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2 ABSTRACT 

In this work, the methods of mathematical statistics and machine learning are used to divide 

Jetbrains clients into several groups with similar purchase patterns. Several natural factors are 

used alongside with an artificially created factor to launch a KMeans algorithm. Hierarchical 
clusterization method is used to determine the approximate number of clusters. 

Keywords: mathematical statistics, machine learning, clusterization, KMeans, Hierarchical 
Clusterization 

  



 
 

3 INTRODUCTION 

Dividing clients into different groups is a common method of organizing research and marketing 
strategies in commercial companies. 

The aim of this study is to create the formulated earlier client groups and interpret their behavior 
by solving a typical machine learning problem - clusterization. 

4 PROBLEM STATEMENT 

Having a dataset of all clients’ transactions for 2009-2015 years divide Jetbrains clients into groups 

with similar purchase patterns. 

  



 
 

5 APPROACH 

There are four logical steps in the work: 

1. Formulate factors 

2. Compute factor values 

3. Launch KMeans algorithm 
4. Interpret the results 

5.1 FORMULATING FACTORS 
Firstly, I decided to use two obviously informative factors of client’s behavior: “Products number” 

being the number of products a client has bought in total and “Amount spent in USD” being the total 

sum of money client has spent on purchasing/renewing product licenses. 

Secondly, I added a “sale part” factor that is calculated as follows: 

𝑡𝑜𝑡𝑎𝑙 𝑚𝑜𝑛𝑒𝑦 𝑠𝑎𝑣𝑒𝑑 𝑓𝑟𝑜𝑚 𝑝𝑢𝑟𝑐𝑎𝑠𝑖𝑛𝑔 𝑎 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑑𝑢𝑟𝑖𝑛𝑔 𝑎 𝑠𝑎𝑙𝑒

𝑡𝑜𝑡𝑎𝑙 𝑚𝑜𝑛𝑒𝑦 𝑠𝑝𝑒𝑛𝑡 𝑜𝑛 𝑝𝑢𝑟𝑐𝑎𝑠𝑖𝑛𝑔 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑙𝑖𝑐𝑒𝑛𝑠𝑒𝑠
 

The goal of this factor is to mark out clients who tend to purchase products on sales rather than at 
usual occasion or not to purchase a product for full price at all. 

Thirdly, none of these factors shows, arguably, the most important clients’ behavior pattern – 

regularly and continually renewing products licenses. This is the main aspect of Jetbrain’s income, 

because the “Renew” price is approximately 60% of the product initial price. Thus, a customer who 

regularly renews a certain products is likely to product a lot more revenue than someone who 

purchases different products with few renews. For that reason I created an artificial factor called 

“Loyalty” that is calculated as follows: 

𝑙𝑜𝑦𝑎𝑙𝑡𝑦 =  𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑙𝑜𝑦𝑎𝑙𝑡𝑦(i-th product)

#𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠

𝑖

 

 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑙𝑜𝑎𝑦𝑙𝑡𝑦 = 𝑁2 

 𝑁 – number of 𝑁𝑒𝑤, 𝑈𝑝𝑔𝑟𝑎𝑑𝑒 or 𝑅𝑒𝑛𝑒𝑤 operation for a 
specific product. 
 

In total, we have four factors: 

1. Products number 

2. Amount spent in USD 

3. Sale part 
4. Loyalty 



 
 

5.2 CALCULATING FACTOR VALUES 
The data for the research was a list of consumers’ transactions with following information: 

 Customer.Code – a unique customer ID 

 Item.Product.Name – name of the product 

 Subscription.Type – name of the subscription type of license used in transaction 

 Purchase.License.Type – name of the license type 

 Offer.Name – name of the offer used during transaction 

 Discount.in.USD – discount summary in US dollars 

 Purchase.Amount.in.USD – total money involved in the transaction 

 Order.Placed.Date – the date when order was placed 

 License.Quantity – the number of licenses used in transaction 

 Country – one of 198 countries where transaction took place(clients’ current occupation 
place) 

The operations on data were done using LiteSQL library for R programming language (sqldf). 

“Products number” and “Amount spent in USD” were calculated after a single primitive SQL query 

with ‘GROUP BY Customer_Code’ suffix. 

“Sale part” was calculated by first calculating the sum of Discount amount in USD, then by dividing 
it on sum of  Purchase amount in USD with ‘WHERE Purchase.License.Type = New’. 

“Loyalty” was the computationally the hardest factor. Doing an SQL query in R takes some time to 

create a virtual SQL database and transfer data between it and the R data storage, so every SQL 

query launch has a large O(1) constant and a fairly less O(n*m) constant. Making a single query for 

all the customers (228k in total) would be devastating in time. 

The approach used was to sort the dataset by “Customer_Code” column, then split it into a list of 

dataframes with same “Customer_Code” value – NlogN*M time. For every split part (2 rows on 

average) do the same with “Item.product.name” column and then for each split part calculate the 

row number, then sum in up for all products. In total it is still O(N*logN*M) time because of few 
operations numbers for a specific customer on average. 

5.3 CLUSTERIZATION PROCESS 
The clusterization algorithm used is KMeans[1]. It initializes centers in random point of geometrical 

space. Then it matches each object to the nearest cluster. For all the clusters, centers are 
recalculated as mass centers of new objects distributions. 

The first task is to determine the number of clusters to begin with.  There are several heuristics on 

this;however, the most reliable one is the ability to interpret the result and overall cluster stability. 

Hierarchical clusterization[2] was used to look at the dendogram which can help to determine 

cluster number. The algorithm at first matches each object to its individual cluster, then after each 

iteration, it joins two closest clusters. Consequently, there is only one cluster in the end. Large 
cluster, which are at first created, then joined, can be interpret as real clusters. 

 



 
 

 

 

 

On the picture, I assumed four clusters and it ended up being a solid decision. 

5.4 TEMPORAL CLUSTER NETWORK AND THE CUSTOMER LIFECYCLE 
There is a serious issue with the current factor choice. All of them are highly dependent on the 

customer’s “age” as the number of years customer is registered. For example, having 100$ in total 

spent for a 1-year-old customer vs. same 100$ for a 10-year-old customer is not similar behavior 

but actually the opposite. Thus, the initial clusterization problem statement is not reasonable. After 
that thought I created a new model of clusterization with impressive results. 

I decided to take all customers’ first year of being registered at Jetbrains and corresponding 

operations, first two years, three years and so on, and do the clusterization process I did before for 

every new dataset. Not only such approach lead to a much more adequate theoretical logic, but it 

also produced an interesting substance, which can be called “Customer lifecycle”. It is a list of 

clusters, which a customer has been matched to year-wise. We can observe how customer’s overall 

loyalty and revenue for company potential changes throughout the years and use that information. 

An example of customer travel can be found on the picture below. 



 
 

 

The percents show relative sizes of the clusters. An example of a clusterization can be found on the 
picture below: 

 

These are four centers, they are ordered by “Loyalty_value”. This way the higher cluster number (1 

to 4) – the more beneficial cluster is for the company. 

Using the network, we can now analyze how do customers transfer between clusters statistically. 

For each pair of adjacent years I’ve built a matrix, where a[i,j] is number of customer, who went 

from ith cluster from previous year to jth cluster the next year. An example of such matrix is show 

on the picture below: 

 

 

 

 



 
 

 

The numbers in the parentheses  are “amount spent” value of the middle of the cluster. This is done 

to demonstrate, which actual changes does this transfer do to company’s income. I have calculated 

that every year potentially from 1 million to 3 million USD is lost due to customers moving to lower 

cluster, compared to expected income. Thus, I believe that this process should be studied to try to 

understand what causes such an effect. 

An easy conclusion shows that people usually preserve their cluster, whichis absolutely reasonable, 

however sometime there are drastic changes.   

6 RESULTS 

For every cluster and every year various graphs and histograms were plotted to analyze which 

clusters are largest, which are most profitable, which kinds of products people tend to use in those 
clusters and how does it change throughout the lifecycle. 

The result interpretation is however not a part of my paper because it is marketologists’ work to 

analyze those graphs. This paper was presented to Jetbrains analyst team and in the near future in 

collaboration we are going to apply the output to find new patterns and Increase Company’s 

income. 



 
 

7 TECHNOLOGY 

7.1 PROGRAMMING LANGUAGE AND ENVIRONMENT 
The whole work was done on a scripting programming language R. 

The GUI for the coding wasRstudio. 

7.2 PLUGINS AND LIBRARIES 
Main library used was sqldf for LiteSQL functionalitiy on R dataframes. Also some machine learning 
libraries and graph libraries were used: 

 stats 

 ggplot2 

 scatterplot3d 

 amap 

8 FURTHER RESEARCH 

With achieved resultsthere are several researches which can be done on the basis of this paper. 

First idea is to analyze the groups of customers, changing cluster together. With large size of the 
group, it can not be a random event, there should be some kind of pattern. 

Second idea is to create a classificator (most likely Bayesian) to warn person’s movement to 

another cluster. The factors for this task are not yet obvious so it shall be a full difficult problem to 
solve. 

I am going to confront these problems during my Jetbrain summer internship. 
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