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ABSTRACT (in English) 

With the start of digitalization and the initiation of a whole new industry of digital services, 

some of the well-established marketing wisdoms are now under scrutiny. This also holds for 

the importance of customer win-back for any firm – a belief that has actually never really 

been questioned. While related research focuses on mature industries and highlights the 

profitability of win-back, to date no study known to the authors has addressed the role of 

reacquired customers compared to first-lifetime customers in the interplay of acquisition and 

retention for digital firms. This is especially important when assessing firms’ current win-

back strategy and forecasting the development of acquisition and retention success of 

reacquired compared to first-lifetime customers. This study proposes a win-back assessment 

framework that enables firms to assess their win-back strategy and to detect problems in 

acquisition or retention of first-lifetime and reacquired customers. The authors demonstrate 

the use of framework on transaction data from a digital subscription service and data from a 

field experiment with that same service provider. They analyze the data from a new 

analytical perspective compared to extant research, which they call “cohort perspective” and 

jointly investigates acquisition and retention of first-lifetime and reacquired customers, who 

started their subscription around the same time (i.e. cohort). The results show the need for 

the cohort perspective by unveiling the contradiction that reacquired customers can “live” 

longer than in their previous lifetime (on average 328 days), but that they “live” shorter than 

first-lifetime customers of the same cohort ( ̶ 19%). The authors explain the rationale of this 

observation and discuss its implications.
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ZUSAMMENFASSUNG (auf Deutsch) 

Die immer weiter fortschreitende Digitalisierung verändert die Abläufe in den etablierten 

Branchen, hat aber auch den Grundstein für eine vollkommen neue Branche bestehend aus 

einer Vielzahl digitaler Dienstleister gelegt. Im Zuge dieser Entwicklung verändert sich 

jedoch nicht nur das Geschäftsumfeld, sondern es stehen auch lang etablierte Marketing-

Weisheiten zur Disposition. Dies gilt auch für die Rückgewinnung von Kunden, ein Thema 

dessen Relevanz bisher auf der Hand zu liegen schien und nie in Frage gestellt wurde. Die 

in diesem Bereich existierende Forschung stellt ausschließlich etablierte Branchen mit 

geringem Wachstum in den Fokus und betont die Profitabilität der Kundenrückgewinnung. 

Aktuell ist den Autoren keine Studie bekannt, die einen direkten Vergleich von 

wiedergewonnenen Kunden und erstmaligen Kunden im Zusammenspiel von 

Kundenakquisition und Kundenerhaltung wagt. Die Ergebnisse dieser Studie zeigen aber, 

dass ein solcher Vergleich genau dann besonderes wichtig ist, wenn eine Strategie zur 

Kundenrückgewinnung unternehmensintern ehrlich bewertet werden soll und wenn dafür 

der Erfolg bei Kundenakquisition und Kundenerhaltung prognostiziert werden soll. Die 

vorliegende Studie entwickelt ein Framework zur unternehmensinternen Bewertung der 

Kundenrückgewinnungsstrategie. Mit Hilfe des Frameworks können Probleme bei 

Kundenakquisition und Kundenerhaltung frühzeitig aufgedeckt werden. Die Autoren 

demonstrieren die Verwendung des Frameworks anhand von Transaktionsdaten eines 

digitalen, abo-basierten Dienstleisters sowie anhand von Daten, die während eines 

Feldexperiments mit demselben Dienstleister erhoben wurden. Die Daten werden aus einer 

im Vergleich zur bestehenden Forschung neuen, analytischen Perspektive untersucht, der 

„Kohorten-Perspektive“. Hierbei werden Kundenakquisition und Kundenerhaltung von 

wiedergewonnen und erstmaligen Kunden, also Kunden, die ihr Abonnement zur selben Zeit 
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(also während einer Kohorte) abgeschlossen haben, gleichzeitig und ganzheitlich betrachtet. 

Die Ergebnisse bestätigen die Wichtigkeit der Kohorten-Perspektive, indem sie einen im 

ersten Moment widersprüchlichen Befund offenlegen: Die Lebensdauer wiedergewonnener 

Kunden kann in ihrem zweiten Leben die Lebensdauer des ersten Lebens übersteigen (um 

durchschnittlich 328 Tage) und trotzdem unterschreitet die aktuelle Lebensdauer 

wiedergewonnener Kunden die Lebensdauer erstmaliger Kunden um durchschnittlich 19%. 

Die Autoren erläutern die Hintergründe dieses Befunds und diskutieren dessen 

Auswirkungen. 
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PROLOGUE 

This dissertation is the result of four years of research work in close cooperation with my 

supervisor, Prof. Dr. Christian Schlereth. The monography is based on a research paper that 

is currently under revision at the Journal of Marketing Research. Four years ago, when the 

project started, it was merely an enormous data set and the vague idea of researching 

customer lifetime value in the context of digital businesses. Since then, it has undergone a 

long process of change and revision fueled by the input and comments of critical audiences 

at international conferences. In particular, I presented this research at conferences, such as 

“Theory and Practice in Marketing 2016” in Houston, TX, “EMAC 2016” in Oslo, Norway, 

the doctoral colloquium hosted by Simon-Kucher & Partners in 2015, the Salty summit in 

2015, and at various occasions at the internal doctoral colloquium of the Chair of Electronic 

Commerce at the Goethe University in Frankfurt. In addition to my own talks, Prof. 

Christian Schlereth also presented this research at the University of Passau, the “Marketing 

Science Conference 2017” in Los Angeles, CA, EMAC 2018 in Glasgow, Scotland, and in 

Brown-bag seminar series of the University of Groningen and Cologne.  

Even though the monography is based on one large research project, a second 

research paper has been written during the time of my dissertation that has already been 

published in the German Journal “Schmalenbachs Zeitschrift für betriebswirtschaftliche 

Forschung” in 2017 (see Süptitz and Schlereth, 2017). Since the two projects address 

fundamentally different research questions as well as methods and consequently do not 

overlap with regard to neither content nor method, the article has been excluded from the 

final monography.  

The article excluded from this monography is briefly summarized in the succeeding 

paragraph. It is a progression of my master thesis work and pursues the question whether 
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acceptance of the controversially discussed gas drilling method ‘fracking’, is as low as often 

stated or whether few, indoctrinating opinion leaders just drive the tone of the debate. 

Moreover, the study evaluates the effectiveness of different, potentially acceptance 

increasing measures and their suitability to solve conflicts of social acceptance. 

We measure acceptance levels and the effect of the investigated measures on 

acceptance using SADR (Separate Adaptive Dual Response) (see Schlereth and Skiera, 

2017), a variation of discrete choice experiments. This method is especially advantageous 

whenever public opinions about the researched topic are mostly negative or highly 

heterogeneous. Our results confirm generally low acceptance levels for fracking in 

Germany. However, we can also show that offering suitable packages of different measures 

of compensation can increase acceptance substantially.
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1 INTRODUCTION 

1.1 State of Research, Research Gap and Relevance 

With the start of digitalization and the initiation of a whole new industry of digital services, 

(e.g., Spotify, Dropbox, LinkedIn, Audible) some of the well-established marketing 

wisdoms are now under scrutiny. One of these wisdoms is the established belief, that 

customer win-back is important to any kind of firm. Building upon that belief, a whole 

stream of literature has emerged: after the first study on customer win-back by Griffin and 

Lowenstein (2002), numerous other studies investigated the operationalization of win-back 

and psychological drivers of re-purchase or re-subscription behavior (e.g., Kumar, Bhagwat, 

and Zhang, 2015; Pick et al., 2015; Stauss and Friege, 1999; Thomas, Blattberg, and Fox, 

2004). 

Win-back activities target ex-customers, who once paid for a service or product, but 

churned later – a behavior that is observable in contractual service settings (i.e., 

subscriptions). Besides non-monetary benefits, one of the most frequently stated arguments 

to engage in win-back activities is the financial gain in acquisition and retention compared 

to new-customer activities: given the same amount of effort, ex-customers can be acquired 

at a two to four times higher probability than potential first-lifetime customers (see Griffin 

and Lowenstein, 2002). Moreover, for retention, second lifetime durations are positively 

correlated with first lifetime durations (see Kumar, Bhagwat, and Zhang, 2015; Thomas, 

Blattberg, and Fox, 2004). 

All extant research on customer win-back have in common that they avoid the 

question of relevance and quietly assume that win-back is advisable for most firms and of a 

high priority on the corporate to-do list. The overall goal of this research is to answer, 



11 
 

 

whether at all and if so, to which extent win-back is relevant to a firm. Our research 

concentrates on the sector of digital services and aims to help firms evaluate their current 

CRM-strategy with respect to win-back while taking both CRM tasks, acquisition and 

retention, into consideration. 

We believe, the reason why the question of relevance of win-back has not been asked 

mainly lies in the nature of the studied businesses: Nearly all empirical findings were 

observed in the context of traditional subscription services, such as telecommunication and 

newspapers (e.g., Kumar, Bhagwat, and Zhang, 2015, Thomas, Blattberg, and Fox, 2004). 

These firms have been operating in saturated markets for decades and have accumulated a 

large base of ex-customers. The markets in which they operate are characterized by fierce 

competition, because their services are fully or substantially fungible, which requires them 

to offer sign-up bonuses to encourage customers to switch back from competitors. Platforms, 

such as uSwitch even simplify the switch: They provide holistic market price comparison to 

support customers in identifying the next best offer, remind customers to churn and take 

over all related communication. Engaging in win-back activities is inevitable and advisable 

for these traditional firms. 

In contrast, the relevance of win-back activities for digital firms is not as clear. First, 

these firms are mostly at an earlier stage of their business lifecycle. Consequently, compared 

to potential first-lifetime customers, there are not as many ex-customers to acquire. Second, 

many digital firms are to some extent social platforms connecting supply and demand in 

such a way, that their usefulness increases as more people use them, thereby creating a 

monopoly-like situation for these businesses (e.g., LinkedIn, Spotify; see Srnicek, 2017). 

Switching to another platform or re-registering to receive a sign-up bonus implies losing all 

effort that a customer has invested in the platform (e.g., connecting with people, friends lists, 

play lists, and tailored song recommendations, etc.). 
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1.2 Research Objective and Contribution 

To address the question of how relevant win-back really is, we propose an assessment 

framework that adopts our proposed cohort perspective and easily visualizes the role of 

reacquired customers compared to first-lifetime customers in the interplay of acquisition and 

retention. The framework looks at acquisition and retention on a cohort basis and enables 

firms to reliably assess their current win-back strategy with respect to customer value. Our 

framework also provides an early indicator of future acquisition and retention success and, 

thereby, supports firms in finding the right timing for monitoring and readjustment of their 

CRM strategy.  

The study not only contributes to the existing literature on the customer-centric 

customer relationship management (CRM)-paradigm, but also to business practice where, 

as we learned from speaking to various managers, “The role of win-back is rather blurry.”. 

The major contribution of our research is to help firms get a clear idea of the relevance of 

win-back.  

The contribution consists of three main elements: First, we propose a win-back 

assessment framework that easily visualizes the role of reacquired customers compared to 

first-lifetime customers in the interplay of acquisition and retention. The framework is 

applicable to many types of businesses and it enables firms to reliably assess their current 

win-back strategy with respect to customer value. Our framework also provides an early 

indicator of future acquisition and retention success and, thereby, supports firms in finding 

the right timing for strategy monitoring and readjustment. 

Second, resulting from the mathematical logic behind the framework, we can provide 

firms with an indicator, which we label win-back value, that expresses the relevance of win-

back activities as the percentage of added value provided by reacquired customers. This 
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indicator is easy to interpret and can be directly obtained from a firm’s exact position on the 

win-back assessment framework.  

Third, we introduce a new analytical perspective to the literature on customer win-

back, the cohort perspective, which enables the study of the overall relevance of win-back 

activities. Previous studies on win-back mainly look at the factors that positively or 

negatively relate to second lifetime duration or reacquisition success. They typically restrict 

their analysis to the sample of reacquired or ex-customers and analyze their motives and 

purchase behavior. We refer to this traditional approach as “within-customer perspective”. 

The within-customer perspective enables the study of drivers of second-lifetime value. 

However, it is insufficient for assessing the relevance of win-back activities. The latter rather 

requires comparing reacquired customers with customers who started their first lifetime (i.e., 

first-lifetime customers) around the same point in time. We refer to this new perspective as 

“cohort perspective” and illustrate the difference between the two in Figure 1. 

Figure 1: Illustrative differentiation of the two analytical perspectives 
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The distinction between this new perspective and the established within-customer 

perspective matters because the conclusions about the effectiveness of win-back initiatives 

can diverge substantially, depending on the perspective that is adopted. Specifically, we 

show that firms may encounter a scenario in which reacquired customers are more valuable 

during their second lifetime than during their first lifetime and at the same time, these 

reacquired customers are less valuable than parallely acquired first-lifetime customers. We 

explain the rationale of this intriguing empirical observation. 

1.3 Structure of the Thesis 

We structure the remainder as follows: We start with briefly exploring the advantages and 

current role of the subscription business model. We then continue with a review of the 

existing literature related to our research which covers literature on win-back as well as 

research articles on customer prioritization and concludes with a summary table highlighting 

our contribution to the research field. Next, we explain the logical motivation behind our 

research idea and outline its theoretical foundations based on insights from economic and 

psychological research. Then, we present our win-back assessment framework, show its 

construction and how it connects the main pillars of CRM, namely acquisition and retention. 

In a next step, we present two empirical studies. The first study is based on 

subscription transaction data and serves to answer our main research question, which is the 

determination of the relevance of win-back for a certain firm. We present the service context, 

market conditions and characteristics of our subscription transaction data set and lead the 

reader through our modelling approach. We demonstrate the application of our model on 

real firm data and derive insights on customer win-back. With the results at hand, we 

illustrate the application of the win-back assessment framework from a manager’s 
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perspective. In the second study, we present a field experiment and explain how managers 

can actively monitor and steer their win-back strategy. 

Finally, we conclude with a discussion of the implications of our results, show the 

limitations of our project and offer suggestions for future research.
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2 THEORETICAL BACKGROUND 

2.1 The Subscription Business Model 

The subscription business model itself is probably as old as are newspapers. The idea behind 

it is appealing and simple: Firms sell a product or service on a recurring basis (e.g., monthly 

or yearly) and charge customers a fix subscription fee (see Clapp, 1931). The subscription 

business model generates a recurring stream of revenue from each customer and 

consequently, firms’ ultimate goal is to make this stream last, which requires them to invest 

in customer retention before customer acquisition.  

Subscriptions offer several advantages for firms and consumers. Firms who adopt 

the subscription business model value the increased predictability of firm revenues caused 

by the recurring influx of subscription fees throughout the subscription period which 

customers signed-up for. This increased predictability of revenues facilitates a reliable 

planning and management process of cash flow, resources and inventory. Moreover, the 

subscription business model creates a steady connection between firms and customers 

which can be used to communicate in both ways and thus, gives firms the unique chance to 

strengthen the relationship with their customers and increase customer retention and loyalty 

(e.g., Kellman Baxter, 2016; Tondon, 2015). 

However, subscriptions are not only beneficial to firms, but also consumers value 

them for the convenience they offer and the personalized communication and service they 

enable. Research has shown, that in our fast moving world, customers especially demand 

convenience and personalization (see Jiang, Yang, and Jun, 2013; Prahalad and 

Ramaswamy, 2000).  
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The increasing demand for convenience and personalization is also one of the 

reasons why the number of firms adopting a subscription business model is growing 

rampantly. After decades, when the business model has been languishing with newspapers, 

book clubs and gyms, the digital era has woken subscriptions from hibernation. Many 

younger firms from the digital economy, such as Spotify, Dropbox, LinkedIn, Audible or 

HelloFresh, to only name some examples, have adopted this business model and represent 

role model examples of a new age, frequently referred to as “subscription economy”.  

The trend to use subscriptions has created a whole new industry and, for business-

to consumer-services (B2C) has tripled in size since 2011. By 2017, the industry served 11 

million consumers subscribing to more than 2,000 B2C subscription businesses in the U.S. 

in 2017 (see Mc Carthy, 2017). Following the huge adoption rate in the B2C sector, also 

more and more business-to-business (B2B) oriented services have turned to the subscription 

model (see Kumar, 2014).   

2.2 Review of Extant Literature 

We identify three streams of literature that are relevant to develop the logic behind our win-

back assessment framework. First, some relatively young works of research which defined 

and named the concept of win-back and concentrate on investigating the optimal 

operationalization of win-back by aiming to create a thorough understanding of the 

psychological drivers of customers’ re-purchase behavior.  

Second, a branch of research on the benefits and optimal implementation of 

customer prioritization feeds into the development of our win-back assessment framework, 

which we designed to be able to trade off first-lifetime against reacquired customers, even 

though we are not providing a prioritization by the strict definition of that research stream.  
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The last stream of research that we build upon lays ground for the theory building 

behind our framework and provides the answer to the question, why the comparison of first-

lifetime and reacquired customers and thus, the cohort perspective, are relevant after all.  

Figure 2 illustrates the succeeding presentation of the three streams of literature and 

connects each stream to the required analytical perspective (cohort or within-customer 

perspective). 

Figure 2: Structure of the literature review 

 

As shown in Figure 2, in the aftermath, we present all three streams and outline how 

they feed into our framework and analysis. The current chapter ends with a summary table 

of the first two branches of literature, i.e. win-back operationalization and customer 

prioritization. We do not elaborate the third stream of literature in this chapter, but include 

it into the following theorizing chapter.  
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2.2.1 Win-Back Operationalization 

Building on Thomas, Blattberg, and Fox (2004)’s theory of restart behavior, Kumar, 

Bhagwat, and Zhang (2015) propose a conceptual framework that examines drivers of 

probability to return, second-lifetime duration and thus, looks at the entire process of 

acquisition and retention. Thereby, the authors examine how factors such as prices, 

discounts, and first-lifetime duration have an impact on the probability of observing a 

second lifetime, on customer value, and on profitability. Capraro, Broniarczyk, and 

Srivastava (2003) and Pick et al. (2015) study customers’ intentions when ending and 

reviving their relationship with a firm. Homburg, Hoyer, and Stock (2007) and Tokman, 

Davis, and Lemon (2007) investigate how customers perceive firms’ win-back activities 

and Kumar, Leszkiewicz, and Herbst (2018) look into repeated churn behavior and show 

how to identify valuable reacquired customers among repeated churners by investigating 

customers’ reasons to defect. 

The win-back literature ultimately concludes that win-back and acquisition of first-

lifetime customers are two separate aspects of the CRM strategy and require distinct 

treatment (see Griffin and Lowenstein, 2002; Leach and Liu, 2014): a customer’s decision 

to revive the relationship with a firm is fundamentally different from the decision to initiate 

a new relationship. It involves revisiting the initial decision to terminate the relationship and 

overcoming a certain dissonance (e.g., Eagly and Chaiken, 1993). As Leach and Liu (2014) 

note, reacquired customers also have a different basis of knowledge and experience 

regarding the firm; that is, they evaluate information a firm issues differently from first-

lifetime customers. Thomas, Blattberg, and Fox (2004) find that reacquired customers also 

have different (lower) reference prices and thus, require other offers than first-lifetime 

customers. Overall, previous research provides valuable guidance for managers and 

supports them in their decisions on the operationalization of win-back activities. However, 
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it always presumes that managers already understood the relevance of win-back activities 

in their respective business setting and that they already decided on how much effort and 

money to spend on this topic.  

2.2.2 Customer Prioritization  

Thus far, CRM prioritization literature has focused on identifying the optimal balance 

between acquisition and retention efforts (e.g., Reinartz, Thomas, and Kumar, 2005; 

Thomas, 2001). The authors emphasize that prioritization decisions are not only about 

dividing monetary investments among acquisition and retention, but also about identifying 

the optimal amount of time in the boardroom and the most effective strategy for customer 

communication. The customer prioritization literature provides a complementary view to 

the CRM prioritization literature. These studies target selected customers with tailored 

marketing activities (see Homburg, Droll, and Totzek, 2008) using demographic, 

socioeconomic, and behavioral criteria. Many businesses assign customers to top, middle, 

and low tiers according to profitability to effectively allocate marketing efforts among those 

tiers (e.g., Zeithaml, Rust, and Lemon, 2001); even though, prioritizing one group of 

customers necessarily implies neglecting another. Reinartz, Krafft, and Hoyer (2004) show 

that customer prioritization slightly improves firms’ financial performance. Yim, Anderson, 

and Swaminathan (2004) find that customer prioritization positively affects customer 

loyalty. Homburg, Droll, and Totzek (2008) show that it enhances a firm’s relationship with 

the prioritized top-tier customers without causing the relationship with low-tier customers 

to suffer. 

All of the presented studies research customer prioritization from a relatively 

generalist stance. On the other hand, studies on customer win-back have neglected 

prioritization so far, since they exclusively focus on firms for which win-back strategies are 
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useful to preserve market shares (e.g., subscriptions for telecommunication services, 

newspapers, and book clubs, as in Thomas, Blattberg, and Fox (2004), Kumar, Bhagwat, 

and Zhang (2015) and Pick et al. (2015). This research starts to close this gap by comparing 

the customer value of first-lifetime and reacquired customers of one cohort (cohort 

perspective) and assessing the status-quo added value of win-back activities. Still, the win-

back assessment framework is rather an assessment than a prioritization since it cannot 

provide its user with an optimal balance of acquisition and retention efforts for first-lifetime 

and reacquired customers.  

2.2.3 Contributions to Prior Research  

Table 1 summarizes a selected set of most relevant research with a focus on win-back 

operationalization and customer prioritization and highlights the contributions of this 

dissertation. Table 1 shows that our study really is the first one to investigate a non-

traditional, digital service, that it is one of the very few to conjointly analyze acquisition and 

retention and that it has by far backed by the richest sources of data, namely a combination 

of subscription transaction data and experimental data. 
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Table 1: Review of studies on win-back operationalization and customer prioritization 

  Acquisition side Retention side 
Within-
customer 
perspective

Cohort 
perspective

Sample 
size 

Industry Data Model 

Win-back Operationalization 

Stauss and Friege (1999) x -- x -- -- -- -- First conceptual paper 

Griffin and Lowenstein (2002) x x x x -- -- -- Conceptual 

Capraro, Broniarczyk, and 
Srivastava (2003) 

x -- x -- 222 Health insurance Survey data Structural equation model 

Thomas, Blattberg, and Fox 
(2004) 

x -- x -- 566 Newspaper Subscription transaction data Hazard model 

Homburg, Hoyer, and Stock 
(2007) 

x -- x -- 110 Telecommunication Survey data Logistic regression, causal analysis 

Tokman, Davis, and Lemon 
(2007) 

x -- x -- 429 -- Survey data Analysis of variance 

Leach and Liu (2014) x -- x -- 50 B2B salespeople, various industries Qualitative interviews Conceptual 

Kumar, Bhagwat, and Zhang 
(2015) 

x x x -- 53,729 Telecommunication Subscription transaction data + 
one field experiment 

Right-censored Tobit model + probit 
model 

Pick et al. (2015) x -- x -- 6,411 and 
538 

Book club Subscription transaction + 
survey data 

OLS + logit model + censored 
regression 

Kumar, Leszkiewicz, and Herbst 
(2018) 

x -- x -- 10,000 Telecommunication Subscription transaction + 
survey data 

Competing risks survival model 

Customer prioritization 

Zeithaml, Rust, and Lemon (2001) -- -- -- x 796 Financial services Non-subscription transaction 
data + survey data 

Cross-sectional time series model 

Rust, Lemon, and Zeithaml (2004) -- -- -- x 355 Several industries, focus on airlines Survey data Markov switching model 

Yim, Anderson, and Swaminathan 
(2004) 

-- -- -- x 215 Financial services Survey data Factor analysis 

Reinartz, Krafft, and Hoyer (2004) -- -- -- x 306 Several industries Survey data Partial least squares 

Homburg, Droll, and Totzek 
(2008) 

-- -- -- x 310 Several industries Survey data Structural equation model 

Kumar and Reinartz (2016) -- -- -- x -- -- -- Review of existing concepts 

Our Paper x x x x 226,812 
and 
~2.5 

million 

Digital freemium service Subscription transaction data 
+ two field experiments 

AFT model 
 

Annotations: x = applicable; -- = not applicable 
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2.3 Logical Motivation and Theoretical Foundations 

The reason why we put so much weight on a sharp differentiation of the cohort and within-

customer perspectives is that we expect a structural difference between first-lifetime and 

reacquired customers with respect to lifetime durations1. This structural difference is only 

unveiled by the cohort perspective. Figure 3 gives an intuitive illustration of the 

consequences such structural difference has for the analysis of customer value. 

Figure 3: Logical consideration for the relevance of two analytical perspectives 

 

 The curve in Figure 3 depicts a typical distribution of customer value across 

fist-lifetime customers: Some of the first-lifetime customers have a rather low to medium 

                                                 

1 In the context of subscriptions of digital firms, customer value (CV) may relate to the 
profitability of a paying customer to the firm to the word-of-mouth activities with respect 
to the service, to his or her intensity of using the service and thus, of being exposed to 
advertising messages of third parties (see Lee, Clarence, Vineet Kumar, and Sunil Gupta 
(2017), "Designing Freemium: Strategic Balancing of Growth and Monetization."). 
However, essentially, it relates to the duration of being a paying subscriber. 
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customer value while others contribute a high to very high customer value. Especially, for a 

young digital firm, we expect that later reacquired customers provided a low customer value 

to the firm in their first lifetime. Otherwise, they would still be paying subscribers given the 

relatively short time of existence of these firms. In other words, we expect a structural 

difference between first-lifetime and reacquired customers with respect to lifetime duration. 

Such difference becomes evident when there are first-lifetime customers who will not churn 

for a long time and, on the other hand, there is a group of less valuable, rather disloyal, first-

lifetime customers who will churn and partially return as reacquired customers at a later 

point in time (see marked area in Figure 3). 

Under the within-customer perspective, this structural difference would not be 

noticed, because the focus is on the performance of reacquired customers only. Instead, if 

customer value is particularly linked to a customer’s lifetime duration (such as in the case 

of for example, Spotify or Dropbox), customers may even appear to gain in customer value 

passing from their first to their second lifetime (e.g., Kumar, Bhagwat, and Zhang, 2015). 

However, under the cohort perspective, where we compare the customer value of 

reacquired customers and the customer value of first-lifetime customers, who start at the 

same time, the structural difference among customers becomes apparent: the parts of the 

former group of rather disloyal first-lifetime customers have been reacquired. We assume 

that customers have a constant tendency to loyal or disloyal behavior. Thus, these customers 

are now, in their second lifetime, a group of rather disloyal reacquired customers and is 

outperformed in customer value by the group of rather loyal first-lifetime customers. 

Consequently, under the within-customer perspective, managers might misleadingly 

conclude that reacquired customers are a valuable shot, but oversee that they contribute less 

customer value than first-lifetime customers of the same cohort. This can be avoided by 

adopting the cohort perspective. 
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Besides the preceding logical considerations, the suggestion of a structural difference 

between reacquired and first-lifetime customers and thus, the justification for the postulation 

of a new analytical perspective, the cohort perspective, also requires a theoretical 

foundation. Subsequently, we examine theoretical explanations of why such structural 

difference is to be expected. 

We summarize the reasons why reacquired customers may exhibit longer lifetimes 

than first-lifetime customers of the same cohort in Table 2. First, customers may experience 

feelings of regret over their previous decision to terminate a running subscription. Out of 

regret aversion they want to avoid future regret and thus, return as customers and exhibit 

longer lifetimes than first-lifetime customers, who did not experience such feelings of regret 

(see Bell, 1982). Moreover, according to equity theory (see Adams, 1965), if customers 

terminated their initial relationship with the firm because of dissatisfaction with either the 

price or other features of the service and these causes of dissatisfaction can be resolved at 

the point of reacquisition, they perceive more value in the convenience of staying for long 

than they did during their first lifetime and thus, may live even longer than first-lifetime 

customers, who did not have such positive experience with the firm so far. Finally, the theory 

of reciprocity proposes that non-opportunistic customers feel a certain sense of obligation to 

a firm if it invested in them in the past or issued a special win-back offer (e.g., Coleman, 

1990). To meet this obligation, they might stay longer during their second lifetime and 

possibly stay even longer than first-lifetime customers who do not feel this kind of 

obligation. Indeed, Tokman, Davis, and Lemon (2007) find an emotional bias in customers’ 

evaluation of win-back offers such that social capital moderates customers’ value 

perception. 
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On the other hand, reacquired customers might exhibit shorter lifetimes than first-

lifetime customers, which we collect in Table 2: Reacquired customers may exhibit a higher 

degree of self-monitoring than first-lifetime customers, a capacity which Snyder (1974) 

refers to as an individual’s ability to regulate her or his behavior, such that a previously 

planned behavior is actually conducted (e.g. subscribing for a planned span of time). 

Furthermore, reacquired customers’ termination inertia may also be lower than first-lifetime 

customers’, because customers who terminated their relationship with a firm once are more 

prone to terminate the relationship again as they have gained experience with the service’s 

termination policy and consequently perceive lower cognitive switching or termination costs 

(see Burnham, Frels, and Mahajan, 2003). Last, price discounts, giveaways, or free trial 

months at each start of a new subscription can amplify customers’ deal-hunting affinity (e.g., 

Becker, Spann, and Schulze, 2015) and trigger a behavior of repeated subscription 

termination and re-subscription which again results in shorter second lifetimes. This implies 

a self-selection of less valuable, deal-hunting affine customers to the group of reacquired 

customers with two or even more lifetimes and a self-selection of customers who are less 

interested in discounts to the group of first-lifetime customers with high longevity.  

We found genuine arguments for a structural difference among customers in both 

directions. Whether one or the other side of theoretical explanations dominates is likely 

service specific and we will, for our case, discuss these arguments again in the results 

section.  

We sum up the reasons of differences in lifetime duration of reacquired and first-

lifetime customers in Table 2. 
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Table 2: Theoretical explanations for the need of the cohort perspective – differences in 

lifetime durations between reacquired and first-lifetime customers 

Reacquired customers have longer lifetime 
durations than first-lifetime customers 

because: 

Reacquired customers have shorter 
lifetime durations than first-lifetime 

customers because: 

Regret aversion 

Lapsed customers regret termination 
decision and aim to avoid future regret 
by adapting or reversing this decision 
(Bell, 1982)  
 First-lifetime customers’ LD < 

Reacquired customers’ LD 

Self-monitoring 

Some customers exhibit a higher 
capability of self-monitoring; that is, 
they are better at converting intentions 
into actions (e.g., only purchase 
according to their need) (Ajzen, Timko, 
and White, 1982) 
 First-lifetime customers’ LD > 

Reacquired customers’ LD 
Equity 

Price- or service-related issues are 
resolved; reacquired customers perceive 
more value in the convenience of 
staying(see Adams, 1965) 
 First-lifetime customers’ LD < 

Reacquired customers’ LD 

Experience with termination process 

Going through the process of 
termination is nothing new to reacquired 
customers. Therefore, they are more 
likely to do so again (see Burnham, 
Frels, and Mahajan, 2003). 

 First-lifetime customers’ LD > 
Reacquired customers’ LD 

Reciprocity 

If reacquired customers received more 
promotional incentives in the process of 
re-acquisition than first-lifetime 
customers in the process of initial 
acquisition, norms of reciprocity may 
lead to a more loyal behavior of a non-
opportunistic customer (see Gouldner, 
1960). 

 First-lifetime customers’ LD < 
Reacquired customers’ LD 

Deal hunting 

Every new subscription offers an 
incentive (e.g., discount in first year), 
which may trigger repeated termination 
and resubscription behavior (see Becker, 
Spann, and Schulze, 2015). 

 First-lifetime customers’ LD > 
Reacquired customers’ LD 

 

Additionally, customers might exhibit longer (respectively shorter) lifetimes because 

the service has gained in (decreased its) attractiveness over time or because market 

conditions changed. Especially digital firms constantly update their web pages (e.g., the 

design or functionality), which might impact the duration of a lifetime. However, for the 

sake of simplicity, we assume that first and second lifetime customers are equally affected 

by such updates.  
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3 WIN-BACK ASSESSMENT FRAMEWORK USING THE COHORT 

PERSPECTIVE 

3.1 Construction 

Our framework imbeds the balancing decision between first-lifetime and reacquired 

customers into the interplay of acquisition and retention and compares its results to customer 

equity of the analyzed cohort. Methodologically, our assessment framework builds on two 

components which reflect cohort customer equity (CCE) of the analyzed cohort: first, the 

firm’s acquisition score (AS) and second, the firm’s retention value score (RVS). The 

acquisition score (AS) mirrors a firm’s realized acquisition potential and relates to the 

number of acquired first-lifetime customers (nf) compared to the number of reacquired 

customers (nr) in a certain cohort, as shown in Equation (1). The retention value score (RVS) 

relates to the average customer value of first-lifetime customers (Øcvf) and reacquired 

customers (Øcvr) in that cohort, as shown in Equation (2): 

(1) Acquisition score: AS , and 

(2) Retention value score: RVS
∅ ∅

∅ ∅
. 

The values for the acquisition score and the retention value score range between –1 

and +1. Zero serves as threshold. A positive acquisition score indicates that a firm attracts 

more reacquired customers, which is an indicator for a firm in the maturity or decline phase 

of its business life cycle. Then, win-back is highly relevant. If the firm has a negative 

acquisition score, it is not as strong in the acquisition of reacquired customers as it is when 

it comes to acquiring first-lifetime customers. This can be viewed as an indication for a firm 

in its introduction or growth phase. The retention value score, is measured as the difference 

between the average customer value of reacquired and first-lifetime customers. A positive 
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retention value score indicates that reacquired customers outperform first-lifetime customers 

acquired around the same point in time with respect to customer value. In many subscription 

contexts, this means that reacquired customers are characterized by especially high longevity 

or the firm rather attracts first-lifetime customers, who churn fast.  

Both scores form the axes of our framework in Figure 4. We expect that for a typical 

business life cycle, a firm moves from the lower left to the upper right region over time. 

Figure 4: Win-Back assessment framework 

 

3.2 Relating Acquisition Score and Retention Value Score to Cohort Customer 

Equity 

To measure the overall performance of the firm and thus, the success of CRM-activities, 

customer equity is probably the most suitable measure (see Rust, Lemon, and Zeithaml, 

2004). Calculated for each cohort separately (therefore, subsequently referred to as cohort 
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customer equity (CCE), its value is the sum of individual CVs (cvi) of all customers 

(reacquired and first-lifetime) in one cohort, as in Equation (3).  

(3) CCE ∑ ∑ n ∙ ∅cv n ∙ ∅cv  

The acquisition and retention value scores have a clear relation within the measure 

of cohort customer equity. Solving Equations (1) and (2) after nr and ∅cvr, respectively, 

yields  

(4) ∙ n 	and	∅cv ∙ ∅cv . 

Now substituting Equation (4) into Equation (3) yields: 

(5) CCE n ∙ ∅cv ∙ 1 ∙ . 

Equation (5) outlines that the acquisition score and the retention value score are good 

measures of the additional value that is realized through win-back activities in a studied 

cohort. For illustrative purposes we extract the part of equation (5) that represents the 

additional percentage of cohort customer equity gained through win-back activities and label 

it win-back value (WBV) as in Equation (6): 

(6) WBV= ∙ . 

3.3 Numerical Example 

Using a simple numerical example shown in Table 3, we outline the usefulness of the win-

back assessment framework by presenting three illustrative scenarios. The three scenarios 

have been designed to demonstrate the function of the two scores: the acquisition score (AS) 

represents the acquisition potential and thus, to some extent also the current market 
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conditions. The retention value score (RVS) stands for a firm’s retention capacity and by 

that, also for the overall loyalty of a firm’s customer base.  

First, we consider a growth phase scenario (see Table 3): it consists of 700 first-

lifetime and 300 reacquired customers, resulting in an acquisition score of –.40. For reasons 

of simplicity, for now, we leave the retention value score aside and assume that customers 

in both groups contribute the same value (in the example, with an arbitrary value of 5.50€) 

resulting in a retention value score of .00. That assigns a position of [-.40; .00] to the firm, 

which is below the x-axis in one of the two lower squares of the framework. The position in 

the win-back assessment framework is informative about the added value through win-back 

activities (WBV). Thus, the corresponding value of win-back is 42% (= (-0.4+1)/(-0.4-

1)∙(0+1)/(0-1)). Spoken differently, an additional 42% of the cohort customer equity is 

provided by reacquired customers. 
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Table 3: Numerical example 

 Parameter Growth phase scenario Maturity and decline phase 
scenario 

+ Disloyal customer scenario 

Acquisition score nf  700 300 300 
nr 300 700 700 
AS –.40 [= (300 – 700)/(700 + 300)] .40 [=–(700 – 300)/(700 + 300)] .40 [= (700 – 300)/(700 + 300)] 

Retention value score Øcvf  5.50€ 5.50€ 5.50€ 

Øcvr  5.50€ 5.50€ 3.50€ 

RVS .00 [= (5.50€ – 5.50€)/(5.50€ + 
5.50€)] 

.00 –.22 [= (3.50€ – 5.50€)/(3.50€ + 
5.50€)] 

Overall performance  WBV (-.40 + 1.00)/(-.40 – 1.00)·(.00 + 
1.00)/(.00 – 1.00)=.43 

(.40 + 1.00)/(.40 – 1.00)·(.00 + 
1.00)/(.00 – 1.00)=2.33 

(-.40 + 1.00)/(-.40 – 1.00)·(.00 + -
.22)/(.00 – -.22)=3.65 

CCE a 5.50€ x 700 + 5.50€ x 300=5,500€ 5.50€ x 700 + 5.50€ x 300=5,500€  5.50€x 300 + 3.50€ x 700 = 4,100€ 

a Aggregated calculation only for numerical example. In the model, CCE is estimated for each customer individually. 
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Figure 5: Locating the three scenarios on the win-back assessment framework 

 

In the second scenario in Table 3, the maturity and decline phase scenario, we flip the 

number of first-lifetime and reacquired customers such that the firm now acquires more ex-

customers than first-lifetime customers and finds itself in one of the two upper squares of 

the framework. To keep it simple, we again assume a retention value score of .00. On the 

win-back assessment framework, the firm’s coordinates are now [.40; .00] (see Figure 5), 

indicating a shift from first-lifetime customers as the major value generators to reacquired 

customers with an added CCE value of 233% (=WBV). 

The third scenario extends the maturity and decline phase scenario by assuming that 

the majority of the acquired customers (i.e., reacquired customers) are disloyal, resulting in 

a retention value score of –.22. The firm’s position on the win-back assessment framework 

is now in the undesired upper-left-hand square, where they attract more of the less-valuable 

customers, indicating non-optimal resource allocation (see Figure 5). Here, win-back 

activities provide an added value (WBV) of 156%. Transferred to the framework proposed 

by Stauss and Friege, 1999, the firm then encounters a situation in which more valuable 
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customers are not targeted and therefore are “unintentionally pushed away. Firms should 

therefore avoid the upper left and lower right squares of the framework and take the 

appropriate actions to stay in one of the squares on the anti-diagonal. 



35 
 

 

4 EMPIRICAL STUDIES 

For employing the win-back assessment framework, we need to derive the acquisition and 

retention scores for the time of interest. While firms can simply compute the acquisition 

score by counting the number of first-lifetime and reacquired customers for each cohort, the 

derivation of the other components of the win-back assessment framework, the retention 

value score and the win-back value, is more challenging, but requires empirical data, a 

statistical estimation procedure and the adoption of the cohort perspective for all analyses. 

For that purpose, we designed two empirical studies. 

In the first study, we use transactional data to demonstrate the derivation of the 

retention value score and the additional value of win-back and examine the overall relevance 

of win-back and thus, demonstrate the importance of using the cohort perspective by 

contrasting the results to the ones of the within-customer perspective. We also we outline 

how managers can assess the future performance of their current win-back strategy by 

forecasting the firm’s position on the framework given the current win-back strategy is 

maintained.  

In the second empirical study, we use a field experiment, which we conducted 

together with the firm of the first study to illustrate how managers can actively induce certain 

movements on the framework. Subsequently, we present the service context, market 

conditions, the data, the modelling approach, and the results of the two empirical studies. 

4.1 Service Context 

The business context to our data sets is a European online freemium service company which 

offers a basic version of its service for free use and an extended set of service functionalities 

under a paid “premium” version. To access these advanced functional capabilities of the 
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service, basic users must upgrade to a paid premium version for either three or twelve 

months. The monthly fee of the 12-month plan is slightly less expensive (~2€ per month) 

than that of the 3-month plan, and both plans automatically renew for the chosen period until 

termination. As lifetime, we consider each started paid subscription. Automatic renewal is 

never considered as a new lifetime. To start a second lifetime, the first subscription needs to 

be deliberately terminated and afterwards another subscription must be started. Hereinafter, 

we use the terminology “basic users” and “customers” to distinguish non-free from paying 

users.  

Customers very rarely delete their account after terminating a subscription, such that 

we can confidently assume that they become a basic user after terminating their subscription. 

Since setting up an account requires some effort by the customer (e.g., similar to LinkedIn, 

where customers have to set up their network and enter information), basic users as well as 

customers typically have exactly one account. Thus, deal-hunting by creating several free 

accounts is not an issue. 

As common for many purely digital services, such as LinkedIn Premium, Evernote 

Premium, and Chess.com, variable costs for retaining and serving individual customers are 

close to zero, and they are about the same as serving a basic user. The paid subscriptions are 

mainly advertised through banners, when logging into the service or newsletters, such that 

we can neglect related acquisition costs. For simplicity, we only include costs that are 

directly accountable to individual customers. Thus, the only costs we consider are discounts 

on the first subscription period. Another important feature of the data is that the firm’s 

marketing activities treated first-lifetime and reacquired customers the same, which implies 

that endogeneity is not a concern. Even though these characteristics were beneficial for our 

analysis, they do not limit the general applicability of the framework. For example, analysts 
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of other services may account for costs for retaining customers or for a more competitive 

market by incorporating information about competitors’ promotional offers.  

4.2 Market Conditions 

At least for the time frame observed in our data set, the freemium service operates in a 

monopolistic setting, similar to LinkedIn Premium; that is, it provides a unique service and 

does not stand in direct competition with another service. Consequently, we do not need to 

incorporate possible tariff switching behavior due to competitors’ promotional offers. 

Despite the lack of competition in the market, the service observed a slight deterioration of 

customer retention over time. As Table 4 shows, the decrease of customer survival rate by 

an average of .01 percentage points for both 3-month plans and 12-month plans between 

2011Q2 and 2014Q1 is significant (p<.01) and probably mirrors a development of the 

market which could be caused by a shift in consumer behavior in digital markets between 

2011 and 2014 towards more active participation where consumers more frequently question 

their expenses for digital services and consequently lower retention rates (For the interested 

reader, the original survival rates for both subscription plans are displayed in Table 5 and 

Table 6). To investigate the drivers of this effect would go beyond the topic of this project 

and also beyond our data capacities, but it could be an interesting starting point for further 

research. 

Table 4: Excerpt from OLS regression on survival rates of 3-and 12-month plans 

  3-month plans 12-month plans 

Variable name coefficient SE coefficient  SE 

cohort -.01 *** .00 -.01 *** .00 

time index -.04 *** .00 -.13 *** .01 
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Table 5: Observed survival rates for customers in a 3-month plan (cohorts 2011Q2 – 2014Q1) 

  
Cohort 

 
  

 
                  

 
  

t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1

  
S(t) 
obs.a 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

1 .84 .81 .79 .82 .87 .87 .79 .86 .73 .77 .85 .82
2 .64 .62 .63 .65 .67 .67 .59 .63 .54 .58 .60 .60
3 .52 .52 .55 .56 .56 .56 .49 .50 .45 .49 .50 .48
4 .46 .47 .49 .51 .49 .50 .43 .43 .39 .43 .44 .41
5 .41 .42 .45 .46 .45 .44 .38 .38 .35 .39 .39 .37
6 .38 .39 .42 .43 .41 .41 .34 .34 .31 .35 .35 .33
7 .35 .36 .39 .39 .37 .38 .32 .31 .28 .33 .32 .30
8 .33 .34 .37 .37 .35 .35 .29 .27 .25 .30 .29 .23
9 .30 .32 .35 .35 .33 .33 .26 .24 .23 .20 .22

10 .29 .30 .33 .33 .31 .31 .24 .22 .20 .17
11 .27 .28 .32 .31 .29 .29 .22 .19 .09
12 .25 .27 .30 .30 .27 .27 .15 .14 
13 .24 .26 .29 .28 .25 .25 .11  

14 .23 .25 .27 .26 .24 .16  

15 .22 .23 .26 .16 .17  

16 .20 .22 .17 .13  

17 .19 .21 .10  

18 .17 .11   

19 .10               
a observed survival rate S(t) 
Annotations: t is counted in steps of three months. 
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Table 6: Observed survival rates for customers in a 12-month plan (cohorts 2011Q2 – 2014Q1) 

t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1

  
S(t) 
obs.a 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

S(t) 
obs. 

1 .92 .92 .93 .92 .93 .92 .93 .90 .90 .88 .88 .87
2 .76 .76 .76 .76 .76 .75 .74 .71 .72 .69 .68 .58
3 .65 .67 .66 .66 .67 .65 .64 .52 
4 .59 .60 .59 .54                 

a observed survival rate S(t) 
Annotations: t is counted in steps of 12 moths



40 
 

 

4.3 Empirical Study 1 

In empirical study 1, we derive the main components of the win-back assessment 

framework, namely the acquisition score and the retention value score as well as the win-

back value from the firm’s subscription data. Furthermore, we estimate customers’ lifetime 

duration under the cohort perspective and provide empirical evidence for the relevance of 

distinguishing between the cohort and the within-customer perspectives. 

4.3.1 Data 

We compile two different data sets for our first empirical study. Both data sets have been 

collected in cooperation with a European online freemium service provider (a non-disclosure 

agreement prevents us from naming the firm). In the following, we provide descriptive 

insights from both data sets. 

4.3.1.1 Subscription Transaction Data 

The transaction data comprise all right-censored subscriptions, which started during the 

seven-year time span from January 1, 2009, to March 31, 2016 and use only those customers 

who registered as new basic users after January 1, 2009. We chose this approach to avoid 

false classification of first-lifetime customers. We removed third-, fourth-, and later-lifetime 

customers because, although they are certainly of scientific interest, they represent only 

2.23% of all subscriptions.  

We organize the data into cohorts of three months length and concentrate our 

analysis on the 226,812 customers, who started in the twelve cohorts between April 1, 2011 

(labeled 2011Q2) and March 31, 2014 (labeled 2014Q1). We label the cohorts by their 

starting point, such that the exemplary cohort 2012Q4 contains the lifetimes of all customers 
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that started in the final quarter of 2012. Since each cohort contains the lifetimes (i.e. time 

series of transactions) of all customers in that cohort, it covers data points from the starting 

point of the respective cohort until our censoring date (31/03/2016). We chose to focus our 

analysis on the cohorts 2011Q2 – 2014Q1 because they are in the middle of our data’s time 

horizon, which ensures a sufficiently large pre- and post-sample for our analysis: The pre-

sample (before 2011Q2) is needed because our earliest cohorts are from the time when our 

firm was founded and naturally mainly acquired first-lifetime customers. Using these early 

cohorts would thus inhibit our cohort-wise comparison of first-lifetime and reacquired 

customers. On the other hand, we require a post-sample (i.e., after 2014Q1) because, given 

the nature of lifetime data, where each lifetime is essentially a time series of transactions 

that ends latest on our censoring date, we could not use the cohorts after 2014Q1, since those 

contain only lifetimes with a too short observation period and thus, too few data points. 

Table 7 provides descriptive statistics of each cohort and the resulting acquisition scores. 
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Table 7: Descriptive statistics of studied cohorts 

Cohort 

Number of 
first-
lifetime 
customers 
starting a 
new 
subscription 

Number of 
reacquired 
customers 
starting a 
new 
subscription

Percentage 
of first-
lifetime 
customers 
with a 12-
month 
plan 

Percentage 
of 
reacquired 
customers  
with a 12-
month 
plan  

Percentage 
of right-
censored 
first-
lifetime 
customers  

Percentage 
of right-
censored 
reacquired 
customers  

AS 

2011Q2 18,847               1,257   67.49% 41.05% 42.09% 21.47% -.87

2011Q3 18,306               1,323   57.43% 46.26% 42.64% 29.36% -.87

2011Q4 15,934               1,328   51.92% 37.20% 42.63% 24.28% -.85

2012Q1 17,785               1,603   55.69% 38.80% 45.18% 23.58% -.83

2012Q2 15,836               1,614   58.84% 43.99% 46.56% 27.19% -.82

2012Q3 14,235               1,507   62.57% 48.18% 47.13% 30.61% -.81

2012Q4 15,506               1,822   53.97% 39.63% 43.10% 26.05% -.79

2013Q1 14,704               1,749   59.85% 45.52% 42.96% 23.50% -.80

2013Q2 16,971               2,273   56.09% 42.45% 45.06% 28.81% -.76

2013Q3 15,248               2,229   54.68% 41.68% 47.58% 31.15% -.74

2013Q4 17,501               2,520   58.84% 43.98% 50.49% 39.12% -.82

2014Q1 23,456               3,258   68.74% 58.96% 52.95% 41.31% -.76

Annotation: The firm issues only 3- and 12-month subscriptions. 

The data cover customer-specific information, such as age and gender, as well as 

subscription-related information, such as the monthly subscription fee (which we refer to as 

price) and the discount issued in the first subscription period. Infrequently, the firm also 

offered “free trials,” in which users could test the premium version of the service free of 

charge for a certain period—sometimes advertised as birthday present. To avoid an 

undesired bias in our estimation, these free trials were not counted as lifetimes. Discounts 

and prices systematically differ between subscription plans. Both variables also vary over 

time. However, the variation of prices over time is mainly caused by price changes and 

therefore only visible between cohorts. In contrast, discounts also vary across customers 

within a cohort. We summarize the data of our control variables in Table 8.  
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Table 8: Descriptive statistics of subscription-related information 

Cohort 

Average 
price of 3-
month plan 
(SD) 

Average 
price of 12-
month plan 
(SD) 

Discount 
received in 
first period in 
a 3-month 
plan (SD) 

Discount 
received in 
first period in 
a 12-month 
plan (SD) 

Percentage 
of 
customers 
with free 
trials before 
current 
subscription

2011Q2 7.91 (.19) 6.93 (.15) 23.57% (.10) 26.79% (.11) 34.29%
2011Q3 7.93 (.13) 6.93 (.12) 19.11% (.12) 26.46% (.11) 29.45%
2011Q4 7.95 (.05) 6.95 (.05) 14.46% (.13) 26.25% (.09) 28.34%
2012Q1 7.95 (.01) 6.95 (.01) 19.04% (.14) 24.06% (.08) 25.64%
2012Q2 7.95 (.01) 6.95 (.01) 29.95% (.12) 27.83% (.11) 24.85%
2012Q3 7.95 (.00) 6.95 (.05) 28.31% (.11) 26.84% (.11) 24.77%
2012Q4 7.95 (.00) 6.95 (.03) 19.17% (.17) 27.21% (.10) 24.22%
2013Q1 7.95 (.00) 6.95 (.02) 27.49% (.11) 25.81% (.10) 21.29%
2013Q2 8.30 (.76) 7.23 (.45) 15.54% (.17) 28.84% (.12) 22.47%
2013Q3 9.93 (.22) 7.92 (.16) 16.81% (.13) 23.87% (.09) 22.07%
2013Q4 9.95 (.06) 7.95 (.01) 31.43% (.14) 34.76% (.14) 21.76%
2014Q1 9.95 (.00) 7.95 (.01) 31.65% (.14) 35.56% (.14) 20.65%

 

Popular survival models (e.g., Fader and Hardie, 2010) assume that churn rates of a 

cohort are strictly decreasing over time. However, in contrast to that assumption, they peak 

in the second period for our analyzed firm (see Figure 6 for the exemplary cohort 2012Q4), 

and then decrease unsteadily, which poses a challenge to statistical modelling. 
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Figure 6: Observed churn rates for 3- and 12-month plans (cohort 2012Q4) 

 

 

To prove that these forms of churn rates are typical for our data, we present churn 

rates for 3- and 12-month plans in cohorts 2011Q2 – 2014Q1 in Table 9 and Table 10. We 

suspect, that this peculiar peak in period two (t=2) is caused by the customers’ reaction to 

the discount scheme of our freemium service provider: the initial discount a customer 

usually receives on the monthly subscription fee ends after the first period of the 

subscription; i.e. after three months under a 3-month plan and respectively after twelve 

months under a 12-month plan, customers are charged the full subscription fee. We believe 

that therefore, customers are especially prone to terminate the subscription after they have 

paid the full subscription fee for the first time. Since we do not have insights into customers’ 

motives regarding that behavior, we cannot further investigate this peak, but will reflect it 

in our statistical model.  
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Table 9: Observed churn rates for customers in a 3-month plan (cohorts 2011Q2 – 2014Q1) 

  Cohort                       
t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1
1 .16 .19 .21 .18 .13 .13 .21 .14 .27 .23 .15 .18
2 .23 .22 .21 .20 .22 .23 .24 .26 .25 .24 .29 .27
3 .18 .16 .13 .13 .17 .16 .16 .20 .18 .16 .16 .19
4 .13 .11 .10 .10 .12 .11 .12 .14 .13 .12 .12 .14
5 .10 .09 .08 .09 .09 .11 .12 .12 .11 .10 .11 .11
6 .07 .08 .07 .07 .08 .09 .10 .10 .09 .08 .10 .10
7 .09 .06 .07 .08 .09 .08 .08 .11 .10 .07 .08 .08
8 .07 .07 .06 .07 .08 .06 .08 .11 .08 .08 .08
9 .07 .06 .05 .06 .06 .07 .10 .10 .09 .07

10 .07 .07 .05 .05 .07 .06 .08 .12 .10
11 .07 .06 .05 .05 .06 .06 .09 .11 
12 .06 .05 .04 .05 .06 .06 .08  
13 .05 .04 .05 .05 .06 .05
14 .06 .05 .05 .04 .06
15 .05 .05 .04 .06
16 .06 .05 .04 
17 .06 .05  
18 .07                       

Annotations: churn rate=number of churned customers / number of customers still alive at the beginning of the regarded period. Time index t counts in steps of three months. 

 

 

 

 



46 
 

 

Table 10: Observed churn rates for customers in a 12-month plan (cohorts 2011Q2 – 2014Q1) 

  Cohort                       
t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1
1 .08 .08 .07 .08 .07 .08 .07 .10 .10 .12 .12 .13
2 .17 .17 .17 .17 .18 .18 .20 .21 .19 .20 .21 .23
3 .14 .12 .13 .13 .11 .12 .12 .17 
4 .09 .09 .09 .11                 

Annotations: churn rate=number of churned customers / number of customers still alive at the beginning of the regarded period. Time index t counts in steps of twelve months.
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4.3.1.2 Customer Activity Data 

Extant research on customer win-back has shown that parameters of customer behavior are 

an important indicator of customer retention (see Campbell and Frei, 2010). To account for 

this insight, we merged our transaction data set with a data set containing detailed 

information about customers’ usage of the service. Analogously to the transaction data set, 

the merged data set is organized in cohorts of three months length and covers the time from 

April 1, 2011 to March 31, 2014. During this time, we observe in total 36,036 customers 

and their usage of the service. Analogously to Table 7, Table 11 provides descriptive 

statistics of each cohort, the resulting acquisition score and the average deviation compared 

to the initial transaction data set presented in Table 7. Both data sets are similarly distributed 

with respect to right-censoring and customers’ choice of subscription plans. The share of 

reacquired customers in each cohort is on average 46.87% higher in the compiled activity 

data set than in the initial transaction data set. That deviation is caused by an incomplete 

matching of both data sets which we cannot control for. Still, the deviation could indicate 

some kind of selection bias and might negatively affect the quality of our estimation results 

when parameters of customer activity are included.
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Table 11: Descriptive statistics of studied cohorts after compilation with activity data set 

Cohort 

Total 
number of 
customers 
starting a 
new 
subscription

Percentage 
of 
reacquired 
customers 
starting a 
new 
subscription

Percentage 
of first 
lifetime 
customers 
with a 12-
month 
plan 

Percentage 
of 
reacquired 
customers 
with a 12-
month 
plan 

Percentage 
of right-
censored 
first-
lifetime 
customers  

Percentage 
of right-
censored 
reacquired 
customers  

Acquisition 
score 

2011Q2           1,687   12.63% 66.71% 39.61% 43.27% 22.19% -.75
2011Q3           1,406   16.29% 58.97% 43.65% 43.74% 27.82% -.67
2011Q4           1,191   21.41% 52.77% 37.37% 44.07% 25.05% -.57
2012Q1           3,303   15.29% 58.13% 38.38% 46.26% 23.57% -.69
2012Q2           2,532   17.46% 62.82% 48.77% 48.00% 24.96% -.65
2012Q3           2,082   20.46% 62.43% 47.40% 48.89% 30.19% -.59
2012Q4           2,228   20.29% 54.43% 41.03% 43.91% 25.95% -.59
2013Q1           3,665   17.93% 60.56% 42.04% 44.11% 24.27% -.64
2013Q2           3,660   19.78% 57.19% 41.92% 46.38% 28.88% -.60
2013Q3           3,211   21.64% 56.02% 40.97% 48.61% 29.83% -.57
2013Q4           3,625   22.34% 67.64% 55.53% 51.61% 38.59% -.55
2014Q1           7,446   17.24% 68.44% 57.33% 53.97% 41.50% -.66
Average 
deviation 
compared 
to Table 
7a 

-673.10% 46.87% 2.65% .41% 2.58% -.99% -28.31%

a Average of deviation between Table 7 and Table 11 over cohort 2011Q2 to 2014Q1 measured in %. 
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The compilation with the activity data expanded the initial transaction data by four 

new variables which were tracked for each individual customer covering the years from 

2009 to 2014. Precisely, we were provided with the annual total of messages sent by each 

customer, the annual total of messages received by each customer, the annual total of logins 

each customer completed and the percentage change in the total number of contacts each 

customer accumulated between one year and the previous. Table 12 displays the mean and 

standard deviation for the four activity variables between 2011 and 2014 for first-lifetime 

and reacquired customers as well as the deviation between the two groups. Table 12 also 

provides first descriptive proof of the systematic difference between first-lifetime and 

reacquired customers, which we expect from our theoretical considerations. That difference 

also becomes visible in customers’ usage of the service. For three of the four variables, 

reacquired customers seem to more actively use the service than first-lifetime customers. 

The only exception is that first-lifetime customers are more active in accumulating new 

contacts than reacquired customers for most of the years covered by our data set. 
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Table 12: Descriptive statistics of activity variables by first-lifetime and reacquired customers 

Year Annual average of messages 
sent 

Annual average of messages 
received 

Annual average of logins Annual average change in 
number of contacts  

First-
lifetime a 

Reac. a Dev. b 
(%) 

First-
lifetime 

Reac. Dev. 
(%) 

First-
lifetime 

Reac. Dev. 
(%) 

First-
lifetime 

Reac. Dev. 
(%) 

  Mean 
(SD)* 

Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

2011 37.96 
(454.52)

49.3 
(255.15) 

-29.87 26.63 
(84.24)

38.79 
(114.66)

-45.64 55.07 
(73.75) 

96.47 
(104.80)

-75.19 2.27% 
(5.76)

2.80% 
(13.52)

-23.15

2012 39.76 
(217.26)

55.84 
(329.43) 

-40.45 34.56 
(123.60)

47.92 
(235.96)

-38.65 93.58 
(110.76) 

138.33 
(133.40)

-47.81 3.65% 
(20.29)

2.17% 
(25.33)

40.63

2013 38.00 
(338.72)

44.43 
(221.91) 

-16.92 33.87 
(106.85)

40.83 
(111.96)

-20.56 107.29 
(116.49) 

152.27 
(139.36)

-41.93 15.95% 
(15.95)

1.75% 
(11.53)

42.53

2014 33.20 
(238.41)

36.65 
(191.78) 

-10.39 28.69 
(93.15)

33.65 
(90.39)

-17.32 108.62 
(121.74) 

144.3 
(140.28)

-32.85 2.00% 
(17.17)

0.88% 
(4.80)

56.06

Avg. 37.23 
(312.23)

46.56 
(249.57) 

-24.41 30.94 
(101.96)

40.3 
(138.24)

-30.54 91.14 
(105.69) 

132.84 
(129.46)

-49.45 3.00% 
(14.79)

1.90% 
(13.79)

29.02

a First-lifetime=first-lifetime customers; Reac.=reacquired customers; 
b Dev.=Deviation (=Mean First-lifetime customers – Mean Reacquired customers)/(Mean First-lifetime customers) measured in % 
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4.3.2 Model 

In the next step, we detail our statistical modeling approach and all entering variables and 

outline how we select the different samples for the within-customer and cohort perspectives.  

Of the two components of our framework, we derive the acquisition score directly 

from the data, while for the retention value score, we require an estimation procedure. This 

raises three challenges. First, given that our data are right-censored, customers’ churn 

decisions are unobserved if they happened after March 31, 2016. Second, we must account 

for observed heterogeneity and incorporate customer-specific information as well as 

promotional offers, the choice of subscription plan, and, in the case of reacquired customers, 

information their about previous lifetime. Finally, we must account for unobserved 

heterogeneity and non-strictly decreasing churn rates. 

4.3.2.1 Statistical Modelling 

For predicting time to churn (i.e., lifetime duration) and for deriving customer value, we use 

an accelerated failure time (AFT) model, i.e., a parametric model based on Prentice et al. 

(1978). The accelerated failure time model provides an attractive alternative to the probably 

more popular Cox proportional hazard model, because an accelerated failure time model 

assumes that the effect of a covariate is to accelerate or decelerate the time to churn. This is 

especially appealing where the time to churn is a result of some mechanical process with a 

known sequence of intermediary stages. Cox proportional hazard model is rather unsuitable 

for our purpose, because it assumes that covariates have a multiplicative effect on customer 

hazard. Thus, its results are less intuitive to interpret and it mainly allows the analysis of the 

direction and level of significance of the effect of covariates on customers’ risk to terminate 

their relationship with a firm; it does not provide a prediction of time to churn (see Cox, 
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1972). For the latter reason, we also decided against the Tobit model. Moreover, we decided 

against various models for predicting customer lifetime value by Fader and Hardie (2010) 

since they are not designed to handle non-strictly decreasing churn rates as we describe them 

in our data section (see Figure 6, Table 9, Table 10).  

For a set of customers, described by covariates Xi, the accelerated failure time model 

(see Wei, 1992) is mathematically expressed as  

(7) . 

Where Si(t) is the survival probability of customer i, in which the “t” denotes that the 

survival probability varies over time, S0(t) is the baseline survivor function and φi is an 

acceleration factor that depends on the covariates according to the formula 

(8) exp	 X ∙ β . 

Covariates Xi can shrink or stretch the survivor function along the time axis. In 

Equation (8), we also account for unobserved heterogeneity among customers and 

implement the frailty extension through parameter αi that has been suggested by Hougaard 

(1984). Hereby, we define that this parameter follows a gamma distribution 

(α ~gamma 1, θ ), where θ captures the respective shape of the distribution. For predicting 

time to churn Ti, we follow Bradburn et al. (2003) and rewrite the model as being log-linear 

with respect to time to churn giving  

(9) ln T X ∙ β ε ∙ ,  

where ε  is a measure of (residual) variability in the time to churn and σ is a scale 

parameter. Thus, time to churn can be seen as multiplied by a constant effect and the 

exponentiated coefficients exp(β) are referred to as time ratios.  
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We calculate customer value (CVi) in Equation (10) as the sum of net present value 

of the monetary revenues mit generated by customer i discounted with interest rate r 

accounting for survival probability  over Cmax periods, whereas Cmax is a sufficient 

large number (in our empirical study: 20, i.e., five years): 

 (10) CV ∑ m ∙ . 

We acknowledge that customers and basic users provide value beyond their 

payments through, e.g., word of mouth, co-production, network effects, and attention. 

However, the subscription fees contribute the lion’s share of the firm’s income and we aim 

to demonstrate the general applicability of the win-back assessment framework beyond the 

specific freemium subscription context, such that we leave the consideration of additional 

factors that drive customer value to future research.  

Every three months, customer i generates monetary revenues mit that depend on the 

monthly subscription fee pi and the initial discount di on the first subscription period: 

(11) m

3 ∙ p ∙ 1 d , if	 t 0 	&	3-month plan
3 ∙ p ,																			if	 t 0 	&	3-month plan
3 ∙ p ∙ 1 d , if	 t 3 	&	12-month plan
3 ∙ p ,																			if	 t 3 	&12-month plan

. 

Subsequently, we applied our models of time to churn and customer value separately 

for each time cohort, i.e., we analyze the lifetime durations of customers who were 

(re)acquired within a respective 3-month period of time (i.e., customers from one cohort). 

4.3.2.2 Sample Selection 

Figure 7 illustrates the distinction in sample selection between the cohort and the within-

customer perspectives. Under the cohort perspective, we regard both first-lifetime and 

reacquired customers that started their current subscription during the analyzed cohort. In 
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contrast, under the within-customer perspective, we restrict the sample to reacquired 

customers that started their second lifetime during the 3-month period of interest and include 

all information about their respective first lifetime as covariates. In line with our definition 

of the within-customer perspective, we ignore first-lifetime customers of the same cohort.  

Figure 7: Sample selection under within-customer and cohort perspective 

 

4.3.2.3 Baseline Distribution Selection and Model Performance 

The baseline survival function  in Equation (7) is usually assumed to follow a 

specific distributional form in the accelerated failure time model. Frequently used candidates 

are the exponential, Weibull, lognormal, and log-logistic distributions (see Farewell and 

Prentice, 1977), which differ in their assumptions about how customer i’s individual 

probability to terminate his or her subscription is distributed over time. The exponential 

distribution assumes a constant probability over time, the Weibull distribution accounts for 
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a constant increase or decrease in the probability to terminate; and the log-normal as well as 

the log-logistic distributions assume a non-monotonic probability that first increases and 

then decreases.  

We identified the log-normal distribution as most suitable, because it always 

converged and was among the top two distributions for nearly all cohorts according to the 

Akaike and Bayesian information criteria and the log-likelihood value. Table 13 summarizes 

the performance of the four distributions of failure time, which we tested for each of our six 

different model specifications of the AFT model. Precisely, we compare performance in 

Table 13 by counting the times the respective distribution performed best in each of the 

twelve cohorts (2011Q2 – 2014Q1) analyzed. For further interest, we provide a detailed 

overview of model performance in Table 14, Table 15 and Table 16. 

Table 13: Summary of the performance of the lognormal disribution for all versions of the 

model 

Distribution 
of individual 
failure time 

Within-customer perspective Cohort perspective 

Baseline 
model 

Model 
including 
activity data 

Dummy 
model 

Dummy 
model 
including 
activity data 

Magnitude 
model 

Magnitude 
model 
including 
activity data 

Exponential 0 0 0 0 0 0 

Weibull 0 0 2 1 2 1 

Lognormal 12 12 8 10 9 10 

Log-logistic 0 0 2 1 1 1 

Annotations: Since the maximum number of analyzed cohorts is twelve, the total of each column is always 
twelve. Whenever the lognormal distribution receives the value 12, it outperforms all other distributions in 
all cohorts. 
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Table 14: Model performance under the within-customer perspective (2011Q2 – 2014Q1) 

Cohort 
Distribution 
of survival 
time 

Baseline model Model including activity data 

AIC BIC LL  N  AIC BIC LL  N  

2011Q2 

Exponential    3,625.44       3,719.56    -  1,798.72    1,257       634.47         718.57   -     30.23    213 
Weibull  no convergence  1,257  no convergence  213 
Lognormal    3,224.27       3,325.11    -  1,597.14    1,257       558.87         647.92   -     261.44    213 
Log-logistic    3,287.70       3,388.54    -  1,628.85    1,257       566.89         655.93   -     265.44    213 

2011Q3 

Exponential  no convergence  1,323  no convergence  229 
Weibull  no convergence  1,323  no convergence  229 
Lognormal    3,289.46       3,39.66    -  1,629.73    1,323       586.22         676.03   -     275.11    229 
Log-logistic    3,357.22       3,458.42    -  1,663.61    1,323       597.49         687.29   -     28.74    229 

2011Q4 

Exponential    3,833.98       3,921.65    -  1,903.99    1,328  no convergence  255 
Weibull  no convergence  1,328  no convergence  255 
Lognormal    3,383.24       3,477.65    -  1,677.62    1,328       663.34         745.35   -     315.67    255 
Log-logistic    3,462.77       3,557.18    -  1,717.38    1,328       676.22         758.23   -     322.11    255 

2012Q1 

Exponential    4,639.12       4,736.38    -  2,305.56    1,603    1,475.12      1,567.64   -     721.56    505 
Weibull  no convergence  1,603  no convergence  505 
Lognormal    4,11.49       4,214.70    -  2,04.24    1,603    1,302.08      1,40.38    -     634.04    505 
Log-logistic    4,21.32       4,314.53    -  2,09.16    1,603    1,332.90      1,431.21   -     649.45    505 

2012Q2 

Exponential  no convergence  1,614  no convergence  442 
Weibull  no convergence  1,614    1,093.64      1,189.22   -     529.82    442 
Lognormal    3,846.82       3,95.56    -  1,908.41    1,614    1,086.53      1,182.12   -     526.27    442 
Log-logistic    3,903.78       4,007.53    -  1,936.89    1,614    1,102.89      1,198.48   -     534.45    442 

2012Q3 

Exponential  no convergence  1,507  no convergence  426 
Weibull    3,589.03       3,684.29    -  1,78.51    1,507  no convergence  426 
Lognormal    3,583.71       3,678.97    -  1,777.85    1,507    1,033.74      1,128.03   -     499.87    426 
Log-logistic    3,643.47       3,738.73    -  1,807.73    1,507    1,051.66      1,145.95   -     508.83    426 

2012Q4 

Exponential    4,941.10       5,031.00    -  2,457.55    1,822  no convergence  452 
Weibull  no convergence  1,822  no convergence  452 
Lognormal    4,341.84       4,438.66    -  2,156.92    1,822    1,107.25      1,201.45   -     536.63    452 
Log-logistic    4,444.14       4,54.95    -  2,208.07    1,822    1,133.48      1,227.67   -     549.74    452 

2013Q1 

Exponential    4,559.59       4,648.35    -  2,266.80    1,749    1,746.97      1,841.16   -     857.48    657 
Weibull  no convergence  1,749  no convergence  657 
Lognormal    4,083.05       4,178.63    -  2,027.52    1,749    1,572.83      1,672.90   -     769.41    657 
Log-logistic    4,162.51       4,258.10    -  2,067.26    1,749    1,603.04      1,703.12   -     784.52    657 

2013Q2 

Exponential    5,805.82       5,903.61    -  2,888.91    2,273    1,844.04      1,943.06   -     905.02    724 
Weibull  no convergence  2,273  no convergence  724 
Lognormal    5,084.19       5,188.96    -  2,527.10    2,273    1,633.89      1,738.74   -     798.95    724 
Log-logistic    5,213.83       5,318.60    -  2,591.91    2,273    1,672.20      1,777.05   -     818.10    724 

2013Q3 

Exponential    5,845.84       5,943.47    -  2,908.92    2,229    1,818.95      1,917.28   -     892.48    695 
Weibull  no convergence  2,229  no convergence  695 
Lognormal    4,968.10       5,072.72    -  2,469.05    2,229    1,547.65      1,651.76   -     755.82    695 
Log-logistic    5,117.49       5,222.10    -  2,543.75    2,229    1,572.46      1,676.58   -     768.23    695 

2013Q4 

Exponential  no convergence  2,520    1,935.58      2,036.20   -     95.79    810 
Weibull  no convergence  2,520  no convergence  810 
Lognormal    5,207.60       5,313.13    -  2,588.80    2,520    1,70.82       1,807.35   -     832.41    810 
Log-logistic    5,289.71       5,395.24    -  2,629.86    2,520    1,726.15      1,832.68   -     845.07    810 

2014Q1 

Exponential    7,378.00       7,471.47    -  3,676.00    3,258    2,943.61      3,043.97   -  1,455.80    1,284 
Weibull  no convergence  3,258  no convergence  1,284 
Lognormal    6,375.50       6,476.16    -  3,173.75    3,258    2,556.42      2,663.06   -  1,261.21    1,284 
Log-logistic    6,499.29       6,599.95    -  3,235.65    3,258    2,601.46      2,708.10   -  1,283.73    1,284 
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Table 15: Performance of dummy models under the cohort perspective (2011Q2 – 

2014Q1) 

Cohort 
Distribution 
of survival 
time 

Dummy model  Dummy model including activity data  

AIC BIC LL  N  AIC BIC LL  N  

2011Q2 

Exponential  no convergence  20,104  no convergence  1,687 
Weibull     44,53.35       44,654.09   -  22,252.18   20,104     3,825.67        3,938.27   -  1,896.84    1,687 
Lognormal     44,452.86      44,576.60   -  22,213.43   20,104     3,815.75        3,928.34   -  1,891.87    1,687 
Log-logistic     44,991.44      45,115.19   -  22,482.72   20,104     3,862.70        3,975.30   -  1,915.35    1,687 

2011Q3 

Exponential  no convergence  19,629  no convergence  1,406 
Weibull     44,613.92      44,738.13   -  22,293.96   19,629  no convergence  1,406 
Lognormal     44,756.02      44,88.24    -  22,365.01   19,629     3,257.58        3,368.44   -  1,612.79    1,406 
Log-logistic     45,441.41      45,565.62   -  22,707.70   19,629     3,309.02        3,419.87   -  1,638.51    1,406 

2011Q4 

Exponential  no convergence  17,262     3,153.54        3,248.88   -  1,562.77    1,191 
Weibull  no convergence  17,262  no convergence  1,191 
Lognormal     40,159.94      40,283.07   -  20,066.97   17,262     2,839.52        2,941.66   -  1,404.76    1,191 
Log-logistic     40,85.55       40,973.68   -  20,412.28   17,262     2,884.63        2,986.77   -  1,427.31    1,191 

2012Q1 

Exponential  no convergence  19,388  no convergence  3,303 
Weibull  no convergence  19,388     7,581.82        7,706.42   -  3,774.91    3,303 
Lognormal     44,169.45      44,293.46   -  22,071.72   19,388     7,614.67        7,739.26   -  3,791.33    3,303 
Log-logistic     44,85.80       44,974.81   -  22,412.40   19,388     7,735.05        7,859.65   -  3,851.53    3,303 

2012Q2 

Exponential  no convergence  17,450  no convergence  2,532 
Weibull  no convergence  17,450  no convergence  2,532 
Lognormal     38,557.13      38,671.57   -  19,266.16   17,450     5,424.23        5,535.05   -  2,697.11    2,532 
Log-logistic     36,599.31      36,72.26    -  18,286.65   17,450     5,496.47        5,607.29   -  2,733.23    2,532 

2012Q3 

Exponential  no convergence  15,742  no convergence  2,082 
Weibull  no convergence  15,742     4,52.06        4,627.25   -  2,245.03    2,082 
Lognormal     32,714.46      32,833.83   -  16,344.23   15,742     4,517.15        4,624.34   -  2,243.58    2,082 
Log-logistic     33,073.60      33,192.97   -  16,523.80   15,742     4,578.87        4,686.06   -  2,274.44    2,082 

2012Q4 

Exponential     41,541.12      41,642.57   -  20,759.56   17,328     5,483.99        5,584.24   -  2,728.00    2,228 
Weibull     37,114.85      37,225.53   -  18,545.42   17,328  no convergence  2,228 
Lognormal     37,289.29      37,399.97   -  18,632.65   17,328     4,94.30        5,047.71   -  2,455.15    2,228 
Log-logistic     37,92.74       38,031.42   -  18,948.37   17,328     5,035.98        5,143.38   -  2,502.99    2,228 

2013Q1 

Exponential  no convergence  16,453  no convergence  3,665 
Weibull     34,295.13      34,404.33   -  17,135.57   16,453     7,763.88        7,877.99   -  3,866.94    3,665 
Lognormal     34,214.92      34,324.11   -  17,095.46   16,453     7,754.37        7,868.48   -  3,862.18    3,665 
Log-logistic     34,666.91      34,776.10   -  17,321.45   16,453     7,867.64        7,981.75   -  3,918.82    3,665 

2013Q2 

Exponential     44,213.84      44,323.49   -  22,094.92   19,244     8,651.07        8,763.10   -  4,31.54    3,660 
Weibull  no convergence  19,244  no convergence  3,660 
Lognormal     38,508.42      38,627.20   -  19,241.21   19,244     7,538.61        7,658.10   -  3,753.30    3,660 
Log-logistic     39,022.26      39,141.04   -  19,498.13   19,244     7,651.85        7,771.34   -  3,809.92    3,660 

2013Q3 

Exponential     40,27.72       40,379.48   -  20,123.36   17,477     7,633.77        7,744.27   -  3,801.89    3,211 
Weibull  no convergence  17,477  no convergence  3,211 
Lognormal     35,334.68      35,452.50   -  17,654.34   17,477     6,694.91        6,812.77   -  3,331.45    3,211 
Log-logistic     35,86.98       35,978.79   -  17,917.49   17,477     6,811.71        6,929.58   -  3,389.86    3,211 

2013Q4 

Exponential  no convergence  20,021  no convergence  3,625 
Weibull  no convergence  20,021  no convergence  3,625 
Lognormal     40,895.94      41,022.09   -  20,434.17   20,021     6,907.22        7,025.42   -  3,437.61    3,625 
Log-logistic     37,438.07      37,556.35      18,706.03   20,021     6,984.52        7,102.72   -  3,476.26    3,625 

2014Q1 

Exponential  no convergence  26,714  no convergence  7,446 
Weibull  no convergence  26,714  no convergence  7,446 
Lognormal     47,382.77      47,494.33   -  23,679.38   26,714   13,312.10      13,432.52   -  6,641.05    7,446 
Log-logistic     47,951.44      48,063.00   -  23,963.72   26,714     8,338.64        8,451.62   -  4,154.32    7,446 
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Table 16: Performance of magnitude models under the cohort perspective (2011Q2 – 

2014Q1) 

Cohort 
Distribution 
of survival 
time 

Magnitude model  Magnitude model including activity data  

AIC BIC LL  N  AIC BIC LL N 

2011Q2 

Exponential  no convergence  20,104  no convergence  1,687 
Weibull     44,572.08      44,762.40   -  22,266.04   20,104     3,84.07        4,001.93   -  1,897.03    1,687 
Lognormal     44,491.66      44,682.03   -  22,225.83   20,104     3,829.85        3,991.71   -  1,891.93    1,687 
Log-logistic     45,03.78       45,221.15   -  22,495.39   20,104     3,876.52        4,038.38   -  1,915.26    1,687 

2011Q3 

Exponential  no convergence  19,629  no convergence  1,406 
Weibull     44,638.03      44,829.13   -  22,299.02   19,629  no convergence  1,406 
Lognormal     44,78.86       44,971.96   -  22,37.43    19,629     3,256.04        3,415.39   -  1,605.02    1,406 
Log-logistic     45,462.35      45,653.45   -  22,711.18   19,629     3,301.68        3,461.03   -  1,627.84    1,406 

2011Q4 

Exponential  no convergence  17,262     3,144.31        3,273.69   -  1,553.16    1,191 
Weibull  no convergence  17,262  no convergence  1,191 
Lognormal     40,163.09      40,343.05   -  20,062.55   17,262     2,84.34        2,976.54   -  1,40.17    1,191 
Log-logistic     40,854.96      41,034.92   -  20,408.48   17,262     2,883.56        3,019.75   -  1,421.78    1,191 

2012Q1 

Exponential  no convergence  19,388  no convergence  3,303 
Weibull  no convergence  19,388     7,603.43        7,766.96   -  3,78.72    3,303 
Lognormal     44,219.07      44,409.85   -  22,089.53   19,388     7,637.61        7,801.14   -  3,797.80    3,303 
Log-logistic  no convergence    19,388     7,758.52        7,922.05   -  3,858.26    3,303 

2012Q2 

Exponential  no convergence  17,450  no convergence  2,532 
Weibull  no convergence  17,450  no convergence  2,532 
Lognormal     38,575.83      38,747.50   -  19,269.30   17,450     5,425.86        5,573.62   -  2,692.93    2,532 
Log-logistic  no convergence    17,450     5,493.86        5,641.63   -  2,726.93    2,532 

2012Q3 

Exponential  no convergence  15,742  no convergence  2,082 
Weibull  no convergence  15,742     4,521.62        4,671.68   -  2,239.81    2,082 
Lognormal     32,737.16      32,911.64   -  16,349.58   15,742     4,52.37        4,67.44    -  2,239.18    2,082 
Log-logistic     33,094.07      33,268.54   -  16,528.03   15,742     4,582.22        4,732.29   -  2,27.11    2,082 

2012Q4 

Exponential     41,577.42      41,734.22   -  20,771.71   17,328     5,496.29        5,639.50   -  2,728.15    2,228 
Weibull     37,131.90      37,297.92   -  18,547.95   17,328  no convergence  2,228 
Lognormal     37,307.38      37,473.40   -  18,635.69   17,328     4,94.21        5,09.57    -  2,449.10    2,228 
Log-logistic     37,932.52      38,098.54   -  18,948.26   17,328     5,03.85        5,181.21   -  2,494.42    2,228 

2013Q1 

Exponential  no convergence  16,453  no convergence  3,665 
Weibull     34,377.40      34,532.09   -  17,171.70   16,453     7,795.91        7,948.05   -  3,877.96    3,665 
Lognormal     34,288.39      34,443.08   -  17,127.20   16,453     7,784.60        7,936.74   -  3,872.30    3,665 
Log-logistic     34,738.54      34,893.23   -  17,352.27   16,453     7,897.42        8,049.56   -  3,928.71    3,665 

2013Q2 

Exponential     44,258.58      44,432.10   -  22,11.29    19,244     8,668.77        8,833.08   -  4,312.39    3,660 
Weibull  no convergence  19,244  no convergence  3,660 
Lognormal     38,509.16      38,691.90   -  19,234.58   19,244     7,541.45        7,713.22   -  3,747.72    3,660 
Log-logistic     39,018.58      39,201.32   -  19,489.29   19,244     7,652.34        7,824.11   -  3,803.17    3,660 

2013Q3 

Exponential     40,308.72      40,48.91    -  20,135.36   17,477     7,653.31        7,808.01   -  3,805.65    3,211 
Weibull  no convergence  17,477  no convergence  3,211 
Lognormal     35,377.69      35,558.94   -  17,668.84   17,477     6,702.84        6,864.90   -  3,329.42    3,211 
Log-logistic     35,906.07      36,087.33   -  17,933.03   17,477     6,818.75        6,98.82    -  3,387.38    3,211 

2013Q4 

Exponential  no convergence  20,021  no convergence  3,625 
Weibull  no convergence  20,021  no convergence  3,625 
Lognormal     40,896.73      41,09.80    -  20,427.12   20,021     6,919.14        7,081.67   -  4,205.46    3,625 
Log-logistic     37,475.37      37,657.34   -  18,717.68   20,021     6,996.64        7,159.16   -  3,476.32    3,625 

2014Q1 

Exponential  no convergence  26,714  no convergence  7,446 
Weibull  no convergence  26,714  no convergence  7,446 
Lognormal     47,407.67      47,575.02   -  23,685.83   26,714   13,305.10      13,465.66   -  6,632.55    7,446 
Log-logistic     47,971.20      48,138.55   -  23,967.60   26,714     8,332.02        8,482.67   -  4,146.01    7,446 
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Due to the non-strictly decreasing churn rates with a peak in period two, as we 

illustrated in Figure 6, both the Weibull and exponential distribution did not converge in 

most cases (see Table 14, Table 15 and Table 16) and also other models of survival time as 

proposed by Fader and Hardie (2007) failed. 

4.3.2.4 Covariate Integration 

We do not only estimate the AFT model for two analytical perspectives (cohort and within-

customer perspective) but are also integrate two data sets (transaction data set and activity 

data set). Moreover, the formally correct isolation of the effect of being a reacquired 

customer on lifetime duration and thus, customer value, needs the handling of potential 

multi-collinearity issues which requires splitting the model equation into two pieces: a 

dummy and a magnitude model. In total, this leads to the estimation of six different model 

equations which we summarize with a modelling tree in Figure 8. 
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Figure 8: Modelling tree 

 

In the cohort perspective, we use four models: a dummy model, which captures the 

binary information, whether the customer reacquired customer (1) or not (0) and a magnitude 

model, which captures more details about subscription specific information in the second 

lifetime. We run both models, dummy and magnitude model, with our two variations of data 

(i.e., including and excluding the activity variables). The dummy model is specified in 

Equation (12) and basically captures three types of information: a binary reacquisition 

dummy ( ,			 ), which distinguishes first-lifetime from reacquired customers, 

subscription-specific information about a customer’s current lifetime ( ,			  to 

,			 ), and customer-specific information ( ,			  to ,			 ). 
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(12) ∙  ∙ ,			 ∙ ,			

,			 ,			 ,				

,			 ,			

,			 ,			 ,			  

 

Among the contract-specific information, ,			  is a binary variable that 

captures differences in time to churn (Ti) due to customers’ choice of a 12-month plan 

compared to the choice of a 3-month plan. Hereby, it also controls for potential self-selection 

effects. For 3- and 12-month plans respectively, ,			  and ,			  capture 

the relative deviation from the mode price in a certain cohort, and ,			  and 

,			  capture the relative deviation from the mode initial discount dij in a certain 

cohort We purposely used the deviation from the mode instead of absolute values to avoid 

multicollinearity issues with the choice between the 3- and 12-month plans. 

,			  captures the effect of the number of days a customer used a free trial of 

the subscription before her or his current subscription began. As customer -specific 

information, we account for ,			 , a continuous variable reflecting the total number of 

days customer i has been using the service as a basic user measured per 100 days , gender 

( ,			 ) and age (here log-linearized as ,			 ).  

In the variation of the dummy model, we extend the model from Equation (12) by 

three variables, which depict customers’ usage activity of the service ( ,			 	to 

,			 ): ,			 , ,			 	and ,			  reflect the relative 

difference in the number of contacts, sent messages per year and logins per year compared 

to the year previous to the start of the current subscription. Even though we were provided 

with more variables reflecting customer activity (compare Table 12), we only chose to 
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integrate those three variables since an integration of more information caused issues of 

multi-collinearity. We specify the extended dummy model Equation (13) and highlight the 

extensions compared to Equation (12). 

 

(13) ∙ ∙ ,			 ∙ ,			

,			 ,			 ,				

,			 ,			

,			 ,			 ,			 ,			

,			 ,			  

 

The dummy model captures the overall effect on the lifetime duration of reacquired 

compared to first-lifetime customers. In contrast, the magnitude model acknowledges that 

first-lifetime duration (and recency might play an influential role on second-lifetime 

duration (see Kumar, Bhagwat, and Zhang, 2015; Thomas, Blattberg, and Fox, 2004). 

Therefore, to obtain the magnitude model, we substitute the term βreacquired∙ xi, reacquired from 

the dummy model (see Equation (12)) with the following term: (βFLTduration3M ∙ xi, FLTduration3M 

+ βFLTduration12M ∙ xi, FLTduration12M + βrecency ∙ xi, recency). ,			  and ,			  

capture the effect of a customer’s first-lifetime duration (depending on the subscription type  

his or her second lifetime and ,			  the effect of the time elapsed between a customer’s 

first and second lifetime. All three covariates ( ,			 – ,			 ) are continuous 

variables measured in 100 days. 

Moreover, the magnitude model incorporates four interaction effects, which mirror 

the deviation in prices and discounts with the indicator of being a reacquired customer 
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( ,			  to ,			 ). We specify the magnitude model in Equation (14) 

and mark the changes to Equation (12) in boldface: 

(14) ∙ ∙ ,			 ∙ ,			

∙ ,			 ∙ ,			

∙ ,			 ∙

,			 ∙ ,			

∙ ,			 ,			

,			 ,				

,			 ,			 ,			

,			 ,			  

 

Analogously to the dummy model, we extend the magnitude model with the activity 

variables (see Equation (15)) and highlight the extensions to Equation (14) in boldface. 

(15) ∙ ∙ ,			 ∙ ,			

∙ ,			 ∙ ,			

∙ ,			 ∙

,			 ∙ ,			

∙ ,			 ,			

,			 ,				

,			 ,			 ,			

,			 ,			 ,			

,			 ,			  
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In total, all cohorts sum to a sample of 226,812 customers analyzed under the cohort 

perspective. The inclusion of the activity variables ( ,			  to ,			 ) leads 

again to a sub-set of 36,036 customers under the cohort perspective. 

To contrast the results from cohort perspective against the established within-

customer perspective, we apply the same modelling equation as the magnitude model from 

the cohort perspective. By definition, the within-customer perspective restricts its sample to 

only reacquired customers. Consequently, using the dummy model presented in equation 

does not apply since ,			  would always equal 1. Thus, we adopt the magnitude 

model for the within-customer perspective but exclude the interactions with ,			 , 

since including them is not applicable given that we only analyze reacquired customers. We 

specify the model for the within-customer perspective in Equation (16): 

 (16) β ∙ X 	 ∙ ,			 ∙ ,			

∙ ,			 ∙ ,			 ,			

,			 ,				

,			 ,			 ,			

,			 ,			  

 

As under the cohort perspective, we extend the model above with the activity 

variables and specify the extended model in Equation (17): 
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(17) β ∙ X ∙ ,			 ∙ ,			

∙ ,			 ∙ ,			 ,			

,			 ,				

,			 ,			 ,			

,			 ,			  

 

In total, all cohorts sum to a sample of 22,483 reacquired customers analyzed under 

the within-customer perspective. For a subset of 6,692 randomly chosen customers, we 

could also control for yearly aggregated activities, such as the number of log-ins into the 

platform through the inclusion of variables ( ,			  to ,			 ). 

4.3.3 Estimation Results 

Subsequently, we examine the relevance of customer win-back for the studied firm. We 

provide and discuss the estimated coefficients and compare resulting lifetime durations of 

first-lifetime customers and reacquired customers. For that purpose, we present the 

estimation results of the six versions of the AFT model (see our Modelling Tree presented 

in Figure 8). The presentation of the results starts with the four models we estimated in the 

cohort perspective, as that perspective provides the answer to our main research goal: 

understanding the relevance of win-back. We provide and discuss the estimated coefficients 

for each modelling equation and compare lifetime durations of first-lifetime customers and 

reacquired customers. 

Second, to show why a clear differentiation of the two perspectives matters, we 

contrast results from the cohort perspective with results from the two estimated model 

equations of the within-customer perspective. We also estimate the two models in the within-
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customer perspective, to replicate findings of extant research and show that our data set and 

model meet the requirements for win-back analysis. We present the estimated coefficients, 

compare them to results from previous studies and outline the difference between customers’ 

first and second lifetime duration. 

The chapter proceeds with an overview of the robustness tests that we performed. 

Finally, in the last section of the presentation of results, we return to the initially posted 

theoretical argumentation that there is a structural, systematic difference between first-

lifetime customers and reacquired customers. We summarize the presented estimation 

results with respect to that difference and provide some descriptive analysis to support our 

theoretical argumentation. 

4.3.3.1 Cohort Perspective 

In this subchapter, we present the estimation results of four versions of the AFT model (for 

orientation see Figure 9) and analyze the difference of lifetime durations between first-

lifetime and reacquired customers.  

Figure 9: Overview of the modelling tree for the cohort perspective 
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Subsequent results focus on the exemplary cohort 2012Q4. Table 17 summarizes the 

results for this cohort, which consists of 17,328 customers in the dummy and magnitude 

model excluding the activity data. 15,506 of those 17,328 customers were first-lifetime and 

1,822 were reacquired customers. 46.03% of the first-lifetime customers (i.e., 7,138 / (7,138 

+ 8,368)) chose the 3-month plan and 53.97% chose the 12-month plan. For reacquired 

customers, the distribution shifts: customers in the 3-month plan (60.37%) outweigh 

customers in the 12-month plan (39.63%). For the case where we include the activity 

variables, the sample consists of 2,228 customers and is composed by similar shares of first-

lifetime and reacquired, 3-month plan and 12-month plan customers. We tested all models 

for issues of multi-collinearity, but could confidentially drop such concerns since variance 

inflation factors (VIF), which are included for each variable in Table 17, are far below the 

critical threshold of 10 which Hair et al. (1998) recommend as red line for statistical 

estimation approaches and also below the critical value of 2.50 recommended for survival 

analysis by Allison (2012). 

Most importantly, the binary variable ,			  in the dummy model is highly 

significant (p<.01) which strongly supports our theoretical argument that first-lifetime and 

reacquired customers from one cohort systematically differ with respect to lifetime duration. 

For both dummy models (i.e., exclusive and inclusive the activity variables), ,			  

has a negative effect on lifetime duration, which implies that reacquired customers exhibit 

on average shorter lifetimes than first-lifetime customers from the same cohort. This is 

supported by the theoretical argument that reacquired customers are less inert than first-

lifetime customers, because they better monitor their usage and need of the service, have 

more experience with the process of subscription termination and thus, lower switching 

costs, and are more prone to deal-hunting behavior. Precisely, the estimated coefficient of 
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,			  of -.19 (or -.21 including activity variables) means, that being a reacquired 

customer accelerates the time to churn by the factor -.19 (-.21 respectively). 
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Table 17: Excerpt of cohort perspective results from the AFT model (cohort 2012Q4) 

Parameter name 
Dummy model Dummy model including 

activity data 
Magnitude model Magnitude model including 

activity data VIF 
  Parameter (SE)   Parameter (SE)   Parameter (SE)   Parameter (SE)     
Information about previous lifetime   
βi, reacquired -.19 (.02) *** -.21 (.05) ***             1.04 
βi, FLTduration3M (in 100 days)             .02 (.01) ** n.s.  1.28 
βi, FLTduration12M (in 100 days)             -.02 (.01) ** n.s.  1.21 
βi, recency (in 100 days)             -.02 (.01) *** -.03 (.01) *** 1.35 
βi, reacquired x devprice3M             omitted 1.1 (.57) * 1.35 
βi, reacquired x devprice12M             n.s. n.s.  1.44 
βi, reacquired x devdiscount3M             .45 (.18) ** -.01 (.00) * 1.06 
βi, reacquired x devdiscount12M             .89 (.28) *** n.s.  1.03 
REACQUIRED#FREETRIALLENGTH             n.s. n.s.  1.04 
Contract specific information about current lifetime   
βi, 12monthplan 1.75 (.02) *** 1.80 (.05) *** 1.75 (.02) *** 1.79 (.05) *** 1.45 
βi, devprice3M omitted omitted omitted omitted  omitted 
βi, devprice12M -.54 (.30) * -.52 (.30) * -.58 (.35) * n.s.  1.26 
βi, devdiscount3M -1.03 (.06) *** -.87 (.16) *** -1.08 (.06) *** -1.09 (.17) *** 1.33 
βi, devdiscount12M .29 (.10) *** n.s. .19 (.10) * n.s.  1.59 
βi, freetriallength n.s. n.s. n.s. n.s.  1.66 
Basic user / customer specific information   
βi, tenure (in 100 days) n.s. n.s. n.s. n.s.  1.08 
βi, male .04 (.02) *** n.s. .04 (.02) *** n.s.  1.02 
βi, lnage .35 (.03) *** .30 (.09) *** .35 (.03) *** .30 (.08) *** 1.11 
Activity information   
βi, deltacontacts       -.01 (.00) *       omitted  omitted 
βi, deltamessages       n.s.       n.s.  1.28 
βi, deltalogins       n.s.       1.09 (.38) *** 1.78 
AIC 37,289.29        4,940.30        37,307.38        4,940.21          
BIC 37,399.97    5,047.71    37,473.40    5,090.57      
Number of customers 17,328        2,228        17,328        2,228          

***p < .01. **p < .05. *p < .1; n.s. = not significant.  
Annotation: Black cells in the table stand for variables that were not included in the respective model. 
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The results from the magnitude model go into the same direction as the dummy 

model. The main insight from the two magnitude models is, that, in the cohort perspective, 

the variables containing information about customers’ previous lifetime (i.e., 

,			 , ,			 , ,			  and the five interaction terms) are 

somehow reflected by the ,			  dummy in the dummy models. This insight is based 

on the fact that a conjoint estimation of the variables in the dummy and magnitude model 

leads to variance inflation factors for ,			  beyond the critical threshold of 2.5 

indicating problems of multi-collinearity between ,			  and the respective variables 

in the magnitude model. Table 18 lists the variance inflation factors for such conjoint 

estimation for the exemplary cohort 2012Q4, and by that also justifies our separated 

estimation approach using a magnitude and a dummy model. 

Table 18: Variance inflation factors for conjoint estimation of magnitude and dummy 

model (cohort 2012Q4) 

Variable name VIFs for estimation 
exclusive activity data 

VIFs for estimation 
inclusive activity data 

Xi, reacquired 5.20 6.86 
Xi, FLTduration3M 2.21 2.64 
Xi, FLTduration12M 1.81 2.31 
Xi, recency 2.49 2.91 
Xi, reacquired x devprice3M omitted omitted 
Xi, reacquired x devprice12M 1.24 1.29 
Xi, reacquired x devdiscount3M 1.22 1.37 
Xi, reacquired x devdiscount12M 1.31 1.47 
Xi, reacquired x freetriallength 1.77 1.84 

Annotations: We calculated similar VIFs for a conjoint estimation in all cohorts (2011Q2 – 2014Q1). 
Interactions are described by using the x-symbol. 

Moreover, the positive, significant effect of the interactions of ,			  and the 

initial discount customers receive upon subscription ( ,			 	 	 , 

,			 	 	 ) underpins our theoretical argumentation of a structural 

difference between first-lifetime and reacquired customers. However, that effect is not 

robust across all twelve cohorts. When looking at the variables that dummy and magnitude 
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models have in common, we must state that coefficients are very similar in size and 

significance: ,			  is highly significant (p>.01) and positive which shows that 

customers in a 12-month plan, given the fewer chances they have to terminate their 

subscription, exhibit longer lifetimes than customers in a 3-month plan. The weakly 

significant (p>.10), negative effect of the subscription fee of a 12-month plan 

( ,			 ) indicates that customer behavior follows common sense in a way that 

customers react to higher prices with shorter lifetime duration.  

Finally, the inclusion of the activity variables does not generate interesting insights 

for neither the dummy nor the magnitude model. We believe that the mostly insignificant 

coefficients of ,			 , ,			  and ,			  are due to the fact that 

the data have been recorded as annual measures and thus, provide too little granularity with 

respect to time for lifetime prediction, given the organization of the data in quarterly cohorts. 

For our framework and further computation we are mainly interested in the effect of 

,			  reflecting the difference of first-lifetime and reacquired customers and thus, 

the relevance of win-back activities. Since the dummy and magnitude models generate so 

similar results beyond the discussed differences and perform very similarly with respect to 

the Akaike and Bayesian information criteria, we decided to focus on the dummy model 

excluding activity variables for post-estimation and further analysis in the cohort 

perspective. 

To examine the change in customer value, we predict each customer’s, lifetime 

duration and compute the relative difference in predicted lifetime duration between first and 

reacquired customers. We use the estimation results from the dummy model excluding 

activity data and compute the relative difference in lifetime duration between both groups 

of customers. We find that, compared to first-lifetime customers of the same cohort, 
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reacquired customers exhibit on average 18.57% shorter lifetimes. As Table 19 shows, this 

result holds even if we separate customers by subscription plan and by that control for the 

potential self-selection to longer and shorter subscription plans. 

Table 19: Comparison of estimated lifetime durations of first-lifetime and reacquired 

customers of the same cohort (cohort 2012Q4) 

Cohort 
Current 
subscription 
plan 

No. of 
customers 

No. of 
first-
lifetime 
customers 

Mean 
lifetime 
duration 
of first-
lifetime 
customers 
(in days) 

(SD) 
No. of 
reacquired 
customers 

Mean 
lifetime 
duration 
of 
reacquired 
customers 
(in days) 

(SD) 

Mean 
relative 
differencea 
(in %) 

2012Q4 

3-month 
plan 

8,238 
7,138 310.14 50.24 1,100.00 252.60 40.75 

-18.55 

12-month 
plan 

9,090 
8,368 1,829.87 172.82 722.00 1,489.67 139.05 

-18.59 

Average 8,664 7,753 1,130.28 116.39 911.00 742.81 79.71 -18.57 
a Mean relative difference = (estimated survival time of reacquired customers – estimated survival time of 
first-lifetime customers) / estimated survival time of first-lifetime customer 
 

4.3.3.2 Within-Customer Perspective  

For the within-customer perspective, we follow the same path of presenting the estimation 

results as for the cohort perspective. However, now we compare reacquired customers’ 

second lifetime duration to their own first lifetime duration and do not regard first-lifetime 

customers in the analysis. We will first discuss the results of the two accelerated failure 

models we estimated under the within-customer perspective and highlight the differences to 

the cohort perspective. Figure 10 briefly locates the models we discuss in the modelling tree. 

Again, all subsequently presented results concentrate on the exemplary cohort 2012Q4. 
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Figure 10: Overview of the modelling tree for the within-customer perspective 

 

Table 20 contains parameter estimates for this cohort. 2012Q4 consists of 1,822 

reacquired customers in the base model excluding the activity data. 60.37% of these 

customers chose the 3-month plan and 39.63% the 12-month plan. For the case where we 

include the activity variables, the sample consists of 453 reacquired customers and is 

composed by similar shares of 3-month plan and 12-month plan customers. Analogously to 

the cohort perspective, all variance inflation factors are below the critical threshold of 2.5 

(see Allison, 2012) indicating that the models do not suffer from multi-collinearity. 
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Table 20: Excerpt of within-customer perspective results from the accelerated failure time 

model (cohort 2012Q4) 

Parameter name Baseline model Model including activity data   

  Parameter (SE)   Parameter (SE)   VIF 

Information about previous lifetime  
β i, FLTduration3M (in 100 days) .07 (.01) *** .07 (.02) *** 1.87 

β i, FLTduration12M (in 100 days) .03 (.01) *** .04 (.02) * 2.25 

β recency (in 100 days) n.s. n.s.  1.68 
Contract specific information about 
current lifetime  
β 12monthplan 1.73 (.05) *** 1.50 (.11) *** 2.00 

β devprice3M omitted omitted  omitted 

β devprice12M n.s. n.s.  1.15 

β devdiscount3M -.71 (.16) *** n.s.  1.69 

β devdiscount12M n.s. n.s.  1.36 

β freetriallength n.s. n.s.  1.09 

Basic user / customer specific information  
β tenure (in 100 days) n.s. n.s.  1.34 

β male n.s. n.s.  1.05 

β lnage n.s. n.s.  1.19 

Activity information  
β deltacontacts

       n.s.  1.16 

β deltamessages
       n.s.  1.21 

β deltalogins
       -.02 (.01) * 1.12 

AIC 4,341.84    1,107.25     
BIC 4,438.66    1,201.45     
Number of customers 1,822        452          

a compared to previous year 
***p < .01. **p < .05. *p < .1. 
Annotation: Black cells in the table stand for variables that were not included in the respective model. 

 

The estimation of the accelerated failure time model for the within-customer 

perspective enables us to replicate various findings of previous studies on customer win-

back. This ability to replicate effects in the so far common within-customer perspective is 

important to our research goal, since it proves that neither our data nor estimation approach 

are the cause of the phenomenon we uncover in the cohort perspective. 

First, congruent with Thomas, Blattberg, and Fox (2004), we find that second 

lifetime duration is significantly positively related to first lifetime duration 

( ,			 , ,			 ) (p < .01). In contrast to Kumar, Bhagwat, and Zhang 

(2015) and Pick et al. (2015), we do not find a significant effect for the time elapsed between 
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both lifetimes ( ,			 ). Analogously to the cohort perspective (see Table 17), customers 

in the 12-month plan stay significantly longer than those in the 3-month plan (p < .05). 

Precisely, for the base model, customers in a 12-month plan churn 1.73 times slower (1.50 

times slower in the model including activity variables) than in a 3-month plan. The price 

deviation variables ( ,			 , ,			 ) and the discount deviation variables for 

3-month plans ( ,			 ) have no significant effect. The only exception is 

,			  in the baseline model which is negative (p<.01) and indicates that 

customers with a high discount on their 12-month plan churn faster. In contrast to the cohort 

perspective, none of the customer characteristics such as users’ total tenure (i.e. sum of time 

as free user and paying subscriber) of the service ( ,			 ) as well customers’ as log-

linearized age ( ,			 ) and gender ( ,			 ) are significant.  

The second model that also controlled for activity variables is mostly consistent with 

the results from the base model. However, none of the activity variables is significant. For 

the subsequent post-estimation we therefore rely on the base model excluding activity 

variables. 

Next, to emphasize the importance of differentiation between the two analytical 

perspectives, we calculate the differences between first and second lifetime duration and 

summarize them in Table 21. On average, customers’ second lifetime duration exceeds their 

own first lifetime duration by 328.28 days, i.e., they stay 171.70% longer, indicating a 

notable change of behavior between the lifetimes. This results also holds after we separately 

look at customers who chose a 3-month plan and customers who opted for a 12-month plan 

in their second lifetime (see Table 21). 
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Table 21: Comparison of own first and second lifetime duration of reacquired customers 

(cohort 2012Q4) 

Cohort 
Subscription 
plan in 2nd 
lifetime 

N 

Mean 
first 

lifetime 
duration
 (in days) 

(SD) 

Mean 
absolute 

differencea

 (in days) 

(SD)   
Median

  

Mean 
relative 

difference 
(in %) 

(SD)   

2012Q4 
3-month plan 1,100 324.16 263.35 -83.65 232.32 *** 9.63 19.12 .73 *** 

12-month plan 722 459.72 304.80 740.20 210.53 *** 813.51 324.29 3.23 *** 
  Average 911 391.94 284.07 328.28 221.43   411.57 171.70 1.98   

***p < .01. 
a Mean relative difference = (estimated second lifetime duration – observed first lifetime duration) /observed 
first lifetime duration. 
 

Comparing this result to our results from Table 19, the necessity of clearly 

distinguishing between the cohort perspective and the within-customer perspective becomes 

evident: Reacquired customers’ second lifetime duration is substantially longer than their 

own first lifetime duration. Precisely, reacquired customers’ second lifetime exceeds their 

first lifetime by 171.70% (see Table 21). However, compared to first-lifetime customers of 

the same cohort, these apparently valuable second lifetimes are on average 18.57% shorter 

than the lifetimes of current first-lifetime customers (see Table 19).  

4.3.3.3 Robustness Tests 

We tested the robustness of our estimation results with respect to four different criteria: 

robustness over time, robustness with respect to our definition of cohort, robustness given 

the right-censored nature of our data and robustness with respect to changes in the perception 

of the attractiveness of the service. 

First, to guarantee robustness over time, we estimated each of the six AFT models 

not only for our exemplary cohort 2012Q4, but for in total twelve separate cohorts (2011Q2 

– 2014Q1). As Table 22 to Table 27 show, the main effects of our estimation were robust 

within each analytical perspective in significance and sign for all twelve cohorts. Moreover, 

these tables again support our decision to refrain from using the models including activity 
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variables in both perspectives. We also repeated the comparison of lifetime durations in both 

analytical perspectives and can show can show that our main finding holds across cohorts: 

Even though reacquired customers live longer in their second lifetime than in their first 

lifetime, when comparing first-lifetime and reacquired customers of one cohort, first-

lifetime customers always outperform reacquired customers with respect to lifetime duration 

(see Table 28 and Table 29).
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Table 22: Cohort perspective – sign and significance of coefficients of the dummy model excluding activity variables (cohorts 2011Q2 – 

2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 
Parameter name                         
Information about previous lifetime    
βi, reacquired - - - - - - - - - - - - 
Subscription specific information about 
current lifetime    
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M - + + 0 0 0 0 0 - 0 - 0 
βi, devprice12M - - - 0 0 - - 0 - +   
βi, devdiscount3M + - - - + + - + - - + + 
βi, devdiscount12M + + + + + + + + - + + 
βi, freetriallength 0 0 0 0 0 0 0 0 0 - 0 0 
Basic user / customer specific information    
βi, tenure (in 100 days) + 0 0 - + - 0 - 0 0 + 0 
βi, male + + + + + + + + + + + + 
βi, lnage + + + + + + + + + + + + 
Model constants    
Constanta + + + + + + + + + + + + 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c + + + + + + + + + + + + 
AIC 44,452.86 44,756.02 40,159.94 44,169.45 38,557.13 32,714.46 37,289.29 34,214.92 38,508.42 35,334.68 40,895.94 47,382.77 
BIC 44,576.60 44,88.24  40,283.07 44,293.46 38,671.57 32,833.83 37,399.97 34,324.11 38,627.20 35,452.50 41,022.09 47,494.33 
No. of customers 20,104 19,629 17,262 19,388 17,450 15,742 17,328 16,453 19,244 17,477 20,021 26,714 

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient; + = significant, positive coefficient
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Table 23: Cohort perspective – sign and significance of coefficients of the dummy model including activity variables (cohorts 2011Q2 – 

2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 
Variable name                         
Information about previous lifetime    
βi, reacquired - - - - - - - - - - - - 
Subscription specific information about 
current lifetime    
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M 0 0 0 0 0 0 0 0 - 0 - 0 
βi, devprice12M 0 - 0 0 0 0 - 0 0 0 0 0 
βi, devdiscount3M + - - -  + - 0 - - + + 
βi, devdiscount12M 0 + 0 + 0 0 0 0 0 - + + 
βi, freetriallength 0 0 0 0 0 0 0 0 0 0 0 0 
Activity information    
βi, deltacontacts 0 0 0 + 0 0 - + 0 0 0 0 
βi, deltamessages + 0 0 + 0 0 0 + 0 0 0 + 
βi, deltalogins 0 0 0 - - - 0 - 0 - - - 
Basic user / customer specific information    
βi, tenure (in 100 days) + - 0 - 0 0 0 0 0 0 0 0 
βi, male 0 + 0 + 0 0 0 + 0 + + + 
βi, lnage + + + + + + + + + + + + 
Model constants    
Constanta + + + + + + + + + + + + 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c 0 + + + + + + 0 + + + + 
AIC 3,815.75 3,257.58 2,839.52 7,614.67 5,424.23 4,517.15 4,940.30 7,754.37 7,538.61 6,694.91 6,907.22 13,312.10 
BIC 3,928.34 3,368.44 2,941.66 7,739.26 5,535.05 4,624.34 5,047.71 7,868.48 7,658.10 6,812.77 7,025.42 13,432.52 
Number of customers 1,687 1,406 1,191 3,303 2,532 2,082 2,228 3,665 3,660 3,211 3,625 7,446 

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient; + = significant, positive coefficient. For better readability, this 
table focuses on the significant effects and their sign. 
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Table 24: Cohort perspective – sign and significance of coefficients of the magnitude model excluding activity variables (cohorts 2011Q2 – 

2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q 2014Q1 
Variable name                         
Information about previous lifetime    
βi, FLTduration3M (in 100 days) - 0 0 - 0 0 + 0 + 0 0 + 
βi, FLTduration12M (in 100 days) - - 0 - - - - - 0 - 0 0 
βi, recency (in 100 days) - - - - - - - - - - 0 - 
βi, reacquired x devprice3M 0 0 0 0 0 0 0 0 0 0 0 0 
βi, reacquired x devprice12M 0 0 0 0 0 0 0 0 0 0 0 0 
βi, reacquired x devdiscount3M 0 + + 0 0 + + 0 + 0 0 0 
βi, reacquired x devdiscount12M + + + 0 0 0 + + + + - - 
βi, reacquired x freetriallength 0 + 0 0 0 0 0 + 0 0 - - 
Subscription specific information about 
current lifetime    
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M - + + 0 0 0 0 0 - 0 0 0 
βi, devprice12M - - 0 0 0 - - - - + 0 0 
βi, devdiscount3M + - - - + + - 0 - - + + 
βi, devdiscount12M + + - + + 0 + + + - + + 
βi, freetriallength 0 - 0 0 0 0 0 0 0 - 0 0 
Basic user / customer specific information    
βi, tenure (in 100 days) + 0 0 - + - 0 - 0 0 + - 
βi, male + + + + + + + + + + + 0 
βi, lnage + + + + + + + + + + + 0 
Model constants    
Constanta + + + + + + + + + + + 0 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c + + + + + + + + + + + 0 
AIC 44,491.66   44,78.86   40,163.09   44,219.07   38,575.83   32,737.16   37,307.38   34,288.39   38,509.16   35,377.69   40,896.73   47,407.67   
BIC 44,682.03   44,971.96   40,343.05   44,409.85   38,747.50   32,911.64   37,473.40   34,443.08   38,691.90   35,558.94   41,09.80    47,575.02   
No. of customers 20,104   19,629 17,262 19,388 17450 15,742 17,328 16,453 19,244 17,477 20,021 26,714 

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient; + = significant, positive coefficient. For better readability, this 
table focuses on the significant effects and their sign.
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Table 25: Cohort perspective – sign and significance of coefficients of the magnitude model including activity variables (2011Q2 – 2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 
Variable name                         
Information about previous lifetime   
βi, FLTduration3M (in 100 days) - 0 0 0 0 + 0 - 0 0 0 + 
βi, FLTduration12M (in 100 days) - 0 0 - - - 0 0 0 0 0 0 
βi, recency (in 100 days) 0 - - - - - - - 0 - 0 - 
βi, reacquired x devprice3M 0 0 + 0 0 0 + 0 + + - - 
βi, reacquired x devprice12M 0 + + 0 0 0 0 0 0 0 - 0 
βi, reacquired x devdiscount3M 0 0 0 + 0 0 - + 0 0 0 0 
βi, reacquired x devdiscount12M + 0 0 + 0 0 0 + 0 0 0 + 
βi, reacquired x freetriallength 0 0 0 - - - 0 - 0 - - - 
Subscription specific information about current lifetime   
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M 0 0 0 0 0 0 0 0 - 0 0 0 
βi, devprice12M 0 0 0 0 0 0 0 0 - 0 0 0 
βi, devdiscount3M 0 - - - 0 + - 0 - - 0 + 
βi, devdiscount12M 0 0 0 0 0 0 0 0 0 - + + 
βi, freetriallength 0 - 0 0 0 0 0 0 0 0 0 0 
Activity information   
βi, deltacontacts 0 0 0 0 0 0 0 0 0 0 0 0 
βi, deltamessages 0 0 0 0 0 0 0 0 0 0 0 0 
βi, deltalogins 0 + 0 0 0 0 + 0 0 0 0 0 
Basic user / customer specific information   
βi, tenure (in 100 days) + - 0 0 0 0 0 0 0 0 0 0 

βi, male 0 + 0 + + 0 0 + 0 + + + 
βi, lnage + + + + + + + + + + + + 
Model constants   
Constanta + + + + + + + + + + + + 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c 0 + + + + + + 0 + + + + 
AIC 3,829.85 3,256.04 2,840.34 7,637.61 5,573.62 4,520.37 4,940.21 7,784.60 7,541.45 6,702.84 6,919.14 13,305.10 
BIC 3,991.71 3,415.39 2,976.54 7,801.14 5,425.86 4,670.44 5,090.57 7,936.74 7,713.22 6,864.90 7,081.67 13,465.66 
Number of customers 1,687 1,406 1,191 3,303 2,532 2,082 2,228 3,665 3,660 3,211 3,625 7,446 

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient; + = significant, positive coefficient. For better readability, this 
table focuses on the significant effects and their sign.
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Table 26: Within-customer perspective – sign and significance of coefficients of the model excluding activity variables (cohorts 2011Q2 – 

2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 

Variable name                         

Information about previous lifetime   
βi, FLTduration3M (in 100 days) + + + + + + + + + + + + 
βi, FLTduration12M (in 100 days) + + + + + + + + + + + + 
βi, recency (in 100 days) 0 + 0 0 + 0 0 + + 0 + 0 
Subscription specific information about current 
lifetime   
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M 0 0 0 0 0 0 0 0 0 0 - 0 
βi, devprice12M 0 0 0 0 0 - 0 0 - 0 0 0 
βi, devdiscount3M 0 0 - - 0 + - 0 - - + + 
βi, devdiscount12M 0 0 + 0 0 0 0 0 + 0 0 0 
βi, freetriallength + + + 0 + + 0 + 0 0 0 0 

Basic user / customer specific information   
βi, tenure (in 100 days) + 0 0 0 0 0 0 0 0 0 0 0 
βi, male 0 0 0 0 + + 0 0 + + 0 0 
βi, lnage 0 + 0 0 0 0 0 0 0 0 0 0 

Model constants             
Constanta + + + + + + + + + + + + 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c + + + + 0 0 + - + + + + 
AIC 3,224.27   3,289.46   3,383.24   4,11.49 3,846.82   3,583.71   4,341.84   4,083.05   5,084.19   4,968.10   5,207.60   6,375.50   
BIC 3,325.11   3,39.66   3,477.65   4,214.70   3,95.56   3,678.97   4,438.66   4,178.63   5,188.96   5,072.72   5,313.13   6,476.16   
No. of customers 1,257    1,323    1,328    1,603    1,614    1,507    1,822    1,749    2,273    2,229    2,520    3,258    

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient on 10 significance level; + = significant, positive coefficient on 10 
significance level. For better readability, this table focuses on the significant effects and their sign.
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Table 27: Within-customer perspective – sign and significance of coefficients of the model including activity variables (cohorts 2011Q2 – 

2014Q1) 

Cohort 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 
Variable name                         
Information about previous lifetime  
βi, FLTduration3M (in 100 days) 0 + 0 + + + + 0 + + + + 
βi, FLTduration12M (in 100 days) 0 0 0 0 0 0 + + 0 + + + 
βi, recency (in 100 days) 0 0 0 0 0 0 0 0 0 0 + 0 
Subscription specific information about 
current lifetime  
βi, 12monthplan + + + + + + + + + + + + 
βi, devprice3M 0 + 0 0 0 0 0 0 0 0 0 0 
βi, devprice12M + - 0 0 0 0 0 0 0 0 0 0 
βi, devdiscount3M 0 + - - - - + 
βi, devdiscount12M 0 0 0 0 0 0 0 0 0 0 + 0 
βi, freetriallength 0 0 + 0 0 0 0 0 0 0 0 + 
Basic user / customer specific information  
βi, tenure (in 100 days) 0 0 0 + 0 0 0 0 0 0 0 0 
βi, male 0 0 0 0 0 0 0 0 0 + + 0 
βi, lnage 0 0 0 + +  
Activity information  
βi, deltacontacts 0 0 0 + 0 0 0 0 0 0 0 0 
βi, deltamessages + 0 0 + + 0 0 0 0 0 0 + 
βi, deltalogins 0 - 0 0 0 0 - - - - 0 - 
Model constants             
Constanta + + + + + + + + + + + + 
ln(sigma)b - - - - - - - - - - - - 
ln(theta)c + + 0 + 0 0 0 0 0 + + + 
AIC 558.87   586.22   663.34   1,302.08   1,086.53   1,033.74   1,107.25   1,572.83   1,633.89   1,547.65   1,70.82   2,556.42   
BIC 647.92   676.03   745.35   1,40.38   1,182.12   1,128.03   1,201.45   1,672.90   1,738.74   1,651.76   1,807.35   2,663.06   
No. of customers 213  229  255 505 442  426 452 657 724 695 810 1,284    

a constant = intercept for the defined set of variables. 
b ln(sigma) = estimation constant for assumed lognormal distribution of failure time. 
c ln(theta) = estimation constant for assumed frailty (customer heterogeneity). 
Annotations: 0 = insignificant coefficient on 10 significance level; – = significant, negative coefficient on 10 significance level; + = significant, positive coefficient on 10 
significance level. For better readability, this table focuses on the significant effects and their sign.
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Table 28: Cohort perspective – comparison of estimated lifetime durations of first-lifetime 

and reacquired customers of the same cohort (cohorts 2011Q2 – 2014Q1) 

  3-month plan in current lifetime 12-month plan in current lifetime Combined b 

Cohort  No. of 
customers 

Mean relative 
difference 

  
No. of 
customers 

Mean 
relative 
difference 

  
No. of 
customers 

Mean 
relative 
difference 

2011Q2 6,868 -26.26% *** 13,236 -27.62% *** 20,104 -27.16% 

2011Q3 8,504 -19.74% *** 11,125 -26.44% *** 19,629 -23.53% 

2011Q4 8,495 -19.15% *** 8,767 -24.02% *** 17,262 -21.62% 

2012Q1 8,861 -24.09% *** 10,527 -26.66% *** 19,388 -25.48% 

2012Q2 7,422 -26.21% *** 10,028 -11.49% *** 17,450 -17.75% 

2012Q3 6,109 -21.01% *** 9,633 -22.65% *** 15,742 -22.02% 

2012Q4 8,238 -18.55% *** 9,090 -18.59% *** 17,328 -18.57% 

2013Q1 6,856 -22.24% *** 9,597 -23.99% *** 16,453 -23.26% 

2013Q2 8,760 -14.69% *** 10,484 -13.41% *** 19,244 -13.99% 

2013Q3 8,211 -18.34% *** 9,266 -17.57% *** 17,477 -17.93% 

2013Q4 8,510 -14.92% *** 11,511 -15.75% *** 20,021 -15.40% 

2014Q1 8,670 -15.60% *** 18,044 -12.10% *** 26,714 -13.23% 

Average 7,959 -20.07% *** 10,942 -20.02% *** 18,901 -20.00% 
a Mean relative difference = (estimated survival time of first-lifetime customers – estimated survival time of 
reacquired customers) / estimated survival time of first-lifetime customers. 
b Combined: No. of customers is the sum of the number of customers in both subscription plans. Mean 
relative difference is the mean of the relative differences in both subscription plans weighted by the number 
of customers in both subscription plans. 
***p < .01 
Annotations: Information about significance is retrieved from a simple one-sample T-test. Post-estimation is 
based on the dummy model excluding activity variables
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Table 29: Within-customer perspective – comparison of reacquired customers’ observed 

own first lifetime duration and estimated own second lifetime duration (cohorts 2011Q2 – 

2014Q1) 

  3-month plan in second lifetime 12-month plan in second lifetime Combined c 

Cohort  No. of 
customers 

Mean relative 
difference (SD) 

No. of customers 
Mean relative difference 
(SD) 

No. of 
customers 

Mean 
relative 
difference 

2011Q2 741 51.75% (.76) *** 516 439.23% (3.38) *** 1,257 210.81% 

2011Q3 711 43.48% (.78) *** 612 426.81% (3.65) *** 1,323 220.81% 

2011Q4 834  20.40% (.69) *** 494 355.98% (2.85) *** 1,328 145.23% 

2012Q1 981 28.43% (.80) *** 622 335.40% (3.20) *** 1,603 147.54% 

2012Q2 802 56.45% (.87) *** 812 356.55% (6.45) *** 1,614 207.43% 

2012Q3 781 51.66% (.89) *** 726 373.90% (3.47) *** 1,507 206.90% 

2012Q4 1,100 19.12% (.73) *** 722 324.29% (3.23) *** 1,822 140.05% 

2013Q1 982 38.85% (.85) *** 767 245.62% (2.65) *** 1,749 129.53% 

2013Q2 1,308 2.89% (.68) *** 965 264.43% (3.01) *** 2,273 113.93% 

2013Q3 1,300 5.85% (.75) *** 929 223.02% (2.72) *** 2,229 96.36% 

2013Q4 1,047 40.32% (.92) *** 1,473 287.91% (3.25) *** 2,520 185.04% 

2014Q1 1,337 19.95% (.77) *** 1,921 259.94% (3.77) *** 3,258 161.46% 

Average 994 36.50% (.94)   880 319.30% (3.17)   1,874 164.12% 
a Mean relative difference = (estimated second-lifetime duration – observed first-lifetime duration)/observed 
first-lifetime duration. 
b SD= standard deviation 
c Combined: Number of customers is the sum of the number of customers in both subscription plans. Mean 
relative difference is the mean of the relative differences in both subscription plans weighted by the number 
of customers in both subscription plans. 
***p < .01 
Annotations: Information about significance is retrieved from a simple one-sample T-test. Post-estimation 
based on the model excluding activity variables 
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Second, our results also proved robust if we adapted our definition of cohort to 

different spans of time (e.g., to one or six months’ time span). 

Third, we tested whether the right-censored nature of the data might have caused the 

difference in lifetime durations by repeating the post-estimation comparison of lifetime 

durations for both perspectives with a restricted sample that excluded all censored customers 

(i.e., all customers that were still alive beyond the end of our observation period on March 

31st of 2016). For the cohort and the within-customer perspective respectively, Table 30 and 

Table 31 show, that the mean relative differences of lifetime durations are robust in sign and 

size even after we exclude censored customers. Precisely, in the cohort perspective, 

reacquired customers exhibit on average over all twelve cohorts 19.40% shorter lifetimes 

than first-lifetime customers if censored customers are included and 19.99% shorter 

lifetimes if censored customers are excluded (see Table 30). For the within-customer 

perspective we find, that customers’ second lifetime exceeds their own first lifetime on 

average over all twelve cohorts by 163.76% if we include censored customers and by 

146.84% if censored customers are excluded (see Table 31).
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Table 30: Cohort perspective – comparison of estimated lifetime durations of first-lifetime and reacquired customers of the same cohort 

excluding censored customers (cohorts 2011Q2 – 2014Q1) 

  3-month plan in current lifetime 12-month plan in current lifetime Combinedb 

Cohort  No. of 
customers 

Mean relative 
difference a   

No. of 
customers 

Mean relative 
difference 

  No. of customers 
Mean relative 
difference 

Mean relative 
difference 
including censored 
customers 

2011Q2 5,371 -25.55% *** 6,102 -26.31% *** 11,473 -25.95% -23.53% 
2011Q3 6,381 -19.58% *** 4,928 -26.19% *** 11,309 -22.46% -21.62% 
2011Q4 6,072 -18.89% *** 3,872 -23.25% *** 9,944 -20.58% -25.48% 
2012Q1 6,335 -24.04% *** 4,531 -25.30% *** 10,866 -24.56% -17.75% 
2012Q2 5,306 -21.99% *** 4,316 -23.53% *** 9,622 -22.68% -22.02% 
2012Q3 4,407 -19.93% *** 3,940 -21.56% *** 8,347 -20.70% -18.57% 
2012Q4 6,332 -18.53% *** 3,643 -17.22% *** 9,975 -18.05% -23.26% 
2013Q1 5,394 -21.80% *** 4,109 -23.10% *** 9,503 -22.36% -13.99% 
2013Q2 6,742 -14.84% *** 3,944 -12.28% *** 10,686 -13.90% -17.93% 
2013Q3 5,760 -18.72% *** 3,485 -16.92% *** 9,245 -18.04% -15.40% 
2013Q4 4,606 -15.72% *** 5,007 -15.59% *** 9,613 -15.65% -13.23% 
2014Q1 6,058 -15.18% *** 6,354 -14.68% *** 12,412 -14.92% -20.00% 
Average 5,730 -19.56% *** 4,519 -20.49% *** 10,250 -19.99% -19.40% 

a Mean relative difference = (estimated survival time of first-lifetime customers – estimated survival time of reacquired customers) / estimated survival time of first-lifetime 
customers. 
b Combined: No. of customers is the sum of the number of customers in both subscription plans. Mean relative difference is the mean of the relative differences in both 
subscription plans weighted by the number of customers in both subscription plans. 
***p < .01 
Annotations: Information about significance is retrieved from a simple one-sample T-test. Post-estimation is based on the dummy model excluding activity variables.
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Table 31: Within-customer perspective – comparison of reacquired customers’ observed own first lifetime duration and estimated own  second 

lifetime duration excluding censored customers (cohorts 2011Q2 – 2014Q1) 

  3-month plan in second lifetime 12-month plan in second lifetime Combined c 

Cohort  No. of 
customers 

Mean relative difference a 
(SD b) 

No. of 
customers 

Mean relative difference (SD) 
No. of 
customers 

Mean relative 
difference 

Mean relative 
difference 
including 
censored 
customers 

2011Q2 640 53.63% (.76) *** 335 450.63% (3.46) *** 975 190.03% 210.81% 

2011Q3 584  46.18% (.79) *** 374 427.86% (3.59) *** 958 195.19% 220.81% 

2011Q4 698 24.13% (.70) *** 330 366.78% (2.83) *** 1,028 134.12% 145.23% 

2012Q1 802 32.62% (.81) *** 415 343.08% (3.17) *** 1,217 138.49% 147.54% 

2012Q2 643 61.17% (.89) *** 503 331.02% (2.95) *** 1,146 179.61% 207.43% 

2012Q3 644 55.67% (.89) *** 417 401.22% (3.66) *** 1,061 191.48% 206.90% 

2012Q4 934 21.67% (.74) *** 417 348.14% (3.39) *** 1,351 122.44% 140.05% 

2013Q1 838 43.89% (.86) *** 476 258.69% (2.66) *** 1,314 121.70% 129.53% 

2013Q2 1,092 5.94% (.68) *** 494 272.30% (2.84) *** 1,586 88.90% 113.93% 

2013Q3 998 9.15% (.75) *** 507 233.44% (2.69) *** 1,505 84.70% 96.36% 

2013Q4 762  46.18% (.92) *** 720 298.90% (3.23) *** 1,482 168.96% 185.04% 

2014Q1 991 28.61% (.77) *** 868 281.09% (2.97) *** 1,859 146.50% 161.46% 

Average 802 35.74% (.80)   488 334.43% (3.17)   1,290 146.84% 163.76% 
a Mean relative difference = (estimated second-lifetime duration – observed first-lifetime duration)/observed first-lifetime duration. 
b SD= standard deviation 
c Combined: No. of customers is the sum of the number of customers in both subscription plans. Mean relative difference is the mean of the relative differences in both 
subscription plans weighted by the number of customers in both subscription plans. 
***p < .01 
Annotations: Information about significance is retrieved from a simple one-sample T-test. Post-estimation is based on the base model excluding activity variables 
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 Finally, we tested, whether the difference between customers’ first and second 

lifetime could be explained by an increase in the attractiveness of the service over time. Such 

explanation is supported by Skiera, Eckert, and Hinz, 2010 who outline, in a non-

subscription context, how better search capabilities can substantially increase the value of a 

service offering and lead to a rise in demand. In contrast, a radical new user interface, such 

as the Ribbon interface, introduced in Microsoft Office 2007, might deter customers, who 

are less willing to adopt to the changes.  

To test whether the service increased in attractiveness over time, we examine the 

observed survival rates for the 12 cohorts (2011Q2–2014Q1) as an explanation for the longer 

second lifetimes (see Table 32 and Table 33). Observed survival rates do not support the 

existence of network effects as suggested in Skiera, Eckert, and Hinz (2010), such as an 

increase in attractiveness over time. Therefore, we conclude that psychological drivers, 

summarized in Table 2 are mainly responsible for the increase of second lifetime durations.



90 
 

 

Table 32: Observed and estimated survival rates for customers in a 3-month plan (cohorts 2011Q2 – 2014Q1) 

  Cohort                                               
t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 

  
S(t) 
obs.a 

S(t) 
estd.b 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

1 .84 .95 .81 .93 .79 .92 .82 .94 .87 .96 .87 .96 .79 .93 .86 .95 .73 .90 .77 .93 .85 .96 .82 .95 

2 .64 .77 .62 .73 .63 .69 .65 .75 .67 .80 .67 .79 .59 .70 .63 .76 .54 .61 .58 .68 .60 .76 .60 .73 

3 .52 .62 .52 .59 .55 .56 .56 .61 .56 .64 .56 .64 .49 .54 .50 .59 .45 .46 .49 .54 .50 .59 .48 .57 

4 .46 .52 .47 .50 .49 .49 .51 .52 .49 .53 .50 .54 .43 .45 .43 .48 .39 .38 .43 .46 .44 .48 .41 .47 

5 .41 .45 .42 .44 .45 .44 .46 .47 .45 .46 .44 .47 .38 .39 .38 .40 .35 .33 .39 .41 .39 .42 .37 .41 

6 .38 .40 .39 .40 .42 .40 .43 .43 .41 .40 .41 .42 .34 .35 .34 .35 .31 .30 .35 .37 .35 .37 .33 .37 

7 .35 .36 .36 .37 .39 .38 .39 .40 .37 .36 .38 .38 .32 .32 .31 .31 .28 .27 .33 .35 .32 .33 .30 .33 

8 .33 .33 .34 .34 .37 .36 .37 .37 .35 .33 .35 .35 .29 .30 .27 .28 .25 .25 .30 .33 .29 .31 .23 .31 

9 .30 .31 .32 .32 .35 .34 .35 .35 .33 .31 .33 .33 .26 .28 .24 .26 .23 .24 .20 .31 .22 .29   

10 .29 .29 .30 .31 .33 .33 .33 .34 .31 .29 .31 .31 .24 .26 .22 .24 .20 .23 .17 .30   

11 .27 .27 .28 .29 .32 .32 .31 .32 .29 .27 .29 .29 .22 .25 .19 .22 .09 .22   

12 .25 .26 .27 .28 .30 .31 .30 .31 .27 .26 .27 .28 .15 .24 .14 .21   

13 .24 .24 .26 .27 .29 .30 .28 .30 .25 .24 .25 .27 .11 .23   

14 .23 .23 .25 .27 .27 .29 .26 .29 .24 .23 .16 .26    

15 .22 .22 .23 .26 .26 .29 .16 .29 .17 .22    

16 .20 .22 .22 .25 .17 .28 .13 .28    

17 .19 .21 .21 .24 .10 .28    

18 .17 .20 .11 .24    

19 .10 .20                                             
a observed survival rate S(t) 
b estimated survival rate S(t) 
Annotations: t is counted in steps of three months.
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Table 33: Observed and estimated survival rates for customers in a 12-month plan (cohorts 2011Q2 – 2014Q1) 

t 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q2 2013Q3 2013Q4 2014Q1 

  
S(t) 
obs.a 

S(t) 
estd.b 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

S(t) 
obs. 

S(t) 
estd. 

1 .92 1.00 .92 1.00 .93 1.00 .92 1.00 .93 1.00 .92 1.00 .93 1.00 .90 1.00 .90 1.00 .88 1.00 .88 1.00 .87 1.00 
2 .76 1.00 .76 1.00 .76 1.00 .76 1.00 .76 1.00 .75 1.00 .74 1.00 .71 1.00 .72 1.00 .69 1.00 .68 1.00 .58 1.00 
3 .65 .99 .67 .99 .66 1.00 .66 .99 .67 .99 .65 .99 .64 .99 .52 .99  

4 .59 .97 .60 .98 .59 .99 .54 .98                                 
a observed survival rate S(t) 
b estimated survival rate S(t) 
Annotations: t is counted in steps of 12 moths. 
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4.3.3.4 Structural Difference between First-Lifetime and Reacquired Customers in One 

Cohort 

After the detailed presentation of the estimation results from the accelerated failure time 

model in the cohort and within-customer perspectives, this last section of the results chapter 

returns to the theoretical proposition we motivated in chapter 2.3: There is a structural and 

behavioral difference between first-lifetime and reacquired customers.  

This structural difference between first-lifetime and reacquired customers reflects in 

differing parameter estimates of the accelerated failure time model in both perspectives: 

While in the cohort perspective, the customer-specific coefficients 
,			

 and 
,			

 are 

significant (p < .01) (see Table 17), they are not significant under the within-customer 

perspective (see Table 20). This finding suggests that there really are structural differences 

in the composition of the two groups. We further elaborated these differences by including 

variables reflecting customers’ activity and usage of the service (see modelling tree in Figure 

8), but did not find significant effects of structural difference in customer behavior based on 

the activity variables.  

Still, we are able to produce another valid indication for our theoretical proposition 

of a structural difference: If first-lifetime and reacquired customers are really fundamentally 

different in their behavior with respect to lifetime duration, this should already become 

evident during the first lifetime of later reacquired customers. Put differently, customers, 

who later become reacquired customers should already during their first lifetime exhibit 

lifetime durations that significantly differ from the lifetime durations of first-lifetime 

customers of the same cohort who do not become reacquired customers later on.  
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This consideration is already discussed under 2.3 and illustrated with Figure 3. To 

test it, we split first-lifetime customers of each cohort into one group of customers, who 

never become reacquired customers during our observation period (01/01/2001 – 

31/03/2016), and one group of customers, who become reacquired customers at one point 

during our observation period, and compare their first lifetime duration via a simple one-

sample t-test (see Table 34).  

Table 34: Comparison of observed first lifetime durations of customers who later became 

reacquired customers and customers who were never reacquired (cohorts 2009Q1- 

2014Q1) 

Cohort Current first-lifetime 
customers who will not be 
reacquired a 

Current first-lifetime 
customers who will be 
reacquired 

Absolute 
difference 
of LDs  
(in days) 

Mean 
relative 
difference 
of LDs N Observed 

mean LD 
(in days) 

(SD) N Observed 
mean LD  
(in days) 

(SD) 

2009Q1 10,900 1,002.01 817.25 2,978 575.57 515.25 -426.44 *** -42.56%
2009Q2 14,512 963.46 781.15 3,933 532.24 469.61 -431.21 *** -44.76%
2009Q3 13,995 905.56 731.12 3,957 515.48 453.42 -390.07 *** -43.08%
2009Q4 12,599 909.04 704.74 3,158 539.40 458.34 -369.63 *** -40.66%
2010Q1 13,880 961.38 742.07 3,410 515.19 444.67 -446.19 *** -46.41%
2010Q2 9,001 902.96 671.27 2,302 509.43 419.35 -393.53 *** -43.58%
2010Q3 8,975 912.01 655.69 2,413 529.82 402.43 -382.20 *** -41.91%
2010Q4 7,894 886.41 629.15 2,118 513.06 400.95 -373.35 *** -42.12%
2011Q1 9,598 906.56 638.12 2,471 504.05 397.55 -402.51 *** -44.40%
2011Q2 16,359 1,257.35 626.93 2,488 523.94 393.13 -733.41 *** -58.33%
2011Q3 15,888 1,187.37 648.99 2,418 460.20 374.02 -727.17 *** -61.24%
2011Q4 13,818 1,151.39 637.91 2,116 435.33 366.33 -716.06 *** -62.19%
2012Q1 15,551 1,144.23 612.88 2,234 448.67 349.53 -695.56 *** -60.79%
2012Q2 13,916 1,071.60 475.97 1,920 435.33 315.52 -636.27 *** -59.38%
2012Q3 12,548 1,043.69 475.40 1,687 437.41 311.25 -606.28 *** -58.09%
2012Q4 13,577 943.57 501.78 1,929 369.42 290.24 -574.15 *** -60.85%
2013Q1 12,907 856.98 475.22 1,797 394.91 268.68 -526.40 *** -61.43%
2013Q2 15,066 768.72 376.02 1,905 856.98 475.22 -453.04 *** -58.93%
2013Q3 13,661 756.87 361.94 1,587 306.86 222.89 -450.01 *** -59.46%
2013Q4 15,979 807.11 332.11 1,522 357.10 222.95 -450.01 *** -55.76%
2014Q1 21,655 741.70 311.75 1,801 289.44 173.34 -452.26 *** -60.98%

a Within the observation period: 01/01/2009 – 31/03/2016 
d Mean relative difference= Absolute difference of LDs / 1st LD of customers who will not be reacquired 
***p < .01. **p < .05. *p < .1. 
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We find that those customers who become reacquired customers at a later point in 

time subscribe significantly shorter already during their first lifetime than customers who 

never become reacquired customers during our observation period. Since this finding is 

affected by how close the analyzed cohort is to the end of the observation period, we 

replicate it for all the twelve cohorts we used for the accelerated failure time model 

estimation (2011Q2 – 2014Q1) and add the elven cohorts (2009Q1 – 2011Q1) before that 

span of time which are also covered by our transaction data set. Our finding remains robust 

and significant over all these cohorts. As we approach the end of the observation period, the 

difference in first lifetime durations of the two groups increases, since the distinction of the 

two groups becomes less precise and the second group mostly contains later reacquired 

customers with very short first lifetimes. Still, even for the early cohorts, the first lifetime of 

customers who later become reacquired customers is at least 40.66% shorter than the first 

lifetime of customers who are never reacquired. 

Both findings, the difference in the significance of parameter estimates in the cohort 

and within-customer perspectives, as well as the difference of first-lifetime durations of first-

lifetime customers who later become reacquired customers and first-lifetime customers who 

are never reacquired during our observation period, strongly support our proposition of a 

structural difference between the two groups. As a consequence, these findings justify the 

distinction between the two analytical perspectives and are the underlying reason why 

reacquired customers can be more valuable in their second lifetime than during their own 

first lifetime, but are still outperformed by first-lifetime customers of the same cohort. 

Consequently, these findings also justify questioning the relevance of win-back activities 

themselves. 
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4.3.3.5 Position on the Win-Back Assessment Framework 

For managers, the main outcome of the model estimation in empirical study 1 is the actual 

assessment of their current win-back strategy, which consists of three elements: visualize 

their firm’s current position on the framework, predict the firm’s path on the framework and 

compute the additional mark-up (WBV) on cohort customer equity (CCE) achieved by the 

current win-back strategy. 

We determine the firm’s position on the win-back assessment framework for all 

cohorts between 2011Q2 and 2014Q1 and predict the need of readjustment of the firm’s 

strategic road map. For the cohort 2012Q4, which was composed of 15,506 first-lifetime 

customers and 1,822 reacquired customers, the acquisition score equals –.79 (= (1,822 – 

15,506)/(1,822 + 15,506)). To determine the retention value score, we assume an interest 

rate of .10 per annum, account for acquisition discounts customers received on the first 

period of their subscription, and project the survival rate, which leaves us with a retention 

value score of –.08. Consequently, the firm’s location on the win-back assessment 

framework is in the lower-left-hand square, which suggests that the firm should focus on 

first-lifetime customers instead of reacquired customers. We illustrate the firm’s position on 

the win-back assessment framework in Figure 11. In that position, second-lifetime 

customers contribute 9.97% (=(-.79+1)/(-.79-1)∙(-.08+1)/(-.08-1)) to the firm’s cohort 

customer equity for cohort 2012Q4 (see Table 35). 
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Figure 11: Firm’s position on the win-back assessment framework (cohort 2012Q4) 

 

Next, to adjust the chosen win-back strategy, steer the firm’s path on the framework 

and allocate budgets efficiently, managers would be interested in the firm’s future position 

on the framework given the current acquisition and retention strategy is maintained. To serve 

these interests, we calculate the acquisition and retention value scores for all 12 cohorts (see 

Figure 12). 
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Figure 12: Development of the firm’s position on the win-back assessment framework 

over time applying a linear fit (cohorts 2011Q2 – 2014Q1) 

 

We separately predict both scores and thus, the firm’s movement direction on the 

framework, using a random walk with a drift estimator, which is applicable given the small 

number of data points (see Figure 13). The estimator assumes a nonstationary process and 

time dependent variance, which means that its predictive precision declines the further the 

estimates lie in the future. The respective score values for the acquisition and retention value 

scores, defined as st at period t, equal the last period’s value plus a constant, or drift 

parameter (α), and a white noise term (εt) as st = α + st-1 + εt. 
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Figure 13: Forecast of future scores using a random walk with a drift 

 

As Figure 13 shows, although both scores increase, the retention value score follows 

a noisier process than the acquisition score over time. Figure 13 also highlights the 80- and 

90-confidence intervals of st for the acquisition and retention value scores respectively. The 

acquisition score increases over time but will stay negative. In contrast, the confidence 

intervals for the retention value score also include positive values. Thus, if the firm maintains 

its current acquisition and retention strategy, it may move into the undesired lower-right-

hand region of the framework, where the importance of win-back is unclear. 

4.3.3.6 Determination of the Value of Win-Back  

The third element of interest for managers when applying the win-back assessment 

framework is the win-back value (WBV), i.e., the added value that win-back activities 

contribute given the current acquisition and retention strategy. Previously, we theorized that 

win-back should become more important for firms as they proceed on the business life-

cycle: With increasing maturity the potential of first-lifetime customers should decrease 

while, given some natural baseline churn, the number of ex-customers should automatically 
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increase over time. Consequently, win-back should become more important for firms as they 

mature.  

When introducing the pillars of our win-back assessment framework, we showed 

that by a simple transformation we could define an equation out of our two scores, 

acquisition and retention value score, that described the value of win-back (WBV) to the 

regarded firm as a percentage of its cohort customer equity (CCE) (as in Equation (6)). 

Cohort customer equity, acquisition score and retention value score being measures 

computed on a cohort level, also the win-back value is a cohort-level measure which, 

computed for multiple consecutive cohorts, can illustrate how the role of win-back evolves 

over time. In line with our argumentation, Table 35 shows an increase of the value of win-

back over time and thus, an increasing importance of win-back to the regarded firm from 

5.09% in 2011Q2 to 12.41% in 2014Q1. 

Table 35: Development of the value of WBV for cohorts 2011Q2 – 2014Q1 

Cohort RVS AS WBV 

2011Q2 -.13 -.87 5.09%

2011Q3 -.08 -.87 6.16%

2011Q4 -.08 -.85 7.09%

2012Q1 -.09 -.83 7.58%

2012Q2 -.10 -.82 8.34%

2012Q3 -.08 -.81 9.02%

2012Q4 -.08 -.79 9.97%

2013Q1 -.10 -.79 9.67%

2013Q2 -.08 -.76 11.49%

2013Q3 -.06 -.74 13.02%

2013Q4 -.07 -.75 12.57%

2014Q1 -.06 -.76 12.41%

4.4 Empirical Study 2 

Knowing a firm’s position on the win-back assessment framework, the last important 

question for managers is how they can actively induce movements towards a more preferable 
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position on the framework. For the exemplary firm, one conclusion of the previous analysis 

in empirical study 1 is to rather concentrate on first-lifetime customers than on reacquired 

customers: considering that, given the monopolistic market, the acquisition score is mainly 

driven by our firm’s business life cycle, actively pushing the acquisition score above zero 

will be difficult. For example, the firm might adjust its marketing mix and offer new service 

features or prices with the aim of rather attracting first-lifetime customers, who would not 

have considered using the service (e.g., Amazon Prime adding Prime Video). To investigate 

such adjustments, we conducted an exemplary joint field experiment with our collaborating 

firm. In this experiment, we examined the firm’s development on the framework if the 

subscription fee pij was changed with the aim to maintain the firm’s focus on first-lifetime 

customers. 

4.4.1 Data and Experimental Setting 

In contrast to the transaction data set, the field experiment data set contains both customers 

and basic users (i.e., non-paying users). In total, the field experiment data cover 2,585,759 

customers and users. We conducted the experiment with our data provider in September 

2014. The firm assigned its basic users to two random test groups A and B. We presented 

users, who logged into their free account during the test phase with a pop-up window on 

their landing page. With that pop-up window, the firm promoted a 20%-discount on the first 

period of a paid premium subscription. Group A consisted of 29,126 potential reacquired 

customers (ex-customers) and 1,694,444 potential first-lifetime customers (basic users 

without subscription history with the firm). Customers in group A were offered a 3-month 

plan for a monthly subscription fee of 9.95€ and a 12-month plan for a monthly fee of 7.95€. 

Group B contained about half the number of customers as Group A and was offered paid 

premium subscriptions for a monthly fee of 14.95€ and 9.95€ for the 3- and 12-month plans, 
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respectively. All customers received a 20% promotional discount for the first subscription 

period.
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4.4.2 Results 

Table 36 summarizes the percentage of customers won in each group and the resulting 

acquisition score. Using the estimation approach from the first empirical study, we also 

estimated the respective average customer value and calculated the resulting retention value 

score. 

Table 36: Customer values and scores after a price increase 

  

No. of 
basic 
users (no 
prior 
customer) 
targeted 

No. of 
basic users 
(ex 
customers) 
targeted 

CV of 
first- 
lifetime 
customers 

CV of 
reacquired 
customers 

AS 
RV
S 

Adjusted 
CCE per 
1,000 
targeted 
users 

WBV 

A 1,694,444 29,126 193.00 € 166.00 € -.65 -.08 73.72 18.24%
B 847,760 14,429 292.31 € 254.35 € -.68 -.07 83.77 16.54%
Δ -49.97% -50.46% 51.45% 53.22% .03 -.01 .14 -1.05%

a By adjusting CCE to per 1,000 targeted customers, we control for the difference in the number of customers 
in the two test groups. 

 

In the higher-price group B, the acquisition score decreases by –.03, implying that 

the higher price more likely attracts first-lifetime customers compared to reacquired 

customers. The customer value of first-lifetime and reacquired customers increases 

relatively equally (+55.39% for reacquired customers and +53.73% for first-lifetime 

customers), resulting in a small change of +.01 in the retention value score.  

Moreover, the final column of Table 36 shows that the lower subscription probability 

due to the higher price does not cancel out the additional revenues generated. Eventually, in 

the present situation, shifting the focus towards first-lifetime customers leads to a small 

increase in the normalized customer equity by 13.63% or +10.04€ per 1.000 targeted users. 

As a consequence, increasing prices is one effective instrument, to shift back the focus to 
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first-lifetime customers. This is also illustrated at the calculated win-back value (WBV), 

which decreases by 1.05 percentage points from 18.24% to 16.57%.  
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5 SUMMARY 

5.1 Synthesis of the Results 

This research examines the well-established marketing wisdom that customer win-back is 

advisable for nearly all firms. Especially with the growing adoption of the traditional 

subscription business, the mantra for win-back initially started by Griffin and Lowenstein 

(2002) required investigation. In our research, we question this wisdom and examine its 

relevance in the context of digital subscriptions. While we can support the general notion 

that reacquired customers are more valuable during their second lifetime than they were 

during their first lifetime (171.70%), we also found that those exact reacquired customers 

were still less valuable than first-lifetime customers acquired around the same point in time 

(18.57%). 

Triggered by this apparent contradiction, we theoretically developed a win-back 

assessment framework and demonstrated its use and potential for managers on a large 

transaction data set of an online freemium subscription service as well a field experiment 

data set provided by the same service. This contradiction has not been the object of research 

yet, since extant studies on win-back have concentrated on the analysis of traditional 

subscription services (e.g., newspapers, telecommunications). Those have reached a stage 

of their business life cycle where win-back is always relevant as the number of true first-

lifetime customers they can potentially acquire is rather low. Moreover, this contradiction 

only becomes visible if we drop the typically used analytical within-customer perspective, 

i.e., the restriction of the analyzed sample to only reacquired customers, and adopt a cohort 

perspective where we analyze both, first-lifetime and reacquired customers from one cohort. 

We establish this new perspective throughout the paper and demonstrate its advantages.  
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5.2 Theoretical and Practical Contributions 

This research contributes a practical assessment framework to managers and complements 

previous work on win-back and second-lifetime value by suggesting a new analytical 

perspective and showing the importance of broadening the focus towards digital firms.  

From a practical management standpoint, we provide managers with a framework 

that serves as simple visualization tool to assess a firm’s current acquisition and retention 

strategy with respect to win-back. The firm’s current position on the framework can be 

visualized at any point in time and only one of its two main components, the retention value 

score (RVS), requires a statistical estimation model for customer lifetime duration, while 

the acquisition score (AS) can be directly computed from the data. We demonstrate the 

estimation of customer lifetime duration using an accelerated failure time model of survival 

time and show how to derive the retention value score from the estimation results.  

Another practical advantage of the assessment framework is that this estimation 

procedure does not require any information about customers’ attitudes nor motives which 

would be expensive and difficult to collect on a continuous basis, but that it entirely builds 

upon subscription data which is typically available to firms. Moreover, the framework can 

be used to visualize a firm’s path on the framework and thus, assess the performance of its 

current acquisition and retention strategy into the future. For the service we analyzed, this 

glance into the future draws a negative picture: the firm moves into a region on the 

framework where the importance of win-back and thus, concrete managerial 

recommendations with respect to acquisition and retention, are unclear. Last but not least, 

managers can use our approach to determine how cohort customer equity is affected by the 

current acquisition and retention strategy. The model behind our framework enables the 
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precise calculation of the precise value of win-back (WBV) which reflects the additional 

percentage in cohort customer equity that is gained through win-back. 

From a scientific standpoint, the main contribution of this research is the 

establishment of a new analytical perspective, the cohort perspective, and the empirical 

demonstration of its indispensability for determining the relevance of win-back to a firm. 

We emphasize the distinction between the cohort and within-customer perspectives with 

respect to sample selection and show that both perspectives have their justification: the 

cohort perspective is suitable to assess a firm’s overall strategy for acquisition and retention 

with respect to win-back, whereas the within-customer perspective identifies drivers of 

second lifetime value and, therefore, supports the analysis of optimal win-back 

operationalization.  

Finally, we also contribute to existing research on the effect of acquisition efforts on 

customer value. To our knowledge, only Kumar, Bhagwat, and Zhang (2015) test the effect 

of acquisition or win-back efforts on second lifetime duration. They compare two types of 

win-back efforts: discounts on the subscription fee, similar to our data set, and service 

upgrades. Both offers have a positive but small effect on second lifetime duration and are 

moderated by whether a customer terminated her or his first lifetime for price- or service-

related reasons. Overall, we observe only a small but negative effect of acquisition or win-

back efforts on lifetime duration. Still, such efforts have proved highly effective when it 

comes to win-back probability.  

5.3 Limitations and Avenues for Further Research 

As any scientific work, this dissertation comes along with several limitations, most of which 

bear promising potential for further research. 
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First of all, it is important to re-assure that the focus of this research project lays 

strictly on one industry, namely digital services. This helps to keep the line of argumentation 

slim and concise but automatically opens up the question of what kind of results the 

framework would produce with firms at a different stage of their business life cycle. We 

believe that the framework is generalizable to many industries and problems. However, we 

are aware of the fact, that the results reflect our choice of an industry which mostly does not 

rely on reacquired customers and win-back. For example, it would be interesting to see the 

development of the acquisition score (AS), the retention value score (RVS), and the value 

of win-back (WBV) of a firm on the verge of maturity.  

Second, it may be criticized that some of the insights would not have been possible 

without the use of freemium subscription data. Knowing the full customer history can help 

firms link multiple lifetimes of the same customer unambiguously. Traditional subscription 

services, as we find them in the telecommunications or media industry, typically do not have 

such data, because, for example, data regulations of various countries require that it be 

deleted after the customer has terminated the relationship. However, we recommend that 

these services adopt the idea of the freemium business model. For example, these firms could 

provide a subset of their services free of charge in times of subscription inactivity (e.g., a 

minimal amount of free Bytes, one free sample issue every year). That way, the customer–

firm relationship would persist, even in times when the customer does not contribute any 

payments. In exchange, the firms stay in touch with these customers and accumulate 

knowledge about their post-subscription behavior. 

Third, the chosen accelerated failure time model is only usable on subscription data 

and suitable to model fixed, recurring streams of revenue. We explained why the 

subscription business model has gained so much importance in the past years. Still, there is 

a large number of firms that do not rely on recurring cash influx, but generate their income 
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from single transactions. There is a set of established methods to estimate retention and 

customer lifetime given such business context and it would be interesting to see our approach 

being adopted by these businesses. 

Fourth, given the nature and context of our data, we did neither account for costs, 

besides the costs for promotions, nor for customer switching behavior as it would be 

expected in a competitive market. While this is not uncommon in the industry of digital 

services, which we addressed this research, it is definitely a chance for further research to 

investigate the relevance of customer win-back under different market settings. 

Sixth, this piece of research opened up the question of whether win-back is actually 

relevant and showed that this is a fair doubt to raise. We introduced the concepts of 

acquisition score (AS), retention value score (RVS) and win-back value (WBV) to 

demonstrate how win-back is related to both acquisition and retention and to measure its 

relevance to the regarded firm. Future research could pick-up here and investigate the 

elasticity of especially the win-back value to its input parameters to unveil interesting 

turning points where changes to the strategy for customer relationship management would 

be particularly effective. 

5.4 Conclusion 

The question whether engaging in customer win-back is really useful to firms has not been 

addressed by scientific research so far. Despite some limitations, as they are inherent in any 

research project, this research project has demonstrated that it is important for firms to assess 

their strategy for customer relationship management with respect to customer win-back and 

that ex-customers are not necessarily a valuable target. Instead, win-back requires careful, 

holistic assessment taking acquisition and retention into consideration. Our focus on digital 

firms has unveiled a systematic difference between reacquired customers and first-lifetime 
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customers and shows that a firm’s stage of business life-cycle can determine whether win-

back is at all relevant to the firm. 



110 
 

 

References 

Adams, J Stacy (1965), "Inequity in social exchange," in Advances in experimental social 
psychology,  Vol. 2: Elsevier. 

 

Ajzen, Icek, Christine Timko, and John B White (1982), "Self-monitoring and the attitude–
behavior relation," Journal of Personality and Social Psychology, 42 (3), 426. 

 

Allison, Paul (2012), "When Can You Safely Ignore Multicollinearity?," Statistical 
Horizons. 

 

Becker, Jan U, Martin Spann, and Timo Schulze (2015), "Implications of minimum 
contract durations on customer retention," Marketing Letters, 26 (4), 579-92. 

 

Bell, David E (1982), "Regret in decision making under uncertainty," Operations research, 
30 (5), 961-81. 

 

Bradburn, Mike, Taane Clark, Sharon Love, and Douglas Altman (2003), "Survival 
Analysis Part II: Multivariate data analysis – an introduction to concepts and methods," 
British Journal of Cancer, 89 (3), 431–36. 

 

Burnham, Thomas A, Judy K Frels, and Vijay Mahajan (2003), "Consumer switching 
costs: a typology, antecedents, and consequences," Journal of the Academy of marketing 
Science, 31 (2), 109-26. 

 

Campbell, Dennis and Frances Frei (2010), "Cost structure, customer profitability, and 
retention implications of self-service distribution channels: Evidence from customer 
behavior in an online banking channel," Management Science, 56 (1), 4-24. 

 

Capraro, Anthony J, Susan Broniarczyk, and Rajendra K Srivastava (2003), "Factors 
influencing the likelihood of customer defection: the role of consumer knowledge," 
Journal of the Academy of Marketing Science, 31 (2), 164-75. 

 

Clapp, Sarah LC (1931), "The beginnings of subscription publication in the seventeenth 
century," Modern Philology, 29 (2), 199-224. 

 

Coleman, James (1990), "Foundations of social theory," Cambridge, MA: Belknap. 

 

Cox, David (1972), "Regression models and life tables (with discussion)," Journal of the 
Royal Statistical Society, 34 (1), 187-220. 

 

Eagly, Alice H and Shelly Chaiken (1993), The psychology of attitudes. Fort Worth, TX: 
Harcourt Brace Jovanovich College Publishers. 



111 
 

 

 

Fader, Peter S. and B.G.S. Hardie (2007), "How to project customer retention," Journal of 
Interactive Marketing, 21 (1), 76-90. 

 

Fader, Peter S. and Bruce G. S. Hardie (2010), "Customer-Base Valuation in a Contractual 
Setting: The Perils of Ignoring Heterogeneity," Marketing Science, 29 (1), 85-93. 

 

Farewell, Vern T and Ross L Prentice (1977), "A study of distributional shape in life 
testing," Technometrics, 19 (1), 69-75. 

 

Gouldner, Alvin W (1960), "The norm of reciprocity: a preliminary statement," American 
sociological review, 25 (2), 161-78. 

 

Griffin, Jill and Michael W Lowenstein (2002), Customer winback: how to recapture lost 
customers--and keep them loyal. San Francisco: John Wiley & Sons. 

 

Hair, Joseph F., Rolph E. Anderson, Ronald L. Tatham, and William C. Black (1998), 
Multivariate Data Analysis (5 ed.). New York et al.: Macmillan Publishing Company. 

 

Homburg, Christian, Mathias Droll, and Dirk Totzek (2008), "Customer prioritization: 
does it pay off, and how should it be implemented?," Journal of Marketing, 72 (5), 110-30. 

 

Homburg, Christian, Wayne D Hoyer, and Ruth Maria Stock (2007), "How to get lost 
customers back?," Journal of the Academy of Marketing Science, 35 (4), 461-74. 

 

Hougaard, Philip (1984), "Life table methods for heterogeneous populations: distributions 
describing the heterogeneity," Biometrika, 71 (1), 75-83. 

 

Jiang, Ling, Zhilin Yang, and Minjoon Jun (2013), "Measuring consumer perceptions of 
online shopping convenience," Journal of Service Management, 24 (2), 191-214. 

 

Kellman Baxter, Robbie (2016), "Some Business Models are Great for Some Businesses 
and Terrible for Others," Harvard Business Review. 

 

Kumar, V, Agata Leszkiewicz, and Angeliki Herbst (2018), "Are You Back for Good or 
Still Shopping Around? Investigating Customers’ Repeat Churn Behavior," Journal of 
Marketing Research, 55 (2), 208-25. 

 

Kumar, V. (2014), "Making “Freemium” Work," Harvard Business Review. 

 

Kumar, V., Yashoda Bhagwat, and Xi Zhang (2015), "Regaining “lost” customers: the 
predictive power of first lifetime behavior, the reason for defection, and the nature of the 
winback offer," Journal of Marketing, 79 (4), 34-55. 

 



112 
 

 

Kumar, V. and Werner Reinartz (2016), "Creating enduring customer value," Journal of 
Marketing, 80 (6), 36-68. 

 

Leach, Mark P. and Annie H. Liu (2014), "It ain't over'til it's over: evaluating reacquisition 
opportunities in business-to-business markets," Industrial Marketing Management, 43 (4), 
573-81. 

 

Lee, Clarence, Vineet Kumar, and Sunil Gupta (2017), "Designing Freemium: Strategic 
Balancing of Growth and Monetization." 

 

Mc Carthy, Daniel; Fader, Peter (2017), "Subscription Businesses Are Booming. Here’s 
How to Value Them," Harvard Business Review. 

 

Pick, Doreén, Jacquelyn S. Thomas, Sebastian Tillmanns, and Manfred Krafft (2015), 
"Customer win-back: the role of attributions and perceptions in customers’ willingness to 
return," Journal of the Academy of Marketing Science, 44 (2), 218-40. 

 

Prahalad, Coimbatore K. and Venkatram Ramaswamy (2000), "Co-opting customer 
competence," Harvard business review, 78 (1), 79-90. 

 

Prentice, Ross L., John D. Kalbfleisch, Arthur V. Peterson Jr, Nancy Flournoy, VT 
Farewell, and NE Breslow (1978), "The analysis of failure times in the presence of 
competing risks," Biometrics, 34 (4), 541-54. 

 

Reinartz, Werner, Manfred Krafft, and Wayne D. Hoyer (2004), "The customer 
relationship management process: its measurement and impact on performance," Journal 
of Marketing Research, 41 (3), 293-305. 

 

Reinartz, Werner, Jacquelyn S. Thomas, and V. Kumar (2005), "Balancing acquisition and 
retention resources to maximize customer profitability," Journal of Marketing, 69 (1), 63-
79. 

 

Rust, Roland, Katherine Lemon, and Valarie Zeithaml (2004), "Return on marketing: 
using customer equity to focus marketing strategy," Journal of Marketing, 68 (1), 109-27. 

 

Schlereth, Christian and Bernd Skiera (2017), "Two new features in discrete choice 
experiments to improve willingness to pay estimation that result in new methods: 
Separated (adaptive) dual response," Management science, 63 (3), 829-42. 

 

Skiera, Bernd, J. Eckert, and O. Hinz (2010), "An analysis of the importance of the long 
tail in search enginge marketing," Electronic Commerce Research and Applications, 9 (6), 
488-94. 

 

Snyder, Mark (1974), "Self-monitoring of expressive behavior," Journal of Personality 
and Social Psychology, 30 (4), 526. 



113 
 

 

 

Srnicek, Nick (2017), "We need to nationalise Google, Facebook and Amazon. Here’s 
why.," (accessed 11/07/2018, [available at 
https://www.theguardian.com/commentisfree/2017/aug/30/nationalise-google-facebook-
amazon-data-monopoly-platform-public-interest]. 

 

Stauss, Bernd and Christian Friege (1999), "Regaining Service Customers Costs and 
Benefits of Regain Management," Journal of Service Research, 1 (4), 347-61. 

 

Süptitz, Joséphine and Christian Schlereth (2017), "Fracking: Messung der 
gesellschaftlichen Akzeptanz und der Wirkung akzeptanzsteigernder Maßnahmen," 
Schmalenbachs Zeitschrift für betriebswirtschaftliche Forschung, 69 (4), 405-39. 

 

Thomas, J.S., R.C. Blattberg, and E.J. Fox (2004), "Recapturing Lost Customers," Journal 
of Marketing Research, 41, 31-45. 

 

Thomas, Jacquelyn (2001), "A methodology for linking customer acquisition to customer 
retention," Journal of Marketing Research, 38 (2), 262-68. 

 

Tokman, Mert, Lenita M. Davis, and Katherine N. Lemon (2007), "The WOW factor: 
creating value through win-back offers to reacquire lost customers," Journal of Retailing, 
83 (1), 47-64. 

 

Tondon, Veronika (2015), "Top 5 Advantages of a Subscription Business Model," Digital 
Marketing Magazine. 

 

Wei, Lee-Jen (1992), "The accelerated failure time model: a useful alternative to the Cox 
regression model in survival analysis," Statistics in medicine, 11 (14 15), 1871-79. 

 

Yim, Frederick Hong-kit, Rolph E. Anderson, and Srinivasan Swaminathan (2004), 
"Customer relationship management: its dimensions and effect on customer outcomes," 
Journal of Personal Selling & Sales Management, 24 (4), 263-78. 

 

Zeithaml, Valarie A., Roland T. Rust, and Katherine N. Lemon (2001), "The customer 
pyramid: creating and serving profitable customers," California Management Review, 43 
(4), 118-42. 

 

  

 



114 
 

 

APPENDIX 

We would not have been able to realize this research project without the large base of data we 

were provided with. Despite the richness of information and the high quality of customer 

tracking which distinguish our data base from others, we had to lavishly transform and clean 

the data before we could perform any kind of analysis. As it is surely common for any kind of 

research building on real firm data, our data underwent a meticulous process of cleaning and 

restructuring. Such kind of data work does not affect the storytelling of our research project, 

still, we consider it of some interest for future researchers who work with a similar data set and 

may encounter similar problems. Therefore, we compiled this appendix where we explain the 

major steps of our data preparation process and present our solution to various issues we faced 

during the process. Hereby, we concentrate on our subscription transaction data set. It required 

the majority of changes while the customer activity data set only needed slight restructuring 

before it could be merged with the transaction data set. 

A Size, Structure and Organization of the Data Set 

The original data were eight csv-files of about 1.7 Gigabyte size each. In total, our subscription 

transaction data set was 13.78 Gigabyte large. The data contained 69 columns, which reported 

the subscription information (lifetime durations, prices paid, products chosen, etc.) for each 

individual customer who had subscribed to the company since its launch in 2003. Among all 

the columns available to us, the most crucial ones were six columns that provided: 

- A unique ID for each individual user of the service that remains as long as the user 

deletes her or his account with the service and by that also stops her- or himself from 

accessing the free basic service (“userid”) 
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- the date of customers’ initial registration at the service (“member_completion_date”), 

- the date of the beginning of customers’ subscription or subscriptions if they were 

repeated subscribers (“order_date”),  

- the end of customers’ subscription(s) if they terminated the subscription 

(“cancel_date”),  

- the date of the beginning of each subscription period (“start_date”), which we used as 

basis for our time index as each “start_date” marked a new row in the data set,  

- the date of the end of each subscription period (“end_date”), such that the difference 

between “end_date” and “start_date” returned the chosen subscription plan (e.g., 3-

month-plan or 12-month-plan). 

Figure 14 shows an excerpt of the initial data set and illustrates the usage of the explained 

columns to produce the information that we required.  

Figure 14: Illustration of the initial data set and the usage of the provided date variables 
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B Deletions and Exclusions 

In close cooperation with our data provider, we removed numerous customers from the data 

for reasons such as incompleteness of information, irregularities or gaps in the tracked 

subscription timeline and insufficient sample size with respect to customers’ product of choice 

(i.e., subscription plan). One of the requirements for our analyses was the knowledge of each 

customer’s entire subscription timeline (i.e., all subscriptions and renewals a customer 

experienced). To avoid the disruption of subscription timelines, we decided to drop not only 

the subscription affected by one of the named reasons for removal, but to remove the regarded 

customer with all her or his subscriptions entirely.  

In the following, we explain the four reasons of data deletions which had the biggest 

impact. First, customers, who did not provide information about their age nor gender had to be 

removed. Second, at the beginning of 2009, our data provider underwent a technological 

change which lead to a migration of all existing customer data. Unfortunately, some of the date 

variables presented in Figure 14 were not migrated such that we chose to drop all customers 

who registered at the service before 2009. By removing the early years of our data provider 

from our data, we also freed us from a list of tracking mistakes that had entered the data due to 

manual recording of some information in the early days of the firm. Third, the firm is also 

active in countries where other currencies than EURO prevail. We dropped those customers 

for rather pragmatic reasons: their samples were rather small, partially, they could chose other 

products than in the main market and we could avoid any bias induced by fluctuating exchange 

rates. Fourth, we concentrated our analysis on the firm’s most important products, namely the 

3- and 12-month subscription plan, and dropped customers who subscribed to other products. 

Over the years, the firm experimented with other subscription plans (e.g., 6-month-plan or 24-

month-plan), but discontinued these products before our censoring date (31/03/2016). 
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Consequently, the robustness tests we performed by repeating our model estimation for all 

available cohorts would not have been feasible. 
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C Generation of the Time Index – the Focal Column for Survival Analysis 

The biggest challenge with our data set was to create an unflawed index of time. That index 

counted the rows per customer and subscription in the data set and represented customers’ 

individual lifetime duration in each of their subscriptions. We illustrate the creation of the time 

index for an exemplary customer in Figure 15.  

There were two main requirements for the time index variable. First, the time index 

needed to reflect the fact, that customers can only terminate a subscription at the end of a 

subscription period (i.e., after three months, if they chose a 3-month-plan, and after twelve 

months, if they chose a 12-month-plan).Therefore, we decided, to define the time index to 

mirror exactly one subscription period (see Figure 15, column “time index”). Second, to be 

able to run the model for customers in both subscription plans jointly (i.e., 3- and 12-month-

plans), the time index had to incorporate that a subscription period under a 3-month-plan was 

shorter than under a 12-month-plan. We realized that by transforming the initial time index that 

simply counted the subscription periods (i.e., rows) by customer and subscription into an index 

counting the cumulated number of days the subscription lasted. Thus, we counted in steps of 

90 days for 3-month-plans and in steps of 360 days for 12-month-plans (see Figure 15, column 

“time index in days”). 

Figure 15: Time index variables 

 

userid order_date time index time index in days subscription plan

0000cb9a6ec85df2f086d16592ccaf0c 2007-07-28 1 90 3-month plan

0000cb9a6ec85df2f086d16592ccaf0c 2007-07-28 2 180 3-month plan

0000cb9a6ec85df2f086d16592ccaf0c 2007-07-28 3 270 3-month plan

0000cb9a6ec85df2f086d16592ccaf0c 2007-07-28 4 360 3-month plan

00010a6a853e27638349422185333787b 2012-03-18 1 360 12-month plan

00010a6a853e27638349422185333787b 2012-03-18 2 720 12-month plan

00010a6a853e27638349422185333787b 2012-03-18 3 1080 12-month plan
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The most time consuming task in the process of creating an unflawed time index was 

to make sure, that each line really only represented 90 or 360 days of subscription. Since the 

firm tracked customers by adding a new row to the data set each time it observed payment 

related activity (i.e., a payment of the subscription fee on time (1) or a delay of the same (2) or 

the payment of the delayed subscription fee (3)), there were many rows in the data set which 

represented shorter time spans than the required 90 or 360 days. Due to our approach of 

counting the rows of each customer and respective subscription, these additional rows would 

have caused an enormous bias in the estimation of lifetime duration, as each line regardless of 

the time span it represented would have been counted as subscription period and would then 

have been transformed to a length of either 90 or 360 days. As a consequence, customers who 

paid their subscription fee with a delay would falsely appear to exhibit longer lifetime durations 

than those, who paid on time. Thus, the affected customers had to be carefully identified and 

all information in the additional rows had to be condensed to one row in the data set. With 

Figure 16 we explain this issue. 

Figure 16: Ensuring correct lifetime durations 
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D Creation of the data format for survival analysis 

In a last step, the data set had to undergo some changes to meet the formal requirements for the 

set of STATA functions which are used to perform survival analysis. Five groups of variables 

which we present in Figure 17 were required for the AFT survival model.  

First, Figure 17 features a group of filtering variables including  

- a unique ID for each customer (“userid”), 

- a variable indicating which lifetime the customer is currently in 

(“subscription_counter”; here=1, i.e., respective customer’s first lifetime ), 

- a variable representing the number of lifetimes the respective customer accumulates 

during our observation period (“num_subscriptions”; here=1), 

- and a variable indicating the cohort, when the customer began her or his current lifetime 

(“order_cohort”; here=20124; i.e., the customer’s first lifetime started between 

01/10/2012 and 31/12/2012) 

Second, Figure 17 lists four columns defining customers’ current subscription, namely 

- the chosen subscription plan (“subscription_type”; here=3, i.e., a 3-month plan), 

- the monthly subscription fee in EUR (“avg_non_discounted_price”; here=7.95), 

- the initial discount the customer received on the first period of the current 3-month plan 

subscription (“discount_percentage_3M”; here=0.2 in the second row and =0 otherwise 

since the discount only applies to the first subscription period), 

- the initial discount the customer received on the first period of the current 12-month 

plan subscription (“discount_percentage_12M”; here=0 since the customer chose a 3-

month plan). 
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Third, Figure 17 provides five columns detailing customers’ previous lifetime, which are 

- the subscription plan the customer chose in her or his previous lifetime 

(“subscription_type_L1”), 

- the lifetime duration of the customer’s first lifetime if she or he chose a 3-month plan 

measured in days (“length_L1_3M_days”), 

- the lifetime duration of the customer’s first lifetime if she or he chose a 12-month plan 

measured in days (“length_L1_12M_days”), 

- the duration of a free trial received before the current lifetime measured in days 

(“free_trial_lenght_L1”), 

- and the gap between the end of the customer’s first and the beginning of her or his 

second lifetime (“recency_to_prev_order”). 

These columns only contain values of zero since the featured customer is currently in her or 

his first lifetime.  

Fourth, Figure 17 contains information about the customer’s gender (“gender”; here=0 which 

stands for female) and age (“age” and “lnage”, i.e., the natural logarithm of “age”). The last 

group of variables featured in Figure 17 is a group of modeling auxiliaries, namely 

- an event variable (“event”) labelling each row of the data set as one of the four possible 

events, i.e., “subscribe”, “renewal”, “cancel” or “censored”, 

- a time index variable indicating the beginning of each subscription period by displaying 

the number of days that have passed so far (“t_0”), 

- a time index variable indicating the end of each subscription period by displaying the 

number of days that have passed so far (“t_1”), 

- an indicator of survival at the beginning of each new subscription period (“_st”), which 

always equals one, 
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- and an indicator of defection (“_d”), which equals one when the customer arbitrarily 

terminates her or his subscription and otherwise is equal to zero. 

As a last remark, it has to be noted that the first row of each lifetime where “event”=”subscribe” 

is always empty or, for “_t1” and “_st”, equal to zero. The first row of each subscription only 

marks its beginning but does not count as subscription period. 
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Figure 17: Illustration of the final data set for the AFT survival model 
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00025c9f5f5dc0ecbb8bb4305c8fb85e subscribe 0 0
00025c9f5f5dc0ecbb8bb4305c8fb85e 1 1 20124 3 7.95 0.2 0 0 0 0 0 0 0 40 3.688879 renewal 0 90 1 0
00025c9f5f5dc0ecbb8bb4305c8fb85e 1 1 20124 3 7.95 0 0 0 0 0 0 0 0 40 3.688879 renewal 90 180 1 0
00025c9f5f5dc0ecbb8bb4305c8fb85e 1 1 20124 3 7.95 0 0 0 0 0 0 0 0 40 3.688879 renewal 180 270 1 0
00025c9f5f5dc0ecbb8bb4305c8fb85e 1 1 20124 3 7.95 0 0 0 0 0 0 0 0 40 3.688879 renewal 270 360 1 0
00025c9f5f5dc0ecbb8bb4305c8fb85e 1 1 20124 3 7.95 0 0 0 0 0 0 0 0 40 3.688879 cancel 360 450 1 1
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