

instead of customers who made purchases at any time). At any rate, this 

type of graph could be a useful tool to explore your customers. 
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Now, let's get into actual churn modeling with our first type of model: 

Pareto/NBD.


We will use a great library with the implementation of such models called 

lifetimes.



To fit such a statistical model, we only need three features:



 A number of orders.



 Tenure (the difference between the current date and first transaction 

date).



 Recency (the difference between the last and the first transaction 

dates). This is confusing because recency is commonly defined as the 

current date minus the last transaction date, but let's stick with the library’s 

terminology.



Firstly, let's take a look at the capacity of statistical models to provide 

exploratory insights.


Once we have fitted the model, we can have the estimation of a number of 

future purchases for the next 1 unit of time (in our case, it's one month). We 

can see that the most valuable customers are the oldest ones (high 

recenсy, using the lifetimes package’s definition) who make a lot of 

purchases (high frequency). 


◉

◉

◉

Pareto/NBD
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This is a somewhat obvious result, but what’s valuable is that now that 

relationship is quantified. For example, we can see that in the early stages, 

one purchase per month does not guarantee that customers will continue 

to buy. In the later stages (customers for 1-2 years), they are still valuable 

customers even if they buy once every two months.
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Now let's calculate four metrics to evaluate the model's prediction 

performance:



- ROC AUC—This is the most commonly used performance metric for 

binary classification. The value 0.5 means prediction is absolutely random. 

1.0 means an ideal prediction.



- Log Loss—This metric allows us to evaluate not only the correctness of a 

binary prediction (churn or not) but also the proximity of probability 

estimation. In other words, if the actual churn probability for some 

customers is 0.8 and our model tells us that it's 0.3, from a ROC AUC 

perspective, it can be still a perfect model (it doesn't care how far we are 

from the actual probability until we have a good threshold value to separate 

classes). But from a Log Loss perspective, it is a bad model. The lower the 

value, the better. The ideal value is 0 without a top boundary. A good way to 

understand whether the value is good or not is to compare it with random 

guesses.



- ROC and Precision-Recall Curves—These are similar to ROC AUC but 

provide a visual sense of the model quality.



- Calibration Curve—This curve shows us how far our probability 

estimations are from actual churn probabilities.
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This time, for prediction purposes, we will use the Pareto/NBD model. It is 

more accurate but takes more time to train.



The results are quite good, especially considering the fact that we only 

used three features. The ROC AUC is 0.77, which is definitely not random. 

But as we can see, the Log Loss is pretty high, which means that this model 

has difficulties with churn probability estimation. Such estimations are 

crucial for LTV prediction.


Test ROC AUC: 0.774217

Test Log Loss: 0.454669

Baseline (random) Log Loss: 0.242448
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Pros:



Cons:



◉

◉

◉

◉

◉

◉

 Statistically or scientifically justified model.



 Provides good out-of-the-box fit for your data. Accurate on average for 

all customers.



 Provides tools to explain your customers’ behavior. Once the parameters 

of the model are estimated, we can use them to evaluate the customer 

lifecycle metrics.



 Works well for non-contractual businesses.



 Hard to add new features to the model. The common features are 

frequency, recency and monetary value, which are usually the most 

important factors. However, if you need to add something on top of that, 

you would need to add them as covariates to the model.



 While good for average estimations, these models do not show top-tier 

accuracy on the individual level.


Pros and Cons of Pareto/NBD
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Our second approach is to use survival analysis, which is good for 

contractual businesses.


There is another Python library by the same author called LifeLines.


Again, let's see how such an analysis can help us during the exploration 

phase. We can plot Kaplan-Meier survival curves to see how survival (1 - 

churn) probability depends on customer tenure.

Such curves give us an ability to compare different groups of customers 

and thus evaluate whether some feature affects churn probability or not.


For example, we can see that auto\_renew is dramatically reducing churn 

chances.

Survival Analysis
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Also, we can see that there are three groups of payment methods that 

significantly affect churn probability. For the business, this suggests that 

there is considerable value in convincing customers to use one payment 

method over another.
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Now let's train our survival model using the payment method and tenure 

features.



The ROC AUC is relatively similar to that of the Pareto/NBD model (0.76), 

but the Log Loss is much better. Still, 0.31 is too high. Generally, it's a good 

model, but again, it is prone to similar challenges when evaluating actual 

churn probabilities.

Test ROC AUC: 0.762221

Test Log Loss: 0.31405

Baseline (random) Log Loss: 0.242448
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Pros and Cons of Survival Analysis

Machine Learning Approach

Pros:



Cons:



Rather than predicting churn probability, survival analysis predicts when the 

customer will drop out.


Contains handy tools such as the Kaplan-Meier survival curve, which 

provides a general overview of customers’ churn.


Easy to add covariates (additional features, such as gender or any other).


Provides a feature selection technique through the model’s coefficient 

confidence intervals.


Works well for contractual businesses.



Does not apply well to non-contractual businesses.


Now let's beat our problem with a multi-purpose hammer: machine learning.


Let's use the Random Forest method with the same features we used in the 

survival model. 



Even with the same features, it shows much better performance: The ROC 

AUC is 0.80, while the Log Loss is 0.20. Finally, we have a model with better 

churn probability estimation than random guessing.
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Additionally, we can easily see the relative importance of features, which 

can help to confidently drive business decisions.

Importance

payment_method_chunk_3 0.546152

payment method chunk 4 0.200500

tenure 0.199514

payment_method_chunk_2 0.053834

precision recall 11-score support

0.0 0.94 1.00 0.97 163902

1.0 0.53 0.04 0.08 11531

accuracy 0.93 175433

macro avg 0.73 0.52 0.52 175433

weighted avg 0.91 0.93 0.91 175433

Test Overall ROC AUC: 0.805192, Log Loss: 0.195924, Baseline Log Loss: 0.242448
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But what if we use more features, such as a number of orders, recency 

and is\_auto\_renew?
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The result is even better. The ROC AUC becomes 0.85, while the Log Loss 

becomes 0.17. At this point, we already have a model that may be good 

enough to implement, and it should help us to predict customer churn rates 

much better than some rule-based models.
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Test ROC AUC: 0.848346


Test Log Loss: 0.175858


[[163107         795]


[     9712         1819]
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Pros and Cons of Machine Learning

Conclusion

Pros:



Cons:



Easy to implement any business-specific feature.


Applicable for both contractual and non-contractual business models


Elaborated quality metrics


Works well for individual-level predictions.



For a non-contractual setup, it requires a churn definition, which may be 

artificial and subjective.


In this article, we compared different approaches to churn modeling, 

describing their pros and cons. Statistical models and survival analysis are 

valuable for data exploration and better understanding your customers. 

Meanwhile, machine learning models are often better in terms of flexibility, 

accuracy metrics and churn probability estimation. 


With that said, churn prediction is always about how well you understand 

your customers, so it’s useful to analyze them from different angles. 

Sometimes, the simple model is good enough. Other times, you may need 

some advanced tricks to reach the desired accuracy.
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I’d like to stress that the material covered in this article is just an 

introduction to churn prediction, and individual needs will vary by use case. 

Through years of experience, we at Plytrix have developed considerable 

expertise both in creating effective churn models and enabling businesses 

to execute churn reduction strategies using those models. 


No matter what your case is, we are happy to discuss your needs and assist 

in those efforts. You can book a free discovery call through the links below.

Ready to get started?
Learn how we can help to make your


products and services better, improve customer

experiences, empower your team, and more.

Schedule a call

Discover more
Join our mailing list and stay up to date for


our upcoming blog posts, podcasts and 

other ebooks that helps your business.

Subscribe newslettter
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