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foreword


  This book is a rarity. Although it’s intended primarily for technically oriented people with some familiarity with coding and data, it also happens to be lucid, compelling, and occasionally even (gasp!) funny. The first chapter in particular should be mandatory reading for anyone who’s interested in running a successful subscription-based business. Buy a copy for your boss.


  It’s exciting to think about all the different companies that will benefit from the sharp analysis in these pages. Data folks from all sectors of the global economy, from streaming-media services to industrial manufacturers, will be paying close attention to Carl’s book. Today, the whole world runs “as a service”: transportation, education, media, health care, software, retail, manufacturing, you name it.


  All these new digital services are generating vast amounts of data, resulting in a huge signal-to-noise challenge, which is why this book is so important. I study this topic for a living, and no one has written such a practical and authoritative guide to effectively filtering through all that information to reduce churn and keep subscribers happy. When it comes to running a subscription business, churn rates are a matter of life and death!


  Thousands of entrepreneurs are already deeply familiar with Carl Gold’s work. He is the author of the Subscription Economy Index, a biannual benchmark study that reflects the growth metrics of hundreds of subscription companies spread across a variety of industries. As Zuora’s chief data scientist, Carl works with the most timely and accurate dataset in the subscription economy. He’s a big part of why Zuora is not only a successful software company but also a respected thought leader.


  If you’re reading this book, you will soon have the ability to make immediate and material contributions to the success of your company. But as Carl discusses extensively throughout the book, it’s not enough to do the analysis; you also need to be able to communicate your results to the business at large.


  So by all means, use this book to learn how to conduct the proper analysis, but also use it to learn how to share, execute, and basically excel at your job. There are examples and case studies and tips and benchmarks galore. How lucky are we? We get to work in the early days of the subscription economy, and we get to read the first landmark book on churn.


  --Tien Tzuo, founder and CEO, Zuora


  
preface


  Customer churn (cancelations) and engagement are life-and-death issues for every company that offers an online product or service. Coinciding with the wide adoption of data science and analytics, it is now standard to call in data professionals to help in the effort to reduce churn. But understanding churn has many challenges and pitfalls not common to other data applications, and until now, there has not been a book to help a data professional (or student) get started in this area.


  Over the past six years, I have worked on churn for dozens of products and services, and served as the chief data scientist at a company called Zuora. Zuora provides a platform for subscription companies to manage their products, operations, and finances, and you will see some Zuora customers in case studies throughout the book. During that time, I experimented with different ways to analyze churn and feed the results back to people at companies that were fighting churn. The truth is that I made a lot of mistakes in the early years, and I was inspired to write this book to save other people from making the same mistakes that I made.


  The book is written from the point of view of a data person: whoever is expected to take the raw data and come up with useful findings to help in the fight against churn. That person may have the title of data scientist, data analyst, or machine learning engineer. Or they may be someone else who knows a bit about data and code and is being asked to fill those shoes. The book uses Python and SQL, so it does assume that the data person is a coder. Although I advocate spreadsheets for presentation and sharing data (as I detail in the book), I do not recommend attempting the main analytic tasks of churn fighting in spreadsheets: many tasks must be performed in sequence, and some of these tasks are nontrivial. Also, there is a need to “rinse and repeat” the process multiple times. That kind of workflow is well suited to short programs but difficult in spreadsheets and graphical tools.


  Because the book is written for a data person, it does not go into details on the churn-reducing actions that products and services can take. So this book does not contain details on how to do things like run email and call campaigns, create churn-save playbooks, and design pricing and packaging. Instead, this book is strategic in that it teaches a data-driven approach to devising your battle plan against churn: picking which churn-reducing activities to pursue, which customers to target, and what kinds of results to expect. That said, I will introduce various churn-reducing tactics at a high level as is necessary to understand the context for using the data.
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about this book


  This book was written to enable anyone with a little background in coding and data to make a game-changing analysis of customer churn for an online product or service. And if you are experienced in programming and data analysis, the book contains tips and tricks for churn and customer engagement that you won’t find anywhere else.


  
Who should read this book


  The primary audience for this book is data scientists, data analysts, and machine learning engineers. You will want this book when you are tasked with helping understand and fight churn for an online product or service. Also, the book is absolutely suitable for students of computer science and data science, or anyone who knows how to code and wants to learn more about an important area of data science at a typical modern company. Because the book begins with raw data and provides the necessary background on every analytic task described, it reads as a complete hands-on course in data science, taught on a consistent project: analyzing churn for a small company. (A sample dataset is provided.)


  That said, chapters 8 and 9 in part 3 of the book, on forecasting and machine learning for churn, may entail a steep learning curve for someone who does not have some experience on the subjects it covers. If you don’t have that background, I think you can still learn everything you need to know in chapters 8 and 9, but you may have to spend extra time to read some of the recommended online resources.


  This book should also be read by noncoding business professionals. The book includes a unique set of case study observations about churn at real companies. The book explains the data typically available for analyzing churn, the practices used to turn that data into actionable intelligence, and the most typical findings. One emphasis of the book is how to communicate data results to businesspeople; consequently, all the important takeaways are explained in plain English (no jargon!). So if you care about churn but aren’t a coder, you should skim the book for the takeaways (clearly labeled) and skip the coding and math. Then share the book with one of your developers to get help putting the concepts into action.


  




How this book is organized: A road map


  The book is organized to take you step-by-step through a specific process: the process a data person at an online company should go through when they harness raw data to drive the fight against churn. As such, the book is best read in order, chapter by chapter. That said, the material in the book is front-loaded in the following two senses:


  
    	
      In every chapter, the most important topics are taught first, and details about less common scenarios come at the end of the chapter.

    


    	
      The most important lessons come in the earliest chapters, and the topics in later chapters are more specialized.

    

  


  So if you find yourself near the end of a chapter that doesn’t seem to be relevant to your scenario, there usually is no harm in skipping to the next chapter. Also, if you are pressed for time and need to master the basics, you can try to take one of these abbreviated reading paths:


  
    	
      To get the foundations, read chapters 1-3 plus section 4.5, which corresponds to reading almost all of part 1 (skipping all but one section of chapter 4).

    


    	
      To get an advanced course without the most specialized subjects, read chapters 1-7, which corresponds to reading parts 1 and 2.

    

  


  More details on these abbreviated courses of reading and how to apply the learnings are given in chapter 11.


  The book is divided into three parts. Part 1 explains what churn is and how to measure it, what data companies typically have available to help them understand and reduce churn, and how to prepare the data to make it useful:


  
    	
      Chapter 1 is a general introduction to the field and includes an introduction to the case studies, highlighting the type of intelligence the book will help you achieve for your own product and service.

    


    	
      Chapter 2 explains how to identify churned customers and measure churn in a variety of ways. SQL code begins in this chapter.

    


    	
      Chapter 3 introduces the creation of customer metrics from the event data that most online companies collect about their users.

    


    	
      Chapter 4 explains how to combine the churn data from chapter 2 with the metrics from chapter 3 to create an analytic dataset for understanding and fighting churn.

    

  


  Part 2, which contains the core techniques in the book, is devoted to understanding how customer behavior relates to churn and retention and using that knowledge to drive churn-reducing strategies:


  
    	
      Chapter 5 teaches a form of cohort analysis, which is the primary method for understanding and explaining the relationship between behaviors and churn. Chapter 5 also includes many case study examples, and the code is in Python.

    


    	
      Chapter 6 looks at how to deal with data that is big in an undesirable way: most company datasets have closely related measurements of the same underlying behavior. How you deal with this somewhat-redundant information is important.

    


    	
      Chapter 7 returns to the subject of metric creation and uses the information from chapters 5 and 6 to design advanced metrics, which help explain complex customer behaviors such as price sensitivity and efficiency.

    

  


  Part 3 covers forecasting with regression and machine learning. When it comes to reducing churn, forecasting is less important than having a good set of metrics, but it can still be useful, and some special techniques are needed to get it right:


  
    	
      Chapter 8 teaches how to forecast customer churn probabilities with a regression and how to interpret the results of those forecasts, including calculating customer lifetime value.

    


    	
      Chapter 9 is about machine learning and measuring and optimizing the accuracy of churn forecasts.

    


    	
      Chapter 10 covers analyzing demographic or firmographic data in the context of churn and finding lookalikes for your best customers.

    

  


  Most readers should start at the beginning and read parts 1 and 2. If, after learning and applying those techniques, you need to make forecasts or find lookalike customers, continue to part 3. If you are already using advanced analytics, you may be able to skip part 1 and start in part 2 and/or 3. For purposes of this book, being advanced in analytics means that you already have a good set of customer metrics and can identify and measure churned customers. Otherwise, start with part 1.


  
About the code


  The book contains code listings in SQL and Python. Each listing represents one small step in the process of preparing data, understanding why customers churn, and reducing churn:


  
    	
      All the code from the book is available in the author’s GitHub repository at https://github.com/carl24k/fight-churn.

    


    	
      The GitHub repository also provides a Python wrapper program to run both SQL and Python listings. That program is the recommended way to run the code.

    


    	
      The book contains examples you can run on a simulated set of customer data, designed to look like the data that would be generated by users of a small online service: a social network with 10,000 customers.

    


    	
      The README file of the GitHub repository contains instructions for setting up the programming environment and running the simulation to create the sample data for the examples.

    

  


  




liveBook discussion forum


  The purchase of Fighting Chum with Data: The Science and Strategy of Keeping Your Customers includes free access to a private web forum run by Manning Publications, where you can make comments about the book, ask technical questions, and receive help from the author and from other users. To access the forum, go to https://livebook .manning.com/#!/book/fighting-chum-with-data/discussion. You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/#!/discussion.


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest that you try asking him some challenging questions, lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
Other online resources


  I maintain a website, https://fightchurnwithdata.com, that hosts my blog and links to other resources and information.
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about the cover illustration
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  Dress codes have changed since then, and the diversity by region, so rich at the time, has faded away. It is now hard to tell apart the inhabitants of different continents, let alone different towns or regions. Perhaps we have traded cultural diversity for a more varied personal life--certainly for a more varied and fast-paced technological life.


  At a time when it is hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by pictures from collections such as this one.


  
    
Part 1. Building your arsenal

  


  Before you can fight churn with data, you need to prepare the data. Knowledge is going to be your weapon in the fight against churn, but for most products and services, the raw data is useless. Although you will never stop building and honing your data, this part teaches you how to lay the foundations. The goal of this part is to show you how to accomplish a few foundational tasks: measuring churn, creating metrics for your customers, and combining your customer data into datasets for performing further analysis and sharing with your business colleagues.


  Chapter 1 contains background information about the industry of online products and services. This chapter also introduces the company case studies and demonstrates the type of results the book will teach you to create. Finally, the first chapter introduces the simulated data case study that will be used in examples throughout the book.


  Chapter 2 teaches the calculation of churn rates using SQL. This skill is necessary so you can measure churn properly before starting to fight it. This chapter also lays the foundation for some advanced SQL techniques later in the book.


  Chapter 3 is the first chapter on the calculation of customer metrics, which is one of the main themes of the book. As you will see, carefully designed customer metrics are the main weapon you will use in the fight against churn.


  Chapter 4 introduces the concept of a dataset and shows you how to create a dataset for understanding churn from your own raw data. This chapter combines the techniques from chapters 2 and 3 and is the foundation for the techniques in part 2.


  
    
1 The world of churn

  


  What is churn? Why do we fight it? And how can data help? In short, why are you reading this book? If you are reading this book, you are probably


  
    	
      A data analyst, data scientist, or machine learning engineer

    


    	
      Working for an organization that offers a product or service with repeat customers or users

    

  


  Or maybe you are studying to get one of those jobs or filling such a role even though it’s not your job.


  Such services are often sold by subscription, but your organization does not need to sell subscriptions in order to take advantage of this book. All you need is a product with repeat customers or users and a desire to keep them coming back. This book teaches a lot of techniques related to subscriptions, but in every case, I show how the same concepts apply to retail and other nonsubscription scenarios.


  To get the most out of this book, you should have a background in data analysis and programming. If that is you, then get ready for a game-changing breakthrough in the way you think about customers and data. This is not your usual book about data analysis and data science because, as you will learn, the usual approach doesn’t work for churn. But you don’t need a degree in data science to take advantage of this book: I will review enough of the basics so that anyone with a little programming experience can get great results. With that in mind, I refer to you, the reader, as a data person because this book is written from the point of view of the person who works with the data. That said, this book is packed with business insights from real-world case studies, so even if you don’t program, you can still get a lot from reading the book and then give the book to your developer when it comes time to put theory into practice. This book provides a hands-on approach to the subjects of churn and data.


  If you work with an organization that offers a live service, you probably know all about churn and want to get on with the fight to prevent it. But I need to provide context for those who are just starting out; and even if you already know about churn, I need to dispel a few common misconceptions before we begin.


  This chapter is organized as follows:


  
    	
      Sections 1.1-1.3 provide the context for the rest of the book: what churn is, how to fight it, why fighting churn is hard, and why I have selected the topics for the book.

    


    	
      Sections 1.4-1.6 make the theory concrete. I describe the business contexts where these strategies apply and what data different companies have to work with.

    


    	
      Sections 1.7-1.8 bring the theory to life by looking at case studies that are featured throughout the book. By the end of the book, you will be ready to create those kinds of results for your own product or service.

    

  


  
1.1 Why you are reading this book


  A primary goal for any service is to grow by adding customers or users through marketing and sales. (This is true for both for-profit and nonprofit enterprises.) When customers leave, it counteracts the company’s growth and can even lead to contraction.


  DEFINITION Churn —When a customer quits using a service or cancels their subscription.


  Most service providers focus on acquisitions. But to be successful, a service must also work to minimize churn. If churn is not addressed in an ongoing, proactive way, the product or service won’t reach its full potential.


  The word churn originated with the term churn rate, which refers to the proportion of customers departing in a given period, as we will discuss in more detail later. This leads to the customer or user population changing over time, which is why the term churn makes sense. The word originally meant “to move about vigorously” (as in churning butter). In the business context, churn is now used as both a verb—“the customer is churning” or “the customer churned”—and as a noun—“the customer is a churn” or “make a report on last quarter’s churns.”


  Customers not churning from a service can also be framed in a positive sense, if you prefer to see the glass as half full. In that case, people talk about customer retention.


  DEFINITION Customer retention —Keeping customers using a service and renewing their subscriptions (if there are subscriptions). Customer retention is the opposite of churn.


  Reducing churn is equivalent to increasing customer retention, and the terms are interchangeable to a large degree. When a goal is stated as retaining more customers longer, then in addition to saving customers who are at risk of churning, there should also be a focus on keeping customers engaged. There is even the possibility of upselling the most engaged customers more advanced versions of the service, typically for more money. Saving churns, increasing engagement, and upsells are all important goals for services with repeated customer interactions. The difference between these is a matter of focus and not a difference in the intention.


  TAKEAWAY Despite the wide variety of products and services with repeat customers, there is a single set of techniques for using data to fight churn and increase engagement, retention, and upsell.


  This book gives you the skills to address engagement and upsells and to fight churn effectively using data in any kind of recurring user interaction scenario.


  
1.1.1 The typical churn scenario


  If you work in an organization that creates a subscription product, your situation probably looks something like the one shown in the top of figure 1.1. The key ingredients are as follows:


  
    	
      A product or service is offered and used on a recurring basis.

    


    	
      Customers interact with the product.

    


    	
      Customers may have subscriptions to receive the product or service. Subscriptions often (but not always) cost money.

    


    	
      Subscriptions can be ended or canceled, which is known as churn. If there are no subscriptions, a customer churns when they stop using the product.

    


    	
      The timing, prices, and payments for the customers and subscriptions (if any) are captured in a database, typically a transactional database.

    


    	
      When customers use or interact with the product or service, these events are often tracked and stored in a data warehouse.

    

  


  In section 1.4, we’ll look at a wide variety of products that fit this description. If your scenario is not quite like this but has some of the elements, that’s fine. As described in section 1.5, the techniques in this book also apply to related situations. What is described is simply the most common situation.


  Throughout the book, I interchange the terms subscriber, customer, and user. These have slightly different connotations, but in general, the same ideas apply (a subscriber has a subscription, a customer pays, and a user may not do either but you still want them coming back). The techniques in this book apply regardless of your relationship with your customers. If I present an example using a persona that is not relevant to you, then you should mentally substitute one that is appropriate for your product.


  
1.1.2 What this book is about


  Figure 1.1 shows how the techniques in this book work together. The following describes each step in the process:


  
    	
      Churn measurement —Uses subscription data to identify churns and create churn metrics. The churn rate is an example of a churn metric. The subscription database also allows identification of customers who churned and who renewed and exactly when they did; this data is needed for further analysis.

    


    	
      Behavioral measurement —Uses the event data warehouse to create behavioral metrics that summarize the events pertaining to each subscriber. Creating behavioral metrics is a crucial step that allows the events in the data warehouse to be interpreted.

    


    	
      Churn analysis —Uses behavioral metrics for identified churns and renewals. The churn analysis identifies which subscriber behaviors are predictive of renewal and which are predictive of churn and can create a churn risk prediction for every subscriber.


      At this stage, sources of information in addition to the subscriber database and event data warehouse can also be brought into the analysis (not shown in figure 1.1). These include demographic information about customers or users who are individual consumers (age, education, etc.) and firmographic information about subscribers that are businesses (industry, number of employees, etc.).

    

  


  [image: ]


  Figure 1.1 Mental model for fighting churn with data


  
    	
      Segmentation —Based on their characteristics and risks, divides customers into groups or segments that combine aspects of their risk level, their behaviors, and any other significant characteristics. These segments target customers for interventions designed to maximize subscriber lifetime and engagement with the service.

    


    	
      Intervention —Using the insights and subscriber segmentation rules derived from the churn analysis, plans and executes churn-reducing interventions, including email marketing, call campaigns, and training. Another long-term intervention makes changes to the product or service, and the information from the churn analysis is useful for this too.


      This is the crucial step that drives the desired outcome (growth!). More information about types of interventions begins in the next section and is provided throughout the book, but I cover interventions only in a general way. This is why figure 1.1 shows interventions as partly outside the scope of this book.

    

  


  I will refer back to figure 1.1 in each chapter to make it clear which part of the process the chapter covers.


  
1.2 Fighting churn


  One motivation for writing this book stems from the challenges of trying to reduce churn. That said, my motto is to underpromise and overdeliver. I will begin with warnings about how hard reducing churn can be. Later, I will show that the imperfect options available can still lead to a material impact on your churn and user engagement.


  
1.2.1 Interventions that reduce churn


  Companies use five main strategies to reduce churn. I summarize them here and will discuss them more throughout the book:


  
    	
      Product improvement —Product managers and engineers (for software) and producers, talent, and other content creators (for media) reduce churn by changing product features or content, which improves the utility or enjoyment that customers receive. This can include adding new features and content or repackaging to ensure that users find the best parts of the product or service. This is the primary, most direct method of reducing churn.


      Another (software) method is to increase stickiness, which roughly means modifying the product to increase the cost for a customer to switch to an alternative. Switching cost is increased by providing valuable features that are hard to reproduce or difficult to transfer from one system to another.

    


    	
      Engagement campaigns —Marketers reduce churn with mass communications that direct subscribers to the most popular content and features. This is more of an educational function for marketing than a traditional type of marketing. Remember, subscribers already have access and know what the service is like, so promises won’t help. Still, marketers often use this function because they are skilled in crafting effective mass communications.

    


    	
      One-on-one customer interactions —Customer success and support representatives prevent churn by making sure customers adopt the product and helping them if they can’t. Whereas Customer Support is the department that traditionally helps customers, Customer Success is a new, separate function in many organizations: it’s explicitly designed to be more proactive. Customer Support helps customers when the customers ask for help; Customer Success tries to detect customers who need help and reach out to them before they ask for it. Customer Success is also responsible for onboarding customers and making sure they do everything necessary to take advantage of the product.

    


    	
      Rightsizing pricing —The Sales department (if there is one) may be the last resort in stopping churn, assuming the service is not free. Account managers can reduce the price or change subscription terms, managing the process through which a customer can down-sell to a less expensive version. For consumer products without a Sales department, Customer Support representatives who have similar authority usually take on this role. A more proactive approach is to right-size sales in the first place: do a better job of selling the product version that is optimal for the customer rather than selling the most expensive version possible. This can hurt short-term gains from each sale; but if done correctly, it reduces churn and ultimately improves the lifetime value of the customer.

    


    	
      Targeting acquisitions —Different channels where you acquire customers may produce customers with different retention and churn quality. If that’s the case, it makes sense to focus on the best channels. Rather than trying to keep the customers you have longer, you try to find better customers to replace them. This is the least direct method to reduce churn and is limited because most products cannot get unlimited customers from their preferred channels. Still, it is an important tool, and you should take advantage of it if you can.

    

  


  All of these methods are most effective when they are data driven, meaning your organization picks the targets and tailors the tactics based on the correct reading of available data. Being data driven does not require that you have a certain amount or type of data or a particular technology. The emphasis in this book is on using the available data correctly, regardless of what type of product you work on or what type of intervention you ultimately employ to reduce churn.


  TAKEAWAY Being data driven when fighting churn means designing product changes, customer interventions, and acquisition strategies based on a sound reading of available data.


  One thing to note: interventions and service modifications are the final crucial step to achieving the goal of lower churn and longer retention. How to execute interventions is beyond the scope of this book, however. Unlike data analysis techniques, interventions to influence subscriber behavior are generally specific to the type of subscription service. There is no one-size-fits-all intervention. Also, in general, people other than the data person make those interventions (product designers or marketers, for example).


  TAKEAWAY There are some general principles for churn-reducing interventions, but these require customization for each product’s circumstances.


  The circumstances that shape interventions include not only the particular features of the product or content but also the technology and resources available for making the interventions. To give adequate coverage to interventions would be another book (or even a separate book per industry), and it would be a book aimed at business managers, not a technical book like this one. Interested readers should look for titles on “Customer Success” in the business section, or more specifically, under product design, marketing, customer support, and so on. The tools and techniques in this book will revolutionize your products’ performance in every one of those areas, but don’t expect the data person to do it all!


  
1.2.2 Why churn is hard to fight


  Now that you know the goal and the available strategies, I will introduce you to the difficulties you will face. These motivate my recommendations (in the next section) for how to use data to fight churn.


  Churn is hard to prevent


  The bad news is that people are (mostly) rational and self-interested, and your customers already know your product. In order to reduce churn long term, and in a reliable way, you have to either improve the value delivered by your product or reduce the cost. Remembering the last time you churned, what would have prevented you from churning? Better content and features? Maybe. A lower price? Perhaps. How about an improved user interface? Probably not, unless the user interface was terrible to begin with. And would more frequent email notifications about the product stop you from churning? Again, probably not, unless they contained information that you found valuable. (There’s that value word again!)


  To reduce churn, you need to increase value, but doing so is harder than getting people to sign up in the first place. Because your customers already know what the service is like, promises made by marketing or sales representatives won’t get much traction. As the data person, you may be asked for “silver bullets” to reduce churn, but here is the bad news.


  TAKEAWAY If a silver bullet means a low cost and reliable method, there are no silver bullets to reduce churn!


  In the words of the famous startup CEO and venture capitalist Ben Horowitz, “There are no silver bullets for this, only lead bullets.” He was talking about delivering competitive software features in his startup memoir, The Hard Thing About Hard Things (Harper Business, 2014), but I think this applies equally to fighting churn. It means there are usually no quick “once and done” fixes; you continuously have to do the hard work of increasing the value you provide to subscribers. I’m not saying simple fixes for problems with subscription services never exist. But these types of issues are usually addressed by people like product managers and content producers. When the service turns to a data person for help reducing churn, the low-hanging fruit have usually been picked already. If a data person does discover easy fixes, it is a sign that those who created the service have not been doing their jobs well. (It’s possible you will find easy fixes, but you shouldn’t.)


  The alternative, of course, is to reduce the cost of the service. But reducing the monetary cost is the nuclear option for a paid service; revenue churn or down sells may be better than a complete and total churn, but it’s still churn.


  WARNING Price reduction is a “diamond bullet” against churn: it always works, but you can’t afford it.


  As you will see in the next chapter, most services consider down sells just another form of churn.


  Predicting churn doesn’t work (well)


  Now let’s talk about the usual tool in the data scientists’ toolkit: prediction with a machine learning system. There are two reasons predicting churn doesn’t work well. First, and most important, predicting churn risk doesn’t help with most churn-reducing interventions. Because there is no such thing as a one-size-fits-all intervention, churn interventions need to be targeted based on factors other than the likelihood of churn. This is different from other areas like spam email or fraud detection where yes/no predictions tell you enough to choose an action. If you classify an email as spam, you put it in the spam folder—done! But if you predict a customer is at risk for churn, then what?


  To reduce churn, you can run an email campaign to promote the use of a product feature. But a campaign like that should be targeted at users who don’t use the feature, not sent to all users who are churn risks for any reason. Clogging users’ inboxes with inappropriate content is going to drive them away, not save them! Churn-risk prediction can be a useful variable in choosing customers for one-on-one interventions by Customer Success teams, but even then, it is only one variable defining the targets.


  This may disappoint you. To reduce churn, it isn’t sufficient to deploy an AI system that can win a data science competition. If you deliver an analysis that predicts churn without providing more actionable information, the business will not be able to use it easily, if at all. Believe me when I tell you that predicting churn is not the focus of fighting churn with data. This is one of the most important lessons I had to learn when I started working in this area.


  TAKEAWAY A one-size-fits-all churn intervention doesn’t exist, so predicting customers at risk of churn is only a little helpful for reducing churn.


  The second reason predicting churn doesn’t work well is that churn is hard to predict with high accuracy, even with the best machine learning. It’s easy to see why, if you recall your behavior the last time you churned: you probably were not taking full advantage of the product, but it took you a long time to cancel because you were too busy or you spent some time researching alternatives. Perhaps you couldn’t make up your mind, or you forgot. If a predictive system were observing your behavior during that time, it would have flagged you as at risk and been wrong during all the time it took you to make up your mind and find the time to cancel. The moment of churn was shaped by too many extraneous factors to be predicted.


  Apart from extraneous factors influencing timing, churn is hard to predict because utility or enjoyment is a fundamentally subjective experience. The likelihood of churn varies from individual to individual, even under the same circumstances. This is especially important for consumer services, where churn is usually hardest to predict. For business products, customers tend to be rational. But neither the customer nor you have enough information to do a precise cost-benefit analysis on their use of the product.


  Finally, churn is normally rare in comparison with retention; it has to be, for any paid subscription that remains in business. Because churn is rare, false positive predictions are common no matter how you make predictions.


  Given all these things, churn predictions are inevitably relatively crude. If you worked on a project where you predicted churn in the past and found it easy to predict with high accuracy, you might have been predicting churn too late, when it was not actionable (see chapter 4). I will provide data on churn prediction accuracy and what constitutes accurate versus inaccurate churn prediction in chapter 9. For now, I hope I’ve given you enough anecdotal arguments to show why highly accurate prediction usually is not possible.


  TAKEAWAY Extraneous factors, subjectivity, incomplete information, and rarity make it hard to predict churn accurately.


  Reducing churn is a team effort


  One of the hardest things about preventing churn is that it is no one’s job, in the sense that no one person or job function can do it alone. Consider the strategies for churn reduction described in the last section: product improvement, engagement campaigns, customer success and support, sales, and pricing. Those functions span more than half the departments in a typical organization! That means churn reduction is going to suffer from problems of communication and coordination. If left unchecked, there will be a tendency for different teams to come up with uncoordinated approaches to reduce churn. It would be counterproductive, for example, for the product and marketing teams to decide to focus on driving the use of different features or content. And those approaches may be based on limited or flawed information. Because they aren’t the data experts (that’s you, remember?), there’s no guarantee that choices made by independent teams will be properly data driven.


  TAKEAWAY Churn-reduction efforts are at risk of miscommunication and lack of coordination between the multiple teams involved.


  Also, in a typical situation, the data person can’t do anything to reduce churn on their own. Reducing churn depends on actions taken by specialists in different parts of the business, not by a person who is wrangling the data. These coworkers are diverse, and I will refer to them as the businesspeople for lack of a better term. I’m not implying that the data person is not part of the business; but data people usually have no direct responsibility for concrete business outcomes (like revenue), whereas the people in those other roles usually do. From the data person’s point of view, the business is the end user of the data analysis results.


  TAKEAWAY The data person’s goal is to make businesspeople more effective at churn-reducing interventions.


  
1.2.3 Great customer metrics: Weapons in the fight against churn


  Churn is hard to fight because different parts of the business are responsible for reducing churn in different ways. All of these teams have different tools and methods, and they may not align on the situation and strategies. Also, every method to reduce churn requires businesses to target interventions to the customers most likely to respond. As a result, to fight churn, businesses need a shared set of facts or rules for understanding customers and their engagement with the product.


  The best way to make data into a weapon in the fight against churn is to use the data to produce effective customer measurements and get those measurements into the hands of the business’s churn fighters. As we will explore fully in chapter 3, a measurement of customers is called a metric.


  DEFINITION Customer metric —Any measurement you make on all customers individually.


  As a simple example, a metric can be something like how many times per month each customer uses a software feature or watches episodes from a certain series. But not every metric is great for fighting churn.


  TAKEAWAY For a customer metric to be great for fighting churn, it should have the following characteristics: (1) easily understood by the business; (2) clearly associated with churn and retention, so it is obvious what a healthy customer looks like; (3) segments customers in a way that’s useful for targeted interventions that increase engagement; and (4) useful to multiple functions of the business (product, marketing, support, etc.).


  To continue the simple example, you may discover business rules like “customers who use (view) the product feature more than five times a month churn at half the rate of customers who use it only once a month or less.” Something like using or viewing more of a particular feature is not very complicated, and the finding about churn makes it obvious what a healthy customer is. Each part of the business can use a fact like that differently. Product creators will know the feature is providing value and can either replicate it or make it easier to find. Marketing can design a campaign to drive users to the feature. And when Customer Success/Support people talk to a customer, they can ask if the customer is using that feature and encourage them to try it if not.


  That may sound easy, but coming up with actionable findings that appear simple is harder than it sounds. Some findings can be misleading (see section 1.8.2 for an example), and the more common problem is that there are too many potential metrics and rules. The challenge then is to find a concise set of metrics for the business to follow. So just because you are looking for easy-to-understand facts and rules doesn’t mean your job will be easy!


  I arrived at this focus on delivering great customer metrics by experiencing situations where the metrics were not great. When I was starting out, the situation usually went like this: Before we began analyzing churn, the company chose customer metrics, and we used them as inputs for a predictive model. I often found that the customer metrics were poorly designed and weren’t good for predicting and understanding churn, so the predictive model gave poor results, and no one used it. But they continued using the mediocre metrics because they needed measurements for segmenting. That’s when the light bulb went on for me. Data analysis should focus on making sure the metrics are great for churn because that’s what people will use to do their job. I knew that as a data expert, I could do a better job of creating customer metrics than the businesspeople—and so can you.


  The approach I will teach you is like traditional statistical or scientific analysis. Data people trained as statisticians will likely find this approach more natural than computer scientists will. The process is to iteratively test different customer metrics, analyze their relationship to churn and to each other, and evaluate them for interpretability and how useful they are for segmenting and making interventions. You find the best set of metrics, and that is the main deliverable to the business. You will also be in a good position to run predictive models for additional use cases, as described in later chapters.


  TAKEAWAY The main deliverable to the business from the data analysis project is a set of customer metrics.


  




1.3 Why this book is different


  You might suspect by now that this is not your usual book about data science or data analysis. I will explain these differences now, so you know what to expect.


  
1.3.1 Practical and in-depth


  Table 1.1 summarizes some ways this book differs from a typical book in this field.


  Table 1.1 How this book compares to other data analysis books


  
    
      
      
    

    
      	
        This book

      

      	
        Most books about data analysis

      
    


    
      	
        One scenario from start to finish, including applications

      

      	
        Helicopter into many different scenarios but omit practical details

      
    


    
      	
        Focuses on understanding the data and designing metrics (aka feature engineering)

      

      	
        Focus on algorithms

      
    


    
      	
        Creates datasets from raw data in an iterative process

      

      	
        Use datasets that are fixed benchmarks

      
    


    
      	
        Emphasizes interpretability, parsimony, and agility

      

      	
        Emphasize maximizing accuracy or other technical metrics

      
    

  


  This book focuses on one thing: a practical approach to using your data to fight churn. In contrast, most books on data analysis cover a wide variety of use cases, emphasizing statistical and computer science algorithms. That said, section 1.5 explains that there is a whole family of use cases that are similar to churn, and the same techniques apply. But this book stays focused on churn to make the learning easy; once you are an expert, it won’t be hard to modify the techniques to related scenarios.


  In typical data analysis books, the focus is on teaching algorithms. The datasets used to demonstrate the techniques are given and are known as benchmark datasets. This book starts with raw data and creates an analytical dataset, which is a large part of the work. I explain several statistical/machine learning algorithms at the level required to use them, but I will not teach a lot of theory. Instead, the focus is on teaching the entire process, including application of the results in a real-world scenario.


  An important way in which real-world data problems differ from training is that in the real world, the job never ends: as soon as one analysis of churn is complete, new product features or content are created, requiring reanalysis. Or an entirely new type of data to enhance the original may become available. Also, there are constant changes in the business environment, such as competition and changing economic conditions. Such changes can require reanalysis, even if the product isn’t modified.


  To succeed in this environment, the process of using the data must be parsimonious and agile. Parsimony means using the minimum amount of data and the fewest analytic steps required to get the job done. Agility means responding to change quickly and efficiently. Achieving parsimony and agility has important consequences. I will return to these themes throughout the book but, for now, here are two key takeaways.


  TAKEAWAY Your goal is to deliver actionable knowledge to the businesspeople. Listen to them, and try to answer their questions first. Do not exhaustively test every hypothesis or evaluation metric.


  TAKEAWAY Write code to automate the process. This makes it much easier to accommodate the inevitable corrections or requests for changes.


  Because of the need to communicate with businesspeople to fight churn, a data person’s analysis achieves maximum impact when it provides actionable knowledge. For this reason, this book tells you how to communicate the analysis results in a way that nontechnical people understand. This means using relatively simple visualizations and avoiding technical jargon in favor of a common language. I even recommend making simplifications when explaining the analysis (but not cutting corners in doing the analysis). Throughout the book, I give specific examples of explanation strategies I have found to work.


  
    The importance of data and metric design (aka feature engineering)


    Many people who take academic classes on data science or data analysis get a surprise when they start working at a company or on a real research project: the data they need is not waiting for them in a CSV file or a database table, ready to run through an algorithm. Most real-world projects involve locating and merging data from multiple databases or systems, and this process is a large part (usually more than half) of the work on the project. In academic data science, this is referred to as feature engineering, but I will stick to the term metric design because of the need to communicate with businesspeople (more about this in chapter 3).


    Another common misconception is that the choice of algorithm or analytic method is the most important thing contributing to model accuracy. The design of the summary metrics (aka data features to academics) that allow the data to be analyzed is the most important part of the process, even where accuracy is concerned.


    Some data people who are academically inclined may see it as inefficient or even unworthy of them to prepare their data, viewing it as drudgery. But many small decisions must be made when preparing the data, some of which can have huge consequences for the results, especially if those decisions are not made correctly or not in the way the data person expects.


    WARNING It is extremely risky to delegate data-preparation tasks to another team.


    Finally, I want to add that in my own experience, understanding the data and designing the metrics is the most fun, creative part of the entire process! In my opinion, this is the true “science” in data science: learning from your data through experimentation, not just running someone else’s algorithm. It’s not drudgery in my book!

  


  
1.3.2 Simulated case study


  To meet its goals, this book revolves around an in-depth case study. You will start with a database of customer and event data and use it to perform all the steps in a real churn-fighting process: calculating the customer churn rate, understanding customer behavior by creating and analyzing metrics, discovering how customer behavior relates to churn, and using all that knowledge to design segments that you can use for targeted interventions (or to make targeted interventions, if it really were your company).


  Because customer data is sensitive, I can’t distribute real customer and product data to support your learning. Instead, this book includes a highly realistic customer simulation that you can use to generate your own data. I will also make frequent comparisons to case studies made on real companies (described in section 1.7). You will see that the results you get from your simulation are surprisingly similar to the real thing. The code for the simulation and instructions to set it up and run it are on the book’s website (www.manning.com/books/fighting-churn-with-data) and in the book’s GitHub repository (https://github.com/carl24k/fight-churn).


  NOTE The most up-to-date instructions to set up the development environment and run the simulation and code will always be in the README page at the root of the book’s GitHub repository. The instructions for setup are not included in this book.


  I’ll tell you more about the company you are going to simulate and study in section 1.7.4, after I introduce the real case studies. But first, to put the case studies in context, I want to talk more broadly about the kinds of companies and data to which this book applies.


  
1.4 Products with recurring user interactions


  For those not already familiar with this area, I’m going to summarize the current state of the world of products that have recurring user interactions or subscriptions. Subscription and recurring payment business models are definitely not new; subscription news services have existed since at least the sixteenth century, and the recurring payment of insurance premiums was established in the seventeenth century. The twentieth century saw the rise of ubiquitous recurring payment services for a wide range of utilities made available by the second industrial revolution: first water, gas, electricity, and telephone service; and, in the late twentieth century, cable television, mobile phone service, and, of course, internet service. These services are all based around recurring payment relationships between consumer and provider. All such relationships can be referred to as subscriptions.


  When we think of subscriptions, we usually think of a fixed fee paid periodically, although subscription services can collect three types of payments between the consumer and provider:


  
    	
      Recurring payments —Fixed payments of the same amount for each period of service

    


    	
      Usage-based payments —Payments for the amount of service used, based on some unit of measure

    


    	
      One-time payments —Usually fees for setup but also for temporary (nonrecurring) upgrades to service or one-time (in-app) purchases

    

  


  The services are sometimes paid for in advance (at the start of each service period) and sometimes in arrears (after the service is provided). But common to all of these services is the continuing relationship between consumer and service provider.


  The twenty-first century has seen a new explosion in subscription services, largely delivered over the internet and created (or at least managed) using cloud computing platforms. One important characteristic that sets them apart from most of their predecessors is that the new products are usually of a more discretionary nature. While twentieth-century recurring payment services had few or no options (many utilities are still regulated monopolies), we have a variety of options when it comes to twenty-first-century subscriptions. There are usually alternative services to choose from, like switching from one streaming music service to another. Also, there can be alternative means of achieving the same ends, such as a business developing its own software rather than buying it with a subscription. And finally, many modern subscriptions are things we can live without (do you need that food delivery subscription when you could shop in a store?).


  In the following sections, I will describe some of the wide variety of subscriptions that exist today. We will consider these business models in the rest of the book.


  
1.4.1 Paid consumer products


  Most people are familiar with consumer subscription services. These products typically cost a modest amount each month (less than a fancy meal), and the price typically ends with “99” (9.99, 49.99, 99.99, etc.). These days, most consumers get a lot of their entertainment this way, and a variety of additional products have become available:


  
    	
      Desktop software (word processors, spreadsheets, graphics creation tools, anti-virus programs, etc.), formerly sold through perpetual licenses

    


    	
      New types of software as a service (identity-theft protection, cloud storage, home security video monitoring, etc.)

    


    	
      Boxes of physical products (shaving and personal grooming items, meals, crafts, gifts, etc.)

    


    	
      Personal apparel items (including clothing and watches)

    

  


  These products are often referred to as business-to-consumer services (B2C). Another related term is direct to consumer (D2C), which usually refers to selling video entertainment to consumers without bundling it with other channels in a cable or satellite entertainment package. (At the time of this writing, many television channels are available only through cable or satellite subscription, but a streaming service is D2C.)


  
1.4.2 Business-to-business services


  In terms of market value, subscription services for businesses are an enormous market segment. These are commonly known as business-to-business (B2B) products. Starting with Salesforce, which created the first cloud-based customer relationship management (CRM) system in the 2000s, this market has exploded. Now nearly all new software products for businesses are offered as a service (software as a service, also known as SaaS). At the same time, existing on-premises software products have started to shift to a new model due to the efficiency of cloud deployment and upgrades. These products exhibit a dizzying variety of payment terms because business products do not shy away from complex contracts (indeed, they often seem to favor them). The best-known categories of B2B subscriptions include


  
    	
      CRM —SaaS to coordinate sales team and marketing interactions

    


    	
      Enterprise resource planning (ERP) —SaaS for accounting, logistics, and production

    


    	
      Subscription business management (SBM) —SaaS to manage subscriptions (also sold on a subscription basis)

    


    	
      Human resource management (HR) —SaaS for managing employees, including hiring

    


    	
      Support issue tracking systems (ITS) —SaaS for tracking and managing customer support interactions or tickets

    


    	
      Desktop software —Spreadsheets, word processors, email, illustration programs, and so forth, sold through multiuser subscriptions

    


    	
      Cloud computing resources —Cloud servers, storage, databases, and content distribution networks (CDNs)

    


    	
      Business intelligence (BI) —Tools to query and visualize data of a variety of types

    


    	
      Security products —Virus protection, password managers, network monitoring, and other tools for ensuring individual computer and corporate system security

    

  


  This short list does not do justice to the wide variety of SaaS products used by businesses today. Nearly every modern SaaS company is dependent on a wide array of other SaaS products to provide the software running the noncore portions of the operation. A typical SaaS company uses in-house software engineers only to create what is unique about the service; almost every other part of the operation is run using software provided by another SaaS venture and paid on a subscription basis. These include the standard applications listed previously, as well as SaaS products designed for use by companies in specific verticals:


  
    	
      Most online news or media services use software to manage comments and discussions, but that service is not created by those companies—they focus on creating content.

    


    	
      Information services supporting specific verticals used to be common only in the finance and legal industries, but now industries like real estate, energy, manufacturing, and agriculture also have vertical-specific information services.

    


    	
      Services are available to manage invoices and accounts payable functions that are specific to a single industry or vertical.

    

  


  These are just a few examples from a very large and heterogeneous category.


  
1.4.3 Ad-supported media and apps


  Since the early days of the internet, one of the most common business models (if not the most common) is to provide free media content (reading material, videos, music, etc.) but with ads displayed before, during, and/or after. There is no formal subscription to use such a product, so the scenario has some important differences from those in figure 1.1. There is no subscription database, although another database probably tracks user profile information for the purpose of selecting ads. While the means of capturing value from the consumer is different, these services share the same discretionary nature as regular paid consumer services and the same obvious concern with churn: services want their users (ad viewers) to keep coming back.


  As I will explain, without a subscription, churn can be defined to simply mean that a customer disappears for an extended period of time. This type of product can also benefit from the churn analysis techniques taught in this book, as long as some form of event data warehouse tracks users across multiple sessions.


  TAKEAWAY Tracking user events across multiple sessions is the one minimum requirement to use the techniques in this book.


  
1.4.4 Consumer feed subscriptions


  Another novel type of subscription delivers free information in a feed, such as YouTube subscriptions or email updates. This is a variant of the ad-supported media model in which content is still advertising supported, but the provider creates the option to upgrade the experience by subscribing for free. This subscription usually means the consumer consents to product updates via new information pushed to their inbox or video feed. In this case, the structure of the relationship fits the typical scenario in figure 1.1, but there are no fixed payments on the subscription; instead, advertising revenue is derived from events.


  
1.4.5 Freemium business models


  A freemium offering refers to any subscription service that has both a free version and a paid, or premium, level of service. For some services, the free version may be time-limited, giving users a chance to “try before you buy.” For other services, it may be possible to use the free level of service in perpetuity. Another common variety is to have a free version with advertisements (as described in section 1.4.3) and a paid version that is ad-free.


  As far as churn is concerned, freemium services are just like services without a free level, but there are two distinct types of churn: churn from the premium service and churn from the free level of service. The free level is analyzed using techniques described for nonsubscription, activity-based churn analysis. There is also the transition from the free to the paid service level, known as free trial conversion, which can be analyzed with the same techniques as churn (see section 1.5).


  
1.4.6 In-app purchase models


  A variant on the freemium model are products that are free to use in perpetuity (or which require only a relatively small one-time payment to use in perpetuity) but that offer a variety of ways to upgrade the experience by making one-time payments during use. This is becoming the predominant model in online gaming. To play the game is free, but if you want a cool-looking skin for your avatar, a better weapon, or a shortcut to a higher level, it’s going to cost you!


  This is another type of scenario that fits the model of figure 1.1 but without subscriptions. Instead, a transactional database tracks the one-time purchases (and the original purchase of the app, if there is an initial fee). Churn can be defined as a user (customer) going inactive; all of the usual techniques in this book apply as long as user behavior can be tracked across sessions of use.


  
1.5 Nonsubscription churn scenarios


  The focus of this book is on explicit churns from subscriptions, but the same approach works in a variety of other common business scenarios. I’ll briefly explain those here but—for simplicity—teach the techniques focusing mainly on churn from subscriptions. After you master the techniques, you should have no trouble repurposing what you have learned for other scenarios.


  
1.5.1 Inactivity as churn


  User inactivity can be seen as churn for the free tier of a freemium service, and the same applies for apps or ad-supported products with no explicit subscription. You choose a time window in which a user must engage with the service (such as one month or three months). Churn is then defined as users who go inactive for that long. In contrast to the typical scenario in figure 1.1, there is no subscription transaction database, only an event data warehouse. But the techniques in the book can be used as long as one key requirement is satisfied: user behaviors must be tracked consistently across different episodes or sessions of activity.


  
1.5.2 Free trial conversion


  As described in section 1.4.5, a freemium model offers both free and paid levels of service. Because similar behavioral data is available at the free level as in the paid subscription, it is just as easy to analyze the conversion of subscribers from the free service to the paid service as it is to analyze churn from the paid service. This is essentially the opposite of churn, but the scenario looks like that in figure 1.1, so the same analytic techniques can be used.


  
1.5.3 Upsell/down sell


  Adding new services or moving to a higher-cost plan is known as an upsell, while removing services or moving to a lower-cost plan (without churning) is known as a down sell. As with churn, behavioral data and user characteristics can be analyzed to determine what scenarios are most likely to lead to an upsell or a down sell. The additional challenge is that there may be different possible upsell/down sell options to analyze. In practice, however, additional analysis for upsell/down sell is often unnecessary. Most of the time, the customers who are most likely to purchase some form of upsell are those who are the best customers identified by the churn analysis, while those customers most likely to move to a lower-cost plan (down sell) are also those most likely to churn.


  Upsells are also often related to crossing a specific usage threshold, such as the number of users (seats) sold for an enterprise software license or the number of gigabytes of data in a mobile phone service. In that case, an in-depth analysis is unnecessary: you know who is a candidate for an upsell simply by looking at a single relevant usage metric.


  
1.5.4 Other yes/no (binary) customer predictions


  Customer churn is an example of a prediction problem where there is a yes or no answer. In statistics and data science, this is referred to as a binary outcome in reference to the two possibilities. The methods in this book can be applied without modification to virtually any situation involving predicting a future customer state that can be framed as a yes/no question. Examples include whether any kind of insurance policy will result in a claim (medical, auto, and so on) and whether a borrower will default on a loan. The one caveat here is that this book tends to focus on rare outcomes (which also happen to be the case for insurance claims and loan defaults). Slightly different methods can be used if yes and no outcomes are equally common, mainly in the measurement of accuracy (see chapter 9).


  
1.5.5 Customer activity predictions


  Assuming a subscriber continues a service, it is reasonable to want to analyze what a subscriber is likely to do in the future. This is especially important for behaviors that are revenue generating, such as how much the subscriber will use a pay-as-you-go feature; or how much content the user will consume, and the resulting ad revenue generated for an ad-supported service.


  Most of the techniques in this book also work for this sort of analysis, but with the major caveat that for churn, we use techniques for modeling two-state or binary outcomes (churn vs. continue), and for activity prediction, we use techniques for modeling numeric outcomes. If you have already trained in data science or statistics, it’s not too hard to adapt the methods in this book to forecast real values, but such extensions won’t be covered.


  
1.5.6 Use cases that are not like churn


  One use case that is very different from churn and will not be covered in this book is product recommendation systems. Those are scenarios with a wide variety of products or content to choose from, where the goal is to recommend the most suitable ones based on previous choices. The techniques in this book, however, do apply for customers choosing among a small number of products like basic, standard, and premium plans for a subscription. For large catalogs of physical or media products, you should consult a book or resources specifically about recommender systems.


  
1.6 Customer behavior data


  Given the huge variety of products and services that include recurring customer/user interactions, there is an even larger variety of possible forms those interactions can take. One section in one chapter cannot possibly give an exhaustive listing of all the possibilities, so consider this only an introduction. Almost anything that happens in software or that can be tracked by software can be considered an interaction or event.


  DEFINITION Event —In the context of fighting churn, any user interaction or result that the data warehouse tracks. Events are time-stamped and pertain to a single account or user.


  
1.6.1 Customer events in common product categories


  I’ll make the discussion of data concrete by listing typical customer events for common product categories. What these all have in common is that they refer to individual events that can happen to one customer or user at any time. For some events, the simple fact that the event took place for a certain user at a certain time might be the only information available; for other events, details are tracked along with the event. Some typical customer events follow:


  
    	
      Software —Refers to any software product (SaaS) but can also refer to other types of products with software interfaces:


      
        	
          Logins —Logging in to the application is usually tracked as an event.

        


        	
          User interface (UI) interaction —Almost any click or typing in the user interface can be tracked as an event. The event usually includes a detailed reference to the part of the UI.

        


        	
          Document/record actions —Includes creating, editing, updating, and deleting records or documents, which are tracked in the application database. The event can include information about what type of document and specifically what document field, when appropriate.

        


        	
          Batch processing —Many applications include processes that users run periodically. Every item processed can be seen as an event, or the batch job can be the event.

        

      

    


    	
      Social networks —Dedicated social networks and also products that have social functions:


      
        	
          Liking —Indicating that the user likes something they see is one of the most ubiquitous interactions with a social network.

        


        	
          Posting —Sharing any type of media supported by the network.

        


        	
          Sharing —Usually a specialized post that refers to another user’s post.

        


        	
          Connecting —Connecting with other users is usually the most important form of engagement, as it enriches future user experience.

        

      

    


    	
      Telecommunications (telco for short) —Providers of mobile or fixed-location telecommunication products and services:


      
        	
          Calling —Making a voice or video call. Typically, call events are tracked with the duration and the type of call.

        


        	
          Data —Data usage is usually tracked with the amount of data.

        


        	
          App —Using an application and specifically which one.

        


        	
          Adding/removing a device —Updating devices is an important event in the lifecycle of using the service.

        

      

    


    	
      Internet of Things (IoT) —Products consisting of connected devices:


      
        	
          Geospatial —Events about device movement, including location and speed.

        


        	
          Sensor —Data received by a sensor can include almost any type of additional information received from the sensor.

        


        	
          Device —As with sensors, device activity can refer to almost any kind of activity and includes device-specific information.

        

      

    


    	
      Media —Any product that provides any type of prerecorded or live-streamed media including video, audio, images, and text, not only for enjoyment but also for educational and professional training:


      
        	
          Viewing/playing —Playing media is the most common event on a media-specific service and usually includes details about what media was played and how much was played. This includes articles or pages read for news and books.

        


        	
          Dwell time —Viewing a page or other content and explicitly capturing the time spent.

        


        	
          Liking —Indicating media preferences by liking (or giving a thumbs down) is an important event for media.

        

      

    


    	
      Gaming —Any product that is a game:


      
        	
          Playing —Many events are typically generated during playing a game and can include information about exactly what parts were played, for how long, and so on.

        


        	
          Levels and score —Many games include points or other forms of “leveling,” and achieving these is often tracked as an event.

        

      

    


    	
      Retail —Shopping websites or services that allow purchase of individually selected items, which can be either physical or digital products:


      
        	
          Viewing —Viewing products can be tracked as an event, along with details of what product is viewed.

        


        	
          Searching —Searching a product catalog can be tracked as an event, along with keywords used for the search.

        


        	
          Adding to cart —Adding products to a shopping cart can be tracked as an event.

        


        	
          Returns —Returning products is also tracked as an event, along with product details.

        

      

    


    	
      Box delivery —Services where curated selections of (usually physical) products are delivered to customers periodically:


      
        	
          Delivery —Successful delivery of each box is an important event, as well as any failures or difficulties in delivery. Tracked information typically includes the type of box (when there is more than one) and the time it takes to arrive.

        


        	
          Returns —Many box services allow items to be returned, an important event indicating user dissatisfaction.

        


        	
          Retail —Most box delivery products also include retail options, so all retail events are also relevant.

        

      

    

  


  Some categories of events occur across a variety of kinds of products and services. Here are some examples:


  
    	
      Financial —Financial events occur on all products and services that are not free:


      
        	
          Recurring payments —These are so common they are often nonevents, but they are tracked and often are more important when they don’t occur than when they do.

        


        	
          Nonrecurring purchases —All sales on retail sites, including any extra or in-app purchases made on games or subscription services.

        


        	
          Overage charges —Charges that apply when users exceed a threshold.

        

      

    


    	
      Support —Whenever the customer turns to the service for help, whether through a call, email, chat, or searching support/help documentation:


      
        	
          Ticket —A support ticket or case, usually tracked with an opening and closing time and a wide variety of details.

        


        	
          Call/email/chat —Any kind of interaction between the customer and support representatives, possibly including the full text of the interaction.

        


        	
          Documentation —Use of online documentation resources can be tracked as UI events.

        

      

    


    	
      Plan —Subscription-plan-related events occur for any product or service that has an actual subscription:


      
        	
          Plan change —The time/date of plan changes can be tracked as events.

        


        	
          Billing change —Events like changing the credit card or other payment method, as well as switching billing details, such as monthly versus annual billing.

        


        	
          Canceling —Yes, canceling the product or service is also tracked as an event. But note that when we talk about cancellations as events, we are talking about the date and time the cancellation change is entered into the system, not necessarily the time the service contract ends when the user has time remaining. For this reason, a cancellation event is not the same as a churn. The churn occurs when the subscriber completes the current term without signing up for a new one, often allowing a short grace period. Consequently, a cancellation event does not necessarily mean a churn will occur, because the customer still might re-sign before much time has passed. This happens often enough that the act of cancellation should be considered an event that suggests churn is likely, but it is still not a certain conclusion.

        

      

    

  


  Note that many products or services contain events from multiple categories; for example, any product with a software UI will collect software events, while many products have social network features (for example, games) even if they are not exclusively or primarily social network products.


  
1.6.2 The most important events


  With all this discussion of types of events, you are probably wondering which types are the most important, and with good reason. With so much variety, it’s important to stay focused. There are no hard rules for this, but I can give some general guidelines to frame the discussion for the rest of the book. And to be clear, figuring out which events are the most important is one of the main points of doing the analyses in this book because it is different for every product or service. This is just a preview of things we will look at in depth later.


  The bottom line is that the most important events are those that are closest to the customer achieving the goal or purpose of the service. That’s vague, but some examples should make it clear:


  
    	
      Software products usually have a goal (for example, writing documents). Creating documents, therefore, is more important than just logging in. In general, login events are much less important than events that are directly involved with achieving the goals of the product.

    


    	
      Many B2B software products are used for making money, so if there is any way to measure how much money is likely to be made from the events, then those are the most important. For example, if a product is a CRM system used to track sales, then closed deals and their value is probably the most important type of event. Often a product is not that close to the money business customers make, but you should still focus on events associated with commercial success. For example, if the product is an email marketing tool, opened emails are important events.
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